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Abstract

Background Programmed death-1 (PD-1) and programmed death-ligand 1 (PD-L1) are the two most common
immune checkpoints targeted in triple-negative breast cancer (BC). Refining patient selection for immunotherapy is
non-trivial and finding an appropriate digital pathology framework for spatial analysis of theranostic biomarkers for
PD-1/PD-L1 inhibitors remains an unmet clinical need.

Methods We describe a novel computer-assisted tool for three-dimensional (3D) imaging of PD-L1 expression in
immunofluorescence-stained and optically cleared BC specimens (n=20). The proposed 3D framework appeared

to be feasible and showed a high overall agreement with traditional, clinical-grade two-dimensional (2D) staining
techniques. Additionally, the results obtained for automated immune cell detection and analysis of PD-L1 expression
were satisfactory.

Results The spatial distribution of PD-L1 expression was heterogeneous across various BC tissue layers in the 3D
space. Notably, there were six cases (30%) wherein PD-L1 expression levels along different layers crossed the 1%
threshold for admitting patients to PD-1/PD-L1 inhibitors. The average PD-L1 expression in 3D space was different
from that of traditional immunohistochemistry (IHC) in eight cases (40%). Pending further standardization and
optimization, we expect that our technology will become a valuable addition for assessing PD-L1 expression in
patients with BC.

Conclusion Via a single round of immunofluorescence imaging, our approach may provide a considerable
improvement in patient stratification for cancer immunotherapy as compared with standard techniques.
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Introduction

The global burden of breast cancer (BC) is substantial,
with approximately 2.3 million new cases and 685,000
deaths worldwide in 2020 [1]. BC is a heterogeneous
malignancy that is traditionally classified by the expres-
sion of specific hormone receptors (i.e., estrogen recep-
tor [ER] and progesterone receptor [PR]), as well as the
overexpression of human epidermal growth factor recep-
tor 2 (HER2) [2-4]. With limited therapeutic options,
triple-negative (i.e., negative for PR, ER, and HER?2 recep-
tors) BC appears to be associated with the least favorable
outcomes among the major subtypes [4]. Under these
circumstances, targeted therapy in search for non-endo-
crine targets is gaining attention [5, 6].

By addressing immune evasion through the acti-
vation of T cell-mediated cytotoxic responses, the
development of immune checkpoint inhibitors (ICIs)
has been a major breakthrough in the field of can-
cer immunotherapy [7-9]. PD-1 and PD-L1 are the
two most common immune checkpoints targeted in
BC [10]. Among the monoclonal antibodies that bind
and block the PD-1/PD-L1 axis, atezolizumab (PD-
L1-binding) and pembrolizumab (PD-1-binding) have
received approval for patients with unresectable locally
advanced or metastatic triple-negative BC expressing
PD-L1 [7, 8]. Currently, eligibility to treatment with
anti-PD-1/PD-L1 antibodies relies on the IHC detec-
tion of PD-L1 in tumor specimens [11-14]. However,
heterogeneity of PD-L1 expression still poses signifi-
cant technical challenges. The resulting risk of inaccu-
rate or incorrect patient allocation to ICIs [15] calls for
an optimized PD-L1 detection technique.

Optical clearing has emerged as an increasingly via-
ble option to bypass the optical heterogeneity of tissue
components and meet the growing demand for 3D tis-
sue imaging [16]. Recent advances in 3D tissue clearing
techniques [17, 18] — coupled with high-throughput
computational analysis of optically cleared samples
— have provided significant opportunities to explore
tumor heterogeneity and its clinical significance [19-
23]. While most previous 3D studies in the field have
focused on visualizing tumor morphology in serial sec-
tions, there have been limited attempts to track single
protein expression within the highly complex tumor
microenvironment. In this proof-of-concept study, we
describe a novel computer-assisted tool for 3D imaging
of PD-L1 expression in immunofluorescence-stained
and optically cleared BC specimens. The devised algo-
rithm has the potential to improve current stratifica-
tion schemes for allocating triple-negative BC patients
to ICIs.
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Methods

Patient cohort

All procedures were in accordance with the ethical
standards established by the Declaration of Helsinki
and the study protocol was approved by National
Taiwan University Hospital (IRB reference number:
202004032RSB). Each participant provided written
informed consent. Surgical or biopsy primary tumor
specimens (n=33) were prospectively collected from
33 adult women (>18-years old) who had been diag-
nosed with BC (including six with triple-negative BC)
at National Taiwan University Hospital between 2020
and 2022. Patients who had previously undergone
treatment before specimen collection were excluded,
as were pregnant or lactating women.

Specimen sets

Primary tumor specimens (n=33) were randomly
divided into three distinct sets as follows: (1) samples
used to perform autofluorescence testing (n=3), (2)
samples used to train computer-assisted tumor-infil-
trating immune cell detection algorithm (n=10), and
(3) samples used to analyze PD-L1 expression using
the computer-assisted algorithm (n=20).

Sample preparation

Fresh primary tumor specimens were fixed at room
temperature (RT) for 12—72 h in 10% neutral buff-
ered formalin (Leica biosystems, Richmond, IL, USA)
and subsequently placed in phosphate-buffered saline
(PBS)-azide buffer (0.02% sodium azide; Sigma-
Aldrich, St. Louis, MO, USA) for long-term preser-
vation at 4 °C. After tissue embedding in 3% agarose
(Sigma-Aldrich), a vibratome was used to obtain
200-pm-thick slices. Paired slices (n=2) from the same
patient were subjected to (1) paraffin embedding fol-
lowed by traditional 2D hematoxylin and eosin (H&E)
staining and IHC (n=1) and (2) 3D immunofluores-
cence staining (n=1; Fig. 1A).

Hematoxylin and eosin staining and
immunohistochemistry

H&E staining and IHC were performed on 4-pm-thick
sections obtained from paraffin-embedded
200-pm-thick slices. For comparison with PD-L1
expression data obtained from 3D immunofluores-
cence, 2D PD-L1 expression was analyzed using a
commercially available kit (PD-L1 [SP142] IHC assay;
Ventana Medical Systems, Tucson, AZ, USA) in the
same sample subset (n=20). H&E and IHC sections
were digitalized into whole-slide images using an Ape-
rio AT2 slide scanner (Leica Biosystems, Nuflloch,
Germany). Two experienced pathologists (Lee YH
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Fig. 1 Agreement of the proposed 3D framework with traditional, clinical-grade 2D staining techniques. (A) Procedural workflow for conventional 2D
analysis (upper row) and 3D imaging of immunofluorescence-stained, optically cleared breast cancer specimens (lower row). After tissue embedding in
3% agarose, a vibratome was used to obtain 200-um-thick slices. Paired slices (n=2) from the same patient were subjected to (1) paraffin embedding
followed by traditional 2D hematoxylin and eosin (H&E) staining and IHC (n=1) and (2) 3D immunofluorescence staining (n=1). PD-L1 is labeled in green
color in immunofluorescence images, whereas nuclei and cell membranes were counterstained with SYTO-16 (blue color) and DiD (red color), respec-
tively. (B) Illustrative example of immunofluorescence images obtained from case #7 (percentage of tumor-infiltration immune cells=10%): 3D recon-
struction (upper row) and ortho-slice visualization (lower row, left side) showing the region of interest (lower row, right side); scale bar =2000 pm (upper
row and lower row, left side), scale bar =200 um (lower row, right side). (C) Comparison of real H&E (upper row, left side) and real IHC (upper row, right side)
images versus pseudo H&E (lower row, left side) and pseudo IHC (lower row, right side) images obtained from the conversion of immunofluorescence
images; scale bar =200 um. (D) Cross-sectional images obtained from case #2 (percentage of tumor-infiltration immune cells =90%) were characterized
by a uniform immunofluorescence staining in the 3D space; scale bar = 1000 um. (left), scale bar =200 um (right). (E) Uniform PD-L1 labeling in the top
and bottom layers of the sample obtained from case #2; scale bar =200 um
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and Huang CY) independently assessed PD-L1 IHC
staining.

3D immunofluorescence staining and optical clearing
Prior to  immunofluorescence  staining,  all
200-pm-thick slices were exposed to 2% Triton X-100
(J.T. Baker, Radnor, PA, USA) in PBS buffer, and
blocked using 3% hydrogen peroxide and 10% goat
serum blocking buffer (Thermo Fisher Scientific,
Eugene, OR, USA). For tracking PD-L1 expression on
tumor-infiltrating immune cells, the slices were ini-
tially incubated at 37 °C for 24 h under continuous
shaking (100 rpm) with primary recombinant anti-
bodies (Ventana Medical Systems), followed by expo-
sure to poly-horseradish peroxidase (HRP)-linked goat
anti-rabbit/mouse secondary antibodies (IgG; Thermo
Fisher Scientific) at RT for 30 h (shaking speed:
100 rpm). The Alexa Fluor™ 555 tyramide reagent
(Thermo Fisher Scientific) was used for fluorescence
signal amplification. Nuclei and cell membranes were
counterstained with SYTO-16 (5 uM; Thermo Fisher
Scientific) and DiD (20 pug/mL; Thermo Fisher Scien-
tific) labeling solutions, respectively. For optical tis-
sue clearing, the slices were incubated overnight with
a proprietary reagent (JelloX Biotech Inc., Hsinchu,
Taiwan) [23] — which was also used to promote tissue
adhesion on glass slides prior to image acquisition. We
ruled out the occurrence of autofluorescence in the
Alexa Fluor™ 555 channel by incorporating negative
control specimens (n=3) that did not undergo primary
antibody staining (Fig. S1).

Standardization of immunofluorescence staining and
image acquisition parameters

With the goal of reaching clinical-grade reliability sim-
ilar to that provided by traditional IHC, a thorough
standardization process of the immunofluorescence
staining process was implemented to avoid artifacts
and signal alterations (Fig. 1A). Staining and image
acquisition parameters were initially fine-tuned by
analyzing CD45 and PD-L1 expression in ten and six
BC specimens, respectively. Following complete opti-
cal clearing, the sensitivity and offset were kept fixed
during scanning; however, deeper signals required
higher laser intensities to achieve excitation. There-
fore, slight adjustments of the intensity profile along a
fixed slope were performed (Table S1).

3D image acquisition

3D image acquisition was performed in the resonant
mode (lateral resolution=0.621 pm) on an FV-3000
confocal laser scanning microscope (Olympus, Tokyo,
Japan) equipped with a 20x objective lens. Multiple
images were captured at various depths (interval on
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the z-axis=1.4 pm). Prior to image data export, stitch-
ing and normalization were undertaken using the
FV31S-DT (Olympus) and Imaris 9.8 (Bitplane, Bel-
fast, UK) software packages. The pseudo-H&E/ITHC
images demonstrated in Fig. 1C were transformed
from immunofluorescence images by the open-source
computer software MetaLite® (JelloX Biotech Inc.,
Hsinchu, Taiwan).

Tumor-infiltrating immune cell detection algorithm

Two machine-learning models (i.e., a tumor cell
segmentation model followed by an immune cell
segmentation model) were integrated to devise a com-
puter-assisted algorithm for the detection of tumor-
infiltrating immune cells in 3D immunofluorescence
images. Following SYTO-16 and DiD counterstain-
ing, the algorithm was able to identify tumor regions
and immune cells in a stepwise fashion. Subsequently,
relying on the Ventana PD-L1 (SP142) assay interpre-
tation guide [24], the algorithm computed the percent-
age of tumor-infiltrating immune cells by dividing the
area of immune cells expressing PD-L1 by the total
tumor area. The tumor and immune cell segmenta-
tion models were trained using 40 and 38 fluorescent
images obtained from 18 to 10 BC specimens, respec-
tively. Ground-truth annotation of tumor regions was
performed by three experienced scientists at JelloX
Biotech Inc. followed by an independent review by a
board-certified pathologist (Lee YH). Expression of
CD45 by immunofluorescence staining was used for
ground-truth annotation of immune cells. All images
were cropped into square patches (size: 256 X256 pix-
els) and randomly assigned to different sets for train-
ing, validation, and testing in an 8:1:1 ratio (Table
S2A). The trained tumor-infiltrating immune cell
detection algorithm was subsequently applied to
images captured at different depths (interval on the
z-axis=7 um). Figure 2 summarizes the workflow
used to devise the algorithm; the detailed procedure is
described in Supplementary Methods and Table S2D.

Definition of positive PD-L1 expression

PD-L1-expressing tumor-infiltrating immune cells
covering>1% tumor area of invasive ductal carcinoma
(IDC) were considered positive for PD-L1 expres-
sion, independent of the staining intensity. Samples
stained within the >0-1% interval were considered as
borderline, whereas those with a percentage of 0% as
negative. The 1% threshold was selected for its clini-
cal significance in the selection of candidates for ICls.
Scoring was performed according to the VENTANA
PD-L1 (SP142) assay interpretation guide.
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Fig. 2 Computer-assisted algorithm for the detection of tumor-infiltrating immune cells in immunofluorescence images. (A) The ground truth annota-
tion mask (white) and the tumor cell segmentation model mask (cyan) were visually compared for the detection of tumor areas. (B) The ground truth
annotation mask (CD45, green fluorescence) and the immune cell segmentation model mask (yellow mask) were visually compared for the detection
of tumor-infiltrating immune cells. (C) Workflow of the computer-assisted algorithm for the detection of PD-L1 expression. Cyan: tumor segmentation
model mask; yellow: immune cell segmentation model mask; white: merged tumor area mask; magenta: CD45-positive tumor-infiltrating immune cells
mask. Nuclei and cell membranes were counterstained with SYTO-16 (blue color) and DiD (red color), respectively. Scale bar =2000 um (whole view),

scale bar =200 um (region of interest)

Outcome measures

The outcome measures for this study included the con-
cordance of the devised methodologies (i.e., 3D immuno-
fluorescence staining and computer-assisted assessment
tool) with the traditional 2D techniques (H&E and
IHC), assessed using overall percentage agreement, with
respect to (1) morphological characteristics ( RGB-col-
ored digital image of immunofluorescence staining ver-
sus digital image of traditional techniques), (2) detection

and phenotypic characterization of immune cells (3D
immunofluorescence staining and computer-assisted
assessment tool versus traditional techniques), and (3)
assessment of PD-L1 expression (3D immunofluores-
cence staining and computer-assisted assessment tool
versus traditional techniques). Finally, the inter-layer het-
erogeneity of PD-L1 expression was analyzed in the 3D
space.
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Results

Concordance between 3D immunofluorescence staining
and traditional staining techniques

After standardization, 3D immunofluorescence images
were assessed by two independent pathologists (Table
S3) and found to be visually similar to those obtained
with the traditional 2D staining protocols (H&E and IHC;
Fig. 1B and C). Among multiple layers of 3D fluorescent
images, the most superficial one (adjacent to H&E/IHC
sections) was selected for comparison purposes. In the
vast majority of cases (95%, 19/20), the morphological
characteristics of immunofluorescence-stained samples —
as reflected by the presence of ductal carcinoma in situ
(DCIS) or IDC — were consistent with those observed
in H&E-stained specimens. A high concordance (80%,
16/20) between H&E/IHC and adjacent fluorescent
images was also found for classifying PD-L1 expression
as either positive or negative (Table S3). Collectively,
these results indicated that PD-L1 expression patterns
within the tumor immune microenvironment appeared
to be consistent across different methodologies. In addi-
tion, the fluorescent images showed a high inter-observer
reliability, with the two pathologists (Lee YH and Huang
CY) classifying PD-L1 expression as identical in all cases
(100%, 20/20; Table S3).

When tumor-infiltrating immune cells with PD-L1
expression were abundantly present, a uniform immu-
nofluorescence staining was observed in different lay-
ers (Fig. 1D and E). PD-L1 had a prominent cell surface
expression detectable at various depths, confirming
the consistency of both fluorescent staining and image
acquisition.

Concordance between computer-assisted immune cell
detection algorithm and traditional staining techniques
We next examined the ability of the computer-assisted
algorithm to detect tumor-infiltrating immune cells in
3D immunofluorescence images (Supplementary Meth-
ods). The initial tumor cell segmentation model suc-
cessfully generated a tumor cell mask (Fig. 2A) with
a>80% accuracy (Table S2B and S2E) for the detection
of tumor areas. Thereafter, the immune cell segmenta-
tion model achieved 90% classification accuracy (Fig. 2B
and Table S2C) for identifying immune cells. The subse-
quent use of tumor cell and immune cell masks allowed
detecting immune cells within the tumor area (i.e., cells
identified by the immune cell mask within the area delin-
eated by the tumor cell mask) as well as in the adjacent
peritumoral stroma (i.e., cells identified by the immune
cell mask outside the area delineated by the tumor cell
mask). The percentages of tumor areas occupied by PD-
L1-positive cells, calculated by the algorithm for each
layer (Fig. 2C), were compared with the results of IHC.
On analyzing PD-L1 expression levels on immune cells
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according to three different categories (=1%, >0-1%, and
0%), we found a concordance rate of 90% (18/20) between
the prediction algorithm and traditional IHC (Table S4).
In one of the two misclassified cases (case #13), there was
an underestimation of PD-L1 expression level due to the
presence of a large DCIS area included by the tumor cell
segmentation model.

Heterogeneous PD-L1 expression patterns in 3D
immunofluorescence images

With the detection of the computer-assisted algorithm,
the areas of tumor cells showed uniformity in each case
(Fig. 3A). The immune cell density of most cases was
slightly different between each consecutive plane in 3D
space, as shown by the smooth curve of quantified areas
of immune cells in different depths (Fig. 3B). However,
the difference between the maximal and minimal area of
immune cells may be significant (>10%) in a given case
when we increase the depth examined. Figure 3C depicts
the variation in the immune cell score, as predicted by
the algorithm, at different depths of the 3D space. The
maximum difference in the immune cell score between
different layers was observed in case #16 (Fig. 3D).

On analyzing 3D immunofluorescence images, eight
of the 20 examined cases (40%) showed a heterogeneous
PD-L1 expression pattern. Among which, seven had
some layers wherein PD-L1 was expressed (expression
levels>=1% or >0-1%) along with others in which PD-L1
was undetectable. Figure 4A illustrates the most strik-
ing example of a heterogeneously expressed PD-L1 (case
#18). A consistent lack of expression across all layers was
found in five cases only (25%). Notably, there were six
cases (30%) wherein PD-L1 expression levels along differ-
ent layers crossed the 1% threshold for admitting patients
to ICIs (Fig. 4B).

Discrepancy between average PD-L1 expression in 3D
immunofluorescence images and immunohistochemistry
For each case, we subsequently calculated the average
PD-L1 immune cell score predicted by the algorithm for
all layers of the 3D fluorescence image (Table S5). 3D
immunofluorescence images and IHC showed discrep-
ant results with respect to PD-L1 expression in 8 of the
20 cases (40%). PD-L1 expression was found to be higher
in 3D immunofluorescence images in half of such cases,
whereas the opposite was evident for the remaining four
(Fig. 4C).

Subgroup analysis of triple-negative breast cancer

Of the six cases with triple-negative BC included in the
study, three were identified by the algorithm as showing
inter-layer heterogeneity in terms of PD-L1 expression
— with certain layers crossing the 1% threshold. Nota-
bly, the algorithm classified as positive one case (Fig. 4B,
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Fig. 3 Variation in the predicted immune cell score at different depths of the 3D space. (A) Variation of tumor area calculated by the computer-assisted
algorithm at different depths of the 3D space. (B) Variation of immune cells calculated by the computer-assisted algorithm at different depths of the 3D
space. (C) Variation in the PD-L1 immune cell score calculated by the computer-assisted algorithm at different depths of the 3D space. (D) Maximum
observed difference in the immune cell score for different layers (case #16); scale bar = 1000 um (whole specimen image), scale bar =200 um (region of

interest image)

case #17) originally deemed negative according to IHC.
Detailed information for each case is provided in Table
S5.

Discussion

In this proof-of-concept study, we describe a novel
computer-assisted algorithm for the 3D assessment of
PD-L1 expression in BC specimens using immunofluo-
rescence staining and optical clearing methodologies,
and report three principal findings. First, the proposed
framework was feasible and showed a high overall agree-
ment with traditional, clinical-grade 2D staining tech-
niques. Second, the results obtained for automated
immune cell detection and analysis of PD-L1 expression

were satisfactory. Third, the spatial distribution of PD-L1
expression was heterogeneous across various BC tissue
layers in the 3D space, and the average expression was
different from the results of traditional IHC in a signifi-
cant proportion (40%) of cases.

While the applications of fluorescence microscopy
in the field of BC diagnostic pathology remain limited
[25], immunofluorescence staining combined with opti-
cal clearing has been increasingly used to establish novel
3D tumor marker models for guiding clinical decisions
in oncology [19, 26]. We briefly compared the benefits
and drawbacks of traditional IHC assessment and the
3D approach in Table 1 [22]. Although the processing
time and cost of the 3D approach were higher than IHC
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(40%) illustrated immune cell scores for all levels of 3D fluorescence images were difference from original IHC. Case #5 showed the different PD-L1 expres-
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assessment, it is still a viable option for most patients
compared to other pathological examinations. The 3D
approach has the capacity to ensure the integrity and
precision of pathological diagnoses, thereby facilitating
precision medicine for both pathologists and patients
through the effective utilization of medical resources.
Furthermore, the specimens utilized in the 3D approach
can be repurposed for downstream assays in previous
studies [23, 27].

However, due to substantial differences between 2D
and 3D techniques with respect to sample preparation
and imaging approaches, direct comparisons are nec-
essary to ensure that reliable theranostic information

can be captured. In addition, overcoming potential
artifacts arising from fluorescence cross-talk requires
standardization of different technical parameters (e.g.,
staining time, dye concentration, laser intensity, and
contrast regulation) [28, 29]. In a previous report focus-
ing on non-small cell lung cancer [23], we described
a novel technology for quantifying PD-L1 expression
and tumor proportion score in 3D space. In the current
study, the procedural workflow has been further refined
to avoid misclassification through the standardization of
different technical phases (i.e., fixation, staining, imag-
ing, and image export). Compared with traditional 2D
techniques (H&E and IHC) applied to different sections,
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Table 1 Traditional IHC vs. 3D approach

Traditional IHC 3D approach
Processing cost 3D approach costs 10 times

more than IHC per case
Capital equipment The cost is nearly similar in
cost IHC and 3D approach
Structural/Molecular 3D approach provides 45
information times more information

than a single-section IHC
Processing time 3 working days 7 working days
Histological Fragmentary Continuous
information
Image pre-process Required Not required

Diagnostic Less accurate More accurate
stratification
Utilization for down-

stream assays

Not applicable since
destructive

Applicable since
non-destructive

immunofluorescence imaging of optically cleared sec-
tions allows increasing coverage of the specimen and
producing high-resolution 3D images. The analysis of BC
specimens using the method devised in our study dem-
onstrated high concordance with traditional 2D tech-
niques, suggesting that pathologists can be provided
with accurate biomarker information for potential usage
to guide treatment decisions (Table S3). However, future
quality control studies examining potential hardware-
related effects (e.g., laser diode lifetime, charge-coupled
device characteristics) [30] are required before clini-
cal application. With strict regulation of a standardized
workflow and modifications to the hardware’s quality
control, it will be possible to implement the pipeline of
3D approach in other medical centers that possess simi-
lar high-quality 3D imaging capabilities.

In recent years, computer-assisted prediction algo-
rithms have been gaining increasing attention in the
field of diagnostic pathology [28, 31]. However, obtain-
ing highly specific signals for each channel is a key pre-
requisite to devise diagnostically reliable algorithms for
use with fluorescence imaging. Herein, the integration
of a tumor cell segmentation model with an immune
cell segmentation model allowed detecting tumor-infil-
trating immune cells in 3D immunofluorescence images
in an effective and automated fashion. On analyzing the
3D spatial patterns of PD-L1 expression, the algorithm
showed a significant inter-layer heterogeneity which was
undetectable within the framework of traditional 2D IHC
analysis. Notably, the PD-L1 expression level should only
include IDC regions according to the assay interpretation
guide. The presence of a large DCIS area — which consists
of tumor cells — was included by the tumor cell segmen-
tation model, causing an overestimation of IDC tumor
area and leading to an erroneous underestimation of
PD-L1 expression level. It points out the need to optimize
the computer-assisted algorithm in the future due to the
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limited training database, as the exclusion of tissue mor-
phology from the database may result in inaccurate pre-
dictions of IDC regions, including DCIS areas. This issue
may be addressed in future studies by training the tumor
cell segmentation model to specifically recognize DCIS
areas and exclude them from the calculation. Recognition
can be accomplished either by morphological analysis or
with the use of myoepithelial markers (e.g., p63, CK5/6,
or calponin). Moreover, advanced analyses, such as the
variation of tumor growth patterns or the distribution of
intra- and extra-tumoral immune infiltrate, can also be
considered in the future work of the computer-assisted
algorithm [32].

Published data from clinical trials showed that patients
with low or negligible PD-L1 tumor expression may still
respond to anti-PD-L1 blockade treatments [31]. The
heterogeneous expression of PD-L1 in malignant cells
[15, 33] may account for this unexpected finding. Here,
we provided direct proof that PD-L1 expression varies
across different tumor layers with smooth transformation
of the distribution of immune cells when 3D structures
are thoroughly examined, indicating the approach has the
potential to provide more accurate diagnosis of PD-L1 in
TNBC. Considering that some, but not all, layers crossed
the 1% threshold for identifying patients who may truly
benefit from ICIs, further research is necessary to iden-
tify the most suitable cutoff value for PD-L1 expression
in the 3D context. Additional studies are also required to
compare its clinical utility with that of other biomarkers
for predicting response to immunotherapy [13, 15, 34].

Conclusion

In conclusion, this original proof-of-concept study has
set the stage for assessing the heterogeneity of PD-L1
expression in immunofluorescence-stained and optically
cleared BC specimens. Pending further standardization
and optimization, we expect that our technology will
become a valuable addition for assessing PD-L1 expres-
sion in patients with triple-negative BC. Via a single
round of immunofluorescence imaging, our approach
may provide a considerable improvement in patient strat-
ification for cancer immunotherapy as compared with
standard techniques.

List of abbreviations

2D Two-dimensional

3D Three-dimensional

BC Breast cancer

DdIS Ductal carcinoma in situ

ER Estrogen receptor

H&E Hematoxylin and eosin

HER2 Human epidermal growth factor receptor 2

HRP Poly-horseradish peroxidase

ICls Immune checkpoint inhibitors
IDC Invasive ductal carcinoma
IHC Immunohistochemistry

PBS Phosphate-buffered saline



Lee et al. BMC Cancer (2024) 24:121

PD-1 Programmed death-1

PD-L1 Programmed death-ligand 1
PR Progesterone receptor
RT Room temperature

Supplementary Information
The online version contains supplementary material available at https://doi.
org/10.1186/512885-023-11748-8.

Supplementary Material 1: Supplementary Figure 1. Autofluorescence
testing of the fluorescent staining and imaging procedure. PD-L1 is
labeled in green color, whereas nuclei and cell membranes were counter-
stained with SYTO-16 (blue color) and DiD (red color), respectively; scale
bar = 1000 um (whole specimen image), scale bar = 150 um (region of
interest image and channel).

Supplementary Material 2: Supplementary Table 1. Experimental condi-
tions for image acquisition and fixed adjustment of data export: standard
3D imaging setup using average values from six breast cancer specimens.

Supplementary Material 3: Supplementary Table 2. Dataset distributions
and confusion matrices of the tumor cell segmentation model and the
immune cell segmentation model. (A) Dataset distribution for each model.
(B) Confusion matrix of the tumor cell segmentation model assessed

by pixelwise metrics in the testing dataset. (C) Confusion matrix of the
immune cell segmentation model evaluated by pixelwise metrics in the
testing dataset. (D) Selected parameters for the devised computer-assisted
method. (E) Pixelwise evaluation metrics of the tumor cell segmentation
model for different images in the testing dataset; only the images that
were split into more than 30 testing patches are included.

Supplementary Material 4: Supplementary Table 3. Similarities between
H&E/IHC and adjacent fluorescent images as well as between the two
pathologists on the same fluorescent image. For each muiltilayer 3D fluo-
rescent image, the most superficial layer adjacent to the HE/IHC sections
was selected.

Supplementary Material 5: Supplementary Table 4. Quantitative analysis
of PD-L1 expression. (A) Confusion matrix of computer-assisted algorithm
assessed by PD-L1 expression level in each case. (B) Comparison of
computer-assisted prediction algorithm versus traditional pathological
diagnosis carried out on the same digital fluorescent image.

Supplementary Material 6: Supplementary Table 5. Summary of PD-L1
expression values in each breast cancer case.

Supplementary Material 7: Supplementary Methods. Design of the
tumor-infiltrating immune cell detection algorithm.

Acknowledgements
We thank the participants, their families, and the staff from National Taiwan
University Hospital; and fellow of JelloX Biotech Inc, for technique assistance.

Author contributions

Lee YH, Hsieh YH, Lin YC, Lee JH, Lin YY, and Lu YS: study concept and design;
Lin CH, Wang MY, and Kuo WH: patient recruitment and sample collection;
Hsieh YH, Yang CH, Hung YL, and Chen YA: study design, data analysis and
interpretation, manuscript preparation; Lee YH and Huang CY: review and
classification of immunohistochemical and digital fluorescent images; Lee YH,
Huang CY, Lin CH and Lu YS: study supervision, manuscript writing, and critical
revision for important intellectual content. All authors have read and agreed
to the submitted version of the manuscript.

Funding
This work was supported by an industry-academia collaboration grant from
JelloX Biotech Inc. (grant number R-1900501).

Data availability
All data supporting the findings of this study are available from the
corresponding author upon reasonable request.

Page 10 of 11

Declarations

Ethics approval and consent to participate

All procedures were in accordance with the ethical standards established by
the Declaration of Helsinki and the study protocol was approved by National
Taiwan University Hospital (IRB reference number: 202004032RSB). Each
participant provided written informed consent.

Consent for publication
Not applicable.

Competing interests

This work was supported by JelloX Biotech Inc. through an industry-
academia partnership. Hsieh YH, Yang CH, Hung YL, Chen YA, Lin YC, and Lin
YY are employees of JelloX Biotech Inc. Yen-Shen Lu reports a relationship
with Novartis Pharmaceuticals Corporation, F Hoffmann-La Roche Ltd, Eli
Lilly and Company, Pfizer, AstraZeneca, Daiichy Sankyo, MSD that includes:
consulting or advisory, funding grants, speaking and lecture fees, and travel
reimbursement. All other authors declare no competing interest.

Author details

'Department of Pathology, National Taiwan University Hospital, Taipei,
Taiwan

?JelloX Biotech Inc, Hsinchu, Taiwan

3Departmem of Medical Oncology, Cancer Center Branch, National
Taiwan University Hospital, Taipei, Taiwan

“Department of Internal Medicine, National Taiwan University College of
Medicine, Taipei, Taiwan

Department of Oncology, National Taiwan University Hospital, Hsin-Chu
Branch, Hsinchu, Taiwan

Department of Surgical Oncology, Cancer Center Branch, National
Taiwan University Hospital, Taipei, Taiwan

’Department of Surgery, National Taiwan University Hospital, Taipei,
Taiwan

8Department of Oncology, National Taiwan University Hospital, No.7,
Chung Shan S. Rd., Zhongzheng Dist, Taipei 100225, Taiwan

Received: 18 May 2023 / Accepted: 12 December 2023
Published online: 24 January 2024

References

1. Sung H, Ferlay J, Siegel RL, Laversanne M, Soerjomataram |, Jemal A. Global
cancer statistics 2020: GLOBOCAN estimates of incidence and mortality
worldwide for 36 cancers in 185 countries. Cancer J Clin. 2021;71(3):209-49.

2. Jafari SH, Saadatpour Z, Salmaninejad A, Momeni F, Mokhtari M, Nahand JS,
et al. Breast cancer diagnosis: imaging techniques and biochemical markers. J
Cell Physiol. 2018;233:5200-13.

3. Easton DF, Pharoah PD, Antoniou AC, Tischkowitz M, Tavtigian SV, Nathanson
KL, et al. Gene-panel sequencing and the prediction of Breast-cancer risk. N
EnglJ Med. 2015;372:2243-57.

4. Early Breast Cancer Trialists' Collaborative Group. Effects of chemotherapy and
hormonal therapy for early Breast cancer on recurrence and 15-year survival:
an overview of the randomised trials. Lancet. 2005;365:1687-717.

5. Mohamed A, Krajewski K, Cakar B, Ma CX. Targeted therapy for Breast cancer.
Am J Pathol. 2013;183:1096-112.

6. Shah M, Nunes MR, Stearns V. CDK4/6 inhibitors: game changers in the
management of hormone receptor-positive advanced Breast Cancer? Oncol
(Williston Park NY). 2018;32(5):216.

7. Marker S, Perner A, Maller MH. Atezolizumab and nab-paclitaxel in advanced
triple-negative Breast cancer. cancer. J. 2018;36:2872-8.

8. Miles D, Gligorov J, André F, Cameron D, Schneeweiss A, Barrios C, et al.
Primary results from IMpassion131, a double-blind, placebo-controlled,
randomised phase lll trial of first-line paclitaxel with or without atezolizumab
for unresectable locally advanced/metastatic triple-negative Breast cancer.
Ann Oncol. 2021;32(8):994-1004.

9. Adams S, Gatti-Mays ME, Kalinsky K, Korde LA, Sharon E, Amiri-Kordestani L,
et al. Current landscape of immunotherapy in Breast cancer: a review. JAMA
Oncol. 2019;5:1205-14.


https://doi.org/10.1186/s12885-023-11748-8
https://doi.org/10.1186/s12885-023-11748-8

Lee et al. BMC Cancer

20.

21

22.

23.

24.

25,

(2024) 24:121

Planes-Laine G, Rochigneux P, Bertucci F, Chrétien AS, Viens P, Sabatier R,
etal. PD-1/PD-L1 targeting in Breast cancer: the first clinical evidences are
emerging—a literature review. Cancers. 2019;11(7):1033.

Karn T, Denkert C, Weber KE, Holtrich U, Hanusch C, Sinn BV. Tumor muta-
tional burden and immune infiltration as Independent predictors of response
to neoadjuvant immune checkpoint inhibition in early TNBC in GeparNuevo.
Ann Oncol. 2020;31(9):1216-22.

Erber R, Hartmann A, Understanding. PD-L1 testing in Breast cancer: a practi-
cal approach. Breast Care (Basel). 2020;15(5):481-90.

Wang B, Liu J, Han Y, Deng Y, Li J, Jiang Y. The Presence of Tertiary lymphoid
structures provides New Insight into the Clinicopathological features and
prognosis of patients with Breast Cancer. Front Immunol. 2022:2257.
Vennapusa B, Baker B, Kowanetz M, Boone J, Menz! |, Bruey JM, et al. Devel-
opment of a PD-L1 complementary diagnostic immunohistochemistry

assay (SP142) for atezolizumab. Appl Immunohistochem Mol Morphology.
2019,27(2):92.

Li M, Li A, Zhou S, XuY, Xiao Y, Bi R, et al. Heterogeneity of PD-L1 expression in
primary tumors and paired lymph node metastases of triple negative Breast
cancer. BMC Cancer. 2018;18(1):1-9.

Costa EC, Silva DN, Moreira AF, Correia IJ. Optical clearing methods: an
overview of the techniques used for the imaging of 3D spheroids. Biotechnol
Bioeng. 2019;116(10):2742-63.

Zhu D, Larin KV, Luo Q, Tuchin VV. Recent progress in tissue optical clearing.
Laser Photonics Rev. 2013;7:732-57.

Costantini |, Cicchi R, Silvestri L, Vanzi F, Pavone FS. In-vivo and ex-vivo

optical clearing methods for biological tissues. Biomed Opt Express.
2019;10:5251-67.

Tanaka N, Kanatani S, Tomer R, Sahlgren C, Kronqvist P, Kaczynska D, et al.
Whole-tissue biopsy phenotyping of three-dimensional tumours reveals
patterns of cancer heterogeneity. Nat Biomed Eng. 2017;1:796-806.

ChenYY, Shen Q, White SL, Gokmen-Polar Y, Badve S, Goodman LJ. Three-
dimensional imaging and quantitative analysis in CLARITY processed Breast
cancer tissues. Sci Rep. 2019;9:1-13.

van Royen ME, Verhoef El, Kweldam CF, van Cappellen WA, Kremers GJ, Hout-
smuller AB, et al. Three-dimensional microscopic analysis of clinical prostate
specimens. Histopathology. 2016;69:985-92.

Liu JT, Glaser AK, Bera K, True LD, Reder NP, Eliceiri KW, et al. Harnessing non-
destructive 3D pathology. Nat Biomed Eng. 2021;5:203-18.

Lin YY, Wang LC, Hsieh YH, Hung YL, Chen YA, Lin YC, et al. Computer-assisted
three-dimensional quantitation of programmed death-ligand 1 in non-small
cell Lung cancer using tissue clearing technology. J Transl Med. 2020;20:1-12.
Schmid P, Adams S, Rugo HS, Schneeweiss A, Barrios CH, Iwata H, et al.
Atezolizumab and nab-paclitaxel in advanced triple-negative Breast cancer. N
EnglJ Med. 2018;379(22):2108-21.

Levsky JM, Robert HS. Fluorescence in situ hybridization: past, present and
future. J Cell Sci. 2003;116:2833-8.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

Page 11 of 11

Lee SSY, Bindokas VP, Kron SJ. Multiplex three-dimensional optical mapping
of Tumor immune microenvironment. Sci Rep. 2017,7(1):1-11.

Wang LC, Hsieh YH, Hung YL, Jiang YT, Lin YC, Chang MDT et al. Panoramic
tissue examination that integrates three-dimensional pathology imaging
and gene mutation: potential utility in non-small cell Lung cancer. Lab Invest.
2023;100195.

Roy S, Axelrod HD, Valkenburg KC, Amend S, Pienta KJ. Optimization of Pros-
tate cancer cell detection using multiplex tyramide signal amplification. J Cell
Biochem. 2019;120(4):4804-12.

Hamilton N. Quantification and its applications in fluorescent microscopy
imaging. Traffic. 2009;10(8):951-61.

Petty HR. Fluorescence microscopy: established and emerging methods,
experimental strategies, and applications in immunology. Microsc Res Tech.
2007;70:687-709.

Campanella G, Hanna MG, Geneslaw L, Miraflor A, Werneck Krauss Silva V,
Busam KJ, et al. Clinical-grade computational pathology using weakly super-
vised deep learning on whole slide images. Nat Med. 2019;25(8):1301-9.
Masuda S, Suzuki R, Kitano Y, Nishimaki H, Kobayashi H, Nakanishi Y, et al.
Tissue thickness interferes with the estimation of the immunohistochemical
intensity: introduction of a control system for managing tissue thickness.
Appl Immunohistochem Mol Morphology. 2021;29(2):118.

Karasar P, Esendagli G. T helper responses are maintained by basal-like Breast
cancer cells and confer to immune modulation via upregulation of PD-1
ligands. Breast Cancer Res Treat. 2014;145(3):605-14.

Ni Y, Tsang JY, Shao Y, Poon IK, Tam F, Shea KH, Tse GM. Combining analysis of
tumor-infiltrating lymphocytes (TIL) and PD-L1 refined the prognostication of
Breast cancer subtypes. Oncologist. 2022;27(4).e313-27.

Otsu N. A threshold selection method from gray-level histograms. IEEE Trans
Syst man Cybernetics. 1919,9:62-6.

Yu C, Xiao B, Gao C, Yuan L, Zhang L, Sang N et al. Lite-HRnet: A lightweight
high-resolution network. Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition; 2021 Jun 20 - Jun 25.2021. p. 10440-10450.
Wang J, Sun K, Cheng T, Jiang B, Deng C, Zhao Y, et al. Deep high-resolution
representation learning for visual recognition. IEEE Trans Pattern Anal Mach
Intell. 2020;43:3349-64.

Loshchilov |, Hutter F. SGDR: stochastic gradient descent with warm restarts.
arXiv Preprint arXiv. 2016:160803983.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.



	﻿A novel computer-assisted tool for 3D imaging of programmed death-ligand 1 expression in immunofluorescence-stained and optically cleared breast cancer specimens
	﻿Abstract
	﻿Introduction
	﻿Methods
	﻿Patient cohort
	﻿Specimen sets
	﻿Sample preparation
	﻿Hematoxylin and eosin staining and immunohistochemistry
	﻿3D immunofluorescence staining and optical clearing
	﻿Standardization of immunofluorescence staining and image acquisition parameters
	﻿3D image acquisition
	﻿Tumor-infiltrating immune cell detection algorithm
	﻿Definition of positive PD-L1 expression
	﻿Outcome measures

	﻿Results
	﻿Concordance between 3D immunofluorescence staining and traditional staining techniques
	﻿Concordance between computer-assisted immune cell detection algorithm and traditional staining techniques
	﻿Heterogeneous PD-L1 expression patterns in 3D immunofluorescence images
	﻿Discrepancy between average PD-L1 expression in 3D immunofluorescence images and immunohistochemistry
	﻿Subgroup analysis of triple-negative breast cancer

	﻿Discussion
	﻿Conclusion
	﻿References


