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Tertiary lymphoid structures (TLSs) have been associated with favorable immunotherapy responses
and prognosis in various cancers. Despite their significance, their quantification using multiplex
immunohistochemistry (mIHC) staining of T and B lymphocytes remains labor-intensive, limiting its
clinical utility. To address this challenge, we curated a dataset from matched mIHC and H&E whole-
slide images (WSls) and developed a deep learning model for automated segmentation of TLSs. The
model achieved Dice coefficients of 0.91 on the internal test set and 0.866 on the external validation
set, along with intersection over union (loU) scores of 0.819 and 0.787, respectively. The TLS ratio,
defined as the segmented TLS area over the total tissue area, correlated with B lymphocyte levels and
the expression of CXCL 13, a chemokine associated with TLS formation, in 6140 patients spanning 16
tumor types from The Cancer Genome Atlas (TCGA). The prognostic models for overall survival
indicated that the inclusion of the TLS ratio with TNM staging significantly enhanced the models’
discriminative ability, outperforming the traditional models that solely incorporated TNM staging, in 10
out of 15 TCGA tumor types. Furthermore, when applied to biopsied treatment-naive tumor samples,
higher TLS ratios predicted a positive immunotherapy response across multiple cohorts, including
specific therapies for esophageal squamous cell carcinoma, non-small cell lung cancer, and stomach
adenocarcinoma. In conclusion, our deep learning-based approach offers an automated and
reproducible method for TLS segmentation and quantification, highlighting its potential in predicting
immunotherapy response and informing cancer prognosis.

Tertiary lymphoid structures (TLSs) are organized aggregation of immune
cells resembling secondary lymphoid organs'™. While the mechanisms
governing TLS formation in tumor microenvironment remain unclear, its
presence associates with a positive immunotherapy response in multiple
cancers™”’. A recent clinical trial revealed that the presence of TLS in
advanced soft-tissue sarcomas predicts a favorable response to pem-
brolizumab treatment®, underscored its potential as a valuable biomarker for
predicting clinical efficacy of immunotherapy. Moreover, several meta-

analyses demonstrated the associations between the presence of TLS and
prolonged overall survival in gastrointestinal cancers’ and digestive system
cancers'’, further highlighting the clinical value of TLS across multiple
cancer types.

Currently, the gold standard to segment and quantify TLS is based on
pathological ~characteristics using multiplex immunohistochemistry
(mIHC) staining on T and B lymphocytes'"'”. However, mIHC is resource
intensive and not widely available, limiting its clinical utility. While
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experienced pathologists can potentially identify TLSs on hematoxylin and
eosin (H&E)-stained whole-slide images (WSIs)"*"*, but to our knowledge,
the sensitivity and accuracy of this approach to segment TLSs based on H&E
staining alone against the results established by mIHC are not systematically
evaluated.

With the rise of deep learning, automated histopathological feature
extraction has become feasible for a range of tasks, including cancer
grading'™'’, diagnosis”’""’, prognosis”*, and predicting immunotherapy
response””, molecular expression””’, and genetic alterations””’. Some
algorithms can even achieve diagnostic accuracy rivaling pathologists’. In
this work, we curated a dataset from matched mIHC and H&E WSIs and
developed a deep-learning approach that segments and calculates the TLS
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ratio (defined as the segmented TLS area divided by the tissue area) from
H&E WSIs. Subsequently, we validated the accuracy of our approach in The
Cancer Genome Atlas (TCGA), and evaluated the associations between TLS
ratios and overall survival across multiple cancer types. Finally, the TLS ratio
was assessed for predicting an immunotherapy response in various cohorts.

Results

Data collection and development of the TLS segmentation model
The overall study design is illustrated in Fig. 1. First, we generated a rigor-
ously curated dataset based on matched mIHC and H&E WSIs (part I of
Fig. 1), all at a magnification of 20x (0.5 pm/pixel), from 60 esophageal
squamous cell carcinoma (ESCC) patients and 5 non-small cell lung cancer
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IV. Assessment of the TLS ratios and immunotherapy outcomes in four independent cohorts

the STAD cohort

the ESCC cohort

Y

Estimate TLS ratios

association with

) |TLS ratios g
immunotherapy response

- |o L

-
two NSCLC cohorts

Fig. 1 | Overview of the study design and methodology. (I) We collected data from
65 patients diagnosed with either ESCC or NSCLC to obtain mIHC and H&E WSIs.
TLSs on the H&E WSIs were segmented based on the mIHC WSIs and were further
cropped into 22,497 tiles. (II) A deep learning approach was employed to auto-
matically segment TLSs and quantify the TLS ratio, which is calculated by dividing
the segmented TLS area by the tissue area. (III) Sixteen cancer cohorts from the

TCGA were used to evaluate potential correlations between the TLS ratios, mole-
cular signatures (B cell levels and CXCL13 expression), and prognostic outcomes.
(IV) We evaluated the associations between the TLS ratios and immunotherapy
responses in one ESCC cohort, two independent NSCLC cohorts, and one STAD
cohort. TCGA, The Cancer Genome Atlas, ESCC, esophageal squamous cell carci-
noma, NSCLC, non-small cell lung cancer, STAD, stomach adenocarcinoma.
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(NSCLC) patients (Supplementary Table 1). TLSs were identified based on
CD3 and CD20 staining and subsequently used as ground truth for the
segmentation of TLSs on consecutive H&E-stained slides from the same
individuals. The H&E WSIs and their TLS segmentations were cropped into
22,497 equally sized tiles (512 x 512 pixels, 256 mm x 256 mm) (Supple-
mentary Fig. 1) and randomly split into internal training, validation and test
sets in a ratio of 7:1:2 (Supplementary Table 2).

These tiles were then used to train a model to segment TLSs on H&E
WSIs. By using a modified encoder-decoder model based on EfficientNet-
b0*, we achieved a strong segmentation performance with a Dice coefficient
of 0.91 (95% confidence interval [CI]: 0.902-0.918) and an intersection over
union (IoU) of 0.819 (95% CI: 0.811-0.827) on the internal test set.
Moreover, the model showed excellent ability to discriminate TLSs, with
areas under the curve (AUCs) for the receiver operator characteristic (ROC)
curves (Supplementary Fig. 2a—c) reaching 0.981 (95% CI: 0.892-0.999),
0.965 (95% CI: 0.873-0.998), and 0.966 (95% CI: 0.869-0.989) for the
internal training, validation, and test sets, respectively. Examples of TLS
segmentation on the holdout internal test set were illustrated in Supple-
mentary Fig. 3. Evaluation of the model’s predictive accuracy was extended
by assessing the linear correlations between the predicted and observed TLS
area for each tile. These analyses revealed strong correlations across all three
internal data sets (all rho >0.89), with highly significant P values (all P
values < 0.0001) (Supplementary Fig. 4a—c). Additionally, our analysis did
not reveal any significant prediction bias across different samples, as the
IoUs for individual slides were consistently above 0.7 (Supplementary
Fig. 4d).

To further validate the accuracy of our model, we assembled an
external validation set comprised of five ESCC and ten NSCLC samples
obtained from the TCGA. From these H&E-stained WSIs, we generated a
total of 667 tiles for TLS segmentation. The performance of our model on
this external validation set remained robust, as evidenced by a Dice coeffi-
cient of 0.866 (95% CI: 0.855-0.877), an IoU 0f 0.787 (95% CI: 0.773-0.802),
and an AUC of 0.934 (95% CI: 0.838-0.968) (Supplementary Fig. 2d). A
significant linear correlation between the predicted and actual TLS areas per
tile was observed (rho =0.79, P value < 0.0001) (Supplementary Fig. 4e).
Moreover, the IoUs for individual slides were consistently above 0.6 (Sup-
plementary Fig. 4f). Collectively, these results underscore the robustness and
reliability of our deep learning model in TLS segmentation.

Deep learning pipeline for TLS ratio calculation

After TLS segmentation, we employed a deep-learning pipeline to cal-
culate the TLS ratio for each H&E WSI. As illustrated in the part II of Fig.
1, the pipeline comprised three distinct branches and comprehensive
details of these branches were provided in the Methods section. Briefly,
these branches were designed to determine the tissue area, segmented
TLS area, and lymphocyte count, respectively. The branch to determine
the tissue area employed the OTSU method from the OpenCV Python
package™, which segment the tissue region from the non-tissue back-
ground. The branch to determine lymphocyte count, specifically
designed to exclude small-sized TLSs, utilized the publicly available deep
learning model HoVer-Net™. This model is broadly used for segmenting
different cell types, particularly lymphocytes, from H&E WSIs™. Tiles
with a lymphocyte count exceeding 80 within the segmented TLSs were
retained for the TLS ratio calculation.

Estimated TLS ratios correlate with B lymphocyte levels and
CXCL13 expression across various TCGA tumor types

To evaluate the TLS ratios estimated by our approach, we first analyzed 74
ESCC and 936 NSCLC patients from the external TCGA. While mIHC data
was unavailable for these patients, they had H&E WSIs along with RNA
sequencing and DNA methylation data. We segmented TLSs (Supple-
mentary Fig. 5) estimated TLS ratios from H&E WSIs, and compared them
with molecular signatures reported to be correlated with TLSs (part III of
Fig. 1). It has been shown that most tumor-infiltrating B lymphocytes
aggregate inside TLSs® and the number of B cells correlates with the number

and area of TLSs". By analyzing RNA sequencing data for gene expression
levels and DNA methylation patterns, we were able to estimate the B cell
percentages in the samples based on molecular signatures of B cell-specific
genes. As expected, the estimated TLS ratios significantly correlated with the
percentage of B lymphocytes in both ESCC (rho = 0.46, P value < 0.0001)
(Fig. 2a) and NSCLC (rho = 0.26, P value < 0.0001) (Fig. 2b). TLS ratios also
correlated with the expression of CXCL13, a chemokine associated with TLS
formation™, in ESCC (rho =0.39, P value = 0.0062) (Fig. 2c) and NSCLC
(rho =0.31, P value < 0.0001) (Fig. 2d).

Since TLS morphology is similar across cancers, we tested our
approach in 14 additional TCGA tumor types (Supplementary Fig. 6).
Similarly, estimated TLS ratios significantly correlated with B cell levels (Fig.
2e, f and Supplementary Fig. 7) and CXCLI13 expression in these cancers
(Fig. 2g, h and Supplementary Fig. 8), suggesting broad applicability of our
approach.

Higher TLS ratios are associated with extended survival across
various TCGA tumor types

TLSs have been identified as a potential prognostic indicator across multiple
tumor types'. Thus, we explored the relationship between TLS ratios esti-
mated from H&E WSIs and overall survival in various tumor types. Uni-
variate survival analyses indicated that elevated TLS ratios correlated with
prolonged overall survival in ESCC (hazard ratio [HR]: 0.28; 95% CI:
0.090-0.84; P value=0.016) (Fig. 3a) and NSCLC (HR: 0.74; 95% CIL:
0.57-0.95; P value = 0.019) (Fig. 3b) from TCGA. This was further validated
in NSCLC cases from the Clinical Proteomic Tumor Analysis Consortium
(CPTAC) (HR: 0.40; 95% CI: 0.17-0.93; P value = 0.028) (Fig. 3c). Sub-
sequent multivariate analysis, adjusting for age, sex, and TNM staging
(depth of invasion, lymph node metastasis and distant metastasis), con-
firmed that the positive association of TLS ratios with increased overall
survival remains statistically significant for TCGA-ESCC, and marginally
significant for TCGA-NSCLC and CPTAC-NSCLC (Supplementary
Table 4).

In the other fourteen TCGA tumor types, ten of them also exhibited
significant associations with univariate analyses (Supplementary Fig. 9,
Supplementary Table 4). After adjusting for potential confounders, the
associations remain significant for head and neck squamous cell carcinoma,
prostate adenocarcinoma, colon and rectal cancer, and are marginally sig-
nificant for liver hepatocellular carcinoma, skin cutaneous melanoma,
pancreatic adenocarcinoma, testicular germ cell tumor (Supplementary
Table 4). Moreover, the concordance index (C-index) values and P values
obtained from the Cox regression models indicated that the inclusion of the
TLS ratio with TNM staging significantly enhanced the models’ dis-
criminative ability, outperforming the models that solely incorporated
TNM staging, in 10 of 15 TCGA cancer types (Supplementary Table 5).
Together, our findings underscore the potential of the TLS ratio as a
prognostic biomarker in a range of solid tumors.

Higher TLS ratios predicted a positive immunotherapy response
across multiple cohorts

Finally, we assessed the TLS ratio as a biomarker for predicting clinical
response to immunotherapy (part IV in Fig. 1). We estimated TLS ratios
from H&E-stained biopsied tumor tissues before immunotherapy treat-
ment. In an ESCC cohort (1 = 43) receiving anti-PD-1 monotherapy in trial
NCT02742935, TLS ratios were significantly higher in responders (33%,
n = 14) versus non-responders (67%, n = 29) (P value = 0.046) (Fig. 4a). In
two NSCLC cohorts given anti-PD-1 plus chemotherapy (n = 56) or anti-
PD-1 plus apatinib (an antiangiogenic agent) (n = 18), TLS ratios were also
significantly higher in responders compared to non-responders (P value =
0.035 and 0.015, respectively) (Fig. 4b, ). In a STAD cohort (n = 23) given
anti-PD-1 and chemoradiotherapy, higher TLS ratio also associated with
better immunotherapy response (P value = 0.047) (Fig. 4d). Overall, these
data indicate the TLS ratio assessed by our deep learning approach on
standard H&E histopathology images may provide useful prognostic and
predictive insights across multiple tumor types.
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Discussion

Recently, several deep learning models have been developed towards
automated segmentation of TLSs from H&E images in various tumor
types, including lung cancer’**® and gastrointestinal cancers'’. Wang et al.
extended its application by quantifying TLS density in lung adenocarci-
noma tissues and explored its prognostic value*’. Moreover, Rijthoven
etal. introduced a multi-resolution strategy to segment and quantify TLSs,
and applied these metrics as prognostic indicators in three distinct cancer
types”, highlighting the versatility of computational models in different
cancer contexts. Unlike these studies that depended solely on pathologists’
manual annotations of TLS without mIHC guidance, our study leveraged
mIHC markers—DAPI, CD3, and CD20—to identify TLSs, thus reducing
the influence of subjective human judgment. The robustness of the model

was assessed through both internal and external validation sets. Addi-
tionally, we developed a pipeline to calculate the TLS ratio, enabling the
automatic quantification of this metric. By employing our pipeline to
thousands of patients from various external data sets, we demonstrated
that estimated TLS ratios significantly correlated with established TLS-
associated molecular signatures, including B cell abundance and CXCL13
expression, suggesting the reliability of our approach to segment and
quantify TLSs across multiple cancer types. More importantly, the derived
TLS ratio holds promise as a robust pan-cancer biomarker that predicts
prognosis and a positive immunotherapy response.

A major strength of our approach is the high-quality training dataset
utilized, with TLS segmentation on H&E images verified through matched
mIHC images and manually reviewed by experienced pathologists. This
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Fig. 3 | Overall survival outcomes stratified by the TLS ratios. TLS ratios estimated by our approach predict prognosis in ESCC (a), NSCLC (b) from the TCGA, and
CPTAC-NSCLC (c) using univariate survival analysis. P values are calculated using a two-sided log-rank test.

robust training process enabled the development of an automated, con-
sistent model for precise TLS segmentation and quantification applicable to
ubiquitous H&E slides, without reliance on specialized assays. Despite an
imbalanced training dataset comprising sixty ESCC and five NSCLC tumor
tissues, which might lead to better performance in ESCC, independent
evaluation using the external validation set demonstrates that the IoU for
each individual NSCLC case is still above 0.65 (Supplementary Fig. 4f),
indicating satisfactory results. The strong correlation of estimated TLS
ratios with established TLS biology across various TCGA tumor types
provides confidence in its accuracy when applied to other cancer types.
Moreover, this standardized segmentation methodology may also be gen-
eralizable for segmenting and quantifying TLSs in contexts beyond cancer,
such as in autoimmune and infectious diseases. However, further bench-
marking of the model’s TLS segmentation performance against mIHC in
diverse diseases beyond ESCC and NSCLC would be valuable to formally
validate its broader applicability.

TLSs are specialized lymphoid aggregates that often form in response
to chronic inflammation”. They structurally and functionally resemble
secondary lymphoid organs, supporting germinal center reactions that
enable B cell activation and differentiation into plasma cells’. The presence
of TLS has been linked to productive anti-tumor immunity in multiple
cancers”. TLSs indicate an ongoing immune response and appear asso-
ciated with better prognosis and immunotherapy outcomes across multiple
cancers’. However, systematically evaluating TLSs currently requires mul-
tiplex imaging, which is resource-intensive and not widely available. Our
study provides evidence that TLSs can be quantified through computational
analysis of standard H&E histopathology images. Thus, it can be immedi-
ately applied to extract spatial and quantitative data on TLSs from abundant
archival samples. Pairing these computationally derived TLS metrics with

multi-omic data from the same samples provides an opportunity to uncover
the molecular mechanisms governing TLS biology and its function in
orchestrating anti-tumor immunity.

As immunotherapy expands, biomarkers to select patients and
understand resistance mechanisms are urgently needed. Our data com-
plements emerging evidence on the TLS ratio as an easily assessable pan-
cancer biomarker predicting improved immunotherapy outcomes™".
However, whether TLS ratios correlate with other established biomarkers,
such as microsatellite instability”, PD-1/PD-L1 expression®, and tumor
mutation burden, warrants further study. In addition, separating mature
from immature TLSs in our computational analysis could provide further
biological insights and potentially better predict immunotherapy response.
Mature TLSs with developed germinal centers likely promote stronger anti-
tumor immunity compared to immature ones'"*’. Dissecting these TLS
subtypes may refine the utility of the TLS ratio as a predictive biomarker.
Moreover, incorporating detailed clinical information about the cohorts
analyzed and assessing relationships between computationally derived TLS
metrics and other immunotherapy biomarkers could reveal if the TLS ratio
gives orthogonal or synergistic value for predicting immunotherapy out-
comes. This may enable improved response prediction compared to any
single biomarker.

Another limitation of our study is that TLSs have complex 3D
structures®, whereas we analyzed single 2D histological sections, which may
not fully recapitulate the entire TLS immunologic composition, especially in
small biopsied samples. While this methodological constraint is common
and affects many types of histopathological analyses, 2D histology remains
the standard in clinical settings due to its accessibility and feasibility. Studies
have indicated that certain 2D image features can serve as surrogates for
their 3D counterparts***, thus providing a feasible method for bridging the
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gap between practicality and accuracy. In fact, TLS areas calculated from 2D
histological sections have been validated as biomarkers for prognosis and
immunotherapy responses across various tumor types'**’. To mitigate this
issue and better represent the 3D nature of TLSs, we propose the use of
multiple non-consecutive sections from the same tumor to quantify and
average the TLS ratios. Assessing TLSs across multiple standard histology
images with our deep learning-based approach provides a practical way to
better approximate real 3D TLS distribution while still relying on routine
histopathology protocols. Further study with multi-slide analysis is war-
ranted to validate improved performance over single-slide quantification.
Additionally, the direct measurement of the number of TLSs from 2D
histological sections may represent another metric that warrants further
investigation.

Overall, we present a practical deep learning-based approach to extract
clinically useful insights from H&E histopathology images. The TLS ratio
provides a potential biomarker to stratify patients and illuminate cancer
biology. Quantitative spatial analyses of the immune context using standard-
of-care specimens could open avenues to improve immunotherapy.

Methods

Patients and data collection

Data used for the development of the TLS segmentation model was collected
from surgically resected tumor tissues acquired from two distinct groups at
the Zhongshan Hospital of Fudan University, Shanghai, China. Group one
comprised sixty patients with ESCC, who underwent 1-4 cycles (28 days per
cycle) of immunotherapy with combined anti-PD-1 blockade and che-
motherapy. Group two consisted of five NSCLC patients who received 2
cycles of combined anti-PD-1 blockade and chemotherapy, with each cycle
also lasting 28 days. The clinical characteristics of both groups are detailed in
Supplementary Table 1.

In evaluating the TLS ratios, we employed the publicly available TCGA
dataset. This dataset we used encompasses 6140 patients possessing H&E
WSIs, concomitant RNA sequencing, and DNA methylation data. Detailed
inclusion and exclusion criteria for each tumor types are described in Sup-
plementary Fig. 10. Sixteen distinct tumor types were examined to evaluate
correlations between estimated TLS ratios, molecular signatures, and prog-
nosis. NSCLC cases from the Clinical Proteomic Tumor Analysis Consortium
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(CPTAC) used for the survival analysis encompass 960 H&E slides from 209
patients, which include both CPTAC-LSCC" and CPTAC-LUAD*.

For evaluating the TLS ratio’s potential as an immunotherapy response
predictor, we gathered data from four independent cohorts of ESCC,
NSCLC, and STAD patients pre-therapy. The ESCC cohort (n =43) was
from a phase I clinical trial (NCT02742935)*>*. These patients, resistant or
intolerant to prior chemotherapy, underwent 4 cycles (28 days per cycle) of
treatment with the anti-PD-1 blockade (SHR-1210) at the Cancer Hospital
of the Chinese Academy of Medical Science, Beijing, China. Treatment
commenced at 60 mg and escalated to 200 mg and 400 mg, continuing until
disease progression or the onset of intolerable side effects. Biopsied tumor
tissues were procured as formalin-fixed paraffin-embedded (FFPE) samples
before immunotherapy treatment. The clinical response for each patient was
evaluated after treatment based on Response Evaluation Criteria in Solid
Tumors (RECIST) v1.1°'. Responders were defined as patients diagnosed
with a complete response, and partial response; and non-responders were
defined as patients diagnosed with stable disease, and progressive disease.

Two retrospective observational cohorts of NSCLC patients were
gathered from the Cancer Hospital of the Chinese Academy of Medical
Science, Beijing, China, from December 2021 to January 2023. The first
cohort consisted of 56 patients who underwent combined anti-PD-1
blockade and chemotherapy treatments. The second cohort comprised 18
patients treated with a combination of anti-PD-1 blockade (camrelizumab)
and an antiangiogenic agent (apatinib). Al NSCLC patients underwent two
cycles of immunotherapy treatment, each lasting 28 days, followed by
surgical resection of tumor tissues 1-month post-treatment. Prior to initi-
ating immunotherapy, FFPE tumor tissues were biopsied and subjected to
H&E staining. The post-treatment clinical response for individuals in both
cohorts was determined by expert pathologists who assessed the patholo-
gical response on surgically resected tumor specimens. Responders were
characterized as patients manifesting over 90% tumor reduction™.

Data pertaining to the STAD cohort (n=23) was retrospectively
acquired from the Neo-PLANET phase II trial (NCT03631615)”, con-
ducted at Zhongshan Hospital of Fudan University, Shanghai, China.
Detailed inclusion and exclusion criteria are described in Supplementary
Fig. 11. This investigation centered on immunotherapy, combining anti-
PD-1 with concurrent chemoradiotherapy for patients with locally
advanced adenocarcinoma of the stomach or gastroesophageal junction.
The treatment protocol entailed the administration of anti-PD-1 blockade
(capecitabine) at a dose of 850 mg/m” twice daily, paired with concurrent
radiotherapy spanning five weeks. This regimen was sandwiched by a 21-
day cycle featuring oxaliplatin at 130 mg/m’ on day 1 and capecitabine at
1000 mg/m” twice daily from days 1 to 14. Chemotherapy was concurrently
administered over five cycles, each spanning 21 days, followed by surgical
intervention after completing the total 15-week treatment period. Before
treatment, tumor specimens were acquired through gastroscopy biopsy and
subsequently stained with H&E. The post-treatment clinical responses of
these patients were determined based on the expert pathologists’ assessment
of the surgically resected tumor tissues. Responders in this cohort were
identified as patients with a residual tumor cell count under 10%™. A
detailed overview of these four cohorts is provided in Supplementary
Table 3.

Every participant provided their informed written consent prior to
their involvement in the study. All research procedures and protocols
adhered to the principles set forth in the Declaration of Helsinki. Ethical
approval for the study was granted by the Ethics Committees of the Cancer
Hospital, Chinese Academy of Medical Science (Beijing, China), and the
Zhongshan Hospital, Fudan University (Shanghai, China).

Collecting of WSIs

Surgically resected tumor tissues from 60 ESCC patients and 5 NSCLC
patients, processed as FFPE, were sectioned into 4 um slides. These were
subsequently stained for multiplex immunohistochemistry (mIHC) using
rabbit anti-human monoclonal CD3 antibody (ab16669, Abcam) and
mouse anti-human monoclonal CD20 antibody (14-0202-82, eBioscience).

Post staining, the slides were treated with fluorescence mounting medium
and underwent multispectral imaging at 20x magnification (0.5 um/pixel)
on the Vectra Polaris image system (Perkin Elmer). The channels designated
for imaging included Opal 520 for CD3, Opal 690 for CD20, and DAPI for
nuclei. These captured WSIs were subsequently visualized using Phenocart
(Perkin Elmer).

For H&E staining, consecutive FFPE slides were deparaffinized in
xylene and rehydrated through graded ethanol solutions. Slides were stained
with Mayer’s hematoxylin for 5 minutes, followed by washing in running
tap water for 5-10 minutes. Slides were differentiated in 1% acid alcohol
briefly and blued in 0.2% ammonia water or Scott’s solution. Eosin coun-
terstain was applied for 2 minutes. Following staining, slides were dehy-
drated through 95% and absolute alcohol, cleared in xylene, and mounted
with resinous mounting medium.

To increase the robustness of the deep learning model across various
H&E staining conditions, additional H&E staining was performed on con-
secutive slides from a random selection of nine ESCC patients. This involved
variations in both the duration of hematoxylin staining and the frequency/
duration of eosin incubation. The staining conditions were as follows:

¢ 2slides were stained with Mayer’s hematoxylin for 8 minutes, followed
by two eosin incubations of 2 minutes each.

* 2 slides stained with Mayer’s hematoxylin for 3 minutes, followed by a
single eosin incubation of 1 minute.

¢ 2 slides stained with Mayer’s hematoxylin for 3 minutes, followed by
two eosin incubations of 2 minutes each.

¢ 3slides stained with Mayer’s hematoxylin for 8 minutes, followed by a
single eosin incubation of 1 minute.

H&E-stained slides were digitized using a Perkin Elmer scanner at a
magnification of 20x, resulting in a resolution of 0.5 pm/pixel. Additionally,
22 H&E slides were imaged at a magnification of 20x (0.5 um/pixel) using
two alternative scanner brands (KFBIO and Olympus) (Supplementary
Table 2). Typically, it took approximately 5 minutes to digitize a H&E WSL
A total of 96 H&E WSIs, paired with 65 corresponding mIHC WSIs, were
generated and utilized for the development of the TLS segmentation model.

Processing of WSIs and TLS annotations in the internal data sets
TLS segmentation on the mIHC WSIs was conducted using the inForm
image analysis software (Perkin Elmer). Briefly, all regions of interest (ROIs)
spanning 930 um x 697 um, marked by aggregated lymphocytes based on
CD3 and CD20 staining, were manually selected. The inForm software™ was
used for cell segmentation, with the positivity thresholds for each marker set
and cataloged for subsequent analyses. Selected ROIs underwent manual
TLS segmentation based on CD3 and CD20 staining and used to establish a
TLS segmentation algorithm to include at least 50 CD3* or CD20" lym-
phocytes. After the completion of the TLS segmentation algorithm, the
remaining ROIs were batch-processed in the inForm, segregating them into
TLS and non-TLS areas. The segmented ROIs were then mapped back into
the WSIs to generate a comprehensive TLS segmentation of the mTHC WSIs.

Using the mIHC WSIs as ground truth, we manually generated TLS
segmentation masks on the H&E WSIs. Post segmentation, two experienced
pathologists (YQW with 12 years’ experience and DX] with 10 years’
experience) performed the validation on the TLSs segmentation masks of
the H&E WSIs using their mIHC counterparts. Using the OpenSlide Python
package, H&E WSIs at 20x magnification and their corresponding TLS
segmentation were cropped into 512 x 512-pixel tiles (256 pm x 256 pm)
using a sliding window approach, retaining a 50% overlap. Only tiles with a
TLS segmentation area exceeding 40% were curated. A total of 22,497 such
tiles and their corresponding TLS segmentation were extracted from the 96
H&E WSIs (Supplementary Fig. 1). These tiles were then randomly divided
into internal training, validation, and test sets in a ratio of 7:1:2, as detailed in
Supplementary Table 2.

To segment TLS using the deep learning model, we kept the magni-
fication of WSIs consistently at 20x. Each H&E WSI at 20x magnification
was cropped into 512 x512-pixel tiles (without overlap). For 40x
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magnification WSIs, 1024 x 1024-pixel tiles were cropped first, and then
downscaled to the 512 x 512-pixel resolution.

TLS annotations in the external validation set

From TCGA, we randomly selected five H&E-stained WSIs from ESCC and
ten WSIs from NSCLC (including five lung adenocarcinoma and five lung
squamous cell carcinoma). These WSIs were acquired either at 20x or 40x
magnification and manually annotated by delineating the border of TLSs
using the QuPath software™. The TLS segmentation annotations on these
WSIs were validated by two experienced pathologists, YQW and DX], each
with over a decade of professional experience in their field. Following this
validation, H&E WSTIs, together with their TLS segmentation annotations,
were cropped into a total of 667 non-overlapping tiles to constitute the
external validation set. The tile sizes were determined by their original
magnification, with tiles from 20x magnification WSIs sized at 512 x 512
pixels, and those from 40x magnification WSIs at 1024 x 1024 pixels.

Model development for TLS segmentation

TLSs are characterized by organized aggregations of T and B lymphocytes.
Therefore, an optimal algorithm for TLS segmentation should capture the
surrounding context of each cell to delineate a comprehensive TLS area.
While numerous deep learning algorithms for medical image segmentation
lean on UNet-like architectures, these often miss capturing pixel correla-
tions across different channels due to their fusion of low-level textual and
high-level semantic information. To address this, we adopted a previously
described encoder-decoder model’, which incorporated two specially
designed modules to capture contextual pixel correlations across various
channels. Briefly, we chosen the EfficientNet-b0* as the backbone of the
TLS segmentation model. We used the AdamW optimizer”’ to update the
network parameters. We set the batch size to 64, the number of epochs to
100, and the learning rate and weight decay both to le-4, as described
previously’. An early stopping operation was applied when the loss in the
validation set did not decrease after 10 epochs. Both the internal training and
validation sets were utilized exclusively for hyperparameter tuning. We
adjusted the model parameters to achieve the best performance on the
validation set. Once the optimal parameters were determined, the internal
test set was then employed solely for the final evaluation of the model.

The performance of the TLS segmentation model was evaluated by the
AUG:s for the ROC curves in the internal training, validation, test sets, and
external validation set (Supplementary Fig. 2). Briefly, we treated each image
as a pixel-level binary classification task. Pixels identified as part of TLS were
considered positive cases, while those not part of TLS were considered
negative. We converted our model’s prediction probabilities into binary
outcomes at various thresholds. This allowed us to calculate the True
Positive Rate (TPR) and False Positive Rate (FPR), which facilitated the
construction of the ROC curve and the computation of the AUC value.

In this study, pixels with a prediction probability for TLS segmentation
above 0.5 were classified as part of the TLS area. The intersection over union
was calculated by dividing the pixel count in the overlap between the pre-
dicted TLS area and the ground truth TLS area by the pixel count in the
combined area of both. To compute the Dice Coefficient, we first doubled
the pixel count in the intersection, then divided this by the total number of
pixels present in both the predicted and the ground truth TLS area. The total
TLS area used to compute the TLS ratio was the count of pixels predicted as
belonging to the TLS area.

Deep learning pipeline for TLS ratio calculation

The deep learning pipeline comprised three distinct branches, as illustrated
in part II of Fig. 1. In addition to the branch to determine segmented TLS
area, the pipeline comprised two branches designed to determine the
lymphocyte count and the tissue area, respectively.

Segmentation and quantification of lymphocytes were executed using
the publicly available deep learning model, HoVer-Net”. This model is
adept at segmenting four distinct cell types from H&E WSIs, namely lym-
phocytes, macrophages, epithelial cells, neutrophils. We adopted the model

pre-trained on the MoNuSAC2020 data sets™ to segment and enumerate
lymphocyte counts. Tiles of varying resolutions—either 512 X 512 pixels
(0.5um/ pixel, at 20 X magnification) or 1024 x 1024 pixels (0.25um/ pixel,
at 40 X magnification) were resized to a dimension of 512 X 512. A sliding
window approach without overlap, measuring 256 X 256 pixels, was then
applied to segment cell instances. We noted a co-localization of segmented
lymphocytes and TLSs (Supplementary Figs. 5 and 6), which emphasizes the
model’s accuracy in detecting lymphocytes. By aggregating the results across
all sliding windows, we enumerated the total lymphocyte count for each tile.
In this study, tiles with a lymphocyte count exceeding 80 within the seg-
mented TLSs were retained for the TLS ratio calculation.

Another branch to determine the tissue area employed the OTSU
method™ from the OpenCV Python package to segment the tissue region
from the non-tissue background. We applied various filters, including ‘fil-
ter_blue_pen’, ‘filter_green_pen’, and ‘filter_red_pen’ with default para-
meters from public codebase (https://github.com/deroneriksson/python-
wsi-preprocessing), to eliminate annotations made using differently colored
pens. The tissue area used to compute the TLS ratio was the count of pixels
predicted as belonging to the tissue region. Tiles, wherein the segmented
tissue area constitutes more than 10% of the entire tile area (equivalent to
26,214 pixels), were retained and processed further within the pipeline to
compute the TLS ratio. For each WSI, the TLS ratio was derived by dividing
the cumulative segmented TLS area by the total segmented tissue area. For
subjects with more than one H&E WSIs, the TLS ratio was averaged among
multiple WSIs.

Estimate the percentage of B lymphocytes

For each patient in the TCGA, estimated percentage of B lymphocytes was
determined by multiplying the overall leukocyte fraction with the estimated
B cell proportion. Using CIBERSORT, we estimated proportions for twelve
major immune cells from RNA-seq data. These cells included naive and
memory B cells, naive, resting, and activated memory CD4 T cells, among
others™. The estimated B cell proportion was a cumulative measure of naive,
memory B cells, and plasma cells. The overall leukocyte fraction, derived
from DNA methylation data, was obtained from the publicly released data®.

Prognostic implications of TLS ratios in the TCGA and CPTAC
Upon estimating the TLS ratios for each patient in the TCGA, we utilized the
surv_cutpoint function in the survminer R package to define the optimal
cutoff, categorizing patients into high or low TLS ratio groups, in each
cancer type®'. This categorization was based on the highest standardized log-
rank statistics. Both univariate and multivariate Cox regression analyses
were conducted to evaluate the impact of TLS ratio categories on overall
survival across various TCGA tumor types. Only patients who had complete
data for adjusted variables, including sex (male versus female), age (above 60
years versus 60 years or below), and TNM staging, were included in the
multivariate analysis (TCGA-SARC was excluded due to the lack of TNM
staging). For both univariate and multivariate survival analyses in CPTAC-
NSCLC, we used the optimal TLS ratio cutoff derived from the TCGA-
NSCLC to stratify patients into high or low TLS ratio groups. 95% Cls were
derived using the Wald test.

The C-indexes were determined in patients, who had complete data for
TNM staging, across various TCGA tumor types. For these patients,
C-indexes were calculated for three Cox regression models, each incor-
porating different sets of variables. The first model was based solely on the
TLS ratio. The second model included the TNM staging, and the third
model combined both TNM staging and the TLS ratio. A likelihood ratio
test was performed to compare the nested Cox regression models, parti-
cularly between the second and the third models, to evaluate the incremental
prognostic value of adding the TLS ratio to the conventional TNM staging in
these tumor types.

Statistical analyses
Hypothesis tests used to calculate P values were specified at corresponding
figure legends and tables. The deep learning model’s performance was
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assessed using metrics such as the intersection over union, Dice coefficient,
and CI. Survival curves were generated using the Kaplan-Meier method and
compared using the log-rank test. To calculate the AUC in the TLS seg-
mentation model, the 95% CI was calculated using 500 bootstrap replicates.
Spearman’s correlation coefficients were employed for the TCGA to cor-
relate TLS ratios with molecular signatures (B lymphocyte levels and
CXCLI3 expression). A P value below 0.05 in a two-sided analysis was
deemed significant. Analytical procedures were executed using Python
(version 3.7.12), R (version 4.1.0), and the SciPy package (version 1.7.3)

Hardware and software configuration

Our computational endeavors were predominantly facilitated by the
PyTorch package (version 1.10.0). OpenSlide (version 1.2.0) was used to
interpret WSIs. To convert images from various scanners into the ‘svs’
format compatible with OpenSlide, we employed the Pathomation software
(version 2.0.0). Prognostic analyses were conducted using R (version 4.1.0).
The SciPy python package (version 1.7.3) was employed for statistical
evaluations. The R package ggsurvfit (version 0.3.0) was used to plot overall
survival curves. For graphical illustrations, including dot and box plots,
Matplotlib (version 3.5.3) was utilized.

The design, training, and assessment of our deep learning model were
executed on a workstation with dual NVIDIA A100 GPUs, an AMD EPYC
7763 CPU (64 cores, 3.5 GHz), and 520 GB of random-access memory
(RAM). On average, it took about 20 minutes to calculate the TLS ratio from
an H&E WSI in the current settings.

Reporting summary
Further information on research design is available in the Nature Research
Reporting Summary linked to this article.

Data availability

The diagnostic whole-slide data and overall survival information from the
TCGA and corresponding labels are available from NIH Genomic Data
Commons (https://portal.gdc.cancer.gov/). The CXCL13 expression data
was obtained from UCSC XENA (https://xena.ucsc.edu/). The overall leu-
kocyte fraction, derived from DNA methylation data, was obtained from a
source (https://portal.gdc.cancer.gov/)*. The data sets of four cohorts
receiving ICB therapy and TLS segmentation data sets, including H&E and
mIHC WSIs, are available from the corresponding author upon reasonable
request. The CPTAC-LSCC* and CPTAC-LUAD* were downloaded from
The Cancer Imaging Archive (https://www.cancerimagingarchive.net/).

Code availability
All the codes used in this work are available at: https://github.com/
zonechen1994/A1_TLS_segmentation.
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