
Genomics Proteomics Bioinformatics 21 (2023) 662–673
Genomics Proteomics Bioinformatics

www.elsevier.com/locate/gpb
www.sciencedirect.com
METHOD
Computational Assessment of the

Expression-modulating Potential

for Non-coding Variants
* Corresponding author.
E-mail: gaog@mail.cbi.pku.edu.cn (Gao G).

Peer review under responsibility of Beijing Institute of Genomics,

Chinese Academy of Sciences / China National Center for Bioinfor-

mation and Genetics Society of China.

https://doi.org/10.1016/j.gpb.2021.10.003
1672-0229 � 2023 The Authors. Published by Elsevier B.V. and Science Press on behalf of Beijing Institute of Genomics, Chinese Academy of S
China National Center for Bioinformation and Genetics Society of China.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
Fang-Yuan Shi
1
, Yu Wang

1
, Dong Huang

2
, Yu Liang

3
, Nan Liang

1
,

Xiao-Wei Chen 2,4, Ge Gao 1,*
1State Key Laboratory of Protein and Plant Gene Research, School of Life Sciences, Biomedical Pioneering Innovative Center
(BIOPIC) & Beijing Advanced Innovation Center for Genomics (ICG), Center for Bioinformatics (CBI), Peking University,
Beijing 100871, China

2State Key Laboratory of Membrane Biology, Institute of Molecular Medicine, Peking University, Beijing 100871, China
3Human Aging Research Institute, School of Life Science, Nanchang University, Nanchang 330031, China
4Peking-Tsinghua Center for Life Sciences, Academy for Advanced Interdisciplinary Studies, Peking University, Beijing

100871, China
Received 27 January 2021; revised 13 October 2021; accepted 1 November 2021
Available online 7 December 2021

Handled by Yi Xing
KEYWORDS

Non-coding variant;

Expression-modulating

variant;

Gene regulation;

Algorithm;

Web server
Abstract Large-scale genome-wide association studies (GWAS) and expression quantitative trait

locus (eQTL) studies have identified multiple non-coding variants associated with genetic diseases

by affecting gene expression. However, pinpointing causal variants effectively and efficiently

remains a serious challenge. Here, we developed CARMEN, a novel algorithm to identify functional

non-coding expression-modulating variants. Multiple evaluations demonstrated CARMEN’s supe-

rior performance over state-of-the-art tools. Applying CARMEN to GWAS and eQTL datasets

further pinpointed several causal variants other than the reported lead single-nucleotide polymor-

phisms (SNPs). CARMEN scales well with the massive datasets, and is available online as a web

server at http://carmen.gao-lab.org.
Introduction

Approximately 98% of the human genome does not encode

proteins [1], and more than 90% of disease-associated variants
identified by association studies are non-coding [2–4]. How-
ever, their biological functions and mechanisms remain largely

elusive [5–8].
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Several algorithms have been developed to prioritize func-
tional non-coding variants based on existing annotations [9–
18]. Recently, convolutional neural networks (CNNs) [19]

have been employed to characterize the regulatory activity
of genomic sequences and call variants which change chro-
matin profiles [e.g., transcription factor (TF) binding and his-

tone modifications] [20–22], and to estimate variant impact
on gene expression ab initio [23]. Meanwhile, massively par-
allel reporter assay (MPRA) offers direct assessment of tran-

scriptional activities for millions of cis-elements by
transfecting cells with plasmids harboring synthetic elements
and reporter genes [24,25], enabling systematic screening for
potential regulatory variants [25,26]. Trained on MPRA

data, EnsembleExpr successfully identifies variants which
change reporter expression significantly, and pinpoints causal
Figure 1 Schematic overview of CARMEN

A. Overview of the CARMEN workflow. B. Pipeline for predicting var
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variants in several expression quantitative trait locus (eQTL)
datasets [27].

Here, we propose CARMEN, a novel algorithm for pre-

dicting the effects of non-coding variants on both gene expres-
sion and disease risk (Figure 1A). Compared with state-of-the-
art tools, CARMEN shows superior performance on both

high-throughput datasets and low-throughput case studies.
In particular, CARMEN’s high sensitivity enables effective
identification of multiple causal expression-modulating vari-

ants that other tools missed. Of interest, CARMEN success-
fully identified multiple causal variants other than the
reported lead single-nucleotide polymorphisms (SNPs) in var-
ious datasets of genome-wide association studies (GWAS) and

eQTL studies. CARMEN is available as a web server with free
access for academic usage at http://carmen.gao-lab.org.
iant effects on chromatin profiles with sequence-based CNNs. The

layer for detecting sequence features, and the max-pooling layer
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Method

Annotating variants with multi-modal features

Predicting variant impacts on chromatin profiles with sequence-

based neural networks

Inspired by pioneering works [22,28], we employed convolu-
tional networks to assess inputted variants’ effects on chro-
matin profiles, including TF binding, histone modification,

DNase I-hypersensitive (DHS) sites, and DNA methylation
sites. Different from the ‘‘one holistic network design” used
previously [22], we employed a ‘‘one-feature-one-network”

design, training independent network for each chromatin pro-
file feature separately for better flexibility and scalability (Fig-
ure 1B). The basic unit of the network is a stack of

Convolution, Pooling, and Dropout: one 1D convolutional
layer with ReLU activation function (kernel number = 128
or 256, kernel length = 4, 10, 12, or 20), followed by one

1D Pooling layer (max pooling, size = 10 or 20) and one
Dropout layer (drop rate = 0.2). In case of potential overfit-
ting, a fully connected layer (ReLU activation function) and
corresponding Dropout layer (drop rate = 0.5) were intro-

duced afterward, rightly before the final output producing
layer (fully connected with sigmoid activation function).

To train these networks, we downloaded raw data for 1249

TF binding profiles, 766 histone markers, 280 DHS sites, and
108 DNA methylation profiles from ENCODE (Table S1), and
took data cleaning according to the official guideline (https://

www.encodeproject.org/data-standards/): for TF binding data,
only those involved in conservative irreproducible discovery
rate (IDR) peaks and optimal IDR peaks were kept; for his-

tone marker profiles, replicated peaks were kept; for DHS
sites, pseudoreplicated IDR peaks were used. Multiple data
files produced by different experiments or labs for the same
feature were merged based on genomic coordinates (when

two peaks are found to be overlapped, the one with higher
peak score will be kept, see Figure S1 for more details). Mean-
while, negative cases were generated as follow: for each TF

binding, histone marker, and DHS dataset, we firstly split ref-
erence genome with positive data excluded into 200-bp bins,
and then randomly sampled these bins to match the number

of positive cases; for each methylation dataset, we took sites
with methylation rate lower than 50% as negative cases [29].
During training, we employed the binary cross entropy
(BCE) as the loss function:

BCE t; pð Þ ¼ � t� ln sigmoid pð Þð Þ þ 1� tð Þ � ln 1� sigmoid pð Þð Þð Þ
ð1Þ

where t is the true label and p is the network output. Grid
searching was performed to optimize all hyperparameters.

Each network was trained and evaluated with five-fold

cross-validation independently. Briefly, in each iteration, we
first randomly sampled 15% of data as the independent testing
set that was not involved in follow-up training, and then split

the rest as the nonoverlapping training set (70%) and the val-
idation set (15%). The most accurate network over five folds
was chosen, and the corresponding accuracy was reported.

In efforts to verify that these networks have ‘‘learned” gen-
uine information, we inspected the trained networks for known
functional motifs. After checking database JASPAR (2020
CORE_vertebrates nonredundant) [30] and TRANSFAC
(2019.3 Professional version) [31], we pinpointed 1395 curated

TF binding profiles for 357 TFs. We further extracted repre-
sentative sequence motifs from kernels of corresponding 803
trained networks via the procedure described by Kelley and

his colleagues [28]. A direct comparison via Tomtom in the
MEME suite [32] identified statistically significant matches
(q < 0.05) for most (72.10%, or 579 of 803 in total) CAR-

MEN networks with 844 curated TF binding profiles for 220
TFs, strongly suggesting that corresponding networks learn
bona fide motifs instead of trivial features (see Table S2 for a
detailed list and Figure S2 for a few examples).

For each variant, 100-bp flanking sequence upstream and
99-bp flanking sequence downstream of the particular allele
will be extracted, resulting in a 200-bp reference sequence

and a 200-bp alternative sequence. The reference sequence
and alternative sequence will be fed into network then, and
the variant effect is estimated as the log2 fold change of the net-

work output for reference (Pr) and alternative sequence (Pa):

log2
Pr

1�Pr

� �
� log2

Pa

1�Pa

� �
ð2Þ
Predicting variant impacts on DNA physicochemical properties

and extracting evolutionary conservation features at the variant
locus

Following the published protocol [33,34] (see https://github.
com/gao-lab/CARMEN/blob/master/06_12features_annota-

tion.py and https://github.com/gao-lab/CARMEN/blob/
master/07_OHfeature_annotation.py for more details), we
further incorporated the change in 13 DNA physicochemical

properties which are shown to be important for regulatory
functionality. Meanwhile, we extracted the evolutionary con-
servation score at the variant locus from the PhastCons and

PhyloP tracks for primate, mammal, and vertebrate clades at
UCSC Genome Browser (http://hgdownload.soe.ucsc.edu/gol-
denPath/hg19/). LiftOver was used to convert the genome

coordinates to GRCh38. In total, we annotated each inputted
variant with 2424 features in the CARMEN Annotation Com-
ponent (Figure S3).
Training and evaluating CARMEN prediction components

Two distinct components were trained to identify functional
non-coding expression-modulating variants: CARMEN-E,

for assessing variant impacts on gene expression, and
CARMEN-F, for assessing variants’ disease risks.

Dataset curation

We compiled a MPRA-based dataset for CARMEN-E train-
ing by manually curated four recently published peer-
reviewed papers, consist of 1082 positive and 2611 negative

cases, respectively (Table S3). For training CARMEN-F
component, we extracted 1405 disease-causing regulatory
variants from HGMD professional version 2018.4 as positive

cases, and 124,338 negative cases from 1000 Genomes by
following the previous protocol [20] (see Table S4 for more
details).

https://www.encodeproject.org/data-standards/
https://www.encodeproject.org/data-standards/
https://github.com/gao-lab/CARMEN/blob/master/06_12features_annotation.py
https://github.com/gao-lab/CARMEN/blob/master/06_12features_annotation.py
https://github.com/gao-lab/CARMEN/blob/master/06_12features_annotation.py
https://github.com/gao-lab/CARMEN/blob/master/07_OHfeature_annotation.py
https://github.com/gao-lab/CARMEN/blob/master/07_OHfeature_annotation.py
http://hgdownload.soe.ucsc.edu/goldenPath/hg19/
http://hgdownload.soe.ucsc.edu/goldenPath/hg19/
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Data-driven feature selection

To reduce the risk of overfitting and high time costs of model

training, we adopted a data-driven feature selection approach
by pretraining multilayer perceptron (MLP) networks with
2424 annotated features as input (Figure S4). The MLP net-

work was trained with optimizer ‘Adadelta’ (batch size is
100, 100 epochs with early-stopping patience = 30). To extract
important features, we used Deep Learning Important Fea-

Tures (DeepLIFT) to estimate features’ contribution scores
by comparing the difference in the activation value of each
neuron to its ‘reference activation’. Here, we chose ‘‘all zeros”
as the reference. After that, we calculated the distribution of

the contribution scores of the input data and selected the fea-
tures with contribution scores higher than the cutoff (see
https://github.com/gao-lab/CARMEN-Figures_and_Tables/

tree/main/Feature-selection for more details). Finally, we
selected 689 and 1190 features for CARMEN-E and
CARMEN-F, respectively.

Training and evaluating CARMEN-E and CARMEN-F

Given the limited resource, we implemented CARMEN-E as
AdaBoost decision tree, but CARMEN-F with less time-

consuming Random Forest due to its larger size (1190 features
over 125,743 variants vs. 689 features over 3693 variants for
CARMEN-E). Specially, the hyperparameters of CARMEN-

E were tuned using grid searching with estimators from 700
to 1300 (step = 100), the learning rate was from 0.6 to 0.8
(step = 0.1), and the parameters of max depth and min leaf

samples leaf were from 10 to 50 (step = 10); and the hyperpa-
rameters of CARMEN-F were tuned using grid searching with
estimators from 700 to 1400 (step = 100), and sample weight
was used in the training process. Five-fold cross-validation was

employed during the model training, and the model with best
area under the receiver operating characteristic curve
(AUROC) over five folds was chosen and reported.

The outputs of CARMEN-E and CARMEN-F were fur-
ther integrated as the ‘‘CARMEN score” which is calculated
as the normalized likelihood ratio.

CARMEN score ¼ CARMENE�CARMENF

CARMENE�CARMENFþ 1�CARMENEð Þ� 1�CARMENFð Þ

ð3Þ
Two independent datasets were employed to evaluate the

performance of CARMEN and nine state-of-the-art tools.
The first dataset was curated from a published study on iden-

tifying cancer risk regulatory variants [35]. We took variants
with adjusted P < 0.01 as positive cases (1164 variants) and
those with adjusted P > 0.01 as negative cases (5375 variants).

The second dataset was 43,500 eQTL- and GWAS-related
variants which were tested by Biallelic Targeted STARR-seq
(BiT-STARR-seq), with 2720 positive cases and 40,780 nega-
tive cases [36]. In case of data imbalance, weighted accuracy

and F1 score were used as performance metrics (also see
Table S5 for the detailed thresholds for the nine tools under
comparison).
Applying CARMEN to call casual variants in association studies

For GWAS data, GWAS Catalog v1.0.2 was downloaded

from https://www.ebi.ac.uk/gwas/. We also extracted the
strongly linked variants (r2 > 0.75) with reported lead SNPs
based on the haplotypes generated by 1000 Genomes phase 3
across five populations: Utah residents (CEPH) with Northern
and Western European ancestry (CEU), Han Chinese in

Beijing, China (CHB), Puerto Rican in Puerto Rico (PUR),
Toscani in Italia (TSI), and Yoruba in Ibadan, Nigeria
(YRI). Then, CARMEN was applied to these variants to iden-

tify the potential causal variants other than the reported lead
SNPs. For eQTL data, GTEx v7 multitissue variant data were
obtained from https://storage.googleapis.com/gtex_analysis_

v7/multi_tissue_eqtl_data/GTEx_Analysis_v7.metasoft.txt.gz.
For each gene, the SNP with the smallest P value calculated by
the RE2 model was taken as the lead SNP. Strong linkage
SNPs (r2 > 0.75) with each lead SNP in CEU population were

further extracted. We then run CARMEN over both the
reported lead SNPs and strongly linked ones.

Luciferase reporter assay

To further validate the prediction of CARMEN, we checked
all lead SNPs with negative CARMEN scores (i.e., CARMEN
takes these SNPs as non-functional expression-modulating

variants) in diabetes GWAS data, and pinpointed two cases
with the top 2 CARMEN scores at the linked variants for
follow-up luciferase assays.

We run luciferase reporter assay in HEK293T cell line
which has been used by several diabetes studies [37–39].
HEK293T cells were routinely cultured in DMEM supple-

mented with 10% fetal bovine serum (FBS) until transfection.
Cells were plated in each well of a 6-well plate and transfected
at � 70% confluency with polyethylenimine (PEI) and 1 mg of

pGL4.23 firefly vectors containing the selected fragments,
using standard restriction-enzyme cloning and Renilla plas-
mids as a transfection control at a 1:1 ratio. Twenty-four hours
after transfection, the cells were washed twice with cold

1� PBS, and then both firefly and Renilla luciferase activities
were measured using the Promega’s dual-luciferase reporter
assay system according to the manufacturer’s protocol. All

luciferase activity measurements were performed in triplicate
for each condition with three independent experimental repli-
cates. Student’s t-test was applied to estimate the statistical sig-

nificance of the difference in luciferase activity between the two
alleles.

Results

Design of CARMEN as a novel algorithm for predicting the

effects of non-coding variants on both gene expression and

disease risk

Multiple studies demonstrate that non-coding variants can
modulate gene expression via several distinct mechanisms
[5,6,40–42]. In CARMEN annotation component, we gener-

ated 2424 features to annotate each inputted non-coding vari-
ant (Figure S3).

Briefly, we first employed CNNs to assess variants’ effects
on chromatin profiles based on large-scale chromatin-

profiling data generated by ENCODE directly, including
1249 TF binding profiles for 596 distinct TFs, 280 DHS sites,
766 histone markers, and 108 DNA methylation profiles

assessed in 36 cell lines and tissues (Figure 1B; see Method
for more details as well as Table S1). Networks were trained
and tuned for each profile separately, resulting in 2403 highly

https://github.com/gao-lab/CARMEN-Figures_and_Tables/tree/main/Feature-selection
https://github.com/gao-lab/CARMEN-Figures_and_Tables/tree/main/Feature-selection
https://www.ebi.ac.uk/gwas/
https://storage.googleapis.com/gtex_analysis_v7/multi_tissue_eqtl_data/GTEx_Analysis_v7.metasoft.txt.gz
https://storage.googleapis.com/gtex_analysis_v7/multi_tissue_eqtl_data/GTEx_Analysis_v7.metasoft.txt.gz
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accurate networks with an average AUROC of 0.908 and an
average area under the precision recall curve (AUPRC) of
0.904 (Figure S5A; Table S6). Compared with DeepSEA

[22], CARMEN not only covered more than twice as many
features (Figure S5B) but also showed superior accuracy (Fig-
ure S6A and B, median AUROC 0.973 vs. 0.935, single-tailed

Wilcoxon-test P = 1.747 � 10�25; median AUPRC 0.975 vs.
0.357, single-tailed Wilcoxon-test P = 5.256 � 10�154). Mean-
while, DNA physicochemical properties could affect gene

expression by influencing the DNA shape of flanking
sequences near TF binding sites [43], and we incorporated 13
DNA physicochemical properties [33] to evaluate the effects
of non-coding variants on DNA physicochemical changes.

The last but not the least, evolutionary conservation scores
at the variants’ loci derived from multiple genome alignments
in the primate, mammal, and vertebrate clades were added into

the annotation collection [44,45].
To reduce the risk of overfitting and high time costs of

model training [46,47], we adopted a data-driven feature selec-

tion approach before training CARMEN prediction compo-
nents (Figure 1C). In brief, we pretrained a multilayer neural
network and estimated the feature contributions by comparing

the difference in the activation value of each neuron to its ‘ref-
erence activation’ which was described in DeepLIFT [48].
Using the distribution of contribution scores from each data-
set, we selected the features with absolute contribution scores

greater than the threshold (Figure S4) for follow-up training
(see Method).

To evaluate the gene expression-modulating potential of a

given variant, we trained a dedicated component,
CARMEN-E, based on a manually curated MPRA dataset
(see Method). This component was trained with 689 feature

choices from the data-driven feature selection approach
(cross-validation AUROC = 0.783). Additionally, a separated
component, CARMEN-F, was trained on the HGMD dataset

with disease-causing regulatory variants to identify disease-
causing variants with high accuracy (cross-validation
AUROC = 0.921). To characterize the disease-causing vari-
ants that function through modulating gene expression, the

outputs of CARMEN-E and CARMEN-F were further inte-
grated as the CARMEN score [see Equation (3) in Method],
which was used in the following evaluations.

CARMEN shows superior performance on both large-scale

independent datasets and experimentally-characterized loci

compared with state-of-the-art tools

To validate the robustness of CARMEN, we first tested it on
two independent datasets generated by STARR-seq. The
cancer-risk dataset [35] consists of 1164 curated regulatory

positive and 5375 control variants (see Method for more
details on data curation; Figure S7A). Given its significantly
unbalanced nature, we employed F1 score and weighted accu-

racy for performance comparison (Figure 2A). CARMEN
showed significantly superior performance than the state-of-
the-art tools [9,10,12,21–23,27,49,50]. Further inspection of

allele-specific expression variants showed that CARMEN suc-
cessfully called 70.8% (46 out of 65) of the significant allele-
specific expression-modulating variants (Figure 2B, Fig-

ure S7B–D).
We further compared the performance on a curated list of
experimentally-characterized variants (n = 24) validated by
various low-throughput technologies from the literature

[26,51–62], as well as on an independent luciferase-validated
dataset (n = 14) [63]. Taken together, 28 of the
38 experimentally-validated variants were correctly reported

as positive by CARMEN, showing the highest sensitivity
among others (Figure 2C and D; Table S7).

Notably, benefitting from the extensive annotation gener-

ated, CARMEN is able to provide hints on the plausible mech-
anisms for how the variant changes the gene expression. For
example, the variant rs883868 has been shown to modulate
the expression of UBASH3A by disrupting the binding of the

TF YY1 [60], which is consistent with the output of CARMEN
(Figure 3A). Meanwhile, CARMEN annotations further
showed that in 11 cell lines the alternative allele C decreases

the binding affinity of YY1 (Figure 3B–D), which is further
confirmed by a experimental study [60].

CARMEN can pinpoint causal variants other than the GWAS-

reported lead SNPs

Large-scale association studies, such as GWAS and eQTL

studies, have identified a number of genetic variants associated
with complex human diseases and traits. However, a gap
between the association of a locus and the causal variant still
exists, because many inherited variants and sentinel variants

are in strong linkage disequilibrium (LD) regions [3,7,64].
We applied CARMEN to 51,878 reported lead SNPs extracted
from the GWAS Catalog (https://www.ebi.ac.uk/gwas/home),

and found that variants reported by multiple studies obtained
significantly higher CARMEN scores than those that were not
(single-tailed Wilcoxon-test P = 4.233 � 10�39), confirming

previous observations [10].
To pinpoint potential causal variants other than lead SNPs,

we ran CARMEN on both the reported lead SNPs and vari-

ants with strong LD (r2 � 0.75), and we found that 45.33%
of the reported lead SNPs showed significantly weaker regula-
tory potential than nearby variants within the same LD block
(r2 > 0.75). Further inspection showed that up to 60% puta-

tive casual variants identified by CARMEN were also called
by at least one other tools, suggesting a potentially comple-
mentary output among different methods (Figure S8A). While

most of the differences were modest, 6.65% of the variants
showed differences greater than thirty-fold (Figure S8B). For
example, four of them were predicted as causal variants by

CARMEN and were validated in other published stud-
ies [23,57,59,65] (Figure S9). The four cases included variants
associated with diseases such as inflammatory bowel disease,
Behcet’s disease, bladder cancer, and body mass index traits.

We next evaluated the variant rs1701704 which has been
reported to be associated with susceptibility to type 1 diabetes
(P < 5 � 10�8) by several GWAS66 [66–68], but CARMEN

found that this variant showed only very weak regulatory
potential (CARMEN score = 0.0024). Moreover, CARMEN
pinpointed a nearby variant rs705698 with rather high poten-

tial (CARMEN score = 0.4070, Figure 4A). Although
rs705698 has few annotations in the UCSC Genome Brow-
ser [69] (Figure S10A and B), the variant falls into the first

intron of the RAB5B gene, a candidate gene for type 1

https://www.ebi.ac.uk/gwas/home


Figure 2 The evaluation of CARMEN model performance

A. Performance comparison of CARMEN to other state-of-the-art tools. The bubbles were colored by the F1 score. The thresholds of

different tools were obtained from respective official websites or reference papers (Table S5). The threshold of CARMEN was evaluated

on the AUROC on this dataset (Figure S7A), and the same threshold was used in follow-up figures as well as the default cutoff of the web

server. B. Recall of different tools on the known expression-modulating variants. The x-axis indicates the proportion of variants recalled

from the significant expression-modulating variants that were predicted as positive variants by the different tools. C. Performance

comparison on a curated list of experimentally-characterized variants validated by various low-throughput technologies from the

literature (Table S7). D. Performance comparison on an independent luciferase-validated dataset (Table S7). The right y-axis represents

the reported P values in the luciferase assays; the four below the dotted line are the negative variants. Of note, the birth-weight-associated

variant rs11119843 is missed by most of other tools. AUROC, area under the receiver operating characteristic curve; emVar, expression-

modulating variant; non-emVar, non-functional expression-modulating variant; NA, not available.
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diabetes [67] with strong LD (r2 = 0.90746), and the annota-

tion component of CARMEN suggested that this locus was
conserved with YY1 changed in the K562, HepG2, and
GM12892 cell lines, YY2 changed in the HEK293 cell line,

and CBX5 and CBX1 changed in the K562 cell line (Fig-
ure S11). Independent luciferase assays further confirmed the
significant change in reporter expression for rs705698 but not

for rs1701704 (Figure 4B; Table S8). Notably, although CAR-
MEN presented clear contrast on the lead and causal SNPs,
many state-of-the-art tools missed them (Table S9). Likewise,
variant rs1727313 has been reported as an SNP associated with

type 2 diabetes (P = 1 � 10�8) [70]. CARMEN found no reg-
ulatory potential for this variant (CARMEN score = 0), but
the linkage variant rs146239222 showed high regulatory poten-

tial (CARMEN score = 0.1999, Figure 4C), which is consis-
tent with our luciferase reporter assay (Figure 4D; Table S8).
Interestingly, variant rs146239222 is found in an enhancer

region [71,72] with high H3K27ac modification, DNase
clusters, and multiple TF binding sites, which is also consistent
with the output of the CARMEN annotation component

(Figure S10C and D) and is associated with the expression
of MPHOSPH9 in GTEx (P = 1.34 � 10�91,
ENSG00000051825.10) [73].

Along with GWAS, eQTLs explain the variant effects on

gene expression at the mRNA level [74]. When we applied
CARMEN to all 7,627,599 multitissue cis-eQTLs reported



Figure 3 CARMEN helps pinpoint the functional mechanism of non-coding expression-modulating variants

A. CARMEN predicted rs883868 as an expression-modulating variant. The result was further validated by an independent CRISPR/Cas9

experiment [60]. B. The CARMEN annotation indicated that the alternative allele C decreases the binding affinity of YY1 in 11 cell lines.

The result was also validated via 3C-qPCR [60]. C. Mutation maps for the variant effects on the binding affinity of YY1 in GM12878. D.

Mutation maps for the variant effects on the binding affinity of YY1 in K562. The heatmaps indicate the changes of binding affinity of

original sequence and mutated sequence. The position of variant rs883868 was displayed in the black block. 3C-qPCR, quantitative

analysis of chromosome conformation capture assay.
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by GTEx v7 [75], we also found several cases where the
reported lead SNPs showed significantly weak regulation

potential compared with the linked variants (Table S10). For
example, the SIK2-correlated variant rs1784782 showed very
weak regulatory potential (CARMEN score = 0.0004), while

the linked variant rs59921976 presented rather high potential
(CARMEN score = 0.6091). The independent MPRA
assay [76] confirmed that the CARMEN-predicted causal vari-

ant rs59921976 had significant expression changes (two-sided
Wilcoxon test, P = 0.0147), but the reported lead SNP
rs1784782 did not.
Discussion

Most disease-associated variants fall into non-coding regula-

tory elements, but their function through gene expression has
not been tested [77,78]. Due to the complex mechanism of gene
expression regulation, prediction, and interpretation, the

function of non-coding variants remains a challenge [79]. Here,
we present CARMEN to identify functional non-coding
expression-modulating variants for a large-scale genomic
dataset.



Figure 4 Prioritizing causal variants over linkage variants with lead SNPs in GWAS

Scatter plots show the CARMEN scores of the lead SNP and nearby variants associated with type 1 diabetes (A) and type 2 diabetes (C),

respectively. The x-axis represents the genome location of each variant; the y-axis represents the CARMEN score. The blue star represents

the lead SNP, which has been reported in the GWAS Catalog; the pink dots represent the variants with an LD (r2) greater than 0.75 (CEU)

with the lead SNP. The yellow diamond represents the causal variant with the best CARMEN score. Luciferase reporter assays validate

the prediction in type 1 diabetes (B) and type 2 diabetes (D). The results were derived from more than 8 technical replicates with 3

independent experimental replications. ****, P < 0.0001; ns, not significant (two-sided t-test). The middle line of the box plot represents

the median value; the box extends from first quartile to third quartile, and the whiskers (shown in black) extend to the maximum and

minimum values. SNP, single-nucleotide polymorphism; GWAS, genome-wide association study; LD, linkage disequilibrium; CEU, Utah

residents (CEPH) with Northern and Western European ancestry.
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Inspired by pioneering works [22,28], we introduced a

sequence-based annotation component for each input variant,
covering multiple TF binding profiles, histone markers, DNA
methylation profiles, and DHS sites across multiple cell types.
Instead of one holistic network for all features [22,28], we

trained independent networks for each chromatin feature
separately (Figure S12A). The observed large inter-model dis-
parity in the resulting network parameters suggested a distinct
‘‘code” for different features and supported the idea of a

feature-specific network in the CARMEN annotation
component (Figure S12B). Moreover, the recent rapid increase
in high-throughput data also enabled more abundant training
data for the CARMEN annotation component (P =

8.05E–05, single-tailed Wilcoxon test for 466 common features
between the CARMEN annotation component and Deep-
SEA), further contributing to the improved model
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performance. In particular, the CARMEN annotation compo-
nent employed one convolutional layer architecture rather
than the more complicated architecture in DeepSEA with three

convolutional layers, effectively reducing the number of
required parameters and enabling a more trainable and robust
model for a given training set. Finally, it should be noted that

DeepSEA was trained (and evaluated) based on a highly
biased dataset (average positive:negative = 1:42.77, data
downloaded from http://deepsea.princeton.edu/media/code/

deepsea_train_bundle.v0.9.tar.gz), which might also result in
poor AUPRC performance in a more realistic and balanced
scheme.

Inspection over feature importance plot showed that evolu-

tionary conservation-related features are among the mostly
important ones for both CARMEN-E and CARMEN-F
(Tables S11 and S12). The cumulative importance of each fea-

ture category further suggests that TF binding profiles play
major roles in the CARMEN-E component, while histone
markers are more ‘‘important” for CARMEN-F, suggesting

that different aspects of the two component models
(Figure S13).

Spatiotemporal expression specificity is important during

systematic decoding of the regulatory code, and a recent anal-
ysis has highlighted that multiple genetic associations are
tissue-specific [80]. One limitation for current CARMEN
implementation is that it incorporates a number of multi-

omics datasets generated across multiple tissues or develop-
mental stages without explicitly modeling expression speci-
ficity, which may further introduce location-related accuracy

bias (in fact, we found that CARMEN showed better perfor-
mance on variants that were covered by more tissues and sam-
ples in the original ENCODE dataset, P = 3.92 � 10�114,

single-tailed Wilcoxon test, Figure S14A). Moreover, several
existing tissue-specific tools, such as ExPecto and DeepFIGV,
did not perform well, even for variants with spatiotemporal

expression specificity (see Figure S7B for a particular case).
We believe that with the rapid development of single-cell
omics [81], dynamic gene expression regulation profiling [82],
and a more realistic computational model, CARMEN could

be further improved.
CARMEN scales well with large-scale inputs (Figure S15)

and is available as both a web server and a standalone pack-

age. Designed as a one-stop portal, the CARMEN web server
supports not only on-the-fly prediction but also a user-friendly
interface for visualizing the results (Figure S16). To help iden-

tify the functional mechanism of non-coding variants’
regulation-modulating effects, the web server provides statis-
tics and specific information about these features in the ‘‘Task
Results” box as ‘‘show details” to help users understand the

prediction results.
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