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• Derivation of regression models for the 
relationships of precipitation 
parameters.

• High yields of high purity xylan precip
itated after saturated steam 
autohydrolysis.

• Evaluation of process parameters 
affecting yield and precipitate 
composition.

• Multi-objective parameter optimization 
for potential applications in 
biorefineries.
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A B S T R A C T

The precipitation of water-soluble carbohydrates using organic solvents offers considerable potential, as sepa
ration and purification can be achieved in a single step. Therefore, ethanol precipitation of potential high-value 
xylan − the main component of wheat straw hemicellulose − is investigated and optimized. Pelletized wheat 
straw, prepared without chemical or biotechnological auxiliaries, is autohydrolyzed using saturated steam. The 
pretreatment is designed to effectively solubilize hemicellulose, resulting in a hydrolysate low in impurities that 
is concentrated and precipitated without further purification. An optimal custom design based on I-optimality is 
used to systematically investigate the influence of feed concentrate dry mass content (20 to 40 %), ethanol (anti- 
solvent) fraction (30 to 70 %) and precipitation temperature (4 to 52 ◦C). Interactions and the effects of selected 
process parameters on the response parameters “precipitation yield” and “precipitate purity” are qualitatively 
and quantitatively analyzed using regression models. Highly significant and robust models are derived and 
validated. The precipitation yield for wheat straw xylan can be well over 70 % (up to 86 %) of the hydrolysate 
dry mass if a proper hemicellulose-first process design is used. Without intensive downstream processing, wheat 
straw xylan achieves 82 to 93 % of the carbohydrate content relative to xylan laboratory standards, albeit with 
differences in composition. The regression models reveal correlations with considerable potential for the valo
rization of hemicellulose using a relatively simple but optimized hemicellulose-first process. This study provides 
insights regarding carbohydrate precipitation parameters in a robust, transferable framework, demonstrating 
their applicability in lignocellulosic biorefineries.
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1. Introduction

The process of precipitating oligomeric (i.e., degree of polymeriza
tion of ≤ 10) and polymeric (i.e., degree of polymerization of > 10) 
carbohydrates from aqueous media through the addition of organic 
solvents is well-established and widely used within the food industry 
(Hu and Goff, 2018). This technique is notably relevant for the pro
duction of food-grade carbohydrates as well as for non-food-grade car
bohydrates, such as those derived from lignocellulose (Peng et al., 2010; 
Vegas et al., 2004), while separating and purifying polar carbohydrates 
in parallel (Tang et al., 2020). Thus, this step can enhance the efficiency 
of biorefinery approaches aiming to produce high-value carbohydrate 
polymers and oligomers from lignocellulose. Furthermore, such a pro
cess step can create valuable synergies within a holistic utilization 
strategy for lignocellulosic feedstock, especially when organic solvents 
are concurrently used or produced.

Lignocellulose, as a renewable biogenic resource with the highest 
global availability related to all organic matter, is widely available as an 
agricultural byproduct (e.g., wheat straw, rice straw) (Zabed et al., 
2016; Zhou et al., 2021). Being often unexplored, straw shows a sig
nificant potential for the production of bio-based fuels and chemicals 
(Mujtaba et al., 2023; Singh et al., 2022). Additionally, high-value 
byproducts such as biopolymers or biomaterials can be produced from 
such a feedstock while providing additional incentives for the devel
opment of the respective lignocellulose-based biorefineries (Lynd et al., 
2022; Santibáñez et al., 2021). In order to utilize lignocellulosic, 
biomass being a priori a limited resource, as completely as possible, a 
cascade utilization is typically implemented in such biorefineries. Here, 
various process steps are combined to achieve the highest possible added 
value based on the three main lignocellulose components cellulose, 
hemicellulose and lignin. As there is no ideal solution for the effective 
utilization of all lignocellulose components so far, known concepts often 
focus on one component and utilize the remaining side streams as by- 
products or waste (Renders et al., 2017). In contrast to established 
cellulose-oriented concepts (i.e., cellulose-first biorefineries), lignin-first 
concepts are an emerging research topic (Cheng et al., 2024). But also 
the valorization of pentose-based hemicellulose is still relatively chal
lenging, as, e.g., its use for bioethanol production (by Saccharomyces 
cerevisiae (Qaseem et al., 2021)) is limited and its heterogeneous struc
ture is prone to thermal degradation (Scapini et al., 2021). Organic 
solvent precipitation coupled with a suitable feedstock fractionation 
strategy can help overcome such challenges of hemicellulose valoriza
tion by providing higher value products such as oligomers and polymers 
for material use.

Hemicellulose-first approaches aim to maximize the hemicellulose 
valorization in the initial fractionation step of the overall refinery pro
cess (Parsin et al., 2025). A variety of fractionation techniques allowing 
for such hemicellulose valorization are already known, of which 
chemical (e.g., alkaline or solvent extraction) and physico-chemical (e. 
g., autohydrolysis or steam explosion) pretreatment are the most widely 
used options (Qaseem et al., 2021; Rao et al., 2023). In terms of resource 
efficient options without chemical auxiliaries, hydrothermal hydrolysis 
of wheat straw using saturated steam (pure autohydrolysis) can be 
applied to produce oligomers and polymers based on arabinoxylan, the 
primary component of wheat straw hemicellulose (Parsin and 
Kaltschmitt, 2025). Such a concept allows for a relatively energy- 
efficient fractionation of wheat straw lignocellulose, producing a 
hemicellulose hydrolysate with low turbidity, indicating low levels of 
lignin, proteins and other impurities (Parsin and Kaltschmitt, 2023). 
Consequently, carbohydrates in the hydrolysate can be directly precip
itated following, e.g., preliminary filtration and evaporation without 
prior removal of phenolic components (Parsin et al., 2025). This 
approach has the advantage of providing solid oligomeric and polymeric 
hemicellulose, enabling high solids loading for subsequent purification 
and conversion steps, thus catering to various potential applications 
(Naidu et al., 2018). Optimizing such a precipitation process can 

enhance product yield and purity while reducing waste and the con
sumption of auxiliaries (chemicals, energy and water) aligning with the 
principles of sustainable circular economy and green chemistry.

For precipitation of carbohydrates from aqueous solutions by adding 
organic solvents, the yield of the target fraction and the composition of 
the product are crucial (Hu and Goff, 2018). Therefore, these factors are 
frequently studied across various laboratory scale studies (Peng et al., 
2010; Zasadowski et al., 2014). However, the investigation of such 
precipitation parameters as well as the respective most important 
influencing factors has often been realized in parameter ranges being 
outside the area suitable for a large-scale implementation (e.g., very 
high solvent loadings, low solids content, low yields) due to techno- 
economic constraints (Hu and Goff, 2018).

Moreover, previous studies on the precipitation of lignocellulose- 
derived carbohydrates from a respective solution have tended to be 
case-specific (Jacquemin et al., 2012; Zasadowski et al., 2014). This is 
the reason why these investigations provide only fragmented insights 
into the systematic relationships between influencing factors and pre
cipitation results. Additionally, different experimental conditions might 
result in partly contradictory conclusions. Xu et al. (Xu et al., 2014), for 
example, state that precipitation time, temperature and sample con
centration are not decisive. However, these are generally considered to 
be important influencing factors in precipitation (Hu and Goff, 2018). 
Thus, the transferability of findings and the comparison of methods or 
parameters are challenging (Han, 2018). A systematic, transferable, and 
in-depth understanding of parameter interactions during precipitation is 
therefore an unsolved issue and a clear knowledge gap – especially with 
regard to the precipitation of hemicellulose carbohydrates extracted 
from lignocellulosic biomass (e.g., xylan).

Such a systematic investigation of precipitation is not only inter
esting from a scientific perspective. When considering the assessment of 
precipitation on a larger scale or for industrial implementation, various 
influencing parameters (e.g., precipitation temperature, carbohydrate 
concentration, anti-solvent content) become crucial as they substan
tially impact the techno-economic success of this process step and thus 
potentially the entire biorefinery approach. For instance, increasing the 
concentration of carbohydrates in the precipitation feed via evaporation 
involves considerable effort, yet subsequently reduces the use of sol
vents and thereby decreases the effort needed for solvent recovery. 
Finding an appropriate combination of these interlinked parameters 
thus results in an optimization challenge for the overall respective bio
refinery system. Therefore, the relationships between influencing and 
evaluation parameters of precipitation, along with their respective in
teractions, need to be systematically studied and deeply understood.

Against this background, objective of this study is (1) to investigate 
the relationships and interactions between influencing parameters (dry 
mass content in the feed solution, anti-solvent fraction and precipitation 
temperature) and the response parameters (precipitation yield and 
precipitate purity) during carbohydrate precipitation from hemicellu
lose hydrolysates. Furthermore, (2) the functional relationships between 
these influencing parameters are to be captured qualitatively and 
quantitatively using statistical methods for an adequate representation 
in mathematical functions. These models are then used (3) to optimize 
the precipitation process within a hemicellulose-first biorefinery 
concept. For this purpose, wheat straw is autohydrolyzed using satu
rated steam focusing on hemicellulose solubilization. The liquid hemi
cellulose hydrolysate is subsequently concentrated and subjected to 
precipitation under predefined conditions according to an optimal 
custom design by adding ethanol as anti-solvent. Regression models are 
developed based on these lab data. The respective models are evaluated 
and validated and the results are assessed for their potential to optimize 
the precipitation process and to identify synergistic interactions for 
biorefinery applications.
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2. Materials and methods

The investigation procedure is shown in Fig. 1 and described in detail 
below.

2.1. Feed biomass

Pelletized wheat straw (Triticum austivum) was used as a feedstock. 
The pure wheat straw pellets (“Bionesto Stroheinstreu”; article number 
8904515) show a diameter of 4 to 6 mm and have been purchased from 
AGRAVIS Raiffeisen AG (Münster, Germany).

2.2. Experimental procedure

Below, the experimental procedure and specific characteristic values 
are defined. The investigation of polysaccharide precipitation from 
produced hydrolysate is described in detail.

2.2.1. Autohydrolysis (steaming)
Wheat straw pellets are prepared and hydrolyzed using only water 

and thermal energy (Parsin and Kaltschmitt, 2023). First, unwanted 
organic and inorganic components are removed based on a simple water 
treatment process. Hence, straw is soaked in water at 60 ◦C for 20 min 
and rinsed several times with water at 60 ◦C. Finally, it is rinsed with 
deionized water and mechanically dewatered to about 35 to 40 % dry 
mass. The moist biomass (2 to 3 kg dry mass) is then treated in a 40 L 
stainless steel fixed bed reactor (custom made) at 180 ◦C for 35 min 
with saturated steam. The straw is filled into the preheated high- 
pressure reactor in a cylindrical cartridge and removed after the reac
tion time has elapsed and the pressure has been released. According to 
Equation (3), the severity of the reaction is 3.9 and the liquid-to-solid 
ratio is 1.5 to 1.9 (Equation (1)). Such autohydrolysis focuses on 
hemicellulose and has already been studied and described in detail by 

Parsin and Kaltschmitt (Parsin and Kaltschmitt, 2025). The treated 
biomass is then extracted with deionized water (20 ◦C) at a liquid-to- 
solid ratio of 3 and mechanically dewatered. The liquid phase is vac
uum filtered at 5 µm to form the hemicellulose hydrolysate (Fig. 1); 
nevertheless, the solid residue still contains liquid and solubilized (not 
extracted) biomass. This is washed off with water and the solid residue is 
stored at − 20 ◦C.

2.2.2. Precipitation
After steaming (autohydrolysis), the hemicellulose hydrolysate is 

gently concentrated in a rotary evaporator (Büchi Rotavapor R-100). 
The pressure is gradually reduced to ca. 150 to 200 mbar (Büchi Vac
uum Pump V-100) while maintaining a temperature of around 50 ◦C 
(Büchi Heating Bath B-100) until the target dry mass content of 40 % is 
reached. For experiments requiring a different dry mass content, 4.25 g 
of concentrate samples are diluted with deionized water according to the 
design of experiments (section 2.4). At room temperature, no solids 
settle out at such a high dry mass content, but the concentrate must be 
mixed very well before aliquoting.

Precipitation experiments were conducted in polyethylene reaction 
vessels (15 mL and 50 mL). Prior to precipitation, all vessels, as well as 
the hydrolysate and the absolute ethanol, are preconditioned to the 
required temperature (section 2.4) in a heating cabinet (Memmert IPP 
400). Ethanol is then added and the samples are gently shaken before 
being maintained at the set temperature for an additional hour to reach 
equilibrium state. No continuous stirring is required for precipitation.

Following precipitation, the samples are centrifuged at the precipi
tation temperature for 10 min at 4,760 × g (relative centrifugal force) 
(Hettich Rotixa 50 RS). The precipitate forms a solid pellet separated 
from the supernatant and subsequently lyophilized (Christ Alpha 1–2 
LD). After freeze-drying, the precipitation yield is determined immedi
ately and the samples are stored at room temperature until purity 
determination (section 2.4).

Fig. 1. Scheme of investigation. Experimental process steps are shown in orange and fractions and intermediates in blue. Analytically determined parameters on the 
left and defined characteristic values as well as design of experiments (DoE) input (yellow box) and output (green box) variables on the right.
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2.2.3. Characteristic values
To measure the solvent quantities (e.g., water used for soaking, re

action or extraction), all values are normalized to dry mass. The 
respective liquid-to-solid ratio (LSR) is defined according to Equation 
(1). To calculate this ratio for a specific process step j, the mass of the 
liquid (L) phase (ml

j) is divided by the dry mass of the solid (S) sample 
(ms

j ) after drying at 105 ◦C. For water, a density of 1 kg/L is assumed. 

L
Sj

=
ml

j

ms
j

(1) 

To quantify the intensity of a thermal treatment, a dimensionless 
severity factor is defined (Brownell and Saddler, 1987; Overend and 
Chornet, 1987). Using temperature (T in ◦C) and time (t in min) 
dependent reaction ordinate R0 in Equation (2), the severity factor S0 for 
nearly isothermal conditions is defined as outlined in Equation (3). 

log10(R0) = log10

(

t exp
(

T(t) − 100
14.75

))

(2) 

S0 = log10(R0) (3) 

The autohydrolysis degree of solubilization (DS) is calculated using 
Equation (4), based on the initial solid biomass before (ms

0) and after 
(ms

1) steaming. 

DS =
ms

0 − ms
1

ms
0

100% (4) 

The share of oligomers (i.e., non-monomers) Si for a component i in the 
hydrolysate is defined by Equation (5). In this equation, cmono

i represents 
the measured concentration of the monomeric component i in the 
sample, while ctotal

i denotes the total concentration of component i after 
analytical hydrolysis, including the factor for anhydro correction (AC) 
(section 2.3.3). 

Si =

(

1 −
cmono

i

ctotal
i

)

100% (5) 

The precipitation yield (Y) is determined by the precipitate dry mass 
(mPre,DM) relative to the initial dry mass of the concentrate (mConc,DM) as 
described in Equation (6). 

Y =
mPre,DM

mConc,DM
100% (6) 

Since the precipitation of the hydrolysate / concentrate does not only 
affect carbohydrates as the desired fraction of this process step, the 
precipitate purity is defined as one key output variable. This precipitate 
purity (P) is determined by the carbohydrate content (mCH) of a pre
cipitate sample (including glucose, xylose and arabinose derived com
pounds) and expressed as the ratio of these components to the freeze- 
dried precipitate mass (mPre) (Equation (7)). Thus, the total concentra
tion of each carbohydrate derived component i after analytical hydro
lysis in the water dissolved sample (ctotal

i ) is measured in the sample 
volume (VS) and multiplied by the anhydro correction factor (ACi) 
(section 2.3.3). The sum of detected carbohydrates is divided by the 
dissolved precipitate sample dry mass (mS,DM). 

P =
mCH

mPre
100% =

∑n

i
(ctotal

i ACi)
VS

mS,DM
100% (7) 

2.3. Analytical methods

The analytical methods employed, developed, or adapted for 
component identification and balancing are outlined below. For these 

procedures, ultrapure water with a maximum conductivity of 
0.05 µS cm− 1 is used. The chemicals utilized in the analytical procedures 
are of analytical grade.

2.3.1. Compositional analysis
The chemical composition of the feedstock is analyzed using NREL 

LAP TP-510–42618 (Sluiter et al., 2011) and extractives are analyzed 
according to NREL LAP TP-510–42619 (Sluiter et al., 2008). For 
compositional analysis, the dry weight of the acid-insoluble lignin is 
corrected for ash content. The dry mass content of liquid and solid 
samples is determined in a drying oven (Memmert U80) at 105 ◦C. The 
organic dry mass and the ash content are assessed according to DIN EN 
ISO 18122 in a muffle furnace (Fisher Scientific M104) at 550 ◦C.

2.3.2. Quantification of carbohydrates (HPLC)
High-performance anion exchange chromatography with a refractive 

index detector (HPAEC-RID) (Agilent 1260 Infinity II) is employed to 
quantify organic low molecular weight compounds (disaccharides, car
bohydrate monomers, organic acids, 5-hydroxymethylfurfural and 
furfural). With the analytical column Agilent Hi-Plex H+ with a mobile 
phase of ultrapure water and 5 mM H2SO4 relevant monosaccharides (D 
(+)glucose, D(+)xylose and L(+)arabinose) and disaccharides D-cello
biose and D-xylobiose are determined in a single run. Due to potential 
peak overlaps from compound coelution in complex samples, xylose 
results are also confirmed with an Agilent Hi-Plex Pb2+ column. For 
analysis with the Hi-Plex H+, the flow rate is set to 0.5 mL min− 1 in 
isocratic mode, with an injection volume of 10 µL. Both the column and 
detector are maintained at 55 ◦C. A seven-point calibration is conducted 
for all analyzed compounds within the measurement range.

2.3.3. Quantification of oligomeric and polymeric carbohydrates
The carbohydrate content in the liquid phase, released from oligo

mers or polymers, is indirectly analyzed after hydrolysis to monomers, 
following the NREL LAP TP-510–42618 guidelines (Sluiter et al., 2011). 
For the analytical hydrolysis, 10 mL of each liquid sample is filtered 
(0.45 µm) and then hydrolyzed by adding H2SO4 at 121 ◦C for 60 min 
(Merck Spectroquant® TR420). Deviating from the NREL LAP TP- 
510–42618, the amount of H2SO4 is reduced to 2 wt-% resulting in a 
lower furfural concentration. The hydrolyzed samples are subsequently 
analyzed using HPAEC-RID (section 2.3.2).

2.3.4. Quantification of soluble lignin
The concentration of dissolved lignin in the liquid samples was 

measured following the NREL LAP TP-510–42618 (Sluiter et al., 2011). 
Lignin content was assessed using UV spectroscopy at a wavelength of 
320 nm, applying a specific absorptivity constant of 30 L (g cm)-1 on 
particle-free samples (0.2 µm filtered). Prior to analysis, furfural was 
entirely eliminated from the samples by means of vacuum evaporation.

2.4. Design of experiments

Response surface methodology is used to investigate the cause-effect 
relationships of independent (input) variables and dependent (output) 
variables. The software Design Expert (Version 22, Stat-Ease Inc.) is used 
for design of experiments (DoE) and the derivation of regression models. 
The three factors hydrolysate dry mass content (A), the gravimetrical 
(w/w) ethanol fraction (B) and the precipitation temperature (C) and 
their investigation range in Table 1 are defined based on available 
literature data and results from preliminary experiments. An optimal 
custom design including 30 experimental runs is applied (for further 
details see supplementary data). The influence of the factors on the 
response variables and their interactions are examined by coding them 
((− 1) to (+1), Table 1) and arranging the design points in accordance to 
I-optimality (Integrated Variance) desirable for optimal predictions by 
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response surface methodology (Goos et al., 2016). The design points of 
the continuous factors are defined by the coordinate exchange algorithm 
in order to fit the optimality criteria (Harman et al., 2020). For the 
precipitation temperature, discrete distribution of the design points is 
applied (i.e., set values of 4, 16, 32, 40 and 52 ◦C) due to technical re
strictions. The precipitation parameters finally implemented experi
mentally are specified in Table 3.

The following response variables (output parameters) are defined 
and systematically evaluated. 

• The precipitation yield (Y) in relation to the total dry mass contained 
in the hydrolysate before precipitation (Equation (6)).

• The purity (P) of the precipitate (Equation (7)).

Based on the measured empirical values, mathematical models are 
developed for the relationship between the investigated factors (A, B, C) 
and the response variables. The correlation between a response variable 
(y) and the coded factors (xi and xj) is described by Equation (8). Where 
c0 is a constant coefficient, ci is a linear coefficient, cii is a quadratic 
coefficient and cij is an interaction coefficient. Thus, the correlations are 
described here using a second-order polynomial function. Correspond
ing terms can be added for a third-order polynomial if necessary. Model 
error causing deviation of measured values from predicted values due to 
unobserved factors, random fluctuations and disturbance variables as 
well as measuring errors are represented by ε (Siebertz et al., 2010). 

y = c0 +
∑n

i=1
cixi +

∑n− 1

i=1

∑n

j=i+1
cijxixj +

∑n

i=1
ciix2

i ⋯+ ε (8) 

In order to evaluate the quality of the statistical correlation between 
input and output parameters and to quantify the fit, an analysis of 
variance (ANOVA) and a regression analysis of all models obtained is 
carried out. The significance of all relevant terms of the descriptive 
model is tested using the F-values with typically required p-values below 
0.05. The F-values, the p-values, and the Lack of Fit (i.e., remaining 
variance between the descriptive model and measured values) of the 
overall models are determined.

In addition, the coefficient of determination (R2), the adjusted co
efficient of determination (adj. R2), the predicted coefficient of deter
mination (pred. R2), and the adequate precision (i.e., signal to noise 
ratio) are specified for each model.

3. Results and discussion

In the following, the experimental data serving as the basis for the 
regression models are first presented. Subsequently, the model fit and 
the relationships between input and output parameters are discussed. 
Thereafter, model validation and parameter optimization are addressed, 
followed by a discussion of applications in the context of biorefineries.

3.1. Experimental data

The average (n = 3) dry mass content of the wheat straw pellets used 
is 88.8 ± 0.1 %FM, of which organic dry mass accounts for 93.4 ± 0.1 
%DM and inorganics for 6.6 ± 0.1 %DM. According to the compositional 
analysis in section 2.3.1 (n = 3), this wheat straw consists of 33.1 ± 0.6 
%DM glucan, 26.4 ± 0.4 % arabinoxylan, 20.5 ± 0.4 %DM lignin and 
20.0 ± 0.9 %DM other compounds.

The hemicellulose hydrolysate produced by saturated steam auto
hydrolysis (section 2.2.1) has a dry mass content of 3.4 ± 0.2 %. Its 
carbohydrate composition is presented in detail in Table 2 for the hy
drolysate (i.e., after autohydrolysis according to section 2.2.1) and for 
the concentrate (i.e., post-vacuum evaporation according to section 
2.2.2). The concentrations of free components in a native sample (as 
received) and after complete hydrolysis of carbohydrates with sulfuric 
acid according to section 2.3.3 (total) are given. Additionally, the share 
of oligomers (S) (i.e., the share of the respective component released 
from non-monomers by sulfuric acid hydrolysis) is shown in Table 3. 

• The degree of solubilization according to Equation (4) is approxi
mately 30 %.

• After vacuum evaporation, the concentrate dry mass content in
creases to approximately 40 %.

• In the concentrate (considering dilution of 1:10), a (total) xylose 
concentration of 261.9 ± 0.5 g/L is measured. In the native hydro
lysate / concentrate about 85 % of released xylose are present as 
non-monomers (measured by HPLC; section 2.3.2).

• Depending on pretreatment conditions, carbohydrates represent at 
least 63 to 76 % of the hydrolysate dry mass (Parsin and Kaltschmitt, 
2025, 2023), mainly consisting of water-soluble xylose-based mole
cules with a broad distribution of molar mass (i.e., xylooligo
saccharides and xylan; supplementary data).

The enrichment of dry mass and carbohydrates in the concentrate 
compared to the hydrolysate is thus 12-fold. Volatile components, such 
as acetic acid and furfural, are partially lost during evaporation.

Table 3 presents the empirical results according to optimal custom 
design (section 2.4), which serve as the basis for the derived regression 
models. In addition to the input parameters (A, B, C) and the response 
parameters precipitation yield Y (Equation (6)) and precipitate purity P 
(Equation (7)), additional parameters are included to further charac
terize the carbohydrates in the precipitate. Here, XylPre represents the 
xylose content in the precipitate measured by HPLC, and XylCH denotes 
for the share of xylose in detected carbohydrates. The ratios of the main 
sugars glucose (Glu), xylose (Xyl) and arabinose (Ara) are also indicated. 
Furthermore, available laboratory standards, beechwood xylan (BWX) 
and corn cob xylan (CCX), are included as reference materials to 
contextualize the results. The analysis and discussion of the findings are 
presented subsequently.

3.2. Model fit

In design of experiments and response surface methodology, it is 
crucial to evaluate the model fit, as results regarding relationships and 
interactions of variables are unreliable without a statistically significant 
and robust model. Here, an optimal custom design with 30 points is used 
for the main experiment (Table 3). Such a design is necessary because 
preliminary trials using a Box-Behnken design with 17 design points 
have been conducted to define the investigation range in Table 1. These 
preliminary trials indicate that a Box-Behnken design is insufficient (e. 
g., low model significance, insufficient Lack of Fit and low coefficients of 
determination) to derive adequate statistical models for the relation
ships between input and output variables. A high dry mass content (DM) 
of up to 50 % in the concentrate contributed to spontaneous 

Table 1 
Actual and coded levels of the investigated parameters (factors) used for optimal 
experimental design.

Actual values of coded levels

Factors Unit Symbol Type − 1 
(minimum)

+1 
(maximum)

Dry mass 
content (DM)

% A continuous 20 40

Ethanol fraction 
(EtOH)

% B continuous 30 70

Precipitation 
temperature 
(T)

◦C C discrete 4 52
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precipitation of material most likely due to solution super saturation. 
Under these conditions, experimental yields (Y) of over 85 % are 
possible, but this behavior leads to disturbances that cannot be captured 
and represented in significant and reliable regression models 
(supplementary data).

A good fitting of a model is characterized by high F-values and low p- 
values (optimally < 0.0001). An adequate Lack of Fit is characterized by 
a p-value between 0.1 and 1.0. The analysis of variance (ANOVA) for the 
main study using the optimal custom design and maximal DM of 40 % in 
Table 4 indicates a highly significant model (very high model F-values, 
very low p-values of < 0.0001, high Lack of Fit p-value of > 0.1) for both 
response variables precipitation yield (Y) and precipitate purity (P). 
Additionally, very high coefficients of determination (maximum 1.0) 

indicate a good agreement between regression model and empirically 
measured values. Moreover, the small difference between adjusted R2 

and predicted R2 (which should not exceed 0.2) confirms adequate 
model stability and indicates that overfitting has been avoided. For the 
range of input variables coded according to Table 1, the coded functions 
(i.e., Y = f (A, B, C) and P = g (A, B, C)) according to Equation (8) can be 
derived using the coefficients from Table 4 (for results on residual 
analysis see supplementary data).

The results indicate that reliable and robust regression models can be 
derived for both response parameters (Y and P). Compared to the pre
cipitation yield (Y), the model for the precipitate purity (P) requires a 
more complex higher-order polynomial, as multiple cubic terms must be 
considered to describe the relationships. Within the linear range of the 

Table 2 
Hemicellulose hydrolysate and concentrate composition. Average (n = 3) concentrations and standard deviations (STD) of components in native (as received) and 
analytically (H2SO4) hydrolysed samples (total).

Component Cellobiose Glucose Xylose Arabinose Formic acid Acetic acid HMF a Furfural

Unit g/L g/L g/L g/L g/L g/L g/L g/L
Hydrolysate (native) 0.00 0.00 3.33 1.21 0.56 2.57 0.09 0.63
STD 0.00 0.00 0.04 0.01 0.01 0.04 0.00 0.01
Hydrolysate (total) 0.65 3.55 22.49 1.85 0.60 3.78 0.10 1.27
STD 0.01 0.03 0.07 0.01 0.00 0.01 0.00 0.01
S b (%) 100.0 99.9 85.2 34.8 7.3 32.1 15.4 50.5
Concentrate c (native) 0.00 0.16 3.96 0.55 0.49 0.68 0.09 0.00
STD 0.00 0.00 0.01 0.02 0.01 0.02 0.00 0.00
Concentrate c (total) 0.95 4.12 26.19 2.02 0.52 2.71 0.12 0.81
STD 0.01 0.03 0.05 0.01 0.00 0.01 0.00 0.01
S b (%) 100.0 96.2 84.9 72.9 5.6 74.8 24.2 100.0

a Hydroxymethylfurfural; b Share of oligomers in the hydrolysate and the concentrate according to Equation (5); c Diluted for the analysis (1:10) with deionized 
water.

Table 3 
Results of the statistical investigation. The response variables precipitation yield (Y) and precipitate purity (P) are supplemented by further parameters such as the 
xylose content in the precipitate (XylPre), the xylose content in the detected carbohydrates (XylCH), the glucose to xylose (Glu/Xyl) and the arabinose to xylose (Ara/Xyl) 
ratio in the precipitate. Notable and high values are highlighted for discussion.

Run A: DM B: EtOH C: T Y P XylPre XylCH Glu/Xyl Ara/Xyl

​ % % ◦C % % % % % %
1 40 30 4 11.2 60.5 41.8 69.1 20.7 6.5
2 30.3 44.4 16 8.8 59.5 36.3 61.0 42.7 5.4
3 23.9 57.8 16 18.6 71.3 40.1 56.2 61.0 2.2
4 26.9 54.2 40 9.8 61.4 29.6 48.2 91.2 2.8
5 26.9 54.2 40 7.0 59.9 27.7 46.3 99.1 3.7
6 40 70 52 48.9 70.1 46.5 66.3 33.7 2.5
7 40 30 52 10.8 58.6 40.5 69.1 22.6 5.8
8 20 30 52 3.2 49.3 33.7 68.4 28.0 4.6
9 30.3 44.4 16 8.7 62.5 38.2 61.1 45.2 3.9
10 33 30 40 6.1 56.8 38.7 68.1 24.1 6.7
11 40 58.2 40 33.9 67.8 45.1 66.5 33.1 2.8
12 20 43.4 4 4.1 53.1 31.7 59.6 45.1 6.2
13 20 40 40 2.3 50.2 33.1 66.1 29.7 5.6
14 33 44.8 52 5.5 49.2 31.9 64.7 33.9 5.8
15 35.1 54 4 31.3 70.9 46.6 65.8 33.5 3.5
16 20 61 52 9.0 63.3 27.1 42.8 120.7 1.2
17 33 44.8 52 6.0 52.5 33.8 64.4 34.3 5.7
18 33 30 40 6.4 56.9 38.7 67.9 24.6 6.6
19 27 30 4 6.1 59.4 41.2 69.3 22.5 6.6
20 40 40.2 16 12.4 61.0 41.0 67.2 27.6 5.7
21 20 30 16 3.3 55.1 36.3 65.8 29.7 6.2
22 26.3 70 52 29.7 70.8 42.0 59.3 51.6 2.0
23 20 70 4 39.2 71.4 45.7 64.0 38.5 1.8
24 23.9 57.8 16 21.4 71.5 41.3 57.7 55.9 2.1
25 26.5 33 28 4.3 55.1 37.2 67.6 26.3 6.0
26 33.2 68.8 40 44.1 70.5 45.9 65.1 36.8 2.2
27 20 70 28 31.3 71.8 43.9 61.1 47.3 1.6
28 39.1 42.3 40 12.3 59.1 39.6 67.0 29.7 5.0
29 34 70 16 57.3 70.9 47.8 67.5 30.1 2.9
30 40 70 4 73.8 69.6 48.3 69.4 25.5 3.4
BWX a ​ ​ ​ ​ 77.2 63.7 82.6 3.2 0.0
CCX b ​ ​ ​ ​ 87.8 70.1 79.8 13.3 1.8

a Beech wood xylan (BWX) purchased from Carl Roth GmbH (Karlsruhe, Germany) (order No. 4414.1); b Corn cob xylan (CCX) purchased from Carl Roth GmbH 
(Karlsruhe, Germany) (order No. 8659.1). The manufacturer's product specification is “≥ 95 % xylooligosaccharides”.
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coded design space (Table 1), the regression coefficients (cA, cB, cC) show 
that the input variables DM (cA) and EtOH (cB) have a monotonic or 
proportional effect, while T (cC) exhibits a strictly inverse effect on both 
response variables. Among these, changes in EtOH have the strongest 
influence on Y and P in the linear range, whereas variations in DM have a 
significantly greater impact on Y than on P. The model F-value and the 
significant regression coefficients in Table 4 indicate that the variance of 
the precipitation yield model (Y) is well explained by linear and 
quadratic relationships. This model involves relatively few regression 
coefficients and achieves a high F-value of over 450, indicating a robust 
and significant fit. In comparison, the precipitate purity model (P) in
cludes considerably more regression coefficients but exhibits a sub
stantially lower model F-value. Nevertheless, the purity regression 
model remains statistically significant and robust indicating more 
complex relationships of the input and output variables in Table 1.

3.3. Precipitation yield

Fig. 2 illustrates the relationships between the input variables and 
the precipitation yield (Y) as response surfaces. The empirically 
measured Y values under the experimental conditions range from 2.3 % 
to 73.8 %. High Y values consistently correlate with a relatively high 
ethanol fraction (EtOH), high dry mass content in the concentrate (DM), 
and low precipitation temperature (T). However, low T and high DM 
alone are not sufficient for achieving high Y; only when EtOH exceeds ca. 
50 % (w/w) do Y values rise significantly above 30 %. The models 
demonstrate that all input variables have a pronounced effect on Y 
(EtOH and DM in a monotonic manner, T inversely). According to the 
regression coefficients in Table 4, the overall influence of EtOH is greater 
in magnitude and, under the examined conditions, can only be partially 
compensated by the parameters DM and T.

The relationships of the actual variables and the precipitation yield 
(Y) are summarized as a function Y = f (DM, EtOH, T) in Equation (9) for 

relevant terms. This function can be used for response predictions in the 
original units for the factors examined. 

Y = 59.328 − 0.657DM − 3.071EtOH+0.320T +0.032DMEtOH
− 0.011EtOHT+0.034EtOH2 (9) 

The wide range of resulting values in Fig. 2 indicates a well-founded 
experimental design and an appropriate parameter range. Some results 
with low ethanol fractions show low yields of 2 to 4 %. These results 
confirm that a dry mass content of 40 % does not lead to significant 
super saturation and precipitation without the addition of ethanol at 
room temperature.

The anti-solvent precipitation of polar, highly hydrophilic carbohy
drates from aqueous media occurs through the reduction of their solu
bility, which depends on various bonding interactions (Hu and Goff, 
2018; Lin et al., 2023). Carbohydrate subunits typically carry polar 
functional groups (e.g., hydroxyl and carbonyl groups) and primarily 
interact with water via hydrogen bonding (Lin et al., 2023). Water 
molecules form hydration shells around polar and charged molecules or 
ions. The addition of organic solvents like ethanol being fully miscible 
with water leads to the formation of a more hydrophobic phase, thereby 
decreasing the dielectric constant of the solvent mixture, the hydrogen 
bonding capacity and therefore the solubility of polar molecules 
(Safronov et al., 2019). Under these conditions, solvent polarity de
creases, weakening polymer–solvent interactions and making polymer
–polymer interactions thermodynamically favored. This behavior of 
polymers in solutions is described, for example, in the Flory-Huggins 
theory by the increase in the Gibbs energy of the mixture. Precipita
tion is induced as soon as a threshold value of Gibbs energy is exceeded 
(Kishani et al., 2019). This theory explains the relatively strong influ
ence of the ethanol fraction on the precipitation yield in Fig. 2 and 
Table 4 in comparison to the temperature und the dry mass content. 
Ethanol fraction directly affects solvent-polysaccharide interactions and 
acts as the primary thermodynamic driver of precipitation (Safronov 
et al., 2019). This effect is likely enhanced by adding organic solvents 
with higher molar mass and more carbon atoms (e.g., propanol and 
acetone) (Vegas et al., 2005). Thus, anti-solvent precipitation is not 
selective for carbohydrates alone, but also affects all polar and charged 
molecules (e.g., proteins, lignin and inorganic substances that can also 
form complexes (Chen et al., 2024)). Therefore, such impurities and 
interfering substances in the hydrolysate must be removed effectively 
beforehand to significantly increase the concentration of the target 
fraction and the (solid) product purity after precipitation.

Lowering the temperature and increasing the dry mass content 
further reduce solubility and promote higher precipitation yields (Xu 
et al., 2014). However, the influence of these parameters is less signif
icant in the study area relative to the ethanol fraction (Table 4). The 
influence of temperature and dry mass content can be explained by the 
nucleation-and-growth mechanism (van Delft et al., 1985). Lower tem
peratures reduce the mobility of molecules (especially water molecules) 
and mixing in the solution. This can lead to lower xylan solubility due to 
a reduction in polysaccharide-solvent interactions via hydrogen bonds 
(Lin et al., 2023). A higher dry mass content presumably promotes the 
saturation-driven aggregation of solid xylan after addition of ethanol. 
Higher xylan concentrations in solution lead to a higher nucleation 
frequency in the solution and faster precipitate particle growth (Thanh 
et al., 2014).

A disadvantage of the autohydrolysis of hemicellulose that impacts Y 
is its non-selectivity for a certain fraction in the feedstock (Sun et al., 
2022). This leads to the solubilization of other biomass components 
and results in solubilized hemicellulose xylan having a relatively broad 
distribution of molar mass in solution (Parsin and Kaltschmitt, 2023). 
The molar mass of the precipitated xylan molecules (e.g., weight 
average, number average, viscosity average) has a significant influence 
on the solubility in aqueous solutions (Swennen et al., 2005). Since polar 
molecules with a high molar mass also bind a correspondingly large 

Table 4 
Regression coefficients and analysis of variance (ANOVA) results. Relevant 
terms for the derived (coded) regression models for precipitation yield (Y) and 
precipitate purity (P) according to Equation (8).

Regression coefficients a Y (%) P (%)

c0 12.72 62.40
cA 9.30 1.39
cB 19.84 15.73
cC − 5.51 − 7.03
cAB 6.35 − 2.56
cAC ​ 0.2567
cBC − 5.27 0.6347
cAA ​ − 0.7113
cBB 13.67 3.17
cCC ​ − 1.84
cAAC ​ 3.01
cABB ​ − 2.32
cACC ​ ​
cBBC ​ 3.57
cBCC ​ 1.45
cAAA ​ 2.54
cBBB ​ − 9.41
ANOVA ​ ​
Model F-value 452.75 49.79
Model p-value < 0.0001 < 0.0001
Lack of Fit (p-value) 0.1396 0.5474
Fit statistics ​ ​
Standard deviation 1.90 1.47
Mean 18.90 62.00
Coefficient of variation (%) 10.03 2.38
R2 0.9916 0.9816
adj. R2 0.9894 0.9619
pred. R2 0.9853 0.9134
Adeq. Precision 80.81 21.81

a Dry mass content (A), ethanol fraction (w/w) (B), precipitation temperature 
(C) according to Table 1.
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amount of water molecules via hydrogen bonds, these molecules also 
increase the Gibbs energy of the mixture the most, in accordance with 
the Flory-Huggins theory (Safronov et al., 2019); i.e., reduced solubility 
leads to earlier phase separation with increasing chain length. Conse
quently, the reduction in the Gibbs energy of the mixture due to their 
precipitation is also the highest. In this study, the distribution of molar 
mass of xylan in the hydrolysate and the concentrate is predetermined 
by autohydrolysis (sections 2.2.1). During precipitation (especially at 
low precipitation yields), it is to be expected that the high-molecular 
weight molecules will tend to agglomerate and precipitate first. The 
higher the precipitation yield, the closer the distribution of molar mass 
in the precipitate approaches that in the concentrate (supplementary 
data). This hypothesis is supported by both molecular dynamics 
models and experimental studies (Lin et al., 2023). Alkaline extraction 
of hemicellulose leads to the dissolution of polysaccharides with a 
relatively high molar mass compared to autohydrolysis (Xu et al., 2014). 
In studies on graded ethanol precipitation, alkaline-extracted hemicel
lulose shows relatively high precipitation yields at low ethanol fractions 
(although the absolute yields are often low) (Peng et al., 2010). This is a 
clear difference from the results for the relatively low-molecular weight 
xylans after autohydrolysis in Fig. 2. However, without systematic 
control of the temperature and solids concentration, the total 

precipitation yields are partly lower despite the high molar mass (e.g., 
even the high-molecular weight polysaccharides cannot be completely 
precipitated) (Peng et al., 2009). When evaluating precipitation results, 
the definition of yield must always be taken into account in all 
comparisons.

The degree of substitution of the xylan backbone is another impor
tant factor that influences solubility and thus precipitation results. Side 
groups with glucuronic acid, arabinose, and acetyl groups in particular 
strengthen the xylan-water interactions through a higher average 
number of hydrogen bonds (Lin et al., 2023). Consequently, it can be 
assumed that (especially at conditions leading to low precipitation 
yields) less substituted xylans will precipitate first. However, after 
autohydrolysis at 180 ◦C, the degree of substitution of the xylans in the 
hydrolysate is generally already greatly reduced, which is evident e.g., 
from the low share of oligomers (S) for arabinose and acetate in Table 2
or the arabinose to xylose ratio in Table 3 ((Ara/Xyl) varies between 1.2 
and 6.7 %). Thus, arabinose and acetate are 65 to 70 % free in the 
hydrolysate and only about 30 to 35 % bound in non-monomers. The 
conditions of autohydrolysis significantly affect the degree of substitu
tion of the xylan (e.g., the degree of acetylation). The effects of auto
hydrolysis conditions on hemicellulose solubilization implemented here 
have already been studied and show a systematic and predictive 

Fig. 2. Response surface results for the precipitation yield according to Equation (6). The precipitation yield is shown as a function of ethanol fraction (EtOH) and 
concentrate dry mass content (DM) at different precipitation temperatures; A) 4 ◦C, B) 16 ◦C, C) 40 ◦C, D) 52 ◦C (28 ◦C is neglected). The red dots correspond to the 
measured values.
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influence on the carbohydrate composition and their substitution degree 
by arabinose or acetate (Parsin and Kaltschmitt, 2025).

Consequently, not all carbohydrates precipitate simultaneously; 
instead, they tend to precipitate in stages or sequentially (i.e., starting 
with those having the lowest solubility). As a result, highly substituted 
low-molecular weight carbohydrates tend to remain in solution if 
complete precipitation of carbohydrates is not achieved. These re
lationships systematically depend on the precipitation conditions, which 
lead to the variation observed in the response variable Y, as shown in 
Fig. 2 and Table 3.

The response surfaces in Fig. 2 do not indicate that the yield is 
approaching any limit. Therefore, it is likely possible to further drive Y 
by lowering T and increasing DM and significantly increase it by raising 
EtOH. Substantially higher yields exceeding 85 % were also empirically 
confirmed in preliminary trials with 50 % DM (supplementary data). 
However, achieving a quantitative Y of 100 % is not desirable, as the 
concentrate dry mass still contains impurities and precipitated carbo
hydrates need to be separated from low molecular weight compounds (e. 
g., sugars, acids, phenols).

3.4. Precipitate purity

Fig. 3 presents the results of the regression models for precipitate 
purity (P) according to Equation (7). The measured values range from 

49.2 % to 71.8 % (Table 3) depending on the precipitation parameters 
(Table 1). These results indicate a significant influence of all three input 
variables (DM, EtOH, T) on P. High P values above 65 % are primarily 
correlated with high EtOH levels exceeding 60 %, as also reflected in the 
high regression coefficients in Table 3. However, under precipitation 
conditions resulting in very high yields (Y) shown in Fig. 2 (i.e., EtOH at 
70 % and DM above 30 %), the purity either stagnates or slightly de
creases (Fig. 3). Thus, at T = 4 ◦C, a local optimum for P in the inves
tigated range is observed at ca. 65 % EtOH and 20 to 30 % DM.

The function P = g (DM, EtOH, T) in Equation (10) describes the 
relationship between the actual input variables and precipitate purity 
(P) for relevant terms. This function can be used for response predictions 
in the original units for the factors examined. 

P = 80.765+ 8.702DM − 9.077EtOH+ 2.200T+ 0.045DMEtOH
− 0.074DMT − 0.043EtOHT − 0.271DM2 +0.191EtOH2 − 0.010T2

+0.001DM2T − 0.001DMEtOH2 +0.003DM3 − 0.001EtOH3

(10) 

The P results in Fig. 3 suggest that initially, a lot of non-xylose-based 
concentrate components are predominantly co-precipitated, as evi
denced by the correlation between low yields (Y) and low purity (P) in 
Table 3 (e.g., run No. 8, 12, 13, 14). Subsequently, mainly xylose and 
glucose containing carbohydrates tend to precipitate. At very high yields 

Fig. 3. Response surface results for the precipitate purity according to Equation (7). The precipitate purity is shown as a function of ethanol fraction (EtOH) and 
concentrate dry mass content (DM) at different precipitation temperatures; A) 4 ◦C, B) 16 ◦C, C) 40 ◦C, D) 52 ◦C (28 ◦C is neglected). The red dots correspond to the 
empirical (measured) values.
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above 60 %, other components (e.g., inorganic substances or complexes 
of ions and organic molecules (Chen et al., 2024)) alongside carbohy
drates are also captured by precipitation resulting in a purity decline (e. 
g., run No. 29, 30). Another possible explanation is that at high Y, low- 
molecular-weight oligomers are more readily precipitated (Swennen 
et al., 2005), which, during analytical hydrolysis with H2SO4 (section 
2.3.3), degrade more extensively than high-molecular-weight ones 
into monosaccharides and subsequently into volatile degradation 
products, resulting in greater losses and lower sugar detection according 
to Equation (7). Such a relationship between input parameters (DM, 
EtOH, T) and P justifies the significant regression coefficients in Table 4, 
as it can only be represented by a higher-order polynomial function (at 
least cubic).

The interpretation of precipitate purity results is highly dependent on its 
definition and the analytical methods used. Since there is no overarching 
definition for the purity of polysaccharides (Han, 2018), the respective 
purity must always be transparently described within the context of an 
investigation. Here, two widely used analytical standards are additionally 
employed for a classification of the results (Table 3). According to the 
definition in Equation (7), the measured precipitate purity, e.g., in run No. 
27, achieves relative 93 % of beechwood xylan (BWX) and relative 82 % of 
corncob xylan (CCX) without further purification – but the carbohydrate 
composition of the precipitate from autohydrolyzed wheat straw differs 
significantly. The precipitate from wheat straw is more heterogeneous, 
containing less xylose (low XylCH) but more glucose (high Glu/Xyl) and 
arabinose (high Ara/Xyl) compared to beechwood xylan and corncob xylan 
(Table 3).

Notably high Glu/Xyl ratios are observed in the precipitates of run No. 4, 
5 (duplicate) and 16. These precipitation conditions (DM = 20 to 27 %, 
EtOH = 54 to 61 %, and T = 40 to 52 ◦C) do not occur in this combination in 
any other experiment and result in a relatively low Y of 7 to 10 %, low 
xylose content (XylPre and XylCH) and high glucose (Glu/Xyl) content. One 
possible explanation is that under these conditions, high molecular weight 
carbohydrates (composed of xylose and mainly glucose) are preferentially 
precipitated, while the lower molecular weight, highly substituted carbo
hydrates of higher solubility, primarily releasing xylose, do not precipitate 
as readily. A high degree of polymerization for the glucose-containing 
carbohydrates was already confirmed in the reference study (Parsin and 
Kaltschmitt, 2023). A relevant portion of the detected glucose signal may 
actually originate from glucuronic acid (i.e., a hemicellulose component, 
not cellulose-based glucan) (Pronyk and Mazza, 2012) which is typically 
found in wheat straw and may co-elute with glucose under the analytical 
conditions described in section 2.3.2 (Lai et al., 2016).

The purity definition according to Equation (7) includes only the 
main sugars (glucose, xylose, and arabinose) and their direct degrada
tion products covered by the analytical procedure described in section 
2.3.3. Further sugars (e.g., galactose, mannose) and organic acids 
(Pronyk and Mazza, 2012) occur in small amounts in wheat straw 
hemicellulose but are not covered by the purity definition in Equation 
(7). Besides the identified carbohydrates, other constituents present in 
the precipitate with a purity (P) of over 70 % include the following. 

Inorganic components (3 to 12 % w/w; strongly depending on the 
precipitation yield).
Ethanol-extractable components (5 to 7 % w/w).
Non-ethanol-extractable organic components (not determined).
Free and bound water (4 to 13 % w/w; depending on storage time 
and composition).

Not all components can be fully accounted for with the analytical 
methods used (i.e., analytical losses must be considered). For example, 
the supplier specifies a content of > 95 % xylooligosaccharides for 
corncob xylan; however, even considering glucose a purity of ca. 88 % is 
observed here (Table 3). Harsh reaction conditions during analytical 
hydrolysis can promote the degradation to volatile components like 

furfural and acetic acid, increasing the losses (Parsin and Kaltschmitt, 
2025).

Solubilized lignin occurs in the hydrolysate / concentrate mainly in the 
form of dissolved phenolic components (Parsin and Kaltschmitt, 2023). The 
insoluble lignin particles are already separated from the hydrolysate during 
vacuum filtration after autohydrolysis (section 2.2.1). The soluble phenolic 
components also precipitate out in part and typically account for 2 to 6 % w/ 
w of the raw precipitate. They presumably form less soluble complexes with 
inorganic substances and polysaccharides and precipitate out in bound 
form. This hypothesis is also supported by the fact that a major part of 
phenolic compounds can be extracted from the precipitate in one step with 
e.g., ethanol, acetone or propanol. Thus, the soluble phenolic components 
are usually not covalently bound to the xylans and make up the majority of 
the ethanol-extractable components in the raw precipitate. However, a 
small proportion of the phenolic components is not extractable and is pre
sumably covalently bound to the carbohydrates. Such compounds account 
for less than 0.5 % w/w of the precipitate dry mass.

Inorganic substances can accumulate in the precipitate, as evidenced 
by their high proportion in the precipitate compared to the hydrolysate 
dry mass (i.e., 2 to 4 % w/w of the hydrolysate dry mass and 3 to 12 % 
w/w of the precipitate dry mass) (Parsin and Kaltschmitt, 2025). In 
samples with a relatively high precipitation yield and high precipitate 
purity (e.g., runs 6, 29, and 30 in Table 2), inorganics account for be
tween 4 and 5 % w/w of the raw precipitate. Inorganics in the 
concentrate can form poorly soluble complexes with organic compounds 
(e.g., phenolic compounds) (Liu et al., 2010). Therefore, raw material 
preparation and autohydrolysis should aim for a low inorganics content 
in the hydrolysate dry mass. Previous studies have investigated the 
release of inorganics during steam-based autohydrolysis and identified a 
systematic approach that can be used to improve hydrolysate pre
conditions for precipitation (Parsin and Kaltschmitt, 2025).

The precipitate was deliberately not purified to directly assess the 
impact of precipitation conditions on Y and P. A subsequent precipitate 
extraction with, e.g., (absolute) ethanol would further increase P by 
removing nonpolar and extractable components. These may have pre
viously precipitated as complexes or due to solubility influencing con
ditions (e.g., concentration, ionic strength, pH value) (Hu and Goff, 
2018), but can obviously be extracted from the dry precipitate with 
organic solvents.

With respect to water content, the precipitate is highly hygroscopic, 
unlike the standards the samples adsorb water over time. The subse
quently measured water content of the samples in Table 3 varied be
tween 4 and 13 % depending most likely on both storage duration and 
composition. An increased water content likely does not pose a problem 
for most applications; however, it falsifies the calculated P according to 
Equation (7) downward, as the proportion of carbohydrates (mCH) in the 
precipitate dry mass (mPre) decreases.

3.5. Model verification

For model verification, predictions from Fig. 4A were validated 
through independently conducted experiments. The highest empirically 
determined precipitate purity so far is 71.8 % (Table 3). However, the 
regression model suggests potentially higher P values at the local opti
mum (section 3.4). The precipitation temperature (T) of 4 ◦C was kept 
constant as it allows for good comparability with other polysaccharides 
(Xu et al., 2014). These conditions are well reproducible in the lab and 
are often used as reference conditions (Hu and Goff, 2018). For model 
verification, three random points with high purity (P) were selected 
(Fig. 4B). Model predictions for the corresponding precipitation yield 
(Y) were also verified under specified conditions (Fig. 4A).

Table 5 sums up the regression model verification results for the 
given precipitation parameters concentrate dry mass (DM), ethanol 
fraction (EtOH) and precipitation temperature (T).
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The small relative deviations for the empirically determined values 
of Y and P indicate that the models are robust. This confirms that 
Equations (9) and (10) can be used for predictions at least within the 
investigated range.

The verification results can be assessed in the context of statistical 
evaluation. In Table 4, a higher pred. R2 value is derived for the Y model 
than for the P model. This cannot be confirmed by the results in Table 5. 
The higher deviations for Y may be attributed to verification experi
ments being conducted with different batches of concentrate and 
ethanol (i.e., deviations in DM are possible).

Overall, the results demonstrate that the data support the high model 
fit stated in section 3.2. Thus, the results can be used, e.g., for precise 
predictions for optimization purposes (Siebertz et al., 2010). This is 
evident from the low relative deviations in Table 5 as well as from the 
independent and separate analytical measurement chains for deter
mining Y and P (section 2.2.3). Moreover, the verification conditions are 
at the edge of the investigation range (i.e., T = 4 ◦C and EtOH ≥ 65 %), 
where the standard error of the experimental design is typically largest 
(further results in the supplementary data).

3.6. Parameter optimization

Previous results indicate that the experimental design allows for the 
deduction of highly significant models for the response variables pre
cipitation yield (Y) and precipitate purity (P). The investigated approach 
also enables empirically relatively high Y values (section 3.3) along with 
comparatively high P values (section 3.4). The model verification 
further confirmed the high reliability of the results and identified a local 

optimum for P. Therefore, the regression models can also be used for 
parameter optimization.

For parameter optimization, a desirability function D = h (DM, EtOH, 
T) can be applied. This allows for the optimization of either one or both 
response variables with individually defined weighting. Within such a 
numerical optimization, only values covered by regression models can 
be considered, based on their mathematically mapped relationships. The 
results of such a multi-objective parameter optimization are shown in 
Fig. 5, where both response variables (Y and P) are equally weighted. 
The results for an exemplary single-objective optimization are shown in 
Table 6.

The desirability function (D) in Fig. 5 illustrates how the three input 
parameters (DM, EtOH, T) can be adjusted to maximize both response 
variables (Y and P) equally weighted within the investigated range. The 
parameters dry mass content (DM) and precipitation temperature (T) 
exhibit a linear influence on Y, whereas the ethanol fraction (EtOH) has 
an exponential effect. In contrast, only T has an approximately linear 
influence on P, while the relationships with DM and EtOH, as discussed 
in section 3.4, can only be described by higher-order functions. All three 
parameters partially exhibit qualitatively opposing effects on the 
response variables (i.e., for DM above 35 % and EtOH above 60 %), 
which will inevitably result in a trade-off. Within the investigated range, 
the desirability function reaches its maximum at D (DM = 40 %, EtOH =
69 %, T = 4 ◦C), with an optimal value of 94 % for equally weighted 
optimization.

The results of the individual desirability functions for precipitation 
yield DY = dY (Y) and precipitate purity DP = dP (P) are listed in Table 6. 
As already suggested in Fig. 2A, the function value of dY (Y) reaches a 

Fig. 4. Contour plots of the precipitation yield (A) and the precipitate purity (B) with indicated values for model verification. The response variables dry mass yield 
(Y) and precipitate purity (P) are plotted as a function of the dry mass (DM) in the concentrate and the ethanol fraction (EtOH) at T = 4 ◦C.

Table 5 
Input parameters (DM, EtOH, T) and response values of the model verification. The values for purity and yield predicted by the regression models (Pred. P and Pred. Y) 
and those determined independently (n = 3) by experiment (Exp. P and Exp. Y) are tabulated. The relative deviation (Rel. deviation) of the experimental values from 
the predicted values (basis) is an additional information.

Parameter DM EtOH T Pred. Y Exp. Y Rel. deviation Pred. P Exp. P Rel. deviation

Unit % % ◦C % % % % % %
Verification 1 30 70 4 57.1 52.6 ± 0.3 7.7 74.3 74.2 ± 0.3 0.2
Verification 2 32 65 4 48.4 48.8 ± 2.1 0.8 75.3 73.8 ± 0.4 2.0
Verification 3 38 65 4 56.1 58.5 ± 0.6 4.3 73.1 73.6 ± 0.5 0.8
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maximum of 98.4 % at DY (DM = 40 %, EtOH = 70 %, T = 4 ◦C). The 
experimentally determined Y of 73.8 % (Table 3) under these conditions 
is even higher than the model prediction of 72.7 %. In contrast, the 
maximum value of the purity desirability function dP (P) is achieved at 
100 % for DP (DM = 29.9 %, EtOH = 62.2 %, T = 7.3 ◦C) due to the 
interactions discussed in section 3.4.

Fig. 5 illustrates that, in general, a high DM, a high EtOH and a low T 
are favorable when aiming to maximize both response variables (Y and 
P) simultaneously. Capturing the interactions of influencing parameters 
and precipitation results through multi-objective optimization, partic
ularly after autohydrolysis, can contribute significantly to their 
comprehension and application.

4. Potential applications

The practical feasibility of a precipitation step must be assessed 
within the context of the associated raw material utilization strategy. 
For the most efficient integration of the precipitation step into a bio
refinery concept, the precipitation parameters must be evaluated and 
optimized not in isolation but as part of the process cascade. The 
investigated biorefinery concept is based on a hemicellulose-first 
approach with a saturated steam autohydrolysis as the initial lignocel
lulose fractionation step (Parsin and Kaltschmitt, 2025).

The respective parameter optimization in section 3.6 is performed 
numerically based on regression models; i.e., it does not account for the 
necessary process-related efforts. The precipitation conditions derived 
from numerical optimization may not necessarily be practical for the 
application within a biorefinery. For instance, cooling the entire hy
drolysate to 4 ◦C immediately after autohydrolysis at 180 ◦C or evapo
ration at 50 ◦C could require significant energy input. This is particularly 
disadvantageous if the supernatant of the precipitation must then be 
reheated again for solvent recovery via distillation. Instead, synergies 
within the process sequence should be leveraged and a custom solution 
for the optimization problem need to be found as a target-specific 
parameter combination (Xu et al., 2014); i.e., the study outlined can 
only provide a transferable basis and methodology for such an approach.

While Fig. 5 illustrates the relationships between input and response 
parameters through regression models,

Fig. 6 shows the precipitation conditions under which both high 
precipitation yields (Y) and high precipitate purity (P) were empirically 
achieved. The results indicate that high ethanol fractions (EtOH over 60 

Fig. 5. Multi-objective optimization results. Influence of the actual input variables dry mass content (DM), ethanol fraction (EtOH) and precipitation temperature (T) 
on the modeled precipitation yield (Y) and precipitate purity (P) as well as the desirability function (D). The blue band represents the 95 % confidence interval, 
indicating the uncertainty of the model for Y and P predictions. The desirability function (D) was derived under the constraint of maximizing both Y and P (equally 
weighted). The cross marks the conditions of numerically optimized desirability, which reaches its maximum functional value of 94 % at Dmax (DM = 40 %, EtOH =
69.3 %, T = 4 ◦C).

Table 6 
Single-objective optimization results. Desirability and the (actual) input vari
ables dry mass content (DM), ethanol fraction (EtOH) and precipitation tem
perature (T) are given for optimized precipitation yield (Y) and precipitate 
purity (P). The desirability function was calculated under the constraint of 
maximizing the respective response variable (Y or P) according to defined 
weighting (0 or 100 %).

Weighting (%) Results (%) Desirability DM EtOH T

Yield 
(Y)

Purity 
(P)

Yield 
(Y)

Purity 
(P)

(%) (%) (%) (◦C)

100 0 72.7 69.4 98.4 40 70 4
0 100 37.4 74.9 100.0 29.9 62.2 7.3
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% w/w) are necessary to achieve high P ≥ 60 % and Y ≥ 35 %. How
ever, high P can also be attained with lower EtOH levels (≥ 40 % w/w) if 
the precipitation temperature (T) is not too high and the dry mass 
content (DM) is appropriately adjusted. In process design, the focus (i.e., 
greater weighting) should be on Y, as further separation of carbohy
drates from the concentrate is only feasible through resource-intensive 
options, such as multi-stage precipitation involving significant process 
and energy effort (Peng et al., 2010; Vegas et al., 2005). Considering the 
constantly high P values (Fig. 6), a maximization of Y may be more 
effective for application in biorefineries. Especially for the applied 
simple autohydrolysis process approach, this can be expedient since the 
carbohydrates are a priori water-soluble and can be used in further pu
rification and conversion steps (e.g., enzymatic or chemical) after pre
cipitation. Therefore, if hemicellulose polysaccharides are to be 
separated after an autohydrolysis reaction, it is more effective in terms 
of auxiliary material consumption to separate them early in the process 
cascade and as completely as possible. The solid intermediate can then 
be used in concentrated form (with maximum solids loading) in an in
dividual purification strategy for the applications, i.e., large and diluted 
streams no longer need to be processed.

The results of the multi-objective optimization in Fig. 5 highlight 
important relationships for potential applications within the investi
gated range. However, the dry mass content (DM) of the concentrate can 
be further increased with relatively little effort compared to further 
intensification via EtOH and T. For systematic investigation, the 
maximum DM value was set at 40 % (Table 1) based on preliminary 
tests showing that at higher DM levels spontaneous precipitation likely 
due to solution super saturation occurred without ethanol addition. 
Increasing the DM to 50 % or higher is technically feasible and might 
even offer significant synergies (Parsin et al., 2025). This adjustment 
could reduce the amount of solvent (here ethanol) used while achieving 
similar results for Y leading to further removal of impurities to enhance 
P. An increase in DM can be achieved, e.g., mechanically via membrane 
processes in combination with multi-effect evaporators; such options 
have already been investigated and modeled for the reference concept 
and show great potential for savings in the energy required in the 
hemicellulose-first concept (Parsin et al., 2025). Applying the derived 
relationships in section 3.3 and 3.4 and higher dry mass contents in 
biorefineries may therefore significantly reduce the energy re
quirements for precipitation (i.e., for cooling and ethanol recovery). 
However, a suitable operating point should be derived from energy and 

mass balances in order to take into account the trade-off between the 
additional efforts required to achieve a high dry mass content and the 
potential savings.

Fig. 5 indicates that for DM values above ca. 28 %, the impact on the 
two response variables Y and P, is opposite; both variables cannot be 
maximized simultaneously by altering DM. However, the response 
parameter P is considerably less pronounced to changes in DM or T (i.e., 
lower slope of the function) than the response parameter Y. Considering 
the normalized and quantified effects of the input variables in the coded 
range shown in Table 4, it becomes evident that the linear regression 
coefficients cA show a monotonic influence on both response variables 
(Y and P). Therefore, a change in the input variable DM results in a larger 
absolute change of the Y function compared to the linear range of the P 
function (Table 4). This implies that using a concentrate with higher DM 
significantly increases Y without substantially reducing P. This differ
ence can potentially be used to increase Y in the precipitation step, as 
further purification steps may be necessary anyway, depending on the 
application of the precipitate. The functions Y = f (DM, EtOH, T) and P =
g (DM, EtOH, T) in Equations (9) and (10) provide a framework to es
timate Y and P under comparable conditions. These relationships have 
so far proved robust and should apply again at higher DM once the super 
saturated conditions have been overcome.

To achieve high Y with simultaneous high P in carbohydrate pre
cipitation following autohydrolysis of lignocellulose (such as wheat 
straw), as shown in Table 3, it is crucial to focus on raw material 
preparation and the autohydrolysis process itself. Both values can only 
be increased simultaneously if the hemicellulose hydrolysate already 
consists primarily of the target fraction (in this case, arabinoxylan; 
Table 2) and contains as few impurities as possible. The subsequent 
hydrolysate processing should aim to further reduce impurities with 
minimal effort and increase the proportion of the target fraction in the 
concentrate (Fig. 1). Key steps include the following. 

• Removal of selected inorganic and organic components (e.g., dust, 
particles, proteins, secondary plant substances, phenolic compo
nents) during feedstock preparation.

• Optimization of autohydrolysis for the target fraction (i.e., maxi
mizing the solubilization of arabinoxylan while minimizing solubi
lization of other biomass components).

• Removal of impurities produced during autohydrolysis and enrich
ment of the target fraction.

Fig. 6. Response values over input parameters. A) Precipitation yield (Y) in relation to the concentrate dry mass (w/w) and the precipitate purity (P) over applied 
ethanol fraction (EtOH). The varying temperature (T) is shown in color, the size of the circles correlates with the dry mass content (DM) of the samples during 
precipitation. B) Plot of the two response variables (Y, P) over the precipitation temperature (T). Here, the dry mass content (DM) of the samples correlates with the 
size of the circles and the ethanol content (EtOH) is shown in color.
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Considering the comparatively low specific energy demand of raw 
material preparation and mild saturated steam autohydrolysis, a com
bination with membrane processes for hydrolysate treatment can reduce 
impurities and simultaneously enrich the carbohydrates offering syn
ergies for a subsequent precipitation (Parsin et al., 2025). Given the 
relatively high carbohydrate content of the precipitate (Table 3), even 
without significant purification steps, such a concept is promising in 
terms of providing water-soluble xylans for conversion into high-value 
products (e.g., pure xylooligosaccharides (Yegin, 2023), pentosan pol
ysulfate (Alekseeva et al., 2020)). Including precipitation, the main 
disadvantages of an autohydrolysis concept in this context, namely 
contamination of xylans by inhibitors such as phenols, furfural and 
hydroxymethylfurfural, complex product purification, and noxious 
auxiliaries, can be avoided (Amorim et al., 2019).

5. Conclusion

This study aimed at intensifying xylan precipitation from hemicel
lulose derived via saturated steam autohydrolysis of wheat straw. Highly 
significant regression models demonstrated clear, mathematically 
describable relationships between process parameters and precipitation 
outcomes. A focused analysis of interactions among process parameters 
revealed substantial potential for process intensification. While high 
feed solution dry mass content and low precipitation temperatures 
contribute significantly, ethanol fraction exerts the most substantial 
influence on precipitation yield and precipitate purity. Notably, without 
further purification, the carbohydrate content of the precipitated wheat 
straw xylan approaches the purity levels of commercial laboratory xylan 
standards. Nevertheless, the precipitate differs in composition, exhibit
ing, for instance, a markedly elevated glucose content. An optimized 
hemicellulose-first process design enables achieving these high carbo
hydrate contents in the precipitate along with very high yields. These 
findings indicate that while increased dry mass content effectively drives 
yield, an optimized balance with ethanol fraction and precipitation 
temperature provides a viable strategy for process integration in bio
refineries. Future research should assess the applicability of these 
derived correlations to other crop residues.

Using wheat straw xylan as an example, this study illustrates how 
systematic optimization elucidates precipitation correlations, thereby 
enhancing efficiency while reducing raw material demand and process 
effort. These results are currently constrained to the experimental con
ditions investigated. Confirmation of these outcomes in continuous and 
integrated process concepts could significantly advance overcoming key 
hurdles to the economic viability of next-generation biorefineries. 
Despite inherent challenges in scaling laboratory findings to industrial 
applications, this study advances fundamental understanding of carbo
hydrate precipitation and provides a robust framework for its applica
tion in biorefineries.
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