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Forging the tools for a computer-aided workflow in 
transplant pathology 

To date, the application of machine learning to digital 
pathology has mainly focused on cancer diagnosis, 
with immune-mediated diseases following in tow. 
However, a new study by Jesper Kers, Roman Bülow, and 
colleagues1 adds to a small but growing body of work 
attempting to enhance kidney pathology through the 
application of deep learning to whole slide image data.

Biopsies of kidney transplants are central to patient 
manage ment. Specialised histopathologists apply 
the Banff classification for allograft pathology2 to 
assign Banff lesion scores to biopsy features, and inte-
grate these with ancillary studies (serology, immuno-
histochemistry, or electron microscopy) to reach a 
diagnosis or several diagnoses that inform patient 
management.

Previous digital pathology applications to immune-
mediated kidney diseases have focused on applying 
traditional3,4 and deep learning5–9 image segmentation 
techniques to facilitate feature extraction. Seg-
mented features (eg, glomeruli or tubules) can be 
comprehensively described by shape parameters and 
then compared with pathologist evaluation, or related to 
clinical outcome. Augmented ResNet,8 Inception v3,7 and 
U-net9 architectures have shown promise for these tasks. 
Semantic segmentation studies are limited by a reliance 
on labelled ground truth data, a scarce commodity that 
requires substantial pathologist time. The study by Kers, 
Bülow, and colleagues1 obviates this requirement by 
focusing instead on a classification task: assigning each 
biopsy a label on the basis of a simplified version of Banff 
classification categories,2 extracted from biopsy reports. 

Serial convolutional neural networks performed the 
two-step process of first classifying cases into normal 
or disease classes, then further classifying disease 
into rejection or other diseases. The resulting models 
were validated using an internal testing set (normal 
area under the receiver operating characteristic curve 
[AUROC] 0·87 [CI 0·85–0·88]; disease 0·87 [0·86–0·88]; 
other diseases 0·75 [0·72–0·77]; rejection 0·75 
[0·73–0·76]) and an external dataset (normal AUROC 
0·83 [0·80–0·85]; disease 0·83 [0·73–0·91]; other 
diseases 0·61 [0·50–0·74]; rejection 0·61 [0·51–0·70]). 
Visualisation techniques (Occlusion Sensitivity and 

gradient-weighted Class Activation Mapping) were 
applied to identify tiles of the whole slide image that 
were considered highly predictive of the label. This study 
is, to our knowledge, the first to attempt automated 
classification of rejection in transplant biopsies, using 
an impressive dataset of 5844 whole slide images from 
1948 patients across three centres. The dataset includes 
not only haematoxylin and eosin-stained sections, but 
also sections with special stains that are routinely used 
in renal pathology (periodic acid-Schiff and Jones silver 
stain).

The authors propose two potential clinical applications 
for the model. First, visualisation techniques that could 
direct the pathologist’s eye to highly predictive tiles. 
Second, the model could flag cases requiring urgent 
clinical action (ie, cases with rejection) for prioritised 
reporting. The second application is somewhat 
undermined by the clinical reality that rate of organ 
function deterioration most often dictates urgency 
of patient management, in which case a finding of a 
normal biopsy is just as important.

Visualisation techniques might hold more promise 
as potential computer-aided detection (CAD) tools, 
which have, for example, been shown in clinical trials 
to improve the accuracy of breast cancer detection.10 
It is encouraging that the highly predictive regions for 
rejection contained important features for a diagnosis 
of rejection, including interstitial inflammation, 
peritubular capillaritis, and tubulitis. However, other 
important features of rejection (glomerulitis, glomerular 
capillary wall double contours, and vasculitis) were not 
represented, risking forcing learned biases onto the 
observer and potentially hiding rare but important 
features. The predictive tiles that are shown in the paper 
rarely contained the glomeruli and arteries that the 
pathologist would need to identify lesions and were 
often sampled from the medulla.1 These observations 
go counter to standard pathology, where lesion 
identification and pathological diagnosis are reliant 
on adequate cortical sampling, quantified by counting 
glomeruli and arteries. The authors rightly highlight 
the class imbalance caused by more prevalent cortical 
and medullary tubulointerstitial representation in the 
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training dataset. Uncovering the underlying decision-
making causality behind potential CAD tools would be 
useful, as so-called explainable artificial intelligence 
is important for future clinical adoption. Finally, as 
also highlighted by the authors, detecting rejection is 
only one of many important tasks performed by the 
transplant pathologist: detection and reporting of 
recurrent disease, infections, and drug toxicity also have 
substantial implications for patient management.

The Article by Kers, Bülow, and colleagues provides 
a valuable contribution to the rather sparse field of 
digital pathology in renal medicine, with a justifiable 
focus on improving pathology workflow. Future models 
(appendix p 1) could be trained with rejection subtype 
labels, perhaps also incorporating clinical data (eg, 
creatinine) to improve workflow decisions. To be truly 
transformative for patient care, a machine learning 
solution might take a more modular approach by 
applying serial classification and segmentation models, 
each dedicated to reproducing the complex clinical tasks 
performed by the renal pathologist.
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