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Predicting Lignin Removal from Bark-inclusive Mixed-
species Wood Chips via Ensemble Machine Learning

Hyeon Cheol Kim “*/, Si Young Ha "*', and Jae-Kyung Yang "* *

This study investigated the prediction of lignin removal from mixed-species
wood chips (oak and pine) containing bark. A two-stage pretreatment
consisting of steam explosion (SE) and alkaline (NaOH) treatment was
employed, and a dataset was constructed by systematically varying
severity factors, bark inclusion, chemical concentration, and pretreatment
time. Four predictive models—Random Forest (RF), Extra Trees (ET),
Extreme Gradient Boosting (XGBoost), and polynomial regression (PR)—
were developed and evaluated using five repeated random 80:20 sample-
level splits. XGBoost showed the highest mean test R? (0.9848), the lowest
mean test RMSE (0.2984), and the highest mean cross-validation R?
(0.9361), significantly outperforming conventional polynomial regression
(R? = 0.5145). SHAP analysis identified NaOH concentration as the most
influential predictor, followed by severity factor and bark inclusion. Finally,
a web-based graphical user interface (GUI) was developed using Streamlit
to provide real-time lignin removal predictions. These results showed that
ensemble machine learning, particularly XGBoost, can effectively optimize
pretreatment processes for heterogeneous biomass feedstocks in
industrial biorefinery applications. These results support the use of
ensemble machine learning for this heterogeneous feedstock, while
indicating sensitivity to the sample-level partition and the need for future
condition-level validation.
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INTRODUCTION

Lignocellulosic biomass, particularly wood biomass, has been recognized as one
of the most promising renewable feedstocks for the production of biofuels and
biochemicals, owing to its carbon-neutral characteristics, wide availability, and high
carbohydrate content (Jung and Yang 2018; Okolie et al. 2021; Inyang et al. 2022). Wood
biomass is primarily composed of cellulose, hemicellulose, and lignin, of which cellulose
and hemicellulose — accounting for approximately 60 to 70% of the dry biomass weight
— are utilized as the principal substrates for fermentable sugar production (Wozniak et al.
2025). However, lignin, a complex aromatic polymer tightly interwoven with the
carbohydrate matrix, is considered a major structural barrier to all downstream conversion
processes, as carbohydrate accessibility is reduced and hydrolytic catalysts are inhibited by
its presence (Djajadi et al. 2018; Zhao et al. 2026).
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Efficient lignin removal is therefore regarded as a critical, though not by itself
sufficient, prerequisite for improving the conversion efficiency of lignocellulosic biomass;
downstream saccharification efficiency additionally depends on residual lignin chemistry
and distribution, cellulose accessibility, residual alkali content, and extractive composition
(Chakraborty et al. 2024; Chen et al. 2024; Liu et al. 2025). Lignin is removed from
lignocellulosic biomass through a variety of pretreatment methods (Mankar et al. 2021).
These pretreatment methods are broadly categorized into physical pretreatments (e.g., ball
milling, sonication), chemical pretreatments (e.g., alkaline, acid), and physicochemical
pretreatments (e.g., steam explosion) (Brodeur ef al. 2011; Karimi et al. 2013).

Among these, steam explosion (SE) has been widely employed as an effective
physicochemical pretreatment, for bioenergy and biorefinery applications (rather than for
papermaking pulp production) in which the lignocellulosic matrix is disrupted by
thermomechanical forces, hemicellulose is primarily solubilized, and lignin structure is
modified to increase carbohydrate accessibility for subsequent enzymatic or chemical
treatment (Auxenfans et al. 2017; Ha et al. 2024Db).

However, lignin removal achieved by SE alone is limited, and an additional post-
treatment step is therefore required to improve overall lignin removal rate (Tomas-Pejo et
al. 2008). Alkaline treatment can selectively solubilize structurally weakened lignin
through saponification of lignin—carbohydrate ester linkages (Takahashi and Koshijima
1988; Yang et al. 2002). In this study, NaOH post-treatment was performed under
atmospheric-pressure, room-temperature conditions, avoiding the need for a second
pressure vessel beyond the steam explosion stage. This mild, non-pressurized step may
offer capital-cost and operational-safety advantages for smaller-scale or retrofit biorefinery
operations (Cara ef al. 2006; Min et al. 2014). Its selective-delignification concept also
parallels recently reported low-dosage, solvent-assisted deconstruction strategies for
heterogeneous lignocellulosic feedstocks (Zhang et al. 2025).

Extensive research has been conducted on two-stage pretreatment combining
steam explosion and chemical treatment, yet the overwhelming majority of studies still use
single-species, debarked wood under controlled laboratory conditions (Matsakas et al.
2018; Steinbach et al. 2020). Extensive research has been conducted on two-stage
pretreatment combining steam explosion and chemical treatment, yet most studies use
single-species, debarked wood under controlled laboratory conditions (Matsakas et al.
2018; Steinbach et al. 2020). This study does not target conventional kraft or chemical
pulping for papermaking, where hardwood and softwood are generally separated to
optimize cooking conditions. Instead, it addresses smaller-scale bioenergy and biorefinery
operations, for which dedicated species-sorting and debarking infrastructure may not be
economically justified. Mixed-species chips containing bark can therefore represent a
commercially relevant feedstock for such operations (Belbo and Talbot 2014; Nurek ez al.
2019; Horhammer et al. 2018). Bark constitutes approximately 10 to 20% of stem dry mass
and has higher lignin and extractive contents than inner wood, increasing resistance to
alkaline lignin removal (Dossa et al. 2016; Rosdiana ef al. 2017; Kusiak et al. 2022; Xue
et al. 2024). In our previous work, lignin removal was studied for bark-inclusive oak and
pine feedstocks separately (Ha et al. 2024a; Ha et al. 2025). To the best of our knowledge,
systematic modeling of lignin removal from bark-inclusive mixed-species wood feedstocks
remains limited.

Under heterogeneous feedstock conditions, the relationship between SE severity
factor, bark inclusion, NaOH concentration, treatment time, and lignin removal is nonlinear
and multivariate (Kim et al. 2025). The dataset combines continuous variables with a
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binary-coded bark variable, producing an interaction-dependent response surface that is
difficult to represent using a conventional polynomial form (Lopez et al. 2020). Machine
learning provides an approach capable of capturing interactions among nonlinear,
multivariate variables and predicting their combined effect on the outcome (Zhong et al.
2025). Random Forest (RF), Extra Trees (ET), and Extreme Gradient Boosting (XGBoost)
use decision-tree computational structures to partition the feature space. The term “tree” as
used in our research (e.g., decision tree, Extra Trees, etc.) refers to a decision tree; it has
no relation to feedstock. These ensemble methods have shown strong predictive
performance for structured nonlinear biomass datasets (Geurts et al. 2006; David et al.
2025). However, their applicability to lignin-removal prediction for bark-inclusive mixed-
species wood chips has not been established.

In this study, a dataset was constructed from steam explosion and alkaline
pretreatment experiments using mixed-species oak (Quercus spp.)—pine (Pinus spp.) wood
chips. The experiments were conducted under systematically varied conditions, including
severity factors, bark inclusion, NaOH concentration, and pretreatment time. Four
predictive models, including RF, ET, XGBoost, and polynomial regression, were
developed and evaluated using R%, RMSE, and MAE. SHAP analysis was subsequently
applied to examine the contribution and interaction of the process variables. This model-
specific interpretation was aligned with the updated optimum model, whereas the repeated-
split analysis was used to compare the robustness of all four models to changes in the train-
test partition. The main contribution of this study consists of three related aspects: the use
of a bark-inclusive mixed-species oak—pine feedstock, the application of two-stage SE—
NaOH pretreatment to this heterogeneous material, and the development of an ensemble
machine-learning framework with SHAP interpretation for lignin-removal prediction. To
the best of our knowledge, these aspects have not previously been investigated
quantitatively in combination. The Streamlit GUI was developed as a supporting tool for
applying the trained model and is not presented as a separate core contribution.

EXPERIMENTAL

Wood Chips

Wood chips were purchased from Punglim Co., Ltd., located in Daejeon, Republic
of Korea; the chips were not sorted, debarked, or otherwise prepared to papermaking-pulp
specifications, consistent with the bioenergy/biorefinery feedstock scenario addressed in
this study. Wood chips composed of domestic oak (Quercus spp.) and pine (Pinus spp.)
were prepared at a chip size of approximately 3 cm (W) x 3 ¢cm (L) x 0.5 cm (H). Bark
accounted for approximately 10% of the chip volume. The two species were mixed ata 1:1
weight ratio and homogenized manually in a large steel basin prior to being transferred to
polyethylene storage bags. Both bark-inclusive and bark-removed preparations were stored
in a dark, well-ventilated area until the initiation of experiments. The average initial
moisture content of the mixed-species chips was 35.0 = 0.59% on a wet weight basis, as
determined prior to steam explosion treatment.

Steam Explosion Treatment

The wood chip samples were used for steam explosion treatment without prior
drying and the average initial moisture content was 35.0 + 0.59% on a wet weight basis.
Steam explosion was performed at a pilot scale (Yurim Hi-Tech Co., Ltd., Daegu, Republic
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of Korea). The retention time was counted from the point at which steam was introduced
into the reactor. Steam explosion treatment was conducted at 225 °C with varying retention
times. The Severity Factor (Ro) was calculated using Eq. 1, with temperature and retention
time as variables,

T,—T
Ry = log {t " exp (14.753)} (1)
where 7 is the retention time (min), 7, is the retention temperature (°C), and 75 is the base
temperature (100 °C). The results are presented in Table 1. Steam explosion-treated

samples were sealed in polypropylene bags and stored in a refrigerator at 4 °C until the
initiation of experiments.

Table 1. Steam Explosion Condition by Severity Factor Modeling

No. Severity Factor (Ro) Retention Temperature (°C) Retention Time (min)
1 4.25 225 1
2 4.73 225 3
3 4.95 225 5

Alkaline Post-treatment

Lignin was removed from the steam-exploded samples using a sodium hydroxide
(NaOH) solution. Aqueous NaOH solutions at concentrations of 0.5%, 1%, and 2% (w/v)
were prepared using distilled water. The steam-exploded samples and NaOH solution were
mixed at a ratio of 1:20 (w/v) in 300 mL Erlenmeyer flasks and sealed with aluminum foil.
The mixtures were allowed to react statically at room temperature for 12 h and 24 h, away
from direct sunlight. After the pretreatment, the samples were filtered by gravity filtration
using filter paper (Whatman No. 2). The filter residues were washed with distilled water
while monitoring the pH with pH paper (AdvanTec, Japan) until a neutral pH of 7 was
achieved. The neutralized samples were sealed in polypropylene bags and stored in a
refrigerator at 4 °C until further use.

Klason Lignin Content Determination

To determine the lignin content of steam-exploded (SE) and steam-exploded
alkaline-pretreated (SEA) samples, the procedure described in ASTM D1106-56 was
performed with slight modifications. Briefly, 0.3 g of sample and 3 mL of 72% sulfuric
acid (H2SOa4) solution were added to a glass vial. The mixture was stirred with a glass rod,
sealed with aluminum foil, and reacted in a water bath at 30 °C for 60 min. After the
reaction, 84 mL of distilled water was added, and the vial was sealed with aluminum foil
and autoclaved at 121 °C for 60 min. After completion of the reaction, the mixture was
filtered through a 2G3 glass filter, and the weight of the residue was measured to determine
the Klason lignin content. The lignin removal (%) was calculated using Eq. 2,
Lignin Removal (%) = % x 100 (2)

0

where W, is the Klason lignin mass (g) of the steam-exploded sample prior to alkaline post-
treatment, and W; is the Klason lignin mass (g) of the steam-exploded and alkaline post-
treated sample. Both values were determined relative to the same initial dry sample mass
basis. We note that this metric reflects lignin removal specifically and does not constitute
a full mass balance; solid recovery, carbohydrate retention, ash/extractive contribution, and

lignin relocation during steam explosion were not independently quantified in this study.
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Statistical Analysis and Spearman Correlation Matrix

A statistical analysis was performed on the dataset to determine the range of the
target variable and to identify the presence of significant outliers. Based on the data
distribution obtained from the statistical analysis, an appropriate correlation method was
selected. The Spearman correlation matrix is sufficiently applicable to complex datasets
exhibiting highly nonlinear or non-normal distributions (Xiao et al. 2016). Accordingly,
Spearman correlation analysis was conducted using the four input variables of the model.
Prior to the correlation analysis, the bark binary variable was retained as a binary-coded
categorical variable (0 = without bark, 1 = with bark), and all continuous variables were
used in their original units without normalization. Spearman correlation was performed on
condition-averaged data (n = 36) to preserve the statistical independence of observations.

Prediction of Lignin Removal
Machine Learning Algorithm

To benchmark the predictive performance of lignin removal through alkaline
pretreatment following steam explosion, three machine learning algorithms and a
polynomial regression model were compared. Random Forest (RF) constructs an ensemble
of decision trees based on bootstrap samples and averages the outputs to capture complex
interactions within the data (Biau and Scornet 2016). Extreme Gradient Boosting
(XGBoost) employs gradient boosting with regularization and parallel computing,
achieving high predictive accuracy on structured data while effectively handling missing
values (Gao et al. 2022). Extra Trees (ET) generates extremely randomized trees and
computes piecewise multilinear approximations to improve predictive accuracy and
mitigate overfitting (Geurts et al. 2006). Polynomial regression (PR) was selected as a
baseline model representing a conventional prediction approach, against which the
performance of the machine learning models was assessed (Ostertagova 2012). This
diverse set of algorithms provides a comprehensive evaluation of modeling strategies for
pretreatment system design.

Configuration and Optimization of Machine Learning Models

Three machine learning models and a ridge-regularized polynomial regression
model were developed using process variables to predict the lignin removal in steam
explosion and alkaline pretreatment systems. The severity factor, bark binary (coding the
presence of bark as a binary variable), pretreatment time, and chemical concentration were
used as training features. Using these features, four models were constructed: PR, RF, ET
and XGBoost. The RR, RF, and ET models were implemented using the scikit-learn
library, while XGBoost was implemented using its dedicated optimized library (Pedregosa
et al. 2011). Model development followed a structured and reproducible workflow.

The dataset was randomly split at the sample (replicate) level into training and test
subsets at a ratio of 80:20, respectively. Because the split was performed at the sample
level, replicate measurements from the same experimental condition could be included in
both subsets. The training data were used exclusively for model construction and
hyperparameter tuning, whereas the test data were withheld from training and reserved
solely for the final evaluation of predictive performance on the held-out samples.
Accordingly, this evaluation reflects model performance for sample-level observations
drawn from the experimental conditions represented in the dataset rather than
generalization to entirely unseen experimental conditions.
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Hyperparameter optimization was performed on the training set using a grid search
algorithm in conjunction with 5-fold cross-validation (Alibrahim and Ludwig 2021).
Predefined combinations of candidate hyperparameters were systematically evaluated, and
the combination yielding the highest mean cross-validation performance was selected for
each model. The hyperparameter search space for each model is presented in Table 2.

Table 2. Hyperparameter Search Space and Optimal Values Identified via
GridSearchCV for Each Model

Model Hyperparameter Search grid Optimal value

RE* n_estimators [50, 100, 200] 200
max_depth [None, 5, 10, 20] None
min_samples_split [2, 5] 2

ET* n_estimators [50, 100, 200] 50
max_depth [None, 5, 10, 20] None
min_samples_split [2, 5] 2

XGBoost* n_estimators [50, 100, 200] 200
max_depth [3,5 7] 3
learning_rate [0.01, 0.1, 0.2] 0.2

PR (Ridge)* poly degree [2, 3] 3
model _alpha [0.1,1.0,10.0,100.0] | 1.0

* RF: Random Forest

* ET: Extra Trees

* XGBoost: Extreme Gradient Boosting

* PR: Ridge-regularized Polynomial Regression

Model Evaluation

The predictive performance of all models was evaluated using the coefficient of
determination (R?), Root Mean Square Error (RMSE), and Mean Absolute Error (MAE),
as defined in Egs. 3, 4, and 5, respectively (Varoquaux and Colliot 2023),

Y =92
R?=1-%&2&=1—" " 3
Zi:l(yi_y)z ( )
1 ~
RMSE = |23 (3= 902 4)
1 A~
MAE=; rlyi—9i Q)

where y;is the observed value, y;is the predicted value, yis the mean of the observed
values, and nis the number of samples.

Model Interpretation

To interpret the predictive model and evaluate the contribution of each input
variable to the lignin removal, SHapley Additive exPlanations (SHAP) analysis was
performed on the best-performing model (Albini ef al. 2022). SHAP values were calculated
using the shap library in Python. The results were visualized using a Summary Plot, which
illustrates the distribution and magnitude of SHAP values for each input feature, and a Bar
Plot, which represents the mean absolute SHAP values to quantify the overall feature
importance.

Kim et al. (2026). “Predicting delignification using ML,” BioResources 21(4), 10540-10559. 10545



PEER-REVIEWED ARTICLE bioresources.cnr.ncsu.edu

Graphical User Interface (GUI) Development

A web-based Graphical User Interface (GUI) was developed using the Streamlit
framework in Python to facilitate practical application of the predictive model (Khorasani
et al. 2022). The GUI allows users to input process parameters, including severity factor,
bark binary, pretreatment time, and NaOH concentration, and obtain the predicted lignin
removal percentage in real time. A web-based graphical user interface (GUI) was
developed using Streamlit to facilitate application of interpretation in this manuscript
focuses on machine learning model as the strongest repeated-split model.

RESULTS AND DISCUSSION
Statistical Characteristics and Spearman Correlation Analysis

The statistical characteristics of the dataset and the Spearman correlation
coefficients between the four input variables and the lignin removal are presented in Fig.

1.
i - 1.00
Severity Factor (R;) -
0.75

Bark Binary - 0.000 - 0,50
(p=1.000)

-0.25

Pretreatment Time (h) - 0.000 0.000 -0.00

(0=1.000) (p=1.000)

- -0.25

Chemical Concentration (%) - 0.000 0.000 0.000 - _0.50

(p=1.000) (p=1.000) (p=1.000)

-0.75
Lignin Removal (%) - 0.007 -0.385 0.086 -0.265 I
(p=0.870) (p=0.020) (p=0.020) (p=0.118) -1.00
K@.B\ Q}(@c\ @© (\Q\S\ \@o\
@c}o L& -f‘\@ 6\\0 0“@
‘ Q\Q e 6‘60 06(‘\6 Qg,é‘
,@0 e:}}- c)o(\ {\\(\
< & > N
< (&0
&°

Fig. 1. Spearman correlation analysis between the four input variables (severity factor, bark
inclusion, NaOH concentration, and alkaline treatment time) and lignin removal (%)

Spearman correlation analysis was performed on condition-averaged data (n = 36)
to ensure statistical independence of observations, given that each experimental condition
was conducted in triplicate. A statistically significant correlation was identified between
bark binary and lignin removal percentage (r = —0.390, p = 0.019) among the four input
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variables. This finding suggests that the presence of bark is associated with reduced lignin
removal. This is consistent with the substantially higher lignin content and extractive
compound concentrations characteristic of bark tissue compared with inner wood, which
are known to increase resistance to alkaline lignin removal (Rosdiana et al. 2017; Kusiak
et al. 2022). The remaining three variables — severity factor (r = 0.013, p = 0.940),
pretreatment time (r = 0.086, p = 0.620), and NaOH concentration (r = —0.262, p = 0.123)
— did not exhibit statistically significant monotonic correlations with lignin removal at the
a=0.05 level.

It is noteworthy that the NaOH concentration exhibited a negative correlation with
the lignin removal. This finding appears counterintuitive, given that higher alkali
concentrations are generally expected to enhance lignin removal (Wang et al. 2020; Yang
et al. 2021). However, an analysis of the experimental data demonstrated that lignin
removal percentages under 2% NaOH conditions were lower than those obtained under
0.5% NaOH conditions. This phenomenon is attributed to the combined influence of
feedstock heterogeneity and severity factor interactions. The lignin removal value reported
here is calculated from Klason lignin content alone and, as such, characterizes
delignification specifically rather than overall pretreatment efficiency. A complete
assessment would additionally require solid recovery yield, carbohydrate
(cellulose/hemicellulose) retention, the contribution of ash and extractives to the Klason
residue, and quantification of lignin relocation/redeposition occurring during steam
explosion (Li ef al. 2007; Heikkinen et al. 2014). However, these limitations in the current
scope reflect the inherent complexity underlying lignin removal mechanisms: under high-
severity steam explosion conditions, acid-catalyzed condensation and repolymerization of
lignin fragments (increased C—C linkage formation and B-O-4 cleavage) reduce lignin
solubility in alkali, and at elevated NaOH concentration the condensed lignin fraction may
additionally re-precipitate onto the fiber surface once the system approaches saturation,
partially offsetting the saponification of lignin—carbohydrate ester linkages expected at
higher alkalinity (Wang et al. 2012; Das et al. 2019; Bressi et al. 2023; Song et al. 2026).
This mechanism is consistent with the strong severity factor with NaOH concentration
interaction identified by SHAP. The absence of statistically significant linear correlations
for three of the four input variables does not imply that these variables are unimportant
predictors of lignin removal; rather, the relationships between pretreatment input variables
and lignin removal are governed primarily by complex multivariate interactions that cannot
be adequately captured through univariate statistical approaches. These nonlinear and
multivariate interaction patterns were therefore leveraged as training data for ensemble
machine learning models capable of learning such complex dependencies. Mass-balance-
focused work quantifying solid recovery and carbohydrate retention remains an important
direction for future research on this feedstock.

Comparison of Model Predictive Performance

The predictive performances of ET, RF, XGBoost, and PR were evaluated using
training and test metrics and 5-fold cross-validation. Table 3 reports the mean + standard
deviation across five repeated random 80:20 sample-level splits, whereas Fig. 2 illustrates
predictions from the original split. Although R? is a widely used metric, it is not considered
a sufficient indicator of how well a model fits the data (Onyutha 2020), and therefore
multiple performance metrics were assessed to provide a comprehensive evaluation.
XGBoost achieved the highest mean test R? (0.9848 + 0.0135) and the lowest mean test
RMSE (0.2984 + 0.0893), with a test MAE of 0.2286 + 0.0507. ET achieved a mean test
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R? 0f 0.9533 + 0.0868 and RMSE of 0.3911 + 0.4730, while providing the lowest mean
test MAE of 0.2176 + 0.1875. RF showed test RMSE, MAE, and R? values of 0.7281 +
0.2556,0.4629+0.1381, and 0.9193 + 0.0548, respectively. PR showed substantially lower
test performance (RMSE = 1.5514 + 0.1243, MAE = 1.2215 £ 0.0977, and R? = 0.6548 +
0.1272).

(a) Extra Trees (ET) Plot (b) Random Forest (RF) Plot
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Fig. 2. Comparison of predicted and measured values across train and test sets for ET (a), RF (b),
XGBoost (c), and polynomial (d) models

The repeated cross-validation results showed the same overall separation between
the ensemble models and PR. XGBoost had the highest mean cross-validation R? (0.9361
+ 0.0345), followed by ET (0.8985 + 0.0813), RF (0.8326 + 0.0712), and PR (0.5145 +
0.1347). Although ET remained a strong model and produced the lowest mean test MAE,
its comparatively large test RMSE and R? standard deviations indicate greater sensitivity
to the composition of the training and test subsets. In contrast, XGBoost combined the
highest mean test and cross-validation R? values with lower variability.
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The mean ET test R?> from the repeated analysis (0.9533 + 0.0868) was
characterized by considerable variability. This result indicates that model performance
estimates can be influenced by the selected partition and should not be used alone as
evidence of generalization. The repeated analysis reduces reliance on a single favorable
split, but all partitions were performed at the sample level. Because replicates from the
same experimental condition could occur in both subsets, these results assess robustness to
sample-level partitioning and do not demonstrate performance for completely unseen
experimental conditions.

The repeated results identified XGBoost as the strongest model in terms of mean
test R?, mean test RMSE, and mean cross-validation R?. ET provided very high training
accuracy and the lowest mean test MAE, but its larger test RMSE and R? standard
deviations indicate greater sensitivity to the sample-level partition. XGBoost’s superiority,
attributable to its regularization mechanisms, suggests that under the current dataset size
and feature dimensionality, the bagging-based architecture of ET may be prone to marginal
overfitting, whereas the boosting approach provides more stable generalization capability
(Fatima et al. 2023). Future work should include grouped or leave-one-condition-out
validation to evaluate transfer to experimental conditions not represented during training.

PR coefficients offer exact and globally consistent interpretation, but this
advantage depends on the adequacy of the assumed functional form. The lower mean test
R? of PR in the repeated analysis (0.6548 + 0.1272) indicates limited ability to represent
the nonlinear and interaction-dependent relationships in this dataset. SHAP analysis of the
optimized XGBoost model instead provides local attributions that can be aggregated into
global importance, directional summaries, and pairwise interaction rankings. These
explanations require more care than a single regression coefficient and remain specific to
the fitted XGBoost model. SHAP-based interpretation is therefore complementary to,
rather than directly equivalent to, coefficient-based interpretation.

Table 3. Comparison of RMSE, MAE, R?, and Cross-validation R? for ET, RF,
XGBoost, and Polynomial Regression Models

Model Train Data Test Data Cross
Validation
RMSE MAE R2 RMSE MAE R? R2
ET 0.0947 0.0724 | 0.9986 0.3911 0.2176 | 0.9533 0.8985
+0.0049 | £0.0040 | £0.0001 | +0.4730 | +0.1875 | +0.0868 +0.0813
RF 0.3114 0.1796 | 0.9848 0.7281 0.4629 | 0.9193 0.8326

+0.0313 | +0.0091 | +0.0037 | +0.2556 | +0.1381 | +0.0548 10.0712
XGBoost 0.2166 | 0.1709 | 0.9926 | 0.2984 | 0.2286 | 0.9848 0.9361
+0.0397 | +0.0253 | +0.0026 | +0.0893 | +0.0507 | +0.0135 +0.0345
Polynomial 1.1391 0.8696 | 0.7980 | 1.5514 | 1.2215 | 0.6548 0.5145
+0.0325 | +0.0390 | +0.0299 | £#0.1243 | +0.0977 | +0.1272 +0.1347

Feature Importance Analysis via SHAP

To interpret the predictive behavior of the XGBoost model and quantify the
contribution of each input variable to lignin removal rate prediction, SHAP analysis was
performed. The SHAP bar plot presents the mean absolute SHAP value for each input
variable, providing a quantitative ranking of overall predictive importance (Fig. 4). NaOH
concentration ranked first (mean |[SHAP| = 1.2211), followed by severity factor (Ro;
0.8979), bark binary (0.7337), and pretreatment time (0.3132).
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This ranking confirms that NaOH concentration was the primary determinant of
lignin removal prediction and is consistent with the established role of alkali loading in
disrupting lignin-carbohydrate ester linkages through saponification (Dziekonska-
Kubczak et al. 2018; Puss et al. 2023).

The SHAP summary plot visualizes the direction and magnitude of each variable’s
contribution to lignin removal prediction across all observations (Fig. 3). For NaOH
concentration, lower feature values were generally associated with positive SHAP values,
whereas higher feature values tended to cluster near zero or negative SHAP values. This
asymmetric pattern indicates that reduced alkali loading can promote lignin removal under
the present experimental conditions, whereas elevated NaOH concentrations may produce
condition-dependent inhibitory outcomes. This observation is consistent with the negative
Spearman correlation coefficient identified in the univariate analysis (r = -0.262; Fig. 1)
and suggests that the inhibitory effect of high NaOH concentrations may be attributable to
lignin condensation or repolymerization induced under conditions of excess alkali, which
renders the lignin matrix less susceptible to alkaline solubilization (Mirahmadi et al. 2010;
Wang et al. 2012). The capacity of the XGBoost model to resolve this nonlinear, condition-
dependent relationship represents a meaningful advantage over conventional regression
approaches.

Severity factor (Ro) exhibited a negligible univariate Spearman correlation with
lignin removal (r = 0.013, p = 0.940) yet ranked second in overall predictive importance
(Fig. 4). As shown in Fig. 3, its SHAP value distribution was diffused, with both high and
low feature values scattered across positive and negative SHAP values without a simple
monotonic trend. This finding suggests that severity factor does not independently
determine lignin removal predictions but rather exerts its predictive contribution through
conditional interactions with other variables. Bark binary exhibited a comparatively clear
directional pattern, though its relative predictive contribution was lower than that of NaOH
concentration and severity factor. Pretreatment time received the lowest importance score
and exhibited SHAP values clustered tightly around zero, indicating that within the
experimental range of 12 to 24 h, treatment duration exerted a marginal influence on lignin
removal (Gao et al. 2020).

SHAP Summary — Feature Impact on Lignin Removal (%)

High
Chemical Concentration (%) | l*l na “l n | 1 I R | o
Severity Factor (Ro) (R | (T lii u* 0 0 é
Bark_Binary 0 ‘+hhd- 0 %
Pretreatment_Time (h) u ohifpm &
T T T T T Low
-4 -2 0 2 4

SHAP value (impact on model output)

Fig. 3. SHAP summary plot of input variables' contributions to lignin removal prediction by the ET
model
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SHAP Mean |Value| — Feature Importance

Chemical Concentration (%) 1.2211

Severity Factor (Rg) 0.8979

Bark_Binary 0.7337

Pretreatment_Time (h) | 0.3132

T T T T

0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4
Mean |SHAP value|

Fig. 4. SHAP bar plot of mean absolute feature importance for lignin removal prediction by the ET
model

The pairwise SHAP interaction ranking (Fig. 5) reveals that the predictive structure
of the XGBoost model was dominated by interactions involving severity factor. The
strongest interaction was between severity factor and bark binary (mean [SHAP interaction
value| = 0.4488), followed by severity factor with NaOH concentration (0.3327) and bark
binary with NaOH concentration (0.3016). The presence of severity factor in the two
strongest interaction pairs helps explain why a variable with virtually no univariate
correlation with lignin removal (r = 0.013, p = 0.940) nonetheless ranked second in overall
feature importance.

In the XGBoost model, severity factor does not drive lignin removal on its own; its
predictive value lies in how it modulates the effects of feedstock composition and alkali
loading. This is mechanistically coherent because thermomechanical and autohydrolysis
alterations induced during steam explosion, including partial B-O-4 bond cleavage, lignin
relocation, and competing condensation reactions, are known to alter the structural
accessibility of lignin before alkaline treatment begins (Li ef al. 2007; Heikkinen et al.
2014; Auxenfans et al. 2017b).

The third-ranked interaction, between bark binary and NaOH concentration
(0.3016), suggests that the modeled effect of feedstock composition changes with alkali
concentration. This pattern is consistent with the condition-dependent behavior discussed
above, but it should be interpreted as an association learned by the XGBoost model rather
than as direct evidence of a chemical mechanism. Independent experiments are required to
test whether the proposed condensation, relocation, or re-adsorption mechanisms explain
this interaction.

Taken together, these results indicate that the XGBoost model’s internal decision
structure is consistent with a chemically plausible picture: lignin removal from a
compositionally heterogeneous, mixed-species feedstock is unlikely to be governed by any
single variable acting in isolation, but rather by a network of conditional dependencies
among severity factor, bark content, and alkali concentration that univariate analysis would
miss. We emphasize that SHAP values quantify model-based associations rather than
directly proven causal mechanisms; the chemical interpretations offered here should be
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regarded as hypotheses consistent with the observed patterns, pending confirmation by
targeted experiments (e.g., lignin structural characterization across the severity-alkali
matrix).

Pairwise Feature Interaction Strength (XGBoost)

Severity Factor (Rp)
x Bark_Binary

0.4488
Severity Factor (Rg)
x Chemical Concentration (%)

Bark_Binary
x Chemical Concentration (%)

Severity Factor (Rp)
x Pretreatment_Time (h)

Pretreatment_Time (h)

. . 0.1323
x Chemical Concentration (%) |

Bark_Binary

: 0.1056
x Pretreatment_Time (h)

0.000 0.100 0.200 0.300 0.400 0.500
Mean |SHAP interaction value|

Fig. 5. Pairwise SHAP interaction values indicating the magnitude of feature interaction effects on
lignin removal prediction

Web-based GUI for Real-time Lignin Removal Prediction

A web-based graphical user interface (GUI) was developed using Streamlit to
facilitate application of the predictive models (Fig. 6). The GUI allows users to enter
severity factor, bark inclusion, NaOH concentration, and pretreatment time, select among
the evaluated models, and obtain a lignin-removal prediction without programming. Its use
should be limited to the feedstock composition and process-variable ranges represented in
the present dataset, and it should currently be regarded as a proof-of-concept screening tool
rather than a validated industrial process-design system.

The trained ET model and GUI are intended for use without retraining only within
the feedstock and process envelope examined in this study: an oak—pine mixture near the
tested 1:1 ratio, bark content near 10% of chip volume, and the tested ranges of severity
factor, NaOH concentration, and treatment time.

A materially different species mixture, bark fraction, or process range is expected
to require model recalibration or retraining because tree-based ensemble models do not
reliably extrapolate beyond their training distribution.

In addition, lignin removal was the sole modeled target; downstream enzymatic
hydrolysis or fermentation performance was not evaluated and should not be inferred from
the GUI output.
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NaOH Pretreatment — Lignin Removal Predictor -

Machine-learning prediction of lignin removal (%) from lignocellulosic biomass under NaOH alkaline pretreatment. All models evaluated on a held-out test set (random 80/20 split, n = 108 samples from 36 experimental conditions; metrics are
mean * std over 5 repeated splits, random_state=42-46).

Input Parameters Model Selection Prediction Result
Severity Factor (Ry) (@  Active model () Predicted Lignin Removal
=_ O XGBoost
Extra Trees
Bark inclusion (3 SVR
Random Forest
© Without bark (0) With bark (1) e
Polynomial Ridge
Pretreatment Time (h) @
12 XGBoost [[3) 0
; ost (2 | 11.47 %
n_estimators=200, max_depth=3, lr=0.2
NaOH Concentration (%) ® ) Predicted vs. Train mean Percentile
L0 Test set performance (random 80/20 split, mean = std over 5 0 0
D repeats| . .
o s 11.47% -3.86% 6th
R?=0.9848 £ 0.0135
B RMSE =0.2984 £ 0.0893% MAE =0.2286 + 0.0507% Training data: n = 36 conditions | mean = 15.34% + 2.64% (SD) | range [10.31, 24.36]
[ Input within training data range
odel uncertainty (Test RMSE = £0.2984%) — estimated 95% interval: [10.88, 12.07]%
All models — Test set R? (mean + std, 5 repeats)
Input summary
Model Test R
Feature Value Training Range
XGBoost 0.9848 £ 0.0135
Severity Factor (Rg) 473 4.25-495
Extra Trees 0.9533 + 0.0868
Bark 1 0/1
SVR 0.9239 + 0.0647
Time (h) 12 12-24
Random Forest 0.91930.0548
NaDH Conc (%) 1 05-20
Polynomial Ridge 0.6548 +0.1272

Fig. 6. XGBoost-based lignin removal prediction graphical user interface (GUI)
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CONCLUSIONS

1.

Across five repeated sample-level splits, XGBoost achieved the highest mean test R?
(0.9848 + 0.0135) and cross-validation R? (0.9361 + 0.0345). ET produced the lowest
mean test MAE (0.2176 + 0.1875) but showed greater split-to-split variability. The
ensemble models substantially outperformed PR; however, condition-level
generalization remains to be evaluated using grouped validation.

SHAP analysis identified NaOH concentration as the most influential predictor, while
pairwise interaction analysis revealed that severity factor functioned as a conditional
modulator, with its two strongest interactions involving bark binary (0.4488) and
NaOH concentration (0.3327). These interaction effects explain the failure of univariate
Spearman correlations to reflect the true directional contributions of individual
variables, demonstrating that lignin removal from heterogeneous biomass is governed
by conditional dependencies that univariate approaches cannot capture.

The model-selection GUI provides rapid lignin-removal screening only within the
tested feedstock and process ranges. It should be regarded as a proof-of-concept tool;
different species mixtures, bark contents, or process conditions will require
recalibration, retraining, and external validation. Future work should also link
delignification with downstream conversion and lignin valorization.
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