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High spatially sensitive
quantitative phase imaging
assisted with deep neural network
for classification of human
spermatozoa under stressed
condition

Ankit Butola%8, Daria Popova®3#, Dilip K. Prasad®, Azeem Ahmad?,
Anowarul Habib?, Jean Claude Tinguely?, Purusotam Basnet®*, Ganesh Acharya®s,
Paramasivam Senthilkumaran’, Dalip Singh Mehta®’ & Balpreet Singh Ahluwalia®5**

Sperm cell motility and morphology observed under the bright field microscopy are the only criteria
for selecting a particular sperm cell during Intracytoplasmic Sperm Injection (ICSI) procedure of
Assisted Reproductive Technology (ART). Several factors such as oxidative stress, cryopreservation,
heat, smoking and alcohol consumption, are negatively associated with the quality of sperm cell

and fertilization potential due to the changing of subcellular structures and functions which are
overlooked. However, bright field imaging contrast is insufficient to distinguish tiniest morphological
cell features that might influence the fertilizing ability of sperm cell. We developed a partially
spatially coherent digital holographic microscope (PSC-DHM) for quantitative phase imaging (QPI)

in order to distinguish normal sperm cells from sperm cells under different stress conditions such as
cryopreservation, exposure to hydrogen peroxide and ethanol. Phase maps of total 10,163 sperm cells
(2,400 control cells, 2,750 spermatozoa after cryopreservation, 2,515 and 2,498 cells under hydrogen
peroxide and ethanol respectively) are reconstructed using the data acquired from the PSC-DHM
system. Total of seven feedforward deep neural networks (DNN) are employed for the classification of
the phase maps for normal and stress affected sperm cells. When validated against the test dataset,
the DNN provided an average sensitivity, specificity and accuracy of 85.5%, 94.7% and 85.6%,
respectively. The current QPI+ DNN framework is applicable for further improving ICSI procedure and
the diagnostic efficiency for the classification of semen quality in regard to their fertilization potential
and other biomedical applications in general.

Semen quality and male fertility potential have been continuously declining all over the world'~*. At the same
time, biomedical and technical advances have made it possible to treat male infertility using assisted reproduc-
tive technology (ART) including intracytoplasmic sperm injection (ICSI). Evaluation of semen quality and ICSI
procedure are the important steps for the successful outcome of ART. Generally, semen parameters evaluation
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and ICSI procedure are guided by the bright field microscopy and experience of laboratory personnel. Recently,
computer-assisted sperm analysis (CASA) a digital microscopic technique made it possible as a machine-based
analysis for semen parameters such as sperm cell concentration, sperm cell motility, kinematics, and morphology.
For instance, CASA systems acquire successive images of the cells and use special software to track the motion
of heads of each spermatozoon>S. However, it fails to provide any supportive information regarding subcellular
changes within the sperm cells which could be useful to ICSI procedure. Another powerful technique is a label
free holographic imaging, for 3D reconstruction of freely moving sperm cells’. Apart from this, other optical
as well as spectroscopic techniques have been proposed so far to determine motility of the sperm cells®'. For
example, fluorescence imaging and laser scanning confocal microscopy have been demonstrated to investigate
the mitochondrial functionality of sperm cells'? since the motility of the cells partially depends on the mito-
chondrial function' and get affected by cryopreservation of the cells. Semen quality is also analyzed based on
Raman micro-spectroscopy which can provide the spectral features of human sperm cells'%. Oxidative stress is
also known to affect the integrity of sperm genome, result in lipid peroxidation and decrease in sperm motility,
which was quantified recently using partially spatially coherent digital holographic microscopy and machine
learning'®. Additionally, smoking and alcohol consumption are negatively associated with sperm concentration
and percentage of motile sperms when compared with the persons without these habits'®. All these factors can
affect the morphology, physiology and subcellular structures of the sperm cells and these changes can be inves-
tigated by extracting the quantitative information of the cells.

For label-free sperm imaging, quantitative phase imaging (QPI) is an attractive non-invasive technique to
extract the quantitative information of the samples'’~2!. QPI can measure the combined information of refrac-
tive index and local thickness of the specimens with a nanometric sensitivity, which can be utilized detecting
any deviations from normality?>-**. QPI has several biological applications, such as 3D imaging of human red
blood cells (RBC)*, bovine embryo?®, bovine spermatozoa?, tissue imaging®, and others. Although, QPI is a
potentially powerful technique as it provides morphological changes of the specimens, it has not yet been ame-
nable to interpretation by human experts due to the lack of chemical specificity”. Therefore, merging QPI with
artificial intelligence (AI) is a promising route to provide virtual image classification of the QPI data®. Recently,
AT techniques have been used to differentiate between healthy and unhealthy phase images of sperm cells. In these
techniques, morphological and texture features are extracted from the head part of the cells, and these features
are fed to the machine learning classifier to separate them into diagnostically relevant classes'>*3!. However,
the variations in an imaging system, and, difficulty in deriving a consistent and reliable feature out of thousands
of features, base pose difficulty in applying conventional machine learning techniques for classification of the
sperm cells. For example, precise segmentation of the head part is required to measure the length, width and
area of the sperm head®. Due to the lack of chemical specificity of QPI technique, the boundary between head
and mid-piece of the cell cannot be located very precisely. Secondly, measuring the length and area of the head
part to differentiate between normal and stressed sperm cells depends on the human expertise and segmenta-
tion algorithm. Additionally, the actual value of morphological features such as surface area, volume, surface to
volume ratio and sphericity cannot be accurately determined without decoupling the refractive index and thick-
ness of the cells*”. Therefore, it is beneficial to use advance machine learning technique i.e. convolutional neural
network (CNN), which does not require to extract any features and can automatically generate abstract convo-
lutional features from the training dataset. CNN/deep learning is rapidly growing as an automated technique
in biomedical imaging for example disease classification®~**, image segmentation’, resolution enhancement™,
digital staining'®, noise reductions®, among others®*.

We demonstrate the use of QPI technique assisted with deep learning for the classification of sperm cells
under different stressed conditions. A total of four different classes were considered in this study, which included
healthy, externally induced oxidative stressed, cryopreserved, and externally induced alcohol affected sperm cells.
The four classes of sperm cells were also studied using conventional techniques to quantify and compare the
progressive and the non-progressive motility of spermatozoa. Figure 1 shows the schematic representation of a
partially spatially coherent digital holographic microscope (PSC-DHM) developed to acquire the interferomet-
ric images of the sperm cells as can be seen in Fig. 1b. Figure 1¢,d shows the quantitative phase map of sperm
cells. The PSC-DHM system offers single shot phase reconstruction of the cells especially the thinnest i.e. tail
part of the sperms by utilizing partial spatial coherent properties of light source. QPI system commonly uses
direct laser light (high spatially and temporally coherent) or white light (spatially and temporally incoherent).
Direct laser suffers with low spatial phase sensitivity and hence accurate phase estimation of a thin sample is
usually difficult. On the other hand, white light provides high spatial phase sensitivity but due to low temporal
coherence it requires phase shifting technique to utilize the whole field of view of the camera. In contrast, the
PSC-DHM system offers single shot phase extraction of the sample due to high temporal coherence and high
spatial phase sensitivity because of its spatial incoherent nature. The details of the PSC-DHM system is provided
in “Methods” section. The spatial phase sensitivity of the system developed is around + 20 mrad which is utilized
to reconstruct the phase information of the cells including the tail part. The thickness of the tail of the sperm
cells are typically 100 nm and thus more challenging to image unless high spatial phase sensitivity is achieved.
This is particularly useful as the tail plays an important role in progressive motility of the cells and it may change
under different stressed conditions.

In this study, total 10,163 interferometric images (2,400 normal, 2,750 cryopreserved, 2,515 oxidative stressed
and 2,498 alcohol affected) of the sperm cells were acquired from the PSC-DHM system. The comparison
between phase measurement sensitivity of direct laser and PSC source can be found in supplementary infor-
mation. The phase maps of these cells are used as input to the deep neural network (DNN) which is trained by
70% of the data and validated against the 30% testing data to check the classification accuracy of the networks.
The current PSC-DHM + DNN framework has several advantages over the conventional bright field imaging
techniques for sperm classification. QPI offers the quantitative information i.e. combined information of the
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Figure 1. (a) Schematic diagram of the partially spatially coherent digital holographic microscope (PSC-
DHM) system and (b) the interferometric image of the sperm cell acquired from the PSC-DHM. (RD—rotating
diffuser, Ref—reference mirror, BS—Beam splitter, MO—microscope objective, MMFB—multiple multi-mode
fiber bundle). Reconstructed phase map (c) and (d) the zoomed view of head, neck and tail part of the sperm
cell. Color bar represents the phase map in radian.

refractive index and the local thickness of the sperm cells. This quantitative morphological information of the
sperm cells is not obtained using a bright field microscopy. Additionally, the PSC-DHM system offers a label-free
platform with nanometric sensitivity to detect any small sub-cellular changes in the head, mid-piece and tail
of the sperm cells. These sub-cellular parts of sperm cells are influenced by the alcohol, oxidative stressed and
cryopreservation of the cell. It has been shown that cryopreservation affects the mitochondrial dysfunctional-
ity, damage of cellular membrane, failure of chromatin de-condensation and reduction in motility of the sperm
cells**=%, Also, oxidative stressed and consumption of alcohol damage the plasma membrane, DNA and reduce
the percentage of motile sperm cells*. Since, head contain the nucleus i.e. hold DNA of the cells, midpiece
packed with mitochondria and tail play an important role in the progressive motility of the cells, therefore, PSC-
DHM + DNN could be a valuable label-free tool to detect any morphological changes in these parts of the cells.
Finally, DNN architectures provide automated classification of the phase map of the sperm cells. In contrast to
the conventional feature extraction-based machine learning classifier'®, multiple layers in DNN architectures
can automatically characterize relevant morphological and texture features to separate the samples into their
relevant classes. Therefore, we believe that QPI coupled with DNN would find usage in IVF clinics in diagnosis,
and for selection of healthy cells.
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Figure 2. Progressive (a) and non-progressive (b) motility changes of sperm cells after incubation (1 h/37 °C)
with ethanol, hydrogen peroxide (H,0,) and after cryopreservation as compared with control (n=7, seven
ejaculates from different donors). The middle line of the box represents the median, the “x” represents the mean,
the whiskers extend from the ends of the box to the minimum value and maximum value. Outliers marked as
dots.

Control Ethanol, 2% | Cryopreservation | H,0,, 200 pM

Variable Mean+SD | Mean+SD Mean +SD Mean +SD P-value
C/E 0.00009

Progressive motility (PR, %) 73.9+19.5 18.7+13.8 17.3+11.9 24+40 C/H 0.00005
C/Cryo 0.0001
C/E0.01

Non-progressive motility (NP, %) 14.6+13.8 33.1+11.9 27.1+£19.5 77.7+16.2 C/H 0.0002
C/Cryo 0.2

Table 1. Effect of cryopreservation, ethanol and hydrogen peroxide incubation on human sperm cells motility.
Analysis of the differences among group means using Paired Two Sample t-Test for Means (alpha 0,05). Values
are shown as a mean + standard deviation (SD). P-value for the analysis of the differences between the sample
means of control and ethanol (C/E), control and H,O, (C/H), control and cryopreserved groups (C/Cryo).

Results and discussion

Motility test of spermatozoa exposed to ethanol, hydrogen peroxide, and cryopreserva-
tion. The effect of ethanol, hydrogen peroxide and cryopreservation on progressive and non-progressive
motility of spermatozoa was investigated and the results are shown in Fig. 2. Sperm motility were analyzed
manually by the trained biologist from the IVF clinic using phase contrast microscope, 40x magnification with
Makler counting chamber in accordance as World Health Organization (WHO) standards. Motility are cat-
egorized as progressive, non-progressive or immotile. Spermatozoa with progressive motility moves actively,
linearly or in a large circle. Non-progressive motility has different patterns of trajectory without progression. The
number of progressive motilities assessed first, then the number of non-progressive motility and immortality.
Further, progressive and non-progressive motilities are important to count the percentage of motile sperm cells
and cross-validate the effect of cryopreservation, externally induced ethanol and H,O,. After motility test, these
sperm cells are imaged by PSC-DHM system for automated identification of normal sperm cells.

In this study, the concentration of H,O, and ethanol were selected such that it triggers visible stress effect, i.e.
impair the progressive motilities within 1 h. The effect of various concentration of H,0, on the motility of sperm
cells has been also shown in the previous study'®. To simulate stress condition, we incubated sperm cells for 1 h
in 2% ethanol or 200 uM H,0,. Lower concentration of ethanol or H,0, did not influence the motility strongly
in 1 h, at the same time higher concentrations eliminated cells with progressive motility. For cryopreservation, it
is assumed that the time of storage semen mammals in liquid nitrogen at — 196 °C does not change the viability
and the motility of sperm cells. For example, it is shown in the study of Ramirez-Reveco? that the total sperm
motility of bull was not affected by long-term storage at — 196 ‘C. In our study thawing of human semen sam-
ples were performed in 2-5 h of freezing. Sperm cells were exposed to ethanol or hydrogen peroxide for 1 h at
37 °C. For the control group, same amount of medium as in the test group were added. Figure 2 shows the box
plot of the sperm cells after different stressed conditions. After incubation for 1 h, ethanol and H,0, produced
a significant decrease in progressive motility of sperm cells as compared with control (Table 1): 18.7 +13.8% for
ethanol and 2.4 +4.0% for H,O, vs. 73.9+19.5% for control cells. At the same the non-progressive motility after
incubation both with ethanol and H,0, increased: 33.1+11.9% (ethanol) and 77.7 £16.2% (H,0O,) vs. control
14.6+13.8% (ANOVA, paired t-test, p <0.05). Cryopreservation resulted in a significant decrease in progressive
motility (Fig. 2, Table 1). Spermatozoa with progressive motility had a mean value before cryopreservation of
73.9+19.5%, while mean value after thawing was 17.3+11.9% (p <0.01). The non-progressive motility decreased
after thawing, but not significantly: 27.1+19.5% vs. 14.6 +13.8% (p>0.01).
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Figure 3. Workflow diagram showing the important steps for the classification of quantitative phase map of
sperm cells. Phase map of the images is reconstructed by the interferogram captured using PSC-DHM system.
Classification of the phase images is done by total 7 deep neural networks (DNN). Each network is trained
with total 6,720 phase images and 2,880 phase images are used to test its accuracy. The final performance and
sensitivity of the network is reported in term of confusion matrix.

A possible mechanism of decrease in sperm motility after treatment with ethanol is distortion of cell mem-
brane caused by altering of membrane protein structure*>*3. On the other hand, the principle mechanism of
the effect of hydrogen peroxide on sperm motility is peroxidation of unsaturated fatty acids, which is a part of
membrane lipids. As a result of peroxidation, the membrane loses flexibility and plasticity which determines
disrupted tail motion*. The functional changes of sperm cells after cryopreservation might be influenced by
oxidative stress, cryo-protector used (type and concentration), methods of cryopreservation and thawing itself,
and is also dependent on original semen characteristics, such as concentration and motility*’. In accordance
with the concept of “partial survival” current procedures used for sperm freezing and thawing lead to decrease
of more than 50% in motility and survival rate®, ultrastructure and cell morphology changes®'~>*, mitochondrial
activity reduction®, and damages of sperm chromatin®.

Figure 3 shows a schematic of our framework for the selection of normal sperm cells. The interferometric
image of a sperm cell is acquired from PSC-DHM using 60x, 1.2 NA objective lens. These interferometric images
are processed using standard Fourier transform algorithm® and Goldstein phase unwrapping algorithm®®. The
details of the Fourier transform and steps for reconstruction of phase map are described in Methods section.
Recently, classification of the phase map of sperm cells is performed using simple machine learning techniques'*
where texture and morphological features are extracted from the phase image. These features are fed into machine
learning models to separate the corresponding phase images into their relevant classes®. In contrast, we develop
an end-to-end deep learning approach for the classification of normal sperm cells, which does not require extrac-
tion of any features from the phase image.

The DNN takes a phase image as input and provide a diagnostically relevant class label as an output i.e. normal
cells, H,0, stressed cells, ethanol stressed cells, and cryopreserved cells. DNN architecture consists of difference
combination of convolution layer, rectifier linear unit layer (ReLU), maxpooling layer, fully connected layer and
finally softmax layer. Details of these layers can be found elsewhere®. A total of seven DNN, namely AlexNet,
GoogLeNet, Inception-ResNet-V2, VGG-16, VGG-19, ResNet-50 and ResNet-101 are used for the classifica-
tion purpose. These networks are trained by total 70% of the phase images and 30% for testing the accuracy
of each model. The training time of the model increased as the number of layers (combination of convolution
layer, maxpooling and ReLU layer) increased in the network. The training time and other details of each model
is mentioned in the data analysis section. Accuracy of these network are shown in terms of confusion matrices.
Confusion matrix shows the number of correct and incorrect prediction of the network. Further, the accuracy
of DNN models are compared with total 3 different machine learning classifiers i.e. support vector machine,
Naive Bayes and k nearest neighbor. For machine learning classifier, total 11 parameters are extracted from the
head part of the cells. These parameters are fed into the classifier for training and testing purpose. The details of
all parameters and the classification accuracy of the machine learning models can be found in supplementary
information 1.

Figure 4 represents the reconstructed quantitative phase maps of human sperm cells under different stressed
conditions. All interferometric images were acquired using 60x, 1.2NA (UPLSAPO 60XW, Olympus) microscopic
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Figure 4. Quantitative phase map of human sperm cells, reconstructed from the interferogram captured by
PSC-DHM system: (a) normal cell, (b) after cryopreservation, (c) oxidative stressed cell and (d) alcohol affected
cell. Color bar represents the phase map in radian. Scale bar: 5 pm.

objective lens. Figure 4a-d are the quantitative phase maps of normal, cryopreserved, externally introduced etha-
nol and H,O, sperm cells respectively. The scale bar corresponds to 5 um distance in both x and y directions and
the color bar shows the phase value in radians. A total 12,332 phase images (2,906 healthy, 2,981 cryopreserved,
3,222 ethanol and 3,223 oxidative stressed) are reconstructed from the interferometric images acquired from
the proposed setup. Among the 12,332 images, only those phase images are retained which satisfy the following
criteria: correct phase unwrapping, background subtraction and only one cells lies throughout the field of view.
The first criterion allows for filtering of phase images that are reconstructed correctly and the later criterion is
to promote accurate classification of the sperm cells using DNN. Selection of images with single cells is done
automatically by converting phase image into a binary image and setting certain threshold value of white pixels.
For the empirical threshold determination, a small set of images with only one cell each were hand-picked as the
candidate images. The process of thresholding generally filtered away most images with multiple cells. Nonethe-
less, all the retained images were checked manually to assess if both the above-mentioned criteria were satisfied,
so that the retained images are indeed suitable for classification purpose. A total of 10,163 phase images of sperm
cells (2,400 healthy, 2,750 cryopreserved, 2,515 oxidative stressed and 2,498 alcohol affected) are thus retained.

From Fig. 4, the quantitative phase map of healthy sperm’s head is found maximum as compared to the cells
under different stressed conditions. The color bar represents the phase map (thickness + refractive index) in
radian. Deep red indicates the maximum phase and the deep blue corresponds to zero phase. Change in phase
value might indicate the change in morphology of the head of the cells under different stressed condition.
However, no general trend in the maximum phase map of the cells is observed which can be explained from
the progressive/non-progressive motility and number of mobile (Fig. 2) cells. Although, the number of mobile
sperms get decreased as compared to the normal class, there are still some cells which are mobile. Thus, they
may sustain their morphology close to normal cell and therefore, no general trend of maximum phase map is
observed between these four classes.

The performance of the different DNN architectures used in this study are shown in Fig. 5. Total 70% of the
data is used for the training purpose while 30% is used to test the accuracy of each model. It is important to note
that sufficient training is necessary to train the network and to achieve best accuracy while validating against
the test dataset. Figure 5a depicts the confusion matrices of the DNN on the testing datasets of the phase image
of sperm cells. The confusion matrices show performance of the network against the testing dataset. Rows and
column of the matrix indicate the predicted class and the ground truth respectively. Diagonal elements of the
matrix show the correct predictions of the data while off-diagonal elements are the wrong classified data. Con-
sider the confusion matrix of AlexNet in Fig. 5a. Total 720 phase images of the normal phase image of sperm
cells are tested by the network. Out of 720, 525 phase images are predicted correctly and 13, 103 and 79 are the
wrong predictions. Similarly, 525, 520 and 637 are the correct prediction by the AlexNet for Ethanol, H,0, and
cryopreserved cells, respectively. Performance of the GoogLeNet, Inception-ResNet-V2, VGG-16, VGG-19,
ResNet-50 and ResNet-101 can be also seen in Fig. 5. Note that, the total test images are 30% of the total image
(n=9,600) i.e. 2,880 which is summation of all the elements presents in the matrix.

Figure 6 depicts the average sensitivity, specificity and classification accuracy of all deep learning architec-
tures. Out of all DNN, ResNet-101 provides the best sensitivity, specificity and accuracy of 85.5%, 94.7%, and
85.6% respectively. Final value for ResNet-101 represents the average value of sensitivity, specificity and accuracy
shown in the table of Fig. 5b. The training time for each architecture is shown in data analysis section. Though,
performance of DNN classifiers is much better than the feature extraction-based machine learning classifier
for the same datasets, the mismatch between ground truth and prediction of the network can be understand
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(a) AlexNet GoogleNet Inception-ResNet-V2
Cryopre Cryopre Cryopre
Normal  Ethanol H,0, served Normal  Ethanol H,0, served Normal  Ethanol H,0, served
Normal . 50 106 32 Normal . 7 62 33 Normal . 27 79 41
Ethanol | 13 24 8 Ethanol | 51 34 52 Ethanol | 24 32 37
H,0, 103 70 43 H,0, 133 32 47 H,0, 88 24 24
Coyopre | 79 75 79 Crvopre | 57 41 31 Cryopre | 55 33 3
served served served
VGG-16 VGG-19 ResNet-50
Cryopre Cryopre Cryopre
Normal ~ Ethanol  H,0, served Normal  Ethanol  H,0, served Normal  Ethanol H,0, served
Normal 26 41 69 Normal 45 74 76 Normal 15 62 43
Ethanol | 13 13 20 Ethanol | 12 17 24 Ethanol | 19 - 21 20
H,0, 150 77 - 74 H,0, 110 43 47 H,0, 82 35 35
Cryopre Cryopre Cryopre
served 26 28 22 - served 23 28 17 - served 41 36 24
ResNet-101
Cryopre (b) Per class accuracy of ResNet-101
Normal  Ethanol  H,0, served
Nomal . e . o Sensitivity Specificity Accuracy
Normal 84.0 92.5 78.8
Ethanol | 23 23 33
Ethanol 89.3 96.9 91.9
H,0 84 20 22
o H,0, 82.5 93.7 82.6
C
o€ | 46 21 36 Cryopreserved 86.1 95.8 88.9

Figure 5. Performance of the deep neural networks (DNN) on the testing datasets of the phase images of sperm
cells. (a) Confusion matrices of different DNN with number of phase images for classification of healthy and
non-healthy phase map of sperm cells. Diagonal elements show number of correct predictions and the off-
diagonally elements are the wrong classified observations. (b) Per-class sensitivity, specificity and accuracy of
ResNet-101.

with following reasons. QPI offers optical thickness i.e. combine information of refractive index and thickness
of the specimens but due to the lack of chemical specificity, it cannot precisely identify the changes in different
organelles such as mitochondria, nucleus, DNA and the membrane of the cells. Therefore, a label free technique
with high chemical specificity is required for more accurate classification of the sperm cells. Additionally, the
technique must offer the quantitative changes in the sample under different stressed condition. Virtual staining'®
in the phase map of sperm cells using deep learning can improve the chemical specificity of the QPI technique.
Virtual staining in the phase imaging can offer the chemical changes in the cells under different stressed condi-
tion and simultaneously the morphological changes in the cells. Therefore, combining stained information with
QPI technique might improve the classification accuracy of the system.

However, a careful examination must be required during the training process and to locate the stained part
i.e. head, mid-piece and tail of the cells. Any discrepancies in the training set i.e. mismatch in the correlation
between stained mid-piece and phase map of mid-piece can degrade the final performance of the network.
Finally, PSC-DHM can be replace with phase shifting low coherence interferometry (PS-LCI) technique®. PS-
LCI requires multiple frames but offer superior phase sensitivity as well as lateral resolution as compare to other
QPI techniques. Using, PS-LCI might help to detect the fine structural changes in the sperm cells thus will be
useful to detect the healthy sperm cells with better accuracy. Nonetheless, PS-LCI requires multiple frames to
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Figure 6. Sensitivity, specificity and classification accuracy of different deep neural network. The blue bar
shows the average accuracy of each architectures out of which ResNet-101 provide the best accuracy (85.6%) on
the testing datasets.

extract the phase map of the cells whereas PSC-DHM can extract the phase map with a single frame with high
spatial phase sensitivity.

Conclusion

Our current QPI+DNN framework allows for the automated classification between normal and abnormal
sperm cells. QPI is a promising technique which provides quantitative information of the sample and hence an
edge over the conventional intensity-based identification of healthy cells. PSC-DHM system has been used to
extract the quantitative phase map of the sperm cells enabling single shot phase reconstruction with high spatial
phase sensitivity (+ 20 mrad). High spatial phase sensitivity is utilized to acquire the phase map of the entire
sperm cells, i.e. head, neck and tail of the sperm cells, which is otherwise difficult to image using direct laser
based DHM". Sperm cells after cryopreservation, oxidative stress and exposure to ethanol are imaged by the
proposed setup. Previous studies show that oxidative stress initiates concentration dependent increase of DNA
fragmentation because of DNA strand breaks*. Also, ethanol distorted the cell membrane resulting from the
alteration of membrane protein structure*. Therefore label-free, non-invasive methods such as PSC-DHM are
highly desirable to detect these changes and hence for the selection of good quality sperm for ICSI procedure
that can be used to improve the success of ART however it need further clinical trials.

Quantitative analysis of sperm cells provides an opportunity to identify healthy sperm cells using deep learn-
ing approaches. Deep learning can be potentially a powerful technique for automated classification of sperm
cells into normal and abnormal. Our results demonstrate that a variety of DNN architectures provide good clas-
sification accuracy to separate the 4 different type of sperm cells into their relevant classes. We also compared the
proposed method with previously shown feature extraction-based machine learning models for the classification
of sperm cells. However, these classifiers (SVM, Naive Bayes and KNN) provide very poor accuracy as compare
to the modern DNN where ResNet-101 provided the best accuracy, i.e. 85.6%, for classification into healthy,
oxidative stressed, cryopreserved and ethanol affected sperm cells. Moreover, the use of seven different network
allows us to understand the capabilities of each networks and to apply best deep learning architecture for the
identification of healthy cells. We applied our automated classification model for studying clinically relevant
problems of semen quality in different patients attending the in-vitro fertilization clinic of University Hospital
of North Norway, Norway. Fully automated classification of the sperm cells could be an intermediate tool for
the expert that can be utilized for the selection of healthy sperm cells as per World Health Organization (WHO)
criteria®. QPI+DNN framework for healthy sperm identification could be potentially used for real time selection
of healthy living sperm cells that can be used for improving the success of fertilization during ART procedures.

Methods

Experimental setup. PSC-DHM is developed for quantitative phase imaging (QPI) of the sperm cells.
Schematic diagram of PSC-DHM setup is shown in Fig. 1. To reduce the spatial coherence of the direct laser
(He-Ne laser), it first focused by using microscopic objective lens (MO,) and rotating diffuser is placed at the
focus plane of the MO,. Rotating diffuser scattered the light into multiple directions which captured by multi-
multimode fiber bundle (MMEFB). Output of MMFB consist high temporally and low spatial coherence prop-
erties and thus act as an extended light source. The extended light source coupled at an input port of the Lin-
nik type interferometer. The light beam is first collimated and then focused by using a combination of lens L;
(f=50 mm) and L, (f=150 mm) respectively. A beam splitter is placed to divide the focused beam into reference
and sample. The sample beam is focused into the back focal plane of MO; (UPLSAPO 60XW, Olympus) and
hence the output beam is nearly collimated to extract the accurate phase information of the sample. The light
beam reflected from the sample and reference mirror, interfere at the beam splitter plane which consist the coded
phase information of the sample. The interferogram is finally projected into the camera sensor (Hamamatsu
ORCA-Flash4.0 LT, C11440-42U) by using a tube lens L, (f=150 mm). The 2D intensity variation of an inter-
ferogram can be expressed as:
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Parameter Mean +SD
Age (years) 34.7+4.8
Semen volume (ml) 3.1+1.5
Semen concentration (x 10%/ml) 51.6+22.8
Total sperm count (x 10°) 166.8+142.1
Progressive motility (%) 59+11.9

Table 2. Age and semen quality measured before the purification by gradient method (n="7, number of
donors). Values are shown as a mean + standard deviation (SD).

Deep neural network for classification of sperm cells | Training time (s)
AlexNet 3,222
GooglLeNet 8,359
Inception-ResNet-V2 60,992

VGG-16 5,183

VGG-19 8,783

ResNet-50 7,756
ResNet-101 16,943

Table 3. Training time of total 7 deep neural network for the classification of normal and stressed affected
phase map of sperm cell.

I(x,y) = a(x,y) + b(x,y)cos[eri(fxx +Hy) + q)(x,yﬂ (1)

where f, and f, are the spatial carrier frequencies of the interferogram. Background (DC) and the modulation
terms are defined by a(x, y) and b(x, y), respectively. Phase ¢(x, y) contains information of the specimen. By
applying Fourier transform, the phase map of the specimen can be measured by the following expression:

et | m(e(x))
¢(x,)’) = tan |:RE(C(.X,}/)) (2)
where
c(x,y) = b(x,y)exp(ip(x,y)) (3)

where Im and Re are the imaginary and real part of the complex signal. As the wrapped phase map lies between
-7 to + 7, the unwrapping is done by standard Goldstein phase unwrapping algorithm>®.

Semen preparation. The Regional Committee for Medical and Health Research Ethics of Norway (REK_
nord) has approved the study. Ethical guideline was followed. At the IVF Clinic, Department of Obstetrics and
Gynecology, University Hospital North Norway, Tromse, 7 semen samples were collected from patients who
were attended the IVF clinic for the service of ART. The sample were collected from the patients of age between
30 and 40 years. All patients were informed, and informed consent was obtained. The semen sample was col-
lected according to the criteria established by the WHO after 3-5 days of assistance. After liquefaction, sperm
counts were evaluated using the Neubauer-improved counting chamber. All ejaculates used in the experiments
meet as the good quality semen sample as per requirements of WHO 2010 (Table 2). To eliminate seminal
plasma and isolate cells with good quality sperm cells, one milliliter of semen was carefully placed on each
1.5 ml of 90% and 45% gradient layers (Vitrolife, Sweeden) and centrifugated at 500¢ for 20 min. The resultant
pellet was washed twice with human Quinn’s sperm washing medium (Origio, Denmark) at 300 g for 10 min.
The supernatant was discarded, and the concentration of the cells from the pellet was adjusted to 1 x 10° sperm
per mL with Quinn’s Advantage fertilization medium (Origio, Denmark) supplemented with 5 mg/ml Human
Serum Albumin (Sigma).

To perform experiments, 96-well cell culture plates (Corning) were filled with purified sperm in a concentra-
tion of 2 x 10* cells per mL with 200 uM H,0, (for oxidative stressed samples) or 2% ethanol (for alcohol affected
samples), the reference chamber was filled with purified semen only. The samples were incubated for 1 h at 37 °C,
5% CO,. After incubation evaluation of cell motility was graded according to WHO 2010 criteria as a progressive
(PR) and non-progressive motility (NP). Sperm counting was performed using Neubauer-improved counting
chamber and examined under the inverted phase contrast microscope at 40x magnification. Cryopreservation
and thawing of purified semen were performed in accordance with Sperm Freeze medium protocol (Origio,
Denmark). Motility of post-thaw spermatozoa was evaluated using Neubauer-improved counting chamber. For
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the purpose of quantitative analysis by PSC-DHM the cells of each sample were transferred in a PDMS chamber
on reflecting silicon. Sperm cells were immobilized by fixation with 4% PFA for 30 min at RT and washed in PBS
(Phosphate-Buffer Saline, Sigma) for 5 min. Finally, fixed and attached at the surface of PDMS chamber sperm
cells were mounted in PBS and covered by the cover glass of 170 um thickness.

Data analysis. Extracting phase information from the interferogram and deep learning is implemented
in MATLAB 2019a on a 64-bit Windows OS, Intel Xeon CPU E5-1650 v4 @ 3.6 GHz with 64 GB RAM and
NVIDIA 2080 Ti GPU. Transfer learning is performed by using pretrained DNN and retraining them for our
desired classes. Classification results are obtained by randomly assigning 70% of the images in the dataset for
training and the remaining 30% for testing. The training time of each DNN can be seen in Table 3. In each train-
ing iteration, the initial learning rate is set as 10-4 and stochastic gradient descent with momentum (SGDM) is
used for training. Maximum number of epochs in the learning process is set as 30.

Received: 5 April 2020; Accepted: 6 July 2020
Published online: 04 August 2020

References

1. Jouannet, P., Wang, C., Eustache, E, Kold-Jensen, T. & Auger, J. Semen quality and male reproductive health: The controversy
about human sperm concentration decline. Apmis 109, S48-S61 (2001).

2. Basnet, P, Hansen, S. A., Olaussen, I. K., Hentemann, M. A. & Acharya, G. Changes in the semen quality among 5739 men seek-
ing infertility treatment in Northern Norway over past 20 years (1993-2012). J. Reprod. Biotechnol. Fertil. 5, 2058915816633539
(2016).

3. Levine, H. et al. Temporal trends in sperm count: A systematic review and meta-regression analysis. Hum. Reprod. Update 23,
646-659 (2017).

4. Virtanen, H. E., Jorgensen, N. & Toppari, ]. Semen quality in the 21st century. Nat. Rev. Urol. 14, 120 (2017).

5. Amann, R. P. & Waberski, D. Computer-assisted sperm analysis (CASA): Capabilities and potential developments. Theriogenology
81, 5-17.e13 (2014).

6. Zinaman, M. ], Uhler, M. L., Vertuno, E., Fisher, S. G. & Clegg, E. D. Evaluation of computer-assisted semen analysis (CASA) with
IDENT stain to determine sperm concentration. J. Androl. 17,288-292 (1996).

7. Daloglu, M. U. et al. Label-free 3D computational imaging of spermatozoon locomotion, head spin and flagellum beating over a
large volume. Light Sci. Appl. 7,17121-17121 (2018).

8. Ferrara, M. A. et al. Label-free imaging and biochemical characterization of bovine sperm cells. Biosensors 5, 141-157 (2015).

9. Henkel, R. Sperm preparation: State-of-the-art—physiological aspects and application of advanced sperm preparation methods.
Asian J. Androl. 14, 260 (2012).

10. Nascimento, J., Botvinick, E. L., Shi, L. Z., Durrant, B. & Berns, M. W. Analysis of sperm motility using optical tweezers. J. Biomed.
Opt. 11, 044001 (2006).

11. Ramalho-Santos, J. et al. Probing the structure and function of mammalian sperm using optical and fluorescence microscopy.
Modern Res. Educ. Topics Microsc. 1, 394-402 (2007).

12. Moscatelli, N. et al. Single-cell-based evaluation of sperm progressive motility via fluorescent assessment of mitochondria mem-
brane potential. Sci. Rep. 7, 1-10 (2017).

13. Kao, S.-H., Chao, H.-T. & Wei, Y.-H. Multiple deletions of mitochondrial DNA are associated with the decline of motility and
fertility of human spermatozoa. Mol. Human Reprod. 4, 657-666 (1998).

14. Da Costa, R., Amaral, S., Redmann, K., Kliesch, S. & Schlatt, S. Spectral features of nuclear DNA in human sperm assessed by
Raman microspectroscopy: Effects of UV-irradiation and hydration. PLoS ONE 13, 0207786 (2018).

15. Dubey, V. et al. Partially spatially coherent digital holographic microscopy and machine learning for quantitative analysis of human
spermatozoa under oxidative stress condition. Sci. Rep. 9, 1-10 (2019).

16. Martini, A. C. et al. Effects of alcohol and cigarette consumption on human seminal quality. Fertil. Steril. 82, 374-377 (2004).

17. Di Caprio, G. et al. Holographic imaging of unlabelled sperm cells for semen analysis: A review. J. Biophotonics 8, 779-789 (2015).

18. Rivenson, Y. et al. PhaseStain: The digital staining of label-free quantitative phase microscopy images using deep learning. Light
Sci. Appl. 8, 1-11 (2019).

19. Butola, A., Ahmad, A., Dubey, V., Senthilkumaran, P. & Mehta, D. S. Spectrally resolved laser interference microscopy. Laser Phys.
Lett. 15, 075602 (2018).

20. Majeed, H., Nguyen, T. H., Kandel, M. E., Kajdacsy-Balla, A. & Popescu, G. Label-free quantitative evaluation of breast tissue using
Spatial Light Interference Microscopy (SLIM). Sci. Rep. 8, 1-9 (2018).

21. Lee, M. et al. Label-free optical quantification of structural alterations in Alzheimer’s disease. Sci. Rep. 6, 31034 (2016).

22. Doblas, A. I, Sanchez-Ortiga, E., Martinez-Corral, M., Saavedra, G. & Garcia-Sucerquia, ]. Accurate single-shot quantitative phase
imaging of biological specimens with telecentric digital holographic microscopy. J. Biomed. Opt. 19, 046022 (2014).

23. Sridharan, S., Macias, V., Tangella, K., Kajdacsy-Balla, A. & Popescu, G. Prediction of prostate cancer recurrence using quantitative
phase imaging. Sci. Rep. 5, 1-10 (2015).

24. Shan, M., Kandel, M. E. & Popescu, G. Refractive index variance of cells and tissues measured by quantitative phase imaging. Opt.
Express 25, 1573-1581 (2017).

25. Kim, T. et al. White-light diffraction tomography of unlabelled live cells. Nat. Photonics 8, 256 (2014).

26. Nguyen, T. H., Kandel, M. E., Rubessa, M., Wheeler, M. B. & Popescu, G. Gradient light interference microscopy for 3D imaging
of unlabeled specimens. Nat. Commun. 8, 1-9 (2017).

27. Daloglu, M. U. et al. 3D imaging of sex-sorted bovine spermatozoon locomotion, head spin and flagellum beating. Sci. Rep. 8, 1-9
(2018).

28. Park, Y, Depeursinge, C. & Popescu, G. Quantitative phase imaging in biomedicine. Nat. Photonics 12, 578-589 (2018).

29. Jo, Y. et al. Quantitative phase imaging and artificial intelligence: A review. IEEE J. Sel. Top. Quantum Electron. 25, 1-14 (2018).

30. Mirsky, S. K., Barnea, I, Levi, M., Greenspan, H. & Shaked, N. T. Automated analysis of individual sperm cells using stain-free
interferometric phase microscopy and machine learning. Cytometry Part A 91, 893-900 (2017).

31. Butola, A. et al. Volumetric analysis of breast cancer tissues using machine learning and swept-source optical coherence tomog-
raphy. Appl. Opt. 58, A135-A141 (2019).

32. Girshovitz, P. & Shaked, N. T. Generalized cell morphological parameters based on interferometric phase microscopy and their
application to cell life cycle characterization. Biomed. Opt. Express 3, 1757-1773 (2012).

SCIENTIFIC REPORTS |

(2020) 10:13118 | https://doi.org/10.1038/s41598-020-69857-4



www.nature.com/scientificreports/

33. Butola, A. et al. Deep learning architecture LightOCT for diagnostic decision support using optical coherence tomography images
of biological samples. arXiv preprint, arXiv:1812.02487 (2018).

34. Li, F et al. Deep learning-based automated detection of retinal diseases using optical coherence tomography images. Biomed. Opt.
Express 10, 6204-6226 (2019).

35. Fanous, M., Keikhosravi, A., Kajdacsy-Balla, A., Eliceiri, K. W. & Popescu, G. Quantitative phase imaging of stromal prognostic
markers in pancreatic ductal adenocarcinoma. Biomed. Opt. Express 11, 1354-1364 (2020).

36. Falk, T. et al. U-Net: Deep learning for cell counting, detection, and morphometry. Nat. Methods 16, 67-70 (2019).

37. Wang, H. et al. Deep learning enables cross-modality super-resolution in fluorescence microscopy. Nat. Methods 16, 103-110
(2019).

38. Choi, G. et al. Cycle-consistent deep learning approach to coherent noise reduction in optical diffraction tomography. Opt. Express
27,4927-4943 (2019).

39. Song, Y. et al. A deep learning based framework for accurate segmentation of cervical cytoplasm and nuclei. In 36th Annual
International Conference of the IEEE Engineering in Medicine and Biology Society, 2903-2906 (2014).

40. Ozaki, Y. et al. Label-free classification of cells based on supervised machine learning of subcellular structures. PLoS ONE 14,
0211347 (2019).

41. Chaveiro, A., Machado, L., Frijters, A., Engel, B. & Woelders, H. Improvement of parameters of freezing medium and freezing
protocol for bull sperm using two osmotic supports. Theriogenology 65, 1875-1890 (2006).

42. Watson, P. F. The causes of reduced fertility with cryopreserved semen. Anim. Reprod. Sci. 60, 481-492 (2000).

43. Wongtawan, T., Saravia, F, Wallgren, M., Caballero, I. & Rodriguez-Martinez, H. Fertility after deep intra-uterine artificial insemi-
nation of concentrated low-volume boar semen doses. Theriogenology 65, 773-787 (2006).

44. Agarwal, A., Prabakaran, S. A. & Said, T. M. Prevention of oxidative stress injury to sperm. J. Androl. 26, 654-660 (2005).

45. Lemma, A. Effect of cryopreservation on sperm quality and fertility. Artif. Insemin. Farm Anim. 12, 191-216 (2011).

46. Ramirez-Reveco, A., Hernandez, J. L. & Aros, P. Long-term storing of frozen semen at —196 °C does not affect the post-thaw sperm
quality of bull semen. Cryopreserv. Eukaryot. 91 (2016).

47. Donnelly, E. T., McClure, N. & Lewis, S. E. Antioxidant supplementation in vitro does not improve human sperm motility. Fertil.
Steril. 72, 484-495 (1999).

48. Ingolfsson, H. L et al. Lipid organization of the plasma membrane. J. Am. Chem. Soc. 136, 14554-14559 (2014).

49. Kopeika, J., Thornhill, A. & Khalaf, Y. The effect of cryopreservation on the genome of gametes and embryos: Principles of cryo-
biology and critical appraisal of the evidence. Hum. Reprod. Update 21, 209-227 (2015).

50. Donnelly, E. T., Steele, E. K., McClure, N. & Lewis, S. E. Assessment of DNA integrity and morphology of ejaculated spermatozoa
from fertile and infertile men before and after cryopreservation. Hum. Reprod. 16, 1191-1199 (2001).

51. Woolley, D. & Richardson, D. Ultrastructural injury to human spermatozoa after freezing and thawing. Reproduction 53, 389-394
(1978).

52. Ozkavukeu, S., Erdemli, E., Isik, A., Oztuna, D. & Karahuseyinoglu, S. Effects of cryopreservation on sperm parameters and
ultrastructural morphology of human spermatozoa. J. Assist. Reprod. Genet. 25, 403-411 (2008).

53. Barthelemy, C. et al. Ultrastructural changes in membranes and acrosome of human sperm during cryopreservation. Arch. Androl.
25,29-40 (1990).

54. O'connell, M., McClure, N. & Lewis, S. The effects of cryopreservation on sperm morphology, motility and mitochondrial function.
Hum. Reprod. 17, 704-709 (2002).

55. Takeda, M., Ina, H. & Kobayashi, S. Fourier-transform method of fringe-pattern analysis for computer-based topography and
interferometry. JOSA 72, 156-160 (1982).

56. Goldstein, R. M., Zebker, H. A. & Werner, C. L. Satellite radar interferometry: Two-dimensional phase unwrapping. Radio Sci 23,
713-720 (1988).

57. Goodfellow, I., Bengio, Y. & Courville, A. Deep Learning (MIT press, Cambridge, 2016).

58. Iwai, H. et al. Quantitative phase imaging using actively stabilized phase-shifting low-coherence interferometry. Opt. Lett. 29,
2399-2401 (2004).

59. Organization, WH. World Health Statistics 2010 (World Health Organization, Geneva, 2010).

Acknowledgements

B.S.A acknowledges the funding from the Norwegian Centre for International Cooperation in Education, SIU-
Norway (Project number INCP- 2014/10024) and from the Research Council of Norway, (Nano2021- 288565).
We are grateful to the patients who agreed to provide semen samples and bioengineers (Sissle A. Hansen, Inger
K. Olaussen) who recruited the patients to collect the samples.

Author contributions

B.S.A.,D.S.M., PB., G.A. and P.S. discussed the project idea. The samples were provided by P.B., who also sought
the permission and ethical clearances for this study. P.B., D.P. and G.A. provided biological insights for this
study. Samples were prepared by D.P. PSC-DHM system is developed by A.B., A.A. and J.C.T. AH designed and
optimize the rotating diffuser and provide the sample substrate to perform the experiment. Experimental data
are acquired by A.B. The support for DNN architectures, training, and performance evaluation was provided
by D.K.P. in close collaboration with A.B. A.B. and D.P. prepared first draft of the manuscript and all author
contributed towards writing of the manuscript. The work is supervised by P.B. and B.S.A.

Competing interests
The authors declare no competing interests.

Additional information

Supplementary information is available for this paper at https://doi.org/10.1038/s41598-020-69857-4.
Correspondence and requests for materials should be addressed to B.S.A.

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.

SCIENTIFIC REPORTS |

(2020) 10:13118 | https://doi.org/10.1038/s41598-020-69857-4


http://arxiv.org/abs/1812.02487
https://doi.org/10.1038/s41598-020-69857-4
www.nature.com/reprints

www.nature.com/scientificreports/

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 license, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons license 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 license, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2020

SCIENTIFICREPORTS|  (2020)10:13118 | https://doi.org/10.1038/s41598-020-69857-4


http://creativecommons.org/licenses/by/4.0/

	High spatially sensitive quantitative phase imaging assisted with deep neural network for classification of human spermatozoa under stressed condition
	Anchor 2
	Anchor 3
	Results and discussion
	Motility test of spermatozoa exposed to ethanol, hydrogen peroxide, and cryopreservation. 

	Conclusion
	Methods
	Experimental setup. 
	Semen preparation. 
	Data analysis. 

	References
	Acknowledgements


