
Optimizing Safety Logic Device Selection with 
Machine Learning: A Classifier-Based Comparison 

1. Introduction

Machine learning (ML) is widely recognised as 
one of the key enabling technologies of Industry 
4.0 and has become an integral component of data-
driven manufacturing systems [1]-[6]. In industrial 
practice, ML techniques are commonly applied in 
areas such as predictive maintenance, anomaly detec-
tion, fault diagnosis, and process optimisation, where 
they contribute to improved efficiency and more 
informed decision-making [5], [6]. As illustrated in 

Figure 1, machine learning often forms the analyti-
cal backbone of modern cyber-physical production 
systems. Despite its widespread adoption in manu-
facturing and automation, the systematic application 
of ML within machinery safety engineering remains 
comparatively limited [7], [8].

Industrial machinery is inherently associated with 
safety risks, and accidents may lead to consequences 
ranging from minor injuries to severe or fatal harm [9], 
[10]. Within the framework of EN ISO 12100:2010, 
risk is defined as the combination of the probability 
of occurrence of harm and the severity of that harm. 

In Industry 4.0 manufacturing, selecting appropriate safety logic devices during machinery 
risk assessment is critical yet complex. This study applies supervised machine learning clas-
sification to predict safety logic device categories. We assembled an expert-informed dataset 
of 306 machine cases, each described by safety-related parameters and labelled with one of 
four target classes (Relay, CR30, GMX, GLX). Using the WEKA toolkit, we evaluated 32 
classifiers across four families (rule-based, instance-based, neural network, and tree/forest) 
using training-set evaluation and 5- and 10-fold cross-validation. On the holdout training 
data, classifiers achieved very high accuracy (average 97.1%), but cross-validation accuracies 
dropped to only 58–59%, indicating overfitting. Tree/forest ensembles (Random Forest, 
Random Tree, OptimizedForest) performed best overall (95.9% holdout test, 69.1% 5-fold 
cross-validation, 68.8% 10-fold cross-validation) compared to rule-based, instance-based, and 
multi-layer perceptron models. These results suggest that machine learning can effectively 
guide safety device selection, potentially reducing design time and cost in industrial safety 
engineering, while highlighting the need for expert oversight and larger datasets.
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In practice, estimating these components is challeng-
ing, as technical system characteristics interact with 
human behaviour and organisational conditions [10]. 
For this reason, machinery safety in Europe relies on 
structured risk assessment procedures supported by 
a framework of harmonised standards, including EN 
ISO 12100:2010, EN ISO 13849-1:2023, and EN 
IEC 62061:2021 [11]. Compliance with the Machin-
ery Directive 2006/42/EC and its successor, Regula-
tion (EU) 2023/1230, is commonly demonstrated 
through the application of harmonised standards.

Safety functions are typically realised through 
combinations of input devices, a logic subsystem, 
and output devices [12]. The logic subsystem plays a 
central role, as it processes safety-related signals and 
determines the appropriate system response. The se-
lection of a suitable safety logic device (from simple 
safety relays to modular safety PLC systems) depends 
on multiple interacting factors, such as the required 
Performance Level (PL), the number and complexity 
of safety functions, the machine configuration, and 
the number of safety-related inputs and outputs. A 
representative structure of a safety function is shown 
in Figure 2. In practice, these decisions are rarely 
straightforward and often require balancing techni-
cal, economic, and organisational considerations, 
particularly in non-standard operating modes such as 
setup or maintenance [13].

Although recent studies indicate that artificial in-
telligence and machine learning may support safety-

related engineering decisions by enabling more sys-
tematic and data-driven approaches [14], [15], their 
use in safety-critical contexts also raises important 
challenges related to interpretability, transparency, 
and regulatory acceptance [7]. To date, however, 
no published research has specifically addressed the 
use of supervised machine learning methods to pre-
dict categories of safety logic devices based on stan-
dardised safety parameters.

This article addresses this gap by applying super-
vised machine learning classification techniques to 
a dataset of industrial machinery cases labelled by 
safety engineering experts [16], [17]. The aim is to 
support engineers during the early stages of safety-
oriented machine design by providing data-driven 
guidance for the selection of suitable safety logic de-
vices, while maintaining full compliance with estab-
lished safety standards.

2. Methodology

2.1. Dataset

The dataset used in this study consists of 306 in-
dustrial machinery cases that were evaluated and la-
belled by experienced safety engineering profession-
als. Each case represents a real industrial machine or 
production system that has undergone a formal risk 
assessment in accordance with applicable machinery 

Figure 1. Machine learning as the Core of Industry 4.0
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safety standards. Each machine is described using a 
set of safety-relevant attributes that reflect the prac-
tical criteria typically considered during the design 
of safety-related control systems. An overview of all 
input attributes is provided in Table 1. The dataset 
includes numerical parameters, such as the number 
of safety functions, access points to hazardous areas, 
and the number of safety-related inputs and outputs. 
In addition, categorical and Boolean attributes are 
considered, including the required Performance 
Level according to EN ISO 13849-1:2023, the ma-
chine configuration, the use of a safety communica-
tion network, and the presence of a human–machine 
interface.

The target variable represents the category of the 
selected safety logic device. Four solution classes are 
distinguished: Relay, CR30, GMX, and GLX. These 
classes correspond to commonly used safety logic 
architectures with increasing functional capabilities 

and system complexity. The classes are treated as 
nominal categories, as no generally valid ordinal re-
lationship exists across different machine types and 
application contexts.

To illustrate the variability of the numerical input 
parameters, Table 2 summarises the minimum and 
maximum values observed for selected attributes. 
The wide parameter ranges indicate that the dataset 
covers both relatively simple machines with limited 
safety requirements and more complex production 
systems with extensive safety-related I/O structures.

Beyond numerical coverage, the dataset also 
exhibits domain-specific representativeness. The 
included machine cases cover a broad range of in-
dustrial applications, including standalone equip-
ment, multi-station production lines, and assembly 
systems. Moreover, the selected attributes directly 
correspond to the key decision criteria defined in 
EN ISO 12100:2010 and EN ISO 13849-1:2023, 

Figure 2. A logical safety functions diagram

Attribute Description

Number of safety functions Number of safety functions (e.g. emergency stop, guard door) integrated in the machine (integer)

Performance Level (PL) Required safety Performance Level (EN ISO 13849-1:2023) for the machine (categorical ‘a’ to ‘e’)

Number of access points Number of access points to dangerous zones (e.g. maintenance openings) (integer)

Number of safety inputs Number of safety-related sensors/inputs needed (integer)

Number of safety outputs Number of safety-related actuators/outputs needed (integer)

Machine type Configuration of machine: standalone unit, production line, or assembly (categorical)

Communication Use of safety network for control (Boolean)

HMI (Human–Machine Interface) Presence of an operator interface for safety/routine control (Boolean)

Safety solution class Safety logic device class (target): one of {Relay, CR30, GMX, GLX}

Table 1. Attributes of the safety dataset used for classification
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ensuring that the dataset captures the principal fac-
tors influencing safety logic device selection in indus-
trial practice. Because these features are not tied to 
a specific manufacturer or application domain, the 
dataset structure is transferable to other industrial en-
vironments that follow comparable safety engineer-
ing principles.

2.2. Classification Approach

Supervised machine learning classification aims 
to assign predefined class labels to unseen data in-
stances based on patterns learned from labelled ex-
amples [18]. In this study, classification [3] is applied 
to predict the category of the safety logic device based 
on the safety-related parameters of a machine. The 
overall classification concept is illustrated in Figure 3.

All experiments were conducted using the WEKA 
software environment [19], [20]. A total of 32 classi-
fication algorithms were evaluated and grouped into 
four main families: rule-based classifiers [21], [22], 
instance-based learning methods [23]-[25], tree- and 
forest-based classifiers [25], [26], and multi-layer per-
ceptron neural networks. A detailed overview of the 
evaluated classifiers is provided in Table S1.

Model performance was assessed using evaluation 
on the training dataset and k-fold cross-validation with 
k = 5 and k = 10 [18]. Given the limited size of the da-
taset, a separate hold-out test set was not employed, 

as this would further reduce the number of samples 
available for training. Cross-validation was therefore 
selected as a more reliable approach for estimating 
the generalisation capability of the classifiers. Results 
obtained on the training data are reported primarily 
to illustrate the tendency of some models to overfit 
the available data.

Classification performance was evaluated using 
overall accuracy and Cohen’s kappa as the primary 
performance indicators. In addition, the mean ab-
solute error (MAE) and root mean squared error 
(RMSE) were calculated to provide complementary 
insights into prediction quality.

3. Results

The performance of the evaluated classifiers 
was analysed using three complementary evalua-
tion strategies: evaluation on the training data, 5-fold 
cross-validation, and 10-fold cross-validation. Over-
all classification accuracy and Cohen’s kappa were 
used as the primary performance measures, com-
plemented by the mean absolute error (MAE) and 
root mean squared error (RMSE) to quantify pre-
diction uncertainty and class assignment dispersion. 
All experiments were conducted using the WEKA 
environment following standard supervised learning 
evaluation procedures [18], [19], [20].

Attribute Minimum Maximum

Number of safety functions 2 114

Number of access points 3 314

Number of safety inputs 1 148

Number of safety outputs 1 40

Table 2. Minimum and maximum values of selected numerical attributes

Figure 3. A logical safety functions diagram
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Table 3 provides an overview of the average clas-
sification accuracy achieved by the four classifier 
families (instance-based learning (IBL), multi-layer 
perceptron (MLP) neural networks, rule-based clas-
sifiers, and tree/forest-based methods) under the dif-
ferent evaluation schemes. When evaluated on the 
training data, all classifier groups achieved very high 
accuracy, with an overall average of 97.06%. Instance-
based learning and MLP models frequently reached 
perfect or near-perfect training accuracy, indicating 
that these algorithms were capable of closely fitting 
the available dataset.

However, as shown in Table 3 and illustrated in 
Figure 4, this high apparent performance did not 
translate to unseen data. Under 5-fold and 10-fold 
cross-validation, the average classification accuracy 
dropped markedly to 58.35% and 59.29%, respec-
tively. This pronounced discrepancy between training 
and cross-validation results clearly indicates the pres-
ence of overfitting, which was consistently observed 
across all classifier families. The effect is further visu-

alised in Figure 4, where the contrast between train-
ing and cross-validated performance is evident for all 
algorithm groups.

A more detailed comparison reveals substantial 
differences in generalisation capability between the 
classifier families. Tree- and forest-based classifiers 
achieved the highest and most stable cross-validation 
performance, with average accuracies of 69.12% 
for 5-fold cross-validation and 68.75% for 10-fold 
cross-validation. Rule-based classifiers ranked sec-
ond, followed by MLP neural networks, whereas in-
stance-based learning methods exhibited the weakest 
generalisation performance. These trends are sum-
marised in Figure 4 and further detailed at the level 
of individual classifiers in Figure 5.

Cohen’s kappa statistics follow the same overall 
pattern as classification accuracy. While kappa values 
were close to 1.0 for training-set evaluation, indicating 
almost perfect agreement, they decreased substantial-
ly under cross-validation. The highest kappa values 
in both 5-fold and 10-fold cross-validation were con-

Group of classifiers Evaluate on training data 5-fold cross validation 10-fold cross validation

Instance-based Learning 100.00% 45.59% 49.26%

MultiLayer Perceptron 99.02% 52.94% 53.92%

Rules 91.91% 61.76% 62.50%

Tree/Forest 95.96% 69.12% 68.75%

Table 3. A typical machine learning approach

Figure 4. The average performance results obtained from the different classifier groups
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sistently achieved by tree- and forest-based classifiers, 
confirming their superior agreement beyond chance 
and more reliable predictive behaviour.

Instance-based learning algorithms demonstrated 
the strongest tendency toward overfitting. Most IBL 
variants, including IB1 and IB1LG, achieved 100% 
training accuracy but performed poorly under cross-
validation, with accuracies below 50%. The KStar 
algorithm represented a partial exception, reach-
ing 61.76% accuracy in 5-fold cross-validation and 
67.65% in 10-fold cross-validation, accompanied by 
moderate kappa values. Nevertheless, the overall 
performance of instance-based methods remained 
inferior to that of tree- and forest-based approaches.

Multi-layer perceptron models also achieved near-
perfect training accuracy but showed only moderate 
cross-validation performance. Among the tested 
configurations, the MLP with eight hidden neurons 
(MLP8) achieved the best generalisation capability, 
with accuracies of 67.65% (5-fold CV) and 64.71% 
(10-fold CV). Other MLP variants performed less 
consistently, while the WiSARD network produced 
results close to random classification. These findings 
suggest that, despite their expressive capacity, neural 
networks require larger datasets to generalise effec-

tively in heterogeneous safety-engineering classifica-
tion tasks [18], [27].

Tree- and forest-based classifiers consistently out-
performed all other algorithm families. Ensemble 
methods such as Random Forest, Random Tree, and 
OptimizedForest achieved perfect training accuracy 
while maintaining the highest cross-validation per-
formance. Random Forest reached 76.47% accuracy 
in both 5-fold and 10-fold cross-validation, whereas 
OptimizedForest achieved up to 79.41% accuracy. 
NBTree also demonstrated robust performance, 
with approximately 70.6% accuracy in both cross-
validation settings. In contrast, single-tree models 
such as J48 and BFTree exhibited noticeably lower 
generalisation performance. These results are consis-
tent with previous studies highlighting the robustness 
of ensemble tree methods for complex classification 
problems involving mixed numerical and categorical 
attributes [28]-[30].

Figure 5 presents the cross-validation accuracy of 
all individual classifiers, enabling direct comparison 
across algorithm types. The figure clearly highlights 
the dominance of tree- and forest-based classifiers, 
particularly Random Forest, OptimizedForest, and 
NBTree. Rule-based classifiers and selected MLP 

Figure 5. The performance results obtained from the different classifiers



222 Stibor et al.

International Journal of Industrial Engineering and Management Vol 17 No 2 (2026)

configurations occupy an intermediate performance 
range, while most instance-based learners perform 
substantially worse [31].

Table 4 provides a detailed breakdown of clas-
sifier performance, including Cohen’s kappa, MAE, 
and RMSE values for each evaluation scheme. The 
results confirm that ensemble tree-based methods 
achieved the most favourable balance between ac-
curacy and error-based metrics, indicating not only 
higher correctness but also lower prediction uncer-
tainty across safety logic device classes.

To further analyse prediction behaviour at the 
class level, confusion matrices were examined for 
selected high-performing classifiers. Figure 6 shows 
the confusion matrix of the Random Forest classifier, 

which achieved the best overall performance among 
all evaluated models. The corresponding Circos plot 
[27] indicates that misclassifications predominantly 
occurred between safety logic device categories with 
comparable functional characteristics, such as CR30 
and GMX, rather than between structurally dissimi-
lar solutions. Similar class-level misclassification pat-
terns were observed for other tree- and forest-based 
classifiers, as shown in Figures S1–S3.

Overall, the results demonstrate that while many 
classifiers are capable of fitting the training data ex-
tremely well, only a subset, primarily ensemble tree-
based methods, exhibits sufficient robustness and 
generalisation capability to be considered reliable for 
safety-related decision support.

Classifier group Evaluate on training data 5-fold cross validation 10-fold cross validation

Correctly 
classified

Kappa 
statistics MAE RMSE Correctly 

classified
Kappa 

statistics MAE RMSE Correctly 
classified

Kappa 
statistics MAE RMSE

Rules

Decision Table 82.35% 0.7655 0.2180 0.2930 58.82% 0.4522 0.2874 0.3733 67.65% 0.5691 0.2804 0.3622

JRIP 91.18% 0.8826 0.0642 0.1791 67.65% 0.5686 0.1737 0.3968 67.65% 0.5701 0.1778 0.3721

NNGE 100.00% 1.0000 0.0000 0.0000 64.71% 0.5294 0.1765 0.4201 61.76% 0.4884 0.1912 0.4372

PART 94.12% 0.9217 0.0482 0.1552 55.88% 0.4097 0.2147 0.4324 52.94% 0.3733 0.2315 0.4402

Instance-based 
learning

IB1 100.00% 1.0000 0.0372 0.0438 44.12% 0.2558 0.2890 0.4972 47.06% 0.2957 0.2749 0.4862

IB1LG 100.00% 1.0000 0.0808 0.0949 44.12% 0.2558 0.3001 0.4648 47.06% 0.2957 0.4565 0.2870

IB5LG 100.00% 1.0000 0.0808 0.0949 32.35% 0.0949 0.3160 0.4488 35.29% 0.1363 0.3009 0.4373

KStar 100.00% 1.0000 0.0008 0.0019 61.76% 0.4914 0.1794 0.3697 67.65% 0.5706 0.1744 0.3585

MultiLayer 
perceptron

MLP12 100.00% 1.0000 0.1187 0.1645 64.71% 0.5278 0.2587 0.3759 64.71% 0.5283 0.2578 0.3907

MLP4 100.00% 1.0000 0.1385 0.1812 58.82% 0.4478 0.2646 0.3766 58.82% 0.4510 0.2765 0.3926

MLP6 100.00% 1.0000 0.1305 0.1745 61.76% 0.4884 0.2632 0.3804 61.76% 0.4890 0.2608 0.3844

MLP8 100.00% 1.0000 0.1240 0.1675 67.65% 0.5676 0.2598 0.3805 64.71% 0.5283 0.2638 0.3887

MLP-a 100.00% 1.0000 0.0696 0.1289 41.18% 0.2084 0.2937 0.4659 44.12% 0.2532 0.2833 0.4576

MLP-i 97.06% 0.9607 0.0649 0.1275 47.06% 0.2892 0.2769 0.4436 50.00% 0.3310 0.2554 0.4323

MLP-o 97.06% 0.9607 0.0726 0.1335 41.18% 0.2084 0.2905 0.4547 44.12% 0.2497 0.2862 0.4570

MLP-t 97.06% 0.9607 0.0620 0.1233 44.12% 0.2497 0.2836 0.4469 44.12% 0.2523 0.2700 0.4439

WiSARD 100.00% 1.0000 0.3547 0.4732 50.00% 0.3333 0.4134 0.5015 52.94% 0.3740 0.4287 0.5146

Tree/Forest

BFTree 91.18% 0.8826 0.0723 0.1901 64.71% 0.5294 0.1976 0.4039 64.71% 0.5305 0.1894 0.3705

J48 91.18% 0.8826 0.0723 0.1901 61.76% 0.4920 0.2114 0.4142 61.76% 0.4914 0.2095 0.4155

J48 Consolidated 91.18% 0.8826 0.0723 0.1901 64.71% 0.5316 0.1979 0.4049 61.76% 0.4925 0.2146 0.4202

LADTree 100.00% 1.0000 0.0000 0.0000 64.71% 0.5289 0.1780 0.4088 67.65% 0.5696 0.1551 0.3865

NBTree 94.12% 0.9217 0.0701 0.1524 70.59% 0.6069 0.1595 0.2841 70.59% 0.6074 0.1646 0.3020

OptimizedForest 100.00% 1.0000 0.0619 0.1080 70.59% 0.6078 0.1891 0.3064 79.41% 0.7264 0.1735 0.2949

Random Forest 100.00% 1.0000 0.0656 0.1090 76.47% 0.6863 0.1882 0.3044 76.47% 0.6877 0.1767 0.2958

Random Tree 100.00% 1.0000 0.0000 0.0000 79.41% 0.7252 0.1157 0.3291 67.65% 0.5706 0.1618 0.4022

Table 4. The classifier performance rates (MAE - Mean absolute error, RMSE - Root mean squared error)
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4. Discussion

The results demonstrate that supervised machine 
learning can support the selection of safety logic de-
vices when trained on safety-relevant parameters de-
rived from real industrial practice. At the same time, 
the findings highlight the limitations associated with 
applying flexible classification models to relatively 
small datasets, a challenge that has been widely re-
ported in safety-related and industrial machine learn-
ing applications [18], [32]-[35]. The pronounced 
difference between training-set performance and 
cross-validation results (Table 3, Figure 4) indicates 
substantial overfitting across all evaluated classifier 
families. This behaviour suggests that the available 
dataset does not fully capture the variability of safety-
related design scenarios encountered in industrial 
machinery. In practical terms, this finding underlines 
the importance of careful model validation and re-
inforces the need for sufficiently large and diverse 
datasets when machine learning methods are applied 
in safety engineering contexts. Among the evaluated 
classifier families, tree- and forest-based methods 
consistently achieved the most robust generalisation 
performance (Table 3, Figure 5). This observation 
is in line with previous studies reporting strong per-
formance of ensemble learning techniques in hetero-
geneous classification tasks [26], [35], [36]. From an 

engineering perspective, this result is also intuitive, as 
the selection of safety logic devices typically follows 
hierarchical and rule-like decision structures that are 
well captured by decision trees and their ensembles.

The analysis of confusion matrices provides ad-
ditional insight into the practical relevance of the pro-
posed approach. As shown in Figure 6 and Figures 
S1–S3, misclassifications predominantly occurred 
between safety logic device categories with compa-
rable functional capabilities. Importantly, the mod-
els rarely confused fundamentally different solution 
types, such as simple relay-based architectures and 
highly modular safety PLC systems [37]. This behav-
iour reflects real-world engineering trade-offs and 
suggests that the classification errors are generally 
plausible from a practical design perspective. Despite 
these encouraging results, the findings do not suggest 
that machine learning should replace expert judge-
ment in machinery safety engineering. Safety-related 
decisions are subject to regulatory requirements, 
normative constraints, and context-specific consid-
erations that cannot be fully captured by data-driven 
models alone [7], [12]. Instead, the proposed ap-
proach should be understood as a decision-support 
tool that complements established risk assessment 
and safety design procedures. In this role, machine 
learning can contribute to improved consistency and 
efficiency, particularly during early design stages or 
when dealing with complex machine configurations.

Figure 6. The Circos plot displaying the confusion matrix of the safety solution classes and summarizing the dominant prediction 
power of the Random Forest classifier within the Tree/Forest group
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Finally, it should be noted that the current study 
focuses exclusively on static safety parameters derived 
from risk assessment documentation. Future work 
may benefit from integrating additional information 
sources, such as operational data, sensor signals, or 
human–machine interaction data, which have been 
shown to enhance safety-related decision-making in 
smart manufacturing environments [9], [15].

5. Conclusion

This study explored the application of supervised 
machine learning methods for predicting categories 
of safety logic devices based on standardised safety 
parameters derived from industrial machinery risk as-
sessments. A comprehensive comparison of 32 classi-
fication algorithms showed that tree- and forest-based 
methods achieved the most reliable generalisation 
performance across different evaluation schemes. 
The results indicate that ensemble tree-based classifi-
ers, particularly Random Forest, Random Tree, and 
OptimizedForest, are well suited to the considered 
task, as they provide a favourable balance between 
classification accuracy and robustness. At the same 
time, the observed performance gap between train-
ing-set evaluation and cross-validation highlights the 
limitations imposed by the size and diversity of the 
available dataset.

From a practical perspective, the proposed ap-
proach demonstrates the potential of machine learn-
ing to support engineers during the selection of safety 
logic devices, especially in early design phases or when 
dealing with complex machine configurations. When 
used as a decision-support tool, such methods may 
contribute to reduced design effort and improved 
consistency across projects, while remaining fully 
aligned with established machinery safety standards.

Future research should focus on extending the 
dataset to include a broader range of machinery 
types and safety scenarios, thereby improving model 
robustness and generalisation. In addition, hybrid 
approaches that combine data-driven models with 
expert rules and normative constraints may further 
enhance the applicability of machine learning in safe-
ty-critical engineering contexts.
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Appendix

Classifier group Description References

Rules

Decision Table This algorithm represents a class for constructing and utilizing a simple 
decision table majority classifier.

Kohavi 1995

JRIP It implements a propositional rule learner known as Repeated Incremental 
Pruning to Produce Error Reduction (RIPPER), which is an optimized version of 
incremental reduced error pruning.

Cohen 1995

NNGE The Non-Nested Generalized Exemplars algorithm performs a generalization 
task by combining samples, creating hyperrectangles in the feature space that 
present conjunctive rules with internal disjunctions.

Brent 1995

PART This tool integrates the C4.5 and RIPPER methods, aiming to mitigate the 
issues associated with each approach.

Frank and Witten 1998

Instance-based learning

IBk This algorithm is a general k-nearest-neighbour classifier. When k = 1, the new 
point is classified based on the nearest neighbour’s data point. When k = 5, 
the class of the new point is determined by the five nearest neighbours.

Aha and Kibler 1991, 
Larose and Larose 
2014, Mohamed 2017

IBkLG The algorithm allows for weighting using Log and Gaussian kernels, as well as 
various distance measures and related factors, such as inverse or similarity-
based variations.

Sreenivasamurthy and 
Frank 2015

KStar It employs entropy-based distance metrics to assess similarity between 
instances, making it more adaptable than other instance-based methods for 
handling different data distributions.

Cleary and Trigg 1995

Tree/Forest

J48 The open-source Java implementation of the C4.5 algorithm in WEKA. Quinlan 1993

J48 Consolidated The algorithm generates either a pruned or unpruned C4.5 decision tree. It 
uses a resampling method to generate samples for the consolidation process.

Pérez et al. 2007, 
Ibarguren et al. 2015

Random Tree The ensemble learning algorithm creates multiple individual learners and 
employs bagging to form a random set of data for constructing decision trees.

Mishra and Ratha 2016

Random Forest The core function involves constructing numerous decision trees during 
training and outputting the class.

Breiman 2001, Biau 
and Scornet 2016, 
Mishra and Ratha 2016

BFTree The algorithm uses binary splits for both nominal and numeric attributes. For 
missing values, it employs the method of ‘fractional’ instances.

Friedman et al. 2000, 
Shi 2007

LADTree This function allows for generating a multi-class alternating decision tree 
using the LogitBoost strategy.

Holmes et al. 2001

NBTree The algorithm produces decision trees with naive Bayes classifiers at the 
leaves.

Kohavi 1996

CSForest It includes an implementation of the cost-sensitive decision forest algorithm. Islam and Giggins 2011, 
Siers and Islam 2015

JCHAIDStar A decision tree is generated based on the CHAID algorithm, which uses chi-
squared (X2) to measure the correlation between attributes and the class, 
handling only discrete variables while distinguishing between nominal and 
ordinal types.

Kass 1980, Ibarguren 
et al. 2016

OptimizedForest Additionally, it implements the optimal sub-forest algorithm, building a 
decision forest to determine an optimal sub-forest using a genetic algorithm.

Adnan and Islam 2016

Table S1. Various classification methods for individual safety logic device solutions
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Classifier group Description References

MultiLayer perceptron

MLPn This tool trains a multilayer perceptron with one hidden layer using WEKA’s 
optimization class, minimizing the given loss function plus a quadratic penalty 
with the Broyden–Fletcher–Goldfarb–Shanno algorithm. The number of 
neurons in the hidden layer is defined as n (n = 4, 8, 12).

Nawi et al. 2006

MLPCS-x The classifier utilizes backpropagation to classify instances. It includes two 
important corrections and five extensions to the existing MLP. The number of 
neurons in one hidden layer is defined through an x code (x = 4, 8, 12).

Tu et al. 2010

MLP-X This classifier uses backpropagation to train a multilayer perceptron to 
classify instances. The nodes in this network are all sigmoid, and training is 
conducted via the backpropagation procedure. The number of neurons in one 
hidden layer is defined through an X code (X = a, i, o, t).

Li et al. 2012

WiSARD This implementation adds a data pre-processing filter method to the process. 
Generally, the Wilkes, Stonham, and Aleksander Recognition Device (WiSARD) 
is a neural model with training and classification capabilities.

De Gregorio and 
Giordano 2018
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Figure S1. Prediction power of the MLP 8 classifier within the MLP group

a)  5-fold cross validation (accuracy 67.65 %) b)  10-fold cross validation (accuracy 64.71 %)
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a)  5-fold cross validation (accuracy 67.65 %) b)  10-fold cross validation (accuracy 67.65 %)

a)  5-fold cross validation (accuracy 61.76 %) b)  10-fold cross validation (accuracy 67.65 %)

Figure S2. Prediction power of the JRIP classifier within the Rules group

Figure S3. Prediction power of the KStar classifier within the IBL group


