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Abstract

Introduction The Laurén classification is widely used for Gastric Cancer (GC) histology subtyping. However, this classifica-
tion is prone to interobserver variability and its prognostic value remains controversial. Deep Learning (DL)-based assess-
ment of hematoxylin and eosin (H&E) stained slides is a potentially useful tool to provide an additional layer of clinically
relevant information, but has not been systematically assessed in GC.

Objective We aimed to train, test and externally validate a deep learning-based classifier for GC histology subtyping using
routine H&E stained tissue sections from gastric adenocarcinomas and to assess its potential prognostic utility.

Methods We trained a binary classifier on intestinal and diffuse type GC whole slide images for a subset of the TCGA cohort
(N=166) using attention-based multiple instance learning. The ground truth of 166 GC was obtained by two expert patholo-
gists. We deployed the model on two external GC patient cohorts, one from Europe (N =322) and one from Japan (N =243).
We assessed classification performance using the Area Under the Receiver Operating Characteristic Curve (AUROC) and
prognostic value (overall, cancer specific and disease free survival) of the DL-based classifier with uni- and multivariate
Cox proportional hazard models and Kaplan—Meier curves with log-rank test statistics.

Results Internal validation using the TCGA GC cohort using five-fold cross-validation achieved a mean AUROC of
0.93 +0.07. External validation showed that the DL-based classifier can better stratify GC patients' 5-year survival com-
pared to pathologist-based Laurén classification for all survival endpoints, despite frequently divergent model-pathologist
classifications. Univariate overall survival Hazard Ratios (HRs) of pathologist-based Laurén classification (diffuse type
versus intestinal type) were 1.14 (95% Confidence Interval (CI) 0.66—1.44, p-value=0.51) and 1.23 (95% CI 0.96-1.43,
p-value =0.09) in the Japanese and European cohorts, respectively. DL-based histology classification resulted in HR of 1.46
(95% CI 1.18-1.65, p-value <0.005) and 1.41 (95% CI 1.20-1.57, p-value < 0.005), in the Japanese and European cohorts,
respectively. In diffuse type GC (as defined by the pathologist), classifying patients using the DL diffuse and intestinal
classifications provided a superior survival stratification, and demonstrated statistically significant survival stratification
when combined with pathologist classification for both the Asian (overall survival log-rank test p-value < 0.005, HR 1.43
(95% CI 1.05-1.66, p-value=0.03) and European cohorts (overall survival log-rank test p-value < 0.005, HR 1.56 (95% CI
1.16-1.76, p-value < 0.005)).

Conclusion Our study shows that gastric adenocarcinoma subtyping using pathologist’s Laurén classification as ground truth
can be performed using current state of the art DL techniques. Patient survival stratification seems to be better by DL-based
histology typing compared with expert pathologist histology typing. DL-based GC histology typing has potential as an aid in
subtyping. Further investigations are warranted to fully understand the underlying biological mechanisms for the improved
survival stratification despite apparent imperfect classification by the DL algorithm.

Keywords Gastric cancer histology - Laurén classification - Deep learning classifier - Prognostic utility - Survival
stratification - Hematoxylin - Eosin staining

Extended author information available on the last page of the article

@ Springer


http://crossmark.crossref.org/dialog/?doi=10.1007/s10120-023-01398-x&domain=pdf
http://orcid.org/0000-0002-3730-5348

Deep learning-based subtyping of gastric cancer histology predicts clinical outcome: a... 709

Introduction

The development and application of DL, Machine Learn-
ing (ML) and Artificial Intelligence-based methods and
techniques has seen an exponential rise within the field
of Computational Pathology over the past decade [1, 2].
In particular, computer vision-based DL techniques using
routine H&E-stained tissue sections have opened potential
avenues for clinically relevant DL-based assessment of
H&E-stained specimens [3-6].

GC is among the most prevalent cancers worldwide [7],
and the vast majority of GC are adenocarcinomas. Since
its introduction in 1965, the histopathological classifica-
tion system of Laurén (hereinafter referred to as Laurén) is
one of the most widely used histological classifications for
adenocarcinomas of the stomach in the West [8]. It identi-
fies two main histological subtypes: intestinal and diffuse
types. These subtypes are genetically distinct and asso-
ciated with different clinical outcomes. In the advanced
disease stage, diffuse type GC are typically considered to
be more aggressive resulting in poorer patient prognosis
compared with intestinal type GC [9]. Research has been
performed investigating the utility of Laurén for patient
management decisions and several clinical trials are cur-
rently ongoing randomizing patients to different treatment
options based on Laurén [9-14].

GC is well known for its high degree of histological
inter- and intratumoral heterogeneity which is most likely
the reason for high rates of intra- and interobserver vari-
ability of all known GC histological classification systems
including Laurén [15, 16]. The inter- and intratumoral
heterogeneity of GC and resulting challenges in accurate
and reproducible histological classification [17, 18] may
render prediction of patient outcomes difficult. The 4th
edition of the WHO classification defined for the first time
a ‘mixed type’ GC as presence of a poorly cohesive com-
ponent (diffuse type according to Laurén) in combination
with another histological subtype irrespective of relative
amounts of each component [19]. This may lead to a fur-
ther increase in interobserver variation of GC histology
classification. Furthermore, the variation in the extent of
tumor tissue sampling may lead to potentially ‘misclassi-
fied’ cases.

GC incidence is highest in Asian countries. In addition,
GC patients from these regions often have higher rates of
diffuse type GC and as such many Asian medical socie-
ties have developed their own histological classification
systems which is more similar to the WHO classification
system than to Laurén [20]. That said, conversion tables
between classifications have been published [21, 22].

To the best of our knowledge, while intestinal and
diffuse type GC has been attempted to be predicted

genetically [11], DL-based classification of GC into dif-
fuse and intestinal type has not previously been attempted
systematically using large cohorts with clinical follow-up
data. We have previously used DL to predict diffuse and
intestinal type GC, but these results, while encouraging,
were limited to a technical benchmark study [23].

We hypothesized that DL has the potential to reduce the
above-mentioned inter- and intra-observer variation in clas-
sifying histological subtypes in GC and thus may improve
accuracy and reproducibility of Laurén through its usage as
a classification aid for pathologists.

The primary objective of the present investigation was
to (1) establish a DL-based model to classify GC as diffuse
or intestinal type and to (2) test the model performance on
digital H&E-stained tissue sections from GC resection sam-
ples from European and Asian patients without outlining
tumor regions. The secondary objective was to determine
the hypothetical utility of such a model when used alongside
pathologist classifications.

Methods
Ethics statement and patient cohorts

This study was performed in accordance with the Declara-
tion of Helsinki. This study is a retrospective analysis of
digital images of anonymized archival tissue samples of
multiple cohorts of GC patients. The overall analysis was
approved by the Ethics board at University Hospital Carl
Gustav Carus, Dresden, Germany. The collection of patient
samples was approved by the Ethics board at each institu-
tion as described below. The KCCH cohort was obtained
from the Kanagawa Cancer Center Hospital in Yokohama,
Japan. The KIEL cohort was obtained from the Department
of Pathology, University Hospital Schleswig—Holstein,
Kiel, Germany and the analysis was approved by the local
ethical review board (D 453/10) of University Hospital
Schleswig—Holstein [24]. The clinicopathological charac-
teristics, inclusion and exclusion criteria of the KIEL and
KCCH cohorts have been previously described [24, 25].
All patients of both cohorts were treatment-naive at time
of surgical resection; i.e. patients did not receive neoadju-
vant chemotherapy. The remaining half of the KCCH cohort
received adjuvant chemotherapy. General population charac-
teristics of the cohorts are reported in Suppl. Table 1. This
study adheres to the TRIPOD guidelines (Suppl. Table 2,
Suppl. Figure 1) [26-28].

Experimental design and statistics

We trained all neural networks on the TCGA-GC (“TCGA-
STAD" in the original TCGA nomenclature) dataset via
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stratified five-fold cross-validation at patient-level (“within-
cohort experimentation” for Laurén). Expert pathologists
from Japan (TA) and the West (HIG) reclassified all avail-
able TCGA-GC H&E stained tissue sections (usually one
per case) according to the Laurén (Suppl. Table 3). Only
samples in which the original classification provided in the
TCGA database and the revised classification were identical
were used for training, validation and testing. The intention
of the previous procedure was the reduction of interobserver
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Fig. 1 Outline of the study and development of the classifier. A The
cohorts used for the present studies and their regional origin. B Over-
view of study methodology. C Sankey graph of how TCGA classifi-
cations changed when independently evaluated by our in-house expert
pathologist (HIG). D KMC for OS comparing pathologist-model una-
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variability in classification and thereby improving the qual-
ity of the ground truth. On the basis of acceptable perfor-
mance defined as a mean AUROC of greater than 85% of
the aforementioned folds with a lower standard deviation
(SD) above 80%, we proceeded to train a model using the
TCGA-GC dataset (N =166). The model was externally
validated on KCCH and KIEL separately (Fig. 1A). We
estimated survival probabilities using Kaplan—Meier curves
(KMCs) for both cohorts. The KMCs included those for:
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ity with when performing Laurén
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model predicted classifications, pathologist classifications,
model and pathologist agreement for each subtype as well
as model and pathologist disagreement for each subtype.
We performed pairwise log-rank tests using Overall Sur-
vival (OS) and Cancer-Specific Survival (CSS) for KIEL,
and OS, CSS and Disease-Free Survival (DFS) for KCCH
using the aforementioned stratifiers. A p value of <0.05 was
considered statistically significant. No correction for multi-
ple testing was applied.

Image preprocessing

All images from H&E-stained tissue sections obtained from
resection specimens used in our analysis were preprocessed
according to the “Aachen protocol for deep learning histo-
pathology” [29]. Whole Slide Images (WSIs) were obtained
using Hamamatsu C13210 and Leica Aperio digital slide
scanners for the KIEL and KCCH cohorts, respectively.
WSIs were tessellated into image tiles of 256 um edge
length, processed at 224 by 224 pixel edge length (effec-
tive resolution of 1.14 pm per pixel), normalized according
to ImageNet’s image statistics and augmented by rotation
up to 360° and vertical flipping. Tiles not containing tis-
sue and blurry tiles were automatically removed using the
edge quantity as described in previous studies [30]. Tiles in
the training set were color-normalized with the Macenko
method [4, 31]. We applied a DL technique known as atten-
tion Multiple Instance Learning (attMIL) [32], as described
previously [33, 34], to train our model. AttMIL addresses a
weakly supervised classification problem in which the objec-
tive is to predict a slide label from a collection of individual
tiles. This mechanism assigns a weight to each tile, reflect-
ing its importance for the classification task. The final case-
based score is obtained by summing the product of vectors
representing tiles generated by the embedding layer of the
neural network and their corresponding attention weights
and passing the resulting vector through a simple classi-
fier. The attention mechanism allows our model to focus on
the most informative regions within the whole slide image
while considering the contribution of other tiles as well. We
trained and tested a model on top of a frozen feature extrac-
tor trained with self-supervised learning. Wang et al. previ-
ously trained a ResNet-50 on 3200 WSIs from TCGA via the
RetCCL self-supervised learning algorithm [35]. We used
this pre-trained architecture to extract 2048 features per tile
(Fig. 1B).

Visualization and explainability

Visualization of morphological features relevant to the deci-
sion-making processes of DL models was important for: 1)

identifying unique phenotypic patterns for different biomark-
ers and 2) better comprehension of how a model’s output
was derived from its input data. For visualization, we plotted
highly scoring tiles (top tiles) and whole slide heatmaps.
The top tiles were the highest scoring tiles from patients
that were correctly classified with the strongest confidence,
i.e., with the highest registered probability scores obtained
from passing individual tiles through the attMIL model [36].
Finally, slide heatmaps displayed distributions of the tiles’
attention and prediction scores over a WSIL.

Results
Internal cross-validation of TCGA GC Laurén

The original TCGA database had N =238 labeled samples
(intestinal n =161, diffuse n=62, mixed n=15). Two expert
gastrointestinal pathologists (TA, HIG) reclassified the avail-
able H&E stained tissue sections as intestinal type n=129,
diffuse type n =63 using Laurén or mixed n=46 using the
WHO classification. Only GC in which there was concord-
ance between expert pathologist and original TCGA data-
base were used for model training, testing and validation
(Fig. 1C) leaving 166 GC (n=116 intestinal type, n=48
diffuse type and n =2 mixed type). By doing so, we ensured
that all training cases had a consistent and reliable classifi-
cation that was established in a fully blinded manner, while
still reflecting a consensus among the experts. As there were
only two GC classified as mixed type in both classifications,
these GC were excluded from further analyses.

We performed five-fold cross-validation on the TCGA-
GC dataset and achieved a mean AUROC of 93% with a
lower SD of 86% (Fig. 1D-E). As the performance met
our predefined conditions, we proceeded to train a binary
classifier (intestinal type versus diffuse type) on the TCGA
GC dataset and used this model for all further external
validation.

DL-based histological GC classification and survival

Our single TCGA model was deployed on the KIEL and
KCCH cohorts. N=29 (33.3%) GC from the Kiel cohort and
N=282 (54.3%) GC from the KCCH cohort that were origi-
nally classified as diffuse type were reclassified as intestinal
type by the DL model (Fig. 2A, D).

In the KCCH and the KIEL cohort, there was no signifi-
cant difference in 5-year OS, CSS or DFS using the histo-
logical classification originally provided by the pathologist
(intestinal type, diffuse type, mixed type) to stratify patients.
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When using the DL-based histological classifier, there
was a significantly poorer survival of the DL model-based
diffuse type compared to the DL-based intestinal type in
both cohorts (Fig. 2B, 2C, 2E, 2F, Suppl. Tables 4-5).

When performing univariate and multivariate (control-
ling for age, sex, UICC TNM stage, microsatellite insta-
bility (MSI), Epstein—-Barr Virus (EBV)-, HER2- and
cMET-status in the KIEL cohort, and in the KCCH cohort
the aforementioned variables as well as tumor location,
KRAS- and BRAF-mutation status, treatment type (surgery
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alone vs surgery followed by adjuvant chemotherapy), gas-
trectomy type and splenectomy status) Cox proportional
hazards regression analyses, pathologist classification of
diffuse and intestinal type GC was not related to survival
(Suppl. Table 8, Suppl. Table 10). In contrast, univari-
ate models stratifying patients by DL-based diffuse and
intestinal type showed a significant relationship with all
survival types in both cohorts. The DL-based classifier
proved to be an independent prognostic marker in mul-
tivariate models in the KIEL cohort (Suppl. Table 11).
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model for 5-year overall survival in the KIEL cohort using model
predictions. D Forest plot for multivariate Cox proportional hazards
model for 5-year overall survival in the KIEL Cohort using patholo-
gist classifications. E Forest plot for Cox proportional hazards model
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value below 0.05 (p values of 0.06, 0.12 and 0.06 for OS,
CSS and DFS, respectively) (Fig. 3A-D). Notably, even
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the lowest HR generated from DL-based classifier (multi-
variate CSS on the KCCH cohort) was higher than the best
HR generated from pathologist-labeled data (univariate
CSS on the KIEL cohort) (Fig. 3E-F).

Interpretability of DL-based histological
classification

We qualitatively assessed a selection of attention and heat-
maps for WSI’s in which the DL-based classification disa-
greed with the pathologist’s classification, as well as WSI’s
in which the pathologist’s classification was ‘mixed-type’.
(Fig. 4A) It seemed that the disagreement between DL-based
classification and pathologist’s classification might be more
common in poorly differentiated cancer. In the cases classi-
fied as mixed type by the pathologist, the DL-based classifier
mainly highlighted areas with intestinal type cancer. Due
to the binary nature of the classifier, DL would categorize
WSTI’s containing intestinal and diffuse type features accord-
ing to the majority of tiles falling in one of the categories.
Furthermore, the presence of extracellular mucin in WSI’s
led to inaccurate attention by the model negatively impact-
ing the model’s accuracy (Fig. 4B). Additionally, artifacts
related to cell death and autolysis appear to be misinter-
preted as diffuse type GC by the DL model.

Utility of model classifications in conjunction
with pathologist classifications

As patient survival stratification seemed to be improved
when using the DL-based classification in particular for DL-
based diffuse type GC, we considered the model’s potential
utility when combined with pathologist labeling so as to
classify a GC as diffuse type with more certainty (Fig. SA).
We performed a subgroup analysis of patients classified as
diffuse type by the pathologist (n =87 and n=151 for KIEL
and KCCH respectively), and stratified patients into those
where the model agreed with the pathologist’s classification
and those where the model classified the cancer as intestinal
type and investigated the relationship with survival of this
new groupings. In both the KCCH and KIEL cohorts, we
observed statistically significant survival stratification for
all available survival types. We determined this through the
log-rank tests as well as Cox proportional hazards regres-
sion. We observed a noticeable stratification in KMCs
(Fig. 5B—C). Notably, the cases classified by the model as
intestinal broadly follow the same survival trendline as the
true intestinal population.

@ Springer

Limitations

All specimens were obtained from resection specimens,
however, tumor cell morphology changes from the tumor
surface to the center and invasion front. Thus, it remains to
be shown whether the DL-based classification can be applied
to endoscopic tumor biopsies as treatment decisions for GC
patients with resectable disease have to be made at the time
of the diagnostic biopsy. Additionally, the highly heteroge-
neous nature of GC means that single tissue sections, as was
used in the present study, may not be fully representative of
the whole tumor. We also recognize that future work could
benefit from investigating strategies for selecting the most
representative sections of the tumor, taking into consid-
eration the challenges posed by intratumoral heterogeneity
in GC classification. Finally, we recognize the concern of
overfitting in the TCGA cohort and acknowledge that some
degree of overfitting is inevitable. We nonetheless believe
that this study demonstrates the potential of DL-based his-
tology typing as an aid in subtyping, serving as a strong
foundation for further investigation.

Discussion

Laurén is a commonly used method for histologic subtyp-
ing in GC. Nevertheless, this classification is subjective
with high interobserver variation, and there remains a lack
of consensus regarding its value as a prognostic tool. To
the best of our knowledge, this is the first study to attempt
Laurén prediction in GC using current state-of-the-art DL
techniques in a systematic manner. Our results show that
a model trained on TCGA GC WSIs using pathologist’s
Laurén as ground truth achieves an excellent performance
when internally cross-validated with an AUROC of 93%.
Furthermore, we show that despite imperfect external
validation performance, the DL-based histological sub-
type was able to stratify patients by survival whereas the
pathologist-based Laurén (ground truth) did not. These
findings seem to suggest that a DL-based histology sub-
type model trained on the pathologist’s Laurén classifica-
tion and not trained on the survival data is able to predict
patient survival. Up to 54% of GC classified as intestinal
type by the DL model were originally classified as diffuse
type by the pathologist. This relatively large number of
reclassified cases using the DL-based classification could
explain why the pathologist-based Laurén subtypes did not
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«Fig. 4 Interpretability of DL models. A Unaltered whole slide image
along with the attention and classification maps for the same regions
generated by our model for a slide labeled as intestinal the patholo-
gist and diffuse by our model. Brighter regions in the attention map
indicate greater importance by the model. Redder regions in the heat
map indicate the model evaluating the region as increasingly intes-
tinal type in nature. B Unaltered whole slide image along with the
attention and classification maps for the same regions generated by
our model for a slide labeled as intestinal the pathologist and diffuse
by our model. Brighter regions in the attention map indicate greater
importance by the model. Bluer regions in the heat map indicate the
model evaluating the region as increasingly diffuse type in nature

stratify patients by survival. This could reflect the known
difficulties pathologists have to decide whether a poorly
differentiated cancer should be classified as intestinal type
or diffuse type. Further detailed quantitative analyses of
the misclassified cases are needed to fully understand the
prognostic relationship.

In our study, we observed a discrepancy between the high
accuracy of the DL model in the TCGA dataset and its per-
formance in the external datasets. However, it is important
to emphasize that our primary objective was to assess the
potential prognostic utility of the DL-based classifier for GC
histology subtyping, rather than achieving perfect alignment
with the Laurén classification. One has to realize that a DL-
based model attempting to predict histological phenotype in
GC will not fully reproduce the human decision-making pro-
cess, e.g. the way pathologists establish the histological sub-
type according to the Lauren classification for a particular
case. Pathologists may have a more nuanced view, evaluating
the histological features on an intestinal-diffuse continuum
to reach a final decision about the histological subtype. This
strongly differs from the strictly dichotomous nature of the
DL-based classifier based on the majority of patches classi-
fied as a certain subtype. Thus, because of the known hetero-
geneity of GC and the above explained majority call by the
DL model, it is expected that during post-hoc evaluation of
the DL-based classification by an expert pathologist, some
of the DL model classification were found to be inaccurate.
Nonetheless, survival stratification of patients appeared to
be superior when using DL-based histological subtypes.
This could indicate that the model is focused on a subset
of histological features which happen to be prognostically
relevant which are currently not recognized as such by the
pathologist. It would be of clinical value to further scrutinize
these histological slides, potentially using a different set of
image analysis tools, to identify these prognostically relevant
features so pathologists can learn to understand and recog-
nize these themselves in the future. Alternatively, one could
consider using a DL-based model to assist in the diagnostic
process. The Laurén classification may not always be suit-
able for image analysis to predict the prognosis of patients.
As an alternative, developing a ML-original classification
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could potentially yield better results. Consequently, we pro-
pose to investigate the development of such a classification
system and compare its performance and similarity with
conventional classification methods, including the Laurén
classification. This would enable us to explore new avenues
for predicting patient prognosis through image analysis,
and could provide valuable insights for refining our current
models.

In DL classification tasks within the field of computa-
tional histopathology, pathologist’s classification is gener-
ally treated as the ground truth when training the model
[37]. Models are thus trained as best possible to imitate
the pathologist’s classification. As a logical step from this,
receiver operating characteristic curves and precision recall
curves measuring the ability of the model to match patholo-
gist classification are usually used as the primary form of
model validation. However, in the case of certain classifica-
tion tasks known to have high interobserver disagreement,
one must consider carefully whether or not such method-
ologies are able to capture model performance accurately.
Models are, as a general principle, only as good as the data
they are trained, tested and validated on. There is an appre-
ciable need for greater access and utilization of endpoints
with greater objectivity such as survival, treatment response
and other metrics with a lower propensity for imprecision
and inaccuracies. These metrics are not without their own
set of pitfalls, such a disagreement in treatment response or
unclear cause of death due to a paucity of autopsies. How-
ever, these outcomes nonetheless serve to provide additional
dimensions for interpreting the strengths and weaknesses
of a given model. As such, when developing a model in
which the ground truth is subjective and known for high
levels of inter- and intra-observer disagreement, it may be
worthwhile to incorporate such metrics to provide a more
holistic perspective.

Conclusion

Our study shows that gastric adenocarcinoma subtyping
on the basis of the Laurén classification can be performed
using current state of the art deep learning techniques.
Our DL-based classifier was able to stratify patients by
survival, whereas the pathologist-based histology subtype
was unable to do so. This seems to be primarily driven by
the model reclassifying many resections as intestinal type
which were originally classified as diffuse type. Further
validation in endoscopic biopsies and detailed investiga-
tion to identify the histological survival-relevant features
recognized by the DL model but not the pathologist are
warranted.
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fied into the worst prognosis group. In the event of model-pathologist
discordance, the patient will be stratified into the intermediate prog-
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