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 A B S T R A C T

This study presents a Machine Learning (ML) framework for an Ahead-of-Time (AoT) prediction of production 
halts and defects in particleboard manufacturing that uses only pre-production input variables. The proposed 
approach incorporates both Single-Task Learning (STL) and Multi-Task Learning (MTL) paradigms, which are 
evaluated across three production lines under two modeling strategies: Line-Specific Modeling (LSM) and 
Line-Agnostic Modeling (LAM). The experimental evaluation benchmarks a lightweight Logistic Regression 
(LogR) model against three Automated Machine Learning (AutoML) techniques: H2O AutoML, Ludwig, and 
a Bayesian-optimized Deep Feedforward Network (DFFN). Results show that the STL-LSM combination using 
LogR achieves the highest overall predictive performance. To enhance model interpretability, we apply two 
model-agnostic eXplainable Artificial Intelligence (XAI) techniques: SHapley Additive exPlanations (SHAP) and 
One-Dimensional Sensitivity Analysis (1DSA). These methods generate feature importance rankings across 
targets and production lines, which are evaluated using quantitative (normalized distance metrics) and 
qualitative measures (alignment with domain expert insights). The XAI findings reveal a strong consistency 
between SHAP and 1DSA, with 1DSA requiring a substantially lower computational cost. Moreover, the 
convergence between model-derived interpretations and expert feedback highlights the practical relevance of 
the proposed ML framework in supporting data-driven decision-making for particleboard production planning.
. Introduction

The Industry 4.0 concept represents the digital transformation of 
anufacturing through the seamless flow of data across supply chains, 
ntegrating technologies such as the Internet of Things (IoT)1 and 
achine Learning (ML) to create intelligent, customizable and efficient 
roduction systems [1]. This work details an Industry 4.0 Research 
nd Development (R&D) collaboration project with a Portuguese com-
any specialized in the production of decorated particleboards that 
re widely used in furniture and construction. The production process 
pans three production lines, where the particleboards are assembled 
etween decorative paper layers, pressed, inspected for defects and 
inally packaged. To maintain product consistency and quality, each 
roduction line operates based on specific product recipes that establish 
he equipment and machinery settings. In terms of operational require-
ents, the company must design production plans for the upcoming 
ays (e.g., up to two weeks), determining the sequence of orders and 

∗ Corresponding author at: CCG/ZGDV ICT Institute, Universidade do Minho, Campus de Azurém, ed. 14, 4800-058, Guimarães, Portugal.
E-mail addresses: id10138@alunos.uminho.pt (A. Matta), pcortez@dsi.uminho.pt (P. Cortez).

1 The full list of the acronyms used in this manuscript is presented in Table  A.1.

allocating recipes and resources to meet customer demand. However, 
inaccuracies in recipe definitions or resource allocations often lead 
to production halts and defects, wasting time, materials, energy, and 
labor. To address these inefficiencies, the company identified the poten-
tial of using ML algorithms to predict Ahead-of-Time (AoT) production 
halts and defects.

There are several recent related works that have approached pro-
duction halts (e.g., [2,3]) or defects (e.g., [4,5]) but not both tasks. 
Moreover, as detailed in Section 2, the state-of-the-art studies focus 
only on the execution or inspection production stages, using data 
records retrieved once the production control elements (e.g., prod-
uct recipe) are fixed. In contrast, in this paper, we assume an ML 
AoT prediction of both production halts and defects that uses only 
pre-production data, thereby enabling the predictive models to act 
as surrogate tools for production planning. Moreover, by adopting 
eXplainable Artificial Intelligence (XAI) methods, the predictive ML 
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models can also be used to estimate the impact of adjustments to 
product recipes, paving the way for recipe optimization and reduced 
halts and defects.

The main contributions of this research are:

1. We simultaneously address quality control (production defects) 
and production uptime (halts) across multiple production lines.

2. Our framework evaluates multiple ML algorithms, namely a 
Logistic Regression [6] and three Automated Machine Learning 
(AutoML) tools: H2O AutoML [7], Ludwig [8], and a Bayesian-
optimized Deep FeedForward Network [9,10]. These ML algo-
rithms are explored using both a Single-Task Learning (STL) 
approach, where each target is predicted independently, and 
a Multi-Task Learning (MTL) approach, which predicts both 
targets simultaneously from a single ML model. Additionally, 
we compare a Line-Specific Modeling (LSM), where separate 
models are trained for each production line, with a Line-Agnostic 
Modeling (LAM), which treats all lines as a single unified dataset.

3. Unlike most studies that focus on the execution or inspection 
phases (e.g., [3,4]), we emphasize the planning phase of pro-
duction. Such a goal is challenging since we can only use pre-
production input features, i.e., that are known prior to the 
execution of the particleboard production.

4. To improve model transparency and trustworthiness, we apply 
two XAI methods, a SHapley Additive exPlanations (SHAP) [11,
12] and One-Dimensional Sensitivity Analysis (1DSA) [13,14], to 
generate global input feature importance rankings. We assess the 
consistency of these rankings across tasks and production lines 
using the Normalized Kendall Tau Distance [15]. In addition, we 
compare model-derived rankings with those provided by domain 
experts, offering empirical evidence of alignment between model 
reasoning and expert knowledge. This alignment reinforces the 
potential for a reliable and actionable deployment of the models 
in industrial environments.

The proposed ML framework presents immediate and practical im-
plications for industrial particleboard production settings. By facilitat-
ing AoT predictions of halts and defects utilizing solely pre-production 
data, manufacturers can modify production plans and adjust recipes 
prior to execution, thereby mitigating the risk of disruptions and de-
fects. This predictive capability transforms conventional reactive qual-
ity control into a preventive approach, which can potentially reduce 
material, energy, time and labor waste. Furthermore, the application 
of XAI methods offers transparent and interpretable insights regard-
ing how specific recipe configurations and input settings affect the 
production outcomes. This empowers process engineers and planners 
with the capacity to adjust product recipes in a more informed and 
targeted manner. Ultimately, the ML approach promotes more efficient, 
reliable, and sustainable operations and can be generalized to other 
manufacturing scenarios that involve recipe-based production planning 
and exhibit high variability in operational outcomes.

This paper is organized as follows: Section 2 reviews the related 
work and highlights its connections to our work. Section 3 describes the 
industrial data analyzed, the proposed ML methods, and the evaluation 
procedure. The results are presented and analyzed in Section 4, in terms 
of predictive performance (Section 4.1) and XAI analysis (Section 4.2). 
Finally, Section 5 summarizes the main conclusions and outlines the 
directions for future research.

2. Related work

The related works are summarized in Table  1 and characterized in 
terms of the Year of publication, the prediction Goal (Quality Control 
or Production Uptime), the Production Phase (Planning, Execution, 
or Inspection), the type of XAI Analysis (Quantitative or Qualitative), 
the XAI Method, the ML Method, and the Industry type. Table  1 lists 
the relevant studies in chronological order, with our previous work [16] 
2

appearing second to last and the current study last. The distinction 
between our two works is detailed at the end of this section.

In the domain of quality control (e.g., product defect detection), 
distinct approaches have been explored. Image-based methods, often 
based on Convolutional Neural Networks (CNNs), are prevalent [4,20,
23,25,27–30,32,33]. In addition, tabular data methods, using opera-
tional or sensory data from production, have gained traction. These 
methods employ supervised [5,19,22,24,26,31] and unsupervised [17,
18,21] ML algorithms. Most studies focus on data from the inspection 
phase [5,24–32], allowing the identification of defects in finished prod-
ucts. Some studies also utilize data from the execution phase [17–23], 
which supports real-time monitoring of production processes. In terms 
of production uptime (e.g., predicting production halts), tabular data 
approaches dominate, analyzing operational or sensory data created 
during production. These studies mainly depend on supervised ML tech-
niques [2,3,34–44]. As shown by the last row of Table  1, the novelty 
of our research is that it approaches both quality control (production 
defects) and production uptime (production halts) using tabular input 
features that are known prior to production execution.

Regarding the explainability of the model and the adoption of 
XAI methods, only a limited number of studies address this criti-
cal aspect [3,5,26,36,38,39,41,42,44]. These studies typically use the 
SHAP method [5,26,36,39,41,42,44], while some integrate additional 
techniques, such as Local Interpretable Model-agnostic Explanations 
(LIME) [3,5,41,44], 1DSA [38], Partial Dependence Plots (PDP) [41], 
and Individual Conditional Expectation (ICE) [41]. However, these 
studies generally only perform quantitative and technical analysis of 
the explanations, lacking qualitative evaluations that compare the rel-
evance and precision of the explanations against the knowledge of ex-
perts in the domain. In contrast with the previous works, this paper per-
forms both a quantitative and a qualitative analysis of two XAI meth-
ods (SHAP and 1DSA), bridging the gap between the computational 
execution of the XAI methods and their practical relevance.

Our previous work [16] also focused on predicting production halts 
and defects, although it was limited to a single particleboard production 
line. Moreover, in [16] we have only applied one XAI method (1DSA) as 
a demonstration example. In contrast, this study significantly broadens 
the scope by incorporating multiple production lines. This expanded 
scenario introduced an additional layer of experimentation: a compar-
ison between LSM and LAM, akin to the STL versus MTL approach, 
enabling us to assess whether individual models per production line 
outperform a unified model for all lines. Furthermore, we extend the 
range of ML models to include LogR, a lightweight computationally 
efficient model, and Ludwig, a low-code AutoML framework that works 
with both STL and MTL tasks. In addition, XAI analysis was also 
improved by comparing SHAP, a widely used method, with 1DSA. This 
comparison includes both quantitative (e.g. computational effort, input 
relevance alignment) and qualitative analysis, in which the domain 
expert knowledge was compared with the XAI results.

3. Materials and methods

3.1. Industrial data

The production of decorative particleboards involves a complex ma-
terial flow, transforming raw materials into semi-finished and finished 
products through a series of processes guided by the production plan. 
This planning process comprises two key phases. In the first phase, 
a macro-plan is created to define potential working days, shifts, pro-
duction capacity, and production blocks. In the second phase, specific 
production orders are formalized to execute the macro-plan. These 
orders address customer demands, interfactory transfers, stock replen-
ishment, and line-specific production needs (which are addressed in 
this research).

The particleboard production company is currently implementing 
an Industry 4.0 environment, with an increasing digitalization of the 
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Table 1
Related works for ML production uptime and quality prediction.
 Ref. Year Goal Production phase XAI analysis XAI methoda ML methodb Industry  
 Q.C. P.U. Plan. Exec. Insp. Quan. Qual.  
 [17] 2021 ✓ – – ✓ – – – – IF Welding  
 [18] 2021 ✓ – – ✓ – – – – K-Means, AE, ANN, GMM Metallurgy  
 [19] 2021 ✓ – – ✓ – – – – RF, GBT, SVM, AE Particleboard  
 [20] 2022 ✓ – – ✓ – – – – CNN Printed Circuit Boards 
 [21] 2023 ✓ – – ✓ – – – – AE, KMeans Laminates  
 [22] 2023 ✓ – – ✓ – – – – RF, DT, GBT, AdaBoost, 

XGBoost
Manufacturing  

 [23] 2024 ✓ – – ✓ – – – – CNN Textile  
 [24] 2021 ✓ – – – ✓ – – – SVM, AdaBoost Particleboard  
 [25] 2022 ✓ – – – ✓ – – – CNN Composite Panels  
 [26] 2022 ✓ – – – ✓ ✓ – SHAP GBT Metallurgy  
 [27] 2022 ✓ – – – ✓ – – – CNN, RNN, LSTM Laminates  
 [28] 2023 ✓ – – – ✓ – – – CNN Semiconductors  
 [29] 2023 ✓ – – – ✓ – – – CNN Additive  
 [30] 2023 ✓ – – – ✓ – – – CNN Laminates  
 [31] 2023 ✓ – – – ✓ – – – GBR Metallurgy  
 [5] 2024 ✓ – – – ✓ ✓ – SHAP, LIME RF, GBT, SVM, ANN, 

LGBM
Tire  

 [32] 2024 ✓ – – – ✓ – – – SVM, LogR, RF, ANN, CNN Metallurgy  
 [33] 2024 ✓ – – – ✓ – – – CNN Metallurgy  
 [4] 2024 ✓ – – – ✓ – – – CNN Metallurgy  
 [34] 2022 – ✓ – ✓ – – – – RNN, LSTM, AE Paper, Milling  
 [35] 2022 – ✓ – ✓ – – – – XGBoost Metallurgy  
 [36] 2022 – ✓ – ✓ – ✓ – SHAP XGBoost, RF 3-D Printer  
 [37] 2023 – ✓ – ✓ – – – – LSTM manufacturing  
 [2] 2023 – ✓ – ✓ – – – – RF, GBT, ANN Manufacturing  
 [38] 2023 – ✓ – ✓ – ✓ – 1DSA XGBoost, DFFN, RF, AE, IF Particleboard  
 [39] 2023 – ✓ – ✓ – ✓ – SHAP ANN, SVM, RF Manufacturing  
 [40] 2023 – ✓ – ✓ – – – – GBT, DT, ANN, CNN, 

LSTM, XGBoost
Manufacturing  

 [41] 2024 – ✓ – ✓ – ✓ – LIME, SHAP, PDP, ICE SVM, KNN, DT, RF Manufacturing  
 [3] 2024 – ✓ – ✓ – ✓ – LIME SVM, RF, DT, KNN, LogR, 

NB
Manufacturing  

 [42] 2024 – ✓ – ✓ – ✓ – SHAP KNN, SVM, LinR, ANN, 
LGBM, XGBoost, GBT, . . .

Automotive  

 [43] 2024 – ✓ – ✓ – – – – RF, SVM, KNN, XGBoost, 
LogR

Subsea cables  

 [44] 2024 – ✓ – ✓ – ✓ – SHAP, LIME LogR, XGBoost, SVM, NB, 
RF

Manufacturing  

 [16] 2024 ✓ ✓ ✓ – – ✓ – 1DSA DT, AutoML (LSM) Particleboard  
 This work – ✓ ✓ ✓ – – ✓ ✓ SHAP, 1DSA LogR, AutoML (LSM, LAM) Particleboard  
a XAI Method: SHAP - SHapley Additive exPlanations; 1DSA - 1-Dimensional Sensitivity Analysis; LIME - Local Interpretable Model-agnostic Explanations; PDP - Partial Dependence 
Plot; ICE - Individual Conditional Expectation;
b ML Method: AE - AutoEncoder; ANN - Artificial Neural Network; AutoML - Automated Machine Learning; CNN - Convolutional Neural Network; DFFN - Deep Feed Forward 
Network; DT - Decision Tree; GBR - Gradient Boosting Regressor; GBT - Gradient Boosting Tree; GMM - Gaussian Mixture Model; IF - Isolation Forest; KNN - K Nearest Neighbors;
LGBM - Light Gradient Boosting Machine; LinR - Linear Regression; LogR - Logistic Regression; LSTM - Long Short Term Memory; NB - Naive Bayes; RF - Random Forest; RNN
- Recurrent Neural Networks; SVM - Support Vector Machine; XGBoost - eXtreme Gradient Boosting (see also Table  A.1);
planning and production processes. Once the manually designed pro-
duction plan is finalized, it is integrated into the Manufacturing Execu-
tion System (MES), transitioning to a digital version. This digital plan 
provides a real-time visual representation of the current planning status 
and analytics for future orders. It includes alarms and statistical insights 
on potential halts, setup times, and other critical measures, utilizing 
data from more than 700 IoT sensors distributed across production 
lines.

In this study, industrial data were retrieved from the MES. It consists 
of historical production plans from January 1, 2023, to June 30, 2024, 
including product recipes and the characteristics of raw materials and 
finished products from three production lines (PL1, PL2, PL3). The 
product recipes specify machinery configuration parameters such as 
temperature, pressure, and cycle times, while the material characteris-
tics cover aspects like composition, dimensions, and intrinsic properties 
(e.g., resin and volatile content).

The preprocessing began with a data cleaning step to eliminate 
records affected by unexpected environmental factors (e.g., fires, power 
outages). After this cleaning, the raw data still contained missing values 
due to two main reasons: (i) the layering process, which can involve 
decorative paper on the top, bottom, or both layers, leaving blank fields 
3

when no paper was used; and (ii) incomplete manual entries for certain 
product recipe attributes. To handle the first issue, missing values were 
replaced with a new ‘‘N/A’’ category for categorical attributes or with 
0 for numerical attributes. For the second issue, we applied a hot-
deck imputation [45] using a K-Nearest Neighbors (KNN) algorithm, 
specifically a 5-NN model as implemented by the scikit-learn 
Python package [6], trained on the available data.

Furthermore, since several ML algorithms (e.g., LogR and DFFN) 
require numeric inputs, all categorical variables were first converted 
into a numeric format by using the Inverse Document Frequency (IDF) 
transform [46] from the cane2 Python package [47]. The transform is 
applied to the training data, where each level 𝑙 ∈ 𝑥𝑖 is numerically 
coded as: 𝐼𝐷𝐹 (𝑙) = ln(𝑁𝑓𝑙

), where 𝑥𝑖 denotes the categorical input 
analyzed, 𝑁 is the total number of instances and 𝑓𝑙 is the number of 
occurrences of level 𝑙. The rationale of this transform is to put more 
frequent levels closer to the left numerical scale (0) and more widely 
spread, while infrequent levels are numerically closer to each other, 
tending to a maximum value of 𝑙𝑛(𝑁) when 𝑓𝑙 = 1 (right side of the 

2 Available at https://pypi.org/project/cane/.
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numerical scale). Compared to the traditional One-Hot Encoding (OHE) 
approach, the IDF transformation provides a more compact representa-
tion by encoding each categorical variable as a single numeric input. 
For example, the IDF transformation produced a dataset with 26 input 
features, while OHE resulted in 115 features. This substantial reduction 
in dimensionality suggests potential improvements in computational 
efficiency and model interpretability. To assess this, we conducted a 
preliminary experiment comparing both encoding techniques using the 
same LogR model. The results did not indicate differences in predic-
tive performance; however, the average training time increased nearly 
tenfold with OHE, from 0.067 s (IDF) to 0.618 s (OHE).

We also performed another preliminary experiment using two ML 
algorithms (LogR and DFFN) to test the application of a z-score trans-
form to all numerical inputs, including those derived from IDF-encoded 
categorical variables. The experiment showed that there was no im-
provement in terms of predictive performance, and therefore we opted 
to discard this z-score transform. Finally, the dataset was also orga-
nized chronologically to enable temporal rolling window evaluation 
experiments, as detailed in Section 3.3.

Table  2 outlines the data attributes analyzed, their types, and the 
methods used to address missing values. After preprocessing, the final 
dataset contains 6478 rows (each corresponding to a particleboard pro-
duction process), 26 input attributes, and two target variables: defects 
(with 51.71% positive cases) and halts (with 59.73% positive cases). 
We emphasize that the 26 input attributes refer to data values that can 
be known or set before the execution of the particleboard production 
process. Thus, an ML prediction model that uses these inputs can be 
used for planning purposes.

In the same preliminary computational experiments, we explored 
the use of an additional input attribute indicating the specific produc-
tion line associated with each entry for the LAM approach. However, 
this feature had no noticeable impact on predictive performance across 
all models. As a result, it was excluded from the experiments reported 
in this work.

3.2. ML and XAI methods

In this work, we used a LogR model and three AutoML methods 
to address two binary classification tasks: predicting production halts 
and defects in decorated particleboard manufacturing. For the STL 
approach, where the model predicts only one target (thus two distinct 
models are trained), we used the LogR algorithm from the scikit-
learn Python module [6] (with default values), the popular H2O 
AutoML tool [7], a DFFN architecture [9] optimized through Bayesian 
search [10], and the Ludwig AutoML framework [8]. Since LogR and 
H2O do not support MTL, we relied solely on DFFN and Ludwig for 
the MTL models, which can naturally handle multiple tasks by incor-
porating separate output nodes for each classification target. All ML 
implementations were performed in Python, using scikit-learn [6] 
(for LogR), h2o, ludwig, tensorflow (for DFFN) and optuna (for 
Bayesian search) libraries.

To reduce computational effort, the selection of the ML model (H2O, 
Ludwig) and the hyperparameters (H2O, Ludwig, DFFN) was limited 
to the first iteration of the Rolling Window (RW) evaluation procedure 
(Section 3.3). After selecting the model and fixing its hyperparameters, 
the selected ML algorithms were trained in all RW iterations, thus 
updating over time. To perform the ML model and hyperparameter 
selection (H2O, Ludwig, DFFN) an internal 5-fold cross-validation was 
applied to the oldest training data (initial 𝑊  data records of the RW 
procedure, see Section 3.3). The model selection criterion was the best 
Area Under the Curve (AUC) of the Receiver Operating Characteristic 
(ROC) curve [48], calculated over the validation data.

The H2O AutoML tool was configured to explore four algorithms 
and their hyperparameters (𝜌 representing the number of hyperparam-
eters tuned): Distributed Random Forest (DRF) (𝜌 = 0), Generalized 
Linear Model with Regularization (GLM) (𝜌 = 1), Extreme Gradient 
4

Boosting (XGBoost) (𝜌 = 9), and Gradient Boosted Machines (GBM) 
(𝜌 = 8). These algorithms were chosen as default options in H2O, 
excluding deep learning (already covered by the DFFN approach due 
to its computational demand) and stacked ensembles (to simplify the 
explainability analysis). For each AutoML run, the tool was config-
ured to stop after 10 min of execution (details of the computational 
environment are provided in Section 4.1). The selected models and 
hyperparameter values are detailed in Tables  B.1–B.7 in Appendix  B.

A DFFN is a type of deep multilayer perceptron that uses only 
forward connections between layers. By stacking multiple hidden lay-
ers, DFFNs can progressively learn more abstract and powerful rep-
resentations of input data, which improves their classification perfor-
mance [9]. Given the large number of hyperparameters to tune for 
DFFNs, we used an automated Bayesian optimization approach, which 
is particularly useful when the objective function is computationally 
expensive and the search space is large [49].

The adopted DFFN assumes a maximum number of units of 1024 
for the first hidden layer, with each subsequent layer restricted to a 
maximum size that is 1.2 times greater than the preceding one, forming 
a trapezoidal structure that has been shown to perform well for classi-
fication tasks [50]. Additionally, the Bayesian search was designed to 
prevent two consecutive dropout layers. DFFNs were trained using the 
Adam optimizer with a binary cross-entropy loss function, and training 
was halted either when the early stopping AUC value (calculated on 
10% of the training data) no longer improved or after 200 epochs. 
Bayesian optimization ran for 100 trials, testing 100 different DFFN 
architectures. The details of the searched DFFN hyperparameters and 
the Bayesian optimized values are shown in Table  B.8.

Ludwig is an open-source framework designed to simplify the cre-
ation of deep learning models, making it accessible to users with mini-
mal programming experience. At the heart of Ludwig’s design is its core 
modeling architecture, known as ECD (Encoder–Combiner–Decoder). 
Input features are processed by specialized encoders that transform raw 
data into latent representations. These representations are then passed 
through a Combiner, which integrates encoded inputs into a unified 
latent space. On the output side, the combiner’s output is routed to 
decoders for each defined output feature, facilitating predictions and 
post-processing. This modular and flexible architecture supports a wide 
variety of input types, such as text, images, and timeseries, and enables 
Ludwig to handle multimodal data seamlessly.

For our experiments, Ludwig used an ADAM optimizer [51], which 
is an adaptive learning rate optimization algorithm that efficiently and 
effectively updates model parameters during training, and a TabNet 
combiner [52], which uses attention and sparsity to achieve high 
performance on tabular data. Similarly to H2O execution, each Ludwig 
run was set to stop after 10 min. We note that in some cases the full 
Ludwig execution time may exceed the limit, as the tool continues 
training the current model even after the time cap is reached. The 
trainer and combiner hyperparameters and respective searchable and 
selected values are described in Tables  B.9–B.12 in Appendix  B.

In this study, we applied two model-agnostic XAI methods (SHAP 
and 1DSA), aiming to examine the overall contributions of the various 
input features (described in Table  2) to the models’ predictions.

SHAP [11,12] is an XAI method that assigns to each input feature 
a contribution value that indicates its impact on the prediction of a 
model. Based on cooperative game theory, SHAP computes Shapley 
values to fairly distribute the difference between a model’s actual 
output and its average prediction among all input features. It can 
explain which features influenced a prediction, as well as the direction 
and magnitude of their effects. However, because it approximates the 
Shapley values by evaluating many combinations of feature subsets, 
SHAP is computationally intensive.

On the other hand, 1DSA is a lightweight method that examines 
how variations in input features influence the model output [13,14]. 
By perturbing one feature at a time (hence the term one-dimensional) 
while holding others constant (e.g., to their average values), 1DSA 
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Table 2
Description of the dataset input features and targets.
 Attribute Data type [categorical levels/range]: examples Null handling (% missing)  
 Quantity of Decorated Particleboard to be Produced (QTY) Integer [2 to 5100]: 30, 264, 1440, . . . –  
 Decorated Particleboard Characteristic Code (DPCC) String [17 levels]: BATB0, BATB7, BATF0, . . . –  
 Decorated Particleboard Length (DPL) Integer [2440 to 5700]: 2440, 2750, 3660, . . . –  
 Decorated Particleboard Width (DPW) Integer [1220 to 2120]: 1220, 1830, 2070, . . . –  
 Decorated Particleboard Thickness (DPT) Integer [3 to 40]: 3, 10, 16, . . . –  
 Decorated Particleboard Top Finishing (DPTF) String [16 levels]: ASM, CMS, IW1, . . . –  
 Decorated Particleboard Bottom Finishing (DPBF) String [17 levels]: ASM, CMS, IW1, . . . –  
 Particleboard Characteristic Code (PCC) String [16 levels]: AB0B1, AB0F1, AD2B2, . . . –  
 Particleboard Finishing (PF) String [4 levels]: NLX21, LIXAG25, LIX150, LIX –  
 Top Paper Characteristic code (TPCC) String [8 levels]: N/A, PBA02, PBA71, PBA75, . . . Replaced by ‘‘N/A’’ (4.13%) 
 Top Paper Resin Content (TPRC) Double [0 to 72.6]: 0, 58.2, 59.7, 63.5, . . . Replaced by 0 (4.13%)  
 Top Paper Volatile Content (TPVC) Double [0 to 9.9]: 0, 4.7, 5.6, 6.4, . . . Replaced by 0 (4.13%)  
 Top Paper Manufacturing Process (TPMP) String [6 levels]: N/A, BPDHI, BPDUP, BPH2O, . . . Replaced by ‘‘N/A’’ (4.13%) 
 Top Paper Resin Weight (TPRW) Double [0 to 284]: 0, 108, 162, 177, . . . Replaced by 0 (4.13%)  
 Top Paper Humidity Weight (TPHW) Double [0 to 284]: 0, 108, 162, 177, . . . Replaced by 0 (4.13%)  
 Bottom Paper Characteristic Code (BPCC) String [8 levels]: N/A, PBA02, PBA71, PBA75, . . . Replaced by ‘‘N/A’’ (5.96%) 
 Bottom Paper Resin Content (BPRC) Double [0 to 69.5]: 0, 58.2, 59.7, 63.5, . . . Replaced by 0 (5.96%)  
 Bottom Paper Volatile Content (BPVC) Double [0 to 11.3]: 0, 4.7, 5.6, 6.4, . . . Replaced by 0 (5.96%)  
 Bottom Paper Manufacturing Process (BPMP) String [6 levels]: N/A, BPDHI, BPDUP, BPH2O, . . . Replaced by ‘‘N/A’’ (5.96%) 
 Bottom Paper Resin Weight (BPRW) Double [0 to 284]: 0, 108, 162, 177, . . . Replaced by 0 (5.96%)  
 Bottom Paper Humidity Weight (BPHW) Double [0 to 284]: 0, 108, 162, 177, . . . Replaced by 0 (5.96%)  
 Recipe Value for the Press’ Top Plate Temperature (TEMPUP) Double [165 to 210]: 175.0, 195.0, 200.0, . . . KNN (19.13%)  
 Recipe Value for the Press’ Bottom Plate Temperature (TEMPDW) Double [165 to 210]: 175.0, 195.0, 200.0, . . . KNN (19.13%)  
 Recipe Value for the Mechanical Cycle (MECHCT) Double [7.7 to 18]: 7.9, 10.0, 14.0, . . . KNN (19.13%)  
 Recipe Value for the Thermal Cycle (THERMCT) Double [12 to 50]: 12.0, 19.0, 26.0, . . . KNN (19.26%)  
 Recipe Value for the Number of Press Cycles per Hour (CYCHOUR) Double [27.07 to 180]: 28.125, 61.02, 81.45, . . . KNN (19.12%)  
 Flag Indicating the Occurrence of Defects Bool: 0 (48.29%), 1 (51.71%) –  
 Flag Indicating the Occurrence of Halts Bool: 0 (40.27%), 1 (59.73%) –  
identifies the magnitude of change in the predictions. The 1DSA method 
was implemented using the rminer3 R package, while SHAP was 
applied using the shap4 Python package.

3.3. Evaluation

In this study, we evaluate the performance of the ML models us-
ing a robust and realistic Rolling Window (RW) scheme [53], which 
simulates how classifiers are used over time with periodic updates 
to training and test sets (Fig.  1). In the first iteration (𝑢 = 1), the 
model is trained using a dataset window consisting of the oldest 𝑊
instances, after which the model predicts 𝑇  future observations. In each 
subsequent iteration (𝑢 = 2, 𝑢 = 3, etc.), the training set is updated by 
replacing the oldest 𝑆 records with the next 𝑆 observations (the update 
step). Then a new model is trained to predict the next 𝑇  observations. 
This process is repeated iteratively until all data are processed, yielding 
a total of 𝑈 = 𝐷−(𝑊 +𝑇 )

𝑆  updates, rounded down to the nearest integer, 
where 𝐷 is the total number of examples in the dataset.

Fig. 1. Schematic of the Rolling Window (RW) evaluation.

3 Available at https://CRAN.R-project.org/package=rminer.
4 Available at https://shap.readthedocs.io/en/latest/.
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We adopted a temporal RW evaluation strategy, where each window 
is defined by a fixed time duration rather than a fixed number of 
observations. Based solely on consultations with domain experts and 
to align with operational practices, we set the training window to 
𝑊 = 1 year, which corresponds to approximately 70% of the available 
data, ensuring that each model is trained on a sufficiently large and 
representative sample. The test window of 𝑇 = 2 weeks was chosen to 
reflect the typical duration of the production planning cycle, allowing 
the evaluation to be performed on realistic predictive horizons. The 
step size 𝑆 was set equal to 𝑇 , resulting in 𝑈 = 10 non-overlapping and 
consecutive RW test sets per target variable. As described in Section 3.2, 
model selection and hyperparameter tuning were performed only dur-
ing the initial RW iteration (𝑢 = 1) to mimic a realistic deployment 
scenario and reduce computational overhead.

The performance of the model on the RW test data was evaluated 
using the popular Area Under the Curve (AUC) measure of the Receiver 
Operating Characteristic (ROC) curve [48]. For each predicted class 
probability 𝑝 ∈ [0, 1], the predicted label was classified as positive if 
𝑝𝑘 > 𝐾, where 𝐾 is the decision threshold. We selected this measure 
as the primary predictive performance evaluation metric due to its 
threshold-independent nature, providing a comprehensive view of the 
model discrimination performance across all classification thresholds. 
This makes AUC particularly suitable for comparing different models 
in scenarios where the optimal decision threshold is not known in 
advance. The ROC curve plots 1−Specificity, or False Positive Rate 
(FPR), on the x axis against Sensitivity, or True Positive Rate (TPR), 
on the y axis, across all possible threshold values (𝐾 ∈ [0, 1]). The 
AUC is calculated as the area under the ROC curve, that is, 𝐴𝑈𝐶 =
∫ 1
0 𝑅𝑂𝐶(𝐾)𝑑𝐾. AUC values can be interpreted as follows [46]: 0.5 
indicates a random classification, 0.7 is considered reasonable, 0.8 is 
very good, 0.9 is excellent and 1.0 corresponds to perfect class discrim-
ination. To aggregate results across RW iterations (𝑢 ∈ 1,… , 𝑈), the 
median AUC value was used, as it is less sensitive to outliers compared 
to the average statistic. Furthermore, a paired Wilcoxon signed rank 
test [54] was conducted to determine the statistical significance of the 
differences between the median AUC values obtained by two given 
ML approaches. In addition, we also store the computational effort, 
measured in terms of the time elapsed for model selection, training, 
and inference (i.e., the time required to predict a single example).

https://CRAN.R-project.org/package=rminer
https://shap.readthedocs.io/en/latest/
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To ensure a fair performance evaluation of the LSM and LAM 
approaches, we computed both the production line-specific and global 
AUC scores. For the LSM approach, in each rolling window (RW) 
iteration, the test data from the three production lines were combined 
into a single dataset, and a global AUC score was calculated. The 
final evaluation was based on the median global AUC in all iterations, 
providing a comprehensive view of the overall performance of the 
model (Fig.  2(a)). In contrast, for the LAM approach, the test data in 
each RW iteration were filtered by the production line, allowing the 
computation of the specific AUC scores. The final evaluation relied on 
the median AUC for each line (Fig.  2(b)).

Once the best-performing ML approach and model were identified, 
we applied two XAI methods (1DSA and SHAP) to each trained model 
from the RW iterations, resulting in 10 distinct models. This analysis 
pursued two primary objectives: first, to leverage XAI methods to 
uncover how the models predict defects or halts; and second, to val-
idate these insights using the practical expertise of three particleboard 
production company planners and operators. By comparing model rea-
soning with expert knowledge, we aimed to identify similarities and 
discrepancies, improving the reliability and transparency of predictive 
analytics for industrial use.

For the first objective, we performed a comparative analysis of the 
feature importance rankings of SHAP and 1DSA to identify areas of 
agreement and divergence. Both methods were applied independently, 
using the median importance values of features derived from each RW 
training iteration. To quantitatively assess the similarity between the 
SHAP and 1DSA feature importance rankings, we used the Normalized 
Kendall Tau Distance (NKTD) ranking metric [15]. NKTD measures 
rank dissimilarity by counting pairwise disagreements (inversions) be-
tween two rankings. An NKTD of 0 indicates complete alignment, while 
a value of 1 (or −1 for reversed rankings) signifies total disagreement. 
This NKTD analysis is executed in three stages:

1. SHAP versus 1DSA alignment: we computed the NKTD be-
tween SHAP and 1DSA rankings for each production line (PL1, 
PL2, PL3), separately for defects and halts, to evaluate their 
agreement.

2. Production-Line comparison: the NKTD between the impor-
tance rank of the features in the production lines was calculated 
for each XAI method, again separately for defects and halts, to 
examine the consistency between the production lines.

3. Task comparison: we computed the NKTD between rankings for 
defects and halts for each production line and XAI method to 
assess alignment between the two predictive tasks.

For the second objective, to assess the alignment between XAI 
knowledge and operator expertise, we presented the feature importance 
rankings obtained from the SHAP and 1DSA methods to the company’s 
operators and collected their feedback. In addition, operators were 
asked to classify the features according to their expected impact lev-
els (‘‘Low’’, ‘‘Medium’’, ‘‘High’’, or ‘‘Very High’’) for both production 
defects and halts. To facilitate a direct comparison, we applied a 
quantile binarization process to the XAI-derived feature importance 
values, aligning them with the operators’ categorical classifications. To 
quantify this alignment, we assign a numerical scale to categories (1 – 
‘‘Low’’, 2 – ‘‘Medium’’; 3 – ‘‘High’’; and 4 – ‘‘Very High’’) and calculate 
the Mean Absolute Error (MAE) between the qualitative expert rankings 
and XAI-derived ones.

4. Results

4.1. Predictive results

The RW experiments were conducted on an Ubuntu 20.04 virtual 
machine equipped with 32 GB of memory and an Intel(R) Xeon(R) E5-
2650 v4 @ 2.20 GHz CPU with 16 cores. Table  3 shows the average 
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computational effort (for one RW iteration, in seconds) required by 
the different ML algorithms. The AutoML model selection process took 
approximately 8 min for the H2O tool, approximately 16 min for 
Ludwig, and 34 min for DFFN. Regarding the training and inference 
effort, Ludwig is the most computationally demanding tool, requiring 
around 3 min of training time and almost 1 s to predict one instance. In 
comparison, the other AutoML tools (H2O and DFFN) are substantially 
faster, requiring a training time of 15 to 16 s and an inference time 
of a few milliseconds. As expected, the LogR method (which does not 
require any model selection) is the fastest, requiring just around 5 
centiseconds of training time and 0.3 ms to predict one example.
Table 3
Average computational effort (time elapsed, in seconds; best values in bold) for ML 
model selection, training and inference (one prediction).
 Model Time elapsed (s)
 Selection Training Inference 
 LogR – 0.07 0.0003  
 H2O 509 14.87 0.0111  
 Ludwig 951 162.41 0.7117  
 DFFN 2,064 16.14 0.0617  

Table  4 presents the predictive performance of the RW evaluation, 
reporting the median AUC along with the interquartile range (IQR) in 
all 𝑈 = 10 iterations for each ML algorithm under the LSM approach. 
The row labeled ALL reflects the aggregated performance across all 
production lines.

In the STL approach for defect prediction, the LogR, H2O AutoML 
and DFFN models exhibited similar performance, with no model dis-
tinctly outperforming the others, whereas Ludwig consistently under-
performed across all production lines. In contrast, for halt prediction, 
LogR demonstrated superior performance in the majority of cases, only 
marginally lagging behind H2O in PL1.

In contrast, under the MTL setup, the DFFN model consistently 
outperformed Ludwig by a small margin in most scenarios, with the 
exception of the prediction of defects in PL3 and the corresponding 
global metric. However, all MTL configurations showed poorer perfor-
mance relative to their STL counterparts, which ultimately motivated 
the selection of STL over MTL.

While MTL theoretically offers the advantage of leveraging shared 
representations to capture task correlations, its practical success hinges 
on the presence of strong and consistent interdependencies between 
targets. In our case, the XAI analysis performed in Section 4.2 (e.g.,
Table  9) revealed that defects and halts are influenced by different 
rankings of relevant input features. Consequently, the shared modeling 
constraints imposed by MTL tended to degrade the individual task 
performance. STL, on the contrary, enable ML models to independently 
specialize in the unique data distributions and predictive patterns 
of each target. This property resulted in more accurate and robust 
task-specific predictions.

For demonstration purposes, the left of Fig.  3 illustrates the ROC 
curve that was obtained by LogR (in blue, with an AUC of 0.81) for the 
𝑢 = 7th RW iteration to predict defects. For all threshold values, LogR 
outperforms Ludwig’s STL predictive performance (in orange, with an 
AUC of 0.68). For the LogR curve, we selected two different thresholds: 
a more sensitive (𝐾 = 0.21, in red) and a more specific (𝐾 = 0.69, in 
green). The respective confusion matrices are shown to the right of Fig. 
3. For each matrix, we present the False Negative Rate (FNR) and False 
Positive Rate (FPR) values. Within the Industry 4.0 context, it is often 
relevant to present low FNR values (e.g., low chance of missing a halt 
or defect), thus the 𝐾 = 0.21 threshold is considered more relevant. In 
this case, an interesting FNR value of just 4% was obtained.

Taking into account both predictive performance and computational 
effort, the LogR algorithm emerges as a highly favorable ML option. 
In effect, LogR offers much faster training and comparable (or slightly 
higher) predictive performance when compared with the more complex 
algorithms. Consequently, the LogR model was selected for the LSM 
versus LAM experiments, with the results outlined in Table  5.
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Fig. 2. Schematic of the AUC calculation for the LSM (a) and LAM (b) approaches.
Table 4
Median AUC ± IQR results for the LSM approach (best results in bold for each ML predictive task, target and production line).
 Task Target Prod. line Algorithm

 LogR H2O DFFN LUDWIG  
 

ST
L

De
fe
ct
s PL1 0.655 ± 0.082 0.667 ± 0.044 0.721 ± 0.047 0.629 ± 0.046  

 PL2 ⋄0.694 ± 0.046 0.724 ± 0.059 0.679 ± 0.069 0.628 ± 0.057  
 PL3 ⋄0.819 ± 0.052 0.808 ± 0.057 0.800 ± 0.049 0.760 ± 0.067  
 ALL† ⋄0.712 ± 0.041 0.722 ± 0.053 0.716 ± 0.040 0.657 ± 0.039  
 

H
al
ts

PL1 ⋄0.785 ± 0.023 0.790 ± 0.064 0.778 ± 0.028 0.698 ± 0.045  
 PL2 ⋄0.716 ± 0.054 0.704 ± 0.046 0.713 ± 0.048 0.572 ± 0.034  
 PL3 ⋄ ∙0.818 ± 0.031 0.780 ± 0.041 0.784 ± 0.076 0.698 ± 0.040  
 ALL† ⋄0.756 ± 0.045 0.735 ± 0.043 0.744 ± 0.043 0.632 ± 0.032  
 

M
TL

De
fe
ct
s PL1 – – 0.660 ± 0.067 0.622 ± 0.083  

 PL2 – – 0.694 ± 0.052 0.679 ± 0.030  
 PL3 – – 0.758 ± 0.047 0.784 ± 0.041 
 ALL† – – 0.686 ± 0.040 0.696 ± 0.027 
 

H
al
ts

PL1 – – 0.791 ± 0.071 0.743 ± 0.042  
 PL2 – – 0.695 ± 0.034 0.691 ± 0.063  
 PL3 – – 0.813 ± 0.058 0.805 ± 0.037  
 ALL† – – 0.726 ± 0.036 0.707 ± 0.066  
∙Statistically significant compared to DFFN.
⋄Statistically significant compared to LUDWIG.
†Computed value (not an actual ML model).
Fig. 3. Examples of two defects prediction ROC curves for the 𝑢 = 7th RW iteration (left) and confusion matrices for two LogR selected threshold (𝐾) values (right).
Table  5 compares the LSM and LAM approaches when adopting 
the LogR algorithm. The results reveal a slight preference for the 
LAM approach in the defect prediction task and a more pronounced 
preference for the LSM approach in the halt prediction task. However, 
the performance differences between the two approaches are minimal, 
particularly in the defect prediction case, with a mean difference of 
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0.036 across the three production lines and 0.009 in the global sce-
nario. For the halt prediction, the differences are slightly larger, with 
a 0.048 mean difference between the production lines and a 0.052 
difference in the global scenario. Given that most experiments favored 
the LSM approach, it was chosen as the best overall strategy. As a result, 
six separate LogR models were developed (one for each production line 
and predictive task).
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Table 5
Comparison of LogR median AUC ± IQR results for LSM and LAM approaches (best results in bold).
 Production line Defects Halts

 LSM LAM LSM LAM  
 PL1 0.655 ± 0.082 0.697 ± 0.139a 0.785 ± 0.023 0.737 ± 0.025a 
 PL2 0.694 ± 0.046 0.728 ± 0.131a 0.716 ± 0.054 0.664 ± 0.152a 
 PL3 0.819 ± 0.052 0.786 ± 0.099a 0.818 ± 0.031 0.773 ± 0.045a 
 ALL 0.712 ± 0.041a 0.721 ± 0.038 0.756 ± 0.045a 0.704 ± 0.054  
a Computed value (not an actual ML model).
Although only pre-production inputs were used by the selected 
predictive models, the discrimination levels obtained are of quality, 
ranging from 70% (reasonable) to 82% (very good). In fact, the predic-
tive results were shown to the domain experts, who considered them 
very interesting and useful for planning purposes.

4.2. Explainable AI analysis

In this study, we applied the SHAP and 1DSA XAI techniques to the 
selected LogR models, allowing us to examine the global contributions 
of the various input features (described in Table  2) to the models’ pre-
dictions. Although LogR is a more interpretable model when compared 
with other tested models (e.g. XGBoost, DFFN), it still makes sense to 
apply XAI methods for this model. Both SHAP and 1DSA can provide 
visual graphs of the extracted knowledge that are easier to analyze 
by domain experts. Also, some of the explored XAI graphs, such as 
Variable Effect Characteristic (VEC) curves, are not trivial to retrieve 
directly from the LogR model. Similarly to our approach, we note that a 
recent related study also applied XAI methods (SHAP and LIME) after a 
LogR modeling [44]. Secondly, the explored SHAP and 1DSA methods 
are model agnostic, and thus the proposed XAI evaluation procedure 
can still be adopted if in the future other complex ML algorithms 
outperform the LogR model (e.g., new AutoML methods).

The SHAP and 1DSA methods were applied to all trained models 
(total of 𝑈 = 10 distinct models) of the RW procedure. In preliminary 
computational experiments, we applied SHAP and 1DSA to the first 
logR models in the rolling window, using all training data. However, 
the computational time required by SHAP was considerably high com-
pared to 1DSA for the same task. Thus, to reduce computational effort, 
we opted to use a sample of 𝑅𝑠 = 500 entries (randomly extracted 
from the training set), using the same sample for both SHAP and 1DSA 
methods for a particular 𝑢th RW iteration. Using this smaller 𝑅𝑠 sample, 
the processing time for both algorithms was significantly reduced. The 
execution times for SHAP and 1DSA for both sample sizes are presented 
in Table  6.
Table 6
Comparison of SHAP and 1DSA execution times per RW iteration, in seconds (best 
values in bold).
 Sample size (𝑅𝑠) Algorithms

 SHAP 1DSA 
 6,478 20,634.8 12.8
 500 1,973.9 7.2

To visualize the rankings and variability of the feature importance 
scores, the outputs of both XAI methods were presented as boxplots of 
the 𝑈 = 10 RW iterations (Figs.  4 and 5). In general, SHAP boxplots 
exhibit more narrow boxes and whiskers compared to 1DSA. The box-
plots are colored and grouped according to a four-level scale quantile 
binarization (explained in the qualitative XAI analysis). Regarding the 
input rankings, the QTY feature was consistently positioned as the most 
important input. This was an expected result, as higher production vol-
umes increase the likelihood of problems arising. Furthermore, TPRW, 
TPHW, and BPRC features consistently rank among the most important 
on all production lines. The features related to the actionable recipe 
values (TEMPUP, TEMPDW, THERMCT, MECHCT, and CYCHOUR) also 
exhibit medium to very high importance. On the other extreme, the 
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DPBF and DPTF features consistently rank among the least important 
inputs.

For demonstration purposes, Fig.  6 illustrates the influence of vari-
ables QTY, TPRW, TPHW, and BPRC during the fifth iteration of the RW 
process, presented as Variable Effect Characteristic (VEC) curves. The 
VEC plots (SHAP – red curve; 1DSA – blue curve) show the average 
impact of each input variable on the model predictions [13,14]. The 
plots also include the input histograms on the training data (shown in 
terms of the gray bars). The visual analysis of Fig.  6 confirms a strong 
agreement between both XAI methods, which produce very similar 
VEC curves. Regarding the input influence, the VEC graphs confirm 
a stronger and positive non-linear effect of QTY on the probability of 
defects anomaly (for all production lines). As for the other inputs, there 
is in general a moderate negative and more linear effect in the predicted 
output response.

To quantitatively compare the importance of input features, we 
calculated the NKTD value between SHAP and 1DSA rankings for 
each production line (PL1, PL2, PL3), analyzing the defects and halts 
separately to evaluate the alignment between the two methods (Table 
7). Next, we computed the NKTD between production lines for each 
XAI method, again separating defects and halts, to assess the alignment 
between the importance ranking of features between production lines 
(Table  8). Finally, we calculated the NKTD between defects and halts 
for each production line and XAI method to evaluate the alignment of 
the rankings between these predictive tasks (Table  9).
Table 7
Normalized Kendall Tau Distance (NKTD) between 1DSA and SHAP methods for each 
predictive task and production line.
 Production line Predictive task
 Defects Halts  
 PL1 0.08 0.08  
 PL2 0.08 0.10  
 PL3 0.10 0.17  
Table 8
Normalized Kendall Tau Distance (NKTD) between production lines for each predictive 
task and XAI method.
 Production line Predictive task
 Defects Halts

 1DSA SHAP 1DSA SHAP 
 PL1 vs. PL2 0.21 0.20 0.19 0.18  
 PL1 vs. PL3 0.23 0.24 0.29 0.37  
 PL2 vs. PL3 0.21 0.23 0.32 0.34  
Table 9
Normalized Kendall Tau Distance (NKTD) between Defects and Halts for each produc-
tion line and XAI method.
 Production line XAI method
 1DSA SHAP 
 PL1 0.23 0.26  
 PL2 0.21 0.20  
 PL3 0.25 0.27  

The NKTD values that compare SHAP and 1DSA rankings (Table 
7) remain consistently low across all production lines (below 0.17), 
indicating a strong alignment between both methods in the overall 
ranking of features importance. However, halts consistently exhibit 
slightly higher NKTD values compared to defects, reflecting a greater 
divergence between SHAP and 1DSA in capturing feature importance 
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Fig. 4. Comparison of SHAP and 1DSA XAI methods for predicting defects on the three production lines (qualitative levels are signaled by using different colors).
for halt-related predictions. In particular, the NKTD values increase 
from 0.08 in PL1 to 0.17 in PL3, suggesting that PL3 halts are influ-
enced by factors interpreted somewhat differently by SHAP and 1DSA. 
Regarding NKTD values between production lines (Table  8), these are 
more pronounced, ranging from 0.18 to 0.37. For defects, both SHAP 
and 1DSA show relatively stable NKTD values across production line 
comparisons, generally between 0.20 and 0.25. In contrast, halts exhibit 
higher NKTD values, particularly in comparisons involving PL1 vs. PL3 
and PL2 vs. PL3. For example, 1DSA reports an NKTD of 0.29 for PL1 vs. 
PL3, while SHAP reaches 0.37 for the same comparison. These results 
denote some variability in the feature importance rankings between 
production lines, with SHAP demonstrating a greater sensitivity to pro-
duction line differences than 1DSA. Lastly, a moderate disagreement is 
observed between the ranking of defects and halts for each production 
line and XAI method (Table  9), with NKTD values ranging from 0.20 
to 0.27. This finding indicates that the feature importance rankings are 
somewhat task-dependent, varying between defects and halts for both 
XAI methods, which could explain why STL obtained better predictive 
results (see Section 4.1) when compared to MTL.

When presented with these findings, the operators’ responses were 
moderately positive, with mixed perspectives on specific features. The 
identification of QTY as the most influential feature was received with 
some skepticism. Although its importance is operationally intuitive, 
since higher production volumes can correlate with a higher likelihood 
of halts or defects, experts noted that QTY is largely externally dictated 
by customer demand. As such, its predictive value offers limited utility 
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for direct control or intervention. In contrast, the features related to 
the decorated particleboard, the top and bottom papers, and the raw 
board received favorable feedback. These features were highlighted as 
valuable because their impacts were less understood by the operators 
before the analysis. However, recipe-related features, particularly the 
top and bottom temperatures and the thermal cycle, were criticized 
for their moderate importance rankings, as operators viewed these 
parameters as critical to production outcomes.

Based on this feedback, the operators categorized the features into 
four qualitative levels (‘‘Low’’, ‘‘Medium’’, ‘‘High’’, and ‘‘Very High’’) 
for their perceived impact on production halts and defects, as detailed 
in Table  10. The table also describes the input attributes (9 out of 26) 
that are actionable, i.e., the features that can be changed freely and are 
not externally driven.

To obtain the qualitative level classifications directly from the XAI 
methods and avoid the need for manual threshold selection, we ap-
plied a quantile binarization to the XAI feature importance values, as 
illustrated in the boxplot color scheme presented in Figs.  4 and 5. The 
resulting classifications of the predictive models were then compared 
with those provided by the operators, as shown in Table  11.

The comparison revealed several similarities and some differences 
between the feature importance rankings provided by the operators 
and those derived from the XAI methods. For example, features such 
as QTY, TPRC, BPRC, and DPCC exhibited strong agreement between 
qualitative assessments and model-derived rankings. Other input fea-
tures, such as PCC, PF, and MECHCT, also showed a close alignment, 
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Fig. 5. Comparison of SHAP and 1DSA XAI methods for predicting halts on the three production lines (qualitative levels are signaled by using different colors).
Table 10
Qualitative importance assigned to the inputs by the domain experts (operators).
 Attribute Perceived impact Actionable 
 Quantity of Decorated Particleboard to be Produced (QTY) Very High –  
 Decorated Particleboard Characteristic Code (DPCC) Medium –  
 Decorated Particleboard Length (DPL) Low –  
 Decorated Particleboard Width (DPW) Low –  
 Decorated Particleboard Thickness (DPT) Medium –  
 Decorated Particleboard Top Finishing (DPTF) High –  
 Decorated Particleboard Bottom Finishing (DPBF) High –  
 Particleboard Characteristic Code (PCC) Medium –  
 Particleboard Finishing (PF) Medium –  
 Top Paper Characteristic code (TPCC) High –  
 Top Paper Resin Content (TPRC) Very High ✓  
 Top Paper Volatile Content (TPVC) Very High ✓  
 Top Paper Manufacturing Process (TPMP) High –  
 Top Paper Resin Weight (TPRW) Medium –  
 Top Paper Humidity Weight (TPHW) Medium –  
 Bottom Paper Characteristic Code (BPCC) High –  
 Bottom Paper Resin Content (BPRC) Very High ✓  
 Bottom Paper Volatile Content (BPVC) Very High ✓  
 Bottom Paper Manufacturing Process (BPMP) High –  
 Bottom Paper Resin Weight (BPRW) Medium –  
 Bottom Paper Humidity Weight (BPHW) Medium –  
 Recipe Value for the Press’ Top Plate Temperature (TEMPUP) Very High ✓  
 Recipe Value for the Press’ Bottom Plate Temperature (TEMPDW) Very High ✓  
 Recipe Value for the Mechanical Cycle (MECHCT) Medium ✓  
 Recipe Value for the Thermal Cycle (THERMCT) Very High ✓  
 Recipe Value for the Number of Press Cycles per Hour (CYCHOUR) Medium ✓  
10
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Fig. 6. Influence of features (a) QTY, (b) TPRW, (c) TPHW and (d) BPRC for Production Lines (PL) 1, 2 and 3 for predicting defects.
with discrepancies limited to one classification level. In contrast, the 
features TPVC and BPVC, deemed ‘‘Very High’’ (VH) by the operators, 
were frequently categorized as ‘‘Low’’ (L) by the predictive models.

The qualitative analysis presented in Table  11 indicates that most 
actionable features (6 out of 9) exert a high to very high impact on 
predictive results, namely TPRC, BPRC, TEMPUP, TEMPDW, THERMCT 
and CYCHOUR. This implies that operators have some ability to influ-
ence production outcomes by modulating these input features to obtain 
a desired predictive outcome. For instance, as shown in left of Fig. 
6(d), increasing the value of BPRC for PL1 decreases the probability 
of defects.

Finally, regarding the MAE values for the qualitative XAI compar-
ison (last row from Table  11), we note a close alignment between 
11
XAI-derived and operators-derived rankings, ranging from 1.15 to 1.47 
(average difference of approximately one level). When comparing the 
two XAI methods, SHAP demonstrated slightly better alignment for 
halts, particularly for PL3 (MAE = 1.15), while 1DSA showed slightly 
improved alignment for defects (e.g. MAE = 1.19 for PL1).

5. Conclusions

This paper presents a Machine Learning (ML) approach for predict-
ing particleboard production halts and defects within a multi-line In-
dustry 4.0 environment. Our contributions are threefold: first, we focus 
on the planning phase of production, using only pre-production input 
features, diverging from the predominant related work that emphasize 
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Table 11
Comparison of LogR feature importance with qualitative feature importances for each predictive task, XAI method and production line (bold denotes the best MAE values per 
predictive task, XAI method and production line).
 Attribute  Qualitative feature importance LogR feature importance
 Defects Halts

 1DSA SHAP 1DSA SHAP

 PL1 PL2 PL3 PL1 PL2 PL3 PL1 PL2 PL3 PL1 PL2 PL3  
 QTY VH VH VH VH VH VH VH VH VH VH VH VH VH  
 DPCC M M M M M M M H M M H M H  
 DPL L H VH VH H H H VH VH VH VH H VH  
 DPW L M M H H H VH H H H H VH VH  
 DPT M H VH VH VH VH VH H H VH VH H H  
 DPTF H M M L M M L L L L L L L  
 DPBF H L M L L L L L L L L L L  
 PCC M L M L L M L M H M M H H  
 PF M M L M L L M M L L L L M  
 TPCC H L L M L M M L L M L M M  
 TPRC VH VH VH H H VH M VH VH M VH VH VH  
 TPVC VH L L L L L L M L L L L L  
 TPMP H M L L M L L L M L M M L  
 TPRW M VH VH VH VH VH VH VH H H H H H  
 TPHW M VH VH VH VH VH VH VH H H H H H  
 BPCC H L L M M M M L L L L M M  
 BPRC VH VH VH VH VH VH H VH VH VH VH VH H  
 BPVC VH L M L L L L M L M M L L  
 BPMP H M L L M L L L M L M L L  
 BPRW M H H H H H H VH VH H VH VH M  
 BPHW M H H H H VH H VH VH H VH VH M  
 TEMPUP VH VH H H VH H H M M VH M M VH  
 TEMPDW VH H H H H H VH M M M M M VH  
 MECHCT M L L M L L M L M H L L M  
 THERMCT VH H H M M M H H H VH H H VH  
 CYCHOUR M VH H VH VH H VH H VH VH H VH VH  

MAE 1.19 1.27 1.42 1.35 1.35 1.42 1.46 1.42 1.35 1.42 1.42 1.15 

L - Low; M - Medium; H - High; VH - Very High.
the execution and inspection phases. Second, we develop a compre-
hensive empirical ML framework that evaluates the performance of 
Single-Task Learning (STL) versus Multi-Task Learning (MTL) and Line-
Specific Modeling (LSM) versus Line-Agnostic Modeling (LAM). Third, 
we enhanced model transparency and trustworthiness by incorporating 
eXplainable Artificial Intelligence (XAI) methods with both quantitative 
and qualitative analyses.

The ML experiments compared Logistic Regression (LogR) and 
three Automated Machine Learning (AutoML) algorithms: a Bayesian-
optimized Deep Feedforward Network (DFFN) and the H2O and Ludwig 
AutoML tools. For the prediction of defects in the STL approach, 
LogR, H2O and DFFN demonstrated similar performance, while Ludwig 
performed poorly in all production lines. For halts, LogR performed 
strongly overall, surpassed only by H2O in PL1. In MTL experiments, 
DFFN slightly outperformed Ludwig in most scenarios. However, STL 
consistently achieved better results than MTL, probably because of 
the influence of distinct input feature rankings for defects and halts, 
making it the preferred approach as it enables models to specialize in 
target-specific patterns.

Among the ML algorithms tested, LogR demonstrated strong pre-
dictive performance and computational efficiency, making it the most 
suitable choice for further experimentation. In the LSM versus LAM 
experiments, the results showed a slight preference for LAM for defects 
and a stronger preference for LSM for halts. The overall effectiveness of 
LSM led to its selection, resulting in six LogR models tailored to each 
production line and predictive task.

To enhance transparency and operational trust, we applied SHapley 
Additive exPlanations (SHAP) and One-Dimensional Sensitivity Analy-
sis (1DSA) for feature importance ranking and compared their output 
using the Normalized Kendall Tau Distance (NKTD) ranking metric. 
Both methods produced consistent results, and their rankings aligned 
well with qualitative insights from plant operators, differing, on aver-
age, by just one level on a four-tier relevance scale. Given its lower 
12
computational cost, 1DSA is recommended as a lightweight but ef-
fective alternative to SHAP in similar production planning scenarios 
typical of Industry 4.0 environments.

In terms of research and practical implications, this work demon-
strates that the proposed predictive models (LogR algorithm and LSM 
approach) are computationally fast and potentially valuable for par-
ticleboard production planning, given that only pre-production inputs 
were used and that the models achieved reasonable (70%) to very 
good (82%) predictive performance. Furthermore, the proposed quan-
titative and qualitative XAI analysis (e.g. NKTD measures) can be easily 
adapted to other studies in the Industry 4.0 domain (e.g. textile sector). 
Regarding the XAI findings, we confirmed that several of the most 
influential features align with the particleboard production domain 
knowledge and are actionable (e.g., Top Paper Resin Content - TPRC, 
Top Plate Temperature - TEMPUP).

In terms of limitations, although our evaluation followed a realistic 
simulation setup, using a Rolling Window (RW) strategy to mimic 
the deployment of ML in a real-world setting, all experiments were 
conducted offline after collecting the full set of particleboard produc-
tion data. Consequently, while the empirical results demonstrate strong 
predictive potential, the proposed models and their associated explain-
ability outputs have not yet been tested for their practical impact on 
actual production planning decisions. Another limitation is that we 
primarily relied on a single criterion to measure predictive performance 
(AUC of the ROC curve). Furthermore, while qualitative XAI validation 
with domain experts supports the relevance of the identified input 
features, it is important to recognize that expert assessments may be 
influenced by subjective perceptions, biases, or incomplete knowledge.

In terms of future work, a real-time alert system is currently be-
ing designed to notify operators of imminent defects or halt-prone 
conditions, allowing proactive interventions. Moreover, in conjunc-
tion with the domain experts, we are currently assessing the benefits 
and costs associated with correct predictions and misclassifications to 
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automatically select the best decision thresholds (e.g., using valida-
tion data). Also, we are implementing a multi-objective optimization 
framework based on evolutionary metaheuristics that leverages the 
predictive models as surrogates for the physical process to recommend 
optimized particleboard recipes (i.e., actionable pre-production inputs) 
for upcoming batches. Both developments are being integrated into an 
Intelligent Decision Support System (IDSS) tailored for particleboard 
manufacturing, allowing real-time interaction with production planners 
and supporting continuous feedback and model refinement. Further-
more, we are exploring the use of the IDSS in a dynamic scheduling 
application that adapts resource allocation based on predictive insights, 
in order to minimize downtime and improve operational efficiency.
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Table A.1
List of Acronyms used in this manuscript.
 Acronym Description  
 1DSA One-Dimensional Sensitivity Analysis  
 AE AutoEncoder  
 ANN Artificial Neural Network  
 AoT Ahead-of-Time  
 AUC Area Under the Curve  
 AutoML Automated Machine Learning  
 BPCC Bottom Paper Characteristic Code  
 BPHW Bottom Paper Humidity Weight  
 BPMP Bottom Paper Manufacturing Process  
 BPRC Bottom Paper Resin Content  
 BPRW Bottom Paper Resin Weight  
 BPVC Bottom Paper Volatile Content  
 CNN Convolutional Neural Network  
 CYCHOUR Recipe Value for the Number of Press Cycles per Hour 
 DFFN Deep FeedForward Network  
 DPBF Decorated Particleboard Bottom Finishing  
 DPCC Decorated Particleboard Characteristic Code  
 DPL Decorated Particleboard Width  
 DPT Decorated Particleboard Thickness  
 DPTF Decorated Particleboard Top Finishing  
 DPW Decorated Particleboard Width  
 DRF Distributed Random Forest  
 DT Decision Tree  
 ECD Encoder-Combiner-Decoder  
 FNR False Negative Rate  
 FPR False Positive Rate  
 GBM Gradient Boosted Machines  
 GLM Generalized Linear Model  
 ICE Individual Conditional Expectation  
 IDF Inverse Document Frequency  
 IDSS Intelligent Decision Support System  
 IF Isolation Forest  
 IoT Internet of Things  
 IQR InterQuartile Range  
 KNN K-Nearest Neighbors  
 LAM Line-Agnostic Modeling  
 LIME Local Interpretable Model-agnostic Explanations  
 LinR Linear Regression  
 LGBM Light Gradient Boosting Machine  
 LogR Logistic Regression  
 LSM Line-Specific Modeling  
 LSTM Long Short Term Memory  
 MAE Mean Absolute Error  
 MECHCT Recipe Value for the Mechanical Cycle  
 MES Manufacturing Execution System  
 ML Machine Learning  
 MTL Multi-Task Learning  
 NB Naive Bayes  
 NKTD Normalized Kendall Tau Distance  
 OHE One-Hot Encoding  
 PCC Particleboard Characteristic Code  
 PDP Partial Dependence Plots  
 PF Particleboard Finishing  
 PL{1,2,3} Production Line {1, 2, 3}  
 QTY Quantity of Decorated Particleboard to be Produced  
 R&D Research and Development  
 RF Random Forest  
 RNN Recurrent Neural Network  
 ROC Receiver Operating Characteristic  
 RW Rolling Window  
 SHAP SHapley Additive exPlanations  
 STL Single-Task Learning  
 SVM Support Vector Machine  
 TEMPDW Recipe Value for the Press’ Bottom Plate Temperature  
 TEMPUP Recipe Value for the Press’ Top Plate Temperature  
 THERMCT Recipe Value for the Thermal Cycle  
 TPCC Top Paper Characteristic Code  
 TPHW Top Paper Humidity Weight  
 TPMP Top Paper Manufacturing Process  
 TPR True Positive Rate  
 TPRC Top Paper Resin Content  
 TPRW Top Paper Resin Weight  
 (continued on next page)
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Table A.1 (continued).
 Acronym Description  
 TPVC Top Paper Volatile Content  
 VEC Variable Effect Characteristic  
 XAI eXplainable Artificial Intelligence 
 XGBoost Extreme Gradient Boosting  

Table B.1
H2O selected models for each modeling approach and predictive task.
 Modeling approach Production line Predictive task
 Defects Halts  
 
LSM

PL1 XGBoost XGBoost 
 PL2 GBM GLM  
 PL3 GBM GBM  
 LAM – GBM XGBoost 

Table B.2
H2O hyperparameters and searchable values for the GLM model.
 𝜌 Description Searchable values 
 alpha Regularization 

distribution between L1 
and L2

0.0 to, 1.0  

Table B.3
H2O hyperparameters and searchable values for the GBM model.
 𝜌 Description Searchable values  
 col_sample_rate Column sample rate 0.4, 0.7, 1.0  
 col_sample_rate_per_tree Column sample rate per tree 0.4, 0.7, 1.0  
 learn_rate Learning rate Hard coded: 0.1  
 max_depth Maximum tree depth 3 to 17  
 min_rows Minimum number of 

observations for a leaf
1, 5, 10, 15, 30, 100 

 min_split_improvement Minimum relative 
improvement in squared error 
reduction in order for a split 
to happen

1𝑒−4, 1𝑒−5  

 ntrees Number of trees Hard coded: 10,000a  
 sample_rate Row sampling ratio of the 

training instance
0.5 to 1.0  

a True value found by early stopping.

Table B.4
H2O hyperparameters and searchable values for the XGBoost model.
 𝜌 Description Searchable values  
 booster Booster type ’gbtree’, ’dart’  
 col_sample_rate Column sample rate 0.6, 0.8, 1.0  
 col_sample_rate_per_tree Column sample rate per tree 0.7, 0.8, 0.9, 1.0  
 max_depth Maximum tree depth 5, 10, 15, 20  
 min_rows Minimum number of 

observations for a leaf
0.01, 0.1, 1.0, 3.0, 5.0, 
10.0, 15.0, 20.0

 

 ntrees Number of trees Hard coded: 10,000a  
 reg_alpha Value for L1 regularization 0.001, 0.01, 0.1, 1, 10, 

100
 

 reg_lambda value for L2 regularization 0.001, 0.01, 0.1, 0.5, 1  
 sample_rate Row sampling ratio of the 

training instance
0.6, 0.8, 1.0  

a True value found by early stopping.
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Table B.5
H2O XGBoost hyperparameters values for PL1.
 Hyperparameter (𝜌) Modeling task
 Defects Halts  
 booster dart gbtree 
 col_sample_rate 1.0 0.6  
 col_sample_rate_per_tree 0.8 1.0  
 max_depth 12 9  
 min_rows 20 3  
 ntrees 300 35  
 reg_alpha 0.01 0.5  
 reg_lambda 100 100  
 sample_rate 0.8 0.8  

Table B.6
H2O GBM and GLM hyperparameters values for PL2.
 Modeling task Model Hyperparameter (𝜌) Value 
 

Defects GBM

col_sample_rate 0.4  
 col_sample_rate_per_tree 1.0  
 learn_rate 0.1  
 max_depth 12  
 min_rows 100.0 
 min_split_improvement 1𝑒−4  
 ntrees 34  
 sample_rate 0.6  
 Halts GLM alpha 0.0  

Table B.7
H2O GBM hyperparameters values for PL3.
 Hyperparameter (𝜌) Modeling task
 Defects Halts  
 col_sample_rate 1.0 0.7  
 col_sample_rate_per_tree 1.0 1.0  
 learn_rate 0.1 0.1  
 max_depth 16 3  
 min_rows 100 10  
 min_split_improvement 1e−4 1e−4 
 ntrees 35 31  
 sample_rate 0.5 0.5  

Table B.8
Deep Feedforward Neural Network (DFFN) hyperparameters.
 𝜌 Description Searchable values Selected values  
 𝑁𝑙𝑎𝑦𝑒𝑟𝑠 Number of hidden layers in 

the network
1 to 7 4  

 𝐻𝑈1 Number of units of the first 
hidden layer

1 to 1024 𝐻𝑈1 = 727  

 
𝐻𝑈𝑖

Number of units of the 𝑖th 
subsequent hidden layers 1 to 1.2 ⋅𝐻𝑈𝑖−1

𝐻𝑈2 = 747  
 𝐻𝑈3 = 511  
 𝐻𝑈4 = 256  
 
𝐻𝐴𝑖

Activation Function in the 𝑖th 
subsequent hidden layers

‘linear’, ‘ReLu’, 
‘tanh’

𝐻𝐴1 = 𝑅𝑒𝐿𝑢  
 𝐻𝐴2 = 𝑅𝑒𝐿𝑢  
 𝐻𝐴3 = 𝑙𝑖𝑛𝑒𝑎𝑟  
 𝐻𝐴4 = 𝑅𝑒𝐿𝑢  
 
𝐷𝑖

Whether to include a dropout 
layer after the 𝑖th subsequent 
hidden layers

False, True
𝐷1 = 𝐹𝑎𝑙𝑠𝑒  

 𝐷2 = 𝐹𝑎𝑙𝑠𝑒  
 𝐷3 = 𝐹𝑎𝑙𝑠𝑒  
 𝐷4 = 𝑇 𝑟𝑢𝑒  
 
𝐷𝑉𝑖

Dropout rate to use in the 𝑖th 
dropout layer 0.1 to 0.5

𝐷𝑉1 = 0  
 𝐷𝑉2 = 0  
 𝐷𝑉3 = 0  
 𝐷𝑉4 = 0.22  
 
𝐵𝑁𝑖

Whether to include a Batch 
Normalization layer after the 
𝑖th subsequent hidden layers

False, True
𝐵𝑁1 = 𝐹𝑎𝑙𝑠𝑒  

 𝐵𝑁2 = 𝑇 𝑟𝑢𝑒  
 𝐵𝑁3 = 𝑇 𝑟𝑢𝑒  
 𝐵𝑁4 = 𝐹𝑎𝑙𝑠𝑒  
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Table B.9
Ludwig hyperparameters.
 𝜌 Description Searchable values  
 size Size of the hidden layers 8, 16, 24, 32, 64  
 output_size Output size of a fully connected layer 8, 16, 24, 32, 64, 128  
 num_steps Number of steps/repetitions of the attentive 

transformer and feature transformer computations
3, 4, 5, 6, 7, 8, 9, 10  

 bn_momentum Momentum of the batch norm 0.4, 0.3, 0.2, 0.1, 0.05, 0.02  
 bn_virtual_bs Size of the virtual batch size used by ghost batch 

norm
256, 512, 1024, 2048, 4096  

 sparsity Multiplier of the sparsity inducing loss 0.0, 1e−06, 0.0001, 0.001, 0.01, 0.1 
 relaxation_factor Factor that influences how many times a feature 

should be used across the steps of computation
1.0, 1.2, 1.5, 2.0  

 learning_rate Controls how much to change the model in 
response to the estimated error each time the 
model weights are updated

2e-05 to 0.001 (loguniform)  

 decay_rate Decay per epoch (%) 0.8, 0.9, 0.95  
 decay_steps The number of steps to take in the exponential 

learning rate decay
500, 2000, 8000, 10000, 20000  
Table B.10
Ludwig hyperparameter values for PL1.
 Hyperparameter (𝜌) Modeling task
 Defects Halts MTL  
 size 32 32 32  
 output_size 8 128 8  
 num_steps 4 9 4  
 bn_momentum 0.3 0.2 0.3  
 bn_virtual_bs 2048 256 2048  
 sparsity 0.0001 0 0.0001  
 relaxation_factor 1 1 1  
 learning_rate 7.997e−04 1.745e−04 7.997e−04 
 decay_rate 0.8 0.95 0.8  
 decay_steps 20 000 500 20000  

Table B.11
Ludwig hyperparameter values for PL2.
 Hyperparameter (𝜌) Modeling task
 Defects Halts MTL  
 size 32 8 32  
 output_size 8 32 8  
 num_steps 4 5 4  
 bn_momentum 0.3 0.4 0.3  
 bn_virtual_bs 2048 512 2048  
 sparsity 0.0001 0 0.0001  
 relaxation_factor 1 2 1  
 learning_rate 7.997e−04 1.445e−04 7.997e−04 
 decay_rate 0.8 0.9 0.8  
 decay_steps 20 000 10000 20000  

Table B.12
Ludwig hyperparameter values for PL3.
 Hyperparameter (𝜌) Modeling task
 Defects Halts MTL  
 size 32 64 32  
 output_size 8 16 8  
 num_steps 4 3 4  
 bn_momentum 0.3 0.2 0.3  
 bn_virtual_bs 2048 256 2048  
 sparsity 0.0001 0.001 0.0001  
 relaxation_factor 1 1.2 1  
 learning_rate 7.997e−04 3.595e−04 7.997e−04 
 decay_rate 0.8 0.8 0.8  
 decay_steps 20 000 500 20000  
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