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Importance‑driven bottleneck model: 
a multi‑stage deep learning approach 
for analyzing swelling–shrinkage behavior 
of wood species and their mechanical 
properties
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Ingo Burgert1,5 and Mark Schubert5* 

Abstract 

Experimental data were collected from defect-free specimens of 57 wood species in Central Europe, encompassing 
their structural, physical, chemical characteristics, and mechanical properties. The dataset highlights the complex 
relationships between physical properties (shrinkage–swelling behavior in three orthotropic directions), chemical 
composition (holocellulose, lignin, extractive content), structural characteristics (density, fiber length), and mechani‑
cal properties (compression, tensile and bending strength, hardness, and impact resistance), emphasizing the need 
for efficient and interpretable methods to identify their correlations. To address this issue, we developed an impor‑
tance-driven bottleneck model, by revisiting the concept bottleneck model, which consists of a system of three 
connected neural networks; auxiliary, input, and output, that collaboratively work to investigate the relationship 
between the physical, structural, chemical, and mechanical features. The input and output networks are linked 
by a concept c bottleneck layer, with its features defined by analyzing wood’s structural characteristics and compo‑
sition via feature importance analysis conducted in the auxiliary network. Density and fiber length were identified 
as the most important concept c features, yielding testing R2 scores above 0.70 for predicting mechanical proper‑
ties. Predictive accuracy increased to over 0.85 when a third component, either holocellulose or lignin content, 
was included in the bottleneck. By adding all five chemical and structural features used in concept c layer, the predic‑
tion accuracy was slightly increased. While the importance-driven bottleneck model with three or more concept c 
features was narrowly outperformed by an end-to-end network using shrinkage–swelling as direct inputs, it offered 
a superior balance between performance and interpretability. This mathematical strategy, forcing information 
through a concept bottleneck, creates an interpretable physics-inspired AI framework.
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Introduction
Wood is a popular choice as a structural and construc-
tion material due to its desirable properties, such as 
high strength-to-weight ratio and stiffness [1, 2]. These 
desirable properties make it widely used in applications 
ranging from buildings to structural sandwich panels 
and scaffolds in composite materials [3–5]. Analyzing 
wood properties is essential for designing and develop-
ing engineered materials due to the significant variations 
between species, and even individual specimens from the 
same tree [1, 6–8].

Wood is primarily comprised of three macromolecules, 
namely, cellulose, hemicellulose, and lignin [9]. These 
chemical components, along with structural features 
such as tissue structure, fiber length, and density influ-
ence wood’s physical and mechanical properties [7, 8]. 
Wood as a hygroscopic material is capable of adsorbing 
and releasing moisture from the cell wall, which directly 
influences its dimensions and significantly alters its 
mechanical properties [9–12]. As a result, the relation-
ship between the moisture content and mechanical prop-
erties of wood has been a topic of extensive research [10, 
13, 14].

The shrinkage and swelling behavior of wood, which 
is influenced by factors, such as wood species, micro-
structure, chemical composition, and anatomical direc-
tion, also influences its mechanical properties [8, 11, 
13]. Despite numerous studies linking these factors, the 
inherent variability, non-homogeneity, and anisotropy of 
wood continue to present challenges in fully unraveling 
the complex inter-relations between chemical composi-
tion, structural characteristics, and mechanical perfor-
mance [10].

Machine learning approaches offer opportunities to 
deal with such multi-aspect issues as they can handle 
large and complex datasets due to their ability to learn 
and improve from experience without being explicitly 
programmed [15–18]. In these methods, the relation-
ships between wood properties and parameterized input 
data are explored via dynamic optimization of the model 
parameters, by learning from the parameterized input 
data. Researchers utilized different learning methods to 
predict the mechanical properties of wood and wood-
based composites [19–22]. Among different machine 
learning methodologies, neural networks are widely used 
due to their ability to learn and adapt from vast amounts 
of data and to handle the nonlinear relationships within 
data. In addition, neural networks can perform feature 
selection implicitly during the learning process, identify-
ing the most informative features for a given task while 
disregarding irrelevant or redundant ones [23].

High accuracy in predictions and good performance 
of neural networks are often associated with a lack of 

human interpretability, referred to as black-box mod-
els, since it can be challenging to understand how the 
network arrives at its predictions, making it difficult 
for researchers and engineers to interpret and retrace 
the results [24]. In numerous studies, interpretability 
was addressed using techniques, such as feature impor-
tance analysis [25, 26]. Nevertheless, the reliability of 
these analyses in neural networks is not always given 
and depends on various factors, including the data-
set, the model architecture, the model performance, 
and the method used for feature importance estima-
tion [27]. To address these issues, new approaches were 
suggested, aiming at improving the interpretability of 
neural networks [28, 29]. One of these is the emerging 
paradigm of theory-guided data science (TGDS). In this 
framework, the neural network structure is informed 
by a physical understanding of the phenomena under 
investigation [28]. Early efforts toward interpretable 
learning leveraged attribute- and semantic-based rep-
resentations, enabling models to reason over human-
understandable properties rather than raw features [30, 
31]. Building on these ideas, Koh et al. [29] introduced 
the concept bottleneck models. In this method, the 
model first predicts the concepts selected by utilizing 
domain knowledge or interpretable parameters, using 
an input neural network, and afterward uses only those 
predicted concepts to make a final prediction using the 
output neural network. Concept bottleneck models 
were employed in computer vision-related studies [29]. 
Nevertheless, such an enhancement in interpretability 
is often accompanied by a reduction in accuracy. This 
results in a trade-off between these two aspects [24, 
29].

The aim of this study is to conduct an exploratory 
investigation by leveraging neural networks to uncover 
correlations between the chemical composition, struc-
tural characteristics, shrinkage–swelling behaviors in 
the three orthogonal directions (longitudinal, radial, 
and tangential) and mechanical properties of the 
investigated wood species, using the defined dataset. 
Another objective of this work is to address the lack 
of interpretability of the typical neural network mod-
els, commonly used in existing research. This is done 
by modifying the concept bottleneck model [29] by 
determining the concept c features, referring to a spe-
cific set of interpretable features, through an auxiliary 
neural network. This mathematical strategy establishes 
a physics-inspired AI framework forcing information 
through a concept bottleneck, with a focus on balanc-
ing interpretability and accuracy. The results obtained 
were analyzed and compared with those from a conven-
tional end-to-end neural network model.
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Computational procedure
Artificial neural network
Artificial Neural Networks (ANNs) comprise intercon-
nected structure, containing numerous simple pro-
cessing units known as neurons, which are organized 
into layers in the network [32, 33]. Neural networks are 
computing models for information processing and are 
particularly useful for identifying the fundamental rela-
tionships between a set of variables or patterns in the 
data. The multi-layer perceptron (MLP) neural network, 
trained with an end-to-end manner, is considered a com-
mon choice among ANNs, typically structured with an 
input layer, an output layer, and one or more hidden lay-
ers, enabling the network to comprehend the connec-
tions between input and output variables [32, 33]. The 
effectiveness of neural networks in training high preci-
sion predictors has been repeatedly demonstrated across 
diverse domains [34–38]. In spite of the advantages, it is 
accompanied by the user’s lack of insight into the under-
lying processes behind the specific outputs generated by 
the end-to-end neural networks [39, 40]. This is because 
the valuable information from the problem decomposi-
tion is often ignored during the end-to-end training, cre-
ating a challenge of interpretability for users [29, 40].

Importance‑driven bottleneck model
To address the interpretability issue associated with 
neural network models, concept bottleneck models 
were introduced [29]. These models involve revisiting 
the simple idea of first predicting an intermediate set of 
human-specified concepts c, and then using it to pre-
dict the target y [29–31]. Such interventions cause richer 
human–model interaction and turn the models more 
interpretable in terms of high-level concept, nevertheless, 
they lead to a perceived trade-off between accuracy and 
interpretability [29]. The decision regarding the selection 
of concepts c is considered as a hyperparameter, having a 
significant effect on both the performance and interpret-
ability of the model [41]. Supposing that the concepts c 
is chosen effectively, it will generate predictions that cor-
respond closely to the true concepts. This indicates that 
the selected concept is defined as critical factors, which 
accurately capture the essence of a bottleneck situation. 
Conversely, if concepts c are not well-selected, meaning-
ful results from interventions cannot be anticipated [29].

In this study, the concept bottleneck model is adapted 
to investigate the inter-relation between mechanical 
properties of wood species and their shrinkage–swell-
ing behavior. The features representing the concepts c are 
selected through a feature importance analysis conducted 
on an auxiliary neural network, where the significance of 
each feature is ranked. The features of the auxiliary neu-
ral network represent potential key parameters that can 

influence the prediction of the final targets. The impor-
tance-driven bottleneck model aims to improve the 
interpretability of neural networks, alignment with the 
domain of knowledge, and aiming to reduce the manual 
tuning of the concept bottleneck model.

Experimental data
A list of the 57 wood species existing in Central Europe, 
summarized in Fig.  1, is accompanied by a comprehen-
sive dataset containing extractive content, holocellulose 
content, lignin content, fiber length, density, and swelling 
behavior in the longitudinal, radial, and tangential direc-
tions. In total, this dataset comprises 2487 data points 
for the aforementioned properties, along with 2205 
measurements of shrinkage behavior in the longitudinal, 
radial, and tangential directions. In addition, mechanical 
properties of these species were determined, leading to 
a total of 2487, 663, 2487, 587, and 1580 measurements 
for compression and tensile strength in the longitudinal 
direction, bending strength and impact resistance in the 
tangential direction as well as hardness in radial direc-
tion. All measurements were experimentally conducted 
at University of Natural Resources and Life Sciences 
Vienna and the detailed descriptions of the experimental 
procedure are provided in Appendix, Sect. Experimental 
Procedure. A statistical summary of the dataset is pre-
sented in Table 1.

Model applications
Data organization
The properties of each wood species’ data were organ-
ized separately in ascending order in which the shrinkage 
values presented with negative signs and swelling values 
signified by positive signs. Since the dataset from the 
mechanical experiments had uneven amounts of data, 
in each wood species, the data were distributed evenly 
across all properties to match the size of the property 
dataset with the highest number of data points; however, 
this process led to some missing values in the dataset. 
The missing values for specific properties of individual 
wood species were imputed by utilizing linear interpola-
tion, data resampling, only if the number of these non-
missing values exceeded six data points. This approach 
was chosen to ensure that the nature of the data remained 
unchanged. For properties with non-missing values were 
fewer than six available data points, the entire property 
dataset was masked and excluded from both the training 
and testing datasets. The masking technique was done 
by identifying non-missing values, calculating the error 
only for those non-missing values in the loss function 
during the training process. The threshold of six obser-
vations was selected to ensure a minimal level of statisti-
cal representativeness at the species–property level. On 
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the other hand, a higher threshold would increase the 
number of missing values (NaNs), specifically for Tensile 
Strength (see Fig. SI). To mitigate the impact of mask-
ing properties, a weighting factor was introduced into 
the loss function to improve the robustness of model 
training. To clarify the effect of species-level resampling 
on the underlying data distribution, p values comparing 
the original and resampled datasets were calculated. As 
shown in Table SI, all p values exceed 0.05, indicating that 
the distribution functions as a result of the resampling 
process have not changed significantly.

Importance‑driven bottleneck model
The flow chart of the suggested concept bottleneck 
model is shown in Fig. 1, comprising three parts, attrib-
uting to the auxiliary, input and output networks. First, 
the selected features of the auxiliary neural network; 
extractive, holocellulose lignin content, density, and fiber 
length, as well as the targets; shrinkage–swelling in three 
orthogonal directions, were standardized, according to 
Eq. 1, and imported to the network. The most important 
features of the trained neural network were then deter-
mined by performing feature importance analysis meth-
ods. The feature importance analysis provides insight 
into which aspects of wood composition or microstruc-
ture, employed as features, have the most significant 
impact on its predicted targets. Four known feature 
importance analysis methods; gradient-based, weight-
based, SHAP (Shapley Additive Explanations), and per-
mutation importance, which have been commonly used 
by other researchers [42, 43], were employed in this work 

to provide a more comprehensive understanding of how 
different features contribute to the model’s predictions. 
The selected features were considered as targets in the 
second neural network, named the input neural network, 
in which the standardized shrinkage–swelling behavior 
along with the wood species identifier were considered as 
the features. Since species identity is a strictly categori-
cal variable, one-hot encoding was employed to identify 
the wood species. After the training of the input neural 
network, the prediction results were standardized and 
imported as features to the third or output neural net-
work, where the mechanical properties were the targets. 
The mechanical properties were resampled to ensure an 
equal number of measurements across different species. 
The suggested architecture of the importance-driven bot-
tleneck model, comprising of three neural networks is 
illustrated in Fig. 2.

The data implemented in all three neural networks 
was divided into two sets at the wood species level. For 
each wood species, 70% of the samples were randomly 
assigned to the training set and the remaining 30% to 
the test set, such that samples from the same species 
appear in both sets. This strategy was chosen, because 
the objective of this study is to predict mechanical 
properties based on material features within known 
species, rather than to evaluate generalization to 
unseen species. The auxiliary network was structured 
with five hidden layers comprising 1024, 512, 256, 128, 
and 64 neurons, while the input and output neural net-
works were configured with five hidden layers contain-
ing 512, 256, 128, 64 and 32 neurons. To ensure reliable 

Table 1  Statistical summary of dataset

Property Mean Standard deviation First quartile Median Third quartile

Extractive content (%) 7.96 3.23 5.90 6.80 9.87

Holocellulose content (%) 39.88 3.63 37.58 38.87 42.32

Lignin content (%) 18.43 3.68 15.89 17.70 19.00

Fiber length ( µm) 1210.13 686.69 871.07 1071.20 1283.91

Density (g/cm3) 0.70 0.12 0.60 0.70 0.79

Radial swelling (%) 6.08 2.04 4.63 5.87 7.35

Longitudinal swelling (%) 0.56 0.30 0.34 0.52 0.74

Tangential swelling (%) 11.85 3.20 9.39 11.85 14.07

Radial shrinkage (%) −6.05 1.97 −7.30 −5.88 −4.63

Longitudinal shrinkage (%) −0.59 0.34 −0.75 −0.53 −0.35

Tangential shrinkage (%) −10.87 2.70 −12.76 −10.84 −8.91

Compression strength (MPa) 52.84 9.88 45.45 51.92 60.53

Tensile strength (MPa) 144.86 49.67 107.74 146.35 178.86

Bending strength (MPa) 112.55 26.05 95.60 112.70 129.72

Hardness (N/mm
2) 31.45 9.69 24.37 31.55 38.31

Impact resistance (kJ/m2) 60.07 33.37 36.04 53.96 76.08
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performance assessment, all three networks underwent 
training using a tenfold cross-validation approach, 
dividing the dataset into subsets for training and 

validation. The Rectified Linear Unit (ReLU) activa-
tion function was employed uniformly across networks 
to introduce non-linearity and enable feature learning. 

Fig. 1  Flow chart for importance-driven bottleneck model, used to predict mechanical properties of wood species. Integrated table on the left: 
Latin names of softwood species are marked in red and hardwood species in blue

Fig. 2  Suggested architecture used in an importance-driven bottleneck model to predict mechanical properties of wood species
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The batch sizes were chosen for each network, with 
values of 128, 64, and 16 for the auxiliary, input, and 
output networks, respectively, to balance generaliza-
tion, computational efficiency and convergence speed. 
In addition, a light regularization was applied to both 
input and output neural networks to prevent overfit-
ting. In all neural networks, a learning rate of 0.001 was 
programmed. Optimization was facilitated by the Root 
Mean Square Propagation (RMSProp) optimizer across 
all networks, with the Mean Squared Error (MSE) 
serving as the loss function to quantify the disparities 
between predicted and actual values. RMSProp adapts 
the learning rate for each parameter based on the mag-
nitudes of recent gradients. This adaptivity can be ben-
eficial, because it allows the learning rate to vary across 
parameters, enabling faster convergence and more sta-
ble training. Furthermore, early stopping mechanisms 
with different epochs of patience were implemented to 
prevent overfitting and optimize training in the three 
mentioned neural networks. The implemented hyper-
parameters are summarized in Table S2.

The performance evaluation of all three neural net-
works was done by comparing each predicted property 
with the experimental data in both the training and test-
ing datasets, which involved determining the accuracy of 
the predictions and quantifying the amount of error, see 
Sect. prediction accuracy assessment. Furthermore, the 
experimental and predicted distribution functions were 
compared.

End‑to‑end model
In contrast to the proposed the importance-driven bot-
tleneck model, an end-to-end neural network model 
directly analyzes the inter-relation between mechanical 
properties of wood species and their shrinkage–swelling 
behavior, as shown in Fig. 3. The architecture of the end-
to-end neural network was the same as the one used in 
the output neural network in the importance-driven bot-
tleneck model (see Table S2).

Results and discussion
Importance‑driven bottleneck model
Auxiliary neural network
The variation of the loss and accuracy curves for both the 
training and validation sets is shown in Fig. S2. The train-
ing process was characterized by a rapid initial decrease 
in loss for both sets, followed by smooth convergence. 
While a narrow gap between the training and valida-
tion loss curves was maintained, the model’s complexity 
appeared well-matched to the data patterns. In addition, 
it was observed that the validation accuracy almost over-
lapped the training accuracy, indicating that the model 
generalized well without overfitting. A comparison 

between the predicted results and the experiments for 
the training and testing datasets is shown in Fig.  4a, b, 
and c for longitudinal, tangential, and radial directions, 
respectively. High training R2 scores of 0.992, 0.999, and 
0.999 related to three anatomical directions also indi-
cate that the suggested neural network architecture has 
been successful in learning the relationship between the 
different input features (extractive, holocellulose and 
lignin content, fiber length, and density) and three out-
put targets (shrinkage and swelling in three orthogonal 
directions). In the testing dataset, R2 scores of 0.960, 
0.993, and 0.989 were obtained in predicting the shrink-
age–swelling in the longitudinal, tangential, and radial 
directions, respectively. Such high prediction accuracies 
indicate that the neural network could accurately predict 
the swelling–shrinkage behavior of the wood species, 
closely matching the experimental values by effectively 
generalizing from the training data to the testing data. To 
evaluate the role of the activation function, another net-
work with Linear activation functions was programmed, 
and shown in Fig. S3. While comparing Fig. S3 against 
Fig.  4a–c, it is observed that the programmed network 
was not able to detect the pattern between the features 
and swelling–shrinkage behavior, turning the optimiza-
tion process ineffective due to the complexity of the task.

The distribution functions of the predicted and experi-
mental values from the testing dataset were compared 
and illustrated in Fig. 4d, e, and f, for longitudinal, tan-
gential, and radial directions, respectively. Visually, it 
can be seen that the experimental distribution func-
tion was characterized by a bimodal form, attributed to 
the shrinkage and swelling behavior, where shrinkage is 
plotted in the negative axis and swelling is illustrated in 
the positive axis. It is observed that the predicted dis-
tribution function almost overlapped the experimental 
one in both shrinkage and swelling regions in the three 
directions. Due to the high performance of the auxiliary 
neural network in predicting shrinkage–swelling behav-
ior across a wide variety of wood species, the use of the 
trained model in feature importance analysis can be con-
sidered to be reliable in determining the contribution 
level of each feature in training the model. Figure 5 shows 
the results of the feature importance analysis, highlight-
ing that the most important features vary depending 
on the method used. Such observations have also been 
reported by Saarela and Jauhiainen [44], as each of these 
methods relies on a specific methodology to identify the 
most important features of a trained neural network. 
Therefore, combining several feature importance analy-
sis techniques could yield more reliable and trustworthy 
results. For the gradient- and weight-based approach, 
the highest importance is given to fiber length followed 
by density. The SHAP method identified density as the 



Page 7 of 21Movahedi‑Rad et al. Journal of Wood Science           (2026) 72:21 	

most important feature, followed by fiber length; in con-
trast, the permutation approach also ranked density first 
but identified lignin content as the second most signifi-
cant variable. Nonetheless, the permutation approach 
assigned nearly equal importance to lignin content, holo-
cellulose content, and fiber length. Accordingly, consid-
ering all methods, it was revealed that density and fiber 
length were the most important features determining the 
swelling–shrinkage behavior of the wood species.

Input neural network
The swelling–shrinkage behavior in three directions 
together with the wood species identifier were used 
as features in the input neural network to unravel the 

relationship between these features and chemical and 
structural characteristics. The training and validation 
curves for both loss and accuracy sets are shown in Fig. 
S4. The model exhibited high efficiency, characterized 
by a nearly instantaneous transition from initial learn-
ing to peak performance. This suggests that the network 
effectively captured the defining features of the dataset 
with high confidence and no evidence of overfitting. Fig-
ure  6a, b demonstrates the predicted density and fiber 
length results with respect to their counterpart experi-
ments. It can be observed that R2 scores for density and 
fiber length predictions on the training dataset are 0.997 
and 0.999, respectively, indicating that the input neural 
network model has been properly trained. Furthermore, 

Fig. 3  Suggested architecture used in an end-to-end model to predict mechanical properties of wood species

Fig. 4  Correlation between predicted and experimental swelling–shrinkage behavior in a longitudinal, b tangential, and c radial directions 
for both training and testing dataset together with distribution function and histograms of predicted and experimental in testing dataset in d 
longitudinal, e tangential, and f radial directions
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high R2 scores of 0.972 and 0.996 in predicting the den-
sity and fiber length in the testing dataset proved that the 
trained model was performing well without any overfit-
ting. The R2 scores for chemical features; holocellulose, 
lignin, and extractive content, were determined and are 
summarized in Table S3 (see six-observation threshold), 
demonstrating high predictive accuracy for both the 
training and testing datasets. Figure  6c, d compares the 
distribution function of the predicted density and fiber 
length in the testing dataset. Accordingly, a very high 
agreement between the predicted and experimental dis-
tribution function was observed.

Output neural network
The predicted chemical compositions and structural fea-
tures were used individually as single concept features to 
predict mechanical properties. Tables S4 and 2 show the 
variation in prediction accuracy when restricted to a sin-
gle feature for training and testing datasets, respectively. 
The results demonstrate that the model was unable to 
establish a functional correlation using only one feature, 
as evidenced by the low R2 scores on the training dataset. 
Consequently, the model failed to generalize, leading to 
poor predictive performance on the testing dataset. This 
indicates that the interaction between shrinkage–swell-
ing behavior and the mechanical properties of wood can-
not be captured by an isolated variable.

As a next step, the predicted density and fiber length 
were considered as two parameters in concepts c were 
used as features of the output neural network. Train-
ing dynamics of the output neural network, described 
by the evolution of the loss function and training accu-
racy using density and fiber length as concept c fea-
tures, are shown in Fig. 7a, b. It is observed that while 

the model continues to learn from the training dataset, 
a generalization gap persists due to the significantly 
lower and highly volatile performance on the valida-
tion data. Thus, it can be concluded that although the 
network was able to learn the patterns between the 
density and fiber length data with the mechanical prop-
erties, nonetheless, it could not well generalize its pat-
tern. Figure 8 shows the correlation between predicted 
and experimental values in both the training and test-
ing datasets for different mechanical properties. It is 
seen that the R2 scores in the training dataset are in the 
range of 0.85 to 0.89, indicating that the neural network 
model has effectively learned the existing patterns and 
relationships present between features and targets in 
the training dataset. Regarding the testing dataset, the 
highest prediction accuracy was observed for hardness, 
where the model achieved an R2 score of 0.840. Predic-
tive accuracies for compressive strength and bending 
strength yielded R2 scores of 0.750 and 0.753, respec-
tively. Regarding impact resistance, a score of 0.764 was 
obtained, illustrating the model’s ability to predict this 
property with reasonable precision. The lowest accu-
racy belonged to the prediction of the tensile strength, 
with an R2 score of 0.700. The lower accuracy in pre-
dicting tensile strength can be attributed to the greater 
variability in tensile strength, compared to other prop-
erties, results in a wider distribution, making it more 
challenging for the ANN to generalize effectively.

To determine the effect of the observation threshold 
(see Sect. Data organization) on model performance, a 
sensitivity analysis was conducted, the results of which 
are shown in Table  S3. No significant changes were 
observed in the predicted mechanical properties when 
using alternative thresholds of 4 and 8.

Fig. 5  Feature importance analysis on auxiliary neural network using different methods
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To further investigate the effect of concept c features 
on final prediction accuracy, in addition to density and 
fiber length, holocellulose content, a third important 
parameter according to Fig.  5, was included in concept 
c features. The training dynamics of the output neural 
network are described by the evolution of the loss func-
tion and training accuracy, using density, fiber length, 
and holocellulose content as concept c features (Fig. 7c, 
d). Accordingly, it is observed that adding an additional 
concept c parameter led to a faster reduction in both the 

training and validation loss curves, narrowed the gap 
between them, and significantly enhanced the model’s 
capability to learn and generalize underlying patterns. As 
a result of adding a new feature into concept c, a marked 
improvement in prediction accuracy of mechanical prop-
erties was also observed, as demonstrated in Fig. 9. The 
results showed a consistent improvement in the predic-
tion accuracy across all mechanical properties for both 
the training and testing datasets, suggesting that imple-
menting holocellulose content alongside density, fiber 

Fig. 6  Correlation between predicted and experimental values for a density and b fiber length for training and testing datasets, 
along with distribution functions and histograms of predicted and experimental values for c density and d fiber length in the testing dataset

Table 2  Summary of R2 scores on the testing dataset using importance-driven bottleneck model, with individual concept c features

Properties Concept c features

Extractive content Lignin content Holocellulose content Density Fiber length

Compression strength 0.29 0.46 0.52 0.36 0.18

Tensile strength 0.30 0.30 0.36 0.34 0.27

Bending strength 0.29 0.44 0.49 0.40 0.21

Hardness 0.48 0.68 0.75 0.65 0.10

Impact resistance 0.31 0.24 0.38 0.43 0.12
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length played an important role for capturing the com-
plex behavior of the shrinkage–swelling behavior wood 
species and their mechanical properties.

Similar training dynamics were also obtained using 
density, fiber length, and lignin content as concept 

c features, as shown in Fig.  7e, f. This configuration 
resulted in high accuracy for the prediction of mechani-
cal properties, as illustrated in Fig. S5. By incorporating 
all five chemical compositions and structural features, 
the gap between the training and validation curves 

Fig. 7  Training dynamics of the output neural network of importance-driven bottleneck model, described by the evolution of the loss function 
and training accuracy, using (a – h) different concept c features, and (i, j) end-to-end model
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narrowed further (see Fig.  7g, h), indicating that the 
model captured the underlying patterns more effectively 
and achieved more robust generalization. Ultimately, as 
shown in Fig. S6, this approach yielded the highest pre-
dictive accuracy for mechanical properties among all 
evaluated feature combinations.

To further extend the scope of the research, the analysis 
was continued by partitioning the data into two distinct 
datasets of softwood, hardwood, as classified in Fig.  1, 
and compared with all wood species combined, full data-
set. This distinction was made to consider the potential 
effect of different fiber lengths (fibers, fiber–tracheids, 
and tracheids) of softwoods and hardwoods. To achieve 
this, the importance-driven bottleneck model utilized the 
same architecture introduced in Fig. 2; however, alterna-
tive hyperparameters were employed for hardwood and 
softwood due to the more limited data available, as sum-
marized in Table S5.

The accuracy of the training dataset is shown in Fig. S7, 
indicating that, in general, as the number of features in 
concept c increased, the training process became more 
effective, leading to higher R2 scores. This improvement 
was particularly evident in the full and softwood datasets, 
where a significant performance gain was observed when 
transitioning from two features to three or more across 
all mechanical properties, except for impact resistance 
(Fig. S7e), which showed performance increases across 
all three datasets. In addition, it was observed that for 
impact resistance, the training accuracy remained lower 

overall, particularly for the hardwood dataset, which 
exhibited the most limited predictive performance com-
pared to other properties.

The R2 scores of the testing dataset is shown in Fig. 10 
for different mechanical properties under three classes of 
hardwood, softwood and full datasets. It is observed that 
in all three datasets, that incorporating a third concept c 
feature to the initial density and fiber length parameters 
enhanced the model’s accuracy, especially pronounced in 
the softwood and full datasets. Beyond this point, predic-
tive performance reached a stable plateau, suggesting a 
state of feature saturation. This indicates that the correla-
tions between the shrinkage–swelling behavior of wood 
species and their mechanical properties are sufficiently 
captured by the first three concept c features. Among the 
evaluated metrics, the impact resistance of hardwood 
(Fig. S7e) consistently exhibited the lowest accuracy, 
likely due to a more complex or non-linear relationship 
that was less effectively captured during training.

Ablation analysis
To evaluate the relative importance of each chemical and 
physical parameter within the model, a feature ablation 
analysis was performed on both the training and test-
ing datasets (Tables S6 and 3). This process involves sys-
tematically removing one concept c feature at a time and 
measuring the resulting drop in R2 scores compared to 
the baseline model, which utilized all five chemical and 
structural features.

Fig. 8  Correlation between predicted and experimental values for a compression strength, b tensile strength, c bending strength, d hardness 
and e impact resistance, using density and fiber length as concept c features in importance-driven bottleneck model
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Within the training dataset, removing density resulted 
in the most significant and consistent drop in perfor-
mance, identifying it as the most critical feature for pre-
dicting mechanical properties. Furthermore, the absence 
of fiber length in the concept c layer particularly reduced 
the accuracy of compression strength predictions. The 
results of testing dataset revealed that density is the most 
critical feature of predictive accuracy; its removal caused 
the most significant degradation across all mechanical 
properties, particularly for impact resistance, where the 
testing R2 dropped by over 11.24%, and 6.98% drop in 
tensile strength. Fiber length also showed an influence 
specifically in compression strength, where its removal 
led to a 3.23% reduction in performance. Among chemi-
cal constituents, extractive content was found to be influ-
ential for impact resistance. It is noted that the higher 
baseline scores confirm that the synergy of all five chemi-
cal and structural features is necessary to achieve the 
model’s peak predictive performance.

End‑to‑end neural network
In the end-to-end neural network, as described in Sect. 
End-to-end model, the shrinkage–swelling behavior of the 
wood species was directly employed to analyze its inter-
relation with the mechanical properties of the investi-
gated wood species. The evolution of loss and accuracy 
during the training and validation phases for the end-
to-end model is illustrated in Fig.  7i, j. As the number 

of epochs increased, the end-to-end model learned rap-
idly, reaching convergence significantly faster than the 
importance-driven bottleneck models. It achieved lower 
loss values and higher accuracy with a small gap between 
the training and validation curves, demonstrating that 
the model generalized effectively without signs of overfit-
ting. Figure 11 illustrates the predicted mechanical prop-
erties with respect to their experimental counterparts 
in both training and testing datasets. It can be seen that 
the R2 scores obtained from predicting the mechanical 
properties in the training dataset are very high, indicat-
ing that the model well-learned the patterns between the 
shrinkage–swelling behavior of wood species and their 
mechanical properties. Considering the testing dataset, it 
was observed that the R2 scores were higher than those 
predicted by the importance-driven bottleneck models 
(Fig. 8, Fig. 9, Fig. S5); nonetheless, it became more com-
parable to the bottleneck configuration utilizing all five 
concept c features (see Fig. S6).

Tables S7 and 4 summarize the RMSE values of investi-
gated mechanical properties using both the importance-
driven bottleneck model with different concept c features 
and end-to-end neural network for training and testing 
datasets, respectively. RMSE values across both datasets 
decreased as the number of concept c features increased; 
notably, with five features, the RMSE was only marginally 
higher than that of the end-to-end neural network across 
various mechanical properties.

Fig. 9  Correlation between predicted and experimental values for a compression strength, b tensile strength, c bending strength, d hardness, 
and e impact resistance, using density, fiber length, and holocellulose content as concept c features in importance-driven bottleneck model
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The experimental distribution function of the investi-
gated mechanical properties for testing dataset together 
with the predicted ones are shown in Fig. 12. By consid-
ering the form and modality of the distribution functions, 
it can be seen that the distribution function predicted by 
the end-to-end model and importance-driven bottleneck 
model with five concept c features more accurately follow 
the experimental distribution function in comparison 
with those predicted by importance-driven bottleneck 
model with density and fiber length as concept c features.

Accuracy–interpretability trade‑off
The performance of the importance-driven bottleneck 
model and end-to-end neural network in predicting the 
different mechanical properties of the wood species, 
assessed by the R2 scores as summarized in Table  2, 
Fig.  10, Table  4, and Fig.  12. The higher performance 
of the end-to-end neural network is attributed to the 
accuracy–interpretability trade-off with an inverse rela-
tionship between accuracy and interpretability [24, 29]. 
The end-to-end model outperforms importance-driven 
bottleneck model due to the direct optimization capac-
ity and the absence of constraints for the flow of data 
during the propagation and backpropagation processes 
[32]. The performance of the importance-driven bot-
tleneck model, however, was a function of both the 
number of features in concept c layer as well as the 
specific selection of those features. While configura-
tions using only a single concept yielded insufficient 
accuracy (Table 2), two concept c features (density and 
fiber length) showed a significant improvement in pre-
diction accuracies (Fig. 8), and it improved even more 
by expanding the concept c features (Fig.  10). This is 
because in the importance-driven bottleneck model, 
the flow of information is fully controlled by defining 
concept c features, guided by feature importance analy-
sis as a supplementary tool. This mathematical strategy 
adds a new level of interpretability to machine learning 
models by forcing information to pass through a con-
cept bottleneck, moving toward an interpretable and 
physics-inspired AI framework.

As a disadvantage, the importance-driven bottleneck 
model might lead to the loss of some relevant informa-
tion for the final prediction [45]. In the case of defect-free 
wood specie, since their swelling–shrinkage behavior 
is closely related to their internal structure of the wood 
species, the predicted results by the end-to-end model 
were obtained by considering the interaction between 
the wood components beyond those selected for concept 
c features in the importance-driven bottleneck model, 
leading to higher performance of the end-to-end model.

The ablation analysis on concept c features (Table 3) 
indicated that density was the most critical concept c, 
and its absence led to the most significant decrease in 
prediction accuracy, which carries significant physical 
implications. It is well-documented that wood density 
is considered one of the most important characteristics 
affecting dimensional stability (linked to shrinkage and 
swelling properties) as well as mechanical properties of 
wood species [1, 6, 46]. The importance of fiber length 
for the mechanical properties of the wood species was 
the topic of some studies [47, 48] as well. Similar roles 
of fibers have been experimentally demonstrated also 
in other biological load-bearing materials, such as tis-
sues and organs, where they significantly influence 
mechanical behavior [49]. Nevertheless, the effect of 
fiber length on dimensional stability of the wood spe-
cies has not yet been fully investigated. By having all 
five structural and chemical features in concept c, the 
importance-driven bottleneck model reached a high 
performance nearly identical to the end-to-end neu-
ral network, indicating that once the bottleneck is 
informed by a sufficient range of informative features, 
the importance-driven bottleneck model becomes the 
superior choice, since it provides the predictive power 
of a ’black-box’ system while maintaining the physics-
inspired interpretability.

To examine the relationship between density and 
fiber length in terms of their combined effect on the 
mechanical properties, contour plots containing fiber 
length vs density vs mechanical properties are plot-
ted in Fig. 13. As seen in the figure, no specific trend 
is observed between fiber length and density with 

Table 3  Feature ablation analysis in testing dataset, using importance-driven bottleneck model

Properties Baseline No density No fiber length No holocellulose No lignin No extractive

R
2

R
2 � R

2 � R
2 � R

2 � R
2 �

Compression strength 0.93 0.89 −4.30 0.90 −3.23 0.92 −1.08 0.92 −1.08 0.92 −1.08

Tensile strength 0.86 0.80 −6.98 0.87 1.16 0.85 −1.16 0.85 −1.16 0.85 −1.16

Bending strength 0.92 0.88 −4.35 0.91 −1.09 0.91 −1.09 0.92 0.00 0.91 −1.09

Hardness 0.98 0.95 −3.06 0.97 −1.02 0.98 0.00 0.97 −1.02 0.98 0.00

Impact resistance 0.89 0.79 −11.24 0.88 −1.12 0.88 −1.12 0.89 0.00 0.86 −3.37
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respect to mechanical properties, which possibly is 
due to their complex nonlinear relationship with the 
mechanical properties.

Conclusions
In this study, a dataset containing the physical, chemi-
cal, mechanical properties, and structural characteristics 
of defect-free specimens of 57 wood species, both soft-
woods and hardwoods, from Central Europe were uti-
lized to comprehensively explore correlations between 
the mentioned properties. In addition, this work aimed 
to address the lack of interpretability in typical neural 
network models used in existing research. The following 
conclusions were drawn: 

1.	 The importance-driven bottleneck model was pro-
posed by modifying the concept bottleneck model, 
wherein the concepts c features were determined 
through the feature importance analysis of a trained 
auxiliary neural network. The selected properties for 
concepts c were assigned as targets for the input neu-
ral network, and their predicted values were used as 
features for the output neural network.

2.	 The shrinkage–swelling behavior of wood species 
was predicted with high accuracy using five struc-
tural and chemical characteristics: density, fiber 
length, lignin content, holocellulose content, and 
extractive content. Feature importance analysis 
was performed using gradient-based, weight-based, 

Fig. 11  Correlation between predicted and experimental values for a compression strength, b tensile strength, c bending strength, d hardness 
and e impact resistance, using end-to-end model

Table 4  Summary of the RMSE values, in testing dataset, using importance-driven bottleneck model and end-to-end model

Properties Importance-Driven Bottleneck End-to-End

Den, Fib Den, Fib, Hol Den, Fib, Lig Den, Fib, Hol, Lig, 
Ext

Compression strength (MPa) 4.97 3.06 3.34 2.72 2.56

Tensile strength (MPa) 24.77 17.91 17.44 17.11 15.37

Bending strength (MPa) 13.22 8.54 8.80 7.46 6.82

Hardness (N/mm
2) 3.50 1.67 2.05 1.34 1.12

Impact resistance (kJ/m2) 14.61 10.19 10.06 10.09 7.94
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SHAP, and permutation approaches. Across all evalu-
ation metrics, density and fiber length were found to 
be the most important features, followed by holocel-
lulose content, lignin content, and extractive content, 
which exhibited comparable levels of importance.

3.	 The input neural network of the importance-driven 
bottleneck model could accurately unravel the rela-
tionships between density, fiber length, lignin con-
tent, holocellulose content, and extractive content. 
based on shrinkage and swelling properties in all 
three directions.

4.	 For output neural networks, mechanical properties 
(bending, tensile, and compressive strength, hardness 
and impact resistance) of various wood species were 
predicted, by incorporating different chemical and 
structural characteristics into concepts c layer. The 
most significant performance gains occurred when 
transitioning from a single feature to the two fea-
tures of density and fiber length, achieving testing R2 
scores above 0.70. The inclusion of a third chemical 
component further elevated these scores to over 0.85.

5.	 In comparison with the end-to-end neural network, 
the prediction accuracy of the importance-driven 
bottleneck model, using all five chemical and struc-
tural characteristics, was slightly lower; nevertheless, 
it offered higher interpretability.

6.	 Similar to full datasets, the softwood dataset also 
showed significant accuracy gains by adding a new 
feature into two concept c features of density and 
fiber length. In this case, the hardwood dataset for 
impact resistance exhibited the lowest performance 
due to more complex property relationships and data 
limitations.

7.	 Feature ablation analysis showed that density was 
the primary driver of model accuracy, as its removal 
caused the most performance degradation. Fiber 
length showed a pronounced influence on compres-
sion strength while extractive content on impact 
resistance.

8.	 The importance-driven bottleneck model establishes 
an interpretable, physics-inspired AI framework 
forcing information through a concept bottleneck. 
This approach allows the model to serve as a virtual 
laboratory to isolate and examine specific physical 
factors, a capability that standard regression and the 
end-to-end models cannot provide.

9.	 Finally, future work could investigate species-level 
generalization by extending the dataset to include a 
broader range of wood species.

Fig. 12  Comparison of experimental with predicted distribution functions from the end-to-end model and importance-driven bottleneck model 
for a compression strength, b tensile strength, c bending strength, d hardness, and e impact resistance
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Appendix
Experimental procedure
Chemical composition assessment
Density measurements  The determination of the wood 
density was carried out in accordance with DIN 52182 
with reduced sample dimensions of 20× 10× 10 mm3 
(axial, radial, tangential) compared to those prescribed in 
the standard. The sample dimensions were measured with 
the help of a dial gauge with an accuracy of 1 µ m, and the 
mass was determined to an accuracy of 1 µ g using a labo-
ratory balance. The density was calculated in standard cli-
mate (in accordance with DIN 50014 [50]; 20◦ C, 65% rela-
tive humidity; wood density) and in a kiln-dry state (dry 
wood density, see [51]) in accordance with the formula in 
the standard.

Extractive  Material from several individuals per wood 
species was ground in two cycles to a particle size of 80 
µ m and in a speed extractor from the company “Büchi” 
with the solvents cyclohexane / ethanol (95%) (2:1), etha-
nol (95%) / water (1 :1) and water were extracted and, after 
subsequent drying of the extract substances, their mass is 
determined gravimetrically.

Lignin  The lignin content was determined analogously 
to T222 and UM 250 (TAPPI) [52], after the extractive 
substances had been separated off (see method for deter-
mining the extractive content). For this purpose, after 2 h 

of hydrolysis with sulfuric acid ( H2SO4 ; 72%) at 20◦ C and 
4 h of hydrolysis with sulfuric acid ( H2SO4 ; 3%) at 100◦ C, 
the acid-soluble lignin was measured photometrically at 
205 nm and Klason lignin gravimetrically after previous 
drying at 105◦ C over 24 h.

Fiber length  To measure the fiber or tracheid length, 
wood samples were macerated in a mixture of equal vol-
umes of hydrogen peroxide ( H2O2 30%), water and ace-
tic acid (96%) for several hours (until the fiber composite 
disintegrated) [53]. Subsequently, the fiber lengths were 
measured under a transmitted light microscope using the 
image analysis software “ImageJ” [54].

Shrinkage and swelling measurements
The determination of the maximum swelling and shrink-
age dimensions was based on DIN 52184 [55], the sam-
ple dimensions were reduced to 20× 10× 10 mm3 (axial, 
radial, tangential) compared to the prescribed dimen-
sions and were measured with the help of a dial gauge 
with an accuracy of 1 µ m. Drying was carried out at 
103◦ C until constant weight was reached, and the sam-
ples were then cooled in a desiccator using silica gel as a 
drying agent. Humidification to determine the maximum 
swelling dimension was also carried out in a desiccator 
and in analogy to the accelerated procedure described in 
the standard under vacuum.

Fig. 13  Contour/response surface plot of a compression strength, b tensile strength, c bending strength, d hardness and e impact resistance vs 
fiber length and density
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Mechanical property measurements
Compression experiment  The compression test paral-
lel to the fiber direction was carried out under standard 
conditions (according to DIN 50014; 20◦ C, 65% rela-
tive humidity) in accordance with DIN 52185 [56]. The 
specimen dimensions were reduced to 20× 10× 10 mm3 
(axial, radial, tangential) compared to those specified in 
the standard. The universal testing machine Z020 from 
Zwick Roell was used and the specimens were loaded 
within the required test time of 1.5±0.5 min (with test 
speed varying depending on the wood species) until the 
maximum force was reached.

Tensile experiment  Reduced specimen dimensions com-
pared to DIN 52188 [57] were used to measure the tensile 
strength. The specimens were waisted on all sides and had 
dimensions of 8x4 mm in the area of the smallest speci-
men cross section. The annual rings were aligned along 
the longer side of the specimen cross section to maxi-
mize the number of annual rings in the test specimen. 
The tensile strength (under standard climate conditions 
according to DIN 50014; 20◦ C, 65% relative humidity) was 
calculated from the maximum force and specimen cross 
section in accordance with the formula in the standard.

Bending experiment  The bending test was carried out in 
accordance with DIN 52186 [58] as a three-point bend-
ing test on the “Z020” universal testing machine from 
Zwick Roell, the specimen deformation was determined 
two-dimensionally and contact-free with an accuracy of 
0.3 µ m using the “laserXtens” laser extensometer from 
Zwick Roell. Due to the reduced specimen dimensions 
of 180× 10× 10 mm (axial, radial, tangential) compared 
to those specified in the above-mentioned standard, the 
support spacing was set at 150  mm in accordance with 
the required minimum length of 15 times the specimen 
height, and the radius of the steel support rollers was 
reduced to 7.5 mm. Depending on the wood species, the 
test speed was selected differently to achieve the maxi-
mum force within the required 1.5±0.5 min. The sam-
ples were loaded evenly and without impact in tangential 
direction (horizontal growth rings) under standard cli-
matic conditions (in accordance with DIN 50014; 20◦ C, 
65% relative humidity) until breakage and the bending 
strength was calculated in accordance with the calcula-
tion rules in the standard using the sample dimensions 
determined prior the test.

Impact experiment  The impact bending test was carried 
out on the “HIT 50 P” testing machine from Zwick Roell in 
accordance with DIN 52189 [59] in a standard climate (in 

accordance with DIN 50014; 20◦ C, 65% relative humid-
ity). Deviations from the standard were the smaller speci-
men size of 80× 10× 10 mm3 (axial, radial, tangential), 
the reduced distance between the abutments from 210 
to 62 mm, and a smaller pendulum impact tester with a 
working capacity of 50 joules. Once the specimen dimen-
sions have been determined, the specimen is placed to be 
struck with horizontal growth rings/tangential loading 
direction of the pendulum impact tester, and the impact 
energy is calculated in accordance with the formula of the 
standard.

Hardness experiment  The Brinell hardness was meas-
ured analogue to ÖNORM EN 1534 under standard 
climate conditions (according to DIN 50014; 20◦ C, 65% 
relative humidity). The “Z020” universal testing machine 
from Zwick Roell was used with the hardness tester from 
the same company. The measurements of the diameters 
of the indentations remaining on the specimen after the 
test, which are necessary for the conventional calculation 
of the Brinell hardness, were carried out using the “Stemi 
2000” stereomicroscope from “Zeiss” with a connected 
“Axiocam ERc 5” camera system from the same company 
and the “ImageJ” image analysis software [54] after prior 
calibration.

Data standardization
Data standardization, is one of the stages of data prepara-
tion used in machine learning methods, which involves 
transforming data into a consistent format, thereby 
guaranteeing uniformity across diverse datasets or vari-
ables. By performing the standardization, the values are 
centered around the mean with a unit standard devia-
tion. Standardization can enhance the performance of 
machine learning models, mitigate the influence of outli-
ers, and maintain data consistency across various scales:

where µ and σ are the mean and standard deviation of 
the values, respectively.

Cross‑validation and hyperparameters
Upon searching for the best estimator, there is always a 
risk of overfitting during the learning step, which reduces 
the generality of the model and lowers prediction accu-
racy. To avoid overfitting, a cross-validation proce-
dure was applied, in which the training set is split into 
k smaller sets, called k-fold CV. In this procedure, the 
model gets trained using k-1 folds of the training data 

(1)X ′
=

X − µ

σ
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and the obtained results are validated using the remain-
ing fold, validation set. The final performance computed 
by the k-fold cross-validation is the average of all the val-
ues obtained of all the loops. The hyperparameters are 
determined according to the empirical observations or 
domain of knowledge. Selecting the best hyperparam-
eters manually could take a considerable amount of time 
and resources. In this case, one of the solutions to find 
the optimal values of hyperparameters is via using hyper-
parameters tuning methods, e.g., grid search cross-vali-
dation method, in short GridSearchCV method, which 
automates the tuning process of hyperparameters. Grid-
SearchCV method performs loops among a range of pre-
defined hyperparameters and implements them into the 
training dataset. Afterward, the accuracy of the fitting is 
determined and the best parameters from the suggested 
hyperparameters are selected.

Prediction accuracy assessment
The assessment of the prediction accuracy was done in 
several approaches; determining the error of the predic-
tions, calculating the prediction accuracy, and via the 
statistical analysis. The error in the predictions for all the 
investigated properties were determined based on the 
root mean squared error (RMSE), while the prediction 
accuracy was assessed using the coefficient of determina-
tion. RMSE is defined as the square root of all the squares 
of the distance divided by the total number of points, n, 
as shown in the following equation:

The coefficient of determination, R2 , is calculated accord-
ing to Eq. 3, which shows in a range of 0.0, for the case 
that the model does not predict accurately, to 1.0, for a 
fully accurate prediction:

where ymean stands for the mean experimental value.
The probability distribution of a variable can be 

described using a distribution function represented by 
the estimated probability density, which determines the 
likelihood of a given observation falling within a certain 
range of values. In statistics, among the different tech-
niques to estimate probability density, kernel density 
estimation is one of the common methods. Kernel den-
sity estimation method is a non-parametric method that 
estimates the probability density function of a random 
variable. In this work, the Gaussian kernel was used to 
plot the distribution function for the experiments and 

(2)RMSE =

√

√

√

√

1

n

N
∑

i=1

(yexp − ypre)2

(3)R2
= 1−

∑N
i=1(yexp − ypre)

2

∑N
i=1(yexp − ymean)

2

the predictions. To evaluate the distribution functions, 
they were visually inspected, and their mode values were 
determined. The mode is the most frequent value in a 
dataset and can be estimated from the peak of the prob-
ability density curve.
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