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Abstract

Understanding the impact of non-coding sequence variants on complex diseases is an essential problem. We present a
novel ensemble learning framework—CASAVA, to predict genomic loci in terms of disease category-specific risk. Using

disease-associated variants identified by GWAS as training data, and diverse sequencing-based genomics and epigenomics
profiles as features, CASAVA provides risk prediction of 24 major categories of diseases throughout the human genome. Our
studies showed that CASAVA scores at a genomic locus provide a reasonable prediction of the disease-specific and disease

category-specific risk prediction for non-coding variants located within the locus. Taking MHC2TA and immune system
diseases as an example, we demonstrate the potential of CASAVA in revealing variant-disease associations. A website
(http://zhanglabtools.org/CASAVA) has been built to facilitate easily access to CASAVA scores.
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Introduction

Understanding the role of genetic variants in causing complex
diseases is a fundamental problem in genetics [1, 2]. Investi-
gators have conducted thousands of genome-wide association
studies (GWASs) and identified tens of thousands of loci impli-
cated in human traits and diseases over the past decade [3]. Most
of the disease-associated genetic variants lie in the non-coding
regions, and many of them are even far away from the near-
est protein-coding genes [4]. Thus, delineating the functional
implications of these non-coding genetic variants is a significant
challenge, requires strategies different from the ones devel-
oped to assess coding variants. A possible assumption is that

variants in the non-coding regions affect the risk of complex dis-
eases by altering the gene regulation rather than directly affect-
ing protein functions [5]. Currently, some large-scale functional
genome projects such as ENCODE and Roadmap Epigenome
Mapping Consortium (REMC) have collected massive amounts
of sequencing data and thus provided excellent opportunities
for annotating non-coding variants [6, 7]. This sequencing-based
genome-wide profiling data yields diverse, large-scale genomic
or epigenomic features, such as chromatin accessibility, histone
modification, transcription factor binding, and gene expression.
These features play important roles and could affect the gene
regulation process. Many of them have already been utilized
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as essential sources for functional annotation of non-coding
variants [8].

Machine learning has been successfully applied to predict
the pathogenicity of genetic variants [9-23]. For example, logistic
regression was used in CADD that prioritized functional, delete-
rious, and pathogenic variants [9]. Random forest was used in
GWAVA to distinguish disease-implicated variants from benign
variants [11]. More information about these methods can be
found in a review paper [8].

Despite their popularity, these methods may not be suitable
for prioritizing disease-implicated risk variants due to diverse
pathogenicity of complex human diseases and traits. Therefore,
it is desirable to develop diverse models to identify disease-
specific risk variants. In a recent study, Chen et al. considered
the specificities of diseases and presented DIVAN, a method that
aims to identify disease-specific risk variants [18].

Although Chen et al. demonstrates the feasibility of using
machine learning methods to predict variants in a disease-
specific manner, the success of such a strategy hinges upon
the availability of sufficient and high-quality training data. But
in reality, the number of training risk variants for a specific
disease is usually very small, which may lead to inaccurate
and unstable models. At this stage, only a few well-studied
diseases, such as type 2 diabetes and Coronary Artery disease,
have a sufficient number of known disease-associated variants.
Hence the applicability of disease-specific variant prediction is
very limited. On the other hand, many diseases are related—for
example, Alzheimer’s disease (AD) and mild cognitive impair-
ment (MCI)—and one disease may be a subtype of another—for
example, Late Onset Alzheimer’s disease (LOAD) and AD. And
many related diseases belong to certain disease categories such
as neurodegenerative diseases and autoimmune diseases. These
relationships may be explored to help us overcome the problem
of insufficient positive training data. In this work, we explore
an alternative strategy of finding a middle ground between
disease-specific prediction and disease-agnostic prediction. The
CASAVA method, or disease CAtegory-Specific Assessment of
VAriants, uses disease category information to pool related dis-
eases into groups in order to significantly boost the size of
the positive training set. CASAVA presents a promising new
way to provide both comprehensive and disease-related predic-
tion to sequence variant. Another unique feature of CASAVA
is that in order to mitigate computation cost, CASAVA scores
are calculated at a 200-bp resolution. That is, genome-wide
disease category-specific scores are calculated for every 200-
bp bin throughout the human genome. The CASAVA scores for
a variant are then taken from the CASAVA scores of the bin
that contains the variant. In other words, variants located inside
the same 200-bp bin share the same set of CASAVA scores.
Despite the reduced resolution, we show that the CASAVA scores
provide competitive prediction of disease category-specific risk.
The discriminating ability of CASAVA comes from leveraging
rich sequencing features and ensemble learning skills effec-
tively. Furthermore, the CASAVA risk scores can be applied to
prioritize risk variants in the context of specific diseases and
traits.

Materials and methods
Risk variants for diseases and disease categories

We collected risk variants for specific diseases using the Phe-
Genl database [24]. In order to study the function of variants in
non-coding regions, we only retained variants with functional

context ‘Intron’ or ‘Intergenic.’ For each individual disease, after
removing duplications, we sorted them according to P-value
and then assigned them to training sets and testing sets in a
ratio of 4:1 sequentially from top to bottom in an ordered way
(Additional file 1: Note S1).

According to the Medical Subject Headings [25] and Phe-
Genl [24], we used 24 representative disease categories (Addi-
tional file 2: Table S1). Each category covers multiple diseases,
and one disease may belong to more than one category. Thus,
for each category, we combined all training sets of individ-
ual diseases belonging to this category in order to constitute
the training set for a given disease category (Additional file
1: Figure S1). We did the same to obtain the testing set for
the disease category, and excluded any risk variants in the
testing set that are located within 1 kb of any training risk
variant.

Constructing control sets of benign variants

Given a set of risk variants, we constructed a corresponding
control set of benign variants using a similar strategy as in
GWAVA-TSS and DIVAN. We started by downloading all non-
coding variants in the 1000 Genomes Project phase 1 release [26].
To minimize the chance that a benign variant would be disease-
implicated, we excluded all variants found within 1 kb of any of
the variants found in the PheGenl database [24]. Next, we exclude
variants with minor allele frequency less than 1% to match the
allele frequency range of the risk variants. Finally, we sampled
ten times more benign variants than risk variants and required
the benign variants to have roughly the same distances to the
nearest transcription start sites (TSS) with risk variants (the two
empirical distributions of the distances are almost identical; see
Additional file 1: Figure S1). For testing variants, we repeated the
sampling procedure ten times.

Processing sequencing features

We adopted the following procedure to process data pro-
duced from sequencing-based assays (including the assay for
transposase-accessible chromatin using sequencing [ATAC-seq],
total RNA-seq, and whole genome bisulfite sequencing [WGBS])
into features to be used in our machine learning models. We first
downloaded mapped reads from the ENCODE and the ROADMAP
project [7, 8]. For mapped reads using hg38 assembly, we applied
genomic coordinates conversion from hg38 to hgl9. Most of the
experiments in ENCODE contained biological replicates, and we
merged read counts from different technical replicates into a
single feature. After processing, we got 66, 243 and 255 features
of ATAC-seq, RNA-seq and WGBS, respectively (Additional file
1: Note S2). We also downloaded 355 processed datasets of
gene expression (in transcript per million [TPM] formats). For
each genetic variant, we calculated the expression of its nearest
gene in different tissues / cell-lines. Additionally, we inherited
the 1806 features used in DIVAN. In total, we amassed 2725
genome-wide features, which can be roughly divided into five
groups: open chromatin, histone modification, TF binding, gene
expression and DNA methylation (Additional file 2: Table S2).

To simplify the calculation, we divided the entire genome into
200-bp bins and calculated the normalized mapped read counts
for each bin. We stored the resulting features in a 15,685,849
by 2725 matrix. For this matrix, each row represents a 200-bp
bin, and each column represents a feature. For a genetic variant,
we first found which bin the variant fell into, then retrieved the
corresponding feature values.
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Ensemble learning for class imbalance problem

To train CASAVA models, we adopted an ensemble learning
strategy by combining the gradient boosting regression tree and
a bagging technique [27, 28]. The input data are labeled training
data (risk variants and benign variants along with their weights).
Each variant is represented by 2725 features. For CASAVA, the
weight of each variant was set as default value 1. For each
training round, we took all risk variants and randomly sampled a
subset of benign variants such that risk and benign variants had
an approximately equal sum of weights [27]. Based on XGBoost,
we trained a gradient boosting regression tree classifier using
these selected variants [28]. We repeated the under-sampling
and training process a number of times (e.g. 100 times) and
took their average as our final model (Additional file 1: Note S3).
We trained a total of 24 models for disease categories (CASAVA
models).

To achieve the best performance, we made several adjust-
ments to the algorithm adopted by DIVAN [18] and GWAVA
[11]. First, adaptively using boosting trees (instead of a single
tree like GWAVA) provided enough model capacity to deal with
different complex diseases. Second, to prevent the boosting trees
from over-fitting, we used under-sampling 100 times in CASAVA,
rather than just 20 in DIVAN. And this specific bagging technique
relieved the class imbalance problem in our data and alleviated
the need for parameter-tuning.

Genomic properties of CASAVA scores

We downloaded all the genetic variants from the 1000 Genomes
Phase 3 release and predicted these variants using CASAVA
scores [26]. According to the Ensemble Variant Effect Predictor
[29], we assigned each variant to one of the following genomic
contexts: ‘promoter,” ‘exon, ‘intron,” ‘intergenic’ and ‘1 to 5 kb.’
The term ‘1 to 5 kb’ indicates the regions located 1000-bp to 5000-
bp upstream of the transcription start sites (TSS). To emphasize
the importance of the enhancer region, we assigned the genomic
context of a variant the label ‘enhancer’ if it located in the FAN-
TOM enhancer region [30]. Please note: we used these annotated
enhancers for the purposes of illustrations without considering
the cell-type specificity. To further clarify, ‘intergenic’ indicates
intergenic regions excluding the enhancer regions.

Next, we binned the variants according to the quantiles of
CASAVA scores. Within each bin, we calculated the proportion of
variants with different genomic contexts (Additional file 1: Note
S4). Given a disease category, variants with the top 10% CASAVA
scores were denoted by high-score variants. Next, we performed
chi-square test (a two by two table) to see whether variants
with a specific genomic context (e.g. enhancer regions) were
over- or under-represented among these high-score variants. We
also made a normalized version to better reflect the relative
composition of these genomic components. We calculated the
proportion of variants with a specific genomic context after
normalizing by the total number of variants located in regions
with the genomic context (Additional file 1: Note S4).

Applying CASAVA to disease-specific risk prediction

We leveraged CASAVA to predict disease-specific risk variants
(Additional file 1: Note S5). Given a specific disease, we first iden-
tified its corresponding disease category/categories using MeSH,
and took the average of its category scores as an approximation
of the disease-specific score. For example, the Hodgkin disease
belongs to three different disease categories: hemic and lym-
phatic disease, immune system disease, and neoplasm. We took

the average CASAVA scores of hemic and lymphatic diseases,
immune system diseases and neoplasms as an approximation
of the score of the Hodgkin disease.

We tested the CASAVA’s ability to predict disease-specific
risk for variants. Some variants are associated with multiple
diseases. In order to best maintain independence between the
training set and the testing set, we excluded risk variants in
the testing set that are located within 1 kb of any training risk
variant. We benchmarked the results on 89 diseases which had
more than 50 known disease-associated variants in its training
set and at least 10 risk variants in its testing set. Besides, the
trained CASAVA models also used risk-training variants of these
diseases. Thus, we merely evaluated the success of this approach
on diseases that the training set had seen before. We did a sim-
ulation study to mimic a scenario in which there is no training
data at the disease-level. Given a specific disease among the 89
diseases, we used all its associated variants as testing variants.
We excluded the corresponding training variants, retrained the
CASAVA models, and reevaluated the approximation approach
(Additional file 1: Note S5.5).

Applying transfer learning to disease-specific risk
prediction

We leveraged information from related-diseases to boost the
performance of disease-specific prediction using the transfer
learning technique [31]. For a specific disease, we denoted its
training variants by ‘disease-specific training variants’, and used
the training variants belonging to other diseases in this disease
category as ‘disease category-specific training variants’. In order
not to over-estimate the model performance, we excluded
disease category-specific training variants which overlap with
any disease-specific training variant or testing variant. After
giving more weight to disease-specific training variants (e.g.,
weight=5), we combined them with disease category-specific
training variants, and trained transfer learning models using
the previous ensemble learning method (Additional file 1:
Note S6).

Comparison with commonly used scoring methods

We compared CASAVA with ten existing functional impact pre-
diction methods: CADD [9], DANN [10], GWAVA [11], FATHMM-
MKL [12], GenoCanyon [13], deltaSVM [14], Eigen [16], DIVAN [18],
LINSIGHT [19] and PAFA [22]. Though these methods utilized
different hypotheses and techniques, they are all reported to be
informative of risks of complex diseases (Additional file 1: Note
S7). For each method, we downloaded their pre-computed scores
and scored the testing variants (Additional file 2: Table S3). For
GWAVA, we used the unmatched, TSS-matched and region-
matched scores. Due to the problem setting, we only considered
non-coding scores of FATHMM-MKL. For deltaSVM, we down-
loaded the saved model, which was trained from GM12878 DNA
hypersensitivity sites and scored the variants. For DIVAN, to
make a fair comparison, we used the same training pipeline as
in the original study [18] and retrained it on the specific diseases
we tested.

Performance evaluation

The receiver operating characteristics curve (ROC) is a typical
graphical plot that illustrates the classification ability of a binary
classifier system [32]. We also considered the precision-recall
curve due to the imbalance between risk and benign variants
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[33]. We used both the area under the ROC (AUC) and area under
the precision-recall curve (AUPR) to assess the prediction per-
formance for each task, and calculated the AUC and AUPR values
using the ROCR package [34]. We first evaluated the performance
of each method by five-fold cross-validation on training variants
(Additional file 1: Note S8). Then, we estimated the performance
of each method using independent testing variants. To eliminate
bias, we repeated the sampling procedure ten times, given a set
of risk variants for testing. Each time, we used a different set
of benign variants, and calculated the average AUC and AUPR
values across these ten repetitions.

Case study for immune system diseases

We downloaded all the genetic variants from the 1000 Genomes
Phase 3 release [26]. We predicted each variant with 24 CASAVA
scores. First, we selected variants whose immune system disease
scores are the highest among the 24 scores. We excluded variants
located within 10 kb of any training variant. For each variant,
among its 24 CASAVA scores, we calculated the ratio of its second
highest score divided by its highest score. Next, we sorted the
variants according to the ratio in ascending order, as a lower ratio
shows better specificity in terms of disease category classifica-
tion. We applied the threshold of 0.7 to select variants for further
validation (Additional file 1: Note S9). For all candidate loci, we
performed batch query in SNPnexus [35] for their known disease-
phenotype association. SNPnexus is an interface of a collection
of SNP functional annotation databases that can be used for
querying the validated disease information of the submitted
SNPs in GAD [36], COSMIC [37], and CinVar [38] databases; to fit
the aims of our ensemble classifier, we focused on the query
results of the GAD database [36] since the annotation of each
association contains both disease class and disease name. We
found a few validated variant-disease associations with anno-
tated category IMMUNE’ in the GAD database, along with the
nearest genes of the variants. For the purposes of illustration,
we took two genes, MHC2TA and IKZF1, to show the usefulness
of CASAVA scores.

Exploring informative features in CASAVA

For a gradient boosting regression tree model, the ‘relative
importance’ of a feature is in percentage format, indicating how
much the feature contributes to constructing the model [28].
We computed the relative importance of each feature using the
XGBoost R package, and used the average relative importance
of the 100 base models as the value for the CASAVA model.
Given a group of features, we used the sum of their relative
importance (of each feature) as the relative importance of this
group. Then we calculated the relative importance of feature
groups related to histone modifications, open chromatin, TF
binding, gene expression, and DNA methylation (Additional file
1: Note S10).

Next, we combined all risk and benign variants from 24
CASAVA training sets and removed duplications. Given a
sequencing feature, we extracted the counts from upstream
4000 bp to downstream 4000 bp of each genetic variant and
formulated the count in 200-bp bin format (Additional file 1:
Note S2). For each variant, we got 8200 / 200=41 numbers in
order and transferred the counts into log2 scale. At each of the 41
relative positions of variants, we calculated the average counts
for all risk / benign variants and drew line plots. For the purposes
of illustration, we used DNase, H3K9me3, H3K4me1 and H3K27ac
of A549 cell line.

Website for retrieving whole-genome CASAVA scores

To facilitate easy browsing and querying, we designed and
implemented a web application for scoring genomic variants,
together with an online repository of pre-computed whole-
genome CASAVA scores for the 24 disease categories (http://
zhanglabtools.org/CASAVA). Additionally, we provided an easy-
to-use R script for scoring a large number of variants (Additional
file 1: Note S11).

Results
Overview of CASAVA

The goal of CASAVA is to provide a comprehensive prediction
of disease risk in 24 disease categories for any non-coding vari-
ant in the genome. The result is a 24-component vector: each
component is a continuous score ranging from 0 (minimum
risk) to 1 (maximum risk) to indicate risk of predisposing to
diseases in one of the 24 disease categories (Figure 1). To achieve
this, we designed an ensemble machine learning strategy and
implemented a two-step procedure. First, we calculate a set of
CASAVA scores for every 200-bp bin throughout the genome
using the trained models. Next, we assign the CASAVA scores for
the bin to all the variants located inside the bin. In other words,
the resolution of the CASAVA scores is 200 bp.

In the present study, we focus on variants located in the
non-coding part of the genome. Given a disease category, we
first collect relevant non-coding risk variants (located in intron
or intergenic only) from PheGenl [24] using significance level
threshold of P-value 10~* (Figure 1a). We next select correspond-
ing control sets of benign variants from the 1000 Genomes
project for each disease category [26]. In the meantime, we
collect, curate and process a large set (2725) of genome-wide pro-
files to be used as features in the classification model (Figure 1b).
For many complex diseases, there may exist multiple distinct
routes in disease pathogenicity. For example, many diseases
have subtypes. For each of these subtypes, a unique biological
mechanism may be involved. And the omics profiles of these
subtypes may be different. Hence, for a single disease, there
may exist multiple omics patterns around its risk variants. We
are hoping that each of these patterns can be captured by
one or few of the base learners in the ensemble model. To
account for the heterogeneity in the disease pathology, we opt
for an ensemble learning strategy, which is capable of recogniz-
ing multiple omics profiles in making the prediction. For base
learners, we choose boosting trees with the bagging technique
(Figure 1c).

In the end, CASAVA trains an ensemble classifier for each
of the 24 broad disease categories (Figure 1d) and applies the
trained model genome-wide to calculate disease category-
specific scores. These scores can be used to assess disease risks
in the most common disease categories. To make CASAVA easily
accessible, we build a web portal to allow easy browsing and
querying of CASAVA scores along with visualization (http://zha
nglabtools.org/CASAVA).

Disease categories

For disease categories, we use those defined by the Medical
Subject Headings (MeSH) related to ‘diseases’ or ‘psychiatry and
psychology’ (Additional file 1: Note S1). The same definition
was also used by PheGenl [24, 25]. Next, we exclude the para-
sitic disease category due to an insufficient number of variants
(less than 100) associated with its member diseases. We also
exclude five disease categories that are unlikely to have a strong
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Figure 1. Working pipeline of CASAVA. (a) For each disease category, CASAVA
collects known risk variants from existing genome-wide association studies
(GWASs) as training data (Additional file 1: Note S1). (b) CASAVA uses genome-
wide genomics and epigenomics profiling data as features in its machine learn-
ing models (Additional file 1: Note S2). (c) CASAVA applies bagging and boosting
techniques to build a classification model for each disease category (Additional
file 1: Note S3). (d) CASAVA produces disease category-specific risk prediction for
non-coding genetic variants.

genetics component: animal diseases, chemically-induced dis-
orders, disorders of environmental origin, occupational diseases,
and wounds and injuries. For the remaining 24 categories, using
the aforementioned significance threshold, the numbers of their
associated non-coding risk variants cataloged by PheGenl range
from 137 to 8065 with a median of 1337 (Additional file 2:
Table S1). The total number of non-coding variants for the 24
disease categories is 29 233. According to PheGenl, these variants
are associated with 484 individual diseases. The number of

associated variants of these diseases ranges from 1 to 2995, with
a median of 15.

Predicting disease category-specific risk variants

To evaluate the performance of CASAVA in terms of predict-
ing disease category risk, we first conducted a five-fold cross-
validation study, comparing CASAVA with nine scoring methods
that provide prediction scores genome-wide: CADD [9], DANN
[10], GWAVA [11], GenoCanyon [12], FATHMM-MKL [13], deltaSVM
[14], Eigen [16], LINSIGHT [19] and PAFA [22]. We found that over-
all CASAVA performed the best, followed by PAFA and GWAVA in
terms of AUC (Additional file 1: Figure S2). We next conducted a
follow up study using independent testing sets; CASAVA again
achieved the best performance among all methods in terms of
AUC and AUPR (Figure 2a, Additional file 2: Tables S4 and S5).
Compared to scores from commonly used methods, CASAVA
improved the AUC by at least 0.05 for 17 out of the 24 (70.8%)
categories, and lifted the AUPR by at least 0.05 for 11 out of the
24 (45.8%) categories. Yet, the performance varied tremendously
across different tasks. For all of the 24 disease categories, the
AUC from CASAVA falls in the range of 0.62-0.78 with a median
of 0.68, and the AUPR from CASAVA falls in the range of 0.12-
0.37 with a median of 0.18. For some categories, such as eye
diseases, even for its closest competitors, CASAVA’s advantage
is rather significant (AUC: 0.78 versus 0.62 (Figure 2b); AUPR:
0.35 versus 0.14 (Figure 2c)). Overall, CASAVA performs the best
among all methods we compared in terms of AUC and AUPR
values (Additional file 1: Figure S2).

Disease category-specificity in CASAVA scores

All existing methods, except for DIVAN, produce a single
score for each variant to represent its pathogenicity. As
expected, when comparing known (identified by GWASs)
disease-associated variants with benign variants, these methods
return higher scores (indicating pathogenicity) for the former
(Figure 2a). In contrast, CASAVA generates 24 scores for each
variant, one for each disease category. For any given disease-
associated variant, we want to answer the following two
questions: first, does its disease category-matching CASAVA
score tend to be higher than that of benign variants? Second,
does its disease category-matching CASAVA score tends to be
higher than the other 23 unmatching CASAVA scores (Additional
file 1: Note S4.3)? For the first question, we found that specific
CASAVA scores (from the corresponding disease) of risk variants
are significantly higher (one-tailed Wilcox rank-sum test, P-
value <0.05) than those of benign variants (Figure 2d) in all 24
disease categories. For the second question, we found in 17
out of the 24 categories (70.8%) that the CASAVA scores of risk
variants from the matching disease category are significantly
higher (one-tailed Wilcox rank-sum test, P-value <0.05) than
their CASAVA scores from the other 23 disease categories
combined (Figure 2d and Additional file 1: Figure S3). These
results demonstrated the disease-category specificity in CASAVA
score.

Benefits of using various ensemble learning techniques

The superior performance of CASAVA can be traced back to
the key techniques we adopted, including the use of tree-based
ensemble models (Additional file 1: Note S3), bagging and boost-
ing trees [27, 28]. We have showed that applying these tech-
niques indeed made a difference for classification, and found
that training a single decision tree without ensemble learning
produced rather poor results (Figure 2e, average AUC=0.615).
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Figure 2. Performance evaluation for disease category-specific risk prediction. (a) Heatmap of AUCs of different methods for 24 disease categories. Each row represents
a disease category, and each column represents a scoring method. Some methods have multiple scores, in which case we only use the score with the highest average
AUC value (Additional file 1: Note S9). GWAVA score is actually GWAVA TSS-matched score, and Eigen score is actually Eigen-PC score. (b) ROC of different scoring
methods for eye diseases. (c) PRC of different scoring methods for eye diseases. (d) Side-by-side boxplots of CASAVA scores comparing three groups of variants namely
‘variants associated with diseases belong to the specific disease category,’ ‘variants associated with diseases belong to other diseases categories’ and ‘benign variants’.
P-value was calculated using the one-tailed Wilcoxon rank-sum test. *1 x 1078 <P <5x1072;%%1x 10716 < P <1 x 1078; ***P <1 x 10716, All boxplot whiskers show
95th/5th percentile. (e) Boxplots of 24 AUC values (one for each disease category) showing difference across various ensemble learning techniques. (f) Side-by-side
boxplots of 24 AUC values (one for each disease category) illustrating different level of informativeness across five types of features. ‘All features’ refers to using all
five groups of features. (g) Proportion of local genomic annotation types (e.g., promoters, enhancers ...) for each CASAVA score bin, after first normalizing by the total
number of variants observed in that genomic annotation types (Additional file 1: Note S4). Here we use CASAVA scores for the eye diseases category as an example.
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Incorporating boosting trees lifted average AUC to 0.637 (one-
tailed paired t-test, P =8 x 10~°). With down-sampling, bagging a
series of decision trees further lifted average AUC to 0.683 (one-
tailed paired t-test, P =2 x 10~?). Compared to a single decision
tree, using boosting trees with bagging technique improved the
AUC values by 0.08 on average (from 0.615 to 0.697), a remark-
able performance boost (one-tailed paired t-test, P =5 x 1073).
Besides, for predicting the risk of disease categories, the ensem-
ble learning algorithm achieved higher AUC and AUPR than
traditional machine learning methods like random forest and
logistic regression (Additional file 1: Figure S4 and Note S3).

Contributions from different groups of features

The current version of CASAVA utilized 2725 features. These
features can be divided into five groups: open chromatin, tran-
scription factor (TF) binding, histone modification, DNA methy-
lation and gene expression (Additional file 2: Table S2). A nat-
ural question is whether every feature group contributes to
the success of CASAVA. To answer this question, we did the
following experiment. For each of the 24 disease categories, we
took turns to only use features from a single feature group
(such as the histone modification or TF binding group) to train a
classification model and test its performance using independent
testing sets. All models achieved significantly higher AUC and
AUPR values than random guess, indicating the usefulness of
every single group of features (Figure 2f and Additional file 2:
Table S6).

Features related to histone modification can be divided into
two subsets: active (or open) chromatin such as H3K4me3 and
H3K27ac, and repressive (or closed) chromatin such as H3K9me3
and H3K27me3 (Additional file 2: Table S7). Most of the existing
variant prediction methods only focus on the uses of open
chromatin marks. But we found that for all 24 disease cat-
egories, only using features with active or repressive effects
leads to average AUC 0.644 and 0.638, respectively. When com-
bined together, we got an average AUC of 0.650, which confirms
the usefulness of both subgroups of features. Taken together,
our results indicated that closed chromatin marks contributed
almost the same as open chromatin marks. And the perfor-
mance of CASAVA is slightly better when combined both types
of histone marks.

Genome-wide pattern of CASAVA scores

Once all CASAVA scores are derived, it is of interest to explore
the distribution of these scores, especially those top scores for
each disease category. This may shed light on how genetic
variants contribute to disease pathogenesis. For example, we
found that for genomic regions with high CASAVA scores for eye
diseases, the enhancer regions (see Methods) are significantly
over-represented (Figure 2g, Chi-squared test, P <2.2 x 107%).
In contrast, intergenic regions (not in enhancer regions) are
depleted (chi-squared test, P <2.2 x 107%). Such a pattern is
observed for almost all the 24 disease categories (Additional file
1: Figure S5). Our finding is consistent with the notion that most
GWAS variants are likely disruptive of transcription regulation
of genes critical for the pathogenesis of the disease [39].

Results on testing sets

To mimic the scenario of different testing sets, we performed the
following three experiments to compare performance of CASAVA
with commonly used scoring methods.

In the first experiment, since all the risk variants stored
in PheGenl came from two databases—NHGRI GWAS catalog

(NHGRI) [3] and dbGaP [40], we treat risk variants from one source
as the training set and risk variants from the other source as
the testing set and vice versa. In the second experiment, we
divide all the risk variants into two separate groups according to
which chromosome they belong. One group consist of all the odd
number chromosomes plus chromosome X, and another group
consist of all the even number chromosomes and vice versa. In
the third experiment, we split the risk variants according to the
magnitude of statistical significance. Variants with association
P-value lower than a threshold are assigned to the training set
and the rest are assigned to the testing set and vice versa.
In all three experiments, we found that CASAVA achieves the
best performance overall. Detailed results are summarized in
Additional file 1: Figure S6.

Utility of CASAVA scores on disease-specific risk
prediction

The goal of CASAVA is to provide disease category-level predic-
tion. Having achieved that, an interesting follow up question is
whether the CASAVA scores can also be leveraged for prediction
at the individual disease level. Unlike DIVAN, which relies on
disease-specific training data, CASAVA scores are trained by
aggregating variants from all diseases belonging to the same dis-
ease category. Therefore, we hypothesized that CASAVA scores
may be particularly informative when disease-specific variants
needed for training are scarce or not available at all, which is
the case for the majority of complex diseases. We believe using
CASAVA scores (for disease category) as surrogate to predict the
risk of individual disease is feasible, because, for many disease
categories, the same genomic variants have been found to be
associated with multiple diseases (Figure 3a) [41, 42]. In spirit,
our strategy is reminiscent of the transfer learning idea that
has proved surprisingly effective in many machine learning
applications [31].

The 24 disease categories include 484 individual diseases
with at least one associated non-coding risk variants. The
numbers of such variants range from 1 to 2995 with a median
of 15. To get relatively robust results, we used 89 diseases to
evaluate the performance of CASAVA at the individual disease-
level (Methods); that is, we used CASAVA disease category-
specific scores to predict disease-specific risk. We again found
that overall CASAVA still achieve the best performance, with
an average AUC of 0.692, compared to average AUC of 0.647 for
DIVAN and average AUC of 0.607 for PAFA (Figure 3b). In terms
of AUC, CASAVA achieved the best performance in 59 out of
the 89 diseases (66.3%). Furthermore, CASAVA improved the
AUC by at least 0.05 in 21 diseases (23.6%), and lifted the AUPR
by at least 0.05 in 21 diseases (Additional file 2: Tables S8 and
S9). Yet the prediction performance varied substantially across
different diseases. For all 89 diseases, CASAVA produces AUC
values in the range of 0.52-0.90 with a median of 0.68, and the
AUPR values resulting from CASAVA fall in the range of 0.10-0.58
with a median of 0.17. For comparison, we also trained disease-
specific models for these 89 diseases using our ensemble
learning framework (Additional file 1: Note S5.2). CASAVA
presented results that are comparable to disease-specific
models on the 89 diseases in terms of AUC (Figure 3c, Pearson
correlation=0.79).

In the above result, we saw that the performance of CASAVA
is still better than DIVAN. This is because that DIVAN designed
for disease-specific risk prediction limits its application to
only diseases with large number of known disease-specific
variants (needed for training). CASAVA overcomes this limitation
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Figure 3. Performance evaluation for disease-specific risk prediction. (a) Venn’s diagram for known risk variants that belong to two digestive system diseases. (b) Side-
by-side boxplots of 89 AUC values (one for each disease) comparing performance between CASAVA and ten different variant prediction methods. Some methods have
multiple scores, and we only use the score with the highest average AUC values. GWAVA score is in fact GWAVA TSS-matched score, and Eigen score is actually Eigen-
PC score. (c) Scatter plot comparing AUC values obtained using two different methods: regular (disease category-specific) CASAVA and the disease-specific version of
CASAVA (apply the same ensemble learning framework to each of the 89 diseases). Each point represents one of the 89 diseases. We use Pearson’s correlation coefficients
as the correlation measure. Purple and blue represent the condition where one method outperforms the other one. (d) Side-by-side boxplots of 89 AUC values (one for
each disease) comparing performance between CASAVA and nine different variant prediction methods, assuming no disease-specific training data is available. Here
disease-specific training variants were excluded when training each of the CASAVA models (Additional file 1: Note S6).

by focusing instead on the 24 major disease category which
gives much larger training set. In addition to disease category-
specific risk prediction, a secondary, and admittedly suboptimal
application of CASAVA is to predict disease-specific risk, simply
by borrowing disease category-specific CASAVA scores from the
disease category that contains the particular disease. For the
majority of diseases where only a small number (less than 20)
of known disease-associated variants in known, CASAVA have
distinct advantage.

Next, we conducted a simulation study to mimic a scenario
in which there is no training data available at the individual
disease level (Method). Given a disease, we treat all its known
variants associated with it as testing data. We removed these
variants from training sets, re-trained CASAVA, and evaluated
its performance (Additional file 1: Note S5.5). Surprisingly, this
seemingly simple-minded approach again achieved remarkably
better results than existing methods in terms of AUC and AUPR

(Figure 3d, Additional file 2: Tables S10 and S11). Using the same
89 diseases, in terms of AUC, CASAVA achieved the best perfor-
mance in 81 out of the 89 diseases (91.0%). Moreover, CASAVA
improved the AUC by at least 0.05 in 47 diseases (52.8%), and
lifted the AUPR by at least 0.05 for 17 diseases (19.1%).

Applying transfer learning to improve disease-specific
risk prediction

Previously, we demonstrated the utility of directly using CASAVA
scores designed to predict disease-category risk for diseases
belonging to the disease category. Despite the decent results
of this strategy, we felt that a better approach would be to use
both variants associated with the specific disease and variants
associated with similar diseases in the same disease category.
This strategy is particularly important when disease-specific
variants are scarce.
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To accomplish this, we designed an instance-based transfer
learning approach named TrCASAVA, which includes both indi-
vidual disease level variants as well as disease category-level
variants in the training set. TrTCASAVA applies higher weights to
disease-specific variants to prioritize variants at the individual
disease level (Additional file 1: Note S6).

Compared to the disease-specific models, our results showed
that TrCASAVA improves performance in 64 out of the 89 dis-
eases (71.9%) in terms of AUC (Figure 4a). On average, TrCASAVA
lifted the AUC value by 0.013 (Figure 4b, one-tailed paired t-
test, P =4 x 107%) and the AUPR value by 0.015 (Additional file
1: Figure S7, one-tailed paired t-test, P =6 x 107*). Compared to
CASAVA, TrCASAVA also achieved higher AUC values on 54 out
of the 89 diseases (60.7%), which was possibly due to utilizing
disease specificities (Figure 4c). On average, TrCASAVA lifted the
AUC value by 0.005 (Figure 4d, one-tailed paired t-test, P =0.04)
and the AUPR value by 0.009 (Additional file 1: Figure S7, one-
tailed paired t-test, P =0.02).

We also did an ablation study assuming that only a small
number of disease-specific training variants were available
(Additional file 1: Note S6), and performed experiments on
57 diseases with more than 100 disease-associated variants in
the training set. Chen et al. showed that the performance of a
disease-specific variant prediction model is highly dependent
on the size of the training set. Using few disease-specific
training variants led to rather poor results (Figure 4e). Under the
scenario of an extremely small training set, TrCASAVA is likely
to significantly improve the prediction results (Figure 4e and
Additional file 1: Figure S7). For example, if we only included 1/8
of the disease-specific variants for training, we got an average
AUC value 0.64 while TrCASAVA lifted the average AUC value
by 0.05 (Figure 4e, one-tailed paired t-test, P =4 x 107%). Put
together, we concluded that the predictions of TrCASAVA are
more robust than those of the disease-specific models trained
on a small number of variants (Additional file 1: Figure S7).

Case study: MHC2TA and IKZF1 for immune system
diseases

The relationship between MHC2TA and immune system diseases
has long been noticed and documented in the literature [43].
As reported, polymorphisms in and around the MHC2TA gene
lead to differential MHC molecule expression and are associated
with susceptibility to diseases with inflammatory components
[44]. For example, the variant rs3087456, located in the pro-
moter region of MHC2TA gene, has been shown to increase
susceptibility to rheumatoid arthritis and multiple sclerosis [44,
45]. The CASAVA scores seem to agree with this fact. In the
gene body region of MHC2TA, the average score of immune
system diseases is the highest among all 24 disease categories
(Figures 5a and 5b). We further explored the CASAVA scores of
2144 variants located within the gene body as well as 5-kb
flanking regions of MHC2TA. The scores of immune system dis-
eases achieved the highest and the second highest in 1012 (48%)
and 861 (41%) out of the 2144 variants, respectively (Figure 5c).
And for 89 variants out of the 1012 (10.2%), the CASAVA scores
corresponding to the immune system diseases not only rank the
highest, they are at least 10% higher than the second highest
among the 24 disease categories. All these observations con-
firmed the relationship between MHC2TA and immune system
diseases.

A recent study reported that the polymorphisms inside the
IKZF1 gene are associated with systemic lupus erythematosus
in the Chinese Han population (e.g., rs4917014, P =3 x 10~°) [46].
In the gene body region of IKZF1, we found that the average
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Figure 4. Performance of TrCASAVA for disease-specific risk prediction. (a)
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the 89 diseases. P-value is calculated using the one-tailed paired t-test. Purple
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score of immune system diseases ranks the highest among all
disease categories (Additional file 1: Figure S8). Also, for over 86%
of variants found in the gene body or the 5 kb flanking regions
of the IKZF1 gene, their CASAVA scores corresponding to the
immune system disease rank either the highest or the second
highest. And for 65 variants, the CASAVA scores corresponding
to the immune system diseases not only rank the highest, they
are at least 10% higher than the second highest among the 24
disease categories. In summary, we conclude that both the abso-
lute CASAVA scores and the relative ranks among all the disease
categories shed light on the level of disease risk conditioned by
a given variant.

Informative features in CASAVA

CASAVA has the potential to illuminate disease pathogenesis
by ranking cell type-specific genomic or epigenomic features in
terms of their relevance for predicting disease category-specific
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CASAVA scores ranked in the top five among 24 categories.

risk. Overall, we found that features related to histone marks,
open chromatin and TF binding contributed more than other
types of features (Figure 6a). This result makes sense, because
these features characterize the chromatin microenvironment
around the variants of interest. For example, the DNase-read
counts at loci containing risk variants were significantly higher
than those of benign variants (Figure 6b, one-tailed t-test,
P <2.2x107%). Similarly, H3K4mel and H3K27ac counts of
risk variants were significantly higher than those of benign
variants (one-tailed t-test, P <2.2x107% and P =5x10"%
correspondingly). In contrast, the pattern is reversed for
marks of heterochromatin, such as H3K9me3 (one-tailed t-test,
P =7 x 1078), suggesting that the risk variants were more likely
to be found in open chromatin regions such as active enhancer
and promoter regions.

We also found that the top CASAVA features often show
close connections to corresponding disease categories (Addi-
tional file 1: Figure S9). For example, the open chromatin fea-
tures of immune-related cells such as B cell, CD4, CD8 and
CD19 cells, dominate the top features in the immune disease
category model (Figure 6c). Furthermore, risk variants associated
with hemic and lymphatic diseases show depletion of open
chromatin regions in blood-related cell lines such as GM12891,
GM12892 and GM19239 (Figure 6d), indicating the tissue speci-
ficity of the hemic disease category. We also noticed that open
chromatin marks—H3K4me1l and H3K27ac in the CD19 cells—
are frequently selected as important features, implying that the
CD19 cell type might play a key role in hemic or lymphatic
traits. As shown in the literature, CD19-related therapy has been

widely used to treat leukemia, which is a major disease in this
hemic or lymphatic disease category [47]. Regarding bacterial
infection and mycoses, we found that the closed chromatin
mark H3K27me3 features in multiple cells; such cells show more
depletion around risk variants than around benign variants
(Figure 6e).

Discussion

In this paper, we presented CASAVA, an ensemble learning
framework for disease category-specific prediction of risk
variants in non-coding regions of the genome. Building on
features derived from genome-wide profiling experiments,
CASAVA returns risk scores for 24 disease categories for
each genetic variant. Compared to existing methods, CASAVA
provides more accurate prediction at the disease category
level. Additionally, we found that CASAVA scores can also be
used for disease-specific risk prediction; for some diseases, its
performance is even better than disease-specific prediction,
implying the wide-ranging applicability of CASAVA. To further
improve performance for disease-specific risk prediction, we
developed a transfer learning version of CASAVA, named
TrCASAVA, by taking advantage of both disease specific training
data as well as larger, but less specific, training data from related
diseases belonging to the same disease category.

To demonstrate the utility of CASAVA, we surveyed CASAVA
scores across the genome and identified genes harboring mul-
tiple variants with distinctly high CASAVA scores in a particular
disease category. Among our findings, MHC2TA and IKZF1 stand
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Figure 6. Informative features in CASAVA. (a) Proportions of contribution by different groups of features in the 24 disease category-specific CASAVA models. (b) Selected
top-ranked features of the A549 cell line for all risk and benign variants. The line plots show the average read counts (log2 scale) averaged over all risk or benign variants
in the training sets. Bar charts for selected top-ranked features in models of (c) immune system diseases, (d) hemic and lymphatic diseases, (e) bacterial infection

and mycoses The colors scheme is the same as the one used in panel a. P-value is
#1x1078 <P <5x 1072 4% 1x 10710 <P <1x 1078; ¥**P <1 x 10716,

out as likely to be associated with immune diseases. This con-
nection is supported by present scientific literature. In addition
to predicting scores, CASAVA also has the ability to further
explore the informative features CASAVA selected during the
feature selection step for each disease category. For example, a
TF in a specific cell type, or a histone mark in a specific tissue
type, could potentially illuminate possible disease pathogenesis
or etiology.

The motivation for developing CASAVA is to find a compro-
mise between general pathogenicity (disease-neutral) prediction
and disease-specific prediction (Additional file 1: Figure S10).
Using a single score such as CADD score is appealing due to its
simplicity, but insufficient to describe pathogenicity of diverse
diseases due to their heterogeneous and complex nature. And
the disease-specific approach like DIVAN is often limited by the
small number of known disease-associated risk variants which
is required to set up the training set. In this work, we describe
CASAVA and TrCASAVA, which achieve a trade-off between gen-
erality and specificity of different diseases.

calculated using the Mann-Whitney U-test between risk and benign variants.

Currently, CASAVA considers 2725 features. They belong to
five broad categories: open chromatin, histone modification, TF
binding, gene expression, and DNA methylation. In the future,
we will include single-cell RNA-seq or ATAC-seq data as addi-
tional features as they become increasingly available, which may
be used to describe the chromatin environment at the single-cell
level [48, 49]. We may also use Hi-C data to capture chromatin
conformation [50].

We studied the effects of different benign variants for test-
ing (Additional file 1: Note S8.5). Besides TSS-matched benign
variants, we also performed testing using unmatched or region-
matched benign variants. In both cases, CASAVA worked better
than others, followed by PAFA and GWAVA (Additional file 1:
Figure S11). It is worth noting that all methods perform signif-
icantly worse when tested on region-matched benign variants.
The similar chromatin landscape between risk and benign vari-
ants pose more difficulties in this situation. Perhaps improving
the resolution (from 200-bp bin to 100-bp or 50-bp bin) of the
features will alleviate the problem.
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We also explored the heterogeneity of risk variants (Addi-
tional file 1: Note S8.6): for example, the majority of risk variants
located in the intron or intergenic regions. We first performed
a separate evaluation by only using risk variants in the intron
or intergenic regions. In both cases, CASAVA worked better than
others (Additional file 1: Figure S12). However, some methods,
such as LINSIGHT [19] or GWAVA TSS-matched score [11], might
only be able to deal with either intron or intergenic variants.
All these results pointed to the difference between the chro-
matin landscapes of risk variants in the intron regions and
those in the intergenic regions. Hence, considering the differ-
ences between intron and intergenic regions may give better
results.

There are many potential applications for CASAVA scores.
Here we describe two potential applications: (1) identifying
disease-associated genes and (2) exploring connections among
various diseases or traits.

What is the best way to identify variants that are likely
to be associated with one or more disease categories using
CASAVA, especially in the case of rare variants? Or, how can
one identify loci that harbor risk variants for certain categories
of diseases? As shown above, CASAVA provides information
from different aspects. First, the higher the CASAVA score
of the variant, the more elevated is the risk (presumably)
associated with that disease category. In particular, the disease
category with the highest score among the 24 categories is,
perhaps, most worth following up on, especially because it
is significantly higher than the scores from all the other
categories.

CASAVA scores may also be exploited to explore relationships
among different disease categories (Additional file 1: Note S4).
To this end, we collected CASAVA scores for all disease cate-
gories and for all variants in chromosome 1 (as cataloged by
the 1000 genomes project phase 3), which we considered as
representatives of genome-wide variants; we then calculated the
Pearson correlation between the vectors of scores from every
pair of the 24 disease categories. We found for example, that
CASAVA scores for male and female urogenital diseases are
quite similar, indicating the commonalities between urogenital
diseases. We also found that the bacterial infection and mycoses
categories are very different from other categories (Additional
file 1: Figure S13). Generally, similarities between CASAVA scores
of different categories are high, indicating that risk variants
for different diseases indeed share some common chromatin
signatures.

The overarching goal of CASAVA is to provide an alternative
way to evaluate the impact of non-coding variants in terms
of disease category-specific risk. Population-based approaches
like GWAS, although effective and reliable for identifying
disease-associated variants, their discovery power are limited
by important factors such as minor allele frequencies. It has
been showed that pathogenic SNVs have a wide spectrum of
minor allele frequencies. For example, some SNVs are common
with low penetrance, whereas other SNVs are quite rare but
show high penetrance. SNVs in the later categories may not
be identified by GWAS even with all the populations in the
world.

CASAVA aims to provide an alternative approach to predict
and potentially identify SNVs that associated with various cat-
egories of human diseases and traits that traditional GWASs
are unable to achieve. CASAVA is able to accomplish this by
bring in molecular features that are not used in classical GWAS.
We think this is important because all human diseases develop
with certain biological mechanisms. Such information can be

found in molecular level, genome-wide profiling assays such as
ChIP-seq, ATAC-seq data.

In personal sequencing studies, we may discover an ultra-
rare SNV that has never been implicated by any genetic study.
However, from its local genomic and epigenomic profiles, we
may be able to predict that it is capable of conveying signifi-
cant risk to one or more disease categories. We believe such
information can be important in translational research. And the
information obtained from CASAWA is complimentary to what
GWAS can provide us.

We acknowledge that the accuracy and specificity of
CASAWA still have much room for improvement at the moment.
But we believe that our results showed that the strategy works in
principal and performs better than other competitors. In many
machine learning applications, the quality of the training data
and features play important roles in its performance.

Training data used in CASAVA are collected from PheGenl,
despite complications such as not all GWAS SNVs are repro-
ducible and the top-ranked index SNP in a locus may not be
the causal one, we believe the proportion of bona fide disease-
associated variants is much higher than that in the control set.
To make the training set more reliable, we also change the p-
value threshold from 103 (used by the PheGenl database) to
1074,

As of features, it is important to recognize that new and
high-quality data are being continuously generated and made
publicly available. With the fast-evolving technologies like single
cell technologies. More diverse and informative features will
become available and they will help improve the performance
of CASAWA.

An interesting question is whether CASAVA can help with
fine mapping. Due to the limited resolution of most features
used, and the fact that training sets are based on GWAS results
which are limited by linkage disequilibrium (LD), CASAVA is not
suitable to do fine mapping. However, since typically LD extends
much longer than genomic or epigenomic signals (limited by the
experimental assays, such as the fragment size), hence using
CASAVA scores, we should be able to narrow the association
locus to a genomic interval much smaller than the LD block
containing the GWAS variants.

CASAVA score is assigned to the locus of the genetic variant at
a 200-bp resolution, not the variant per se. CASAVA assigns a risk
score for every 200-bp bin in the genome, using the local genomic
and epigenomic profiles of the position. There are multiple
existing methods to segment and annotate the genome [51-
56], yet CASAVA is the first to provide disease category-specific
risk prediction. An interesting question is whether there is any
connection between CASAVA scores and these annotations. To
explore we tested enrichment of various chromatin states of
relevant tissues in selected disease categories and indeed, we
found significant enrichment of enhancers and TSS proximal
chromatin states (Additional file 1: Figure S14). Additionally, one
could also test for enrichment of disease-related transcription
factor binding motifs or genes belong to disease-related path-
ways or gene sets using existing tools [57-59].

In Figure 6a, we notice that variation in the contribution of
the five features types among the 24 disease categories. For
example, it seems that gene expression plays an important role
in respiratory tract whereas open chromatin is less important
than histone modification for bacterial and mycoses. The order
of overall importance among the five categories of features is
as follows: histone modification, open chromatin, TF binding,
gene expression and DNA methylation. The overall pattern can
be partially explained by the fact that the number of features
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are following roughly the same order. Additionally, two feature
types: DNA methylation and TF binding are relatively stable and
the three other features types vary substantially. An interesting
phenomenon is that the gene expression features and open
chromatin features sum up roughly the same. We hypothe-
size that the gene expression features are important for SNVs
near gene, and open chromatin features are important for SNVs
farther away from genes.

Admittedly, there will be information loss in the process of
assigning diseases to disease categories due to our incomplete
understanding of the disease processes. Despite this, we believe
it is beneficial to use disease category-level annotation. This is
because, first, there are too many diseases, it is cumbersome
to annotate risk for every single disease. Second, annotation
based on ML strategy is not possible for most diseases because
there is insufficient training data. Adopting disease category
annotation, a vector of 24 scores is sufficient. And at the disease
category-level, there are much more training data available for
each category. For future work, we will work on fine-tuning
disease category definition. A useful resource is disease ontology
(DO) [60]. We will also explore how to combine related diseases
or disease categories based on DO for reasonable and sufficient
data utilization [61].

To make CASAVA more accessible and easier to use, we
built a web server (http://zhanglabtools.org/CASAVA), along with
visualization tools, for retrieving CASAVA scores (Additional file
1: Figure S15). Additionally, we provided pre-computed whole-
genome CASAVA scores and an easy-to-use R script for scoring
a large number of variants (Additional file 1: Note S11).

In summary, this study presents a novel ensemble learning
framework, CASAVA, for predicting disease category-specific risk
variants in non-coding regions of the genome. Compared to
ten different scoring methods, CASAVA demonstrates the best
overall results in terms of both disease category-specific and
disease-specific prediction. Additionally, better results can be
achieved when additional known risk variants from related dis-
eases are added under a transfer learning framework. The new
algorithm, TrCASAVA, further demonstrates the advantage of
pooling together risk variants from similar diseases to boost
the performance. Using MHC2TA and IKZF1 genes as exam-
ples, CASAVA shows the potential of identifying novel disease-
associated variants or genes. In order to make CASAVA eas-
ily accessible, we built a web portal to allow easy browsing
and querying of CASAVA scores (http://zhanglabtools.org/CASA
VA).

Key Points

® We present a novel ensemble learning framework—
CASAVA, to predict genomic loci in terms of disease
category-specific risk.

® Compared to nine different competing methods,
CASAVA demonstrate the best overall results in terms
of both disease category-specific and disease-specific
annotation.

® Better results can be achieved when additional known
risk variants from related diseases are added under a
transfer learning framework. TrCASAVA demonstrate
the advantage of pooling together risk variants from
similar diseases to boost the performance.

® Using MHC2TA and IKZF1 as examples, we demon-
strate that using CASAVA, one could potentially iden-
tify novel disease-associated variants or genes.

Supplementary Data

Supplementary data are available online at https://academi
c.oup.com/bib.
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