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Highlights

New whole slide image analysis method applied to an oyster disease.

This method is used to estimate bacteria spread into oyster’s whole tissues.

Bacteria quantification by this method is coherent with molecular results from

qPCR.

The method brings new insights into Vibrio aestuarianus infection pattern.
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Abstract

Growth of marine bivalve aquaculture is presented as a potential measure to effectively
provide seafood for human consumption while preserving wild populations. It can be an
economic driver in coastal areas while also providing important ecosystem services
such as filtration of phytoplankton and carbonate buffering. However, as with any other
farming practices, increased densities of individuals in a confined space often result in
disease outbreaks. Pathogens developing in these conditions can easily spread among
farmed stocks, affecting all the production lines and potentially causing adverse
economic consequences, spreading over large areas and eventually affecting wild
populations as well. Development and implementation of early detection methods for
pathogen infection are imperative to maintain and expand aquaculture activities. In this
context, a new method to quantify and characterize infection by Vibrio aestuarianus in
the Pacific oyster, Magallana gigas, based on image analysis of histological slides
stained by immunohistochemistry is presented. The method is used to automatically
measure the proportion of tissue infected by IHC-stain bacteria from each image and to
characterize bacteria spread in the tissue. The proportion of tissue infected by IHC-
stained bacteria and spatial dispersion indexes, used to characterize 2D bacterial
dispersion, were directly associated with the quantity of bacteria previously measured
by gPCR. All of these results suggest a pattern of infection where V. aestuarianus tends
to be more clustered and less randomly spread in the organism with increased infection.

Advantages, limitations, and potential ways to improve the method are discussed.
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1. Introduction

Emerging pathogens represent one of the most significant threats to the growth and
sustainability of aquaculture industries worldwide (Lupo et al., 2016) and the outbreak of
aquatic animal diseases related to intensive production practices is of major concern for
the industry, local population living from this activity and the ecosystem (Boyd and Clay,
1998; Griffiths et al., 2018; Landos et al., 2021). Past severe disease outbreaks have led
to significant economic destruction and negative social consequences (Carnegie et al.,
2016). Disease outbreaks often occur from a combination of different factors such as
climate change (Barange, 2018; Garrabou et al., 2022; Li et al., 2023; Wright et al., 2023),
environmental pollution (Kalkan and Altug, 2020; Kathijotes et al., 2015; Landos et al.,
2021), habitat alteration (Barange, 2018), geographic expansion of disease (Barange,
2018; Carnegie et al., 2016), and invasive species (Green et al., 2016; Wright et al., 2023;
Yang et al., 2021). Aquaculture practices, which confine animals at high density in specific
areas, and often involve manipulation and transfer of farmed animals from one location
to another, are another source of stress which can entail conditions conducive to the
outbreak and propagation of infectious agents (Carnegie et al., 2016; Palacios et al.,
2010). All these factors can directly impact the prevalence and severity of disease
outbreaks in both farmed and wild aquatic populations (Landos et al., 2021). In a world
where the human population continues to grow, bivalve mollusc farming is a privileged
sector due to the importance of these protein-rich animals for human consumption. In this
context, aquaculture can play a strategic role in terms of safe food production and
sustainable economic and social development (Noger-Huet et al., 2022; Petrosillo et al.,

2023). The development of new methods for disease detection in marine shellfish is
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essential to detect diseases as early as possible and apply contingency measures to
contain their spread to other aquaculture facilities (Carnegie et al., 2016).

The Pacific oyster Magallana gigas, indigenous to Northeast Asia, is the most cultivated
species in the world (Chaney and Gracey, 2011), including France, where the yearly
production in 2022 was estimated at 85,000 tons (FAO, 2022). Since the early 1990s,
Pacific oysters have been hit by mass mortality in many areas of the world (Arzul et al.,
2017; Burge et al., 2018; Castinel et al., n.d.; EFSA Panel on Animal Health and Welfare
(AHAW), 2015; McCombie and Samain, 2007; OIE, 2019). These outbreaks, either due
to the presence of the virus OsHV-1 or the bacteria Vibrio aestuarianus, have had a major
impact on oyster production in France and, also on a wider scale, in Europe (EFSA Panel
on Animal Health and Welfare (AHAW), 2015). Alarmingly, the prevalence of these
pathogens in European oyster populations appears to be increasing in the last decades
(Carnegie, 2020). Consequences of infection by V. aestuarianus on M. gigas range from
non-lethal to lethal effects, leading to behavioral change (Elston, 1993), pathological
reaction (Garnier et al., 2007), and ultimately to death (Parizadeh et al., 2018b). Oysters
are frequently moved between spat collection sites or hatcheries and oyster farming
locations in France, as well as between France and various European countries (Arzul et
al., 2022). Therefore, the lack of efficient transport control and detection systems can
contribute to the widespread transmission of pathogenic agents and diseases (Carnegie
et al.,, 2016; Fuhrmann et al.,, 2019). In this context, the development of analysis
techniques allowing early detection and accurate diagnosis of invasive species is one of
the major issues in the aquaculture sector. The main detection methods currently used to

assess V. aestuarianus infection in M. gigas are histopathological diagnosis together with
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strain identification by polymerase chain reaction (PCR) and quantitative polymerase
chain reaction (qPCR) assays to quantify infection intensity (Carnegie, 2020).
Nevertheless, due to the short incubation time of the pathogenic agents (bacterial or viral)
and its rapid increase in prevalence level, it remains difficult to detect infection in advance
of a large-scale episode of disease by conventional surveillance methods (Parizadeh et
al., 2018a; Paul-Pont et al., 2013; Whittington et al., 2019).

Image analysis is rapidly evolving and increasingly used in histopathology as it enables
high throughput analysis of a large number of samples, offering the potential for increased
diagnostic precision, improved reproducibility, and potentially reduced workload for
histopathologists (Zarella et al., 2018). Production of whole slide images (WSI) involves
the scanning of a microscope slide to create a single high-resolution digital file. WSI are
pyramidal images of histological slides containing complex data and have a higher
resolution compared to a raster graphic file which allows the detection of cellular or even
sub-cellular structure (Bolte and Cordelieres, 2006; Pantanowitz et al., 2011). Whole slide
imaging represents a paradigm shift in histopathology with potential impacts on
workflows, reproducibility, dissemination of educational material, and intra and inter-
institutional collaboration (Bolte and Cordelieres, 2006). Although the benefits of WSI
analysis are numerous, implementing such methods on routine procedures remains slow
because it would require some adaptation and its complexity is still an obstacle to its
widespread adoption (Aeffner et al., 2019).

In this article, a method to detect, quantify and characterize V. aestuarianus infection of
M. gigas from WSI stained by immunohistochemistry (IHC) is proposed. M. gigas were

experimentally infected with V. aestuarianus to control and create different degrees of
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infection (Parizadeh et al., 2018b). The method is based on the computerized detection
of V. aestuarianus stained by IHC within the WSI. The proportion of tissue infected by
IHC-stained bacteria is measured and spatial spreading within the cross-section is
characterized. Bacterial quantities assessed with this method are consistent with results

obtained by qPCR and the method brings new details on bacterial spreading behavior.

2. Material & Method

WSI and gPCR results originated from Parizadeh (2018). WSIs were produced to
assess histopathological damages in M. gigas infected under experimental conditions
by V. aestuarianus against the degree of bacterial infection assessed by quantitative
polymerase chain reaction (QPCR) and immunohistochemistry with the use of a
polyclonal antibody (Parizadeh et al., 2018b). To summarize the original experimental
set-up, specimens of M. gigas were immersed in a bacterial bath for different periods to
simulate different levels of bacterial infection and individuals were sampled at different
time points after infection (day 1 and day 4). Histopathological damages and localisation
of IHC-stained V. aestuarianus in different tissues were assessed by histology on
hematoxylin-eosin (H&E) stain slides and slides stained by IHC with a bacteria-specific
polyclonal antibody. The dataset consists of 41 images of histological cross-section of
M. gigas stained with H&E for histopathological assessment and 41 images of
histological cross-section of M. gigas stained with IHC for localisation of the bacteria
and 230 bacterial DNA quantification performed on different tissue (gills, digestive
gland, mantle, abductor muscle, labial palp) from 43 specimens. qPCR results were
treated individually by tissue and the overall mean was calculated for every specimen.

Logarithm-transformed values were used for gPCR values. Only specimens with both
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image and gPCR data were integrated into the current analysis (n = 38). Samples were
classified into 3 infection groups according to the level of bacteria measured by gPCR,
with the “control group” encompassing every control specimen, samples with a level of
bacteria cells per animal ranging from 0 to 1.10% bacteria/25 ng of total DNA, falls into
“early infection group”, and “advanced infection group" encompass samples presenting
a level of bacteria cells above 1.10° bacteria per 25 ng of total DNA. See Table 3 and
Figure A in 7.0 Supplementary Material.

Original WSI and gPCR data can be found here:

https://www.seanoe.org/data/00501/61299/

Software used for image analysis were QuPath (0.5.1), Python (3.11.5) and Fiji (2.15.0).
QuPath is an open-source bioimage analysis software for digital pathology and whole

slide image analysis (https://qupath.github.io/). Python is a general-purpose, object-

oriented programming language, it offers a comprehensive standard library to work on

different types of objects (https://www.python.org/). Fiji is an image processing package

distribution of ImageJ2 (https://imagej.net/software/fiji/).
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Figure 1: General workflow of the WSI analysis automated method. WSIs are fragmented into tiles for IHC detection
analysis. In parallel, tissue detection is performed to get the overall tissue area per image to compute the proportion
of tissue area infected by IHC-stained bacteria. IHC-stained bacteria particles are extracted from the WSI and used to

perform colocalization and spatial distribution analysis.

Tissue detection was performed using a thresholding method in QuPath (see Method
calibration for more details). Pixel dimensions were exported from QuPath for each
WSI's metadata. Tiles of a specific size (400 um?) with a downsampling factor of 1 were
generated within the area of tissue detected for each WSI and exported as raster
graphics files. Tiles were converted from RGB to HSV, a lower and upper color range
corresponding to IHC stained color were defined in Python. Color thresholding was
performed on each tile to obtain a binary mask that selects only pixels within the defined
range by lower and upper values. Black pixels are the pixels falling outside the defined
color range and therefore were assumed to represent tissue with no IHC-stained

bacteria present, while non-black pixels are the pixels falling within the IHC color
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threshold range and were assumed to represent tissue infected by IHC-stained bacteria.
Some tiles from different tissues and their respective masks are presented in Table 1.
The number of non-black pixels was exported for every masked tile. The area of tissue
infected by IHC-stained bacteria was calculated by multiplying the number of non-black
pixels by the pixel dimensions for all tiles and summing them for each image. Values of
IHC-stained bacteria area were corrected by subtracting the highest area measured in
the “control” group from every sample. Specimens from “control” are assumed not to
have been infected by V. aestuarianus and therefore all IHC detected in these samples
are considered as artefacts.

WSiIs were exported as raster images with HistoQC (Janowczyk et al., 2019). HistoQC
is an open-source tool written in Python used to identify artefact-free areas on digitized
slides. These images were used to characterize IHC-stained bacteria colocalization
and spatial dispersion within the whole cross-section. Particle distribution analysis
statistically determines if particles in each image are likely to be randomly distributed,
self-avoiding or clustered. The “2D Particle Distribution” function from the BioVoxxel
plugin was used to characterize IHC stained particle spatial dispersion within the
images (Brocher, 2023). It calculates the nearest neighbor distance (NND) for each
particle and computes the theoretical NND. The measured mean NND is used as a
cluster index, it was statistically compared using a t-test to the theoretical mean NND to
determine particle distribution (Lagache et al., 2015) (Figure 1).

Statistical analysis was performed using R (version 4.3.1). A 0.05 significance level was
used for all statistical tests. Wilcoxon test is a non-parametric test used to determine if

two independent groups present a significant difference in their median value. Wilcoxon

11
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test was used to determine if the median of the distribution from the proportion of tissue
infected by IHC stained bacteria, mean quantity of bacteria cells, mean NND and spatial
dispersion indexes were significantly different from 0. Kruskal-Wallis test followed by
Dunn’s test was used to compare the proportion of tissue infected by IHC-stained
bacteria, mean NND and spatial dispersion index, between infection groups. The
Kruskal-Wallis test is a non-parametric test used to reveal statistically significant
differences between the medians of several independent groups. Dunn’s test performs
pairwise comparisons between each independent group and tells which groups are
statistically significantly different. Kendall correlation test was used to assess the linear
relationship between bacterial quantity and, the proportion of tissue infected by IHC-
stained bacteria in each image as well as the relationship between the proportion of
tissue infected by IHC-stained bacteria and with spatial dispersion index. Logarithmic
regressions were used to model the relationship between the mean quantity of bacteria
(log10) per sample, as a predictor variable, the proportion of tissue infected by IHC-
stained bacteria, as well as the relationship between the proportion of tissue infected by
IHC-stained bacteria and the dispersion index. The F-value tells whether the regression
model provides a better fit to the actual data than a model with no predictor variables.
All scripts used for image and data analysis are available on the following repository:

https://qgithub.com/ValentinGeslin/OYSTER

2.1. Method calibration
2.1.1. Colocalization

Colocalization is the spatial correlation between objects, it reveals whether different

objects are localized within a certain area or not. It was used to assess if detected IHC-

12
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stained bacteria were localized within the tissue or not. Characterisation of IHC-stained
bacteria colocalization within the whole tissue was performed on Fiji with the JaCoP
plugin using an object-based colocalization measurement (Bolte and Cordeliéres,
2006). Object-based colocalization measurements refer to a colocalization method
where objects of interest are first segmented from the image, then their spatial
relationships are measured. This type of colocalization method was used because it is
generally considered less sensitive to image noise and statistically more robust than
pixel-based methods (Lagache et al., 2015). Pearson’s correlation coefficient was used
to express the correlation between colocalized objects, and the linear equation
describing the relationship between objects in IHC-detected images and mask tissue
images was calculated by a linear regression with the slope of the regression providing
the rate of association between the objects (Brocher, 2023). Pearson's coefficient
provides an estimate of the goodness of this approximation with its value ranging from 1
to -1, with 1 standing for complete positive correlation, 0 standing for no correlation, and
-1 for a negative correlation (Lagache et al., 2015). Pearson’s correlation coefficient
represents the degree of colocalization. The colocalization coefficient ranges from -
0.006 to 0.356 with a median value of 0.007. Individual values can be found in Table 3
in 7.0 Supplementary Material. The median of Pearson’s correlation coefficient exhibits
significant difference between the 3 groups (Kruskal-Wallis, p-value < 0.05). The
median colocalization index for the “control” and “early infection” group was not
significantly different from 0 (Wilcoxon test, p-value > 0.05) while “advanced infection”

has a median value of 0.20 (Figure 2).
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Figure 2: Pearson’s coefficient value per image and category. Pearson’s coefficient value for the control and early

infection cohort ranges from -0.006 to 0.02, while for the advanced infection group Pearson’s coefficient value ranges

from 0.07 to 0.35 with a median value of 0.20.

2.1.2. Tissue detection parameters

The influence of tissue detection parameters on the proportion of tissue positive to IHC-
stained bacteria was evaluated using 5 different sets of parameters which were judged
optimal by visual assessment. For all images, the detection of tissue infected by IHC-
stained bacteria was not significantly different for the 5 sets of parameters (Kruskal

Wallis test, p-value > 0.05).

2.1.3. Tile size variability

Incidence of tile size variability on the proportion of tissue positive to IHC stained

bacteria was assessed for seven different tile sizes and no significant difference was

14
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3. Results
3.1.  Quantity of bacteria in whole organism

The quantity of bacteria in whole organisms was obtained by calculating the mean
quantity of bacteria measured in different tissues (gills, digestive gland, mantle, muscle,
and labial palp) for each specimen. The 3 conditions (control, early infection and
advanced infection) reflect the quantity of bacteria distribution (Figure A -
Supplementary Material) and they exhibit significant differences between them (Kruskal-
Wallis test, p-value < 0.05) with the “control” group presenting a median quantity of
bacteria cells per animals not significantly different from 0 (Wilcoxon test, p-value >
0.05) while the median quantity of bacteria cells per animals for “early infection” and
“advanced infection” group were significantly higher than “control” group (Dunn’s test, p-
value < 0.05), with a median value of 0.46 for “early infection” group and 6.93 for

“advanced infection” group (Figure 3).

3.2. Proportion of tissue infected by IHC-stained bacteria

The median value of the proportion of tissue infected by IHC-stained bacteria was
significantly higher than 0 (Wilcoxon test, p-value < 0.05) for the 3 categories, with the
“advanced infection” group being significantly higher than the two other groups (Dunn’s
test, p-value < 0.05). “Control” and “early infection” groups display the proportion of
tissue infected by IHC-stained bacteria ranging from 0% to 0.09%, while the proportion
of tissue infected by IHC-stained bacteria for the “advanced infection” group ranges

from 1.47% to 26.53%, with a median value of 9.19% (Figure 3).
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IHC stained bacteria per images and for the different groups (right). The mean values of the quantity of bacteria cells
for the control, early infection and advanced infection groups were respectively 0, 0.46, and 6.82. With mean quantity
of bacteria cells from the control and early infection group being not significantly different from 0 (Wilcoxon test, p-
value < 0.05) and the advanced infection group being significantly higher than the 2 other groups (Dunn’s test, p-
value > 0.05). The mean value of the proportion of tissue infected by IHC-stained bacteria for control, early infection
and advanced infection group are respectively 0%, 0.0056% and 13.20%. The proportion of tissue area infected by
IHC-stained bacteria for the advanced infection group was significantly higher than the 2 other groups (Dunn’s test, p-

value > 0.05). The advanced infection group significantly stands out from the 2 other groups for the quantity of

bacteria cells (log10) per sample and the proportion of tissue area (%) infected by IHC-stained bacteria per image.
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3.3. Relationship between quantity of bacteria and
proportion of tissue infected by IHC stained bacteria per
sample

A Spearman’s rank correlation was used to test the strength and direction of the
relationship between the proportion of tissue infected by IHC-stained bacteria and the
mean quantity of bacteria measured by qPCR (Figure 4). A significant positive
correlation was found between these two variables (tau = 0.59, p-value < 0.05). To
better describe the monotonic relationship between the area of tissue infected by IHC-
stained bacteria and the mean quantity of bacteria per sample the following logarithmic
regression model was fitted to the data:

y=3.42 + 0.59 *In(x)
The overall F-value of the model was 43.91 (p-value < 0.05) with an adjusted R squared

of 0.53 (Figure 4).
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Figure 4: Relationship between proportion of tissue infected by IHC stained bacteria and mean quantity of bacteria
(log10) per image and category. Control and early infection samples display a relatively low proportion of tissue
infected by IHC-stained bacteria (min = 0%, max = 0.09%) and mean quantity of bacteria cells (min = 0, max = 2.20)
compared to the advanced infection group where values from the proportion of tissue infected by IHC stained
bacteria range from 1.47% to 26.53% and values from mean quantity of bacteria (log10) range from 6.01 to 7.39. The
overall F-value of the logarithmic regression model is 43.91 with a corresponding p-value lower than 0.05, which

indicates that the model fits the data.

3.4. Spatial characterisation of IHC-stained bacterial

infection
3.4.1. Spatial dispersion

The 3 conditions exhibit significant statistical differences between them for t-test value
(Kruskal-Wallis test, p-value < 0.05) representing whether or not spatial dispersion of
IHC stained bacteria follows a specific pattern or is random. “Control” and “early

infection” groups do not manifest significant differences between them (Dunn’s test, p-
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value > 0.05) while the “advanced infection” group presents a value significatively higher
than 0 (Wilcoxon test, p-value < 0.05). Values can be found in Table 3 in 7.0
Supplementary Material. A significant positive correlation was found between the
proportion of tissue infected by IHC-stained bacteria and t-test values (tau = 0.74, p-

value < 0.05).

3.4.2. Cluster index

Another proxy used to assess and characterize bacterial dispersion is the cluster index,
it represents the average minimal distance between IHC-stained bacteria and therefore
if bacteria tend to form clusters or not. The standard deviation of the mean NND is
informative about spatial dispersion homogeneity, or if particles tend to be clustered
(lower standard deviation) or randomly dispersed (higher standard deviation). It ranges
from 82.49um to 8862.10um with a median value of 243.27um, and from 89.01um to
8342.25um with a median value of 849.27um respectively for the “control” and “early
infection” groups. Individuals from the “advanced infection” group present mean NDD
ranging from 46.81um to 64.79um with a median value of 54.40um (Figure 5). Individual
values can be found in Table 3 in 7.0 Supplementary Material. A significant difference in
mean NDD value is observed between individuals from the advanced infection group
and the two other groups (Dunn test, p-value < 0.05) while the control and early
infection group do not present significant differences between them (Dunn test, p-value
> 0.05). The 3 infection groups exhibit a significant difference in their standard deviation
of mean NDD (Kruskal-Wallis test, p-value < 0.05). It indicates that bacteria in the
advanced infection stage tend to be more clustered than at an early infection stage

(Figure 5).
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Figure 5: Distribution of mean nearest neighbor distance (NDD) between particles per sample infection status (left)
and mean NDD (with standard deviation) between particles per image and category (right). The mean NDD between
particles for the control and early infection cohort ranges from 82.49um to 8862.10um, while for the advanced

infection group values range from 46.81um to 64.79um with a median value of 54.40um.

4. Discussion

In this article, an image analysis method to detect, quantify and characterize IHC-
stained V. aestuarianus infection from WSI of M. gigas was presented. The method is
based on the separation of IHC-stained bacteria from other features in the images and
its analysis. Different characteristics such as area, mean NDD and spatial dispersion of
IHC-stained bacteria are analyzed in each image and linked to the level of infection
measured by gPCR in the corresponding samples. Significant correlations were found,
and a logarithmic regression model fitting the data was computed. It supports the claim

that this image analysis method might be complementary to the gqPCR method being
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currently the gold standard to assess bacterial infection in M. gigas. Results from image
analysis methods generally conform to the results from the original research (Parizadeh
et al., 2018b). The spread and quantity of bacteria in tissue is positively associated with
the degree of bacterial infection (Parizadeh et al., 2018b). However, the image analysis
method allows a more detailed quantification and characterisation of this relationship.
The level of bacteria measured by qPCR is weakly related to the exposure duration.
Therefore, grouping the samples according to the level of bacterial infection rather than
their exposure duration seems to be more biologically relevant as V. aestuarianus is
suspected to have an asynchronous infection behavior, with an initial infection by a few
bacteria cells in the hemolymph where the bacteria will multiply until it reaches a critical
number of pathogenic cells who will then quickly colonize other tissue (Parizadeh et al.,
2018a). Results from the image analysis method are conformed to gPCR results; the
proportion of tissue infected by IHC-stained bacteria is positively related to the mean
quantity of bacteria. However, the quantities respectively quantified by the two methods
are not completely aligned. Despite that V. aestuarianus was not detected by gPCR in
individuals from the control group, the proportion of tissue infected by IHC-stained
bacteria was not equal to 0. On the contrary, significant bacterial level was detected in
some specimens from the “early infection” group, these same individuals do not exhibit
corresponding value of tissue area infected by IHC-stained bacteria. For some
specimens from “control” and “early infection” categories, small areas positive to IHC
stained bacteria were measured and bacteria-like cells were identified by visual
assessment; however these minute signs of bacterial presence within the tissues were

not always picked up by qPCR (Table 2). The opposite was also observed, in samples
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where V. aestuarianus was detected by qPCR but not showing any signs of it on the
image (Table 1). On the other hand, the quantity of bacteria measured by gPCR in the
“advanced infection” cohort is significantly higher than in the two other groups and
similarly for the proportion of tissue infected by IHC-stained bacteria. The discrepancy
between qPCR results and the results obtained by image analysis could arise from
multiple factors. First, the quantity of bacteria considered in the analysis was obtained
by aggregating measurements performed in different tissues (gills, digestive gland,
mantle, muscle, labial palp) but as it was mentioned previously, V. aestuarianus is
suspected to have an asynchronous infection pattern, so its spread might not be similar
in the different tissue of M. gigas and as cross-section does not always contain the
same proportion of the different tissue, some organs might be under or over-
represented in the images (Zarella et al., 2018). Another factor to consider is that some
bacteria might be washed away during histological preparation, particularly because of
the poor conservation of circulatory fluids — haemolymph-, therefore bacterial infection
from the image analysis method might be underestimated. Finally, gPCR methods can
detect as few as 102 bacteria from small pieces of tissues (mg) (Saulnier et al., 2009).
But in the first infection steps, this analytical threshold can limit bacterial detection.
Despite these potential limitations, this finding supports that the image analysis method
could be complementary to gPCR as it has a good sensitivity to minute infection signs.
Mean NND and dispersion index were used to characterize bacterial spread in the
tissue. These two indicators were positively correlated to the proportion of tissue
infected by IHC-stained bacteria as well as the quantity of bacteria measured by qPCR.

It comforts the actual pathogenesis model for V. aestuarianus associated disease, V.
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aestuarianus tends to develop in clusters with increased bacterial infection (Parizadeh
et al., 2018a). With this quantitative approach, we are now able to propose a spatial
representation of disease progression characterizing the spatial dynamics of infection of
M. gigas by V. aestuarianus on a fine scale. Based on this approach, pathogenesis
induced by V. aestuarianus in M. gigas can be summarized in several successive
stages: (1) initial penetration and colonization (2) bacterial multiplication at entry sites
(3) dispersion and invasion of connective tissues. Finally, the progression of the disease
was associated with an increase in bacterial clusters in all the animal tissues, confirming

the septicemic characteristics of V. aestuarianus infection (Figure 6).

First contact Early stage of infection
1 2
o 8] o
3 *Ji;, L)
Biological pathway of G|
infection
First contact Penetration & early Incubation & Multiplication & Lethal septicemia
host-pathogen colonization multiplication invasion
qPCR
Mean bacterial concentration 0-10 __— 10-10* / >107
(Quantity of bacteria cells (log10)
per 25ng of total DNA)
wsi
Proportion of infected tissues 0 —_— 0-0.1 / 1-30
(%)
WSI
Spatial distribution
Cluster index Not clustered Not clustered Clustered

Randomness Random Random Non Random

Figure 6: Schematic representation of the different stages of pathogenesis and biological pathway of infection

induced by V. aestuarianus in M. gigas based on the WSI method combined with gPCR.

4.1. Limitations and potential ways for improvement

Digital pathology offers several potential benefits over traditional histopathological

methods and provides solutions to some of the key issues associated with the manual
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assessment of tissue samples (Madabhushi and Lee, 2016). However, limitations
inherent to digital slide image analysis need to be addressed before further spreading of
the method and adoption into routine procedures. Pre-analytical steps are prone to
artifact generation including improper tissue placement (folding, tearing, air bubbles),
improper reagents (over or under-staining, stain batch variation), and poor microtomy
(thickness variances, knife chatter) (Aeffner et al., 2017). Slides digitization also
represents another potential source of artifacts generation, such as blurriness, lighting,
and contrast issues (Mulrane et al., 2008). Most of these pre-analytical steps can be
automatized and standardized to decrease the degree of variability and the odds of
artifact generation (Webster and Dunstan, 2014). Therefore, process automatization
and standardization should be encouraged in routine analysis, along with appropriate
quality control procedures to assess potential bias throughout the workflow (Aeffner et
al., 2019). Ideally, an experienced pathologist should stay involved in the whole analysis
and perform different quality control procedures along the workflow to assess the
influence of the different factors potentially interfering with the analysis (Carnegie et al.,
2016). A potential way to improve the method would be to analyze the different tissues
present in the WSI separately using a tissue detection method before the analysis
(Bandi et al., 2017). It could potentially help to improve the method by refining bacterial
infection at the tissue level instead of cross-section as it is now, and it could bring more
insight into pathogenesis and intra-inter organ infection patterns.

Another limitation comes from the problem of estimating the abundance of IHC stains in
histological tissue. As previously mentioned, the color range defined by upper and lower

HSV values to detect IHC-stained bacteria is arbitrary and relies only on expert
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assessment. Extending or on the contrary reducing the threshold color range will affect
the number of pixels detected and ultimately the area covered by IHC-stained bacteria
detected in the images. Threshold values used for tissue detection and IHC detection
are subjective as it was determined by trial-and-error, and chosen parameters were the
ones giving the most satisfactory results in terms of tissue detected, artifacts removal
and IHC detection according to the operator. As it has been extensively documented,
visual assessment by pathologists can be influenced by inherent cognitive and visual
biases (Wolf et al., 2015). Therefore, running a sensitivity test on each of these
parameters before the analysis could help to build more objective tools to set these
parameters.

Further research should be carried out to validate the assumption that IHC-stained
bacteria detected on the slide are representative and, in some way, quantitatively
related to the abundance of the antigen present in the tissue section, which in turn is
related to the absolute number of bacteria in the original tissue (Taylor and Levenson,
2006). Moreover, this method quantifies bacterial spread only on a small portion of the
organ as a 2D slide is not representative of the complexity of an entire organ. Bacterial
infection dynamics in an organ and a whole organism might be more complex than what
the method can reveal from a single cross-section. Although the existence of an
inherent bias, if acknowledged and taken into consideration, might not limit the use of
the method as the results can be considered relative and not absolute, it would already
constitute a significant improvement compared to the qualitative assessment given by
traditional methods. Implementation of WSI is a multifaceted and inherently

multidisciplinary endeavor requiring contributions from different fields. Improved
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understanding of current challenges to implementation, as well as the benefits of this
kind of method, can help prospective users identify the best means to achieve their
goals.

Another important aspect of the methodology presented here is that it relies solely on
open-source software, and the code was made publicly available through an online
repository. Privileging open-source and open-access material was done to promote the
development and use of such image analysis methods in the field of environmental
histopathology. Moreover, it could facilitate method improvement and implementation in
routine analysis. This image analysis method seems at least as efficient as the gPCR
method to detect and quantify bacterial infection in M. gigas, and its usage could
potentially be adopted in routine tests to improve early detection of V. aestuarianus
outbreak in aquaculture facilities. However, pre-analytical steps in WSI preparation
need to be standardized as these steps are prone to artifact generation and may
generate variability in the outcome and further research should be carried out on the
early infection phase to elucidate the dissimilarity between bacterial quantity measured

by gPCR and the proportion of tissue infected by IHC stained.

Table 2: Examples of tiles from early infection groups showing evidence of bacterial infection and their respective

mask.
Image Infection status Original tile Masked tile

16049-8-3401002 Control P
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Figure A: Histogram of the quantity of bacteria (log10) measured by gPCR by group. All individuals from the control
group have a null level of bacteria cells. Individuals from the early infection group range from 0 to 2.9 with most of the
samples expressing a level of bacterial infection equal to 0. The level of bacterial infection in the advanced infection

group ranges from 1.19 to 17.81. The mean from the control and early infection groups are not significantly different
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while the mean of the advanced infection group was significantly different from the two other groups (Dunn’s test - p-

value < 0.05).
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