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ABSTRACT

Biological collagenous tissues comprised of networks of collagen fibers are suitable for a
broad spectrum of medical applications owing to their attractive mechanical properties. In this
study, we developed a noninvasive approach to estimate collagenous tissue elastic properties
directly from microscopy images using Machine Learning (ML) techniques. Glutaraldehyde-
treated bovine pericardium (GLBP) tissue, widely used in the fabrication of bioprosthetic heart
valves and vascular patches, was chosen as a representative collagenous tissue. A Deep Learning
model was designed and trained to process second harmonic generation (SHG) images of collagen
networks in GLBP tissue samples, and directly predict the tissue elastic mechanical properties.
The trained model is capable of identifying the overall tissue stiffness with a classification
accuracy of 84%, and predicting the nonlinear anisotropic stress-strain curves with average
regression errors of 0.021 and 0.031. Thus, this study demonstrates the feasibility and great
potential of using the Deep Learning approach for fast and noninvasive assessment of collagenous

tissue elastic properties from microstructural images.
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1. INTRODUCTION

Biological collagenous tissues are comprised of networks of collagen fibers embedded in
a ground substance [1, 2], which provide pliability and strength important for many normal
physiological functions. The attractive biological and mechanical properties [3] also make
collagenous tissues, mostly derived from animals as xenografts, suitable for a broad spectrum of
medical applications such as bioprosthetic heart valve (BHV) [4, 5], cardiovascular grafting/patch
[6, 7], tendon [8] and hernia [9] repair. However, due to the heterogeneity and inherent variability
of biological tissues, the mechanical properties of collagenous tissues obtained at different
locations even within the same individual (regardless whether animal or human) may differ, and

may impact tissue-derived device function.

Many studies [10-16] have shown that the microstructure of soft tissues, particularly the
collagen fiber network structure, is the key determinant of the tissue elastic properties at the
macroscopic level. Advanced microscopy imaging techniques, such as second harmonic
generation (SHG) imaging, has enabled noninvasive visualization of soft tissue collagen networks
at the microstructural level. The elastic properties of collagenous tissues are traditionally obtained
through destructive mechanical testing of harvested tissue samples (Figure 1). Ideally, the
nonlinear anisotropic elastic properties of collagenous tissues could be directly estimated from
noninvasive images (e.g. SHG images) of the tissue microstructure, such that xenografts could be
carefully selected based on their mechanical properties and optimal, more predictable, tissue-

derived device function could be ensured.

Recently, Deep Learning [17], a branch of Machine Learning utilizing deep neural
networks, has garnered enormous attention in the field of artificial intelligence. A special type of

neural network, namely the convolutional neural network (CNN) [17-19], has become the state-
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of-the-art approach for computer vision and image analysis applications (e.g. face recognition),
reaching, and even surpassing, human performance in some cases [20-23]. CNN provides an end-

to-end solution from input image to output target value by automatically extracting image features,

thus eliminating the need for hand-crafted image features.

In this study, we developed, to our best knowledge, the first Deep Learning approach to
estimate the elastic properties of collagenous tissues from SHG images (Figure 1). Glutaraldehyde-
treated bovine pericardium (GLBP) tissue, widely used in the fabrication of BHVs [5] and vascular

patches, was chosen as a representative collagenous tissue. A multi-layer CNN was designed and

trained on a dataset of SHG images and corresponding mechanical testing

stress-strain curves). The trained CNN can automatically extract features

results (i.e., equi-biaxial

from input SHG images

of GLBP tissues and predict the nonlinear anisotropic elastic properties (Figure 1).

Traditional Approach
Mechanical W

Testing J

1

Proposed Approach

Elastic
Properties

Microscopy Deep Learning
Imaging Model

Figure 1. Two approaches to obtain the elastic properties of a tissue sample: 1) the

traditional approach utilizing mechanical testing of a physical test sample and 2) noninvasive

microscopy imaging coupled with a trained Deep Learning model.
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79 2. METHODS

80

81 2.1 Tissue preparation and mechanical testing

82

83 The GLBP tissue samples used in this study were collected and mechanically tested

84  through previous work by our group aimed at evaluating transcatheter heart valve biomaterials
85  [24]. The tissue preparation and mechanical testing protocols are well documented in the published
86  works [25-27]. Briefly, testing samples were cut into a 20x20 mm? square, and four graphite
87  markers delimiting a square approximately 2x2 mm? in size were glued to the central region of
88 each sample for optical strain measurements. Samples were then mounted in a trampoline fashion
89  to aplanar biaxial tester in aqueous 0.9% NaCl solution at 37 °C. A stress-controlled test protocol
90 [25] was utilized to obtain the biaxial stress-strain response curves of each testing sample. In this

91  study, 48 GLBP tissue samples were tested in total.

92 2.2 Tissue imaging

93 Upon completion of biaxial mechanical testing, the tissue samples were imaged using the
94  SHG technique at the unloaded state. We utilized a Zeiss 710 NLO inverted confocal microscope
95  (Carl Zeiss Microscopy, LLC, Thornwood, NY, USA), equipped with a mode-locked Ti:Sapphire
96  Chameleon Ultra laser (Coherent Inc., Santa Clara, CA), a non-descanned detector (NDD), and a
97  Plan-Apochromat 40x oil immersion objective. The laser was set to 800 nm and emission was
98 filtered from 380—430 nm. Samples were kept hydrated with saline solution during imaging to
99 prevent drying artifacts and covered with #1.5 coverslips. Samples were imaged inside the area
100  delimited by the graphite markers, and 2D image slices were collected in the thickness direction
101  from the smooth side of each sample. A 2D slice has 512x512 pixels to 1024x1024 pixels, and for
102  each sample the number of slices was varied to cover the thickness. In total, we obtained 3D SHG

103  images (size from 512x512xN to 1024x1024xN) of 48 tissue samples from different animal
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104  subjects, and the corresponding mechanical testing data. Representative SHG images of a GLBP
105  sample are shown in Figure 2, with a total of 18 slices (V=18) through the thickness. It is evident

106  from Figure 2 that the image patterns change very slowly through the GLBP tissue thickness.

107

108  Figure 2. Representative SHG image slices of a tissue sample. n denotes the index of each slice.

109
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110 2.3 PCA-based Parameterization of GLBP stress-strain curves

111 Two distinct stress-strain curves were obtained from the equi-biaxial mechanical testing
112 (section 2.1) of each tissue sample (Figure 3a&b), due to the anisotropic mechanical behavior of
113 thetissue : 1) strain E1; and stress Si1 along the Xi-direction, and 2) strain E»; and stress S»» along
114  the X»s-direction. Each stress-strain curve was uniformly sampled along the stress axis within the
115  range of 10 to 630 KPa. The cutoff of 630KPa was chosen because different ranges of external
116  stresses were applied to the tissue samples and 630KPa was the minimum peak stress value. For
117  each tissue sample, the resampled strain values from the two curves were assembled as a vector of
118 126 numbers, Y. By using principle component analysis (PCA) [28, 29], the vector Y of a tissue

119  sample can be decomposed as
120 Y = YPCA = }_, + 0(1V1 + a2V2 + (l3V3 (1)

121 where Y is the population mean, {V;} are the modes of variation, and {a;} are the coefficients.
122 Here, {@;} can vary, while Y and {V;} are the same for all tissue samples. The first three modes of
123 wvariation {V;,V,, V3} with {a4, @, a3} can describe 99% of the total variation of the stress-strain
124 curves, which means each stress-strain curve can be almost perfectly reconstructed by using Eq.(1)
125  as shown in Figure 3b. Furthermore, the reconstruction error was measured by the mean absolute

126  error (MAE), given by

1
Ly—Li+1

127 MAE =

I RO RL0)] 2)

128  where j is the index of a component in a vector; and if L; = 1, L, = 63, MAE is the error of the
129  reconstructed Sii~Ei1 curve; and if L; = 64,L, = 126, MAE is the error of the reconstructed

130 S22~E2> curve.
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131 As shown in Figure 3c&d, a material is softer, i.e. more compliant, than the mean material
132 if a; < 0, and stiffer than the mean material if @; > 0. Thus the sign of a; can be used to describe

133  the overall tissue stiffness.

700
600
©
0. 500 -
X
% 400
(0]
=
» ol
> 300
o
©
& 200
[a\]
100 |
. 0 0.05 0.1 0.15 0.2 0.25 03
SHG image Green Strain
(a) (b)
aq
700 700 0.98
0.8
a 600 a 600
o o 0.62
é 500 é 500 0.44
— N
— [qV}
w 400 + wn 400 F 0.26
? ®
9 e 0.08
a 300 5 300 0.4
4 ¥
0o 200 O 200 0.28
© ©
c (= 0.46
N 100 N 100
0.64
0 : : : ; : 0 : : ‘ : 0.82
0 0.05 0.1 0.15 02 0.25 03 0 0.05 0.1 0.15 0:2 0.25 03
Green Strain E11 Green Strain E22
(c) (d)
134
135

136  Figure 3. (a) The orientation definition of a tissue sample: X; direction and X direction. (b) The
137  open circles represent the stress-strain curves of a tissue sample from equi-biaxial mechanical
138  testing experiments. The reconstructed stress-strain curves are shown by the red lines (S11~E11)
139  and blue lines (S22~E22). (¢)&(d) The stress-strain curves in the two directions of the 48 tissue

140  samples color-coded by the corresponding a;. The dashed lines are the mean curves, Y.
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141 2.4 Deep learning model

1% Block 2nd Block 3rd Block 4t Block 5th Block
Input
256:256N 3 |256x2563 B | 8 3 § et 2| N 3 § toxiexes] B | 8 3 § Tt EIRS 3 | Vestor - Classification
g o5 8| Sla|B|& o5 8| Sls|® R -
g, al| E ~ » g | E ~ » al| E ~ » 2| E o 64 numbers egression
2 5 5 | & s 5 |3 s 5 |3 5 5
& °lz | = Sz |= °lz | = C 2z
142 64 Filters: 33x33x3 64 Filters: 5x5x64 64 Filters: 3x3x64 64 Filters: 7x7x64
143 Figure 4. Architecture of the deep convolutional neural network used in this study.
144 As show in Figure 4, we designed a deep convolutional neural network (CNN) as the deep

145  learning model, consisting of 6 blocks in a pipeline. The 1% block takes an input image of size
146 256x256xN pixels. The 6™ block can be configured either as a classifier of the overall tissue
147  stiffness (sign of a4), or a regressor to predict the PCA parameters {a;, a;, a3}, which can be used
148  to reconstruct the stress-strain curves by Eq.(1). The CNN (Figure 4) learns the relationship
149  between the tissue SHG images and elastic properties from the training dataset, and then can infer

150 the elastic properties from a new tissue image.

151 Usually, convolutional neural networks (CNNs) consist of many layers that are
152  sequentially connected, e.g., output from the first layer is the input to the second layer. A layer
153  performs a specific operation, such as convolution, normalization, or max pooling, and it has
154  parameters either prescribed or to be learned from data. For a detailed explanation of these layers,
155  we refer the reader to the reference papers [17, 18, 30, 31]. The network structure should be
156  designed for specific applications, e.g., choosing the types and sizes of layers and determining
157  their combinations. For our application, the designed CNN consisting of 6 blocks in a pipeline,
158  where each block has one or more layers. Given an input 3D image of 256x256xN pixels, the 1%
159  block with only one preprocessing layer, performs local contrast normalization and uniformly
160  resamples the input 3D image into the first feature map of 256x256x3 pixels. The 1% block does

161  not have any trainable/free parameters. The 2" block contains a convolution layer with 64 filters
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162  (a.k.a. kernels) of 33x33%3 pixels, a batch-normalization layer, a ReLu (rectifier linear unit) layer,
163  and a max pooling layer; and the output from the 2" block is a feature map of 32x32x64 pixels.
164  The 3" to the 5" blocks are very similar to the 2™ block, which output feature maps of 16x16x64,
165  7x7x64, and 1x1x64 pixels respectively. All of the max-pooling layers use a 2x2 pooling window.
166  The 1% to 5™ blocks can be considered image-feature extractors which output a feature vector of
167 64 numbers. The 6™ block is used for classification with a softmax classifier, and regression with
168  alinear model. The CNN was implemented by using MatConvnet [32], an open source MATLAB
169  toolbox, and custom MATLAB functions; and it can process an input 3D image within 10 seconds

170  on a PC with intel 17-4770 CPU and 32G RAM.

171 2.5 Learning of the deep convolutional neural network

172 The CNN (Figure 4) parameters were learned from the training data. To overcome the
173 challenge of training the CNN with a small dataset [28] (i.e., 48 test samples, which is an
174  acceptable sample size for material testing of biological tissues), the CNN was trained by
175  combining: 1) unsupervised deep learning to determine the parameters in the 2" to 5" blocks, 2)
176  supervised learning to determine the parameters in the 6 blocks, and 3) data augmentation to

177  generate more training data.

178  2.5.1 Unsupervised Deep Learning from the 2" to 5" blocks

179 To determine the filter parameters of a convolution layer, generally we could use encoder-
180  decoder based unsupervised learning strategies [33-36]. The input feature map to the convolution
181  layer can be divided into small patches, where each patch has the same size as a filter (all filters in
182  the same layer have the same size). Each patch can be converted to a vector, X, and the vectorized
183  patches can be stacked together as the columns of a data matrix X. The filters of the convolution

184  layer can also be vectorized and stacked together as the columns of a filter matrix A. Let h(x)
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185  denote the ReLu function: h(x) = x if x > 0, and h(x) = 0 if x < 0. The encoder performs
186  convolution followed by ReLu to each patch, which outputs the code matrix h(AX) close to the
187  optimal (unknown yet) code matrix Z. Given the optimal code matrix Z, the decoder tries to
188 recover the input patches X by using a linear combination of the atoms/columns in a
189  dictionary/matrix D, i.e, using DZ to approximate X. Then the goal is to find the optimal variables
190 {A, D, Z} such that the encoding error and the decoding error are both minimized, which is to

191  minimize the following objective function:

192 F=|hA'X)-Z||*+||X—-DZ||> + g(A,D,Z) 3)
193  where g(A, D, Z) defines some constraints on the variables, and A" denotes the matrix-transpose
194  of A. The matrix norm ||. || is the Frobenius norm. Obviously, by using different constraints, we
195  can obtain different solutions of {A, D, Z}. We proposed an algorithm with three steps to directly

196  obtain a solution under the low rank constraint [37]:

197 Step-1: Perform low rank approximation (LRA) [37] on the patches X, then a vectorized

198  patch X can be approximated by

199 X=yM"_  z.d,=DZ, 4)
200 where D = [d,, ..., dy], and the vector d,, has the same size as X, and M < M which is the
201  number of pixels in the patch X. d,,, is the product of the m™ largest singular value, 1,,,, and the
202  corresponding left-singular vector obtained by LRA. D is the same for every single patch X. Also
203  obtained by LRA, the code vector, Z = [z, ... Z);]’, is a column vector of scalars, which is different

204  for different patches. The percentage error of approximation for the patches X is given by

Z¥=M+1A$1 0,
205 Error = ﬂ X 100% . (5)
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206 If M = M, then the error is zero. By controlling the number of retrained singular values and
207  singular vectors, i.e., M, the approximation error and the computation cost (proportional to M) can
208  be controlled. In this study, M is fixed to 32, and the error is less than 30%. The low rank
209  approximation essentially obtains D and Z that minimize ||X — DZ||? under the low rank
210  constraint. Since the singular vectors in D are orthogonal to each other, the code vector Z can be
211 simply approximated by D'X, i.e., Z = D'X, which is obtained by multiplying D’ to both sides of

212 Eq.(4). After this step, the code matrix Z and dictionary D are determined.
213 Step-2: Define the filter matrix A by using the learned dictionary D, given by

214 A=[D,—-D]|=]dy,...,dy,—dq, ..., —dy]. (6)
215  Also, we define a new code vector Z as

216 Z =[h(Z",h(-2Z"] . (7)
217  Then the objective function Eq.(3) is equivalent to

218 F =||h@Aa'x) - Z|" + X - DZ|* + g(A,D,Z) , ®)
219 where Z is the stack of new code vectors, corresponding to Z, and Z = h(A'X) because Z = D'X.
220  Then, a vectorized patch X can be encoded as a vector Z by the encoder h(A'X). For example,
221 X = 2d, — 3d,, then the code vector is [2,0] if A = [d4, d,], and the code vector is [2,0, 0, 3] if
222 A=|d,,d,—d,,—d,], which clearly shows that the longer code vector preserves more
223 information of X. The rationale of Eq.(6)&(7) is that the ReLu layer rejects any negative signal
224 (i.e. code) output from the convolution layer, and therefore, nearly half of the signals will be lost
225  in each block, harming the performance of the CNN. After this step, the filters of the convolution

226  layer are determined.
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227 Step-3: Perform feature map normalization. The output from the ReLu layer is a feature
228  map serving as the input to the next layer. The size of the feature map is K; X K, X K3 (i.e. height
229 X width X channel). The values of the feature map at one spatial location can be assembled to a
230  code vector Z of length K3. By assembling all of the code vectors from the training dataset, a data
231  matrix is obtained, and each row of this matrix is normalized by subtracting the mean and dividing
232 by the standard deviation. The rows of the code matrix Z from a single input image will also be
233 normalized in the same way by using the same values of mean and standard deviation. This
234  normalization is essentially equivalent to batch-normalization [30] which has been shown to
235  improve CNN accuracy. After this step, the parameters (i.e. mean and standard deviation values)

236  of the normalization layer are determined.

237  2.5.2 Supervised learning in the 6" block

238 The 6™ block can be configured either as a classifier or regressor. In the classification
239  configuration, a softmax function is used to predict class membership based on the feature vector
240  from the 5™ block. Since it is a binary (soft vs. stiff) classification task, the softmax function

241 reduces to a logistic function, given by

1
T 1+exp(- ¥o wix;+b)

242 y )]

243 where {wy, ..., Wgy4, b} are the unknown scalar parameters and [x, ..., X¢4] 1 the feature vector
244  from the 5" block. Usually, a discrimination threshold (e.g. 0.5) is specified for the binary
245  classification. If y is greater than or equal to the threshold, then the input is classified as stiff; and
246  if y is smaller than the threshold, then it is classified as soft. With the labeled training data (i.e.,
247  image data with known mechanical properties), the 65 parameters in Eq.(9) can be determined
248  through supervised learning using the cross-entropy loss function and the conjugate gradient

249  optimization algorithm.
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250 In the regression configuration, a multiple output linear regressor predicts the values of

251 {a;, @y, a3} in Eq.(1) based on the feature vector from the 5" block, which is given by

252 a; = Yo% wiyx; + by, i=1,2,3 (10)
253  where {Wi]-, b;,i =1,23,j =1,..,64} are the unknown scalar parameters. With the labeled
254  training data, the 195 parameters of this regressor can be learned by using the least squares
255  regression algorithm. Once the parameters {aq, @, @3} are predicted by the regressor, the stress-

256  strain curves can be reconstructed by using Eq.(1).

257  2.5.3 Data augmentation

258 Data augmentation methods are extensively used in Deep Learning applications [18, 38-
259  40] to generate more training data. In this study, two data augmentation methods were used: image
260  splitting and flipping (Figure 5). A 3D image of N slices can be split into patches using a sliding
261  window with a stride of 128, and the size of each patch is 256x256xN. As a result of image
262  splitting, 1678 patches were generated. Furthermore, each patch was flipped along the horizontal
263  direction and/or vertical direction, which produced 6712 patches. The elastic properties

264  corresponding to image patches from the same GLBP tissue sample, were assumed to be identical.

256 x 256 pixels

Flip: left~right up~down both

265

266 Figure.5 An example of data augmentation to generate image patches.
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267 2.6 A comparative study of network structures

268 Given the relatively large size of the CNN compared to the dataset, the natural question
269  arises whether reducing the number of layers or filters will significantly impact the performance.
270  Given the huge design space, it would be impractical to evaluate all possible simplifications of the
271 CNN structure. In this study, we chose to investigate two simplified CNNs for comparison, named
272 CNN-sl and CNN-s2 respectively. CNN-s!: in Step-2 of unsupervised learning in section 4.5.1,
273 the filter matrix A was simplified as A = D, which reduces the number of filters._ CNN-s2: the
274  ReLlu and normalization layers were removed, and the filter matrix A was simplified as A = D.

275  The structure of CNN-s2_is similar to that in [34].

276 3. RESULTS

277 3.1 Unsupervised deep learning

278 The learned filters of the CNN are visualized in Figure 6. The filters in the 2™ block (Fig.
279  6a) are local image feature detectors, resembling the local fiber network structures. The filters in
280 the other blocks (Fig. 6b-d) are more abstract, essentially representing various combinations of the

281  local structures at different length scales and locations.
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283  Figure 6. Examples of the learned filters. (a) The 32 filters in the convolution layer of the 2" block,
284  the 32 opposites of these filters are not shown. The red box contains one filter (size is 33x33x3).
285  (b) One of the filters in the convolution layer of the 3™ block. (c) One of the filters in the
286  convolution layer of the 4™ block. (d) One of the filters in the convolution layer of the 5™ block.

287
288 3.2 Classification

289 Classification performance was evaluated through ten-fold cross validation using the image
290  patch data. In each round of cross validation, 90% of the image patches and corresponding overall
291  stiffness values (i.e. sign of a;) were randomly selected as the training data; and the remaining
292 10% of the data were used as the testing data to test whether the trained classifier can predict the
293  sign of a4, i.e., identify whether the tissue sample (corresponding to an image patch) is soft or
294  stiff. The classification accuracy, defined as (TP+TN)/(TP+TN+FP+FN), the sensitivity, defined
295 as TP/(TP+FN), and the specificity defined as TN/(TN+FP), were calculated to assess
296  performance. Here, true positive (TP) is the number of stiff tissue patches correctly identified as

297  stiff; false negative (FN) is the number of stiff tissue patches incorrectly identified as soft; true
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298  negative (TN) is the number of soft tissue patches correctly identified as soft; and false positive
299  (FP) is the number of soft tissue patches incorrectly identified as stiff. In addition, AUC, defined
300 as the area under a receiver operating characteristic (ROC) curve, was calculated as a measure of
301  the overall classification performance. For comparison, a baseline softmax classifier using the
302  skewness of image histogram [41] as the only feature, was also trained and tested. Since the two
303  histograms of an image and its flipped version are the same, the flipped image patches were not
304  used in the classification experiment. Two simplified versions of the CNN, CNN-s1 and CNN-s2

305  with less filters and less layers (details in Method section), were also tested.

306 ROC curves, as shown in Figure 7, were obtained by varying the discrimination threshold
307 for each classifier. The performances of the proposed CNN, CNN-s1, CNN-s2, and the skewness-
308  based softmax classifier using 0.5 as the discrimination threshold for classification, are reported in
309 Table-1. The proposed CNN achieved the best performance, the skewness-based softmax classifier

310  had the worst performance, and the two simplified CNNs had moderate performance.

Sensitivity

—— proposed CNN
CNN-s1
CNN-s2 7

— skewness based softmax classifier

—random guess

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

311 1 - Specificity

312 Figure 7. ROC curves of different classifiers
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313

314 Table-1: Classification Performance
Method Accuracy Sensitivity Specificity AUC
proposed CNN 84+2.5% 82+4.1% 86+3.6% 0.92
CNN-sl 78+2.8% 73+5.5% 80+3.7% 0.86
CNN-s2 75+3.5% 67+5.6% 80+4.9% 0.84
skewness based | 513 50, 515.9% 84+3.9% 0.76
softmax classifier

315

316 3.3 Regression

317 Regression performance was evaluated using a leave-one-out cross validation approach to

318  test whether the trained regressor can predict the values of {a;, a,, a3}, which were used to
319  reconstruct the stress-strain curve of each tissue sample by Eq.(1). In each round of the cross
320  validation, the image patches and the stress-strain curves from one of the 48 tissue samples were
321  used as the testing data to evaluate the accuracy of the regressor, and the remaining data were used
322 as the training data to determine the parameters of the regressor. The predicted {a, a,, @3} values
323  for each of the image patches from the test tissue sample were averaged to obtain the final

324 {4, ay, a3} predictions for the whole tissue sample.

325 From the cross validation, the errors (Eq.(2)) in the predicted stress-strain curves were
326  0.021£0.015 and 0.031+0.029, compared to the actual Si1~Ei1 and Sx~E2> curves, respectively.
327  Figure 8a shows an exemplary set of experimentally measured and predicted curves for one
328 sample, and the error distribution across all of the samples is given in Figure 8b. The full set of

329  predicted curves for all 48 samples are provided in the appendix.


https://doi.org/10.1101/154161

bioRxiv preprint doi: https://doi.org/10.1101/154161; this version posted June 23, 2017. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

330
700 0.07
600 0.06
©
0. 500 0.05
X
[)]
8 400 w 0.04
7 <
v 300 [ 0.03
o
©
2 200 0.02
(q\]
100 + 0.01
0 — — L L L
0 0.05 0.1 0.15 0.2 0.25 03 0
. S~E S,~E
Green Strain e zn
(a) (b)
331

332 Figure 8. (a) Representative stress-strain curves predicted by the deep learning model shown as
333  dashed lines, and the stress-strain curves obtained from mechanical testing shown as solid lines.
334  Sy1~E1 curves are shown in red. S»>~E2» curves are shown in blue. (b) The mean absolute error
335 (MAE) distribution of all samples.

336

337 4. DISCUSSION

338 In this study, we developed a Deep Learning approach utilizing a deep CNN to estimate
339 the elastic properties of collagenous tissues directly from noninvasive microscopy images. To our
340  Dbest knowledge, this is the first study in which Deep Learning techniques were used to derive
341 nonlinear anisotropic elastic properties directly from tissue microscopy images. This work was
342  motivated by the lengthy, complex, and destructive nature of traditional tissue mechanical testing.
343  While it takes only about 10-30 minutes to obtain SHG images of a tissue sample, it takes much
344  longer (hours) to prepare testing samples, set up testing and measurement instruments, and perform
345 the actual mechanical test on each sample to obtain the stress-strain response curves. It took several

346  months to obtain the data from the 48 samples used in this study. The success of this study holds


https://doi.org/10.1101/154161

bioRxiv preprint doi: https://doi.org/10.1101/154161; this version posted June 23, 2017. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

347  promise for the use of Machine Learning techniques to noninvasively and efficiently estimate the

348  mechanical properties of many structure-based biological materials.

349 Traditional machine learning methods [17] require hand-engineered features (i.e. features
350 defined by human experts), which are difficult to obtain for this application. Rezakhaniha et al.
351  [44] have defined intuitive texture features of tissue fibers, such as waviness, straightness, bundle
352  size, etc., but this requires time-consuming manual annotation. Moreover, it is unclear whether
353  these hand-engineered features could fully describe the fiber network structural information. As
354  anend-to-end solution, CNN eliminates the need for hand-engineered features. One factor limiting
355  the use of CNN and Deep Learning methods in biomechanics applications, is that they generally
356  require a large amount of training data [42, 43], while the sample size for mechanical testing of
357  biological tissues is typically small, on the order of 10 — 100 samples. However, in this study, it is
358  shown that the deep CNN can also work well with a small dataset by combining supervised and
359  unsupervised learning methods, and utilizing data augmentation methods. As more images and

360  mechanical testing data are collected, the performance of the CNN can be further improved.

361 The CNN architecture used in this study, was specifically designed for this application.
362  The 1! to 5™ block of the CNN serve as automatic feature extractors that convert the input image
363 into a feature vector for classification and regression. The filters in the first convolution layer
364  represent different local fiber network patterns, while the filters in the remaining convolution
365 layers represent various combinations of these patterns at different locations and length scales.
366  Two simplified versions of the CNN were tested, i.e., CNN-s1 and CNN-s2 with less filters and
367 less layers. The results show that simplifications to the CNN led to a significant decrease of
368  accuracy, which may be the result of signal loss during signal propagation due to the fewer filters,

369  and disruption of the encoding mechanism due to the fewer layers, respectively.
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370 The CNN also demonstrated superiority over a simple image-feature based method to
371  estimate the overall stiffness of collagen-based materials. Raub et al. [41] showed that the
372 skewness of an image histogram was correlated to the collagen concentration and the Young’s
373  modulus of collagen gels. Therefore, a softmax classifier was built by using the skewness as the
374  only input feature in this study. As demonstrated in the results (Figure 7), the CNN outperformed
375  the softmax classifier by a large margin; and even the two simplified versions of the CNN
376  performed better than the softmax classifier, which underscores the superiority of CNNs for

377  automatically extracting fiber network features.

378 More importantly, we demonstrated that the CNN can predict the PCA parameters of the
379  stress-strain curves, such that the entire anisotropic stress-strain response of GLBP tissues can be
380 estimated. For a nonlinear elastic response, it is well known that the Young’s modulus or stiffness
381  cannot fully describe the tissue mechanical behavior, since the tangential value changes at different
382  stress/strain levels along the nonlinear stress-strain curve. Thus, the PCA parameters offer a much
383  more comprehensive look at the tissue elastic properties. Interestingly, we found that for this
384  application, the overall “shape” of a stress-strain curve can be described with a single parameter,
385 a; in Eq.(1). The novel PCA based approach to represent stress-strain curves developed in this
386  study may facilitate more thorough analysis and comparison of tissue stress-strain responses over

387  basic stiffness metrics.

388 This approach opens the door for the fast and noninvasive assessment of collagenous tissue
389  elastic properties from microstructural images, enabling many potential applications such as

390 serving as a quality control tool for the manufacturing of BHVs.

391
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392 5. CONCLUSION

393 In conclusion, this study demonstrated the feasibility of using Deep Learning techniques
394 for fast and noninvasive assessment of collagenous tissue elastic properties from microcopy
395 images. The main contributions of this study include: 1) the use of PCA to parameterize equi-
396  biaxial stress-strain curves and quantify the overall stiffness, 2) the custom deep convolutional
397 neural network design to automatically extract structural patterns of collagenous tissues, and
398 perform classification to identify overall stiffness, as well as regression to predict PCA- parameters
399  of nonlinear anisotropic stress-strain curves, and 3) the unsupervised deep learning method
400 combined with supervised learning and data augmentation to overcome the challenge of small
401  datasets for Deep Learning in the field of biomechanics. The developed approach was evaluated
402  through cross validation, where an average classification accuracy of 84% and average regression
403  errors of 0.021 and 0.031 were achieved. This study clearly demonstrates the great potential for
404  Machine Learning techniques to estimate tissue mechanical properties solely through the use of

405  noninvasive microcopy images.
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Appendix

Predicted stress-strain curves of the 48 tissue samples are shown from the best to the worst.
Horizontal axis shows Green Strain. Vertical axis shows 2™ PK stress (KPa). Dashed lines are
predicted stress-strain curves, and solid lines are the curves from mechanical testing.
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