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With the help of genome-wide association studies (GWASs), 
thousands of susceptibility loci for human complex diseases 
have been uncovered. However, missing heritability, which 
refers to the fact that published susceptibility loci could only 
account for limited proportion of the total heritability of com-
plex diseases, is still a challenging problem. With the stringent 
genome-wide significance threshold, GWASs might miss the 
true association signals with modest genetic effect size1,2; 
therefore, new methods for susceptibility loci identification are 
needed.

Recently, with the regulatory data from Encyclopedia of 
DNA Elements (ENCODE)3 and Roadmap Epigenomics 
Project,4 it is recognized that susceptibility loci from GWASs 
usually lie within regulatory elements.3,5 In addition, we have 
previously found that promoters of susceptibility genes for 
complex diseases6,7 shared similar regulatory features. This 
prior knowledge reminds us that integrating complex regula-
tory features data and the whole-genome single-nucleotide 
polymorphisms (SNPs) may offer a new way to solve the miss-
ing heritability problem. However, multiple regulatory data for 
millions of SNPs result in a large amount of data, which is hard 
to handle with commonly used statistical methods (eg, regres-
sion model in GWASs). Machine learning is widely used to 
assist humans in analyzing large complex data sets. Specifically, 
based on the analysis of regulatory data, machine learning has 
been used to predict enhancer-promoter interactions8 and 
chromatin organization.9 Combining the regulatory features 
data and genetic variants, machine learning has been used to 
estimate the effects of human genetic variants.10,11 In other 

words, machine learning is applicable of handling such multi-
dimensional regulatory data for millions of SNPs. Therefore, 
we developed functional disease-associated SNPs prediction 
(FDSP),12 which uses machine learning to build new suscepti-
bility loci perdition model for complex diseases with known 
GWASs loci and disease-specific regulatory data as input. For 
the predicted positive (risk) SNPs, we also assigned a rank 
score to facilitate future validation experiments.

We successfully applied our model in type 2 diabetes (T2D) 
and hypertension. In addition to index SNPs (P < 5 × 10−8) 
obtained from GWAS catalog database, SNPs in strong linkage 
disequilibrium (LD, r2 ⩾ .8) with each index SNP were also 
referred as the labeled positive SNPs. Four sets of SNPs with 
different distances to the labeled positive SNPs were generated 
to form the labeled negative SNP set. Labeled positive SNPs 
were generally enriched in regulatory features about transcrip-
tional activation (eg, H3K27ac, H3K36me3, H3K79me2, and 
H4K20me1) and depleted in regulatory features about tran-
scriptional repression (eg, H3K9me3, H3K27me3, and H2AZ). 
To assess whether the predicted results could offer help for 
addressing the missing heritability problem, we confirmed that 
the predicted positive SNPs could explain additional heritability. 
First, the predicted positive SNPs cannot be represented by the 
index SNPs as over 90% predicted positive SNPs were in 
extremely weak LD (r2 < .1) with the index SNPs. Second, using 
individual data from the Database of Genotypes and Phenotypes 
(dbGaP, phs000867.v1.p1 for T2D and phs000297.v1.p1 for 
hypertension), we confirmed that the explained heritability by 
index SNPs and predicted positive SNPs was significant higher 
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than the index SNPs. Third, to control the effect of SNP counts 
on the heritability estimation, we further confirmed that herita-
bility explained by predicted positive tag SNPs and index SNPs 
was significantly higher than the null expected. Last, the increase 
in heritability was specific to the predicted positive SNPs as tag 
SNPs of the predicted positive SNPs explain significantly more 
heritability than the random negative SNPs. Further annotation 
results suggested that the predicted positive SNPs might be 
functional, as all of them were located in at least one regulatory 
region in at least one disease-specific cell/tissue. Pathway analy-
ses showed that genes that might be affected by the predicted 
positive SNPs were enriched in T2D/hypertension-related 
pathways, implicating the effectiveness of our method.

FDSP has several advantages compared with conventional 
GWAS strategies. First, rather than enlarging sample size to 
improve statistical power and detect susceptibility loci with mod-
est effects, FDSP aims to predict novel susceptibility SNPs based 
on integration of the published known index SNPs and regulatory 
feature data through machine learning. This time- and cost-effec-
tive method was proved to be useful for addressing the missing 
heritability problem. Second, with regulatory data implemented in 
the prediction model, the predicted positive SNPs by FDSP are all 
with potential regulatory functions, which may provide more 
insights into disease biology and facilitate further function valida-
tion experiments. Third, with cell/tissue-specific regulatory fea-
ture included in the model, genes that might be affected by the 
predicted novel positive SNPs are enriched in disease-related 
pathways, providing potential targets for therapeutic studies. 
Fourth, one of the current struggles researchers have with GWAS 
results is that it is hard to decide the priority of the association 
signals. The SNPs prioritization according to their annotation of 
the regulatory features was supported by FDSP, which might 
facilitate the selection of SNPs for subsequent cellular/animal 
studies. Last, except for T2D and hypertension, FDSP could easily 
be used for other complex diseases with user-defined labeled index 
SNPs and regulatory features. Users do not need to try all machine 
learning models one by one; FDSP would automatically test 4 
commonly used algorithms (single decision tree, soft independent 
modeling by class analogy, random forest, and support vector 
machines with class weights) and select the best one. Users could 
also try other preferred models or algorithms (detail in the website 
https://github.com/xjtugenetics/FDSP).

Limitations of our study should be acknowledged. First, as 
we mentioned in the article, when applied to T2D and hyper-
tension, we did not take trans expression quantitative trait loci 
into consideration during the model training. Second, we only 
focused on SNPs without considering other types of variants, 
such as small insertions and deletions and structure variations. 
However, FDSP is reasonably user-friendly and researchers 
could easily add features or variants in practice.
In summary, we developed FDSP to predict new susceptibility 
loci for complex diseases based on the integration of regulatory 
feature data and published GWAS results. Application of 
FDSP to T2D and hypertension proved the effectiveness of 
our method. We hope FDSP could help to solve the missing 
heritability problem.
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