1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuey Joyiny

&

WEALTH 4
of P
e

/ HHS Public Access

Author manuscript

ﬁ Kidney Int. Author manuscript; available in PMC 2021 June 01.

Published in final edited form as:
Kidney Int. 2020 June ; 97(6): 1141-1149. doi:10.1016/j.kint.2020.02.028.

Machine learning, the kidney, and genotype-phenotype analysis

Rachel SG. Sealfon, PhDLT, Laura H. Mariani, MD MS2T, Matthias Kretzler, MD%", Olga G.
Troyanskaya, PhD1:3.4*
1Center for Computational Biology, Flatiron Institute, Simons Foundation, New York, NY, USA.

2University of Michigan, Division of Nephrology, Ann Arbor, MI, USA.
3-Lewis-Sigler Institute for Integrative Genomics, Princeton University, Princeton, NJ, USA

4Department of Computer Science, Princeton University, Princeton, NJ, USA.

Abstract

With biomedical research transitioning into data-rich science, machine learning provides a
powerful toolkit for extracting knowledge from large-scale biological datasets. The increasing
availability of comprehensive kidney omics compendia (transcriptomics, proteomics,
metabolomics, genome sequencing), as well as other data modalities such as electronic health
records, digital nephropathology repositories, and radiology renal images, make machine learning
approaches increasingly essential for analyzing human kidney datasets. Here, we discuss how
machine learning approaches can be applied to the study of kidney disease, with a particular focus
on how they can be used for understanding the relationship between genotype and phenotype.
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Introduction

In this review, we provide an introduction to machine learning broadly targeted towards
nephrologists and scientists studying the kidney, emphasizing applications of machine
learning approaches to understand the relationship between genotype and phenotype. The
recent generation of multidimensional, information-rich, kidney-specific datasets makes it
increasingly fruitful to use machine learning approaches with the potential to yield
biological and translational insight to address a variety of questions in kidney biology.
Furthermore, the kidney is unusual in that it is an organ with a complex three-dimensional
structure and a large number of distinct cell types that is routinely biopsied in living
individuals. Urine produced directly from the diseased organ makes for an ideal source of
non-invasive biomarkers. And, the recent explosion in the discovery of genetic causes
underlying kidney disease etiology and progression have opened the way for discovery of
novel biological mechanisms across many common and rare kidney diseases.12 These
characteristics make kidney datasets well suited both for leveraging previously developed
approaches to understand renal biology and for developing and refining machine learning
strategies that can also be used for the study of other organs and organ systems.

We begin with a brief introduction to major concepts and techniques in machine learning.
We then describe the increasing availability of high-dimensional data on renal disease that
has facilitated the development and application of machine learning techniques, with an
overview of some of the data modalities that can be integrated and investigated using
machine learning approaches. We provide a summary of some of the major consortia that are
collecting and assembling multidimensional kidney-related datasets at a large scale. We then
describe a selection of machine learning approaches that can be applied to predict the
relationship between patient genotype and phenotype. Finally, we discuss a selection of
machine learning approaches that have been applied in the kidney domain to uncover this
relationship between genetic variation and clinical disease presentation and progression.

This review is presented as part of a series of reviews in Kidney International on big science,
artificial intelligence, and machine learning and focuses on introducing basic machine
learning concepts, discussing how machine learning approaches can be broadly applied to
kidney-disease related questions, and specifically describing how machine learning
approaches may be leveraged to predict genotype from phenotype in the context of kidney
disease. Several other recent reviews with related focuses may also be of interest to the
reader.3-6

Introduction to Machine Learning

Machine Learning Approaches — Supervised and Unsupervised Methods.

Machine learning methods are computational approaches used to identify meaningful
patterns in data. For example, suppose that we have genome-wide gene expression
measurements from the blood of a large number of patients who have been treated with a
particular drug. A typical problem that could be addressed with a machine learning
technique would be to predict whether a new patient will be responsive or unresponsive to
the drug based on his or her gene expression profile. There are two main subtypes of
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machine learning, supervised and unsupervised learning. In supervised learning, the
algorithm takes a dataset of labeled examples (e.g. responder vs. non-responder) and the task
is to predict labels in new (unseen) examples. In unsupervised learning, the task is to
identify structure in the data without prior labels. A supervised approach to the problem
might take as input the set of measured expression profiles across patients, with each patient
labeled as responsive or unresponsive to the drug, train a model from these profiles, and then
predict whether a new patient is responsive or unresponsive based on his or her expression
profile (Figure 1a). An unsupervised approach might identify multiple clusters of patients
based only on the expression profiles, without any information about the patient responses to
the drug included (Figure 1b). These clusters could then be investigated for differential drug
responsiveness, and a new patient could be assigned based on his or her own expression
profile to the most similar cluster. There is also a class of machine learning methods known
as semi-supervised approaches, which can be applied when the available data is only
partially labeled, generally including a few labeled and many unlabeled examples.

Machine learning purposes — Outcome Prediction, Subgroup Identification and Object
Identification.

Two types of supervised learning problems commonly encountered in biological settings are
classification and regression problems. In a classification problem, for example outcome
prediction or subgroup identification, the goal is to assign each example to one of a set of
distinct classes. Tasks might include classifying patients as drug responders or non-
responders, as above, or distinguishing between patients who reach end-stage kidney disease
and those who do not. A classification problem may be binary (assigning each example to
one of two classes) or multiclass (assigning the example to one of more than two classes). In
a regression problem, the task is to predict a continuous value (for example, to predict the
level of a biomarker or estimated glomerular filtration rate given gene expression data).
Finally, machine learning algorithms using imaging data are often presented with the
problem of identifying an object in an image (for example, recognizing a glomerulus in a
kidney biopsy).

Machine Learning Input and Process.

The input to a machine learning algorithm, a list of attributes for each example (e.g. patient)
given to the algorithm, is called a feature set. In the example above, the features are the
patient gene expression profiles, but a feature set could be any type of omics or clinical data.
In the case of a supervised learning problem, the algorithm is also provided with a set of
classlabels, specifying to which category each example belongs. A classifier is the model
which is developed by the machine learning algorithm to accomplish the specified task given
the set of provided features. There are often one or more hyperparameters associated with
the classifier. These are user-specified inputs that alter the behavior of the classifier. For
example, for some algorithms which cluster data, the user must specify the desired number
of clusters; in this case, the number of clusters is an input hyperparameter. There are also
generally parameters associated with the classifier, which are classifier settings that are
optimized automatically by the machine learning algorithm during the training of the model.
For example, the variable coefficients in linear regression are parameters, because they are
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attributes of the model that are automatically optimized by the learning algorithm based on
the input data.

Validation of the Classifier.

In order to be sure that a classifier will make accurate predictions on unseen data, it is
critical to evaluate its performance on data that was not used for constructing the classifier.
Often, input data is split into training, validation, and test sets. The training set is used to
construct the classifier and learn parameters; the validation set is used to evaluate the
classifier’s performance and fine-tune hyperparameters; and the test set, which is only
examined at the final stage, is used to evaluate the performance of the classifier. Cross-
validation is a popular approach for evaluating classifier performance. In k-fold cross-
validation, the input data is split into k pieces (common choices of k are 5 and 10). The
classifier is then trained on all but one of the pieces and validated on the final piece. This
procedure is repeated until each piece has been left out once. We can evaluate the
performance of a classifier based on the number of errors and correctly classified examples.
For machine learning algorithms that produce ranked lists of predictions, we can produce a
curve, such as a receiver operating characteristic curve or a precision-recall curve, that
compares the order of recovery of correct and incorrect examples. Such curves can be used
to compare the performance of different classifiers, since the best performing classifiers will
assign a high rank to many correct but few incorrect predictions.

When constructing classifiers, care must be taken that the data used to train and evaluate the
classifier is similar to the data to which the classifier will be applied. For example, if the
drug response classifier above is trained based on adult patients, its performance may be
poorer than expected on pediatric patients. It is also important in evaluating the performance
of a classifier to ensure that the test set was not used to train parameters or hyperparameters;
otherwise the performance of the classifier may be overestimated because the test data was
not a truly independent sample. Ideally, just as with prediction models derived using non-
machine learning methods, an independent data set is most helpful to assess the true
prediction accuracy and validation of a model.

Deep Learning Methods.

One family of machine learning methods that is increasingly finding applications in biology
is known as deep learning (reviewed in?). As biological datasets have grown in size,
complexity, and number, deep learning methods have increasingly become suitable for
addressing problems arising from these datasets. The problems deep learning approaches
have been applied to include categorizing medical images, predicting patient outcome from
electronic health records, and predicting drug response (reviewed in8). In deep learning,
input features are subjected to multiple layers of transformations, in which the outputs of
each layer are functions of subsets of the input to that layer (Figure 1c). Although deep
learning approaches were first developed in the 1940’s, these approaches are generally most
powerful when large numbers of training data points are available.? Thus, algorithmic
approaches similar to those used in early deep learning efforts have proven dramatically
more successful as the size of available training datasets has increased. Another factor that
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has contributed to improvements in the performance of deep learning approaches is the
availability of computational platforms that can support larger models.®

Machine Learning Limitations.

A number of challenges are common across many machine learning problems. Firstly, many
biological applications of machine learning involve datasets in which each example is
associated with many features. However, the presence of a high number of features tends to
make problems harder, because few or no training examples may be associated with each
combination of features. This difficulty is called the curse of dimensionality. To help
address this problem, dimensionality reduction techniques can be applied to combine
correlated features or select the most relevant subset of features. Another pitfall is that
models with many parameters will sometimes overfit to the training data, meaning that they
optimize for performance on the training data in a way that does not generalize to new
examples. One approach to ameliorate overfitting is regularization, where additional
constraints are added to the model parameters (for example, the model parameters may be
constrained to take on smaller values or a subset of parameters may be set to zero to reduce
the degrees of freedom of the model). Moreover, while many (and rapidly increasing
numbers) of training examples are available in some biological domains, few examples are
available in others, making validation datasets difficult to find. Labeled data, for some
applications, can be particularly difficult to find. This problem is exacerbated by the
presence of barriers to data sharing, which may be due to legal and ethical restrictions on
sharing sensitive data, as well as a scientific culture that often does not promote rapid public
release of datasets. Finally, machine learning methods vary in the interpretability of the
resulting model. Understanding which features in the data drive the model’s predictions is
often an important piece of the analysis process to allow the biomedical context to be linked
to specific features.

Increasing Availability of High-dimensional Genetic and Phenotypic Data

for Machine Learning

Machine learning methods typically perform best when large datasets are available. As in
other areas of biology, the availability of large datasets relevant to kidney disease is rapidly
expanding. Researchers are increasingly generating large multimodal omics data compendia,
including transcriptomic, proteomic, metabolomic, epigenomic, and exome or whole-
genome sequencing datasets, now even linked to individual cells in single cell data or spatial
context via profiling of tissue sections. As with the omics technologies, the study of high-
dimensional datasets from the clinic is also increasingly feasible, including analyses of
electronic medical records, high-intensity in-clinic monitoring data from intensive care unit
and dialysis settings,1 patient-reported outcomes,! and data from wearable technologies
for capture of vital signs and physical activity.12 This phenotypic data matches the
complexity and detail of the omics datasets. Developing approaches to efficiently analyze
such datasets, as well as to organize, harmonize, and curate complex, complementary
information across many sites and data types, represents a significant and crucial challenge.
The use of ontologies, such as the Human Phenotype Ontology, aims to improve clinical
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data integration by use of standardized vocabulary and hierarchy to describe phenotypic
information.13.14

The availability of genetic data has benefited from the rapid progress of nucleic acid
sequencing technologies.1® The cost of generating the sequence of a human genome has
decreased from ~$2.7 billion for the initial human genome project to less than $1000 using
current approaches.18 Improvements in sequencing have led to the development and
refinement of a broad spectrum of technologies, including whole-genome sequencing,
whole-exome sequencing, bulk RNA sequencing, single-cell sequencing, single nucleus
sequencing, identification of physical interactions between chromosome regions, and
mapping of methylation sites and histone marks at bulk tissue and single-cell levels.

Evolving sequencing technologies have made it possible to sequence patients at a large scale
to diagnose inherited kidney disease (reviewed inl?). The earliest association of a specific
genetic alteration in humans with kidney disease came in the mid-1980’s with the
identification of a genetic marker of autosomal dominant polycystic kidney disease
(reviewed in8). Since then, the number of genetic markers and alterations associated with
kidney disease has rapidly expanded. For example, in 2010, two risk variants in the
Apolioprotein L1 gene (APOL1) were associated with dramatically increased odds of focal
segmental glomerulosclerosis and hypertension-associated nephropathy in people with sub-
Saharan African ancestry.19.20 |n recent years, genome-wide association studies have
resulted in the discovery of many additional genomic regions contributing to kidney disease
risk (reviewed in?1).

Understanding the genetic causes of nephropathies has important clinical implications. A
recent study found that exome sequencing of 3000 adult patients with chronic kidney disease
led to a specific genetic diagnosis in approximately ten percent of cases.! For many patients
in this cohort, these genetic diagnoses had significant clinical utility, for example by
clarifying underlying CKD etiology, suggesting referrals for non-renal disease
manifestations or by guiding selection of the most appropriate therapeutic approach.
Another recent study identified genetic causes of disease in approximately one third of a
cohort of over a hundred pediatric renal transplant patients.22 These studies illustrate the
power of a genetic diagnosis to guide clinical management of nephropathies.

However, integrating genetic findings with clinical care poses a significant challenge. As
more pathogenic variants are defined, thousands of new genetic tests are increasingly
moving into the clinic to inform patient diagnosis, prognosis, and care of diverse diseases.23
The penetrance, underlying biological mechanism, and clinical importance of many of the
variants probed by these tests remain unclear, as they are frequently also seen in population
level studies in individuals without the disease phenotype. Further work is needed to bridge
the gaps between genotype, phenotype, clinical risk assessment, and treatment, and the
population level sequencing projects currently ongoing will provide critical datasets for
these efforts. Understanding how to utilize knowledge of risk posed by the APOL1 risk
variants is a case in point. While the variants confer a significantly increased risk of
nephropathy, most people carrying the risk variants will not develop kidney disease.
Understanding how APOL.1 risk genotypes affect donor risk and allograft survival, for
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example, and how this should affect transplant guidelines remains an area of active research.
17.24 Moreover, as additional pathogenic genetic variants are discovered, reanalysis of
sequence data using updated biological knowledge can often result in the discovery of
additional causal variants. A recent study that re-analyzed the exomes of 40 individuals with
suspected Mendelian disorders but no genetic diagnosis found causative variants in 4 (10%)
of the cases based on literature support in work published since the time of the original
analysis.2>

Beyond sequencing data, a number of other technologies are also producing increasing
quantities of phenotypic data which match the complexity and detail of the omics datasets.
These datasets will require similar machine learning approaches for knowledge extraction.
Imaging datasets, both comprised of images from radiology studies and of kidney biopsy
tissue sections, provide important information on the physical characteristics and
histological features of specific disease states. Electronic medical records, including high-
intensity monitoring from intensive care units or dialysis settings, provide machine-readable
clinical information on large patient cohorts. Patient reported outcomes can provide
systematic information at a large scale on the subjective experience of individuals living
with kidney disease.1! Wearable technologies can provide continuous monitoring of patient
characteristics such as blood pressure, heart rhythm, blood glucose, and physical activity,
and increasing use of such technologies can provide another important component for
understanding renal disease characteristics and outcomes.12

Multi-layered high-dimensional datasets in kidney disease

Several large consortia are beginning to generate multimodal kidney disease datasets at
previously unprecedented scales, including genetic and phenotypic data. By recruiting study
participants across multiple sites and performing deep molecular and clinical profiling, these
consortia allow integrated analyses of the characteristics predictive of disease subtypes,
patient drug responses, and patient outcomes. The European Renal Biopsy cDNA Bank
(ERCB) consortium is a multicenter European network that has generated microdissected
transcriptomic profiles of patients with both common and rare kidney diseases, as well as
clinical information on treatment regimens and disease progression over the last two
decades.?6:27 The NEPTUNE consortium is a multicenter effort dedicated to studying rare
glomerular nephropathies, and has generated multilayered data sets including microdissected
renal biopsy derived mRNA expression profiles, targeted urine and blood proteomic studies
and genetic data, paired with digital pathology, patient reported outcomes, environmental
exposures, and longitudinal clinical datasets.28 The CureGN consortium also recruits
children and adults with glomerular disease for long term follow-up, collecting longitudinal
clinical data, biospecimens, patient reported outcomes and digital kidney biopsy images.2°
The Human Heredity and Health in Africa (H3 Africa) consortium is an effort to build
African capacity to collect and analyze genomic data in order to understand factors
contributing to chronic as well as infectious disease burden in Africa.30 Within the larger H3
Africa effort, the Kidney Disease Research Network focuses on kidney disease in sub-
Saharan Africa, identifying clinical and genetic information from a large multinational
patient cohort.31 The Kidney Precision Medicine Project (KPMP) aims to permit
personalized treatment of patients with chronic kidney disease and acute kidney injury,
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generating deep genomic profiles (single-cell and microdissected transcriptomic, proteomic,
metabolomic, and imaging) profiles of patient biopsies from patients with acute kidney
injury and common forms of chronic kidney disease.32 The landmark CKD cohorts in adults
(the Chronic Renal Insufficiency Cohort, CRIC33) and children (the Chronic Kidney Disease
in Children Study, CKiD34) have rich phenotypic, genetic, and biosamples available. The
Pima Indian3® cohort and the TRIDENT36 study both enroll patients with diabetes to
assemble multi-layered datasets, including tissue transcriptomics. Together, these consortia
and several others pursuing similar work represent extraordinarily rich data resources that
can inform machinelearning based approaches to studying kidney disease biology.

Example machine learning approaches to predict effects of genetic variants

on phenotype

Extracting biological meaning from the mountain of available data remains challenging.
Approaches that can integrate multiple data types to extract biological signal are crucial for
efficiently utilizing multimodal datasets. Many such approaches have been developed
(reviewed in37-39). A selection of machine learning methods designed to predict phenotype
from genotype data are summarized in Table 1. One example of an integrative approach that
combines multiple data types to facilitate the interpretation of genotype data is the NetWAS
algorithm, which re-prioritizes genes to identify likely causal genes from a genome-wide
association (GWAS) study.? NetWAS uses information from tissue-specific functional
networks that quantify the probability that any two genes are functionally related in a
specific tissue (e.g. kidney) by integrating the pairwise relationships between genes across
thousands of experiments. The network connectivity patterns for genes of interest can be
used as features for the NetWAS machine learning algorithm, using genes with marginally
significant GWAS hits as positive examples and re-prioritizing all genes in the genome by
likely association with the studied phenotype. This approach is especially useful when
assessing multiple candidate genes with borderline significance because it uses the tissue
specific network connectivity to improve the accuracy of disease-gene associations (see
Supplemental Materials for use example).

Given the rapidly increasing availability of sequence data and the biological and clinical
importance of understanding the significance of genetic variants, approaches that can predict
the significance of specific genetic alterations are critical. A large number of machine
learning methods have been developed to predict the impact of coding and noncoding
mutations on protein structure and function.#1-46 One commonly applied approach to
prioritize individual candidate variants (for example, GWAS hits or observed alterations in a
patient’s genome) is the CADD framework, an integrative approach which uses a machine
learning model to combine multiple classes of annotations into a single variant effect score.
4147 CADD includes both features that are specific to coding sequences and features that are
informative for noncoding changes. Another approach for predicting the impact of
noncoding mutations is the GWAVA algorithm, which integrates multiple classes of
annotations using a random forest framework trained to distinguish between disease-causing
and background noncoding mutations.*8 The LINSIGHT algorithm, which integrates
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evolutionary information with functional genomics data, can also predict the effect of
noncoding changes in the genome.4

More recently, a family of deep-learning based approaches have been developed to
understand the impact of noncoding variants in the genome. The DeepSEA algorithm, which
applies a deep learning-based method to predict the biological impact of sequence variants,
is the first approach to predict the effect of a noncoding mutation based only on sequence
input.>% DeepSEA assesses whether a genetic change is likely to alter the site’s transcription
factor binding, chromatin mark, or chromatin accessibility profiles. For example, Zhou et al.
applied DeepSEA to examine the transcriptional impact of noncoding mutations in
individuals with Autism Spectrum Disorder.> They found that probands had de novo
noncoding changes predicted by the model to have significantly larger effects than
noncoding changes in unaffected siblings. They also experimentally validated using cell-
based assays the transcriptional effect predictions for prioritized variants.

DeepSEA as well as other approaches can also be applied to predict the effects of variants in
a tissue-specific manner.50:5253 The Basset framework, which uses deep learning to predict
the effect of noncoding changes on chromatin accessibility, was applied to predict DNA
accessibility across 164 cell types.>2 The DeepWAS framework uses the DeepSEA deep
learning network architecture to predict the effect of genetic variants in specific cell types.>*
Other approaches utilize tissue-informed deep-learning frameworks for tasks such as
predicting DNA methylation or alternative splicing.>>=>7 Another example of an algorithm
that can predict the tissue-specific transcriptional effects of a genetic variant is the ExPecto
framework, which utilizes a deep learning model to predict tissue-specific transcriptional
impact using only genetic sequence of interest as input (Figure 2).58 The ExPecto algorithm
consists of three steps. First, a deep learning model is trained to predict chromatin marks,
transcription factor binding sites, and DNA accessibility profiles across sliding windows of
the input sequence. Next, these features are combined across sequence windows and
transformed into a reduced feature set (smaller number of features derived by processing the
predicted chromatin marks, transcription factor binding sites, and chromatin accessibility
profiles). The reduced feature set is then used as input to a regularized linear model to
predict tissue-specific gene expression (see Supplemental Materials for use example).

A variety of other approaches beyond machine learning can also help assess the significance
of genetic sequence changes, including statistical methods to prioritize GWAS hits and
methods examining the overlap between genetic variants and functional or conserved
elements such as regulatory DNA sequence elements. For example, highly penetrant and
pathogenic DNA changes are unlikely to be found frequently in large sets of sequence data
from people unaffected by the condition of interest, so examining the frequency of a
mutation in large genetic databases can help assess its pathogenicity.23:°9.60 |_arge databases
of variant frequencies, such as the gnomAD database, can facilitate such assessments.59.61
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Examples of machine learning approaches in kidney disease using non-

genomic data domains to predict phenotype

Many groups have applied machine learning algorithms in the renal domain, using a variety
of high dimensional clinical and imaging datasets to improve disease classification, predict
progression and inform therapeutic decisions. A few examples are discussed below.

Manually analyzing and annotating kidney images is time-consuming and must be
performed by a specialist, so approaches that can automatically extract relevant data from
images for focused review by radiologists are of great utility. Sharma and colleagues applied
a deep learning-based method to segment computed tomography images from patients with
polycystic kidney disease in order to automatically measure total kidney volume.82 Bukowy
and colleagues used a convolutional neural net framework to identify glomeruli in rat renal
tissue images.53 Park and colleagues trained a deep convolutional neural network to estimate
glomerular filtration rate from single-photon emission computed tomography (SPECT)/
computed tomography images.54 Hermsen and colleagues used a convolutional neural
network approach to automatically identify ten structures from kidney transplant biopsy
images.55 Machine learning algorithms have also been developed to categorize digital
images of renal biopsy tissue. For example, a recent method applied a binary nearest-
neighbors classifier to classify tissue based on whether or not it contained proliferative
glomerular lesions.®® Another approach trained a convolutional neural network to identify
glomeruli as either healthy or sclerotic in order to automatically assess the quality of
potential donor kidneys.8” Ginley and colleagues developed a computational framework to
segment and classify severity of diabetic nephropathy. 68 Finally, imaging data can also be
used to predict clinical outcome. One study using convolutional neural networks to
characterize trichrome-stained images from renal biopsy could outperform pathologist-
estimated interstitial fibrosis in predicting 1-, 3- and 5-year survival.%?

A number of studies have used machine learning methods to predict kidney transplant graft
survival from clinical variables. A variety of methods, including Bayesian network models,
70 |ogistic regression,’! ensemble methods,”73 and decision tree-based approaches’* have
been applied to this problem. These approaches predicted a variety of endpoints, such as
graft survival after one year, graft survival after three years, or graft survival after ten years.
A recent study also compared the efficacy of multiple machine learning methods at
predicting the appropriate dose of tacrolimus for renal post-transplant patients based on
clinical and genetic data.”®

Several groups have investigated using machine learning approaches to predict disease onset
or progression. Investigators have applied machine learning methods to patients’ electronic
health records to predict which hospitalized patients are likely to be diagnosed with acute
kidney injury and would benefit from early intervention.10.76-78 For example, a recent study
used a deep learning approach to predict acute kidney injury onset in hospitalized patients
using information from electronic health records.82 Another recent study applied a random
forest regression-based approach to predict future eGFR in individuals with chronic kidney
disease using electronic health record data collected in primary care clinics.”® Nadkarni and
colleagues used supervised learning methods including a random forest classifier to predict
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rapid decline in kidney function from biomarkers combined with longitudinal clinical
variables in individuals at high risk for kidney disease.8% Other studies have used urine
biomarkers to predict acute kidney injury risk or to distinguish between subtypes of chronic
kidney disease.81:82

Finally, machine learning algorithms can be used to inform treatment decisions. For
example, mature Al algorithms are already used in clinical management to tailor
erythropoietin dosing in chronic hemodialysis patients.82 These algorithms, integrated into
the EHR, generate individualized erythropoietin dosing recommendations and result not
only in lower overall dose levels, but also lower transfusion rates.

Together, these studies demonstrate the promise of applying machine learning approaches to
understand kidney disease patient characteristics and outcomes. Machine learning methods
will need to be developed that can integrate newly available data modalities to address
pressing questions facing nephrologists, such as identifying the disease subtype, likely
patient outcome, and optimal treatment plan given a patient’s clinical, genetic, and genomic
profiles (Figure 3). As dramatically larger datasets and new data types are becoming
available, applying machine learning frameworks to the areas of data-rich science in kidney
disease will become increasingly feasible and provide a rich source of biological insight into
renal disease.

Conclusions:

Linking the increasing quantity and diverse modalities of kidney disease data via powerful
new machine learning frameworks will enable a wide range of questions in kidney disease to
be addressed. An immediate application is the deployment of recently developed
frameworks that can predict the effects of coding and noncoding genetic mutations from
kidney disease GWAS hits and population level genetic databases. Machine learning
approaches will need to be adapted to leverage rich multimodal datasets from large consortia
in order to understand disease subtypes, biological mechanisms, patient outcomes, and
optimal therapies. Understanding the methods, benefits and limitations of the various
machine learning algorithms is critical to interpreting and applying the results to the clinical
setting. Machine learning approaches can increase the analytical power in the rapid
expansion of available multi-layered datasets. They can represent important tools for gaining
insight into the molecular mechanisms underlying renal disease states and for improving the
standard of clinical care, assisting but not replacing the scientific creativity of the kidney
disease researcher.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1:

(@) In supervised learning approaches, a classifier is trained on labeled data and learns how

to assign a label to a new (unseen) example. In this example, the classifier learns to
distinguish between patients that are drug responders, denoted by + symbols, and drug non-
responders, denoted by - symbols. (b) In unsupervised approaches, the task is to find

patterns in unlabeled data. Here, patients are clustered based on similarity in gene expression
profiles, and fall into three distinct groups. (c) Deep learning methods are approaches in

which the input is transformed through multiple hidden layers. The output of each node in

the deep learning network is a function of the inputs to that node. Here, input features might
be the expression of individual genes, and the final output identifies whether the patient with
the given expression profile is a drug responder (in which case the output node marked with
a + will have a high value) or a drug non-responder (in which case the output node marked

with a - will have a high value).
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Figure 2:
The ExPecto framework predicts tissue-specific variant effects given sequence data alone.

To this end, it incorporates a deep neural network which predicts over 2000 regulatory
features. After transforming and combining these regulatory features and integrating with
tissue-specific expression profiles, the model generates regularized linear tissue-specific
models, which can be used to predict the gene expression changes caused by individual
sequence variants.
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Figure 3:

Developing methods to integrate multimodal data types and apply machine learning
approaches to predict disease subtype, outcome, and patient-targeted therapies is one of the
current challenges in kidney genomics.
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Comparison of selected machine learning methods to predict phenotypic implications of genomic variants

based on functional network
connectivity to identify disease-related
genes

Method Summary ML algorithm used Tissue specific Link
name predictions?
Basset Predict DNA accessibility of sequence Deep learning Yes github.com/davek44/Basset
variants
CADD Predict impact of coding or noncoding SVM (original No cadd.gs.washington.edu
variant based on multiple annotation version); logistic
types regression (updated
version)
ExPecto Predict tissue-specific transcriptional Deep learning Yes https://hb.flatironinstitute.org/
impact of noncoding variants expecto/
GWAVA Identify which noncoding mutations are | Random forest No www.sanger.ac.uk/sanger/
likely to be disease-causing StatGen_Gwava
LINSIGHT Predict impact of noncoding variant by Generalized linear No (but applied to http://compgen.cshl.edu/
integrating evolutionary and genomic model; probabilistic examine tissue- ~yihuang/LINSIGHT/
information model of sequence specific evolutionary
evolution properties of
enhancers).
NetWAS Re-prioritize sub-significant GWAS hits | SVM Yes hb.flatironinstitute.org/netwas

Kidney Int. Author manuscript; available in PMC 2021 June 01.


https://github.com/davek44/Basset
https://cadd.gs.washington.edu
https://hb.flatironinstitute.org/expecto/
https://hb.flatironinstitute.org/expecto/
http://www.sanger.ac.uk/sanger/StatGen_Gwava
http://www.sanger.ac.uk/sanger/StatGen_Gwava
http://compgen.cshl.edu/~yihuang/LINSIGHT/
http://compgen.cshl.edu/~yihuang/LINSIGHT/
http://hb.flatironinstitute.org/netwas

	Abstract
	Introduction
	Introduction to Machine Learning
	Machine Learning Approaches – Supervised and Unsupervised Methods.
	Machine learning purposes – Outcome Prediction, Subgroup Identification and Object Identification.
	Machine Learning Input and Process.
	Validation of the Classifier.
	Deep Learning Methods.
	Machine Learning Limitations.

	Increasing Availability of High-dimensional Genetic and Phenotypic Data for Machine Learning
	Multi-layered high-dimensional datasets in kidney disease
	Example machine learning approaches to predict effects of genetic variants on phenotype
	Examples of machine learning approaches in kidney disease using non-genomic data domains to predict phenotype
	Conclusions:
	References
	Figure 1:
	Figure 2:
	Figure 3:
	Table 1:

