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innovations and this functionality should be developed. The
report of Potluri and colleagues1 reveals the depth of patient
trust in their care providers to provide them with best evidencebased advice regarding their transplant options. It is our responsibility to ensure we maximize the information obtained
from their experience to better inform decision making for
future patients.
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Nephrology has been affected for decades by advances in
technology: from Western blotting and reporter gene assays
to multiphoton imaging and next-generation sequencing.
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Initially exotic techniques eventually ﬁnd their way into
nephrology’s DNA.
Among the latest exotic technologies affecting nephrology is machine learning (ML). Just one manifestation of
artiﬁcial intelligence,1 ML is a collection of computationally
intensive statistical learning techniques. It is the result of the
challenge of big and high-dimensional data and the development of the hardware (graphical processing units, mass
digital memory storage) and software needed to understand
it. The rapid expansion of whole slide imaging by digital
slide scanners has provided fertile ground for ML in renal
pathology. Rather than trying to build in hardcoded models
on the basis of prior knowledge and rules to predict outcomes, ML allows a program to learn from experience alone,
improving its performance iteratively on a training set by
comparing its predictions to authoritatively labeled cases
(ground truth) and adjusting a very large number of weighting parameters in the model so as to minimize a loss function, which represents the distance between prediction and
truth. This characterizes supervised learning. This process
of parameter adjustment is iterated many dozens of times to
“train” the model. Each complete passage of training data
through the model (an epoch) may require many millions of
calculations. Optimization (ﬁne-tuning) of the hyperparameters (such as learning rate, depth of the model, and number of epochs), which determine the overall architecture of
the model, is performed on a separate validation set, typically 20% of all the training data. Finally, the model is tested
on annotated data that was held out from the training and
validation sets. If this is not feasible because of the small
number of cases, other options include k-fold crossvalidation and using bagged (bootstrap aggregated) data.
Uses of ML in nephrology include predicting AKI or time to
allograft loss from clinical features, recognizing speciﬁc histologic features in a biopsy, choosing an optimal dialysis prescription, or mining text in the electronic health record to ﬁnd
speciﬁc cases. Unsupervised learning methods, less often applied in biomedicine, recognize clusters of unlabeled individuals by their proximity in some multidimensional feature
space. These methods are typically used to reduce data dimensionality, cluster data or detect patterns, and ﬁnd outliers.
One of the most often used ML architectures is a convolutional neural network (CNN), a type of artiﬁcial neural network that underlies “deep learning.” This powerful tool was
used in two papers published in this issue of JASN.2,3 The
workings of a CNN can be reasonably well explained by a
familiar biologic system. In analogy to the mammalian visual
system, a multilayered system of interconnecting neurons
converts the primitive events of retinal photoreception (corresponding to pixels of an image) to the activation of the
proverbial “grandmother” cell in the visual cortex, the ﬁnal
integrating neuron that ﬁres only when the retina is exposed
to grandma’s image, as a form of recognition or classiﬁcation. The “hidden layers” between the visible input and output layers consist of layers of neurons wherein activation of a
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downstream neuron is controlled by a small number of immediately upstream neurons. A typical CNN architecture
can involve a million neurons (whose local interactions are
regulated by millions of weighting parameters) sitting in
dozens of alternating convolutional and pooling layers, followed by one or more “fully connected” layers, the neurons
of which integrate the outputs from all of the neurons in the
preceding layer to complete the classiﬁcation task. The
stacking of hidden layers adds to the complexity of image
features that can be recognized, giving the “depth” to deep
learning. The nodes connecting and integrating neuron outputs represent various types of nonlinear activation functions
that give the system the ability to represent highly complex,
nonlinear relationships among the input data.
One of the basic tasks of CNNs in biomedicine is segmentation of the pixels of an image into deﬁned components, such
as a glomerulus4 on a histologic slide, an angiomyolipomata or
other mass on a computed tomography image, etc. In addition
to recognizing histologic “primitives,” CNNs can be trained to
predict abstract outcomes such as 5-year renal survival.5
ML has inherent strengths and weaknesses. CNNs are a
classic example of a black box: they produce an output (the
number of glomeruli in a tissue section) from an input (digital
image of the tissue section) without explicitly indicating how
they got this value. This could be called the challenge of intelligibility. Techniques exist to mine the CNN for the pivotal
features used for object recognition, such as saliency maps.6
CNN image classiﬁcation may be inordinately sensitive to
changes in the image (orientation, staining) that present no
challenge to a human observer. Models must be tested to assure that they are robust against such seemingly trivial image
distortions. Conversely, in contrast to human evaluators,
CNNs may be sensitive to “subvisual” features not even perceptible to humans, 7 giving CNNs the prospect of doing
something more than just imitating a pathologist.
Unlike a classic CNN such as AlexNet, which is trained to
recognize a thousand different types of objects (dogs, cats,
planes) present in an image by training on over a million
annotated examples, typical annotated training sets in biomedicine may consist of only dozens2,3 or hundreds of images, although training sets of .100,000 annotated images
have been used.8 The effort involved in careful annotation of
nephrology image training sets represents a signiﬁcant limitation. Such “sparseness” of training sets can be compensated for
through a number of strategies, such as data augmentation and
transfer learning. ML models are generally quite susceptible to
overﬁtting, endangering their generalizability to new cases. A
number of techniques, such as regularization, exist to mitigate
this risk. Generally, limiting the number of epochs of training
to that which minimizes the total error on validation sets is
required. ML models on human data (to the degree that they
are “unintelligible”) also carry the risk of inadvertently baking
racial or socioeconomic biases inherent in the training data
into their models. It is therefore important to test models on
diverse populations.
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The current emphasis on reproducibility in research9 applies to studies using ML, where it may meet some of its greatest challenges. It is likely that both the computer code of the
models and raw training, validation, and test data will have to
be made available to reviewers and others.
How do we assess the performance of ML approaches to
prediction or recognition? Gold standards may be hard to
achieve. For example, recognizing glomeruli would seem
to be a task for which a pathologist’s eye should be perfect
for annotation, but signiﬁcant interobserver variability in
such seemingly easy recognition tasks exists. Even so, any
CNN classiﬁcation or prediction models should be tested
against clinician or pathologist performance, both for accuracy
and time of execution.10 The acceptable error rate will depend
on the speciﬁc task for which the ML is being used. Ultimately,
clinical utility must be demonstrated and US Food and Drug
Administration approval will likely be required. There are indications that the best solution may be augmented intelligence,
with clinician and ML working together.
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