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Characterize traction–separation 
relation and interfacial 
imperfections by data‑driven 
machine learning models
Sanjida Ferdousi1, Qiyi Chen2, Mehrzad Soltani1, Jiadeng Zhu3, Pengfei Cao3, 
Wonbong Choi1,4, Rigoberto Advincula2,5 & Yijie Jiang1*

Interfacial mechanical properties are important in composite materials and their applications, 
including vehicle structures, soft robotics, and aerospace. Determination of traction–separation 
(T–S) relations at interfaces in composites can lead to evaluations of structural reliability, mechanical 
robustness, and failures criteria. Accurate measurements on T–S relations remain challenging, since 
the interface interaction generally happens at microscale. With the emergence of machine learning 
(ML), data‑driven model becomes an efficient method to predict the interfacial behaviors of composite 
materials and establish their mechanical models. Here, we combine ML, finite element analysis (FEA), 
and empirical experiments to develop data‑driven models that characterize interfacial mechanical 
properties precisely. Specifically, eXtreme Gradient Boosting (XGBoost) multi‑output regressions and 
classifier models are harnessed to investigate T–S relations and identify the imperfection locations at 
interface, respectively. The ML models are trained by macroscale force–displacement curves, which 
can be obtained from FEA and standard mechanical tests. The results show accurate predictions of T–S 
relations (R2 = 0.988) and identification of imperfection locations with 81% accuracy. Our models are 
experimentally validated by 3D printed double cantilever beam specimens from different materials. 
Furthermore, we provide a code package containing trained ML models, allowing other researchers to 
establish T–S relations for different material interfaces.

Interfacial mechanical properties quantify adhesion interactions between two surfaces at the microscale and 
are critical to the performance of heterogeneous engineering materials, such as multilayer structural materi-
als and fiber reinforced  composites1–4. Key interfacial properties, including fracture toughness and interfacial 
strength, can be measured via combination of numerical simulations and multiscale physical experiments, such 
as standard double cantilever beam (DCB) tests to in-situ scanning electronic microscope (SEM) fiber pull-out 
 tests5–9. In addition to parameters such as total toughness and averaged interfacial strength, establishing a trac-
tion–separation (T–S) relation can be used to fully quantify interfacial adhesion, understand crack propagation 
and  fracture10, and thus lead to the novel design and fabrication of high-performance  composites11–14.

Multiple types of T–S relations have been  proposed15–17 based on mathematical approximations (such as Dug-
dale and triangular forms)15,17,18 or physical observations (such as Lennard–Jones potential)19,20. Due to the nature 
of short adhesion range, it requires high resolution experiments and imaging, such as atomic force microscopy 
(AFM)15,18,21,22 and optical interferometric  measurements7,10, together with numerical and theoretical analysis 
to fully establish T–S relations. For example, to determine an intrinsic T–S relation of a single asperity contact, 
both AFM experimental pull-off forces and results from FEA and Maugis-Dugdale-n analytical  model23 are 
obtained. Then, iterative fittings are performed using varying work of adhesion and range of adhesion to match 
numerical and theoretical results with experimental data and finally establish the T–S  relation15,18. To establish 
T–S relations in relating with the characterized crack tip, Gowrishankar et al. and Wu et al. have performed DCB 
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tests with in-situ interferometric measurements (~ 20 nm resolution) of normal crack opening displacements 
along with J-integral analytical solution and comparison with FEA  approach7,10.

Recently, predictive machine learning (ML) is an emerging research area and a promising tool in prediction 
of the mechanical properties and design of  materials24–26. The ML methods effectively learn on experimental or 
simulated data, and efficiently predict complicated data patterns or  trends27. Supervised learning algorithm is a 
subset of ML methods, where models are trained with both input and output in training dataset. The underlying 
ML algorithms establish a pattern and predict targets based on input in testing  dataset28. In interfacial science, 
recent works have advanced the prediction of interface fracture patterns, crack propagations, and interfacial 
thermodynamic constraints through supervised ML  methods29–33, such as neural and deep material networks. 
While previous studies focus on specific types of materials, failure around known defects, and algorithm develop-
ments, still lacking are data-driven models that can establish intrinsic T–S relations and capture imperfections 
and can be generalized for different material interfaces.

In this study, we develop data-driven models based on FEA and ML that quantify the T–S relations and iden-
tify locations of interfacial imperfections. The established eXtreme Gradient Boosting (XGBoost) ML models 
provide an efficient and convenient approach for characterizing interfacial properties in a wide range of material 
systems. Our multi-output XGBoost models outperform other ML models and predict the microscale T–S rela-
tions with high precision (coefficient of determination R2 = 0.988) through training on macroscale force–dis-
placement (F–D) curves. Experimental evaluations on several 3D printed material systems are performed and 
obtain agreeable F–D curves from experiments and FEA results using ML learned T–S relations. Additionally, 
to locate interfacial imperfections, a classification model is developed with an accuracy of 81 ± 8.6%. Finally, we 
develop a package based on the XGBoost regression model, which can facilitate the users to obtain T–S relations 
for their own F–D data without additional database establishment or model training.

Results
An overview of our workflow is shown in Fig. 1, including three key components: (1) establishing F–D and T–S 
relations database by FEA; (2) training ML models; and (3) validating ML models by experimental data. Firstly, 
we perform FEA simulating the DCB tests to collect a series of F–D curves correlating to T–S relations with inter-
facial stiffness and strength spanning 5 and 6 orders of magnitude, respectively (top section of Fig. 1). Secondly, 
we use several ML methods (e.g., XGBoost) to train the models based on FEA database. Scalable relations from 
F–D curves to T–S relations are established in trained ML models (middle section of Fig. 1). Finally, we perform 
experimental validations (bottom section in Fig. 1) that harness the trained ML models on experimental F–D 
curves to establish T–S relations at the interfaces of multiple material systems.

ML results on T–S relations. Different interfacial failure behaviors are observed from F–D curves. Several 
representative F–D curves are shown in Fig. 2a, including gradual crack propagation, propagation followed by 
catastrophic failure, and immediate failure after ultimate strength. It is challenging to correlate F–D curves and 
T–S relations directly as the measurements of F–D curves (macroscale) and T–S relations (microscale) are at dif-
ferent length  scales29 and there is a curve to curve relation between them. However, through the training of the 
multi-output XGBoost model, we are able to accurately predict the interfacial T–S relations. XGBoost is a scal-
able version of gradient boosting  framework34 that builds a sequential ensemble method to reduce the error of 
predecessor trees by updating the residual  errors35,36. With the integration of decision tree method, XGBoost can 
enhance the accuracy, speed, and performance of a model. For testing dataset, the median of R2 score is 0.988, 
manifesting the near perfect matching case where R2 = 1. Comparisons of example T–S relations between FEA 
preset values and the predicted results by the XGBoost model are exhibited in Fig. 2b. The solid lines indicate the 
FEA preset values, whereas dashed lines represent predicted T–S relations using XGBoost model. The ML model 
results in accurate prediction with a triangular form and key parameters, including interfacial stiffness, strength, 
and range of adhesion. It is worth noting that the predicted T–S relations are output as discrete traction data as a 
function of separation (Methods section) and a triangular form is not prescribed in our ML model.

More interestingly, we investigate our model performance on a different form of T–S relation, namely 3–9 
Leonard-Jones (L-J)  potential20, which is not included in the training process and the L-J potential form is not 
given during ML prediction. For conventional fittings or inverse properties extractions, predefined forms for 
the target are generally required. This is a constraint that one needs to make assumptions or use trial and error 
to determine a proper function form for fitting. In contrast, our ML model can be used directly for prediction 
instead of predetermining the form for the targeted T–S relation. The ML model is trained based on purely tri-
angular T–S relations, in which the L-J potential form is not given during the training process. Three examples of 
F–D curves generated via different L-J potentials are shown in Fig. 2c and their corresponding predicted results 
are in Fig. 2d. Although variations are observed at the softening process around separation of 100–250 μm, the 
predictions capture key features of L-J potential, including the gradual transition near maximum traction and 
long tails of the T–S relation (Fig. 2d). This indicates the advantage of data-driven ML that the data features can 
be captured without making assumptions of targeted fitting forms, as well as a capability to predict different 
forms of T–S relations out of the training data domain.

To generalize our ML model to different materials and dimensions of DCBs, we introduce the normalized 
force and displacement that F̄ = Fa

2/(Eh3t) and d̄ = d/a , where E is the Young’s modulus of the beams, a is 
the initial crack length, h is beam thickness, and t is beam width. Since the FEA database for ML model train-
ing is established based on the linear elastic deformation assumption and the maximum normalized force of 
0.001 < 

−

Fmax<0.04, our ML model would be applicable to predict the T–S relations within these limitations.
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Experimental validation. To validate the T–S relation established from the XGBoost ML approach, we 
perform DCB experiments for three material systems, namely epoxy, epoxy-CF composite, and polymer-silicone 
interfaces. These experiments yield the F–D curves plotted in solid lines in Fig. 3a. The F–D curve of polymer-
silicone interface has a compliant stiffness and a gradual softening process after maximum force at around 1 mm, 
indicating a gradual debonding at interface along the crack. Both pure epoxy and epoxy-CF composite have stiff 
and brittle interface. The drops in F–D curves indicate catastrophic failures of interfaces in both materials. These 
three material systems are selected to validate the application of our ML model on both hard and soft interfaces, 
as well as single component and composite materials.

Harnessing our trained ML model, T–S relation for each material system is generated individually based on 
the experimental F–D curves (Fig. 3b). Stiff and short-range interface interaction is seen for epoxy and epoxy-
CF, with strength of the former (12.5 MPa) is 66% of the later (18.8 MPa). Polymer-silicone interface shows a 
compliant and long-range T–S relation, which is expected because the silicone can be largely deformed before 
breaking. Subsequently, the T–S relations are used in FEA simulations to obtain F–D curves (dashed lines in 
Fig. 3a). We observe that the F–D curves from simulations are in agreement with experimental F–D curves in 
all three cases. The comparisons demonstrate that the accurate T–S relations are predicted from experimental 
data using our ML model.

Models performance. We investigate other ML models that are support vector regression (SVR), artificial 
neural network (ANN), and random forest (RF) to compare with the XGBoost model. The performance of 
models is evaluated on the basis of coefficient of determination (R2 score) and root mean square error (RMSE), 
which is normalized by maximum interfacial traction in each test case. As illustrated in Fig. 4a and b, XGBoost 

Figure 1.  An overview schematic of the development of a data-driven method for establishing interfacial 
properties. The method includes FEA database generation, multi-output ML models training, and experimental 
validations.
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outperforms other models with the highest R2 score (R2 = 0.988) and lowest normalized RMSE. Though com-
parable performance is seen in RF model, the XGBoost is the most efficient and takes only half of training time 
than others.

To further evaluate the performance in XGBoost model, we show the distribution of R2 scores for all testing 
samples in Fig. 4c. R2 scores are concentrated at high values (near to 1) and more than 40% predicted samples 
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Figure 2.  Machine learning on FEA data. (a) Different types of F–D curves obtained from triangular T–S 
relations, (b) comparison between triangular T–S relations predicted by XGBoost ML and the actual cases preset 
in FEA, (c) the F–D curves calculated based on different Leonard-Jones T–S relations, and (d) the prediction 
results using the F–D curves in (c) and comparison with preset T–S relations.
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using (b) T–S relations trained from experimental F–D curves for epoxy, epoxy-CF, and polymer-silicone 
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lie in the 0.99–1 range. More than 84% samples have a R2 score more than 0.95. To identify the low performance 
cases, we exhibit individual R2 score for each test case as a function of maximum normalized force in Fig. 4d. The 
normalized force is 

−

F= Fa
2/(Eh3t) , where a = 25 mm is the distance of loading location to initial crack tip, E = 2 

GPa is the Young’s modulus, h = 5 mm is the thickness, and t = 1 mm is the width in our DCB models for simula-
tions. When the test data has a maximum force approaching the limits of force range in our training database 
(0.001 < 

−

Fmax<0.04), the R2 score decreases significantly. For lower bound, negative R2 scores are observed (not 
shown in the figure), indicating the prediction is even worse than a simple average of data. For upper bound, R2 
scores distribute from 1 to less than 0.7. Between these two bounds, the ML predictions have R2 between 0.95 
and 1 with only a few exceptional cases.

Based on our trained XGBoost model, we develop a code package that allows users to predict T–S relations 
by simply inputting F–D curves from DCB experiments or simulations. This package, including trained model 
file, python source codes, example data, and user guideline, is available to be  downloaded37. This program can 
establish T–S relations without setting up a new database or training ML models again.

Predictions of interface imperfections. The imperfections can affect the stress distribution at the inter-
face remarkably and thus leads to different crack propagation and failure  behaviors38,39. In addition to charac-
terizing T–S relation at perfect interfaces, we harness the FEA-ML method on identifying interface imperfec-
tions. As one example shown in Fig. 5a, interfacial voids are generated in our FEA models as imperfections. 
Local stress concentration depends on imperfection distribution, so does the macroscale F–D curves. Both the 
ratio and the locations of these imperfections result in different maximum forces, loading slopes, and force 
fluctuations in F–D curves (Fig. 5b, c). Such force fluctuation may simply be smoothed or considered as noise, 
especially in experiments, without relating such behavior to interface imperfections, not mention to precisely 
identify imperfection locations.

To identify the locations of interfacial imperfections, the interface (70 mm in length) is discretized into 
0.2 mm intervals and analyzed as target features. Then, we use four different classification methods to establish 
ML models trained on F–D curves and imperfection locations correlated data. The four methods, including 
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support vector classification (SVC), ANN classification, RF classification, and XGBoost classification, result in 
close prediction accuracy between 81–82% (see Methods section for details). The XGBoost classification model 
results in an average accuracy of 80.9 ± 8.6% predicting bonded and imperfect locations along the interface for 
312 random cases. Five cases with prediction accuracy from 67 to 92% are shown as examples in Fig. 5d, indicat-
ing correct and wrong predictions along interface and their locations.

Conclusions
In conclusion, we have demonstrated the process of characterizing interface adhesive properties and imperfec-
tions using a combination of FEA and ML. We use advanced ML models framing with multi-output regressors 
to train on a FEA database, simulating DCB tests with interfacial stiffness and strength over 5 and 6 orders of 
magnitude, respectively. Our optimized XGBoost model predicts T–S relations with a coefficient of determination 
of 0.988. We use 3D printed DCB specimens of epoxy, epoxy-CF, and silicone-polymer interfaces to experimen-
tally measure F–D curves, extract T–S relations by our ML model, and then validated by the F–D curves that 
are consistent in both experiments and FEA. Furthermore, we leverage this FEA-ML approach to illustrate the 
capability of detecting imperfection locations along interface with an accuracy of 80.8 ± 8.6%. Finally, we develop 
a Python code package including our trained ML model for establishing T–S relations for other material systems.
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Methods
Database collection via FEA. Double cantilever beam (DCB) specimens were established as 2D plane 
strain models in Abaqus® 2020. A layer of cohesive elements (70 mm × 0.1 mm, element type: COH2D4) was 
sandwiched between two solid beams (100 mm × 5 mm, element type: CPE4R). Mesh convergence check was 
done by carrying out simulations with 4 meshing sizes of about 1.5 times differences in sequence, namely 0.23, 
0.15, 0.1, and 0.07 mm. To mimic the DCB tests, a vertical displacement of 10 mm was applied on one beam at a 
distance of 25 mm away from the initial crack tip and a fixed boundary condition was applied at the correspond-
ing location on another beam. Force was collected as a function of displacement from the simulations. To estab-
lish the database, triangular traction–separation relation was used with normal stiffness ranging from 20 kPa/
mm to 2 GPa/mm, maximum strength from 0.2 kPa to 200 MPa, and energy dissipation from 2 mJ/m2 to 60 kJ/
m2. The upper and lower bounds of these parameters were extensively selected to allow the database to include 
large enough ranges for ML. In total, 1500 simulations were performed, and their corresponding T–S relations 
and F–D curves were discretized into 500 and 1000 features, respectively, for the purpose of ML.

For non-triangular traction–separation relations, including Lennard–Jones potential and ML results from 
experiments, tabular function was utilized when defining the damage evolution for cohesive elements. For inter-
faces with imperfections, a Matlab® code was generated to read Abaqus input files, randomly select and remove 
interfacial cohesive zone elements, and rewrite new input files by batch. Additional 780 cases with interfacial 
imperfection ratio 5% to 30% were produced. For each case, a F–D curve and the locations of imperfections 
were generated for ML.

Predictive ML models. Common supervised ML regression models include SVR, RF, ANN, and boosted 
tree based models, such as  XGBoost40. In this work, we particularly concentrated on the XGBoost algorithm 
as it showed competitive performance compared to other advanced ML  algorithms36. Additionally, XGBoost 
algorithm delivers a good generalization and speed through building tree-based ensemble  technique35. We 
established our multi-output regression models according to  XGBoost35 and scikit-learn41 ML packages. The 
XGBoost model was an association of gradient decision trees with enhanced speed and  performance35. It created 
a model where residuals were calculated from the prior model and combined to forecast the final prediction. 
We split the datasets by 70/30 rule, where we trained the ML model using 70% data. The remaining 30% was the 
testing data to evaluate each model. Before training the models, we performed an extensive grid search using 
training data to determine optimal parameters. In grid search, we set maximum depth in a range between 6 
and 18, learning rate 0.06–0.4, and subsample 0.2–0.6 with fourfold-cross validation in order to obtain reliable 
results. We determined the optimal parameters for XGBoost as linear regression for the objective function, 16 for 
the maximum depth of the decision trees, 0 for γ, 0.5 for subsample to control overfitting, and 0.08 for the learn-
ing rate. We calculated median R2 score for training data along with the test data. The median of R2 score for the 
training and test data were 0.999 and 0.988, respectively. The difference between training and test data was about 
1% and R2 score on test was close to 1, which indicates the model was neither overfitting nor  underfitting42,43. ML 
models were applied to 1500 samples, where each sample contained 1000 input features of F–D curves and 500 
output features of T–S relation. To deal with multiple features, we tested both direct and chained multi-output 
regression methods. The detailed algorithm flows can be found in  literatures44,45. In direct multi-output regres-
sion, each feature in the output was treated as an independent target variable for prediction. Each sample was 
divided into 500 (number of output features) separate problems. In chained multi-output regression, it creates a 
linear sequence of models for each sample, where predicted output features in previous steps were used together 
with input features to predict next  feature41,46–48. Therefore, our multi-output models with 1500 samples and 
500 output features each are equivalent to a data size of 1500 × 500 = 750,000 in single output models. We have 
applied both approaches and the direct multioutput regressor shows slightly better performance. Convergence 
tests were carried out on XGBoost model, using 10 sample sizes from 105 to 1050 samples and resulting in a 
converged R2 score at 0.988.

In addition to XGBoost, we employed other three algorithms for comparison, namely SVR, ANN, and  RF49–51. 
Optimal parameters for all these models were selected via grid search. In SVR, we used radial basis function (rbf) 
kernel with C = 1000 as regularization parameter and ɛ = 0.001 that associated with a training loss function. In 
RF algorithm, multiple decision trees were constructed to calculate the mean from all the trees. We found that 
100 decision trees and maximum depth of 10 for those trees were optimal from a grid search. Finally, we used 
ANN that had capabilities of learning from sequential data and consisted of several hidden  layers52. In this work, 
we applied 2 hidden layers with 200 neurons in each.

Regarding the interface imperfection task, we used XGBoost classifier for predicting locations of imperfec-
tion, where the label 1 indicated as perfectly bonded interface and 0 indicated as an imperfection (void). Similar 
to the regression models, we used 780 samples and 350 output features each to establish our multi-output clas-
sification models. The convergence tests of 7 sample sizes from 78 to 546 samples were performed and accuracy 
converged to 0.808. To work with the classification task, we set logistic regression as the objective function and 
applied another grid search. The grid search set a range of 200–350 for the number of trees, 6–10 for the maxi-
mum depth, 0.005–0.1 for the learning rate, and 0.5–7 for L2 regularization, respectively. As a result, we used 
linear regression with 300 for optimal number of trees, 6 for maximum depth, 0.008 for the learning rate, and 
5 for L2 regularization. In addition, three other ML models, specifically SVC, ANN classification, and RF clas-
sification, were tested. We utilized a grid search mechanism as before to obtain the optimal parameters. For RF 
classifier, we used 100 as number of trees in the forest, 6 for maximum depth of trees, 5 for minimum number 
of samples required to split an internal node, 2 for minimum number of samples to be required at a leaf node. 
In ANN classification, we applied one hidden layer with 100 neurons, ‘tanh’ activation function for the hidden 
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layer, α = 0.0001 for L2 regularization, and a stochastic gradient descent (sgd) solver for weight optimization. For 
SVC model, we used the rbf kernel, γ = 1 for kernel coefficient, and C = 0.1 for regularization  parameter41,49–51.

Double cantilever beam (DCB) experiments. DCB specimens of different material systems were pre-
pared by 3D printing. The material systems included epoxy-epoxy, epoxy-carbon fiber (CF) composites, and 
polymer-silicone interfaces. We 3D printed epoxy and its composites into DCB specimens using direct ink writ-
ing (DIW) method. The inks were prepared based on our previously reported  literature53. Briefly, epoxide resin 
(Epon 826®) was mixed with cross-linkers (Epikure W®, 25 wt%, and Epikure 3140®, 5 wt%), and silica nanopar-
ticles (EH-5®, 13 wt%) using a planetary mixer. Carbon fibers (10 wt%) were added to the mixture to prepare the 
epoxy-CF composite ink. The as-prepared inks were 3D printed by DIW technique using a Hyrel 3D SR Engine® 
printer with a nozzle size of 0.3 mm, layer height of 0.15 mm, and a printing speed of 10 mm/s. After printing, 
the materials were thermally cured at 150 °C for 10 h. For polymer-silicone samples, we used stereolithography 
(SLA) to 3D print polymer beams (Formlab® Tough resin), which were then washed by isopropyl alcohol (IPA) 
and cured at 60 °C for 60 min. Then, a layer of silicone glue was applied at interface and cured at room tempera-
ture for at least 2 h. The polymer-silicone samples had a beam thickness of 5 mm, a beam width of 20 mm, a 
length of 100 mm and an initial crack length of 25 mm (ASTM D5528 standard). A scaling factor of 0.8 was used 
for epoxy and epoxy-CF samples to reduce the 3D printing time. Different material properties were considered 
in FEA validations, where Epol = 1.5 GPa for SLA printed polymer beams,  Eepoxy = 1.6 GPa and  Eepoxy-CF = 2.2 GPa 
for DIW printed epoxy and epoxy-CF samples, respectively. DCB tests were performed via a universal tensile 
machine under displacement control (0.1 mm/s) up to 10 mm. F–D curves are collected at 10 pts/s.

Received: 30 April 2021; Accepted: 23 June 2021

References
 1. Mamedov, A. A. et al. Molecular design of strong single-wall carbon nanotube/polyelectrolyte multilayer composites. Nat. Mater. 

1, 190–194 (2002).
 2. Munch, E. et al. Tough, bio-inspired hybrid materials. Science 322, 1516–1520 (2008).
 3. Mukhopadhyay, T., Mahata, A., Adhikari, S. & Zaeem, M. A. Effective mechanical properties of multilayer nano-heterostructures. 

Sci. Rep. 7, 1–13 (2017).
 4. Drzal, L. T. The role of the fiber-matrix interphase on composite properties. Vacuum 41, 1615–1618 (1990).
 5. Manoharan, M. P. et al. The interfacial strength of carbon nanofiber epoxy composite using single fiber pullout experiments. 

Nanotechnology 20, 295701 (2009).
 6. Zhou, X. F., Wagner, H. D. & Nutt, S. R. Interfacial properties of polymer composites measured by push-out and fragmentation 

tests. Compos. Part A Appl. Sci. Manuf. 32, 1543–1551 (2001).
 7. Gowrishankar, S., Mei, H., Liechti, K. M. & Huang, R. A comparison of direct and iterative methods for determining traction-

separation relations. Int. J. Fract. 177, 109–128 (2012).
 8. Harper, P. W. & Hallett, S. R. Cohesive zone length in numerical simulations of composite delamination. Eng. Fract. Mech. 75, 

4774–4792 (2008).
 9. Kumar, M., Kumar, P. & Bhadauria, S. S. Numerical simulation of delamination growth in fiber reinforced polymer laminates using 

cohesive zone modeling. Mech. Adv. Mater. Struct. 1–17 (2020).
 10. Wu, C., Gowrishankar, S., Huang, R. & Liechti, K. M. On determining mixed-mode traction–separation relations for interfaces. 

Int. J. Fract. 202, 1–19 (2016).
 11. Narducci, F. & Pinho, S. T. Exploiting nacre-inspired crack deflection mechanisms in CFRP via micro-structural design. Compos. 

Sci. Technol. 153, 178–189 (2017).
 12. Kim, S. et al. Soft nanocomposite electroadhesives for digital micro- And nanotransfer printing. Sci. Adv. 5, eaax4790 (2019).
 13. Minsky, H. K. & Turner, K. T. Composite microposts with high dry adhesion strength. ACS Appl. Mater. Interfaces 9, 18322–18327 

(2017).
 14. Selezneva, M. et al. The brittle-to-ductile transition in tensile and impact behavior of hybrid carbon fibre/self-reinforced polypro-

pylene composites. Compos. Part A Appl. Sci. Manuf. 109, 20–30 (2018).
 15. Grierson, D. S., Liu, J., Carpick, R. W. & Turner, K. T. Adhesion of nanoscale asperities with power-law profiles. J. Mech. Phys. 

Solids 61, 597–610 (2013).
 16. Heidari-Rarani, M. & Ghasemi, A. R. Appropriate shape of cohesive zone model for delamination propagation in ENF specimens 

with R-curve effects. Theor. Appl. Fract. Mech. 90, 174–181 (2017).
 17. Maugis, D. Adhesion of spheres: The JKR-DMT transition using a dugdale model. J. Colloid Interface Sci. 150, 243–269 (1992).
 18. Jiang, Y. & Turner, K. T. Measurement of the strength and range of adhesion using atomic force microscopy. Extrem. Mech. Lett. 

9, 119–126 (2016).
 19. Jacobs, T. D. B., Wabiszewski, G. E., Goodman, A. J. & Carpick, R. W. Characterizing nanoscale scanning probes using electron 

microscopy: A novel fixture and a practical guide. Rev. Sci. Instrum. 87, 013703 (2016).
 20. Yu, N. & Polycarpou, A. A. Adhesive contact based on the Lennard-Jones potential: A correction to the value of the equilibrium 

distance as used in the potential. J. Colloid Interface Sci. 278, 428–435 (2004).
 21. Mello, A. W. & Liechti, K. M. The effect of self-assembled monolayers on interfacial fracture. J. Appl. Mech. ASME 73, 860–870 

(2006).
 22. Safari, A. et al. Interfacial separation of a mature biofilm from a glass surface - A combined experimental and cohesive zone model-

ling approach. J. Mech. Behav. Biomed. Mater. 54, 205–218 (2016).
 23. Zheng, Z. & Yu, J. Using the Dugdale approximation to match a specific interaction in the adhesive contact of elastic objects. J. 

Colloid Interface Sci. 310, 27–34 (2007).
 24. Schmidt, J., Marques, M. R. G., Botti, S. & Marques, M. A. L. Recent advances and applications of machine learning in solid-state 

materials science. NPJ Comput. Mater. 5, 1–36 (2019).
 25. Butler, K. T., Davies, D. W., Cartwright, H., Isayev, O. & Walsh, A. Machine learning for molecular and materials science. Nature 

559, 547–555 (2018).
 26. Bartók, A. P. et al. Machine learning unifies the modeling of materials and molecules. Sci. Adv. 3, 1701816 (2017).
 27. Rovinelli, A., Sangid, M. D., Proudhon, H. & Ludwig, W. Using machine learning and a data-driven approach to identify the small 

fatigue crack driving force in polycrystalline materials. NPJ Comput. Mater. 4, 1–10 (2018).
 28. Nasteski, V. An overview of the supervised machine learning methods. Horizons. B. 4, 51–62 (2017).



9

Vol.:(0123456789)

Scientific Reports |        (2021) 11:14330  | https://doi.org/10.1038/s41598-021-93852-y

www.nature.com/scientificreports/

 29. Fernández, M., Rezaei, S., Rezaei Mianroodi, J., Fritzen, F. & Reese, S. Application of artificial neural networks for the prediction 
of interface mechanics: a study on grain boundary constitutive behavior. Adv. Model. Simul. Eng. Sci. 7, 1–27 (2020).

 30. Mudunuru, M. K., Panda, N., Karra, S. & Srinivasan, G. Surrogate models for estimating failure in brittle and quasi-brittle materi-
als. Appl. Sci. 9, 2706 (2019).

 31. Liu, Z. Deep material network with cohesive layers: Multi-stage training and interfacial failure analysis. Comput. Methods Appl. 
Mech. Eng. 363, 112913 (2020).

 32. Zhang, J., Wei, C. & Wu, C. Thermodynamic consistent neural networks for learning material interfacial mechanics. in NeurIPS 
2020 Workshop on Interpretable Inductive Biases and Physically Structured Learning (2020).

 33. Khatri, N. R., Ji, X., Minsky, H. K. & Jiang, Y. Understanding nanoscale topology-adhesion relationships via support vector regres-
sion. Adv. Mater. Interfaces 2100175 (2021).

 34. Friedman, J. H. Greedy Function Approximation: A Gradient Boosting Machine. Ann. Stat. 29, 1189–1232 (2001).
 35. Chen, T. & Guestrin, C. XGBoost: A scalable tree boosting system. in Proceedings of the ACM SIGKDD International Conference 

on Knowledge Discovery and Data Mining 785–794 (2016).
 36. Zhang, W., Zhang, R., Wu, C., Goh, A. T. C. & Wang, L. Assessment of basal heave stability for braced excavations in anisotropic 

clay using extreme gradient boosting and random forest regression. Underground Space (2020).
 37. Software package. https:// drive. google. com/ file/d/ 1Mv3d uk75F ezz6u 8FQgx 9BdV3 yAXW7 mfy/ view? usp= shari ng.
 38. Bui, V. Q., Marechal, E. & Nguyen-Dang, H. Imperfect interlaminar interfaces in laminated composites: delamination with the 

R-curve effect. Compos. Sci. Technol. 60, 2619–2630 (2000).
 39. Needleman, A. An analysis of decohesion along an imperfect interface. Int. J. Fract. 42, 21–40 (1990).
 40. Caruana, R. & Niculescu-Mizil, A. An empirical comparison of supervised learning algorithms. ACM Int. Conf. Proc. Ser. 148, 

161–168 (2006).
 41. Pedregosa, F. et al. Scikit-learn: Machine learning in Python. J. Mach. Learn. Res. 12, 2825–2830 (2011).
 42. Ghojogh, B. & Crowley, M. The Theory Behind Overfitting, Cross Validation, Regularization, Bagging, and Boosting: Tutorial. 

(2019).
 43. Ying, X. An overview of overfitting and its solutions. J. Phys. Conf. Ser. 1168, 022022 (2019).
 44. Melki, G., Cano, A., Kecman, V. & Ventura, S. Multi-target support vector regression via correlation regressor chains. Inf. Sci. 

415–416, 53–69 (2017).
 45. Montiel, J., Read, J., Bifet, A. & Abdessalem, T. Scikit-multiflow: a multi-output streaming framework. J. Mach. Learn. Res. 19, 1–5 

(2018).
 46. Lu, P. et al. A novel spatio-temporal wind power forecasting framework based on multi-output support vector machine and opti-

mization strategy. J. Clean. Prod. 254, 119993 (2020).
 47. Joly, A., Wehenkel, L. & Geurts, P. Gradient tree boosting with random output projections for multi-label classification and multi-

output regression. arXiv Prepr. (2019).
 48. Watt, J., Borhani, R. & Katsaggelos, A. Regression. in Machine Learning Refined: Foundations, Algorithms, and Applications 45–72 

(Cambridge University Press, 2016). doi:https:// doi. org/ 10. 1017/ CBO97 81316 402276. 005.
 49. Hecht-nielsen, R. Theory of the backpropagation neural network. Neural networks Percept. 65–93 (1992).
 50. Awad, M. & Khanna, R. Support Vector Regression. Effic. Learn. Mach. 67–80 (2015).
 51. Breiman, L. Random Forests. Mach. Learn. 45, 5–32 (2001).
 52. Nguyen, D. L. H., Thanh Do, D. T., Lee, J., Rabczuk, T. & Nguyen-Xuan, H. Forecasting damage mechanics by deep learning. 

Comput. Mater. Contin. 61, 951–977 (2019).
 53. Chen, Q. et al. A dual approach in direct ink writing of thermally cured shape memory rubber toughened epoxy. ACS Appl. Polym. 

Mater. 2, 5492–5500 (2020).

Acknowledgements
The authors acknowledge the support from Vehicle Technologies Office (VTO) in the Department of Energy 
(DOE), award number: Award VTO CPS 36928. Y.J. acknowledge the support of Ralph E. Powe Junior Faculty 
Enhancement Award from Oak Ridge Associated Universities (ORAU) and Research Seed Grant from the Divi-
sion of Research and Innovation at University of North Texas (UNT). We acknowledge Dr. Lee Smith and Dr. 
Sheldon Shi at UNT for assistance in mechanical tests.

Author contributions
S.F. performed machine learning modeling; Q.C. and M.S. 3D printed samples and collected experimental data; 
Y.J. conceived the project and performed FEA simulations; all authors contributed to data analysis and writing 
the paper.

Competing interests 
The authors declare no competing interests.

Additional information
Correspondence and requests for materials should be addressed to Y.J.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

Open Access  This article is licensed under a Creative Commons Attribution 4.0 International 
License, which permits use, sharing, adaptation, distribution and reproduction in any medium or 

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the 
Creative Commons licence, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from 
the copyright holder. To view a copy of this licence, visit http:// creat iveco mmons. org/ licen ses/ by/4. 0/.

© The Author(s) 2021

https://drive.google.com/file/d/1Mv3duk75Fezz6u8FQgx9BdV3yAXW7mfy/view?usp=sharing
https://doi.org/10.1017/CBO9781316402276.005
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Characterize traction–separation relation and interfacial imperfections by data-driven machine learning models
	Results
	ML results on T–S relations. 
	Experimental validation. 
	Models performance. 
	Predictions of interface imperfections. 

	Conclusions
	Methods
	Database collection via FEA. 
	Predictive ML models. 
	Double cantilever beam (DCB) experiments. 

	References
	Acknowledgements


