Journal of Donghua University (Eng. Ed. ) Vol. 41, No. 3 (2024) 221

DOI; 10. 19884/j. 1672-5220. 202307005
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Abstract: In treatment of cancers, especially non-small-cell
lung cancers such as lung squamous cell carcinoma
(LUSC), tumor proportion score ( TPS) of a programmed
death-ligand 1 (PD-L1) slide is essential for selecting tumor
therapies. Many parameters of tumor cells( TCs) are vital
to cancer diagnosis. Although the indexes can be estimated
via the computational analysis, there is seldom a unified
system that could acquire different nucleus information
simultaneously. To address the issues, multi-objective
learning pipeline (MOLP) is proposed to predict TPS, cell
counts, nucleus contours and categories altogether from
PD-L1 slides of LUSC. The main network comprises two
branches, one estimating TPS via the cell analysis and the
other directly regressing TPS. It minimizes the difference
between these two approximated values of TPS to gain
robustness. The cell-analysis branch increases confidence of
the estimated TPS by nucleus segmentation, classification
and counting. It also enables the system to estimate
appearance parameters of TCs for LUSC diagnosis.
Experiments on a large image set show that MOLP is
feasible and effective. The TPS predicted by MOLP exhibits
statistically significant correlation with pathologists’ scores,
with a mean absolute error ( MAE ) of 4.97 (95%
confidence interval (CI): —0.56-10.49) and a Pearson
correlation coefficient (PCC) of 0.97 (p < 0.001).
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0 Introduction

Immunohistochemistry  staining  technique can
highlight certain biomarkers in histopathology slides that
are vital to cancer diagnosis and treatments. It is known
that tumors can evade the immune system via exploitation
of inhibitory checkpoint pathways. In the programmed
death-1 ( PD-1) and programmed death-ligand 1 ( PD-
L1) pathways, PD-L1 that is expressed by tumor cells
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(TCs) binds to PD-1 on T-cells, inhibiting T-cell
receptor signaling and blocking antitumor immune
response''’. Thus, PD-L1 expression becomes a crucial
biomarker of PD-1/PD-L1 therapy response, which can
be indicated by the tumor proportion score (TPS), i.e. ,
the ratio between the count of positive tumor cells
(TC(+)) and the count of TCs in a PD-L1 stained
whole slide image (WSI). While the TPS is essential for
selecting tumor treatments, other numerical indexes such
as cell counts and appearance parameters are also
valuable. Traditionally, detecting and measuring the cells
are time-consuming, and only allow the pathologists to
provide an approximate range rather than an exact
percentage for the TPS. For the appearance parameter
estimation, the situations are more or less the same.
Although the estimates can be used for giving diagnoses
and prescribing medications, they may be not accurate
enough to support further investigation into the cancers.

Given the prevalence of the digital WSI, these TC
parameters can be easily computed by image analysis
models, rather than human beings. Deep learning has
greatly improved histopathology image analysis™>” .
However, there lacks a framework that can obtain
different aspects of pathology information systematically.
The existing methods wusually adopt a multi-stage
strategy. With multiple complicated models being
attached to each other, they segment, classify and count
TCs and compute TPS successively with the independent
modules ™ | thus being prone to computational
inefficiency and accumulated errors.

Therefore, this paper proposes a unified system,
namely, multi-objective learning pipeline ( MOLP ). It
contains two parts: a multi-objective network (MON) and a
nucleus parameter estimator ( NPE ). It performs TPS
estimation, TC counting, nucleus segmentation and nucleus
classification to extract comprehensive information from PD-
L1 slides of lung squamous cell carcinoma (LUSC). The
main network, MON, comprises a regression branch (RB)
and a cell-analysis branch (CB) for direct and indirect TPS
estimation, respectively.

The contributions of this work are as follows.
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1) The proposed MOLP predicts TPS direct from the
PD-L1 slides in an end-to-end fashion, which is much
more convenient and accurate than the multi-stage
methods that take steps to compute TPS™'.

2) Apart from directly estimating TPS by RB, the
MON predicts TPS based on the cell analysis to improve
accuracy and credibility and minimizes the discrepancy
between the different TPS values to gain robustness.

3) The proposed MOLP can provide comprehensive
information for pathologists to consider from different
perspectives to make accurate diagnoses as it automatically
computes size, shape and color parameters of the TC based
on segmentation and classification masks. Experiments on
a large PD-L1 data set of LUSC can demonstrate the
feasibility and effectiveness of MOLP.

1 Related Work

Most work of histopathology image analysis by deep
learning focuses on nucleus/cell segmentation and
classification' ™. Only a few methods deal with TPS
estimation in PD-L1 slides, while most of these methods
include multiple stages ™*'"’ which segment, classify and
count TCs and finally compute TPS by separate
models """, Kang et al. "’ proposed a multi-stage
ensemble strategy for TPS and assessment of PD-L1
expression. Liu et al.'” combined three modules to
predict TPS automatically. Mi et al.'" designed a
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PD-L1 slide Nucleus area

Nucleus
Count classification
Nucleus class L )
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quantitative analysis platform for PD-L1
immunohistochemistry. Since no model is guaranteed one
hundred percent correct, the errors of each model would
accumulate as the data are passed on from one stage to
another. This could seriously decrease the accuracy of TPS
and undermine the confidence of the results. Moreover,
there may be discrepancy between any two decision
models. Even though one stage is accurate, it may not
yield the features which are exactly required by the next
stage. Therefore, an end-to-end network with multiple
objectives is proposed to perform robust TPS estimation.

2 Methods

The proposed MOLP is illustrated in Fig. 1.
Branches of MON, namely RB and CB, are shown in
Fig. 2. The labels and the outputs are listed in Table 1.
The former direct predicts TPS from the input PD-L1
slides and the latter performs multiple relevant tasks
including nucleus segmentation, classification and
counting to refine TPS values. Furthermore, the
diversified outputs of CB are exploited to produce
appearance parameters of TCs for LUSC diagnosis. Let
X € R™™ represent an input patch cropped from an
original PD-L1 slide, where H,W and B are the height,
the width and the band number, respectively. In this
case, H =W =64, and B = 3. The details of MOLP are
described as follows.

( 3\
e NA 1 NP NC ‘
counting ) L Lt

NMIA { NEL ‘
L J L -

TPS ) )
S NE ‘ RGB [ HSV ‘
estimation ) ) )

Train set: LUSC PD-L1 slides
with multiple labels |

Stage I: MON for
cell recognition and TPS estimation

Stage II: NPE to provide extra
nucleus information for diagnosis

NA—nucleus area; NP—nucleus perimeter; NC—nucleus circularity; NMAA-—nucleus major axis; NMIA—nucleus minor
axis; NEL—nucleus ellipticity ; NE—nucleus eccentricity ; RGB—red-green-blue value; HSV—hue-saturation value.
Fig. 1 MOLP
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BN—batch normalization; ReLU—rectified linear unit; FC—full connection; Conv—convolutional; UNeXt—upgraded version of U-Net;
Tok-MLP—tokenized multi-layer perceptron; MaxPool—maximum pooling.
Fig. 2 MON in MOLP
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Table 1 Symbols of labels and outputs of MOLP

Label Output
Symbol Explanation Symbol Explanation
¥y TPS predicted by RB
y Real TPS o precietee 2y
¥, TPS predicted by CB
(seg) _ [ (e) ] - _ Plsee Aseg) | - i i
? ¢ o=y =12, H, Segmentation mask Yo® =[§¢9],i =1,2, -, Segmentation map predicted by
]=1,25 5W H,j=1,2,"',W CB
(cla)  _ (cla) | = vee cla A(cla . 1fi 1 1
Y o= [yl i =1,2, Classification mask Y = [§%] ; =1,2, -, Classification map predicted by
HW,C=1,2, “'7C HW,C—],Z,"',C CB
Ny Count of TC(+) N o Count of TC(+) predicted by CB
(=) Count of negative TCs(TC(-)) N = Count of TC(—) predicted by CB
2.1 TPS In pathology diagnosis, doctors are used to examining
TPS is a percentage defined as sizes, shapes and colors of typical TCs along with the
= N_,,/N % 100%, (1) qualitative indexes. TPS alone is far froTn. enough for the
experts to make any rational medical decisions. Thus, the
where N is the total count of TCs in a PD-L1 WSI'"®' | N = network employs CB to provide diversified information

Ny + Ney.
which is a crucial biomarker used in non-small cancer
(e.g., LUSC) diagnosis and treatment. If TPS is lower
than 1%, PD-L1 expression is considered negative; if
TPS ranges from 1% to 49% , there is a positive but low
PD-L1 expression; if TPS is equal to or above 50%,
there is a high level of PD-L1 expression. Thus, with
TPS, doctors can identify tumor patients who may
respond to the treatment using PD-1/PD-L1 inhibitors.
Traditionally, TPS is estimated manually as pathologists
go through a slide, locate and examine tumor nests and
roughly determine whether TPS is above the critical
threshold (i.e., 50% ) with bare eyes. Obviously, this
manual approximation is laborious and prone to errors. It
would be ideal if TPS could be predicted automatically
and accurately, which, fortunately, can be realized by
computational models such as deep learning networks.
Under this circumstance, we propose a new method,
MOLP for TPS estimation.
2.2 MON

MON is responsible for estimating TPS from PD-L1
stained slides. As shown in Fig. 2, MON involves RB
constructed by UNeXt''' to recognize cell patterns, a
convolutional block to down-sample the features and a
regressor made of several FC layers to estimate TPS. The
feature maps F € R****'* yielded by the fourth Tok-MLP
of UNeXt'""' are fed to the convolutional block and the
parallel CB. The loss of RB is the regression error €'"*
defined as

It indicates levels of PD-L1 expression

[¥

(2)

direct regressing TPS from large
complicated PD-L1 slides could be inaccurate and slow.

€= Iy =5,

However,

on TCs and boost up the performance of TPS estimation.
The main steps of CB are as follows.

1) Segment and classify nuclei by two convolutional
blocks trained in parallel with the same structure as
indicated in Fig. 2 and the same input F e R*>®*'°
produced by the fourth Tok-MLP of UNeXt in RB. The
segmentation loss £ is

f(seg) =1 - Dice( Y“C'g> %(seg)) =

H

2 (seg) 2, (Qeg)
Z 2»

H
Z Zy“”) DIDN

w w
j=1 j=1 i=

, (3)

where the measurement Dice( +) evaluates of intersection-

over union of two masks'’. The classification loss £ is
1 aw C
(cla) _ cla) A (cla)
€ = Yy log (7). (4)

HW

i=1 c¢=1

2) Refine the predicted segmentation map for each
patch by morphology operations ( first erosion and then
dilation, both using an 8 pixelx8 pixel kernel) to enlarge
and smooth the areas of nuclei.

3) Fuse the refined segmentation and classification
results to obtain separate masks for TC(+) and TC(-). For
each instance (i.e., nucleus) in the segmentation map,
compute coordinates of its central point, project it to the
classification map, find out its predicted class and let the
class be the label of the segmented instance. Then use one
template to hold all the positive nuclei and another for the
negative nuclei. In this way, the binary masks ¥,, € R
and Y _, e R™" for TC(+) and TC(-), respectively, are
created. As segmentation and classification results are
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combined, their inconsistent and misleading information is
eliminated. Moreover, the misclassifications around the
nuclei are cleaned out, leaving nice and clean maps for the
successive counting procedure.

4) Count TC(+) and TC(-) and produce N<+> and

N(—) by recording the enclosed areas standing for nuclei
on the fused masks Y ,, and Y _,, respectively. The
counting errors for TC(+) and TC (—) are denoted by
€.,,and £ __,, respectively:
€(+)=HN(+) _N(+) HZ’ (5)
€<—>=HN<—> N, IP. (6)

5) Finally, compute TPS from the cell counts by
Eq. (1).

The architecture details of CB are given in Fig. 2.
Since UNeXt'"" is proven to be effective, segmentation
and classification blocks adopt the last three convolutional
layers of the decoder of UNeXt with different weights as
shown in Fig. 2. After every convolutional and pooling
layer, there is BN and nonlinear mapping by ReLLU. It can
be seen that in CB there are multiple objectives:
minimization of TPS regression, nucleus segmentation,
classification, positive cell counting and negative cell
counting errors, which are all involved in the overall loss ¢,

=€ + 2,07 + 1,00 +
A A+ A5, (7)

where A, (i = 1, 2,
coefficient; €™ is the mean squared error loss. €' is
added to reduce the discrepancy between the TPS values
predicted by CB and RB and stabilize the two branches.
It makes the network robust to strong variations in the
PD-L1 slides stained with different shades of colors and
crowded with TCs crushing on top of each other. With
each objective optimizing a unique yet inter-connected
part of MON, task-aware features are extracted and
different information is combined to gain generalizability.
Since CB considers far more factors than RB, the former
usually results in more accurate TPS than the latter.
Therefore, the values of TPS predicted by RB are used as
the final output of MON.
2.3 NPE

The fused masks ¥, and ¥ _ as well as the original

47 (+)

-+, 5) represents the trade-off

image patch X are used to compute nucleus parameters and
provide diversified information to facilitate LUSC
diagnosis. The parameters are listed as follows '

1) NA A, : the number of pixels inside a nucleus as
shown in Fig. 3, computed on the fused masks.

2) NP P, . the number of pixels on the contour of a
nucleus computed on the fused masks.

3) NCC, :

Cy = 4mA/P. (8)

4) NMAA Dy,,, : the longest distance between any
two pixels on the contour of a nucleus.

5) NMIA Dy, : the sum of two longest distances
between NMAA and any pixels on the contour of a

nucleus as shown in Fig. 3.
6) NEL L, :

Ly = Dyias/ D s (9)

7) NEE, :

EN = (D\IW.—\A/Z)Z - (DNNTI.A/Z)Z/(DVWA.—\/Z)‘
(10)

8) RGB: the average value of all the pixels inside a
nucleus computed on the original RGB image X .

9) HSV. the average value of all the pixels inside a
nucleus computed on the HSV image transformed from
X.

It can be seen that A and P are size parameters, C,,
Dan s Dy » Ly and E are shape parameters, and RGB
and HSV are color parameters. NP, NA, NMAA and
NMIA are illustrated in Fig. 3. The whole procedures of
MOLP including cell recognition, TPS estimation and
parameter computation are summarized in Algorithm 1.
The network 1is optimized via gradient descent,

implemented by the Adam optimizer' " .

NP . NMAA: 4B
A

D
NMIA: CC+DD'

P R N

Fig. 3 Geometric diagram for computing nucleus parameters

Algorithm 1 MOLP

Input: each patch X from PD-L1 slides and multiple labels y,
(seg)  y(cla)
Yy Yy N, N .

Step 1: feed {X, y, N.,,, N_,, Y*¥ Y| to MON;
Step 2 optimize MON with Eqs. (2)-(7);

A

< (seg) < (cla)
(+)9N(—)’Y g5Y 5Y(+)yY(—)} 5
Step 4: compute nucleus parameters in Subsection 3.2 with
X, Y, and Y _, according to Eqgs. (8)-(10).

Step 3: obtain {7,, N

A A

Output: 3,, N, , N_,, }(se@’ and  YCw ;
parameters (NA, NP, NC, NMAA, NMIA, NEL, NE, RGB
and HSV).

nucleus
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3 Experiments

3.1 Dataset

The original PD-L1 stained slides of LUSC are
provided by Shanghai Histo Pathology Diagnostic Center
and Fudan University Shanghai Cancer Center, China.
The dataset’™ used in this work contains 43 PD-L1
images with 1 000 pixel X 1 000 pixel cropped from
4 WSIs scanned with KF-PRO-120 (0.248 1 pm/pixel,
40 X magnification ). Each image is with a fully
annotated classification mask, as shown in Fig. 4. The
labels used for multi-objective learning, nucleus
segmentation mask, cell counts and TPS are easily
generated from this classification mask. These images
are randomly divided into two subsets: one with
35 images for training and the other with 9 images for
inference. After padding, each 1 000 pixel X
1 000 pixel image is further cropped into 256 patches,
each with 64 pixel x 64 pixel. The patches are direct
fed to the proposed network. Thus, each input patch
for Algorithm 1 can be denoted by X, with its real TPS
as y,, where i is the index of patches.

Fig. 4 Example from LUSC PD-L1 dataset; (a) 1 000 pixel X

1 000 pixel image with blue denoting tumor nuclei and
brown for membrane (the darker the brown is, the more
likely the tumor cell is to be positive) ; (b) classification
mask (red denotes TC(+) and green denotes TC(—))

3.2 Setup

The proposed MOLP is compared with various pre-
trained networks which are U-Net'"', U-Net + +'*
ResNet18, ResNet50 and ResNetl01*!. For TPS
regression, several FC layers and a sigmoid mapping
function are attached to the end of the competing models,
since they are originally designed for segmentation or
classification. As MOLP is optimized by the Adam
optimizer, the learning rate is set as 0.001, which is

multiplied by 0. 4 after every five epochs, the batch size
is set as 16, the weight decay is 8 x 107°, and the
maximum number of training epochs is set as 50. In
Eq. (7),A, =A,=1,A4,=0.5,andA, = A, = 10. The
other networks are fine-tuned with their parameters
adjusted with our best efforts. TPS estimation is
evaluated by a mean absolute error ( MAE)'* | 95%
confidence interval ( CI) indicating reliability of the
results and a Pearson correlation coefficient (PCC) with

p< 0.001 showing how consistent the results are with
3]

pathologists’ annotations' > . Nucleus  parameter
estimation is evaluated by a mean relative error
(MRE) "™ For evaluation of nucleus segmentation, a

dice index (DI) is computed ™. For cell classification,
overall accuracy ( OA), precision, recall and F1-score
are computed and classification maps are visualized"®'.
Meanwhile, with the nuclei and the background being
regarded as two different classes, the classification
indexes are also applied to the segmentation maps. The
indexes for each 64 pixelx64 pixel patch in the test set are
computed; the results for each 1 000 pixel X1 000 pixel
image obtained by titling its patch-wise segmentation/
classification maps are also evaluated. All the algorithms
are coded by PyTorch on a platform with 43 GB RAM
and RTX 2080 Ti GPU.

4 Results and Discussion

4.1 Main analytic results

The major results of MOLP, the estimated TPS and
nucleus parameters are presented in Tables 2 and 3,
respectively. The proposed system MOLP is able to
predict TPS with high confidence and compute nucleus
parameters for diagnosis practice. High CI and PCC
suggest that the approximated results are reliable. As
shown in Fig. 5, while for most images, the TPS
estimation errors are lower than 8% ; for the sixth test
image, the absolute error is as high as 26. 35%. This
is because there are too many TC ( —) which are not
properly identified. However, the error would not
affect diagnosis results according to the medical
thresholds in Subsection 3.1. In reality, the
predictions of the system would be only used as
reference for pathologists who normally leverage their a
high-level expertise in addition to the computational
results in the final decision.

Table 2 TPS estimation by MON

64 pixelx64 pixel patches

1 000 pixel x1 000 pixel images

Parameter

V% 3 /%  MAE 95% CI

pPCC

v/ % ¥, /% MAE 95% CI pPCC

Value 83.45 85.91 8. 62 (7.48,9.76)

0.72

84.43  87.12  4.97 (-0.56, 10.49) 0.97




226

CHEN Zhao, GUO Dangi, WANG Qian, et al.

Table 3 Average nucleus parameters given by NPE

Real Estimated MRE/ %
Nucleus parameter
TC(+) TC(-) TC(+) TC(-) TC(+) TC(-)
Si NA 970.771 1 244. 002 798. 037 1 951. 926 17.79 56.91
ize
NP 131.770 145. 651 107.973 192. 294 18. 06 32.02
NC 0. 664 0.713 0.751 0. 663 13.10 7.01
NMAA 47.514 52. 995 37.743 63. 154 20. 56 19. 17
Shape NMIA 30. 947 33.825 26. 726 42.782 13. 64 26. 48
NEL 1. 604 1. 626 1.422 1.474 11.35 9.35
NE 0.710 0.728 0. 641 0. 665 9.72 8. 65
R 133. 900 151. 929 138. 655 152. 905 3.55 0. 64
G 120. 990 152.938 131. 206 153. 847 8.44 0.59
Col B 124. 464 170. 424 140. 772 170. 497 13. 10 0.04
olor
H 88. 305 118. 283 113. 509 119. 688 28.54 1. 19
S 53.158 33.400 33. 465 31.331 37.05 6.19
\" 140. 469 171.233 147. 112 170. 952 4.73 0.16
3 Ground truth 2 Predicted TPS
] 100.00%
[92.41%
] 81.95%
[79.29%
|05.45°o
] 67.58%
T 365%
B ] 50.00%
£ ] 89.27%
A ]94.79%
] 100.00%
1 100.00%
] 100.00%
| 100.00%
| 99.57%
] 100.00%
] 100.00%
1 100.00%
0 20.00 40.00 60.00 80.00 100.00

TPS/%
Fig. 5 Bar charts of TPS for each 1 000 pixel X1 000 pixel image

Figure 6 visualizes distributions of shape parameters
for TC(+) and TC(—) by violin plots, where the width
of each “violin” denotes frequency and the box inside
shows median, interquartile range and 95% CI'™. It
demonstrates that the distributions of the estimated
parameters, especially NE, share some resemblance to
those of the real values. Ly/Eof TC(+) and TC(~-) are
very close, mostly ranging from 0.7 to 0.8, meaning

08 08k
g
S06; 306
3 £
04r & 04+
02 . ‘ 02" ‘ !
TC(+) TC(-) TC(+) TC(-)
ass Class

@ ®)

that the shapes of TC (+) and TC ( —) are not very
different, which can be reflected from the original slides
as shown in Fig. 4. Although the nucleus parameters
seem not to be able to direct indicate positive and
negative LUSC cells, they provide quantitative
information for the pathology analysis and could be used
for classification of different cells in other application
scenarios.

1.0¢ 1.0
08+ 0.8
Zosl 206

= £
Zo4r £04-
02+ oot
or , ok

TC TC(— Té—
O s O ©

©

TCI(+)
Class
(d)

Fig. 6 Violin plots of distributions of nucleus parameters in 1 000 pixelx1 000 pixel images;
(a) real NC; (b) estimated NC; (c¢) real NE; (d) estimated NE



Systematic PD-L1 Slide Analysis Based on Multi-Objective Learning

227

4.2 Auxiliary task performance

Figure 7 provides bar charts of indexes of individual
tasks for 1 000 pixelx1 000 pixel images in the test set. It
validates the robustness of MOLP in multi-tasking while
confirming that MOLP can predict TPS along with
diversified cellular information to enrich users ’
understanding of the PD-L1 slides. Figure 8 visualizes
segmentation, classification and counting results of
MOLP for a 1 000 pixel X1 000 pixel image in the test
set. It can be seen that most nuclei are correctly identified
by the predicted contour maps with low counting errors.
Although segmentation and classification errors are
inevitable, they do not affect TPS estimation or diagnosis

results, as indicated by the insignificant difference
between the real TPS and the estimated TPS in Fig. 5.
For example, there is only an error of 2.13% for TPS
estimation with the real TPS of 65. 45% and the estimated
value of 67. 58%. Both are much higher than the critical
threshold ( 50% ), indicating a high level of PD-L1
expression, according to Subsection 2.1. In computer-
aided LUSC diagnosis, these intermediate results are
mostly displayed on application interfaces as references
for the pathologists, showing the process of TPS
estimation and confidence about the estimated TPS, and
helping to make further decisions.
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(¢) MAE of counting and TPS estimation

(b)

(a)

26.35
25

—_
n S

MAE of TPS/%
S
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Bar charts of nucleus segmentation, classification and counting results by MOLP: (a) segmentation value; (b) classification value;

mmm Ground truth

123 = Estimated TC count

108

TC count

57 59

TC(+) TC(-)

Fig. 8 Visualization of nucleus classification contour maps and TPS results: (a) an original 1 000 pixelx1 000 pixel image; (b) real contour

maps overlaid on images; (c¢) contour maps generated from classification maps inferred by MOLP ( red indicates TC (+) and green
indicates TC(—=) ) ; (d) bar charts of real and estimated cell counts
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4.3 Efficacy of MON

After the feasibility and the efficacy of the whole
system are demonstrated, the performance of MON of
MOLP is analyzed in this part.

4.3.1 Comparative study

Table 4 gives MAE of TPS estimation by different
methods. MOLP outperforms the competing networks
widely used in cell-related tasks.

Table 4 MAE of TPS estimation by different methods

Method MAE of 64 pixelx64 pixel patches MAE of 1 000 pixelx1 000 pixel images
U-Net!" 14.17 15.57
U-Net++2 13.83 15.57
ResNet18" 14.15 7.07
ResNet50"" 14.52 14.21
ResNet1012" 16. 69 16. 42
MOLP 8.62 4.97

4.3.2 Ablation study

Table 5 presents the results of different ablated
models of MOLP. The complete MON outperforms the
ablated models at the 1 000 pixel X1 000 pixel image
level, validating the effectiveness of UNeXt as the
backbone of RB and the segmentation block in CB.

Table 5 MAE of TPS estimation of ablated models of MOLP
MAE of 1 000 pixelx

Model 1 000 pixel images
With U-Net instead of UNeXt for RB 7.44
w/0 RB 5.07
w/0 RB + w/o0 the segmentation 6.07
block in CB
MOLP 4.97

Note: w/o stands for without.

0 5 10 15 20 25 30 35 40 45 50
Epoch

(a)

4.4 Convergence of MON

Figure 9 proves the convergence of the overall loss and
each individual loss of MON, as defined in Egs. (2)—(7).
The smooth convergence curves clearly demonstrate
stability and efficiency of MOLP, as each loss converges
after proper training and different goals of multi-objective
learning are accomplished. Specifically, through the
convergence of the discrepancy loss defined in Eq. (7),
the gap between RB and CB is gradually narrowed and
the different features produced by the two branches are
integrated into one another. Learning a variety of
features, the network gains robustness to diversified
images and generalizability on multiple tasks, including
reducing TPS prediction errors.

Loss

0.15) | e :

0.10 e G

0 5 10 15 20 25 30 35 40 45 50
Epoch

(®)

Fig. 9 Convergence curves; (a) overall loss; (b) individual loss of MON

4.5 Discussion

The results presented above show that the proposed
MOLP can accurately predict TPS from the PD-L1 slides
and provide nucleus parameters. It improves TPS
estimation by multi-objective learning, lowering the TPS
errors via nucleus segmentation, classification and
counting. However, there are still some limitations to
overcome. The cell-recognition module could be

embedded with  better  multi-objective  learning
mechanisms to  improve nucleus segmentation,
classification, counting and eventually TPS estimation.
The NPE could be replaced with some trainable networks
and optimized with the cell-recognition module, forming
a larger end-to-end network and producing nucleus
parameters directly for pathologists.
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5 Conclusions

To facilitate LUSC diagnosis and treatment, this
work proposes a systematic method MOLP for predicting
TPS, cell counts, nucleus contours and categories from
the PD-L1 slides of LUSC. MOLP consists of two
stages: multi-objective learning and nucleus parameter
analysis. The main network MON comprises two
branches, namely CB and RB, whereas the former
estimates TPS via the cell analysis ( including nucleus
segmentation, classification and counting) and the latter
direct regresses TPS. The difference between these two
approximated values of TPS is minimized to gain
robustness. Moreover, segmentation and classification
results of CB are used to estimate the appearance
parameters of TCs to provide extra information for LUSC
diagnosis. Experiments on a large set of PD-L1 slides have
demonstrated feasibility, efficacy and stability of MOLP.
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Z H b RS E 0 PD-L1 Yy W i ik

oom, SAE, O, s, 2RE
1 ZRHERE TR SRR, i 201620
2. BigHis— NRERE BEE, L 200080

W OE. EMRIUH RS (lung squamous cell carcinoma, LUSC) AYAE/INH Al g (3897, BT
FEFFPESE T2 52 I&-FC /& 1 (programmed cell death-ligand 1, PD-L1) 384 5 i B M b 983 40 9 L 9] 37 53
(tumor proportion score, TPS) A ANAIT H BAEFLRMLHE ZKYE, MBIl (tumor cell, TC) WIF£S
B AE2 M 2 CEZE, AR DGl A Ak il i 6 58, (HAR AT — A58 — R HEZR AT DL ) B 3175
Y AN R R, bk, $EH T —M 2 BER2E S HESE (multi-objective learning pipeline, MOLP), M
LUSC 1 PD-L1 Yy il TPS | A%k H | A A, T B33 —A 5 3Gt
AL HAL S TPS, I3 — A4 S E @ A 53 il 35 TPS . MOLP il i e/ MEPE >4 3 19 TPS il 22 {F
et AV, A0ME AT S T S AR A ISR AL, AOUE R T TPS AT RIR R, Bl
MOLP BEB&Ah T8 40 L 4 SRS A LA T LUSC 1207, FE KBS RS A L SE 30 25 R UEWT T MOLP (19 7]
ATPEFAGZCPE . MOLP Tl (%) TPS 595 BB Ui (9 PF 20 SRR R Ge it b 0y 3 AH Gk P4 X8 2500
4.97 (95% EAFIX[H]: —-0.56~10.49), FZI/R#MHIKFRECN 0.97 (p<0.001),

KR BIPHIET ZA-BlA 1 (PD-L1) Ylk; BHPEROE AL FIE5r (TPS); Z HiR; 435 &
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