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A B S T R A C T   

Background: Barrett’s esophagus (BE) is a precursor lesion of esophageal adenocarcinoma and may progress from 
non-dysplastic through low-grade dysplasia (LGD) to high-grade dysplasia (HGD) and cancer. Grading BE is of 
crucial prognostic value and is currently based on the subjective evaluation of biopsies. This study aims to 
investigate the potential of machine learning (ML) using spatially resolved molecular data from mass spec-
trometry imaging (MSI) and histological data from microscopic hematoxylin and eosin (H&E)-stained imaging 
for computer-aided diagnosis and prognosis of BE. 
Methods: Biopsies from 57 patients were considered, divided into non-dysplastic (n = 15), LGD non-progressive 
(n = 14), LGD progressive (n = 14), and HGD (n = 14). MSI experiments were conducted at 50 × 50 μm spatial 
resolution per pixel corresponding to a tile size of 96x96 pixels in the co-registered H&E images, making a total 
of 144,823 tiles for the whole dataset. 
Results: ML models were trained to distinguish epithelial tissue from stroma with area-under-the-curve (AUC) 
values of 0.89 (MSI) and 0.95 (H&E)) and dysplastic grade (AUC of 0.97 (MSI) and 0.85 (H&E)) on a tile level, 
and low-grade progressors from non-progressors on a patient level (accuracies of 0.72 (MSI) and 0.48 (H&E)). 
Conclusions: In summary, while the H&E-based classifier was best at distinguishing tissue types, the MSI-based 
model was more accurate at distinguishing dysplastic grades and patients at progression risk, which demon-
strates the complementarity of both approaches. Data are available via ProteomeXchange with identifier 
PXD028949.   

1. Introduction 

Esophageal adenocarcinoma (EAC) remains one of the deadliest 
cancers with a 5-year survival rate of less than 20% [1] and Barrett’s 
esophagus (BE) is the only known precursor lesion. BE is a condition of 

the distal esophagus where the stratified squamous epithelium is 
replaced by columnar epithelium with goblet cells due to gastroesoph-
ageal reflux disease [2]. BE may progress from non-dysplastic meta-
plasia (NDBE) through low-grade dysplasia (LGD), to high-grade 
dysplasia (HGD) and esophageal adenocarcinoma (EAC). A histopa-
thology diagnosis of LGD is an important independent risk factor to 
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develop EAC [3]. This diagnosis however is hampered by inter- and 
intra-observer variability and international guidelines therefore 

mandate a second opinion. The individual rate of progression from BE 
patients with LGD to HGD/EAC is difficult to evaluate on hematoxylin 
and eosin (H&E) slides using light microscopy and ranges between 0.6 
and 13.4% per patient per year [4]. Due to the lack of reliable indicators 
of progression, current clinical treatment guidelines for LGD patients are 
not well defined and range from immediate local treatments to further 
endoscopic surveillance [5]. Currently no objective biomarkers exist to 
identify BE patients with LGD that quickly progress to HGD and EAC 
from LGD lesions that remain stable for years. 

Computer-aided diagnostics of histological images and new molec-
ular imaging modalities are therefore needed to assist the pathologist in 
grading BE lesions and give a reliable prediction of the disease 
progression. 

For the molecular analysis of histological tissue section, mass spec-
trometry imaging (MSI) is a young technique in expansion. MSI enables 
the acquisition of spatially resolved molecular profiles from tissue sec-
tions without any labelling. MSI has demonstrated during the past 
decade to be a powerful tool to extract clinically relevant information 
beyond histology from the molecular setup of different cancer types [6]. 
In the context of EAC, the group of Walch and coworkers has already 
used MSI to find several proteins to be indicative of poor survival, 
metastasis, and chemosensitivity [7]. 

MSI and histology can be used in combination and we hypothesize 
that the complementarity of both can potentially reinforce the accurate 
grading of BE and prognosis. From a technical point of view, both im-
aging modalities (optical microscopy and MSI) provide copious amounts 
of data: histological images are usually high resolution whereas MSI 
data is high-dimensional in its feature space, making them both suited 
for machine learning (ML) approaches [8]. 

Our general objective is to investigate ML solutions applied to MSI 
and H&E data and analyse its ability to discriminate epithelial from 
stromal tissue and to classify BE samples according to the grade of 
dysplasia. We propose here a workflow based on ML, which can classify 
the tissue between epithelial tissue and stroma and display where the 
classifier identifies dysplastic areas of interest in the epithelial region. 
This way the experts can focus on the specific region of the H&E stained 
slides. This would provide a cheap and fast auxiliary observation and 
would help the experts to give a faster and more accurate diagnosis. The 
second aim of the study is to use ML solutions to distinguish LGD-lesions 
at risk to progress from those that display stable disease. 

2. Methods 

2.1. Patient material 

Formalin-fixed paraffin-embedded (FFPE) esophagus tissue biopsies 
were retrieved from the archives of the Department of Pathology of the 
Amsterdam UMC, location Meibergdreef. A total of 57 biopsy samples 
from 57 patients were collected and covered the complete spectrum of 
BE, ranging from NDBE (n = 15) to LGD (n = 28) and HGD (n = 14). 
Based on the patients’ follow-up LGD samples were sub-classified into 
LGD non-progressors (n = 14, no progression to HGD or EAC within a 
period of two years) and LGD progressors (n = 14, developed HGD or 
EAC within 2 years). All samples were anonymized for further use and 
did not require approval from the relevant Institutional Ethics Com-
mittee under applicable local regulatory law (‘Code of conduct’, 
FEDERA). 

2.2. Mass spectrometry imaging experiments 

For this unique dataset, FFPE esophagus tissue samples were cut at 5 
μm thickness and randomly distributed on a total of 19 indium tin oxide- 
coated conductive glass slides (Delta Technologies). For MSI peptide 
measurements, samples were prepared as previously described by Vos 
et al. in [9]. Briefly, samples were deparaffinised with xylene, exposed to 
antigen-retrieval and on-tissue tryptic digested using the Antigen 
Retriever 2100 (Aptum Biologics, UK) and a SunCollect pneumatic 
sprayer (SunChrom GmbH, Germany), respectively. After a 17h long 
incubation, alpha-cyano-4-hydroxycinnamic acid was applied using the 
same SunCollect sprayer. Before MSI, optical images of the glass slides 
were taken with a high-quality film scanner (Nikon LS-5000) with a true 
optical resolution of 4000 dpi (i.e. one pixel is 6.35 μm) in order to 
define the measurement region. This image therefore acts as anchor 
image and is later also used to co-register high-resolution H&E images to 
the MSI data. MSI experiments were performed at 50 μm lateral pixel 
size (40 × 40 μm laser beam scan range) on a rapifleX MALDI-ToF mass 
spectrometer (Bruker Daltonics) in reflectron and positive-ion mode 
within an m/z range of 800–3000. The instrument was calibrated be-
forehand using Red Phosphorus. Line scan sequence was non-random (i. 
e. spectra are acquired sequentially from upper left to lower right). 
Random walk within one pixel was deactivated and 700 spectra were 
averaged per pixel with a MALDI laser repetition rate of 10 kHz. All 
individual spectra underwent on-the-fly smoothing (Savitzky-Golay 5%) 
and baseline subtraction (TopHat). Digitization rate was 1.25 GS/s 
resulting in 55,000 data points per spectrum (i.e. per MSI pixel), which 
was reduced to 80% of its original size in FlexImaging (Bruker Dal-
tonics). MSI datasets contained on average 4500 MSI pixels (min =
1370; max = 11,647) and were exported separately as imzML files from 
FlexImaging. 

2.3. Hematoxylin and eosin staining 

The same tissue sections analysed by MSI were concurrently stained 
with H&E to minimize possible staining differences. For this, the matrix 
was first washed-off from the slides using 70% ethanol for 2–3 min, 
followed by a 3 min wash with Milli Q water. Slides were stained with 
hematoxylin (3 min), washed for 3 min with tap water to remove excess 
hematoxylin, then stained with eosin (30 s), washed again with tap 
water for 3 min to remove excess eosin, followed by a 1 min ethanol 
wash and a 30 s xylene wash before attaching coverslips to the slides 
using Entellan as a mounting medium. The stained slides were scanned 
with a digital slide scanner at 20x magnification (Mirax Desk, Carl Zeiss 
MicroImaging, Göttingen, Germany). Tissue scans were exported using 
Pannoramic Viewer (3DHistech, Hungary) in JPG file format (at 90% 
quality compression and at original resolution), resulting in pixel sizes of 
0.52x0.52 μm2. The images were superposed to the MALDI-MSI data in 
FlexImaging using a 3-control-point co-registration of previously 

List of abbreviations 

AUC area under the curve 
BE Barrett’s esophagus 
CBAM Convolutional Block Attention Module 
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H&E hematoxylin and eosin stained tissue scans 
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applied fiducial markers. Stained tissue sections were annotated by an 
expert pathologist according to the tissue type (epithelial/stroma) and 
BE grade. In order to evaluate the co-registration quality, all datasets 
were individually inspected visually. In all cases, the eye-estimated 
average error (<10 μm) was significantly smaller than the laser spot 
size (50 μm) (Supplement Fig.1). An example of the aligned information 
comprising histological images, MSI, and annotations is shown in Fig. 1. 

2.4. MSI data pre-processing 

A recalibration was performed in Flex Analysis v3.4 using the lock 
masses m/z 842.510 and 1045.564 with a peak assignment tolerance of 
500 ppm and m/z 1303.615, 1508.750, 1833.954, 1835.957, 2104.190, 
2105.190, 2106.190 with a tolerance of 250 ppm. All recalibrated MSI 
data, coregistered H&E images, and annotations were imported to SCiLS 
Lab (Bruker Daltonik) where each spectrum was normalized to its total- 
ion-count (TIC). From SCiLS Lab, the overall spectra from on- and off- 
tissue regions were exported to mMass (http://www.mmass.org/) for 
peak picking using the following parameters: (1) Baseline correction 
precision = 40; (2) Peak-picking: S/N 5.0; Picking height = 90; (3) 
Deisotoping: maximum charge = 1, isotope mass tolerance m/z = 0.15, 
isotope intensity tolerance = 70%, isotope mass shift = 0.0. The peak 
picking lists from on- and off-tissue were subsequently compared with a 
tolerance of 0.2 Da and common peaks were removed from the on-tissue 
peak list after visual inspection and confirmation (Supplement Table 1). 
This final peak list (Supplement Table 2) was then imported, together 
with the imzML files and the histological images of every patient, into 
Python 3.7. All of these data are available via ProteomeXchange 
(https://www.ebi.ac.uk/pride/) using the identifier PXD028949. In 
Python, the mass spectrometry pixels were normalized to their total-ion- 
count before extracting the maximum intensity for every peak in its ±
0.5 m/z interval across all MSI spectra. 

2.5. MSI and histology data extraction 

Data extraction was performed using Python 3.7 with ImzMLParser 
and OpenCV libraries. Affine geometric transformations were performed 
in order to spatially link MSI and H&E based on the co-registrations 
previously done in FlexImaging, which were accessible via the respec-
tive .mis XML files. These files also contained the annotations as sets of 

Fig. 1. Illustration of the multimodal imaging data 
used in this study. Three increasing magnification 
levels (left to right) of the three spatially co-registered 
layers of information and their size-matched repre-
sentation on a tile level are shown in one of the 
Barrett’s esophagus tissue biopsies: (a) The H&E- 
stained microscopic image (b) the manual patholog-
ical annotations made by an expert pathologist on the 
same H&E image in this case indicating the glandular 
areas (grey colour) and (c) the MSI data, here repre-
sented by the visualization of a particular mass 
channel (m/z 957.5) which co-localizes with the 
glandular areas shown in (b). Abbreviations used: 
H&E, hematoxylin and eosin-stained tissue scans; 
MSI, mass spectrometry imaging; TIC, total-ion- 
count.   

Table 1 
Number of tiles distributed over the different grades and tissue types Abbrevi-
ations used: NDBE, non-dysplastic Barrett Esophagus; LGD, low-grade dysplasia; 
HGD: high-grade dysplasia.  

Data Portion of the total 
tiles [%] 

Portion of epithelial 
tissue [%] 

Total number of 
tiles 

Stroma 50% – 72516 
NDBE 36% 73% 52704 
LGD 8% 16% 11615 
HGD 6% 11% 7988 
Total 100% 100% 144823  

Table 2 
Tile-based classifier performance for predicting tissue type and grade on the test 
sets. Abbreviations used: H&E, hematoxylin and eosin-stained tissue scans; MSI, 
mass spectrometry imaging.  

Prediction 
of … 

Data 
type 

Labels Precision Recall f1- 
score 

Support 
(number 
of tiles) 

Tissue type MSI Epithelial 
tissue 

0.80 0.81 0.81 10602 

Stroma 0.81 0.82 0.80 11121 
H&E Epithelial 

tissue 
0.89 0.87 0.88 10602 

Stroma 0.88 0.90 0.89 11121 
Grade MSI Non 

dysplastic 
Barrett’s 
Esophagus 

0.97 0.84 0.90 7836 

Low-grade 
dysplasia 

0.68 0.90 0.77 1787 

High-grade 
dysplasia 

0.70 0.98 0.82 1224 

H&E Non 
dysplastic 
Barrett’s 
Esophagus 

0.93 0.70 0.80 7836 

Low-grade 
dysplasia 

0.37 0.75 0.50 1787 

High-grade 
dysplasia 

0.44 0.47 0.45 1224  
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polygonal coordinates (Supplement Fig. 2). For each of the MSI pixels 
(see Fig. 1 c), the corresponding histological patch was extracted with a 
size of 96x96 pixels (see Fig. 1 a). Henceforth, the word “tile” will be 
used to describe both the MSI pixel and the matching histological patch. 
The histology tiles were labelled according to the annotation of the 
centre pixel. 

2.6. Machine learning models 

For each modality (MSI and H&E), three tile-based ML classifiers 
were trained: the first classified the tiles between epithelial tissue and 
stroma (tissue type prediction), the second predicted the dysplastic 
grade of a tile, and the third the progression of dysplasia on a patient 
level. The data was randomly split into training, validation, and test 
datasets in a ratio of 0.70/0.15/0.15, respectively. For the patient-level 
classifiers, we performed a leave-one-patient-out cross validation 
(LOPOCV) by excluding the data of one patient from the training/vali-
dation sets and splitting the training dataset and validation dataset in a 
ratio of 0.90/0.10 and repeat the process for all the patients. The model 
was computed using Pytorch 1.2.0 on Python 3.7, on a GPU-clusters of 
10 GPUs (NVIDIA GeForce RTX 2080 Ti). The implementation of the 
machine learning models can be found at: https://github.com/precision 
-medicine-um/ML-and-MS-in-esophageal-cancer.git. 

2.7. Tissue type prediction 

The signals of each MS-tile were rescaled by multiplying all values by 
a factor 105 for a better compliance in the software. Then, the features 
were mapped with a Gaussian distribution per patient with Box-Cox 
transformation in order to obtain a similar range of signal intensities 
in all datasets and to remove possible patient/acquisition biases. After 
pre-processing, the parameters of three models were optimized on the 
training dataset with three independent grid searches: The impurity 
measure, the number of estimators, and the maximum depth for random 
forest (RF), the weight decay, the batch size, the hidden layer sizes, the 
maximum iteration, and the optimizer for multi-layer perceptron (MLP), 
and the learning rate, the number of estimators, the maximum depth, the 
minimum child weight, and subsample for XGBoost. The rest of the 
parameters were the default parameters from the python library scikit- 
learn 0.24.2. The three models were then merged with an ensemble 
modelling method, a voting classifier, which used argmax function to 
obtain a final probability class prediction. The pipeline can be found as 
flowchart in Supplement Fig. 3. 

As the H&E and MSI datasets were co-registered, we could use the 
equivalent split of H&E data to form the training dataset and validation 

dataset and all the tiles were resized to 224x224 pixels to match the 
required input size of the DL model. A data augmentation step using the 
library albumentations within Python was applied to the training 
dataset where transformations were applied on the images with a 
probability of 0.5 for each augmentation: rotation by 90◦, transposition, 
flipping around the horizontal/vertical or both axes, random intensity 
filtering, and random affine transformations. All the tiles were normal-
ized on the three channels individually (red, green, and blue). We used a 
Convolutional Block Attention Module (CBAM) [10] with Resnet50 as 
the backbone [11] as proposed by the work of Tomita et al. [12] with 
minor modifications. The CBAM was added between two convolutional 
blocks, aggregating max pooling and average pooling into a channel 
attention module and a spatial attention module to focus on represen-
tation. The parameters chosen were binary cross-entropy and Adam 
optimizer with a learning rate of 4x10− 4. The model was trained on 
batches of 600 tiles. The training stopped once the loss on the validation 
dataset stopped decreasing after one epoch. Then, the model was eval-
uated on the test dataset using test time augmentation. Ten different 
augmentation functions were used on the test dataset, such as a 90◦

rotation, transposition, horizontal and vertical flip. The model gave a 
probability per class for each transformation following which the tissue 
type predictions were averaged, and the class predicted with the highest 
probability was chosen. The workflows for the MSI and H&E data are 
presented in Fig. 2. 

2.8. Grade of dysplasia prediction 

The workflow for grade prediction on a tile-level follows the same 
workflow as described for tissue type prediction (see in Fig. 2) for MSI 
and H&E with the difference that the analysis focuses only on tiles from 
the epithelial regions since BE grading is based on morphological 
changes in the epithelial structures [13]. As the dataset was highly un-
balanced, undersampling was performed in the proportion of the 
high-grade tiles (lowest number of tiles), choosing randomly the tiles 
among the 3 classes to not overfit during the training phase. 

2.9. Multi-modal classifier 

For the two different tasks, the same approach was pursued to 
establish a multi-modal classifier: we extracted the last layer of features 
from the trained DL model (2048 features) and combined them to the 
mass spectrometry features. Then we used grid-search in combination 
with a MLP to obtain an optimized classifier. 

Fig. 2. Workflow for the prediction of tissue type (using all tiles) and grading (using tiles belonging to epithelial tissue only) on a tile-level using the MSI data (top 
row) and H&E data (bottom row). Abbreviations used: CBAM, Convolutional Block Attention Module; H&E, hematoxylin and eosin-stained tissue scans; MSI, mass 
spectrometry imaging. 
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2.10. Identify low grade dysplasia progression 

To predict the progression of BE dysplasia, only the tiles belonging to 
epithelial tissue from 25 patients annotated with LGD regions were 
considered. We used a LOPOCV where, at each iteration, a new model 
was trained on 90% of the remaining data. We used 10% for the vali-
dation dataset to make sure that the classifiers didn’t overfit on the 
training dataset. 

The signals of each tile in the MSI dataset were mapped with a 
Gaussian distribution per patient with the Box-Cox method and all the 
m/z features were used. The classifier used was the same MLP classifier 
with the same hyperparameters computed during the training of grade 
classification. 

To build a classifier using the H&E data, a CBAM architecture was 
used with ResNet50 as the backbone, trained on 2 epochs, re-trained, 
and validated using LOPOCV as described above. The workflow is pre-
sented in Fig. 3. In both MSI and H&E, a patient was classified as pro-
gressive or stable according to the majority vote of the predicted tiles. 

2.11. Evaluation of the generated models 

We reported the confusion matrices, the precision, the recall, the f1- 
score, and the number of samples per category for both validation and 
test datasets as calculated with the libraries sklearn and matplotlib 
within Python 3.7. For the classification of the tiles, the receiving 
operating characteristic (ROC) and the area under the ROC curves (AUC) 
were calculated. The confidence intervals of the AUC at 95% were 
computed with the DeLong algorithm, using the pROC library in R 3.6.3. 
The significance of every feature was calculated with the featur-
e_importances function of sklearn based on the mean Gini decrease. The 
dice coefficient per tile was calculated for the test dataset to evaluate the 
grading performance: when the grade was correctly predicted, the dice 
was calculated with the delineations made by the pathologist and the 
full shape of the tile. In any other case, the dice coefficient was 
considered zero. 

3. Results 

Processing of the MSI data led to the detection of 321 on-tissue 
peptide signals, which were all used for training the models. Matching 
the MSI pixel size of 50 × 50 μm to the tile size in the histological images 
(96x96 pixels) made up a total of 144,823 tiles for the whole dataset. 
Table 1 inventories all the extracted tiles from all the images with the 
corresponding annotated tissue type and grade. 

The epithelial tissue and stroma tiles dataset were equally balanced. 
However, the grades were highly unbalanced with the NDBE at 73%, 
LGD class 16%, and HGD class 11% of the epithelial dataset. These re-
sults were expected since NDBE and stroma classes can be found in all 
the samples, but dysplastic regions can only be found in specific areas. 

3.1. Tissue type classification 

The first task of our study was to use all 144,823 annotated pixels and 
classify the tiles as either epithelial or stroma regions. 

For this, three models were trained on the MSI dataset and optimized 
with a grid search: the best parameters for MLP were a weight decay of 
10− 5, with a batch size of 32, hidden layer sizes of (20, 10), maximum 
iteration of 1100, using Adam as optimizer. The best parameters for RF 
were the entropy as criterion with a maximum depth of 16, number of 
estimators at 200. For XGBoost we found that a learning rate of 0.1, 
number of estimators at 140, maximum depth of 9, a minimum child 
weight of 1 with a subsample at 0.8 worked best. Then the results were 
combined using a voting classifier with argmax function. This model 
gave an AUC of 0.89 (95% confidence interval (CI): 0.89–0.90) on the 
test dataset. The list of features importance computed on random forest, 
xgboost and their average is provided in supplement (Supplement 
Table 3). The model using H&E data as an input was trained for 2 
epochs. The model achieved an AUC of 0.95 (95% CI: 0.94–0.95) on the 
test dataset. 

The performances of both models were assessed with normalized 
confusion matrices on both validation (Supplement Fig. 4) and test 
dataset (see Fig. 4 a), and with the display of ROC curves (both Sup-
plement Fig. 5). The classification reports (Table 2) show the balance of 
precision and recall in both models. 

Fig. 3. Workflow for the prediction of low-grade dysplasia progression on a patient-level which is used for both the MSI as well as the H&E data. Abbreviations used: 
MSI, mass spectrometry imaging; H&E, hematoxylin and eosin-stained tissue scans. 

Fig. 4. Normalized confusion matrices of the test datasets for a prediction of 
the tissue type (a) and grade (b) using the mass spectrometry imaging (MSI) 
data (left) and the H&E data (right). Abbreviations used: MSI, mass spec-
trometry imaging; H&E, hematoxylin and eosin-stained tissue scans. 
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3.2. Tile-based dysplastic grade prediction 

The second aim consisted in determining the grade of the tiles 
belonging to the epithelial regions (n = 16,920). Also, here 321 MSI 
features were used to train the model for grade prediction. The optimal 
weight decay was 10− 6 with a batch size of 32, hidden layer sizes of (20, 
20), a maximum iteration of 1100, and Adam as optimizer for the MLP 
model. The best parameters found for RF were entropy as criterion, a 
maximum depth of 16, number of estimators at 200 and for XGBoost we 
found that a learning rate at 0.1, a number of estimators at 140, a 
maximum depth at 9, a minimum child weight at 5, and using a sub-
sample at 0.8 worked best. The results were combined using a voting 
classifier with argmax function. 

The model performance as per micro-average AUC was 0.97 (95% CI: 
0.96–0.97) on the test dataset. The comparison of performance on both 
the test and validation datasets allows us to observe that the model does 
not overfit. Because the test dataset was unbalanced but the training 
dataset was balanced, we can observe that the f1-scores are not consis-
tent, achieving a worse performance on the low-grade tiles and the high- 
grade tiles (Table 2). The ROC curves of the micro-average and the 
macro-average ROC curves were also computed to give a better under-
standing of the overall prediction performance (Supplement Fig. 6). The 
list of features importance computed on random forest, xgboost and 
their average is provided in Supplement Table 3. 

For the H&E-based classifier, the weights from the 17th epoch gave 
the best average accuracy on the validation dataset and were selected to 
evaluate the model. The micro-average AUC was 0.85 (95% CI: 
0.85–0.86) on the test dataset. The results are visualized by confusion 
matrices of both the test (Fig. 4 b) and validation dataset (Supplement 
Fig. 4b). The ROC curves of the different grade predictions are provided 
in Supplement Fig. 6. The average dice coefficients calculated on the test 
dataset are given in Supplement Table 4. An example of a tile-wise full 
slide prediction for a patient diagnosed with LGD using the H&E clas-
sifier is given in Fig. 5. 

3.3. Multi-modal prediction 

We trained an MLP model by combining the features extracted from 
the DL model trained to distinguish the epithelial tissue from stroma 
with the MSI features. The model was trained with an L2-regularization 
coefficient of 0.1, a batch size of 32, hidden layer sizes of (10,10), a 
maximum of 1100 iterations and Adam as optimizer. Using this 
configuration, we obtained an AUC of 0.95 (95% CI: 0.95–0.95) on the 
test dataset. We repeated the same logic for the grade prediction and we 

obtained an optimal MLP with the following parameters: The optimal 
weight decay was 10− 6, with a batch size of 64, hidden layer sizes of (10, 
10), maximum 1100 iterations, and Adam optimizer. The micro-average 
gave an AUC of 0.96 (95% CI: 0.96–0.96) on the test dataset. The cor-
responding confusion matrices are provided in Supplement Fig. 7. 

3.4. Prediction of disease progression 

Finally, models were trained for both modalities with the aim of 
forecasting the progression of low-grade dysplasia to a higher grade. The 
predictions of the models were thereby assumed to make statements on 
progression on a patient-level. The accuracies of the MSI-model and 
H&E-model were 0.72 (95% CI: 0.54–0.90) and 0.48 (95% CI: 
0.28–0.68), respectively (Supplement Fig. 8). 

4. Discussion 

As a use-case, we chose the task of classifying the grade of dysplasia 
in BE and identify LGD lesions at high risk of progression. While deep 
learning has recently been used to detect neoplasia in BE using endos-
copy [14], the application to histopathology is novel and ML-based 
classification of dysplasia grade or risk of progression has not been 
done with the combination of the two modalities as far as we know. 
When automatically classifying the tissue into epithelial and stromal 
structures, we could observe that the results are comparable between the 
validation (Supplement Table 5) and the test datasets (Table 2), indi-
cating that the model was not overfitting the validation dataset very 
strongly for both models. Analysing the precision and recall scores, we 
observe similar results, which indicate well-balanced models. The model 
based on H&E data (AUC: 0.95 (95% CI: 0.94–0.95)) obtained a better 
performance at classifying epithelial tissue versus stroma than the model 
based on MSI data (AUC: 0.89 (CI: 0.89–0.90)). Given the clear visual 
differences between these tissue types, the superior performance of the 
H&E data is not surprising. 

When predicting the grade of the dysplasia on a pixel-level, we 
observed similar prediction scores between the validation and the test 
datasets. The different grading implementation exhibited similar pre-
dictions with the model based on MSI features but the model based on 
H&E images obtained poor results for the classification of high-grade 
tiles. This allowed us to conclude that the models did not overfit on 
the validation dataset and the model based on MSI did not over-predict 
one class rather than another, but the model based on the H&E images 
did over-predict low grade tiles. With the classification reports (Sup-
plement Table 5) we observed that the precision/recall was unbalanced 
on the validation dataset and on the test dataset (Table 2). This was 
caused by unbalanced data. In contrast with the previous task, we found 
that the model based on MSI data (AUC: 0.97 (CI: 0.96–0.97)) out-
performed the model based on H&E data (AUC: 0.85 (CI: 0.85–0.86)). 
Moreover, the average dice coefficients obtained on the grades (Sup-
plement Table 4) were lower but close to the true positive values ob-
tained on the test dataset; thus confirming the capability of our model to 
reliably identify dysplastic regions. Indications for the potential of MSI 
data in similar scenarios can be found in previous MSI literature, where 
Elsner et al. [7] were able to distinguish metaplasia from carcinoma with 
an accuracy of 91% using a pattern of 31 proteins, albeit on a 
sample-level. 

The use of multi-modal classifiers didn’t improve the results ob-
tained by using the modalities separately. H&E is better than MSI to 
distinguish the tissue type and MSI is better at predicting the grade of the 
tiles. 

Despite endoscopic surveillance of patients with non-dysplastic BE or 
BE with low-grade dysplasia, up to 25% of EACs and HGDs are diag-
nosed within one year after last screening [15]. Our study shows the 
potential of MSI coupled to DL to identify patients that are higher at risk 
to progress to HGD with 72% accuracy. The performance of the model 
using MSI was similar to other studies such as the study of Kate and 

Fig. 5. Example of tile-based classification of the grade of a BE tissue: (a) 
ground truth label per tile of the full slide, (b) H&E of the full slide, and (c) 
prediction of tile labels on the full slide based on the classification made with 
MSI data Magnifications are shown in the lower row. Abbreviations used: H&E, 
hematoxylin and eosin-stained tissue scans; MSI, mass spectrometry imaging. 
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co-workers who used clinical features in combination with p53 immu-
nohistochemistry and histology criteria to obtain an AUC of 0.77 [16]. 
Our method was independent of clinical features and still obtained 
similar results. Our classifier could be therefore a useful addition to the 
existing surveillance strategies. 

At the moment, the size of the cohort (57 in total) limits any strong 
clinical conclusions. A larger external validation sample dataset is 
therefore required to evaluate and confirm the predictions made by both 
approaches. In such a follow-up study, the predictive values of already 
known biomarkers in BE or EAC could be evaluated and compared to the 
MSI/H&E based approach. As mentioned, p53 is a biomarker for pro-
gression observed in 75% of the patients with multifocal aggregates of 
positive cells [13]. Another indicator for progression could be 
alpha-methyl-CoA racemase, an enzyme with high specificity and low 
sensitivity for the progression of indefinite for dysplasia towards 
dysplasia [17]. 

When comparing the classificatory power of H&E and MSI, an 
explanation of the improved classification capability of the model based 
on MSI data might be the fact that the dataset was annotated based on 
the H&E staining making it compile information from both approaches. 
Furthermore, the H&E dataset was not exploited to its full potential. We 
restricted the optimal parameter space of the H&E classification models 
by fixing the size of the patches (96x96 pixels) to the size of the MSI pixel 
(50 μm lateral pixel size), although similar tile sizes are being used in 
this field at 20x magnification [18]. In this context, it would be inter-
esting to use multiple magnification levels for the classification of the 
data as done by Han et al. [19]. In contrast, we believe that using his-
tomics to extract features at a cellular level combined with a ML model 
which classifies tissues instead of DL would help the pathologists to 
understand better what characteristics of the H&E are important for the 
classification [20]. 

Nevertheless, this study reveals the strength of each modality and 
their complementarity to address diagnostic and prognostic challenges 
in pathology using advanced ML. In our study, H&E provided higher 
accuracies for diagnostic purposes where the information is visually 
located in the histological phenotype. MSI, conversely, seems better 
suited for purposes where clinically relevant molecular alterations are 
present but still not morphologically visible at the microscopic level 
[21]. One can, therefore, envision a cascade-like application of the 
presented ML classifiers, where the optimum data and model are used 
for different tasks. In our example, the sequence would start with the 
H&E-based classifier for the detection of epithelial tissue regions. The 
MSI-based grade classifier would be applied to determine the grade of 
these epithelial structures, followed by the second MSI-based classifiers 
to predict if a patient’s lesion is at risk of progressing. 

In summary, the intention of our work was to investigate the 
complementarity and suitability of histological and molecular images 
using ML approaches for different clinical tasks in BE (tissue annotation, 
pathological grading, and patient prognosis). We have found that MSI 
can add valuable prognostic information beyond the histological level, 
whereas histology remains strong at the tissue annotation level. Based 
on these results we conclude that both, histological imaging and MSI, 
can complement each other for different clinical questions, which could 
ultimately help pathologists in diagnosing BE patient biopsies. 
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imaging mass spectrometry reveals COX7A2, TAGLN2 and S100-A10 as novel 
prognostic markers in Barrett’s adenocarcinoma, J. Proteomics 75 (8 2012) 
4693–4704. 

M. Beuque et al.                                                                                                                                                                                                                                 

https://doi.org/10.1016/j.compbiomed.2021.104918
https://doi.org/10.1016/j.compbiomed.2021.104918
http://refhub.elsevier.com/S0010-4825(21)00712-5/sref1
http://refhub.elsevier.com/S0010-4825(21)00712-5/sref1
http://refhub.elsevier.com/S0010-4825(21)00712-5/sref2
http://refhub.elsevier.com/S0010-4825(21)00712-5/sref2
http://refhub.elsevier.com/S0010-4825(21)00712-5/sref3
http://refhub.elsevier.com/S0010-4825(21)00712-5/sref3
http://refhub.elsevier.com/S0010-4825(21)00712-5/sref4
http://refhub.elsevier.com/S0010-4825(21)00712-5/sref4
http://refhub.elsevier.com/S0010-4825(21)00712-5/sref4
http://refhub.elsevier.com/S0010-4825(21)00712-5/sref4
http://refhub.elsevier.com/S0010-4825(21)00712-5/sref4
http://refhub.elsevier.com/S0010-4825(21)00712-5/sref5
http://refhub.elsevier.com/S0010-4825(21)00712-5/sref5
http://refhub.elsevier.com/S0010-4825(21)00712-5/sref6
http://refhub.elsevier.com/S0010-4825(21)00712-5/sref6
http://refhub.elsevier.com/S0010-4825(21)00712-5/sref6
http://refhub.elsevier.com/S0010-4825(21)00712-5/sref7
http://refhub.elsevier.com/S0010-4825(21)00712-5/sref7
http://refhub.elsevier.com/S0010-4825(21)00712-5/sref7
http://refhub.elsevier.com/S0010-4825(21)00712-5/sref7
http://refhub.elsevier.com/S0010-4825(21)00712-5/sref7
http://refhub.elsevier.com/S0010-4825(21)00712-5/sref7


Computers in Biology and Medicine 138 (2021) 104918

8

[8] R. Lazova, K. Smoot, H. Anderson, M.J. Powell, A.S. Rosenberg, F. Rongioletti, 
L. Pilloni, S. D’Hallewin, R. Gueorguieva, I. Tantcheva-Poór, O. Obadofin, 
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