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Multi-contrast digital histopathology of mouse
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virtual staining
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Abstract: Quantitative phase imaging (QPI) has emerged as a new digital histopathologic tool
as it provides structural information of conventional slide without staining process. It is also
capable of imaging biological tissue sections with sub-nanometer sensitivity and classifying them
using light scattering properties. Here we extend its capability further by using optical scattering
properties as imaging contrast in a wide-field QPI. In our first step towards validation, QPI images
of 10 major organs of a wild-type mouse have been obtained followed by H&E-stained images
of the corresponding tissue sections. Furthermore, we utilized deep learning model based on
generative adversarial network (GAN) architecture for virtual staining of phase delay images
to a H&E-equivalent brightfield (BF) image analogues. Using the structural similarity index,
we demonstrate similarities between virtually stained and H&E histology images. Whereas the
scattering-based maps look rather similar to QPI phase maps in the kidney, the brain images
show significant improvement over QPI with clear demarcation of features across all regions.
Since our technology provides not only structural information but also unique optical property
maps, it could potentially become a fast and contrast-enriched histopathology technique.

© 2023 Optica Publishing Group under the terms of the Optica Open Access Publishing Agreement

1. Introduction

Histological tissue staining is commonly used to color and enhance contrast of tissues and thus
to observe their microscopic features. Commonly, thin tissue slices of 2-10 um thickness are
treated with specific dyes that bind to specific targets of proteins or cellular structures, enabling
differential visualization of microstructures under a brightfield microscope. The most commonly
used dyes in histological tissue staining are hematoxylin and eosin (H&E), which produce a
characteristic purplish blue and pink coloration, respectively [1]. In some cases, co-staining with
multiple dyes is performed to collect the necessary range of information from a tissue section.
For example, co-staining of H&E and Luxol fast blue (LFB) is used to identify cells and myelin,
respectively, in mouse brain tissue [2]. Although considered the gold standard, the staining
process can be time consuming, costly, and labor-intensive. For example, Masson’s Trichrome
staining takes ~2-3 hours, costs $16-35, and often requires process monitoring by an expert [3].

Introduction of quantitative phase imaging (QPI) essentially bypasses the aforementioned
issues by skipping the cumbersome staining process [4]. It allows for the quantitative analysis
of the optical phase delays introduced by a sample, providing valuable information about the
sample’s morphological and structural properties. At any given point, phase delay is linearly
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proportional to refractive index difference and thickness of a sample as follows:
Ad(x,y; A) = koAn(x, y; A)h(x, y) (1)

where kg = 27/A and A is the average wavelength, 4 is the thickness, and 4n is the difference
between the refractive index of the sample and the media. Due to nanoscale sensitivity, absence
of exogenous contrast agents and low phototoxicity, QPI techniques are being widely adopted in
cell biology [5—7], neuroscience [8], and hematology [9-11]. They have also been utilized for
examination of unstained thin tissue sections. Diffraction phase microscopy (DPM) [12], which
is a common-path, off-axis interferometry-based QPI technique, has been recently used to image
rat kidney, liver, brain [13], mouse acute kidney disease (AKI) [14], and mouse Alzheimer’s
brain tissue [15]. In addition, spatial light interference microscopy (SLIM) [16], a temporal phase
shifting-based technique, has been employed for imaging healthy mouse brain [17], rat liver [18],
malignant tissues taken from prostate [19] and breast cancer [20] biopsies. In addition, results
obtained by Soltaninezhad et al. [21] demonstrate significant statistical deviation of scattering
properties, i.e., scattering coefficient and anisotropy, between normal and abnormal (cancerous)
tissue sections. These scattering properties can also be obtained from QPI by means of scattering-
phase theorem [22]. In many research papers, including the abovementioned ones [13—15,17-19],
scattering coefficient and anisotropy have been used for tissue classification. These studies
indicate a correlation between tissue architecture and scattering properties. However, the scope
of use cases is limited to a few organs and thus translation to practice remains a challenge.

Despite the advantages that QPI can offer to the field of digital histopathology, raw phase
images might not be suitable for trained physicians who are accustomed to the gold standard
of histological examination, i.e., brightfield imaging of labeled samples [3]. One potential
way to overcome this issue would be utilizing deep learning to digitally stain phase images
to histologically stained-like state. This approach brings several advantages. First, utilization
of virtual staining removes the inconsistencies of image quality introduced by differences in
staining protocols, technician skills, imaging hardware, etc. [23], so that the stain contrast on
the generated images remains uniform from sample to sample [3,24]. The normalization of
image conditions, in its turn, can potentially bring benefits for further tissue analysis using other
models for segmentation, classification, etc. [24]. Second, deep learning models can be trained
for various types of stains so that sample section areas can be selectively stained with different
histological dyes providing broader scope of information for more accurate diagnosis [1,25].
This virtual staining approach can eventually reduce the amount of tissue required for a complete
histopathological analysis, hence, optimizing biopsy acquisition process. Current advances in
virtual staining approaches demonstrate highly accurate image inference not only from QPI
[3], but also from other imaging modalities, e.g., tissue-autofluorescence [24], multi-photon
microscopy [26], Fourier transform infrared imaging [27], and even conventional brightfield
imaging [1,23].

In this study, we have examined tissue sections from 10 major mouse organs using DPM,
analyzed their scattering coefficient and anisotropy distribution. Furthermore, we utilized deep
learning model based on generative adversarial network (GAN) architecture for virtual staining
of phase delay images to a H&E-equivalent state. To our knowledge, this is the first study to
investigate major mouse organs in QPI and brightfield imaging, while simultaneously analyzing
their scattering properties and providing a high-performance virtual staining model. As a result,
for a single label-free tissue section, we can provide information with different contrasts and
visibilities, i.e., QPI, scattering properties maps and virtually-stained brightfield imaging.
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2. Materials and methods

2.1. Sample preparation

All animal procedures in this study were carried out in strict accordance with the approved
guidelines of IACUC (UNISTIACUC-17-07) using 8 weeks old male mice of wild type. The
mouse organs used in the experiments were brain, kidney, pancreas, liver, stomach, lung, heart,
spleen, small intestine, and bone. Tissue sections of 5 um thickness for the abovementioned
organs were prepared according to traditional histological procedure without the staining step.
The paraffin was completely removed by washing with xylene and graded ethanol before covering
glass mounting for imaging with DPM system. After DPM image analysis, the cover glasses
were removed by immersing the samples in xylene for 48 hours and the sections were stained
with H&E dyes followed by secondary cover glass mounting.

2.2. Imaging

The schematic of wide-field DPM and detailed beam path are illustrated in Fig. 1. For the
illumination source, a CW visible fiber laser having center wavelength of 560 nm with bandwidth
of 6-14 nm (mpbc.ca, Canada) was employed. The scattered light from a tissue was collected by
objective lens (OL, Olympus, LUMPLFLN 40XW, NA 0.8). The long-range linear stage (X-Y ST,
Marzhauser, Germany) was equipped for scanning large area. To avoid the defocusing error, we
precisely calibrated the tilt of the linear stage by adjusting for 4 points on the left, right, top and
bottom of the edge of the sample surface and repeating until all points were well focused. A pair
of achromatic lenses (L1 and L.2) was placed after objective and tube lenses (Thorlabs, ITL200).
The light was split into multiple beams by diffraction grating (DG, Edmond, 92 grooves/mm)
that was inserted at the back focal plane of L2. The two diffraction orders (0 and 1%") were
transmitted through the lens (L.3) and spatially filtered through the pinhole at the back focal
plane of L3. 0" order was used as the reference beam after passing through the 50 um pinhole,
while the 1% order passed without any field interruption which makes it the sample beam. Two
light beams were focused by achromatic lens (L4), and their resulting interference pattern was
detected by EMCCD (Andor, iXon3). The measured pattern, that includes amplitude and phase
information, was used to retrieve phase difference between specimen and its surrounding medium.
The transverse resolution was 1.3 um and field-of-view was 150 x 150 um (512 x 512 pixels).
The phase temporal and spatial stability of the system were measured to be 60 mrad and 50 mrad,
respectively. A set of DPM images was acquired and digitally stitched together for wide-field
imaging. The acquisition time for a single mosaic image with 35% overlap was 0.2 seconds,
which resulted in a 5 frame/sec acquisition rate. Acquisition time for whole-slide imaging varied
depending on the tissue slice dimensions. After DPM image analysis, all samples were stained
with H&E dyes and imaged with virtual microscope slide scanning system (OLYMPUS) for
side-by-side comparison.

2.3. Scattering coefficient and anisotropy factor calculation

The scattering coefficient and anisotropy factor maps were derived from raw phase delay maps
based on scattering-phase theorem [22] as follows:

AP (r),
Hs = % (2)
1 (VIR
2ko® (Ag2(r)?)
where u; and g are scattering coeflicient and anisotropy factors, (Aqﬁz(r),) indicates spatial
variance of the phase, L is the thickness of sample, V[¢(r)] is the phase gradient, ko (= 27ng/Ag)

= 3)



Vol. 14, No. 5/1 May 2023/ Biomedical Optics Express 2071 |

Biomedical Optics EXPRESS -~

L4
P
L3
G .
L2 =
L1 EP
TL ‘
"IP

OL
on ESE

Fig. 1. Schematic of wide-field diffraction phase microscopy (DPM). L, lens; OL, objective
lens; TL, tube lens; G, grating; P, pinhole for spatial filtering; S, sample; X-Y ST, xy linear
stages; IP, image plane; FP, Fourier plane.

is the incident wavevector, and ng and Ay are average refractive index and average wavelength,
respectively. According to the theorem, u; is directly proportional to the phase variance. The
higher value of y; in tissue means larger local contrast in refractive index, resulting in stronger
scattering. The other scattering parameter is g, which is essentially the average of the cosine
of the scattering angles. The equation contains gradient of phase, which is related to tilt along
propagation. The lower values of g indicate that the tissue has texture with higher spatial
frequency contents, resulting in higher scattering angles. Thus, the use of scattering properties
of s and g helps to understand unique features of a tissue structure that may be hidden from the
eyes on the raw phase delay maps and brightfield images.

2.4. Deep learning model

Compared to brightfield images from H&E-stained samples, raw stain-free DPM images look
relatively blurry and contain less intracellular structure information such as nuclei locations. To
achieve better detailed imaging qualities in DPM comparable to H&E-stained image, meticulous
dataset preparation and appropriate deep neural network architecture with adequate loss design
are crucial. We employed the generative adversarial network (GAN) [28] to implement virtual
staining that transforms a DPM image to a corresponding H&E-stained image. To maximize
the advantage of adversarial learning using GAN, we designed a model architecture and loss
in the following manner: a generator, G, is composed by combination of residual blocks [29]
and U-net structure [30] with separated dataflow as shown in Fig. 2. The reason for such model
architecture is to achieve learning ambiguous features from DPM images to match details and
reconstruct equivalent brightfield textures through residual blocks while learning appropriate
coloring from features across different dimensions through the U-net path. For the discriminator
D, we employed the PatchGAN discriminator [31] which is apposite to support learning of
generator about low and high frequency details together efficiently with its architecture design
for prediction real/fake along the patches. The loss function for the training consists of the
adversarial loss with two regularization terms; the mean absolute error (MAE, L1 loss) and the
mean squared error (MSE, L2 loss) for less blurry effect and effective colorization. Specifically,
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we formulated the loss function as follows: the generative loss for the generator is:
L(G;D) = —logD(G(x)) + A X L1(y, G(x)) + u %X L2(y, G(x)) @
and the discriminative loss for the discriminator is:
L(D; G) = —log(D(y) —log[1 - D(G(x))] ®)

where x is the DPM input image, G(x) is the generative model output, D(-) is the discriminative
model prediction of an image (ground truth BF or virtually stained), and y is the ground truth
brightfield image. The regularization constants A and p were set to be 1-10% of the generative
loss L(G; D) during the training.
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Fig. 2. Architecture of the deep learning model for virtual staining. Generator consists
of parallel paths through residual blocks and U-net structure (upper). Discriminator is

composed of layers of convolution, batch normalization, leaky ReLU and discrimination
patches (lower).
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The virtual staining deep-learning model was trained using acquired DPM and brightfield
sample images. The damaged tissue areas during staining were excluded to obtain clear and
precise dataset. At first, we attempted to use the scale-invariant feature transform (SIFT)
algorithm to register image pairs, but it was unsuccessful because of the changes in the structure
caused by the staining process. As a result, we manually registered specific parts of the samples
using a Matlab script to address magnification, rotation, and translation issues. Appropriate
conditions were chosen to maximize SSIM values between the image pairs. As a result, the
raw data consists of dozens to hundreds of pairs between brightfield and corresponding DPM
images for each organ type. The datasets for training and validation were augmented from the
raw data by applying random cropping, mirroring, and rotation to be at least 50,000 and 10,000
patches of size 256 x 256 (see Table 1), respectively. The number of epochs was set to 100. For
an efficient learning schedule, we split training steps into pretraining and adversarial training. In
the pretraining step, we trained the generator based on MAE (L1 loss) only for a single round of
the training set. After that adversarial training was initiated. For the optimization, we employed
the Adam optimizer [32] with learning rate of 10™*. After 10 steps of training, the learning rate
decreased to 107>, All trainable parameters in the architectures were initialized with a normal
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distribution with zero mean and standard deviation of 0.02. The batch size was fixed to 12 for
all training steps. The PatchGAN discriminator output matrix size was set to 32 x 32. Virtual
staining deep neural network for each organ type was trained separately.

Table 1. Dataset details for the virtual staining at different tissue types. For each tissue type,
50,000 and 10,000 augmented patches were used as training and validation datasets, respectively

Tissue type Brain Heart Kidney Liver Pancreas Intestine Lung
# of raw images
(512 x 512 pixels) 477 455 110 338 458 21 156
# of augmented patches
(256 % 256 pixels) 95,400 91,000 66,000 67,600 91,600 63,000 93,600

To apply the trained networks for whole-slide imaging of the tissue sections, each whole-slide
DPM image was divided into patches of 256 x 256 pixels with 50% overlap of neighboring
patches. DPM patches are virtually stained by a tissue-specific network and stitched into a
whole-slide virtually stained image. For seamless stitching, overlapping regions were linearly
blended along neighboring patches.

3. Results

We obtained DPM and H&E-stained images of mouse tissue samples extracted from 10 major
organs as shown in Fig. 3. In histology, internal structures of cells were stained by H&E dyes, and
in DPM, all biological features are characterized by different phase delay values. For the DPM
case, the image contrast was adjusted to visualize both macrostructure and microstructure in tissue
samples. In case of wide-field images, the range was set as -20 to 20 (o: standard deviation), but
in magnified subfigures, range was set as -0.9 to 1 rad to show more details. When the phase
delay and H&E-stained images are compared side-by-side, significant structural correlation of
morphological features are observed. Particularly in subfigures of Fig. 3 the specific cell shape
of each organ shown in the H&E image is also noticeable in the DPM; for example, granule cells
in hippocampus (a), cardiac muscle cells and fibers (b), alveoli (c), hepatocytes (d), epithelial
cells in mucosa (e), renal tubules in cortex (f), acinar cells (g), lymphoid follicle (h), Paneth cells
(i), and osteoblasts (j). The reason for this similar contrast between the DPM and H&E-stained
images is that the respective regions have different functional cell groups, and their structures
change accordingly, which causes distinct attachment rates of H&E dyes in histology and different
phase delays in QPI.

us and g were calculated for each organ using scattering-phase theorem as shown in Fig. 4.
The window size for scattering properties calculation was 20 x 20 um?. In Fig. 4(a), the results
show the tissues have a 26 rad’/mm and 0.965 for average values of ug and g, respectively.
However, the bone, pancreas, liver, and brain showed different trends. Analyzing the results with
regards to the morphological properties of the tissue, the pancreas has relatively high us and
g values because they contain tightly packed acinar cells. The brain and liver have the lowest
average values of ug and g since both consist of locally homogeneous tissue components. The
bone tissue on the other hand is composed of dense and heterogeneous osteoblasts, resulting in
high u values. To investigate the potential of using scattering property values for histological
contrast, we visualized scattering coefficient and anisotropy maps for the cases of brain and
kidney (Fig. 4(b1,2) and 4(c1,2)), which are the organs with the most distinct structural and
functional differences. Whereas the contrast is rather similar to QPI modality in the kidney
images, the brain image shows significant improvement over QPI with clear demarcation of
features across all regions. We also plotted the distribution of scattering coefficient side-by-side
with phase values (see Fig. 4(b3, c¢3)) for three different tissue regions. The graphs show that
while the mean phase values are relatively equivalent across the regions, scattering coefficients
are distinguishably more variant.
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Fig. 3. Comparison between H&E-stained digital image and quantitative phase imaging
of various organ tissue. The small regions of tissue indicated by red box are enlarged and
shown next to the wide-field images. Scale bar: 1 mm (50 pm for inset images).
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Fig. 4. (a) The plot of scattering properties (scattering coefficient and anisotropy factor) for
various organs. Statistical independence of organ types to the measurement were confirmed
by the analysis of variance, ANOVA (p < 1079). (b1, b2) scattering coefficient and anisotropy
maps of the brain section, respectively. (b3) statistical distribution of phase values (left)
and scattering coefficient (right). (c1, c2) scattering coefficient and anisotropy maps of the
kidney section, respectively. (c3) statistical distribution of phase values (red) and scattering
coefficient (blue). Scale bar: 1 mm.

Figure 5 demonstrates the side-by-side comparison of virtual staining results with the H&E-
stained images. The trained network takes a raw QPI image with the range of -0.8 to 2rad as an
input and converts it to a virtually stained H&E image. Visibly, the results are well matched to
the histologically stained images with all the major features observed in histology images being
reflected in the virtually stained images. To further analyze the structural similarities between
virtually stained and H&E histology images in a quantitative manner, spatial windows of all
organs were numerically compared using the structural similarity (SSIM) index method [33].
The SSIM index was calculated using SSIM function in MATLAB and ranging from O to 1 and

is defined as:
(2,le/.ly +Cy )(zo-xy + ()

SSIM(x,y) =
(x.) (2 + ,u% +C)) (0?2 + O'y2 + ()

(6

where Ly, ly, Ox, Oy and Oyy are local means, standard deviation, and cross-variance for images x
and y, respectively. C; and C, are regularization constants to avoid division by 0. SSIM index of
1 means structures are perfectly correlated (white regions) and 0 means there is no correlation
(black region). We calculated mean SSIM index values for each organ based on 500 randomly
picked patches from validation datasets. The global mean SSIM index is 0.9291 with the largest
value being 0.9578 for the brain case and the lowest value being 0.9047 for the intestine case.
Full information on the mean and variance values is presented in Table 2.
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Fig. 5. SSIM index maps between Virtual Stained and H&E Histology images of brain,
heart, kidney, liver, pancreas, intestine and lung. For areas with strong correlation, the SSIM
index is close to 1, and vice versa, for areas with low correlation, it approaches 0.
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Table 2. Mean and variance values of SSIM index for 500 random validation dataset patches

Organ Brain Heart Kidney Liver Pancreas Intestine Lung
Mean 0.9578 0.9322 0.9239 0.9304 0.9199 0.9047 0.9347
Variance 0.0006 0.0016 0.0002 0.0005 0.0018 0.0010 0.0008

4. Discussion and conclusion

This paper presents wide-field DPM system as a versatile imaging tool that offers not only
morphological information of unstained tissue samples with phase-based virtual staining, but
also scattering properties, such as u; and g, as additional contrast to characterize pathological
tissues. To evaluate the feasibility of DPM for histological studies, we generated high-resolution
phase delay maps of various mouse organ sections and compared the results to H&E-stained
images. The experiment demonstrates that the contrast in phase delay images alone is sufficient to
visualize morphological features as detailed as the H&E-stained images in each organ. Thus, we
hypothesized that scattering map could be utilized as an additional contrast in histopathology as
it may be able to delineate disease-related structural alterations in tissue. For example, diagnosis
of fibrosis which usually requires co-staining and precise sample preparation, can tremendously
benefit from our proposed approach of using optical scattering properties. In our previous work,
we found that the progression of acute kidney injury was significantly correlated with scattering
coeflicient and anisotropy, which was not as evident on the raw phase delay maps alone [14].
To our knowledge, this is the first study to investigate control groups of mouse organs in terms
of whole-slide QPI and optical scattering properties. Further research in diseased tissues is
necessary to extend our knowledge in this direction. In addition, we implemented a deep learning
module to digitally stain the raw phase delay maps to compare the H&E-stained images. The
results are well matched to the ground truth with the average similarity index of 0.93. Our virtual
staining model successfully replicated all the major features of the respective organ tissue sections.
However, there remains experimental challenge to fully utilize the effect of virtual staining on
label-free images. The major source of error in virtual staining is the unconformity between
QPI and H&E-stained images due to structural alternation of tissues caused by the staining
process itself. Since the QPI & BF images are sequentially acquired from separate imaging
systems, corresponding images do not often overlap with each other, thus it requires tedious
image pair registration process for the model training. We noticed that this issue is more severe
in intestine, pancreas, and lung due to the vast abundance of spatially separated microstructures,
which led to mismatches observed on the SSIM maps. To overcome the co-registration issue,
image set for training must be obtained by single body optical imaging system which equips
both functionality of QPI and BF. In addition, the fast and robust staining process is essential.
We believe that further research into this issue is fully justified as it will reduce the complexity
of image registration process, and thus improve the virtual staining accuracy and optimize the
overall process workflow.

In summary, wide-field quantitative phase imaging with derived u; and g maps, when
complemented with deep-learning-enabled virtual staining, can be a very promising tool for
practical using in histopathology research. Our future studies will focus on their diagnostic
capabilities by delineating altered cellular structures of diseased tissues.
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