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A B S T R A C T   

Fibrillar dry adhesives are widely used due to their effectiveness in air and vacuum conditions. However, their 
performance depends on various factors. Previous studies have proposed analytical methods to predict adhesion 
strength on micro-patterned surfaces. However, the method lacks interpretation on which parameters are critical. 
This research utilizes gradient-boosting machine learning (ML) algorithms to accurately predict adhesion 
strength. Additionally, explainable machine learning (XML) methods are employed to interpret the underlying 
reasoning behind the predictions. The analysis demonstrates that gradient boosting models achieve a high 
correlation coefficient (R > 0.95) in accurately predicting pull-off force on micro-patterned surfaces. The use of 
XML methods provides insights into the importance of features, their interactions, and their contributions to 
specific predictions. This novel, explainable, and data-driven approach holds potential for real-time applications, 
aiding in the identification of critical features that govern the performance of fibrillar adhesives. Furthermore, it 
improves end-users’ confidence by offering human-comprehensible explanations and facilitates understanding 
among non-technical audiences.   

1. Introduction 

Automated gripping devices have become popular in the context of 
industrial digitalization in the recent decade [1]. These devices grasp 
and handle objects with various geometries and sizes. Among such de
vices, a novel implementation of hairy/fibrillar dry adhesives has been 
inspired by spiders, beetles, and geckos [2–4]. As highlighted in related 
work, splitting an adhesive pad into many fibrils provides benefits to 
improve adhesive contact. The same concept has been used in handling 
operations [5,6], soft robots [7], climbing and crawling [8], docking 
mechanisms, etc. Generally, these adhesives comprise arrays (of fibrils) 
connected to a backing layer and work using Van der Waals interactions 
in both air and vacuum conditions. Their performance changes with 
multi-scale contact engagement [9–11]. If adhesion strength in the 
fibrillar stage is considered, it strongly depends on the size of a fibril, 
mechanical properties, and geometric design. At the array level, statis
tical variations and load-sharing efficiency control their performance 
[12–14]. 

Given that fibrillar adhesives are advantageous to non-patterned 
adhesives or other gripping technologies, their working principle re
lies on Van der Waals interactions. These interactions have a limited 
(short) range and may be over a few nanometers. Interfacial defects can 
result in a loss of intimate contact, reducing adhesion [15,16]. Bacca 
et al. [14] and Booth et al. [16] investigated the effect of misalignment 
on the pull-off force. They described parameters such as fibril length, 
array size, and fibril spacing that can affect the sensitivity of adhesion to 
alignment errors. Furthermore, they provided a regression model to 
predict pull-off force FP as a function of misalignment angle θ (Eq. 1). 
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n2 = N is the number of fibrils in a square array, E is Young’s modulus, 
fmax represents the pull-off force of a single fibril, d is center-to-center 
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spacing, h = length of the fibril, and a denotes the radius of the fibril. 
Nevertheless, this model can be used under the limits of a rigid backing 
layer and full contact. Samri et al. [17] mentioned that such conditions 
are difficult to meet in real-life applications. 

Recent in-situ observations allow us to determine the adhesion 
strength of individual fibrils. Kim et al. [18] employed a bi-lateral 
end-notched flexural test and single-leg bend test in order to measure 
the adhesion strength. However, they stated that engineering experi
ments like this are often sensitive to global inelastic deformations 
occurring away from the surface. The adhesion performance of a single 
fibril depends on interfacial defects, imperfections, and contamination 
or dust [19]. The size of a defect may randomly vary across the contact, 
resulting in a distribution of pull-off force over an array. Booth et al. [13] 
introduced a framework to predict adhesion force based on Weibull 
statistics and reference elongation at detachment which can be obtained 
experimentally. Bettscheider et al. [20] developed continuum models to 
predict the local adhesion strength of micropatterned surfaces. Berardo 
et al. [21] used both numerical and experimental methods to investigate 
the adhesive friction of micropatterned surfaces. Their numerical model 
showcased a reasonable agreement with experimental results. On the 
other hand, home-built equipment has been used to measure the adhe
sion strength of these micropatterned surfaces [22,23]. However, 
building such instruments required a special set of expertise. Estimating 
the performance of fibrillar adhesives can be solved using numerical 
methods despite the time it takes to monitor these operations. Such 
constraints make it difficult to implement these methods, especially in 
robotic applications. Related work highlights that the experimental 
methods do not readily highlight the factors that govern adhesion 
strength and numerical methods need to be improved to handle the 
sensitivities in model parameters. Booth and Hensel [24] argue that it is 
important to identify the factors that govern the adhesion strength by 
using either a statistical method. 

To investigate such relationships, the use of ML provides a suitable 
alternative. It is noted that only one recent study has used ML to predict 
adhesive strength by using visually observed features [17]. An accept
able accuracy has been obtained for predicting pull-off force FP. How
ever, their study did not highlight the importance of ML interpretation. 
The existing methods of predicting adhesion strength lack a proper 
interpretation of the models and predictions. Also, different model ar
chitectures can be used to improve the accuracy of the predictions. The 
lack of transparency makes traditional ML approaches challenging to be 
implemented in real applications as it diminishes the end-user’s trust. 

Explainable/interpretable ML reveals the hidden relationships and 
the underlying reasoning of conventional ML-based predictions. It as
sists in identifying the importance of features and elucidates the ML 
model’s inner workings. Interestingly, XML provides the underlying 
reasoning behind predictions. Thus, explainable methods develop end- 
users confidence in ML-based predictions. It has become much more 
prevalent in many fields (e.g., business, data science, and engineering) 
as a result of human-comprehensible explanations [25,26]. 

To the best of the authors’ knowledge, no related studies have used 
XML to predict the pull-off force of micro-patterned surfaces using XML. 
In this study, we used gradient-boosting ML models (histogram gradient 
boosting (HGB), extreme gradient boosting (XGB), and gradient boost
ing (GB)). The reason to use these classical tree-based gradient boosting 
models is that they have been often used in the engineering context 
because of their ability to identify non-linear relationships efficiently 
[27,28]. Also, tree-based models generally are easy to optimize 
compared to complex models such as neural networks [29,30]. In 
addition, we not only used a single explanation method but also used 
several explanation methods (Shapley additive explanations (SHAP), 
Local interpretable model-agnostic explanations (LIME), and Model 
agnostic language for explorations and explanation (DALEX)). There
fore, the study critically evaluates how each gradient boosting model 
performs predictions and how each explainable method ranks/weighs 
its feature importance. This study is therefore novel and important as it 

achieves the following objectives: (a) using gradient boosting ML models 
to predict adhesion strength to improve prediction accuracy; (b) 
revealing the underlying reasoning of adhesion strength predictions on 
micro-patterned surfaces by using XML; (c) involving different expla
nation methods to critically evaluate feature importance and reveal the 
ML model’s inner workings; (d) improving end-user’s confidence in 
ML-based adhesion strength predictions by revealing causality of 
predictions. 

From a different viewpoint, using XML cross-validates predictions by 
using experimental data. The overall study helps to signify the impor
tance of ML explanations and how each ML model’s inner working 
changes with others. Furthermore, the study emphasizes that using XML 
does not cost accuracy or model complexity but rather supports 
decision-making criteria by providing human-comprehensible explana
tions. Section 2 provides brief details on ML and XML. The rest of the 
manuscript is arranged such that Section 3 describes data used for ML 
models. In Section 4, the performance of gradient boosting models is 
evaluated. Section 5 articulates the novel black-box explanations and 
critically investigates the inner-working of ML models using three 
different explanations and finally, Section 6 concludes the study. 

2. Machine learning (ML) and explainable machine learning 
(XML) 

2.1. ML models 

The authors proposed using three gradient boosting algorithms, 
namely, histogram gradient boosting (HGB), extreme gradient boosting 
(XGB), and gradient boosting (GB). A brief introduction to these three 
models has been provided in the latter subsections. Gradient boosting is 
a technique that ensembles (combining multiple models) simple models 
that works better than an individual model. All modelling and programs 
were carried out using Python language. For the model implementation, 
we used the Scikit library [31]. 

2.1.1. Histogram gradient boosting regressor (HGB) 
HGB combines gradient boosting with histograms to efficiently 

handle numerical features. It creates an ensemble of decision trees 
sequentially, with each tree trained to correct the errors made by the 
previous trees [32,33]. By using histograms, it discretizes the continuous 
numerical features into bins, which helps in reducing the computational 
complexity and memory requirements [32]. The algorithm optimizes a 
loss function through gradient descent, improving the model’s predic
tion accuracy with each iteration. For samples > 10,000, this method is 
much efficient than the typical gradient boosting regressor. 

2.1.2. Extreme gradient boosting regressor (XGB) 
XGB is a widely-used ML algorithm known for its exceptional per

formance in various domains [30,34–36]. It sequentially builds an 
ensemble of trees, where each tree learns from the errors of the previous 
ones [37]. The algorithm employs a combination of regularization 
techniques, such as tree pruning (removing specific branches (subtrees)) 
and column subsampling, to control overfitting and enhance general
ization. XGB also utilizes a sophisticated optimization algorithm to 
efficiently find the best split points during tree construction. It has 
become a popular choice in data science due to its speed, scalability, and 
robustness [28]. 

2.1.3. Gradient boosting regressor (GB) 
GB is an algorithm that sequentially constructs an ensemble of de

cision trees to make accurate predictions [38]. The algorithm starts with 
an initial weak model, usually a shallow decision tree, and then itera
tively adds more trees to the ensemble [39,40]. Each subsequent tree is 
trained to correct the errors of the previous ones by minimizing a loss 
function using gradient descent. GB combines the predictions of multi
ple weak models to generate a final prediction. 
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2.2. XAI 

Explainable machine learning (XML) enhances ML users’ confidence 
by providing causality of predictions [41,42]. The use of explainable 
models can be described in two ways. First, simple models such as de
cision trees are self-explainable at each depth. When models become 
complex, a post-hoc explanation is mostly preferred (e.g. LIME [43], 
RISE [44], and SHAP [45], etc). Recently, Liang et al. [46] did a 
comprehensive review on ML interpretability methods. The authors 
used data-driven perturbation methods as post-hoc methods [47–49]. 
Perturbation is performed by masking a region of the input dataset. A set 
of perturbations creates disturbances that can result in new predictions, 
and new predictions are subsequently compared with original pre
dictions (obtained using an undisturbed sample). Hence, the signifi
cance of different regions of the input domain can be calculated. Even 
though these methods are categorized under the perturbation method, 
unique rules and strategies are implemented within each method. 

The authors noticed that SHAP and LIME are widely used in ML- 
related studies. Their working principle is different from one another 
[30],[50]. In addition, we used the DALEX explanation to compare the 
feature importance with the other two explanations. 

2.2.1. Local interpretable model-agnostic explanations (LIME) 
LIME is an instance-based explanation method. It aims to provide 

insights into how an ML model arrives at its predictions [43]. It achieves 
this by performing tests on the model’s predictions when alterations are 
made to the input data. It is done by tweaking the values of individual 
features and observing the resulting impact on the model’s predictions. 
This process involves creating a new dataset by perturbing the original 
sample [51,52]. The predictions obtained from these perturbed inputs 
are then weighed, considering their proximity to the original pre
dictions. In addition, LIME generates explanations automatically by 
approximating the original model locally with an interpretable one. By 
employing these techniques, LIME provides interpretable explanations 
for individual predictions made by complex ML models [53–55]. 

2.2.2. SHAP (Shapley Additive Explanations) 
SHAP is an explanation method introduced by Lundberg and Lee 

[45]. It offers a comprehensive understanding of ML models, both as a 
whole and on an instance-by-instance basis [27,56,57]. SHAP is based 
on concepts from game theory [58], where inputs are treated as players 
and predictions act as payouts in a cooperative game. The goal of SHAP 
is to determine the contribution of each player (input feature) to the 
overall game (prediction). It offers several versions, such as DeepSHAP, 
Kernel SHAP, LinearSHAP, and TreeSHAP. For this study, we utilized 
Tree-SHAP to explain the predictions of ML models. 

2.2.3. Descriptive machine learning explanation (Dalex) 
DALEX is an interpretable framework that focuses on providing 

comprehensive explanations for complex models. It offers both global 
and local explanations, allowing us to understand model behavior at 
different levels of granularity [59,60]. The approach is model-agnostic, 
meaning they extract essential information from ML models regardless 
of their internal structure. Srinath and Gururaja [61] stated that DALEX 
has good computation speed. 

3. Data description 

In a recent study, the data set consists of ten micro-patterned spec
imens (S1 to S10) fabricated using polydimethylsiloxane [17]. Speci
mens had been cured at 95 ◦C for 1 h or 75 ◦C for 2 h. The specimens 
were subjected to adhesion measuring experiments, and a dataset was 
generated. Descriptive statistics of the data set are provided in Table 1. 
For adhesion measurement, specimens were brought in contact with the 
target object. Specimens were compressed 105 µm and subsequently 
retracted at a rate of 1 mm per minute. The highest tensile force 
observed was noted as pull-off force, FP. Alignment angles varied be
tween 0 and 1 in 0.1 steps. More details are provided in the study con
ducted by Samri et al. [17]. 

Image analysis had been used for feature extraction in which the 
number of attached fibrils (Nf), contact area (A), which is the summation 
of real contact areas of each fibril, and length of misalignment vector 
were obtained (Fig. 1). Samri et al. [17] gave a reasonable attempt by 
only considering features obtained from visual observations. However, 
we included the misalignment angle and Weibull modulus as we intend 
to reveal underlying relationships using XML. The pairwise correlation 
plot only indicates the direct correlation between the input and output 
features. An inferior correlation between a specific input and output 
does not indicate that the specific feature always has less impact on the 
model output. By considering such parameters, XML can determine the 
actual importance and local and global impact on the model output. 

Booth et al. [16] made an attempt to predict adhesion strength based 
on Ma. However, as mentioned earlier, their method encountered chal
lenges when applied in real-world applications. On the other hand, 
Samri et al. [17] developed an ML model using parameters A, Mv, and Nf. 
Although they acknowledged the significance of Wm, they did not 
incorporate it into their model. Despite achieving an R2 of 0.84 with 
their best model, the authors hypothesize that crucial parameters were 
overlooked in each instance. Therefore, these five parameters (Ma, A, 
Mv, Nf, and Wm) were used to predict FP. The pair-wise correlation of 
these parameters is depicted in Fig. 2. 

Fig. 2 indicates that all independent parameters showcase a good 
correlation with FP except for Wm. Weibull modulus had a poor corre
lation with pull-off force. Misalignment angle had a good negative 
correlation with FP. The feature, Wm did not show any moderate cor
relation with other input parameters. Between A, Nf, and Mv, we 
observed nearly perfect correlations where the coefficient of correlation 
is close to 1. With such correlation, it was reasonable to use a simple 
model such as a linear model to predict FP. However, the proposed linear 
equation by Samri et al. [17] achieved an R2 of 0.13, whereas their 
best-performed model, support vector regression, reached an R2 of 0.84. 
After observing these validation scores, we expected a possible 
non-linear relationship to have formed between these inputs and pre
dicting variables. Therefore, we used gradient boosting algorithms to 
build ML models. 

On one hand, parameter A represents the contact area, which is the 
sum of the real contact areas of individual fibrils, whether in full or 
partial contact. Nf refers to the number of attached fibrils, and Mv rep
resents the difference between the half-width of the array (W) and the 
distance between the center of mass in full contact and the center of 

Table 1 
Descriptive statistics of the data set.   

Description Mean Minimum Maximum Standard Deviation Skewness Kurtosis 

Ma Misalignment angle (◦)  0.49  0  1  0.316  0.00104  -1.218 
A Contact area (mm2)  44.5  2.23  115.56  35.1  0.742  -0.952 
Mv = W-| v→| Misalignment length (mm)  5.18  0.009  10.9  3.57  0.529  -1.23 
Nf Number of fibrills  107.1  7  242  81.1  0.655  -1.15 
FP Pull-off Force (N)  2.37  0.045  14.25  2.37  2.143  6.01 
Wm Weibull modulus  6.48  2  13.9  3.971  0.863  -0.72 
Re Reference elongation (mm)  0.39  0.28  0.79  0.146  1.883  2.56  
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Fig. 1. (a) Optical image of a micro-patterned specimen; (b) mushroom-shaped typical fibrils; (c) Setup used to measure adhesion; and (d) misalignment vector 
shown in black arrow (black dots denote attached fibrils). 

Fig. 2. Pair-wise correlation plot.  
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mass of the specimen in partial contact (| v→|). When feature A decreases 
from the full contact stage, the remaining two parameters also decrease 
in a linear manner. However, in the work by Samri et al. [17], these 
three parameters were used in their model without considering their 
dependencies, as indicated by the pairwise correlation plot shown in 
present study. It prudent to assume that the correlation values alone do 
not indicate which parameter among these three holds dominance in 
determining FP. Consequently, all three parameters were included in the 
model, as their individual contributions could be determined using XML 
methods. 

4. Performance evaluation of ML models 

Hyperparameters of an ML model are useful to optimize the model 
performance. The method, “grid search" was used for the optimization. 
This method considers various combinations of hyperparameters and 
generates models. Subsequently, these models are evaluated to obtain 
the optimum values for hyperparameters. The optimized hyper
parameter values are presented in ANNEX A1. 

Foremost, the training size was systematically adjusted from 90% to 
10% in 5% intervals, with the corresponding test (validation) set 

Fig. 3. Training and validation (testing) predictions.  
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changing from 10% to 90% accordingly. For each different split, three 
models were trained and tested to evaluate the accuracy of model 
training and validation, measured by the coefficient of determination 
(R2). Upon analysis, it was observed that the gap between the training 
and testing scores was minimized when the training-to-testing per
centages were set at 70:30 (as outlined in ANNEX A2). Notably, larger 
gaps between the training and testing scores may indicate potential 
overfitting issues. For model training, 70% (1146 out of 1637 instances) 
of the dataset was available. The rest of the dataset (30%) was kept for 
validation (testing). 

Fig. 3 depicts the training and validation scores of each model. All 
three models were accurate in predicting FP. For example, training 
scores (R2) of all three regression models were higher than 0.93. HGB 
regressor reached R2 = 0.997, the highest training score, whereas the 
XGB regressor reached R2 = 0.991. However, the validation score of 
XGB is slightly higher than the corresponding score of the HGB regres
sor. The scatter plot of validation predictions showcased that HGB 
accurately predicts higher FP values than XGB regressor, whereas the 
XGB regressor has fewer deviations for lower FP values. The lowest 
validation accuracy was obtained for the conventional gradient boosting 
regressor, which achieved an R2 of 0.91. 

With minor differences between training and validation, it is evi
dence that models do not overfit training data. It is noteworthy that GB 
regressor underestimates FP values resulting in a lower accuracy 
compared to the remaining models. Considering both training and 
validation sets, Fig. 4 shows the variation of FP vs. Ma for specimens 01, 
05, and 10. Accordingly, variation is reasonably well captured in all 
three models showcasing the superiority of gradient boosting 
algorithms. 

Table 2 summarizes the performance indices of ML models. All 
performance indices were calculated using equations stated in ANNEX 
A3. For this purpose, we have used the coefficient of correlation (R2) for 
model training, coefficient of determination (R), Mean absolute error 
(MAE), root mean square error (RMSE), and fractional bias (FB) for 
model validation. 

Accordingly, model HGB has reached R= 0.99 for training and 

R= 0.98 for validation predictions. Corresponding RMSE and MAE 
values of validation are 0.48 and 0.3. Fractional bias indicates that HGB 
model predictions (validation) are overestimations. However, FB is 
closer to zero, meaning predictions are very close to experimental 
values. The same trend occurs for the XGB model as well. Both XGB and 
HGB models achieved the best accuracies across the three models. Even 
though the training RMSE value is 0.23 for XGB and 0.11 for HGB, both 
models achieved RMSE= 0.48 for validation. Despite training error 
indices, the XGB model is the best-performed model in terms of vali
dation data. A slightly positive FB value describes that predictions are 
overestimations. The Pearson correlation of the GB regressor has 
reached 0.96 for the training set and 0.95 for the validation test. How
ever, RMSE and MAE values are moderately higher than obtained values 
for XGB and HGB models. Overall, these indices showcase that models 
are accurate and do not consist of overfits or under-fits. Therefore, all 
models can be taken for the explanation process. 

Fig. 4. Pull-off force (FP) vs. Misalignment angle (Ma) for specimens 01 (S1), 05 (S5) and 10 (S10).  

Table 2 
Comparison of performance indices of ML models.  

Model Performance Index Training Validation 

HGB R  0.99  0.98 
R2  0.997  0.95 
RMSE  0.11  0.48 
MAE  0.06  0.30 
FB  0  0.00995 

XGB R  0.99  0.98 
R2  0.991  0.96 
RMSE  0.23  0.48 
MAE  0.16  0.29 
FB  0  0.00626 

GB R  0.96  0.95 
R2  0.937  0.91 
RMSE  0.65  0.73 
MAE  0.41  0.44 
FB  0  0.01248  
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5. Machine learning model interpretation 

So far, gradient boosting ML methods were used to predict the 
adhesion strength of micro-patterned surfaces. Samri et al. [17] did a 
similar investigation by incorporating distinct ML models. However, 
their study did not explicitly reveal the underlying reasoning behind 
model predictions. Despite the accuracy of ML models, predictions 
consist of hidden relationships where the end-user is unaware of the 
underlying logic or interaction of input features. 

5.1. Global explanations 

Three XML models (SHAP, LIME, DALEX) were used to interpret 
model predictions. Among these models, SHAP and DALEX provide 
global and local (instance) explanations, whereas LIME only provides 
instance-based explanations. They use unique methods to calculate 
feature importance. Fig. 5 shows the global feature explanation obtained 
from SHAP for three gradient boosting models. 

SHAP concludes that the importance of each input feature is the same 
for all three models. The contact area is the dominant input feature, 
whereas lower values of A reduce FP, and higher values of A increase FP. 
However, the range of SHAP values is not the same for all models. For 
example, the feature importance of A for the HGB model extends beyond 
− 2 with respect to XGB and GB models. SHAP reveals moderately lower 
Wm feature importance than XGB and HGB models. It is noted that the 
GB regressor does not reflect a considerable effect from either Nf or Ma 
whereas the remaining models showcase a moderate SHAP value 
variation. 

Interestingly, the impact of Nf is different between XGB and HGB. 
SHAP explanation depicts that lower values of Nf have little effect on FP 
for the HGB model and higher values of Nf have a low impact on FP for 
the XGB model. Even though the importance of the first three features is 
comparable across each ML model, there can be inconsistencies in the 
explanations of lower-ranked features. Since this dataset is not signifi
cantly large, the authors believe that the explanations tend to be 
moderately algorithm-dependent rather than data-dependent. This 
highlights how different ML models learn, even though they achieve the 
same accuracy. However, the authors recommend investigating this 
point in a subsequent study. 

Based on the correlation observed in Fig. 2, it can be inferred that out 
of the features A, Mv, and Nf, the feature A holds dominance in pre
dicting FP. Therefore, it is reasonable to assume that Mv and Nf are de
pendencies of A. This finding could be valuable in future studies aiming 
to enhance empirical equations for predicting FP. 

The previous detailed global explanation is a unique feature of the 
SHAP explanation, and even DALEX does not provide such an inter
pretation. Nevertheless, both SHAP and DALEX generate absolute global 
feature importance as shown in Fig. 6. To compare feature values, we 
used feature contribution as a percentage by dividing each feature’s 
importance by the sum of absolute values of all features. The order of 
features is not the same even for the same gradient boosting model. In 
the HGB model, SHAP determines that Mv is the third most dominant 
variable, whereas DALEX recognizes Nf for the corresponding position. 
Despite their unique feature importance value, the percentage of 
contribution is comparable. Both explanation methods reveal that the 
overall least contribution is from Ma. It is interesting to notice that Wm 
has become the second most dominant feature even though it has not 
been included in a previous study (examined in the partial dependency 
section). 

When the XGB model is considered, the SHAP value of feature A is 
comparatively higher than the SHAP value observed in the HGB model. 
A similar observation is found for Mv and the remaining features show a 
comparable variation with the HGB model. According to SHAP inter
pretation, the number of fibrils has the lowest contribution, which 
contradicts all other explanations in Fig. 6. SHAP and DALEX explana
tions for the XGB model look comparable up to the third feature from the 

top. SHAP gives 64% importance to feature A, while DALEX gives 59% 
importance to the same feature. Both explanations give 19% importance 
to the Weibull modulus. However, SHAP underestimates the contribu
tion of Mv as 8% compared to DALEX, which is 14%. 

The explanation of the GB model is markedly different from that 
observed from XGB and HGB. Particularly, the DALEX explanation 
recognized an 82% contribution from feature A which is larger than the 
value obtained from the SHAP explanation (58%). Also, DALEX high
lights almost 0% contribution from Ma and Mv. However, both expla
nations showcase a similar order of feature importance for the GB 
model. 

Fig. 5. SHAP global plots for ML model.  
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5.2. Instance-based (local) explanations 

Global explanation describes an overview of model predictions and 
the importance of features. However, particular instances may 
contribute differently from features not highlighted in the global 
explanation. In addition, specific instances may require an explanation 
of “how that value was predicted”. For such occasions, the local expla
nation becomes effective. Figs. 7 and 8 showcase two distinct instances 
which were explained using SHAP, LIME, and DALEX for each ML 
model. 

For the particular instance (Fig. 7), the contact area of the specimen 
holds significance. Also, it positively impacts model output, indicating 
that an increase in contact area causes an increase in FP. Secondly, Wm 
has a positive impact on model output. For HGB and XGB models, the 
effect of Wm is comparable. However, the remaining three features hold 
relatively lower significance. Moreover, their order of importance 
changes with the model used and explainable method. SHAP explana
tion indicates that Nf holds the third-highest positive impact on the 
model. The same feature has been identified as a negative contributor 

when the LIME explanation is used. All three explainable models 
showcase similarities when identifying the least important feature of the 
XGB model. However, all three explainable methods display that 
magnitude of negative contributing features is lower than the XGB 
model. 

Fig. 8 indicates that these instances have different feature impor
tance than global explanations. According to all three explainable 
methods, HGB decides that the effect of Wm is most important for this 
particular instance. The prediction, FP increases as Wm = 3.8. SHAP 
displays that the effect of Mv holds the second most importance whereas 
LIME chooses Ma. DALEX’s explanation interprets that the effect of Nf 
holds second position and the effect of Nf, Mv, and Ma are all positive. 
SHAP and DALEX agree that negative contribution occurs from A when 
it is equal to 37.4. However, LIME assigns a lower negative contribution 
to feature A, considering that Nf = 91 has a greater negative effect on 
this instance. If the contribution percentage is considered, A= 37.4 has a 
50% negative contribution and Wm = 3.8 has a 28% positive contribu
tion according to the SHAP explanation (Fig. 8). Nevertheless, LIME 
showcases that contribution of Wm= 3.8 is 84% and limits the 

Fig. 6. Absolute global feature importance.  
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contribution of A= 37.4–6%. DALEX assigns different percentages to 
each feature with respect to SHAP and LIME. For instance, the feature 
contribution of Wm = 3.8 is 45% and the corresponding negative 
contribution of A= 37.4 is 18%. SHAP and DALEX assign positive 
feature contributions to Mv = 4.99 while LIME assigns negative feature 
contributions. 

The SHAP explanation of the XGB regressor is comparable with the 
HGB regressor. However, a negative contribution from Nf and Ma has 
been reduced with respect to HGB regressor. LIME explanation differs 
from the corresponding explanation for HGB as it assigns A= 37.4 as the 
highest negative contribution. On the other hand, zero contribution 
from Mv = 4.99 obtained through LIME for the HGB regressor has 
increased in the presence of the XGB regressor. A markedly different 
variation is observed for DALEX interpretation, where the effect of Mv 
becomes the highest positive. DALEX confirms that the effects of Ma and 
Nf are insignificant. SHAP assigns 61% negative contribution from 
A= 37.4% and 34% positive contribution from Wm= 3.8. Corresponding 
values become 14.6% for A= 37.4% and 67% for Wm= 3.8 for LIME 
explanation. DALEX decides a 30% positive contribution from Mv 
= 4.99% and 50% negative contribution from A= 37.4. 

Except for feature contribution from Wm and A, the explanation of 
the GB regressor is different from XGB and HGB models. DALEX assigns 
almost zero contributions from Nf, Mv, and Ma. Figs. 7 and 8 witness the 
unique working methodology of each ML model and the distinct work
ing principle of each explanation method. Overall these explanation 
methods provide realistic interpretations which adhere to experimental 
observations. For example, the sample instance (Fig. 7) has a lower FP 
value due to a lower contact area. The advantage of black-box inter
pretation is that it is consistent even if many input features are involved. 
Complex instances can be explained without intervention from a domain 
expert. Explanations are concise and human-comprehensible, so it is 

convenient for a non-technical community to understand. 

5.3. Partial dependence plots 

Fig. 9 shows partial dependence plots obtained using SHAP. The 
dependence plot describes the feature impact and most interacting 
variable for a particular feature. If we consider the contact area of the 
specimen, the most interacted variable is Nf. Higher features of Nf al
ways interact with higher features of A. Moreover, higher A and Nf 
feature values result in a positive SHAP value (feature importance on 
model output). All three gradient boosting models showcase a compa
rable variation. 

For feature Mv, the most interacted variable is Wm. SHAP plot 
showcases a mixed variation where both lower and higher feature values 
interact with corresponding features of Mv. Despite deviations observed 
in some instances, overall variation is stalled. SHAP explanations for 
XGB and HGB describe that fluctuations can be anticipated when higher 
feature values of Mv are considered. A similar variation is observed for 
the next feature, Nf. SHAP thinks that Nf mostly interacted with Wm for 
all regressors. Furthermore, the HGB model differs from stalled variation 
observed for XGB and GB models. 

The feature Ma displays a gradually decreasing variation with its 
feature values. Ma primarily interacts with Nf for HGB regressor, Wm for 
XGB and GB regressors. Both XGB and HGB regression models reveal 
that higher feature values of interacting variables are mostly associated 
with lower features of Ma. When Wm is considered, ML models identify 
distinct features. For example, SHAP explains that Wm interacts with Mv 
for the HGB model and Wm interacts mostly with Nf for XGB and GB 
models. It is noteworthy that none of the features often interact with Ma. 
As expected in the feature selection, the feature Wm had a significant 
impact on the model despite the less correlation observed with FP. The 

Fig. 7. Instance based explanation for; A = 112.87, Wm = 4.4, Mv = 10.86, Nf = 238, and Ma = 0.1, FP (experimental) = 12.94 (red color for positive and blue color 
for negative). 
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SHAP curve exhibit that the Wm near 5.0 can drastically increase FP. 
Likewise, Fig. 10 showcases dependence plots obtained using DALEX 

for each ML model. An increase in feature A always increases the pull-off 
force, FP. Conversely, higher features of Mv decrease prediction FP. 
Overall, features Nf and Wm have a moderate effect on FP prediction. 
However, the local impact observed for Wm at 5, is also observed in the 

DALEX explanation. This local variation can be the reason that SHAP 
global importance ranked Wm as the second most dominant variable. 

6. Conclusions 

This study used gradient boosting ML methods to predict the 

Fig. 8. Instance based explanation for; A = 37.4, Wm = 3.8, Mv = 4.99, Nf = 91, and Ma = 0.4, FP (experimental) = 2.2 (red color for positive and blue color 
for negative). 

Fig. 9. Partial dependence plots obtained from SHAP.  
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adhesive strength of micro-patterned surfaces. Models were subse
quently interpreted using explainable methods. The following conclu
sions were made from the study.  

• Gradient boosting (GB), extreme gradient boosting (XGB), and 
histogram-based gradient boosting (HGB) accurately predicted 
adhesion strength (FP) on micro-patterned surfaces. XGB and HGB 
models achieved R2 = 0.99 for training and R2 > 0.95 for validation. 
Compared to related studies, gradient boosting models are more 
efficient and enhance prediction accuracy.  

• SHAP, LIME, and DALEX explained the underlying reasons behind 
the predictions by ranking features based on their contributions. 
Instance-based explanations from SHAP, LIME, and DALEX offer 
insights into how a specific FP is obtained, transforming black-box 
models into glass-box models. These explanations instill confidence 
in end-users regarding machine learning (ML)-based approaches in 
engineering applications.  

• Weibull modulus significantly impacts the FP despite showing a 
weaker correlation with FP. The misalignment angle exhibits the 
lowest global feature importance across all models. These explana
tions assist both technical and non-technical communities in iden
tifying important factors for adhesion force on micro-patterned 
surfaces without requiring expert intervention.  

• In this study, the percentage contribution was considered to compare 
feature importance values. By employing multiple explanation 
methods for different ML models, the community gains a deeper 
understanding of the inner workings of each ML model and the 
ranking systems employed by different explanation methods. These 
explainable machine learning (XML) and ML-based frameworks 

facilitate decision-making regarding adhesive characteristics of 
micro-patterned surfaces. 
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ANNEX A1  

HGB XGB GB 

Hyperparameter Value Hyperparameter Value Hyperparameter Value 

Maximum depth  3 Maximum depth  3 criterion Friedman_mse 
Learning rate  0.2 Gamma  0.0001 Maximum depth 3 
Maximum iteration  500 Learning rate  0.3 Learning rate 0.1 
Regularization  0 Number of Estimators  50 Minimum sample split 2 
Verboose  0 Random state  154 minimum sample leaf 2 
Maximum bins  255 Reg_Alpha  0.0001 Bootstrap FALSE 
min_samples_leaf  20 Base score  0.5 Minimum impurity decrease 0 

(continued on next page) 

Fig. 10. Partial dependence plots obtained from DALEX.  
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(continued ) 

HGB XGB GB 

Hyperparameter Value Hyperparameter Value Hyperparameter Value       

Number of Estimators 25       
Alpha 0.9  

ANNEX A2

. 

ANNEX A3 

R2 =

∑N
i=1(Pi − Oi)

2

∑N
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MAE =
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(c)  

RMSE =
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2

N
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(d)  

Fractional Bias =
2(Pi − Oi)

(Pi + Oi)
(e) 

Pi and Oi denote prediction and experimental values, respectively. Oi and Pi refer to the mean value of the experimental and predicted set. 
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