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In digital pathology, the final appearance of digitized images is affected by several factors, resulting in stain color and
intensity variation. Stain normalization is an innovative solution to overcome stain variability. However, the validation
of color normalization tools has been assessed only from a quantitative perspective, through the computation of sim-
ilarity metrics between the original and normalized images. To the best of our knowledge, no works investigate the
impact of normalization on the pathologist’s evaluation.
The objective of this paper is to propose a multi-tissue (i.e., breast, colon, liver, lung, and prostate) and multi-center
qualitative analysis of a stain normalization tool with the involvement of pathologists with different years of experi-
ence. Two qualitative studies were carried out for this purpose: (i) a first study focused on the analysis of the perceived
image quality and absence of significant image artifacts after the normalization process; (ii) a second study focused on
the clinical score of the normalized image with respect to the original one.
The results of the first study prove the high quality of the normalized image with a low impact artifact generation,
while the second study demonstrates the superiority of the normalized imagewith respect to the original one in clinical
practice.
The normalization process can help both to reduce variability due to tissue staining procedures and facilitate the pa-
thologist in the histological examination. The experimental results obtained in this work are encouraging and can jus-
tify the use of a stain normalization tool in clinical routine.
Introduction

Digital pathology (DP) is quickly gaining traction andwidespread adop-
tion, thanks to a number of studies that are progressively demonstrating its
merits in the diagnostic setting while explaining, contextualizing, and off-
setting its upfront economic costs.1–3 DP encompasses all the technologies
that leverage digital slides to allow improvements and innovations in
workflow (i.e., laboratory information system - LIS, workflow manage-
ment, digital image analysis, labelling, and tracking). The advent of DP en-
abled pathologists to review digital tissue slides, share for telepathology
and second opinion consultation, and store tissue samples in a
nics and Telecommunications, Politecn

4 September 2022; Accepted 22 S

ier Inc. on behalf of Association for
).
high-resolution format in order to create a large digital database of
histopathological images.4,5 One of the major benefits of DP is the ability
to conveniently and effortlessly utilize the whole-slide images (WSIs) for
computer-aided diagnosis (CAD) and artificial intelligence (AI)-based
tools. No explicit scanning step is required since in a fully digital laboratory
the WSIs have already been scanned for primary diagnosis.6 However, de-
spite standardized procedures, the histopathology workflow is complex
and mostly human- and device-dependent, hence numerous factors can af-
fect the final appearance of the stained tissue. The histopathology process
has several discrete steps requiring manual intervention and the device-
related artifacts may have an impact on the final slide quality. All steps
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can affect the final appearance of tissue in the WSI, from surgical removal,
transport to the lab, and fixation, up to staining, coverslipping, and
scanning.7 This represents a problem since a minor variation in the final
WSI, which represents no problem for the human eye, can be enough to sig-
nificantly affect the performance of AI/CAD tools.8,9 As the histological lab-
oratories are increasingly automated and the procedures become
standardized, a significative caveat that still burden the routine diagnostic
workup is represented by slide stain quality. Indeed, several factors can af-
fect the final appearance of slides staining, resulting in color and intensity
variation in the histopathological images. Themost relevant phase that con-
tributes to stain variability, intended as different colors and concentrations
of staining dyes perceived on the digital scanned image, is undoubtedly re-
lated to the preanalytical phase: protocols variability depending on labora-
tories expertise and facilities availability, techniques and timing of tissue
fixation, and imaging scanners.7,10,11 The increasing use of WSIs and DP
tools recently paved the road to an innovative solution to overcome
the stain variability, that is the introduction of stain normalization
strategies.12–16 Indeed, digitally driven stain normalization process allows
to standardize the stain color appearance of a source image with respect
to a reference image (also denoted as the target image) with no further in-
tervention in laboratory preanalytical phases and regardless procedures
protocols, specific expertise, or laboratory facilities. Stain normalization
should be done in such a way that the processed imagemaintains good con-
trast between cellular structures and preserves all the source information.
The normalization process could be applied to digitized frozen section
(FS) slides and histochemical or immunohistochemical staining. The devel-
opment of WSIs enabled the use of a telepathology network for remote di-
agnosis of FS images which can be remotely reviewed at high resolution
comparable to a traditional lightmicroscope, connecting different laborato-
ries at any time. In addition, the time required by a pathologist for WSI in-
terpretation was proved to be shorter than that for conventional light
microscopy. Besides the primary diagnosis, the digitized FS are the only
available option for a second opinion teleconsultation and especially for in-
traoperative diagnoses in the field of transplant surgery due to urgent time
constraints. In this context, the standardization of WSIs performed by a
stain normalization process, is placed in the perspective of developing a
telepathology network with the aim of improving the quality of slides and
preserving the integrity of the tissue also for testing biomarkers or carrying
out further investigation.17,18 In Fig. 1, the process of stain normalization re-
ferred to the most frequently used stain in clinical routine i.e., hematoxylin
and eosin (H&E), is reported.

The aim of stain normalization is twofold: firstly, the standardization of
stain color appearance in digital pathology could improve the pathologist’s
work in the diagnosis of biological diseases, avoid the manual re-staining
process and reduce the intra- and inter-operator variability; secondly this
method could be used as a preprocessing step for CAD systems for accurate
cellular structure segmentation and classification based on AI techniques.
Several studies show that stain normalization is useful for AI tools9,19–21

but, to the best of our knowledge, no works investigate the impact of nor-
malization on the pathologist’s evaluation. Quality control issues in digital
pathology were tested in terms of how image artifactsmay negatively influ-
ence the classification performance of machine or deep learning (DL)-based
Fig. 1. Stain normalization of a H&E-stained tissue slide: original im
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models,22,23 but there is a lack of studies which investigate the image
quality of multi-tissue slides from the pathologist’s point of view in clinical
practice.

In this paper, we assess the normalization process performed by STAINS
- STAndardIzation & Normalization of histological Slides - tool (AEQUIP
S.r.l., Turin, Italy), an improved version of a previously published
algorithm.13 To evaluate the clinical impact of the stain normalization, a
multicentric qualitative analysis focused on image quality and clinical
score was carried out with the involvement of pathologists from different
institutions. The intended clinical benefit is expressed in terms of improve-
ment of the quality of processed images available for the diagnosis to prove
the need for a stain normalization tool for the pathologist.

The remainder of this paper is organized as follows: in next section, the
description of materials and methods is provided, the experimental results
are reported and discussed in the last two sections.

Materials and methods

The image quality and clinical score were qualitatively assessed on the
normalization of digitized tissue slides, performed by STAINS tool. The
images analyzed are derived from formalin-fixed and paraffin-embedded
samples stained with H&E, taken from the following 5 organs: breast,
colon, liver, lung, and prostate. The qualitative comparison was performed
on image fields with at least 60% of tissue, extracted from the WSIs. Each
tissue image field has a fixed dimension of 2000 × 2000 pixels, at 20 ×
magnification, covering a physical area of 1 mm× 1 mm. Two qualitative
studies were carried out for this purpose, involving the end-users, i.e., the
pathologists. The first study was focused on the analysis of the perceived
image quality and absence of significant image artifacts in the normalized
image obtained using STAINS tool, in order to investigate the robustness
of the normalization process in the worst-case scenario, referring to digi-
tized image fields with a reduced or non-optimal image quality in the
starting original acquisition. The second study was focused on the clinical
score of the normalized image with respect to the original one, performed
on images with quality variability similar to ones used in clinical routine.

First study: Perceived image quality in the worst-case scenario

In the first study, 10 pathologists with different years of experience in
anatomic pathology (experience: 9.1 ± 5.8 years, range: 4–20 years, 7
males and 3 females) and from different clinical centers were invited to in-
spect the normalized images. The list of the pathologists involved in this
study is summarized in Table 1.

For each of the 5 tissues (i.e., breast, colon, liver, lung, and prostate), 10
H&E image fields were selected for the analysis, and the same 50 images
were scored by each pathologist. For the qualitative assessment, the worst
cases were selected for the analysis, intended as image fields where the
original WSI did not have a good quality in terms of stain concentration,
with a too high/weak color intensity or low contrast image. These images
were eligible for the normalization process, which reached a compromise
between reproducing the target stain colors and creating image artifacts.
Both the original and normalized images were presented to each
age (left), target image (center), and normalized image (right).



Table 1
List of the pathologists involved in the study.

ID
pathologist

Initials Clinical center - Affiliation Years of
experience

P1 L.C. Fondazione IRCCS Istituto Nazionale dei Tumori,
Milan, Italy

4

P2 J.M. Molinette Hospital, Turin, Italy 4
P3 A.G. Molinette Hospital, Turin, Italy 5
P4 D.T. Molinette Hospital, Turin, Italy 5
P5 A.C. University Hospital of Salerno, Salerno, Italy 6
P6 P.G. Gravina Hospital, Caltagirone, Italy 7
P7 M.G. Molinette Hospital, Turin, Italy 10
P8 D.B. Humanitas Gradenigo Hospital, Turin, Italy 12
P9 A.F. San Luigi Gonzaga Hospital, Orbassano, Italy 18
P10 M.B. Michele and Pietro Ferrero Hospital, Verduno,

Italy
20
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pathologist and the normalized images were evaluated in terms of the
image quality and the absence of structure or color artifacts. For each nor-
malized image, each pathologist was asked to score:

• the image quality, intended as the loss of contrast between hematoxylin
nuclear and eosin cytoplasmatic/stromal structures,24 graded as “1:
bad”, “2: poor”, “3: acceptable”, “4: good,” and “5: excellent”;

• the presence of image artifacts, intended as any significant structure or
color variations, created by the normalization process, that may have an
impact on the clinical path25,26;

• the impact of artifacts (if present) on the clinical evaluation, graded as “1:
irrelevant”, “2: acceptable,” and “3: negative”.

The significant structure or color variations include the unwanted color
generation inside the white or uncolored regions (e.g., background, gland
lumen, etc.), the generation of unrealistic colors inside the tissue regions
or other chromatic variations which may have a negative impact on the
overall clinical assessment. The workflow employed for the first experi-
ment, i.e., the evaluation of the perceived image quality in the worst-case
scenario, is summarized in Fig. 2.
Fig. 2.Workflow adopted for the first study. H&E prostate (a) and lung (b) image field u
image, was evaluated by each pathologist in terms of image quality score (“1: bad”, “2: po
“2: acceptable,” and “3: negative”) of artifacts, if present in the normalized image.

3

Second study: Clinical score between the original and normalized image

In the second study, 3 experts were recruited among the pathologists in-
volved in the first study, as listed in Table 1, specifically pathologists P5
(A.C.), P8 (D.B.), and P10 (M.B.) with different levels of experience (6,
12, and 20 years of experience, respectively). They were invited to inspect
both the original image and the image processed by STAINS tool, after hav-
ing selected 1 specific target image for each of the 5 tissues. The choice of
the target image was based on the pathologist’s opinion according to his/
her clinical expertise and with the objective of improving the diagnosis.13,24

The optimal target image was selected by each pathologist from a batch of
4 target image fields (at 20x magnification, i.e., 0.5 μm/pixel) for each of
the 5 tissues, with different stain protocols of H&E to cover most of the
stain variability. For each tissue, 3 image fields were scored independently
by the pathologists (for a total number of 15 images). A clinical score in the
range of 1–5 (“1: bad”, “2: poor”, “3: acceptable”, “4: good,” and “5: excel-
lent”) was assigned by the pathologist for each original image and the corre-
sponding image normalized by STAINS with respect to the selected
target.12,27 Fig. 3 shows the workflow adopted in this second study, i.e., the
evaluation of the clinical score between the original and normalized image.
Results

First study: Perceived image quality in the worst-case scenario

In the first study, each normalized image was evaluated in terms of the
perceived image quality and the creation of image artifacts in the worst-
case scenario, as previously described. For each of the 5 tissues, 10 image
fields were scored by 10 pathologists with different years of experience,
so for each image we collected 10 evaluations, 1 for each pathologist. The
average quality score for the normalized image is 4.266± 0.856. The aver-
age values with the standard error of the image quality score, are reported
in Fig. 4 with respect to histological tissues and in Fig. 5 with respect to the
pathologists involved in the study. The average value of the image quality
score for the normalized image is higher than 4.3 for all expert pathologists
with 10 or more years of experience in anatomic pathology.
sed for the first experiment. The normalized image, with respect to a specific target
or”, “3: acceptable”, “4: good,” and “5: excellent”) and impact score (“1: irrelevant”,



Fig. 3.Workflow adopted for the second study related to colon tissue. Each pathologist was asked to select a target image from a batch of 4 imagefields, and both the original
image (left, in the last column) and normalized image (right, in the last column) with respect to the selected target were evaluated in terms of clinical score (“1: bad”, “2:
poor”, “3: acceptable”, “4: good,” and “5: excellent”).
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In addition, any significant color or structure artifacts created by the
normalization process were assessed. In Table 2, the number of image arti-
facts revealed by each pathologist in the normalized image is reported for
each tissue. The overall percentage of image artifacts with 3 different levels
of impact score (irrelevant, acceptable, and negative) is 19.4%. Only 1.8%
of artifacts (i.e., 9 out of 500 cases) were observed by expert pathologists
with 10 or more years of experience in anatomic pathology.

In Fig. 6, the percentages of cases which presented image artifacts, are re-
ported for each tissue, according to the clinical impact score of the artifacts (“1:
irrelevant”, “2: acceptable,” and “3: negative”) assigned by the pathologists.

An example of image artifacts created by the normalization process
scored by 2 pathologists as acceptable for the clinical evaluation, is reported
in Fig. 7.

After the normalization process, only 8 cases out of 500 (1.6%) included
image artifacts with a negative impact score on the clinical evaluation. Nev-
ertheless, the 8 impactful artifacts identified during the evaluation were
Fig. 4. Quality score for the normalized image in the range 1–5 (“1: bad”, “2: poor”, “3
error bars, for each of the 5 tissues analyzed.

4

reported by only 3 pathologists out of 10 that participated in the study. In
addition, all observations including the clinically significant artifacts were
related to images where only one pathologist out of 10 experts identified
an impactful artifact, except for the observation related to a single image
of the liver tissue, which was reported as including an artifact by 2 pathol-
ogists. Regarding the 8 impactful artifacts, 6 observations originated from 6
different images while 2 observations originated from the same image la-
beled as artifactual with a negative impact by 2 out of 10 pathologists.
Fig. 8 shows this H&E-stained liver tissue image: the negative artifact re-
ported by 2 pathologists (i.e., P2 and P6) was related to the decrease in
image contrast and the darkening of staining after the normalization pro-
cess, as shown in the zoomed-in view of Fig. 8. The same image was de-
noted with artifacts by 4 out of 10 pathologists with a different impact
score (i.e., P1: acceptable, P2: negative, P3: irrelevant, P6: negative),
while the remaining 6 pathologists involved in the study, had observed
no significant artifacts for this image.
: acceptable”, “4: good,” and “5: excellent”) expressed as mean value with standard



Fig. 5. Quality score for the normalized image in the range 1–5 (“1: bad”, “2: poor”, “3: acceptable”, “4: good,” and “5: excellent”) expressed as mean value with standard
error bars, for each of the 10 pathologists involved in the study.

Table 2
Number of artifacts in the normalized images revealed by each pathologist for each
of the 5 tissues.

Tissue # Artifacts revealed by each pathologist

P1 P2 P3 P4 P5 P6 P7 P8 P9 P10 Total

Breast 2 3 0 1 0 6 2 0 0 0 14
Colon 7 4 0 1 0 8 4 2 0 1 27
Liver 2 9 2 2 0 5 0 0 0 0 20
Lung 7 9 1 0 0 1 0 0 0 0 18
Prostate 6 2 0 0 0 10 0 0 0 0 18
Total 24 27 3 4 0 30 6 2 0 1 97 (19.4%)

Fig. 6. Histograms of the impact score of artifacts on the clinical evaluation, in the ran
analyzed.
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Second study: Clinical score between the original and normalized image

In the second study, 3 image fields for each of the 5 tissues (for a total of
15 images) were inspected by 3 pathologists who scored the original image
and the image normalized by STAINS, with respect to the target selected by
each pathologist independently for each tissue.

The average clinical scores for all cases are 4.333± 0.739 and 4.867±
0.344 for original and normalized images, respectively. The average clini-
cal score in the range 1–5 (“1: bad”, “2: poor”, “3: acceptable”, “4: good,”
and “5: excellent”) and the comparison between the original and normal-
ized images are reported in Table 3.

The percentage of cases where the clinical score of the normalized
image is higher or equal than the original one, over the total number of
cases, is 88.9%. An example of a normalized image considered better,
equal, and worse with respect to the original one, by the same pathologist,
is reported in Fig. 9.
ge 1–3 (“1: irrelevant”, “2: acceptable,” and “3: negative”) for each of the 5 tissues



Fig. 7. Image artifacts generated by the normalization process with an impact score of “2: acceptable” on the clinical evaluation. (a) Colon tissue field: inadequate color
contrast between nuclei and cytoplasm, difficult discrimination between stroma and epithelium, nuclei with internal structure not easily recognizable. (b) Lung tissue
field: hematoxylin nuclei color too emphasized, loss of chromatin and nucleoli details.
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Discussion and conclusions

Despite the great development of immunohistochemical and biomolec-
ularmethods in recent years, still today the pathological diagnosis is mainly
based on the study ofH&E-stained slides. On the other hand, randomor sys-
tematic differences in the intensity, saturation, and color contrast in sample
preparations from different laboratories may reduce the diagnostic repro-
ducibility, in particular when the evaluation of the nuclear texture is cru-
cial, such as in the grading of preinvasive colorectal or breast lesions.28,29
Fig. 8. H&E liver tissue original (left) and normalized (right) image labeled as
artifactual by 4 out of 10 pathologists (2 of which assigned a negative artifact
impact score) with a zoomed-in view showing the decrease of image contrast and
the darkening of the H&E staining.

6

This problem resultsmore relevant today as the exchange of digitized histo-
logical slides between laboratories has become a common practice.

The standardization of preanalytical laboratory procedures is a chal-
lenging objective complex to achieve due to several factors such as different
equipment, different staining dyes, and environmental variability. The dig-
itally driven standardization performed by automated tools as STAINS,
would basically allow to overcome these difficulties without going to
change the preclinical equipment and expertise. Therefore, stain normaliza-
tion can be considered an automatedmethod to reduce stain variability and
an additional aid in the process of standardizing laboratory slides. In addi-
tion, the stain normalization benefits can be appreciated in the field of
telepathology, in terms of reducing the number of tissue slides asked to
the lab for second opinion consultation with the opportunity of reducing
time of diagnosis.17,18

The validation of color normalization tools has been assessed in litera-
ture only from a quantitative perspective, through the computation of sim-
ilarity metrics between the original and normalized images,30–32 but there
is a lack in the pathologist’s assessment of image quality. To the best of
our knowledge, this is the first work that proposes a multi-tissue and
multi-center qualitative analysis of a stain normalization tool with the in-
volvement of the end-users, i.e., pathologists with different years of experi-
ence in anatomic pathology. Currently, in clinical practice, the quality
control of histopathological images suffers from the high inconsistency of
able 3
verage clinical score and number of images, for each pathologist, where the score
f normalized (NORM) image is better, equal, or worse than original (ORIG) one.

Clinical score NORM vs. ORIG

ID
pathologist

Clinical
score for
ORIG

Clinical
score for
NORM

# Images
where NORM >
ORIG

# Images
where NORM
= ORIG

# Images
where NORM
< ORIG

P5 (A.C.) 4.333 4.867 7 6 2
P8 (D.B.) 4.267 4.733 7 5 3
P10 (M.B.) 4.400 5.000 8 7 0
T
A
o



Fig. 9.Normalized images with respect to the selected target (bottom row), classified as better (a: prostate tissue), equal (b: colon tissue), and worse (c: breast tissue) than the
corresponding original ones (top row), by the same pathologist.
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the subjective quantification of stain quality and the inter-laboratories var-
iability of procedures in staining tissue slides.33 To solve this problem, a
stain normalization tool which standardizes the staining variability with
respect to optimally selected target colors may help the pathologist to
improve the diagnosis.

The main findings of this work are related to the perceived image qual-
ity and clinical score of the standardization of histological H&E-stained tis-
sue slides. Results of the first study indicate that the normalized image
provided by a fully automated stain normalization tool, named STAINS, ob-
tained an average image quality score of 4.266 on a 5-point qualitative scale
(“1: bad”, “2: poor”, “3: acceptable”, “4: good,” and “5: excellent”), despite
the original images presented a reduced or non-optimal image quality. All
analyzed tissues (i.e., breast, colon, liver, lung, and prostate) except lung tis-
sue, reached an average quality score higher than 4.2 and all expert pathol-
ogists with 10 ormore years of experience assigned an average score higher
than 4.3 for the normalized images, as reported in Fig. 4 and Fig. 5. In ad-
dition, the structure or color artifacts generation in the normalized image
was inspected by the pathologists and the results show that the 19.4% of
cases were labeled as artifactual with a 3-point scale of impact score (“1: ir-
relevant”, “2: acceptable,” and “3: negative”). More specifically, only in
1.8% of cases, artifacts were observed by experts with 10 or more years
of experience and only 1.6% were considered negative for the diagnosis,
as summarized in Table 2 and Fig. 6. The high inter-operator variability
was proved by the fact that all observations including the clinically signifi-
cant artifacts were related to images where only 1 pathologist out of 10 ex-
perts identified an impactful artifact except for 1 image labeled with
negative artifacts with an agreement of 2 out of 10 pathologists, reported
in Fig. 8. For this image, other 2 pathologists out of 10 experts observed
an artifact with different impact scores and the remaining 6 out of 10 re-
vealed no artifacts presence for that image. The results obtained in the
first study prove the high quality of the normalized image with a low im-
pact artifact generation, especially in the worst-case scenario. Moving on
to the second study, the average clinical scores on a 5-point qualitative
scale (“1: bad”, “2: poor”, “3: acceptable”, “4: good,” and “5: excellent”)
are 4.867 and 4.333 for the normalized and original image, respectively,
with a lower standard deviation for the normalized configuration (0.344
vs. 0.739). In addition, the percentage of cases where the clinical score of
the normalized image is higher or equal than the original one is 88.9%, as
shown in Table 3. The results are in accordance with the expected subjec-
tive evaluation of the image quality depending on the original starting
image, the selected target image, and the different experiences of the in-
volved pathologists. The results obtained in the second study prove the
7

superiority of the normalized image with respect to the original one in
the clinical practice.

In conclusion, the benefit of color normalization to the quality of digital
tissue slides results in an increase of perceived image quality with a low im-
pact artifacts generation. This could be extended, in future, to the diagnos-
tic process. Indeed, diagnosis could be adversely affected by staining
variability. These color variations often impose obstacles to clinical diagno-
sis and prognosis performed by humans, as well as machines.4 In addition,
each pathologist, as proved in this study, has different staining preferences.
Considering these factors, the normalization process can help both to
reduce variability due to tissue staining procedures and to facilitate the
pathologist in the histological examination.

The proposed study has some limitations. The analysis of a larger num-
ber of images is advisable to further validate the procedure and further ef-
forts are needed to extend the quality analysis to WSIs.34 In this study, the
artifacts generated by the normalization process were evaluated by the pa-
thologists on 2000 x 2000 pixels image fields. In future, the most common
artifacts generated in routine histology, such as dust or dark spots, synthetic
threads or tissue folds, scratches, and unfocused regions,23 could be clini-
cally assessed. Despite these limits, the experimental results obtained in
this work are encouraging and can justify the use of stain normalization
tools similar to STAINS in clinical routine. Future studies can be carried
out with the aim of evaluating other biological tissues and other histochem-
ical stains, such as periodic acid-Schiff (PAS) and trichrome staining
(e.g., Mallory’s and Masson’s trichrome), or immunohistochemical
biomarkers.
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