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Malignant mesothelioma (MM) is an aggressive cancer pri-
marily diagnosed on the basis of histological criteria1. The 
2015 World Health Organization classification subdivides 
mesothelioma tumors into three histological types: epitheli-
oid, biphasic and sarcomatoid MM. MM is a highly complex 
and heterogeneous disease, rendering its diagnosis and histo-
logical typing difficult and leading to suboptimal patient care 
and decisions regarding treatment modalities2. Here we have 
developed a new approach—based on deep convolutional 
neural networks—called MesoNet to accurately predict the 
overall survival of mesothelioma patients from whole-slide 
digitized images, without any pathologist-provided locally 
annotated regions. We validated MesoNet on both an inter-
nal validation cohort from the French MESOBANK and an 
independent cohort from The Cancer Genome Atlas (TCGA). 
We also demonstrated that the model was more accurate in 
predicting patient survival than using current pathology prac-
tices. Furthermore, unlike classical black-box deep learning 
methods, MesoNet identified regions contributing to patient 
outcome prediction. Strikingly, we found that these regions 
are mainly located in the stroma and are histological features 
associated with inflammation, cellular diversity and vacuol-
ization. These findings suggest that deep learning models can 
identify new features predictive of patient survival and poten-
tially lead to new biomarker discoveries.

MM is a rare, highly lethal cancer of the pleural lining. It is 
derived from the lining of the serous cavities and is associated with 
asbestos exposure in 80% of cases3,4. It can be latent for decades 
and, although strict regulations regarding asbestos use have been 
defined, its incidence rate is still expected to increase over the next 
few years5. Currently, diagnosis is established by pathologists via  
tissue biopsy, and patients are classified according to the 2015  
World Health Organization (WHO) classification1 into three con-
ventional histologic types: epithelioid MM (EMM), sarcomatoid 
MM (SMM) and biphasic MM (BMM), with BMM containing a 
mix of sarcomatoid and epithelioid components. EMM patients 
have the most favorable prognosis (median overall survival (OS) of 

16 months), whereas SMM patients have the worst prognosis (OS of 
5 months) and BMM patients have an intermediate prognosis6. This 
histological classification is of prognostic and therapeutic value7,8 
but is insufficient to cover the extreme variability in clinical features 
and patient outcomes in MM patients. This highlights the impor-
tant need for developing new methods to identify predictive bio-
markers consistently associated with survival2,9–11.

The advent of deep learning and the availability of thousands of his-
tology slides provides a new opportunity to revisit classical approaches 
to diagnosis and predicting patient outcomes12–21. However, this 
approach is usually seen as a black-box, where image features con-
tributing to the prediction are hardly intelligible. To address these 
limitations, we developed MesoNet, a deep learning algorithm specifi-
cally customized to analyze large images, such as whole-slide images 
(WSIs), without any local annotation by pathologists22.

To build MesoNet, we adapted a recently described algorithm 
specifically designed to address this scenario22. To create prediction 
models, our algorithm trains deep learning networks from WSIs23,24 
with only global data labels (Extended Fig. 1). First, WSIs from MM 
patients were preprocessed and divided into small 112 × 112 µm 
squares (224 × 224 pixels), called ‘tiles’. These tiles were fed into the 
network architecture, which assigned a ‘survival score’ to each tile, 
through an iterative learning process. Finally, the network selected 
the tiles of each WSI that were the most relevant to the prediction 
and used this limited number of tiles to predict patient OS (for a 
detailed description see Extended Methods).

To train and test MesoNet, we used a dataset of 2,981 slides 
from 2,981 pleural mesothelioma patients from multiple French 
institutions (MESOPATH/MESOBANK25) (for the detailed patient 
descriptions see Supplementary Table 1) and randomly divided it 
into a Train set (2,300 slides) and an entirely separate Test set (681 
slides). On the Train set, a fivefold cross-validation strategy was 
applied. The model was then trained on all 2,300 training slides 
and evaluated on the Test set of 681 slides. Moreover, a validation 
set of 56 WSIs from 56 MM patients from an independent dataset 
was obtained from the TCGA10 to test the robustness of MesoNet  
(Fig. 1) (Extended Methods).

Deep learning-based classification of 
mesothelioma improves prediction  
of patient outcome
Pierre Courtiol1,8, Charles Maussion1,8, Matahi Moarii1, Elodie Pronier1, Samuel Pilcer1, Meriem Sefta1, 
Pierre Manceron1, Sylvain Toldo1, Mikhail Zaslavskiy1, Nolwenn Le Stang   2, Nicolas Girard3,4, 
Olivier Elemento5, Andrew G. Nicholson6, Jean-Yves Blay   7, Françoise Galateau-Sallé2,8, 
Gilles Wainrib1,8 and Thomas Clozel   1,8*

NATurE MEDiCiNE | VOL 25 | OCTOBER 2019 | 1519–1525 | www.nature.com/naturemedicine 1519

mailto:thomas.clozel@owkin.com
http://orcid.org/0000-0001-9522-6552
http://orcid.org/0000-0001-7190-120X
http://orcid.org/0000-0002-9781-8938
http://www.nature.com/naturemedicine


Letters NATurE MEDICINE

We then compared MesoNet to the pathologist-provided histol-
ogy type (‘Histo’), ‘Histo/Grade’, a model combining histological 
type and tumor grade, and ‘Meanpool’, a naïve machine learning 

approach (see ‘Baseline and other deep learning models’ section 
in the Extended Methods). We used the c index to compare the 
predictive performance of each model (see ‘Assessment of the  
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Fig. 1 | MesoNet layout. Mesothelioma histology slides were collected from the MESOPATH/MESOBANK database and The Cancer Genome Atlas 
(TCGA). First, we trained a machine learning model to predict patient overall survival using 2,300 WSIs randomly chosen from a total of 2,981 slides 
taken from MESOBANK, without expert-derived annotations. The model was then tested on the remaining 681 slides from MESOBANK and validated on 
56 slides from TCGA. A predictive score was given to each tile of interest, positively or negatively associated with survival (see heatmap). Extremal tiles 
filtering allowed us to retain the more informative tiles for use by the model for prediction so as to achieve patient survival prediction (shaded area over 
the curve represents CI).

NATurE MEDiCiNE | VOL 25 | OCTOBER 2019 | 1519–1525 | www.nature.com/naturemedicine1520

http://www.nature.com/naturemedicine


LettersNATurE MEDICINE

performance’ section in the Extended Methods). MesoNet signifi-
cantly outperformed the baseline models on the cross-validation  
set from the Train dataset (cMesoNet(Train) = 0.642 versus  
cHisto(Train) = 0.596, P < 1 × 10−30, t-test), the Test dataset 
(cMesoNet(Test) = 0.643 versus cHisto(Test) = 0.598, P < 1 × 10−30, t-test)  
and the TCGA dataset (cMesoNet(TCGA) = 0.656 versus cHisto(TCGA) =  
0.590, P < 1 × 10−30, t-test), demonstrating the effectiveness of the 
algorithm in predicting patient outcome (Fig. 2a). MesoNet per-
formed slightly less well than Meanpool on the MESOBANK train-
ing and test sets (cMesoNet(Train) = 0.642 versus cMeanpool(Train) = 0.657, 
P < 1 × 10−30; cMesoNet(Test) = 0.643 versus cMeanpool(Test) = 0.649, 
P = 5.78 × 10−18, t-test) but significantly outperformed Meanpool 
on the TCGA dataset, for which the performance of Meanpool was 
much lower (cMesoNet(TCGA) = 0.656 versus cMeanpool(TCGA) = 0.581, 
P = 2.66 × 10−20, t-test), showing that MesoNet is robust when 
applied to an independent dataset (Fig. 2a), in contrast to aggre-
gated methods such as Meanpool, in accordance with previous 
studies22. MesoNet still outperformed classical models integrating 
age and gender (Extended Fig. 2). The TCGA dataset was graded 
following the 2015 WHO criteria26, similarly to the MESOBANK 
dataset (Supplementary Table 2).

Patients diagnosed with SMM are known to be associated with 
a worse prognosis8. In the Test dataset, this subgroup of 60 patients 
had a median survival of 7.2 months. By comparison, the set of 60 
patients predicted to have the worst prognosis by MesoNet consisted 
of a mix of the three histological types, with only 34% of SMM-
classified patients and 40% of EMM-classified patients. These two 
subgroups had comparable outcomes (P = 0.53, Fig. 2b, log-rank 
test), showing that MesoNet can extract predictive features that 
transcend the current histological classification and can identify a 
subgroup of epithelioid patients with a very poor prognosis.

Grade 1 EMM patients are considered to have the best prog-
nosis6. This group of 80 patients in the Test dataset had a median 
survival of 28.1 months. The 80 patients predicted to have the best 
survival by MesoNet were all epithelioid patients, with similar prog-
noses, but with a mix of different grades, showing that MesoNet can 
also extract predictive features orthogonal to tumor grade (Fig. 2c, 
P = 0.3, log-rank test).

The main advantage of MesoNet over histopathology-based clas-
sification is its ability to output a continuous risk score, instead of 
a discrete patient categorization. We split patients from the test set 
into equivalent groups of low, intermediate and high risk to provide 
a fair comparison. As expected, these three groups had significantly 
different outcomes over the entire dataset (Fig. 2d, P = 2.86 × 10−18, 
log-rank test). More importantly, we were also able to identify simi-
lar subgroups with significantly different outcomes amongst the set 
of EMM patients (Fig. 2d, P = 3.03 × 10−8, log-rank test) and within 
each grade (EMM grade 1, P = 0.016; EMM grade 2, P = 0.005; EMM 
grade 3, P = 0.022, log-rank test). This shows that MesoNet can pro-
vide risk scores independently of histological type and grade.

Another important aspect of MesoNet is its interpretability. The 
tile scoring system allows us to score each tile for a given patient. 
The resulting distribution is shifted towards negative values (resp. 
positive) for patients with a good (resp. poor) prognosis (Fig. 3a). 
This scoring system could provide a companion tool for patholo-
gists to identify known or new regions of interest associated with 
survival for each patient. We assessed the robustness of MesoNet 
to tissue sampling by comparing the similarity of predictive scores 
obtained for multiple biopsies from the same patient to the predic-
tive score from biopsies of other patients (see ‘Robustness of the 
prediction to tissue sampling’ section of the Extended Methods). 
The intra-individual variability was significantly lower than the 
inter-individual variability (two-sided t-test; P = 9.66 × 10−20), indi-
cating that MesoNet is robust to tissue sampling (Extended Fig. 3).

We next sought to obtain an overall understanding of histologi-
cal predictive features by aggregating all the tile scores from the 

2,981 slides of MESOBANK into a single distribution and extract-
ing the ones associated with high and low survival across patients 
(Fig. 3b). Two expert pathologists manually and independently 
reviewed these extremal tiles (n = 42, Extended Fig. 4a). Most low 
survival associated tiles were mainly localized in stromal regions, 
instead of within the tumors (ratio(low (resp high) survival tiles in 
stroma) = 34/42 (resp. 2/42), Fisher test, P = 2.8 × 10−13, Extended 
Fig. 4b). These tiles were moreover associated with a transitional 
pattern, a provisional histopathological pattern recently described2 
(ratio(transitional pattern in low (resp. high) survival tiles) = 11/42 
(resp. 0/42), Fisher test, P = 4.6 × 10−4, Extended Fig. 4b), corre-
sponding to a higher grade cellular morphology (ratio(grade 3 
in low (resp. high) survival tiles) = 31/42 (resp. 0/42), Fisher test, 
P = 9.1 × 10−14, Extended Fig. 4b) with atypical nuclei, and a charac-
teristic stromal response, consisting of cancer-associated fibroblasts 
with small vessels unevenly distributed together with inflammatory 
cells (Extended Fig. 4c). Other low survival tiles were focused on 
areas of vacuolated and atypical cells in a dense collagenous stro-
mal response, for which the malignancy of the region cannot be 
confidently assessed by the pathologist during an initial assessment 
without immunohistochemistry (ratio(vacuolization in low (resp. 
high) survival tiles) = 27/42 (resp. 0/42), Fisher test, P = 2.6 × 10−11, 
Extended Fig. 4b). We named these tiles ‘tiles of unknown sig-
nificance’ (TUS, Extended Fig. 4d). In contrast, high survival  
tiles showed a tubular architecture and were well vascularized 
(Extended Fig. 4b).

The two pathologists also analyzed the specific histological fea-
tures differentiating predictive and non-predictive tiles for low and 
high survival tiles, separately. For the most predictive tiles (n = 21 
by subgroup), we extracted nine predictive and non-predictive tiles 
based on the tile scores that were the most similar according to the 
vector of coefficient (Extended Fig. 5). Conversely, predictive high 
survival tiles were of lower-grade tumors, less pleomorphic, atypi-
cal and showed a greater inflammatory response (Extended Fig. 6). 
Low survival tiles were of higher-grade tumors, more pleomorphic, 
atypical and showing a lower inflammatory response (Extended  
Fig. 6). Moreover, independent of the patient classification, the 
overall presence of sarcomatoid patterns within a WSI was associ-
ated with a worse prognosis, independent of the pathologist diag-
nosis. These results validate that high pleomorphism, atypia and 
a lower inflammatory response are consistently associated with a 
lower survival and should be taken into account by pathologists for 
MM diagnosis and staging.

We then sought to analyze low survival tiles in the set of EMM 
patients with poor prognosis. We first confirmed that a large pro-
portion of poor prognosis tiles are associated with a sarcomatoid 
component (Fig. 4a, 39% of cases), showing that MesoNet can assist 
in detecting sarcomatoid regions that may have been missed dur-
ing the initial diagnosis, as well as the importance of these regions 
for disease outcome. Second, we found that a large proportion of 
poor prognosis tiles were of the epithelioid component (Fig. 4a, 
39% of cases), transitional or ‘unknown’ components (Fig. 4a, 22% 
of cases). Interestingly, recent studies demonstrated that a pleomor-
phic pattern was predictive of tumor aggressiveness in patients with 
EMM9,27, in accordance with our findings. Our analysis also showed 
that the poor survival tiles were mainly located in stromal regions 
(Fig. 4b), validating the importance of the tumor microenviron-
ment (TME)28. As expected, the tiles associated with high survival 
were all associated with an epithelioid component (data not shown).

CDKN2A/p16 expression and homozygous deletion (HD) were 
available for a subset of the MESOBANK (Supplementary Table 1)  
samples. While p16 expression and HD were associated with a 
worse prognosis (data not shown) in accordance with previous 
studies10,29, MesoNet predictive performance was significantly bet-
ter than a predictive model based on p16 expression/homozygous 
deletion only (cMesoNet(p16 measured patients in test) = 0.726 versus 
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Fig. 2 | Comparison of the performance between MesoNet and other histology-based models to predict MM patient overall survival. a, Distribution of the 
c index for the different predictive models on the Train (n = 2,300 slides), Test (n = 681 slides) and TCGA (n = 56 slides) datasets. b, Histological repartition of 
the 60 patients from the Test dataset with the worst prognosis, as predicted by MesoNet and a comparison of the outcome for the 60 sarcomatoid patients. 
c, Grade distribution of the 80 patients from the Test dataset with the best prognosis, as predicted by MesoNet and a comparison with the outcome for the 
80 grade 1 epithelioid patients. d, Survival analysis of the whole Test dataset (versus the EMM Test dataset) on the left (versus the right), split evenly into 
three subgroups of high, intermediate and low survival based on the prediction of MesoNet. e, Survival analysis of grade 1, 2 and 3 EMM patients, split evenly 
into two subgroups based on the prediction of MesoNet. The number of patients per EMM grade is indicated at the top of each graph in e. A two-sided  
log-rank test was performed in b–e and the exact P values are depicted in each panel. For the boxplots, whiskers represent the minima and the maxima.  
The middle line within the box represents the median. The upper and lower boundaries of the whiskers represent the 25th and 75th percentiles, respectively.
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cp16 = 0.625, t-test; P < 1 × 10−30; cMesoNet(HDp16 measured patients in 
test) = 0.706 versus cHDp16 = 0.59, P < 1 × 10−30).

We also compared the MesoNet risk score to additional biologi-
cal correlates available for the TCGA dataset. Only Ki67 expression 
was significantly correlated with MesoNet predicted score (correla-
tion = −0.315; Pearson correlation test, P = 0.02; Extended Fig. 7), a 
strong prognostic factor in MM30.

In conclusion, we have presented a novel and innovative deep 
learning framework for prognosis and prediction in MM based 
on histology slides. Our model, called MesoNet, was trained 
on the MESOBANK dataset and effectively predicts the OS of  

mesothelioma patients solely from WSIs of large thoracoscopy or 
small size needle biopsies. MesoNet is robust to external validation, 
and the CHOWDER framework22 is broadly applicable to other 
tumor and data types or, more importantly, to predict the response 
to treatment in a clinical setting. In addition, MesoNet can identify 
known predictive histological features, such as sarcomatoid com-
ponents, in samples originally classified as epithelioid, which could 
be useful in assisting pathologists in the histological classification 
of new biopsies. It can also identify new predictive histological fea-
tures in regions that were not previously known to contribute to the 
prognosis, such as stromal regions. Similar findings have already 
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been observed in other cancer types17,31 where a strong influence 
of the micro environment, and particularly the stroma, is associ-
ated with the response to therapies. This focus on the stroma fits 
with recent analyses of the TME in MM, which showed that ratios 
of infiltrated macrophages/lymphocytes were important prognos-
tic factors32. Altogether, these findings provide the foundation for 
future investigations into the TME impact on MM to direct target 
discovery research for a cancer without curative treatment.
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Methods
Datasets description. The MESOPATH/MESOBANK database is an exhaustive 
repository of French clinical data and histological samples pertaining to 
mesothelioma. Each French suspected case of mesothelioma is registered in this 
database and has been histologically certified through a standardized procedure 
and evaluated by three pathologist experts in the field without knowledge of 
prior diagnosis, exposure or outcome. The three pathologists systematically 
reviewed slides stained by hematoxylin, eosin and saffron (HES), and by a panel 
of 10 antibodies as follows: calretinin, EMA, CK5/6, pancytokeratin (AE1/AE3), 
WT1 and mesothelin (positive markers), CEA moabs, BerEP4, TTF-1, ER alpha, 
PAX8 and p40 (negative markers). The representative sections for evaluation 
were systematically scanned using a Leica AT2-400 scanner (Leica) at ×40 
magnification, associated with the Teleslide (tribvn) to obtain.scn files, which 
were then archived at the Léon Bérard Cancer Center with their epidemiological 
and clinical biological annotations. Pathology diagnosis were made following the 
WHO recommendation1, with classification into one of three types: epithelioid, 
sarcomatoid or biphasic. Patients were classified as biphasic if the sample contained 
at least 10% of both epithelioid and sarcomatoid components.

This cohort consisted of 2,981 patients for which digitized HES-stained 
mesothelioma histology slides (latter named WSIs), as well as additional clinical 
information, were available (Supplementary Table 1). A subset of the samples  
were collected through needle biopsies (n = 38). All the others were  
thoracoscopy biopsies.

For our validation set, we also used the diagnostic images from 56 
mesothelioma patients from the TCGA (one slide per patient). This dataset 
was used because TCGA slides were collected at different centers from the 
MESOBANK slides, using different slide coloration (H&E for TCGA versus HES 
for MESOPATH/MESOBANK) and different patients staging criteria (from ref. 33 
for TCGA and from ref. 26 for MESOPATH/MESOBANK). To compare predictive 
models, TCGA slides were graded following the same criteria as the MESOPATH/
MESOBANK dataset (Supplementary Table 2).

Molecular data. p16 HD status or p16 expression determined by immuno-
histochemistry were defined by MESOBANK as previously described2.

Data partitioning. We randomly partitioned the MESOPATH/MESOBANK 
dataset into a training dataset of 2,300 slides from 2,300 patients, which was used 
to train the model, and a test dataset of 681 slides from 681 patients, which  
was kept entirely separate to assess the performance of each model in an  
unbiased manner.

Detailed model structure. Our model architecture is divided into five parts 
(Extended Fig. 1):
•	 Matter extraction. We first detect the part of the image that indeed contains 

matter. This segmentation is performed using a U-Net neural-network 
approach34. All pixels are separated between two classes: pixels of the fore-
ground (containing the matter) and background.

•	 Tiling. We divide the part of the slides for which matter is detected into 
smaller images, called ‘tiles’, of fixed size (224 × 224 pixels). At least 20% of the 
tile must have been detected as foreground by the U-Net model to be consid-
ered as a tile of matter. The number of tiles depends on the size of the matter 
detected and can vary from a few hundred to 50,000. We thus decided to limit 
the extraction to 10,000 tiles, taking into consideration the computation time 
and required memory.

•	 Feature extraction. This is performed using the state-of-the-art ResNet-5035. 
Already pre-trained for any image recognition task, this network allows us to 
obtain 2,048 relevant features from each tile. We therefore obtain a matrix of 
10,000 (tiles) × 2,048 (features) for each slide. If there is not sufficient matter 
in the slide to extract 10,000 tiles, we perform a zero padding to fill the matrix. 
At the end of this step, we obtain a tensor with the following dimension: num-
ber of slides × 10,000 × 2,048.

•	 Top and negative instances. We then use a convolutional one-dimensional 
(1D) layer to create a score for each tile. This convolutional layer performs 
a weighted sum between all 2,048 features of the tile to obtain this score 
(weights of this sum are learned by the model). As our convolutional 1D layer 
is unbiased, we can be certain that all our zero-padding tiles have a score of 0 
and thus a reference for a totally uninformative tile. As previously described22, 
we then pick the 10 highest and the 10 lowest scores and use them as input for 
our last step. This architecture ensures which tiles are used to make the predic-
tions and, therefore, how our algorithm predicts the result.

•	 Multi-layer perceptron (MLP) classifier. The last step consists of a MLP with 
two fully connected layers of 200 and 100 neurons with sigmoid activation. 
This is the core of the predictive algorithm that transforms the scores from the 
tiles to a prediction.

Model improvements. We performed several improvements to the structure of the 
previous MesoNet model22:
•	 U-Net segmentation. In the original presentation of the MesoNet pipeline, 

segmentation was carried out using the Otsu algorithm, which is a generally  

used segmentation method that requires no training. However, this type 
of segmentation was not sufficiently robust and failed on slides containing 
artefacts, such as ink marks, for which it returned an empty mast (data not 
shown). We therefore decided to use the U-Net method. This was trained on 
a few hundred thumbnails of histology images in which matter was manually 
selected. Each thumbnail is an image of 256 × 256 pixels.

•	 Survival loss. MesoNet was previously applied to classification problems36. The 
last layer of the architecture was thus changed and switched from ‘softmax’ 
activation to linear activation, which better fits the prediction of survival and 
is similar to a regression problem. Furthermore, this problem is not equivalent 
to a regression, because of censored data, and requires a specific loss func-
tion, such as the Cox loss function, which allows the use of information from 
censored data.

•	 Auto-encoding. MesoNet can be subject to over fitting, like many models in 
machine learning. We solved this recurrent problem in machine learning by 
reducing the dimension of the input of the prediction part of the network to 
512 features instead of 2,048. We used an auto-encoder, which consists of a 
single hidden-layer architecture (of 512 neurons). This prevents our model 
from over fitting by finding several singular features in the training dataset and 
also reduces computation time and required memory. We trained it on 200 
tiles randomly selected from each slide (a total of 411,400 tiles). The model 
converged after three epochs to a mean squared error of 0.0235.

Assessment of performance. We used the c index to quantify the concordance 
between the predicted and true survival time of a set of patients. This metric is 
commonly used to evaluate and compare predictive models with censored data37. 
The c index evaluates whether predicted survival times are ranked in the same 
order as their true survival time. Because of censored data, the actual ordering 
of patient survival is not always available. For example, if patient i died at ti and 
patient j is still alive at ti and ti > tj, the actual order of this pair of patients’ survival 
is not available as patient j may or may not have died before ti. This pair of patients 
is defined as a non-admissible pair, in opposition to admissible pairs, where the 
actual order of patient survival is available.

The c index is defined as follows:

c index ¼ number of concordant pairs=number of admissible pairs

where concordant pairs are the pairs of patients that are correctly classified and 
admissible pairs are the pairs of patients that can be ordered. For example, (i, j) is 
admissible if patients i and j are not censored, or if patient i dies at t = k and patient 
j is censored at t > k. On the contrary, if patient i died at t = k′ and patient j is 
censored at t < k′, (i, j) is not admissible.

Comparative prognostic models. To compare our MesoNet model to a relevant 
level of performance, we developed three other methods to predict survival from 
the whole slide images:
•	 Histo is only based on the histological type and ranks each patient in  

three categories: poor prognosis for patients with SMM slides, medium  
prognosis for patient with BMM slides and good prognosis for patient  
with EMM slides.

•	 Histo/Grade consists of a XGBoost38 model trained on six features for each 
patient (three encoding the histological types (EMM, BMM or SMM) and 
three encoding the grading information (grade 1, 2 or 3)).

•	 Mean Pool is a simpler machine learning algorithm that follows the same first 
three steps as MesoNet (Extended Fig. 1). However, rather than sorting and 
selecting the tiles, we perform a simple mean aggregation to obtain 512  
features representative for our patient. We then train a linear regression to 
predict survival from those features.

In Extended Fig. 2 we also provide scores for several models where information 
regarding sex and age is added:
•	 Sex/age consists of a linear model trained on two features for each patient  

(one for age and one for sex).
•	 Histo/Grade/Sex/Age consists of an XGBoost model trained on eight features 

for each patient (three encoding histological types, three encoding grading 
information, one for age and one for sex).

•	 MesoNet/Sex/Age consists of a multimodal model using WSIs and the sex 
and age of each patient. The model is a variant of MesoNet where in step 5 of 
the CHOWDER algorithm (presented in Extended Fig. 1) we had a variable 
for sex and a variable for age along with the 10 largest and 10 lowest scores 
extracted from the WSI. An MLP is then trained to predict overall survival 
from those 22 variables.

•	 Meanpool/Sex/Age consists of a multimodal model using WSIs and the sex 
and age of each patient. The model is a variant of the Mean Pool model where 
we had a variable for sex and a variable for age along with the 512 features 
representative of the WSI. We then train a linear regression to predict survival 
from those 514 variables.

Robustness of the prediction to tissue sampling. Spatial intratumor heterogeneity 
might affect the prediction and the interpretation made by MesoNet. Multiple 
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biopsies (range 2–6) were available for 167 patients in the Test set. We computed 
the predicted risk scores for each biopsy sample and compared the maximum 
intra-individual variability to the inter-individual variability (Extended Fig. 6). 
The intra-individual variability distribution was significantly lower than the inter-
individual variability (two-sided t-test; P = 9.66 × 10−20), indicating that MesoNet is 
robust to intratumor heterogeneity.

Statistical methods. A two-sided Student t-test was performed to compare 
the performances between the different predictive models. A log-rank test was 
performed to compare the significance of different survival curves. A Pearson 
correlation test was performed to assess the significance of correlation between two 
covariates. For P values lower than the machine precision level (1 × 10−30), the exact 
P value was not reported but was indicated to be inferior to 1 × 10−30.

Ethical compliance. All MESOBANK participants signed an informed consent 
through their regional centers. The dataset was accessed under the approval of the 
Centre Léon Bérard IRB. CNIL authorization number, 913346; sample collection 
authorization, CCTRS/CPP/CNIL DR-2014-068; sample collection and usage 
authorization, DC-2008-586 and AC-2013-1806; substantial modification in 2018, 
AC-2018-3221; Rrenewal, AC-2019-3426; import–export authorization, IE-2016-858;  
MR004 declaration number, 2211136.

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

Data availability
The external validation TCGA dataset is publicly available at the TCGA portal 
(https://portal.gdc.cancer.gov). We provide a manifest linking to the sample IDs 
considered in the study (Supplementary Table 4). The MESOBANK/MESOPATH 
dataset that supports the findings of this study is available from the Centre Léon 
Bérard, but restrictions apply to its availability (used with permission for the 

current study), and so it is not publicly available. The data, or a test subset, may be 
available from the Centre Léon Bérard subject to ethical approvals.

Code availability
The code used for training the models has a large number of dependencies on 
internal tooling and its release is therefore not feasible. However, all experiments 
and implementation details are described thoroughly in the Methods so that it can 
be independently replicated with non-proprietary libraries.
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Extended Data Fig. 1 | MesoNet layout. Our prognosis prediction is composed of five steps. (1) The ‘tiling’ process divides the whole slide image into small 
tiles of 224 × 224 pixels. (2) Features are then extracted from each tile using ResNet-50. (3) Features are then auto-encoded to reduce the dimension to 
512 features per tile. (4) We use a convolutional 1D layer to score each tile. (5) Tiles associated with the largest and lowest scores are then retained to 
train a multilayer perceptron (MLP) to predict overall survival of the patient.
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Extended Data Fig. 2 | Comparison of the performance between MesoNet and models including additional non-pathology variables such as age and 
sex to predict MM patient overall survival. The c index distribution for different predictive models. For the box plots, whiskers represent the minima and 
maxima. The middle line within the box represents the median. The upper and lower boundaries of the whiskers represent the 25th and 75th percentiles, 
respectively. A two-sided t-test was performed to determine significance.
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Extended Data Fig. 3 | robustness of MesoNet to tissue sampling. Distributions of variability of the MesoNet prediction for the 167 patients where 
multiple biopsies were available. The boxplot on the left side represents the distribution of maximal intra-individual variability, that is, the absolute 
difference between the minimum score and maximum score predicted for all the slides from a single patient for all patients with multiple biopsies  
(n = 167 patients). The boxplot on the right side represents the inter-individual variability, that is, the absolute difference between the mean of the scores 
for all the slides of a given patient to the mean of the score for all patients with multiple biopsies (n = 167 patients). For the two boxplots, whiskers 
represent the minima and maxima. The middle line within the box represents the median. The upper and lower boundaries of the whiskers represent the 
25th and 75th percentiles, respectively. Significance was calculated using a two-sided t-test (P = 9.66 × 10−20).
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Extended Data Fig. 4 | Histological review of tiles of interest. a, Schematic of the reviewing process. b, Repartition of features of interests in low survival 
tiles (n = 42) and high survival tiles (n = 42). c, Tiles of low survival with a transitional pattern. d, Tiles of unknown significance, TUS. Scale bars, 112 µm.
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Extended Data Fig. 5 | illustration of predictive and non-predictive tiles selection. Similarity of predictive and non-predictive tiles to a given predictive tile 
of interest, calculated based on the vector of coefficients obtained with ResNet-50. Similar predictive and non-predictive tiles are then reviewed manually 
for each extremal tile by pathologists. Scale bars, 112 µm.
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Extended Data Fig. 6 | Comparative histological analysis of predictive and non-predictive tiles. Histogram of histological features associated with either 
predictive or non-predictive tiles that are similar to extremal tiles of high and low survival (n = 42). The review was performed independently by two 
mesothelioma pathologists.
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Extended Data Fig. 7 | Biological correlates. Correlation between MesoNet risk score and the Ki67 expression (n = 54 samples), the ploidy level (n = 36 
samples), the EMT score (n = 36 samples) and the leukocyte fraction (n = 36 samples) available for the TCGA dataset.
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The external validation TCGA dataset is publicly available at the TCGA portal (https://portal.gdc.cancer.gov). We added a manifest linking to the sample ids 
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considered in the study (Extended data table 4). The MESOBANK/MESOPATH dataset that supports the findings of this study is available from the Centre Léon 
Bérard but restrictions apply to the availability, which were used with permission for the current study, and so are not publicly available. The data , or a test subset, 
may be available from the Centre Léon Bérard subject to ethical approvals.
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Sample size The sample size (n=2,981 patients) was obtained because it is the exhaustive repository of mesothelioma patients from the MESOBANK 
 
database that was digitized.

Data exclusions Samples not classified as Epithelioid, Biphasic and Sarcomatoid were removed from the study.

Replication The results have been generated via a python notebook to guarantee that they can be reproduced easily. Experiments with a randomization 
part were performed multiple times to assess the reproducibility of the results.

Randomization Randomization of patients for cross-validation was performed completely at random without any stratification.

Blinding Histological typing was performed by expert pathologists from the MESOPATH consortium without knowledge of any clinical information from 
the patients. For the review of regions of interests, pathologists were independently assigned regions of interest to review and were not able 
to communicate on their results to each other so that there is no bias in each pathologist review.Histological typing was performed by expert 
pathologists from the MESOPATH consortium without knowledge of any clinical information from 
the patients. For the review of regions of interests, pathologists were independently assigned regions of interest to review and were not able 
to communicate on their results to each other so that there is no bias in each pathologist review.

Reporting for specific materials, systems and methods
We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material, 
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response. 
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Human research participants
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Population characteristics Samples from all patients diagnosed with mesothelioma in France are centralized into a national repository (MESOBANK / 
 
MESOPATH). Access to digitized samples was provided by the Centre Léon Bérard.

Recruitment All patients diagnosed with mesothelioma in France were recruited in the study. Slides were collected in each center and 
digitized and stored in an exhaustive repository by the Centre Léon Bérard. Histological typing was performed by 15 pathologists.

Ethics oversight All participants signed an informed consent through their regional centers. The dataset was accessed under the approval of the 
Centre Léon Bérard IRB. CNIL authorization number: 913346. Sample Collection authorization CCTRS/CPP/CNIL DR-2014-068.  
Sample Collection and usage authorization DC-2008-586 and AC-2013-1806. Substantial modification in 2018 (AC-2018-3221). 
Renewal (AC-2019-3426). Import-Export authorization IE-2016-858. MR004 declaration number 2211136.

Note that full information on the approval of the study protocol must also be provided in the manuscript.


	Deep learning-based classification of mesothelioma improves prediction of patient outcome
	Online content
	Acknowledgements
	Fig. 1 MesoNet layout.
	Fig. 2 Comparison of the performance between MesoNet and other histology-based models to predict MM patient overall survival.
	Fig. 3 Extraction of extremal tiles associated with prognosis to identify regions of interest.
	Fig. 4 Histological characterization and localization of tiles of interest in EMM patients with a poor prognosis.
	Extended Data Fig. 1 MesoNet layout.
	Extended Data Fig. 2 Comparison of the performance between MesoNet and models including additional non-pathology variables such as age and sex to predict MM patient overall survival.
	Extended Data Fig. 3 Robustness of MesoNet to tissue sampling.
	Extended Data Fig. 4 Histological review of tiles of interest.
	Extended Data Fig. 5 Illustration of predictive and non-predictive tiles selection.
	Extended Data Fig. 6 Comparative histological analysis of predictive and non-predictive tiles.
	Extended Data Fig. 7 Biological correlates.




