POLITECNICO DI TORINO
Repository ISTITUZIONALE

Stain normalization in digital pathology: Clinical multi-center evaluation of image quality

Original

Stain normalization in digital pathology: Clinical multi-center evaluation of image quality / Michielli, N., Caputo, A., Scotto,
M., Mogetta, A., Pennisi, O.A.M., Molinari, F., Balmativola, D., Bosco, M., Gambella, A., Metovic, J., Tota, D., Carpenito,
L., Gasparri, P., Salvi, M.. - In: JOURNAL OF PATHOLOGY INFORMATICS. - ISSN 2153-3539. - ELETTRONICO. -
13:100145(2022). [10.1016/j.jpi.2022.100145]

Availability:
This version is available at: 11583/2971960 since: 2022-10-01T17:10:12Z

Publisher:
Elsevier

Published
DOI:10.1016/j.jpi.2022.100145

Terms of use:

This article is made available under terms and conditions as specified in the corresponding bibliographic description in
the repository

Publisher copyright

(Article begins on next page)

15 August 2026



Journal of Pathology Informatics 13 (2022) 100145

Contents lists available atScienceDirect

Journal of Pathology Informatics

journal homepage: www.elsevier.com/locate/jpi

'.)

Check for
updates

Stain normalization in digital pathology: Clinical multi-center evaluation
of image quality

Nicola Michielli 2 AlessandroCaputo®, Manuela Scotto?, AlessandroMogetta ® Orazio Antonino Maria Pennisi®,
Filippo Molinari ? Davide Balmativola ¢, Martino Bosco®, AlessandroGambella', JasnaMetovic ‘, Daniele Tota ',
Laura Carpenito %", Paolo Gasparri', Massimo Salvi *

2 Biolab, Polit¢'°Med Lab, Department of Electronics and Telecommunications, Politecnico di Torino, Corso Duca degli Abruzzi 24, 10129 Turin, Italy
b Department of Medicine and Surgery, University Hospital of Salerno, Salemno, Italy

¢ Technology Transfer and Industrial Liaison Department, Politecnico di Torino, Corso Duca degli Abruzzi 24, 10129 Turin, Italy

9 Pathology Unit, Humanitas Gradenigo Hospital, Corso Regina Margherita 8, 10153 Turin, Italy

¢ Department of Pathology, Michele and Pietro Ferrero Hospital, 12060 Verduno, Italy

f pathology Unit, Department of Medical Sciences, University of Turin, Via Santena 7, 10126 Turin, ltaly

9 Department of Pathology, Fondazione IRCCS lstituto Nazionale dei Tumori, Milan, Italy

" University of Milan, Milan, Italy

' UOC di Anatomia Patologica, ASP Catania P.@ravind’, Caltagirone, Italy

ARTICLE INFO ABSTRACT

Keywords: In digital pathology, the  nal appearance of digitized images is affected by several factors, resulting in stain color and
Stain normalization intensity variation. Stain normalization is an innovative solution to overcome stain variability. However, the validation
Image quality of color normalization tools has been assessed only from a quantitative perspective, through the computation of sim-

Qualitative score
Digital pathology
H&E staining

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 rst study focused on the analysis of the perceived
image quality and absence of signi cantimage 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 rst 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 image with 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.

high-resolution format in order to create a large digital database of
histopathological images.*° One of the major bene ts of DP is the ability

Introduction

Digital pathology (DP) is quickly gaining traction and widespread 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 > DP encompasses all the technologies
that leverage digital slides to allow improvements and innovations in
work ow (i.e., laboratory information system - LIS, work ow 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

to conveniently and effortlessly utilize the whole-slide images (WSls) for
computer-aided diagnosis (CAD) and arti cial intelligence (Al)-based
tools. No explicit scanning step is required since in a fully digital laboratory
the WSiIs have already been scanned for primary diagnosi§.However, de-
spite standardized procedures, the histopathology work ow is complex
and mostly human- and device-dependent, hence numerous factors can af-
fect the nal 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 nal slide quality. All steps
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Fig. 9. Normalized images with respect to the selected target (bottom row), classi ed 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.

the subjective quanti cation of stain quality and the inter-laboratories var-
iability of procedures in staining tissue slides.® 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 ndings 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 rst 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: acceptabl€’, “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 or more 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 speci cally, 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 inTable 2 and Fig. 6. The high inter-operator variability
was proved by the fact that all observations including the clinically signi -
cant artifacts were related to images where only 1 pathologist out of 10 ex-
perts identi ed 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

rst 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 con guration (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

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

In conclusion, the bene t 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 machine$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** In this study, the
artifacts generated by the normalization process were evaluated by the pa-
thologists on 2000 x 2000 pixels image elds. In future, the most common
artifacts generated in routine histology, such as dust or dark spots, synthetic
threads or tissue folds, scratches, and unfocused region&® 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 Massons trichrome), or immunohistochemical
biomarkers.
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