Prediction of the failure of a human supraspinatus tendon using a NARX network
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Abstract.
The modelling of tendon behaviour during failure stages is nonlinear and heavily random. However, the understanding of its behavior during such stages, and development of models that can give an accurate prediction of its behavior during failure can provide a means for developing effective tendon therapies. This study is aimed at demonstrating the capability of an artificial neural network in the modelling of failure phases in tendons. A nonlinear autoregressive with exogenous inputs network is applied to three different tensile test data of the human supraspinatus tendons. Owing to data scarcity, the network was trained using two different test data which were randomly sampled and divided into 50%, 25% and 25% proportions for training, validation and preliminary testing. The third test data were used for the final testing phase. The procedure was cyclically performed for each of the results that have been presented in this study. The neural network predictions are presented as curves fitted over actual test results with corresponding error plots. The results indicate that the network is able to accurately predict the failure behaviour of these tendons with correlations of above 99 % for all tests. This is an excellent and very promising result in the light of the difficulties that most deterministic mechanistic models encounter in the modelling of soft tissue failure behaviour. With further development of this technique, sports and exercise physicians would enhance knowledge in mechanisms of tendon failure and be able to devise more injury preventive strategies. 
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1. Introduction
A tendon has one of the most complex hierarchical structures and random helical organization in the human musculoskeletal system [1]. In terms of its hierarchical structure, it spans several length scales from as small as 300 nm long for tropocollagen molecules to a few centimetres for its fascicles [2]. Starting from the nanoscale up to the macroscale fascicles, the components are organized in random helical patterns called crimp [3-6]. This complex structure and random organization influence its deformation behaviour throughout mechanical loading. In tension, the tendon is observed to exhibit several distinct stages from the initial physiological range type of extension to the rather complex nonlinear behaviour during failure. Therefore, its stress-strain curve diverts substantially from that of elastic solids, but subtly resembles that displayed by hyperelastic polymers of rubberlike nature [7, 8]. However, this resemblance is limited to within two regions (toe and linear regions) with varying degrees [9]. 

Mechanical properties of soft tissues have been used as base for the development and improvement and understanding of therapies [10, 11]. Soft tissues were found to behaviour non-linearly when subjected to mechanical forces [12-14]. Generally, the mechanical behaviour of soft tissues are vital in study the development and progression [15-17]. The mechanisms and progression of these diseases maybe studied by developing accurate computational models [18-23]. In most cases, the computational models were developed by fitting the experimental data into various hyperelastic constitutive models [10, 24-27]. However, the detailed computational model would depend on the mode of mechanical testing. Additionally, the predictability of mechanical behaviour of soft tissue by utilizing artificial intelligence techniques is also vital [28, 29]. 
The normal stress-strain curves for elastomers exhibit three distinct stages: first, the toe-region which is a nonlinear exponential curve; the second part is a linear elastic region; and the third part includes another nonlinear and more complex failure region [30-32]. Like most of the soft tissues [6, 33, 34], tendons exhibit non-linear mechanical behavior [35]. The similarities between soft tissue and rubberlike materials mainly exist in the toe and linear elastic regions, with the linear region bearing the most exact resemblance. There are minor differences in mechanical behaviour between elastomers and soft tissues in the toe region due to the differences in the mechanisms that influence mechanical deformation in these materials. 
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Figure 1. One-step ahead prediction NARX network where w denote network weights and b represent the network biases.

Toe region deformation in soft tissues is mainly dominated by the uncrimping of helical fibers in the tendons as opposed to the normal fiber elastic stretch in elastomers. As a result, most constitutive material models that do not account for fiber orientation tend to yield some errors in the toe region. 
The tendon behaviour during tissue failure may not be exactly replicated by elastomeric materials. Tendons tend to exhibit more elongated tissue softening phases than most polymeric materials due to their multiscalarity [36, 37]. The elongated tissue softening is thought to be caused by the fibers that undergo different phases during the straining process towards failure [38-40]. Thus, some of the fibers may rupture while others may be in elastic phases, and yet others are in the plastic yielding phase. This makes the modelling of this phase heavily reliant on probabilistic methods, which employ likelihood functions of particular mechanisms to occur under certain prevailing conditions. Thus, a soft tissue biomechanics experimentalist has to carefully characterise or control their operating environment in order for them to formulate accurate prediction models for failure behaviour in soft tissues. This also makes the behaviour of soft tissues during failure extremely random and hard to reproduce from one test to another even by the same testing laboratory [39].  
In human endeavours, which involve long hours of arm abduction such as some forms of sports and other careers, shoulder tendons, especially the supraspinatus, undergo huge amounts of strain and are a constant cause of pain and discomfort [40, 41]. In order to devise treatment procedures for this tendinopathy, it is extremely important to understand its aetiology. It is well known that mechanical loading is a cause of tendon injury, but the mechanisms of tendon failure are still not well understood [42-45]. Szczesny and Elliot [46] state that against all the current knowledge of tendon structure as revealed by high‑definition electron microscopy, the fundamental deformation mechanisms underlying a failure are unknown. For example, the tendon behaviour in the post‑UTS stages cannot be well represented by any plastic failure model [47]. This inelastic tissue softening behaviour is a subject of the current study. 
In this paper, a nonlinear autoregressive with exogenous inputs (NARX) neural network was used to model this inelastic behaviour. The use of this artificial neural network eliminates the need for extensive and costly characterisation of the tendon, yet enables clinicians and therapists to predict tendon inelastic response accurately under different loading conditions by simply applying values of past measured values of strains to the network. Their application also eliminates any need for characterization and control of operating environment, which can be challenging. A one-step ahead predictor NARX network that uses past and present measured stress-strain values to predict stress values at a future time point is applied. In developing this strategy, it is hypothesized that tendon failure is governed by a wide array of influential factors that randomly interact to effect final total tissue failure and thus can be well represented by an artificial neural network model. 

2. Materials and Methods
The research methodology in the study involved two main steps: realisation of an artificial neural network, and test data preparation. The following sections discuss these steps.

2.1 Artificial neural network
The NARX network is mathematically given by [10], [12] 
				(1)
where  and , are network outputs and inputs respectively at the given time points  with  representing past time steps. In this study, y are the stress data values while x are strain data values. The NARX network is a one‑step ahead predictor showed in Fig. 1. 
As shown in Figure 1, the network returns the value of the output y(t+1) given the strain and stress values at present and previous time steps. Thus, the network requires one past output and input besides the present output and input. It consists of one input, which is formatted as time series input, two neurons in the hidden layer and one neuron in the output layer whose response is ploughed back into the input layer. The neurons in the hidden layer use tan-sigmoid processing functions while the neuron in the output layer uses a pure-linear function. The NARX network updates the network parameters (network weights and biases) using the Levenberg-Marquardt optimization. The Levenberg‑Marquardt algorithm estimates second order approximations by using the Jacobian matrix rather than the more computationally costly Hessian matrix, which is faster than most backpropagation training algorithms [5]. The only shortcoming is that it requires large amount of memory storage hence it is suitable for application to small and medium‑sized problems such as the one under study.
In this study, network training involves three separate stages: firstly, the training stage, secondly the validation stage, and thirdly, the testing stage. Data from two different tests were used during the training stage. In order to ensure that the NARX network was properly trained without overfitting, we further divided the training data using a random data sampling function as 50 % for training, 25 % for validation, and the remaining 25 % for testing purposes. During neural network training, network parameters (weights and biases) are adjusted using a backpropagation process to minimize the error between the target and the network output. In the validation process, error minimization process is regularized in a manner that the resulting errors are not too small to cause overfitting problems, or too large to cause poor fitting. The last stage simulates the network performance on a new set of data which was not ‘seen’ by the network in order to render a level of confidence in the sufficiency of the network training process.
During the neural network simulation, the trained NARX network was then applied to test data from the third test. The data from the third test were used during the testing stage so that the artificial neural network is tested on new set of measured data. Therefore, for the reported results in this paper, we performed three different cycles of network training and simulations to enable us to test for each of the three different test results. The training process was fast and reached convergence in less than 20 epochs for all three of the different tests.

2.2 Tendon tensile test data preparation
The test data used in this study were secondary tensile test data for three different supraspinatus tendons. The three samples were excised from frozen shoulders and temporarily preserved in saline solution before testing under room air temperature and relative humidity between 30‑60 %. The specimens were of different cross‑sectional areas: 90 mm2, 70 mm2 and 50 mm2 with lengths of 50 ±2 mm, which translates into three different aspect ratios. They were tested one after another using an MTS EM Tensile Tester up to the point of total tissue rupture. Figure 2 shows the tensile test results for the three tendons. The machine was operated in displacement control at constant strain rates on all the three tests. Strain rates were kept constant throughout the testing procedure on all tests, as can be ascertained by the graph of strain rates in Figure 3. Since the cross‑sectional areas of the specimens are not exactly similar, there are differences in the way their tensile behaviour [7], [20]. Figure 3 shows a cluster plot of the strain rates for the three tests and it is shown that all the three tests were conducted under almost similar strain rates 0.0173 s-1. The variations in the strain rates at different sample points are 3.5% for test 1, 3% for test 2, and 5.2% for test 3. Given the difficulties that are presented by the soft tissue clamping, the prevailing environmental conditions during the test, and the inevitable measurement fluctuations, these strain variations may be acceptable.

3. Results
The results of tendon failure after the ultimate tensile stress (UTS) are characterised by behaviour in which the tendons undergo states of internal tissue stress decline under constant strain and states of internal tissue plastic flow under constant stress. All the three tendons exhibit such failure behaviour but in widely different ways. It is these differences and the random nature in which they occur that make the modelling of tendon behaviour during the failure phase extremely difficult to model using any constitutive methods. This probabilistic nature is the largest motivation for the application of the ANN model in this study [1].
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Figure 2 Full stress-strain curves for Tests 1, 2 and 3.

The results plotted in Figures 4-9 show three groups of graphs, each of which typically presents a particular network performance for each test. The graphs in frames labelled as (a) are over-plots of NARX‑predicted stresses and measured stresses, while the frames labelled as (b) show the errors in predicted stresses (in N.m-2) plotted at each given sample point. Both graphs present the network fitting accuracies. These graphs are important in locating problematic points, which is a crucial aspect in the design of these models. For example, if certain specific conditions (such as temperature, or strain rates) were simultaneously measured and recorded, it is easier to check for any cross-correlations of results with those conditions, before refining the model by incorporating those influential conditions into the models. For the three tests in this study, Figures 4‑6 show that the NARX‑predicted stresses fit the measured stresses with accuracies within a 1 % error. There are absolutely no significant differences in these fitting accuracies from one test to another as it has been observed with some hyperelastic models whose performances have varied from one test to another. It is further observed through the error graphs in the frames labelled (b) that any errors occur at discontinuities (or locations where the stress curve drastically declines at constant strain). There are a few discontinuous points in the toe and linear elastic regions (which mainly occur around points where tissue mechanical behaviour transits into a different phase), but most of these points occur in the failure region of the stress curve. The reason why the network yields large errors around these discontinuous points is that the NARX network tends to smoothen out such sudden turns due to the inherent generalisation process that was built into the network model during the validation process to avoid overfitting the training data. 

[image: Chart, scatter chart

Description automatically generated]
Figure 3 A cluster plot of strain rates for each test.
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Figure 4 Stress-strain curve one-step ahead predictions and prediction errors for Test 1.

The graphs in Figures 7‑9 depict NARX network regression correlations with the measured stresses. This is simply a measure of mutual relationship or connection between different sets of data or values. In this paper, the plotted results show that the network predictions correlate with measured stresses at 99.9 % correlation. This implies that the NARX network is able to reproduce every important aspect of the target or measured stresses. This is a reflection of the quality of the training process. If the training process did not sufficiently learn any important input-output features, these results would have displayed poor correlations. This is a very encouraging result considering that we only trained the network with stress and strain data from two other tests.

4. Discussion
As mentioned in the previous section, the behaviour of the tissue after UTS is characterised by two different phases of tissue softening; first where the tissue stretches at minimum change in applied load, and another where the applied stress drastically falls under almost constant strain. In the case of uniaxial testing and under equilibrium loading conditions as is the case in this study, it makes more sense to infer that these failure mechanisms are governed by plastic yielding and fiber rupture in the tendon. The plastic yielding may be due to the weakening of intermolecular forces within the tissue, which eventually leads to fiber (fascicle) rupture. When the fibers break, the total reaction forces drastically decline which correspondingly reduces the applied forces, to maintain force equilibrium [48]. 
The difficulty, however, is that these events occur in a non-deterministic manner from one test to another. Sometimes these events do occur simultaneously - a fact that is evident from the trend of the stress curves in most parts of the failure region in Figures 4,6 and 8. As a result, probabilistic models provide a more suitable way of modelling such behaviour, and in this study, a NARX network has been demonstrated to yield very accurate predictions. The errors are large at points where discontinuities occur. Most of these points are located in the failure region at points where the stress drastically declines at constant or near-constant strain. Therefore, in all three of the tests, these points have become the largest contributors to the errors. 
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Figure 5 Stress-strain curve one-step ahead predictions and prediction errors for Test 2.
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Figure 6 Stress-strain curve one-step ahead predictions and prediction errors for Test 3.
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Figure 7 Stress-strain curve one-step ahead correlation for Test 1
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Figure 8 Stress-strain curve one-step ahead correlation for Test 2
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Figure 9 Stress-strain curve one-step ahead correlation for Test 3
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Figure 10 Typical error autocorrelation results for Test 1

The correlations and fitting errors between the ANN prediction and the test data are excellent (greater than 99.99% correlation with less than 1% fitting errors) on all three of the tests. This is remarkable noting that the NARX network was not applied as simple function approximation but as a one-step ahead predictor, which implies that it had to predict the next stress value given the current strain and stress values. Further processing of the network errors showed that all three of the tests yielded error autocorrelation values of the order as indicated in Figure 10. This lack of autocorrelation in the error implies that there are no underlying system parameters that have not been sufficiently modelled by the NARX network, further supporting the fact that the training process was sufficient. Although the plotted results in Figure 10 are only from Test 1, the other two tests yielded typically similar autocorrelation results, which made no frugal sense to display their plots in this paper.



5. Conclusions
The modelling of tendon behaviour during failure phases cannot be easily performed by constitutive models due to the large number of time-variant and nonlinear elasticity, plasticity, and tissue rupture factors that influence tissue failure and need to be carefully characterised for accurate results. Worse still, the structural and material composition of tendons, in which material mechanical behaviour is heavily reliant on fiber directions, further complicates the modelling problem. The required tendon characterisation experiments would demand sophisticated equipment with intractable control procedures. Therefore, in this study, a NARX network is successfully applied to model this tendon behaviour without any need for such extensive system characterisation. It has been demonstrated that the NARX network is able to predict tendon failure behaviour at very high levels of accuracy (achieving above 99.9% in regression correlation). This result is quite encouraging and is very useful in orthopaedic therapy as it can assist in devising tendinopathy preventive strategies through in vivo stress-strain measurements on athletes without any need for traumatic surgical procedures. 
For further study, we recommend that more investigations into the capabilities of the artificial neural networks in modelling tendon failure behaviour under different operating conditions (such as under changing temperatures and strain rates) be carried out. 
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