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A B S T R A C T   

High-throughput single nucleotide polymorphism (SNP) genotyping assays are powerful tools for genetic studies 
and genomic breeding applications for many species. Though large numbers of SNPs have been identified in sea 
cucumber (Apostichopus japonicus), but, as yet, no high-throughput genotyping platform is available for this 
species. In this study, we designed and developed a high-throughput 24 K SNP genotyping array named 
HaishenSNP24K for A. japonicus, based on the multi-objective-local optimization (MOLO) algorithm and HD- 
Marker genotyping method. The SNP array exhibited a relatively high genotyping call rate (> 96%), genotyp-
ing accuracy (>95%) and exhibited highly polymorphic in sea cucumber populations. In addition, we also 
assessed its application in genomic selection (GS). Deep neural networks (DNN) that can capture the complicated 
interactions of genes have been proposed as a promising tool in GS for SNP-based genomic prediction of complex 
traits in animal breeding. To overcome the problem of over-fitting when using the HaishenSNP24K array as high- 
dimensional DNN input, we developed minmax concave penalty (MCP) regularization for sparse deep neural 
networks (DNN-MCP) that finds an optimal sparse structure of a DNN by minimizing the square error subject to 
the non-convex penalty MCP on the parameters (weights and biases). Compared to two linear models, namely 
RR-GBLUP and Bayes B, and the nonlinear model DNN, DNN-MCP has greatly improved the genomic prediction 
ability for three quantitative traits (e.g., wet weight, dry weight and survival time) in the sea cucumber popu-
lation. To the best of our knowledge, this is the first work to develop a high-throughput SNP array for A. japonicus 
and a new model DNN-MCP for genomic prediction of complex traits in GS. The present results provide evidence 
that supports the HaishenSNP24K array with DNN-MCP will be valuable for genetic studies and molecular 
breeding in A. japonicus.   

1. Introduction 

The sea cucumber Apostichopus japonicus (Selenka 1867) represents 
one of the most economically significant echinoderms and is mainly 
distributed in the Western Pacific Ocean along the coasts of China, 
Japan, Korea, and Russia [1]. Sea cucumber has a high economic value 
in the international market due to its high nutritional profile, as well as 
the exclusive bioactive compounds for pharmaceutical use [2]. As filter 

feeders that participate in sediment redistribution, it also plays an 
important role in marine ecosystems [3]. However, the sea cucumber 
industry has encountered great challenges in recent years, including 
devastating diseases and environmental stresses, which caused a large 
amount of economic loss and hampered the healthy and sustainable 
development of the sea cucumber industry [4,5]. There is an urgent need 
to develop genetically improved sea cucumber varieties with disease 
resistance, fast growth rate, and high tolerance to stresses to overcome 

* Corresponding authors. 
E-mail addresses: yfwang@ouc.edu.cn (Y. Wang), dingjun1119@dlou.edu.cn (J. Ding), yqchang@dlou.edu.cn (Y. Chang), hujingjie@ouc.edu.cn (J. Hu).   

1 The authors contributed equally to this work. 

Contents lists available at ScienceDirect 

Genomics 

journal homepage: www.elsevier.com/locate/ygeno 

https://doi.org/10.1016/j.ygeno.2022.110426 
Received 27 January 2022; Received in revised form 23 June 2022; Accepted 30 June 2022   

mailto:yfwang@ouc.edu.cn
mailto:dingjun1119@dlou.edu.cn
mailto:yqchang@dlou.edu.cn
mailto:hujingjie@ouc.edu.cn
www.sciencedirect.com/science/journal/08887543
https://www.elsevier.com/locate/ygeno
https://doi.org/10.1016/j.ygeno.2022.110426
https://doi.org/10.1016/j.ygeno.2022.110426
https://doi.org/10.1016/j.ygeno.2022.110426
http://crossmark.crossref.org/dialog/?doi=10.1016/j.ygeno.2022.110426&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/


Genomics 114 (2022) 110426

2

these production problems [6]. The availability of high throughput SNP 
genotyping arrays has provided powerful tools for studies of the genetic 
basis of complex traits at high resolution, facilitating both population 
genetics and selective breeding programs [7,8]. As single-nucleotide 
polymorphisms (SNPs) are becoming increasingly important in various 
aspects of research, there is an ever-increasing need for high-density, 
high-throughput, cost-effective, and easily manipulatable SNP geno-
typing platforms for sea cucumber. Although genome-wide genotyping 
of sea cucumber has been conducted using RAD-Seq [9–11], there were 
no available SNP arrays for the sea cucumber. 

Currently, the most popular high-throughput genotyping platforms 
were the hybridization-based SNP array and various NGS-enabled gen-
otyping approaches [12,13]. As the most popular high-throughput 
genotyping platforms, high-density SNP arrays provide a robust and 
standard platform that allows for achieving consistent and reproducible 
genotyping data across the different breeding populations over genera-
tions, thus significantly advancing genetics and breeding research 
[14,15]. To date, a series of medium and high-density SNP arrays have 
been developed for several important aquaculture species [16–18]. 
However, several challenges, such as high cost, the requirement of the 
specific equipment to detect fluorescence signals, as well as the ascer-
tainment bias in the fixed array remain in the development and appli-
cation of SNP arrays for non-model organisms [19,20]. In recent years, 
various NGS-enabled genotyping approaches (e.g. AmpliSeq, Nim-
bleGen and SureSelect) have gained increasing popularity due to their 
flexibility and cost-effective manners for target genotyping [13]. Among 
these methods, an in-solution array-based method called HD-marker has 
been proposed, which is capable of simultaneous target genotyping at 
multiplex levels (ranging from 296 to 86,025 SNPs) in a single tube with 
significant advantages in specificity, capture rate and calling rate. HD- 
Marker provides a cost-effective and easily accessible method for the 
development of an in-solution SNP array [21,22]. 

Genomic selection using high-throughput SNP arrays has revolu-
tionized modern animal breeding leading to a more rapid genetic gain 
and a further reduction of generation interval than classic quantitative 
genetics selection methods [23,24]. Broadly speaking, many statistical 
methods have been used for GS. Traditional linear models make strong 
assumptions about functional forms and the statistical distribution of 
marker effects. For example, ridge regression best linear unbiased pre-
diction (RR-GBLUP) assumes that all markers affect the traits of interest 
and that these effects shared a common variance in their distribution 
[25]. Bayes B model allows SNP effects to be estimated with differential 
shrinkage, but the posterior inference, particularly for the SNP vari-
ances, depends heavily on the prior assumptions used in the model [23]. 
Nonetheless, traditional models have drawbacks because they typically 
ignored those genes that have complicated interactions with each other 
or higher-order nonlinearity in determining their corresponding phe-
notypes. To take possible nonlinearity into account in prediction, neural 
networks (NN) have emerged as a new tool of GS for marker-based 
genomic predictions of complex traits in animal breeding [26–29]. 
Recently, deep learning (DL) methods, such as multilayer perceptrons of 
deep neural networks (DNN) and convolutional neural networks (CNN) 
are emerging as possibly powerful tools for genomic prediction of 
complex quantitative traits [30–32]. Moreover, due to the problem of 
over-fitting when using whole-genome marker sets as high-dimensional 
NN input, it is not easy to construct an efficient NN for genomic pre-
diction in GS [29]. Many dimension reduction strategies, such as 
genome-derived relationships among individuals [33] or singular value 
decomposition of whole-genome marker sets [29] as NN inputs, have 
been used to enhance prediction performance. It is believed that 
building an optimal sparse structure of a NN still remains as an effective 
way to solve the problem of over-fitting. The sparse optimization 
method can be utilized for various tasks to produce sparse solutions. The 
key challenge of this approach is the design of regularization functions. 
λ0 norm, which counts the number of non-zero elements, is the most 
intuitive form of sparse regularizer and can promote the sparsest 

solution. However, minimizing λ0 problem is combinatory and usually 
NP-hard [34]. The λ1 norm is the most commonly used surrogate, which 
is convex and can be solved easily. Although λ1 enjoys several good 
properties, it is sensitive to outliers and may cause serious bias in esti-
mation [35]. To overcome this defect, many non-convex surrogates are 
proposed and analyzed, including λp penalty with p ∈ (0,1) [36], 
smoothly clipped absolute deviation (SCAD) [35], and minmax concave 
penalty (MCP) [37]. So far few works and reports are known on sparse 
optimization methods with non-convex regularization to NN for 
genomic prediction in GS. 

In the present study, we aimed to develop a 24 K SNP genotyping 
array named HaishenSNP24K array for sea cucumber A. japonicus based 
on HD-Marker genotyping method. Genome sequencing was performed 
to identify informative and representative SNPs based on 210 in-
dividuals from different populations along with the coast sites of 
Liaoning and Shandong Province of China and a population of Russia. 
Considering the maximization of information content and uniform dis-
tribution of the SNPs on an array, the multi-objective-local optimization 
(MOLO) algorithm [44] was applied to optimize the selection of SNPs. 
Then we applied this 24 K SNP array to genotype 297 individuals 
randomly sampled from an artificially bred population in the same 
culture sea area to validate its application in genomic selection. The SNP 
array exhibited a relatively high genotyping call rate (> 96%), geno-
typing accuracy (>95%) and exhibited highly polymorphic in the pop-
ulation of the 297 sea cucumbers. Furthermore, we proposed regularized 
deep neural networks (DNN-MCP) to overcome the problem of over- 
fitting in DNN when applying to the GS. DNN-MCP can find an 
optimal sparse structure of a DNN by minimizing the square error sub-
ject to a non-convex penalty MCP on the parameters (weights and bia-
ses), therefore solving the problem of over-parameterization in DNN. 
Using the 24 K SNP array, we compared the prediction accuracy of the 
DNN-MCP to two linear models, RR-GBLUP and Bayes B, and the 
nonlinear model DNN. We also comprehensively evaluated the potential 
of the 24 K SNP array in combination with DNN-MCP for genomic 
prediction of complex traits based on different types of array data with 
various marker densities and compositions. To the best of our knowl-
edge, this is the first work to develop a high-throughput SNP array for 
A. japonicus and demonstrate the potential of this array in genomic se-
lection with MCP regularized deep neural networks. 

2. Materials and methods 

2.1. Sample collection and genome sequencing 

A total of 210 sea cucumber samples were collected from different 
populations along the coast sites of Liaoning and Shandong Province of 
China and a population from Russia. The five wild populations were 
Qixiakou (QK; 30 individuals) population from Shandong province of 
China; Bashao (DY; 30 individuals), Lvshun (LS; 30 individuals), and 
Huanglongwei (HL; 30 individuals) populations from Liaoning province 
of China; and Haishenwei (HW; 30 individuals) population from Russia. 
The cultured populations were Pingdao (PD; 30 individuals) population 
and Xixiaomo (XM, 30 individuals) population from Liaoning province. 
Tissue samples were preserved in 100% ethanol at the sampling site and 
then transported to the laboratory for DNA extraction. DNA was 
extracted by using DNeasy Blood & Tissue Kit (Qiagen, Shanghai, 
China). Then DNA integrity was checked by 1.5% agarose gel electro-
phoresis and the DNA concentration was quantified by using NanoDrop 
2000 (Thermo Scientific). Sequencing libraries with 300 bp insert size 
were constructed using NEBNext Ultra DNA library Prep Kit (New En-
gland BioLabs, United Kingdom) according to the manufacturer’s in-
structions. The libraries were then subjected to Illumina HiSeq2500 
platform to sequence with paired-end 150 bp mode. 

J. Lv et al.                                                                                                                                                                                                                                        



Genomics 114 (2022) 110426

3

2.2. Single-nucleotide polymorphism identification 

Sequence reads were filtered for base quality and adapter trimming 
using Trimmomatic-0.38 [38]. Reads with an average Phred-like quality 
score of <20, or have more than five consecutive bases or ambiguous 
nucleotides (Ns) were excluded. The resultant reads were mapped to the 
sea cucumber genome [39] using BWA version 0.7.17-r1188 [40] with 
default parameters to generate sequence alignment BAM files. Before 
SNP identification, PCR duplicates were removed using the Picard 
(version 1.119) “MarkDuplicate” command for the bam files. Variant 
calling was performed using the unified genotype module in GATK 
version 4.0.2.1 [41] with default settings and only SNPs were retained 
for further analysis. SNPs were selected according to the following 
criteria: “QualByDepth > 2.0 & Fisher Strand < 60.0 & RMS Mapping 
Quality > 40.0 & MappingQualityRankSumTest > -12.5 & Read-
PosRankSumTest > -8.0”. Then the retained SNPs were conducted 
further filtering using vcftools [42]. SNPs with >2 alleles, minor allele 
frequency (MAF) ≤ 0.05 and calling rate ≤ 0.8 were removed and the 
remaining SNPs were annotated using the software SnpEff [43] with 
default parameters. 

2.3. Design and screen of the HD-Marker probes 

The remaining SNP dataset was used to design HD-Marker probes 
followed the previous study [21]. The upstream and downstream locus- 
specific probes (LSPs) (~22 bp) that flanked each SNP were extracted to 
perform quality control for HD-Marker probes according to the 
following criteria: (1) the optimal melting temperatures for LSPs were 
between 40 ◦C and 65 ◦C; (2) GC content of probes were required be-
tween 30% and 70%; (3) no other SNPs or InDels were permitted in the 
probes; (4) LSPs should contain less than four contiguous same bases; (5) 
minimize the probability of unspecific target cross-hybridization be-
tween probes; (6) 50 bp flanking sequence surrounding the target SNPs 
were required unique when using the blastn to find sequence similarities 
across the genome. SNPs that satisfied with the above filtering criteria 
were retained for further optimal design for low-density SNP array. 

2.4. Optimal design of 24 K SNP panel using MOLO algorithm 

We applied the MOLO Algorithm [44] to select SNPs for a low- 
density array from the candidate SNPs dataset which has 200,481 
SNPs that could be subjected to synthesize HD-marker probes. We also 
compared the MOLO Algorithm to two existing approaches (1) the map- 
oriented approach [45], and (2) the MAF-oriented approach [46]. The 
map-oriented approach is to select evenly spaced SNPs based only on 
their map positions. The MAF-oriented method emphasis on the maxi-
mization of MAFs. The MOLO algorithm was used to optimally select a 
panel of SNPs with approximately even location distribution and high 
minor allele frequencies (MAF) by maximizing the locus-average 
Shannon Entropy (HL) under constraints (e.g., on MAFs, location dis-
tribution of SNPs, and obligatory SNPs). The locus-average Shannon 
entropy is defined as: 

HL = −
∑m

j=1

∑2

i=1
pi[log(pi) ]

/

m  

where m is the number of the selected SNPs, pi is the frequency of allele i 
at the observed SNP. 

In this optimal design of 24 K SNP panel, our strategy was to design a 
common panel (about 67% of 24 K SNPs) with a shared core, and also 
including SNP subsets (about 33% of 24 K SNPs) that were specific to 
each sea cucumber population. Hence, we implemented the following:  

• Include 15 K obligatory SNPs as the base set optimized for the 
common population consisting of all the individuals from Shandong, 
Liaoning and Russia populations using the MOLO algorithm; 

• Add 2 K SNPs as the backbone, that are in or close to the genic re-
gions (including the 5 kb upstream and downstream regions along 
with genes), optimized given the list of the SNPs with a MAF 
threshold (MAF > 0.10);  

• Include 2 K SNPs optimized for the population of Russia using the 
MOLO algorithm, conditional on the base set and the backbone SNPs;  

• Include 2 K SNPs optimized for the population of Shandong province 
in China using the MOLO algorithm, conditional on the base set and 
backbone SNPs;  

• Include 2 K SNPs optimized for the population of Liaoning province 
in China using the MOLO algorithm, conditional on the base set and 
backbone SNPs;  

• After pooling the selected SNP subsets, a final optimization step was 
conducted to adjust SNPs by their genomic locations and to fill SNPs 
in large gaps when necessary. 

2.5. HaishenSNP 24 K in-solution array synthesis and HD-Marker library 
preparation 

A total of 297 sea cucumbers of the same age were randomly sampled 
from an artificially bred population in the same culture sea area to 
evaluate the performance of the 24KSNP array. The synthesis and 
preparation of probes for the 24 K array were conducted including steps 
of PCR-amplification, enzyme digestion and probe isolation and purifi-
cation [21]. Genomic DNA was extracted from each sea cucumber and 
labeled with biotin using a PHOTOPROBE biotin kit (Vector Labs) before 
hybridization. Then HD-Marker libraries were constructed for each 
sample according to the HD-Marker protocol mainly by the following 
four steps: (1) Hybridization to biotin-labeled genomic DNA with pre-
pared probes was carried out for about 10 h at gradient temperature 
from 70 ◦C to 30 ◦C in a thermocycler; (2) following the hybridization 
and washing steps to remove off-target probes, gap-filling and ligation 
reaction were performed for 15 min at 45 ◦C to generate fully gap-filled 
templates; (3) templates were released from the genomic DNA by 
incubating at 95 ◦C for 3 min and then were separated by the strepta-
vidin magnetic beads; (4) the released template was amplified in Phu-
sion High-Fidelity PCR Master Mix with 26 cycles; (5) the libraries were 
recovered by polyacrylamide gel and amplified using index primers with 
7 cycles to convert to Illumina-compatible libraries. The final library 
products were purified using QIAquick PCR purification kit (Qiagen), 
pooled equimolarly and sequenced on an Illumina Xten platform. The 
297 individuals were also genotyped using genome sequencing to vali-
date the genotyping accuracy of the 24 K array. The samples were used 
to construct paired-end (PE) whole-genome sequencing (WGS) libraries 
using the sample preparation kit from Illumina (Illumina Inc., USA) and 
then libraries were individually sequenced on the Xten platform. 

2.6. Data processing for HD-Marker sequencing library 

Raw reads (R1 reads) were truncated to 50 bp length to generate 
single-end data for quality control. Then reads with low-quality (> 20% 
of positions with quality score < 10) and ambiguous basecalls were 
removed. The resultant clean reads were aligned to the reference 
genome [39] with Burrows-Wheeler aligner. The output bam results 
were converted to mpileup files using SAMtools software [47]. SNP 
calling was performed by using Varscan with parameter “–min-reads2 2 
–min-var-freq 0.01 –min-freq-for-hom 0.99 –p-value 99e-2” [48]. Posi-
tions with coverage lower than eight reads were regarded as ungen-
otyped loci. Performance of the HD-Marker array was assessed based on 
mapping rate, capture rate, reproducibility and genotyping accuracy. 
Genotyping accuracy of the HaishenSNP24K array was validated based 
on sea cucumber individuals from those sequencing samples used for 
SNP discovery. We evaluated genotyping accuracy by comparing the 
genotypes obtained from the HaishenSNP24K array with that from the 
genome sequencing across the same samples. The genotype data were 
also subjected to further quality control including the removal of SNPs 
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that (1) had a minor allele frequency (MAF) lower than 0.05, (2) had a 
call rate lower than 80%, (3) deviated from Hardy–Weinberg equilib-
rium (threshold p-value: 1 × 10–5). Finally, 22,698 SNPs were retained 
for further analyses. 

2.7. Evaluation of HaishenSNP24K array in genomic selection 

The 297 sea cucumbers were also measured for their weight and 
survival time. We recorded two types of weight: wet weight (with 
viscera -in) and dry weight (viscera -out). The whole body was weighed 
using an electronic balance as the wet weight before the individual 
animals were drained on the experimental bench for approximately 1 
min, and the water on the external surface of the animals was blotted 
with paper. The dry weight for each sea cucumber was recorded as the 
whole body weight after removing the viscera. Heat stress experiments 
were performed to record the survival time of 297 individuals. For heat 
exposure, the sea cucumbers were transferred to the experimental tank 
from the acclimation condition (15 ◦C) directly, in which the tempera-
ture was set as 33 ◦C. During the experiments, the status of sea cu-
cumbers was observed every ten minutes and the survival time was 
defined as the time from the start of the high-temperature exposure until 
death. The dead individuals were recorded and then removed from the 
tank. The study was terminated when the heat maintenance time was 
approximately 72 h and no individuals were alive at the end of the study. 
The mean (and standard deviation) of wet weight, dry weight and sur-
vival time was 99.64 (+/− 17.53) g, 64.66 (+/− 14.45) g and 326.94 
(+/− 35.01) minutes, respectively. The phenotypic data of the three 
traits were used along with genotypic data from the Haishen 24 K array 
to perform GWAS and genomic selection analysis. 

2.8. SNP-based heritability estimation 

In this paper, the linear model for estimating SNP-based heritability 
is: 

y = Za+ ϵ 

In the above equation, y is a vector containing a quantitative trait 
measured on individual i; a is a vector of random additive genetic effects 
with the multinormal distribution a~N(0,Gσa

2), where G is the genomic 
relationship matrix [33] and σa

2 is the additive genetic variance; Z is the 
incidence matrices for a; ϵ~N(0, Iσe

2), where σe
2 is the residual variance 

and I is an identity matrix. The variance structure is defined with: var(a) 
= Gσa

2,  var (y) = ZGZ′σa
2 + R, var(ϵ) = R = Iσe

2, and cov(a, ϵ) = cov(ϵ, a) 
= 0. The SNP-based heritability is defined as σa

2/(σa
2+σe

2) and the popular 
method for its estimation is the restricted maximum likelihood (REML) 
[49]. 

To estimate the SNP-based heritability of genome-wide complex 
traits in sea cucumber, we used GCTA version 1.24.2 [50] to estimate the 
proportion of phenotypic variance explained by the genotyped SNPs 
obtained from the Haishen 24 K array. First, GCTA was used to create the 
genetic relationship matrix (GRM) for estimating the pair-wise genetic 
relationship between individuals. Then, we estimated univariate heri-
tability for the three recorded traits of sea cucumber by the restricted 
maximum likelihood method in GCTA. In this study, we also compared 
three algorithms of REML in the GCTA software [50]: average infor-
mation (AI), Fisher scoring (FS) and expectation maximization (EM) to 
verify the reliability of the SNP-based heritabilities for the traits, using 
SNPs with MAF > 0.10, SNPs with MAF > 0.20, and SNPs that excluded 
100 SNPs with the highest p-value in GWAS analysis [51]. 

2.9. Genome-wide association study analysis 

Genome-wide association study (GWAS) analysis was conducted 
using Mixed Model and Regression-Genomic Control (GRAMMAR-GC) 
approach in GenABEL-package [51], with the default function gamma 
[52,53], to fit a single marker regression for GWAS. The GRAMMAR-GC 

method incorporates the ideas underlying structured association and the 
genomic kinship matrix. Basically, it allows for the structured associa-
tion, using genomic data to identify strata and more subtle structures. 
The conventional threshold of P-value (1e-5) was considered to declare 
significance. 

2.10. Population structure analysis 

Two of the most commonly used approaches to describe population 
structure in a sample are admixture proportion inference and principal 
component analysis (PCA). The population structure analysis of the 297 
sea cucumbers were performed using the Haishen 24 K array based on 
the following two softwares: (1) the ADMIXTURE software version 1.3.0 
developed by Alexander et al. [54] for efficiently estimating admixture 
proportions; (2) the KING software version 2.2.7 developed by Man-
ichaikul et al. [55] for carrying out PCA. 

2.11. Genomic breeding value estimation 

2.11.1. Ridge regression GBLUP (RR-GBLUP) and Bayes B 
Considering n animals each genotyped on m SNPs and measured on 

the trait of interest. Then, the SNP effects were estimated for each ani-
mal trait based on the following linear regression models: 

yi = μ+
∑m

j=1
xijβj + εi (1)  

where yi is a quantitative trait measured on individual i; μ is the overall 
mean, βj is the associated additive effect of marker j; xij is the genotype of 
SNP j observed in individual i; and εi~NIID(0,σe

2), where σe
2 is the re-

sidual variance. 
The ridge regression estimator [56] solves the above linear regres-

sion using ℓ 2 penalized least squares: 

β̂ = arg
β

min‖y − μ − Xβ‖2
+ λ‖β‖2 (2) 

In the above, ‖y − μ − Xβ‖2 =
∑

i=1
n (yi − μ −

∑
j=1
m xijβj)2 is the 

ℓ 2–norm (quadratic) loss function (i.e., residual sum of squares); ‖β‖2 =
∑

j=1
m βj

2 is the ℓ 2 –norm penalty defined on β only, and λ≥0 is the tuning 
parameter, which regulates the strength of the penalty (linear 
shrinkage) by determining the relative importance of the data- 
dependent empirical error and the penalty term. For simplicity, the 

value for λ was given byλ =
σ2

β
σ2

e 
as proposed by Wimmer et al. [57], where 

σe
2 is the residual variance and σβ

2 is the variance of SNP effects. The σβ
2 

and σe
2 approximately given by SNP-Based heritability, which was esti-

mated by REML [50] from an equivalent animal model. 
The Bayes B model assumes that the prior distribution of the SNP 

effect, say for βj, is a normal distribution with a null mean and a variance 
that can differ with SNPs, as follows: 

βj∣σ2
βj
∼ NIID

(
0, σ2

βj

)
, σ2

βj
∼ πδ0( • )+ (1 − π)χ− 2(ν，S) (3)  

where δ0(•) denotes a point mass at zero that assigns zero variance to the 
effects of a fraction π of markers. A priori, only a fraction 1 − π of 
markers was assumed to have non-zero effects in the model with their 
variance followed a scaled inverted chi-square distribution χ− 2(ν ， S), 
where v = 4.234 and scale S = 0.0429 are the degrees of freedom and 
scale parameters as proposed by Meuwissen et al. [23], respectively. The 
BLR package [58,59] was used to compute RR-GBLUP and Bayes B 
model. 

2.11.2. MCP regularization for sparse deep neural networks (DNN-MCP) 
A more general representation of liner regression model (1) is the 

following: 

yi = g(xi)+ bi (4) 
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where g(.) is a function that maps from the input space (m-dimensional) 
to the real line, xi is the set of genotypic codes observed on i, and bi = μ 
+ ϵi corresponds to a bias in the NN’s terminology. The single hidden 
layer NN for GS is introduced by [33]: 

yi = μ+
∑S

k=1
Wkgk

(

bk +
∑p

j=1
xijβ[k]

j

)

+ ϵi (5) 

In terms of genome-enabled prediction using model (5), in the hid-
den layer, the genomic covariates xij (for j = 1, ⋯, p) of an individual i 
(for i = 1, ⋯, n) are linearly combined with a vector of input weights βj

[k] 

that are specified in the training phase, plus an intercept (in NN’s ter-
minology also called “bias”) bk with k = 1, ⋯, S denoting a neuron. The 
resulting linear score is then transformed using an activation function 
gk(.) to produce the output of the single hidden neuron. To model non- 
linear relationship between phenotype and input, the tangent hyper-
bolic function (tanh(x) = 2

[1+exp(− 2x) ] − 1) can be used in the hidden 
neurons. In the output layer, the S genotype-derived basis functions, 
resulting from the hidden layer, are also linearly combined by using the 
W1, W2, ⋯, WS weights 

The NN model given by model (5) can be fitted by using as pre-
dictors: i) the incidence matrix for additive effects of genetic markers X 
= {xij} ∈ {− 1,0,1} with dimensions n × p, or ii) a genomic relationship 
matrix (e.g., G), as pointed out by [33] as: 

G =
XX′

2
∑p

j=1pj
(
1 − pj

) (6)  

where X is the incidence matrix for additive effects and pj is the minor 
allele frequency for SNP j, j = 1, ⋯, p. 

We obtain an estimate of sparse structure of model (5) by minimizing 
the negative logarithm of likelihood of the data with sparsity enforcing 
λ1-norm penalty on parameters {Wk,bk,βj

[k]} (k = 1,⋯,S ； j = 1,⋯,p) as 
follows: 

min
Wk ,bk ,β

[k]
j

F
(

Wk,bk,β
[k]
j

)
≜L
(

Wk,bk,β
[k]
j

)
− λ

(
∑S

k=1

∑p

j=1
|β[k]

j |+
∑S

k=1
|bk|+

∑S

k=1
|Wk|

)

(7)  

where the approximate square error. 

L
(

Wk, bk, β
[k]
j

)
=
∑n

i=1

(
∑S

k=1Wkgk

(

bk +
∑p

j=1xijβ
[k]
j

)

− yi

)2

， λk, 

j(λk, j > 0) and λk(λk > 0) are Lagrange multipliers that determine the 
amount of sparsity in βj

[k], Wk and bk. Note that μ is not included in L(Wk, 
bk,βj

[k]), as this parameters can be easily eliminated, for example, simply 
by centering the response vector. 

Let 𝒳 =
(

W1,⋯,WS, b1,⋯, bS, β
[1]
1 ,⋯, β[1]

S ,⋯, β[p]
1 ,⋯, β[p]

S

)′

∈ ℛS+S+S*p in model (5) be the vector of weights, biases. Thus, model (7) 
can be written as 

min
𝒳

F(𝒳)≜L(𝒳) − λ
∑S+S+S*p

r=1
∣X r∣ (8)  

where 𝒳 =
(

W1,⋯,WS, b1,⋯, bS, β
[1]
1 ,⋯, β[1]

S ,⋯, β[p]
1 ,⋯, β[p]

S

)′

∈ ℛS+S+S*p. 
In DNN-MCP, the estimate of sparse solution 𝒳 of the model (8) is 

obtained by maximizing the logarithm of likelihood of the data sparsity 
enforcing nonconvex penalty MCP [37] on the parameters {xj} (j = 1,⋯, 
k) as follows: 

F(𝒳 )≜L(𝒳 ) −
∑k

j=1
rλ
( ⃒
⃒xj
⃒
⃒
)

(9)  

where λ(λ > 0) and rλ
( ⃒
⃒xj
⃒
⃒
)
= λ

(⃒
⃒xj
⃒
⃒ −

xj
2

2λγ

)
.І{|xj|〈λγ} +

λ2γ
2 .І{|xj|≥λγ} (І{ϵ} 

= 1 if ϵ holds, and І{ϵ} = 0 otherwise). 
In the above, γ is the concavity parameter of MCP, which essentially 

characterizes the concavity of the MCP regularizer: A larger γ implies 
that the regularizer is less concave. In this paper, we let γ = 3 as usual. 
Please refer to Appendix A for obtaining the subgradient of rλ(|xj|) and 
Appendix B for computing DNN-MCP using Algorithm 1 by just replac-
ing the subgradient of |xj| with the subgradient of rλ(|xj|). 

The DNN and DNN-MCP used in this study were developed using 
three open-source R packages: Keras (version 2.2.5; https://keras.rst 
udio.com/) to define deep neural network architecture and orchestrate 
training and testing, TensorFlow (version 1.1.0; https://www.tensor 
flow.org/) as the backend (i.e., TensorFlow performs the computation 
during training/testing), and our snnR (version 1.0.0) to implement 
MCP regularized deep neural networks (https://rdrr.io/cran/snnR/). 

In this paper, we did not include additional fixed and random effects 
for environmental factors because the male and female sea cucumbers 
are impossibly distinguished by visual inspection and all the 297 in-
dividuals were of the same age and randomly sampled from an artifi-
cially bred population in the same culture sea area. 

2.11.3. Cross-validation and predictive accuracy 
The prediction performance of the different methods for the data set 

was assessed by 10-fold cross-validation (CV). The data set was divided 
into ten randomly exclusive subsets and repeated 10 times; nine of ten 
formed the estimation set (ES) for fitting marker effects and the tenth 
subset was used as a test set (TS). We predicted the genotypic values in 
the TS according to 

ĝTS = MTS β̂ES  

where the matrix MTS encodes the marker genotypes for the individuals 
in the TS, using the same reference alleles as in the ES, and β̂ES are the 
estimates of the marker effects derived from the ES. 

Pearson’s correlation coefficients r̂gy = r
(

ĝTS, yTS
)

between predicted 

genotypic values (ĝTS ) and observed phenotypic values (yTS) in the TS. 
The predictive accuracy of a method described the correlation between 
predicted and true genotypic values and can be approximated from the 
equation r̂gg ≈ r̂gy/h, where h is the square root of the trait heritability 
[60]. 

Additionally, we evaluated the accuracy of genomic prediction on 
the three traits in 297 sea cucumbers using leave-one-out cross-valida-
tion (LOOCV) [61]. Briefly, LOOCV used only one observation as the 
validation set and the remaining observations as the training set. For 
example, in a dataset of size n, LOOCV estimated SNP effects in n-1 
animals and then tested genomic prediction accuracy in the one animal 
that was excluded from the training set. This procedure was repeated n 
times until every animal was used for validation once and only once. 

2.11.4. Sub-panels of HaishenSNP24K array 
Genomic prediction performances based on varying marker densities 

were evaluated by taking subsets of the random SNP panel from the 
HaishenSNP24K array. The random SNP panels included four subsets of 
SNPs; each consisted of randomly selected 2500 (2.5 K), 5000 (5 K), 
10,000 (10K) and 20,000 (20K) SNPs, respectively, plus a set with all 
polymorphic 22,698 SNPs from the HaishenSNP24K array. 

2.11.5. Imputation performance based on the HaishenSNP24K array 
We assessed the utility of imputed genotype data based on the 

HaishenSNP24K array in genomic prediction for the 297 individuals. 
The reference panels with variable SNP densities (30 K, 40 K, and 50 K) 
were built using WGS data from 210 sea cucumber individuals according 
to the Beagle Version 4.0 [62]. Firstly, the SNPs on the 24 K array were 
retained in the reference panels. Then we used the MOLO algorithm to 
select 6 K, 16 K, and 26 K SNPs from the candidate dataset (200,481 
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SNPs) obtained from the WGS for 210 sea cucumber individuals. Then 
these selected SNPs and the locus derived from the SNP array were 
combined to generate three medium-density SNP panels (30 K, 40 K, and 
50 K). Finally, the genotypes of the Haishen 24 K array were used to 
impute the medium-density SNP panels using Beagle Version 4.0 with 
parameter “java -Xmx1000m -jar beagle.jar unphased=input.bgl pha-
sed=refB.bgl markers=marker.txt missing=NA out=out” for the 297 
individuals. According to the genotypes from the whole genome 
sequencing, the measures of imputation accuracy were calculated for all 
the individuals. The imputation accuracy per individual was calculated 
as the proportion of correctly imputed SNP genotypes versus all the SNPs 
inferred by imputation. In addition, the genomic prediction accuracies 
of the imputed 30 K, 40 K, and 50 K SNP genotypes were estimated by 
using two linear models (RR-GBLUP and Bayes B) and DNN-MCP for 
three traits (wet weight, dry weight and survival time). 

3. Results 

3.1. Single-nucleotide polymorphism identification 

Genome sequencing was performed for 210 sea cucumber in-
dividuals from wild and cultured populations from Shandong province, 
Liaoning province, and Russia. In total, approximately 2.3 TB of 
sequence data were generated, with an average of 74,590,930 (11.19 
GB) raw reads taken from each sample. After the removal of low-quality 
sequences and adaptor sequences, a total of 13.68GB clean reads were 
obtained, with an average effective reading rate of 86.12%. Moreover, 
the average guanine and cytosine (GC) content reached 38.54%, with a 
Q20 of 92.05–97.46% and a Q30 of 85.42–93.39% from a single sample 
data volume. The filtered reads were mapped to the sea cucumber 
reference genome with an average mapping rate of 95.2% and covered 
90.5% of the sea cucumber reference genome. Initially, a total of 
41,659,110 putative SNPs was identified after merging all candidate 
variants from each population into a single non-redundant VCF. SNP 
filtration was performed using GATK variant filtration function and 
34,368,766 (82.5%) retained for further analysis. After removal of SNPs 
with a minor allele frequency lower than 0.05 and genotype calling rate 
lower than 80%, a total of 9,678,956 polymorphic biallelic SNPs were 
retained, of which 9,089,871 (93.9%) were shared in all populations. 
These SNP markers were distributed across the entire genome with an 
average SNP density was 15.26 SNP/kb. Then the upstream and 
downstream target probes (~22 bp) with 5 bp-gap around the target 
sites were extracted and conducted quality control based on design 
pipeline of HD-Marker probes. With low-quality (GC content <30% or 
higher than 70%, Tm temperature lower than 40 ◦C or higher than 65 ◦C, 
probes that cover more than one heterozygous SNPs and InDels, and 
SNPs within repeat genomic region) probes filtered, a candidate set 
containing 200,481 SNPs of which both flanking target probes satisfied 
with the synthetic standard of HD-Marker probes was retained for 
further optimization for the SNP array. 

3.2. Optimization and characterization of a 24 K SNP array 

We designed an optimal 24 K SNP array using the MOLO algorithm 
proposed by Wu et al. [44] to select a set of approximately evenly-spaced 
and highly-informative SNPs for the design of optimal SNP arrays. 
Firstly, we compared our 24 K SNP panel optimized by MOLO with the 
other two 24 K SNP panels obtained by the most common approaches 
[45,63]:1) uniform design (UD) characterized by evenly-spaced SNPs, 
and 2) optimization on maximized MAF (OMM). UD is the simplest 
approach and selects evenly-spaced SNPs on each chromosome. The 
panel selected by the UD method had the smallest locus-average Shan-
non entropy (HL) (Fig. 1B). Compared to the evenly spaced SNP array as 
the control, the MOLO algorithm increased the system information HL 
by 19.63% for the optimal HaishenSNP24K panel. Though the OMM 

method substantially increased MAF (Fig. 1F) and the system informa-
tion HL reached 0.9093, the location distribution of selected SNP was 
very uneven (Fig. 1C). In contrast, the MOLO algorithm not only 
maximized MAF (and hence the system information) as one of its goals 
(Fig. 1D) but also taken full account of the uniform distribution of SNPs 
across the chromosome (Fig. 1A). 

Following optimization procedure, the SNP array designed with 
24,944 SNPs was finalized and named HaishenSNP24K array. The 
featured summary and probe sequences of 24,944 SNP markers were 
listed in Table S1. The number of SNPs per chromosome ranged from 
295 (Chr 14) to 2485 (Chr 8) with uniform distribution across the sea 
cucumber genome (Fig. 2A). MAF distribution revealed that average 
MAF was a slight difference across chromosomes (Fig. 2B). In general, 
each chromosome had an average MAF >0.25, suggesting a high level of 
polymorphism of the SNPs on the array which is essential for genetic 
analysis. SNP annotation indicated that 43% of SNPs were from the 
genic regions of 3768 annotated genes in the sea cucumber genome. 
Among genic SNPs, 51% of SNPs were located within the exon regions, 
and 49% were located in the intron regions (Fig. 2C). 

4. Evaluation of the HaishenSNP24K array 

4.1. Genotyping performance of the HaishenSNP24K array 

Oligonucleotide pools composed of target probes for each SNP were 
synthesized following the previous study [21] and the HD-Marker li-
braries were constructed for the 297 sea cucumbers to evaluate the 
genotyping performance of the HaishenSNP24K array animals. An 
average of 21.3million reads was obtained for each sample and over 
98.5% of the total sequenced reads passed the quality filter criteria, 
suggesting high-quality HD-Marker sequencing libraries were obtained. 
Approximately 80.6% of reads were mapped to the target regions and 
the alignment rate revealed a relatively high degree of on-target effi-
ciency. The average number of the detected locus was 24,227, ranging 
from 24,036 to 24,358 and almost 98.5% of the detected locus could be 
called unambiguously with a minimum read depth of 8. The number of 
successful genotyped SNPs for each sample varied from 23,254 to 
24,016 with a mean of 23,468, giving an average call rate of 96.5%. The 
sequencing coverage of target loci varied within two to four orders of 
magnitude 93.69% of loci falling within a 100-fold range, indicating 
evenness of coverage on target sites. The average concordance rate be-
tween the HaishenSNP24K array and whole-genome sequencing was 
95.63%, varying from 94.58%–96.42% across all samples. The SNPs 
displaying a MAF < 0.05, HWE p-values >1e-0.5 and genotyping call 
rate < 80% in populations were filtered and the remaining 22,698 SNPs 
were used for genomic selection and GWAS. 

4.2. Assessment of HaishenSNP24K array with DNN-MCP in genomic 
selection 

4.2.1. Optimal sparse structure of DNN-MCP 
It is essential to solve nonlinear regression problems in genomic 

prediction of complex traits in GS. For evaluation of the predictive 
power of DNN-MCP, we considered a nonlinear function depicted in 
Fig. 3A. The predicted results of DNN with 4-hidden-layer (each layer 
has 15 neuron) and DNN-MCP with 4-hidden-layer (each layer has 15 
neuron) were shown in Fig. 3B, and C, respectively. The fully connected 
structure of the DNN and the optimal sparse structures of the DNN-MCP 
were showed in Fig. 3D and E, respectively. The results demonstrated 
that deep-structured sparse DNN-MCP have obvious greater accuracy in 
nonlinear function regression than DNN. 

The DNN-MCP was used for the genomic prediction in 297 sea cu-
cumber animals with the growth traits as the response variable and 
genotypes as inputs for DNN-MCP. The optimal DNN-MCP structures 
were determined based on Akaike information criteria (AIC) and 
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Fig. 1. Genomic distribution and statistics of minor allele frequency (MAF) of the 24 K panels selected by three methods. Maps of the 24 K SNP arrays using MOLO 
algorithm (A), uniform design (UD) (B), and optimization on maximized MAF (OMM)(C), respectively. The histogram of MAF for the panel optimized by the MOLO 
algorithm is shown in graph (D). In (E) is the histogram of MAF for the uniform design array and in (F) is the histogram of MAF for the array optimized solely on MAF. 
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Bayesian information criteria (BIC) [64,65]. As shown in Fig. 4, the 
candidate models included 1, 2, 3, 4, 5 and 6 hidden layers, respectively, 
each having 2, 3, 4, 5, 6, 7, 8, 9 and 10 neurons. For model selection, a 
smaller AIC (BIC) value is indicative of a more parsimonious structure of 
the network [66]. The results showed that the 3-hidden-layer with 6 
neurons per hidden layer had the smallest AIC (BIC). AIC (BIC) estimates 
the relative amount of information lost by a given model. Statistically 
speaking, the models were selected based on the trade-off between the 
goodness of fit of the model and the model’s simplicity, or, put in 
another way, the trade-off between the risk of overfitting and the risk of 
underfitting. Our results showed that the 3 or 4-hidden layer structure 
was more parsimonious than the structures with more hidden layers (e. 
g., 5 and 6) and better than the single or two layers in DNN-MCP (Fig. 4). 

4.2.2. Genomic prediction accuracy with DNN-MCP for HaishenSNP24K 
array 

We evaluated the predictive performance of DNN-MCP with 3-hid-
den-layer (each layer has 6 neuron) with two linear models (RR- 
GBLUP and Bayes B) and DNN with 3-hidden-layer (each layer has 6 
neuron) using the 22,698 genotypes derived from 24 K SNP array for wet 
weight, dry weight, and survival time traits by 10-fold CV in the 297 sea 
cucumber animals. Genetic diversity based on population structure 
analysis classified all the 297 individuals used in this study into one 
population based on the heat map of elements of the kinship coefficient 
matrix (Fig. 5A). Only 14 individuals of the 297 sea cucumbers were 

estimated to be 1rd-degree relatives with kinship coefficients in the 
range from 0.15 to 0.3 (Fig. 5B), which demonstrated the comparatively 
low level of inbreeding in the population. In the admixture analysis, the 
lowest cross-validation (CV) error values were obtained when K = 2 in 
the ADMIXTURE software (Fig. S1) and the corresponding figure 
(Fig. 5C) showed that there was no apparent population structure within 
the 297 sea cucumbers. According to the principal component analysis 
(PCA), the first principal component (PC1) and the second principal 
component (PC2) described 27.8 and 10.9%, respectively, of the total 
variation in the sea cucumber population. No apparent clusters were 
identified in Fig. 5D, which suggested no population stratification of the 
297 sea cucumbers. Therefore, we also did not consider the factor of 
population structure in the genomic prediction models of this study. 

Then we used the HaishenSNP24K array to estimate heritability 
estimation using the EM algorithm in GCTA software [50]. The SNP- 
based heritabilities varied for three traits with wet weight, dry weight 
and survival time were 0.4924 (S.E. 0.1882), 0.4712 (S.E. 0.1021) and 
0.3315 (S.E. 0.1813), respectively (Table 1). To test the effects of 
causative SNPs of the HaishenSNP24K array on heritability estimation, 
we also excluded 100 SNPs that GWAS [51] identified as most closely 
associated with phenotypic variance for hGCTA

2 calculation. The calcu-
lated hGCTA

2 remained stable and consistent with reduced markers 
(Table 2). The average estimates of hGCTA

2 for wet weight, dry weight and 
survival time were about 0.49, 0.47 and 0.33, respectively (Table 2). 

In general, the efficiency of genomic prediction was prone to be 

Fig. 2. Characteristics of HaishenSNP24K array. (A) Schematic representation of the distribution of array SNPs across the genome of the sea cucumber. Green bars 
represent the selected candidate SNPs that are satisfied with the HD-Marker probe selection strategy and blue bars represent the final SNPs on the HaishenSNP24K 
array. (B) Minor allele frequencies (MAF) distribution across 22 chromosomes. (C) Number and percentage of SNPs on the array. 43% of the SNPs on the array are 
located in the genic regions, among which 5387 and 5275 SNPs are derived from the exon and intron region, respectively. SNPs in the exon regions consist of 3874 
synonymous SNPs and 1513 nonsynonymous. Substitutions. (For interpretation of the references to colour in this figure legend, the reader is referred to the web 
version of this article.) 
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Fig. 3. Nonlinear regression with DNN and DNN-MCP. (A) a nonlinear function, (B) the predicted results of DNN with 4-hidden-layer architecture 15 neurons in the hidden layer, (C) the predicted results of DNN-MCP 
with 4-hidden-layer and 15 neurons in each hidden layer, (D) the fully connected structure of the DNN with with 4-hidden-layer and 15 neurons in each hidden layer, (E) the optimal sparse structure of DNN-MCP with 4- 
hidden-layer and 15 neurons in each hidden layer. 
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Fig. 4. Model evaluation based on Akaike information criteria (AIC) and Bayesian information criteria (BIC) for MCP Regularized Deep Neural Networks (DNN-MCP) with different hidden layers and different neurons in 
each layer for predicting genomic values of dry weight in a prediction set of sea cucumber. Panels (A–F) show the dependency of the average AIC and BIC results of 10-fold cross-validation runs on the DNN-MCP with 
different fully connected hidden architecture (1, 2, 3, 4, 5, and 6 hidden layers and 2, 3, 4, 5, 6, 7, 8, 9 and 10 neurons in each hidden layer) for dry wet as response and genotype used as input to DNN-MCP. 
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Fig. 5. Kinship of a population of 297 sea cucumbers based on HaishenSNP 24 K array. (A) Heat map of elements of the kinship coefficient matrix as in Manichaikul et al. [55]. (B) Distribution of the kinship coefficient 
estimates. (C) Plot of the ADMIXTURE [54] results for K = 2. (D) Population distribution across the first (PC1) and second principal component (PC2) on the genotype of the sea cucumber individuals. 
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influenced by the trait heritability and the trends in genomic prediction 
accuracy were in accord with the trend of genomic heritability. As ex-
pected, the highest prediction accuracy was observed for the wet weight 
(0.6136–0.6444), followed by the dry weight (0.5877–0.6178) and the 
survival time (0.5203–0.5768) (Table 1). In terms of the genomic pre-
diction models, DNN-MCP was superior over RR-GBLUP, Bayes B and 
DNN among all the evaluated traits with the prediction accuracy was 
0.6444, 0.6178 and 0.5768 for the wet weight, the dry weight and the 
survival time, respectively (Table 1). Overall, the predictive accuracies 
of all the traits evaluated were all above 0.5 using RR-GBLUP, Bayes B 
and DNN-MCP, which demonstrated that our HaishenSNP24K array had 
shown useful in genomic prediction accuracy. DNN had a relatively 
lower genomic prediction accuracy which ranged from 0.42 to 0.48 
among all the traits. The lower prediction accuracies with DNN were 
partially due to overfitting. Thus, we did not use DNN for evaluation of 
HaishenSNP24K array in the following sections. We estimated regres-
sion coefficients between the phenotypes and the corresponding pre-
dicted genomic breeding values of the 297 individuals in all the 
prediction sets (testing sets) from 10-fold CV to evaluate the prediction 
bias of the four prediction models (RR-GBLUP, Bayes B, DNN and DNN- 

MCP) (Table 3). The optimal prediction method of genetic merit of sea 
cucumber individuals would have a regression coefficient close to 1. The 
regression coefficient values of wet weight, dry weight and survival time 
for RR-GBLUP were below 1, however, the regression coefficient values 
of the three traits for Bayes B, DNN and DNN-MCP were above 1 
(Table 3). We also evaluated the prediction performance by the LOOCV 
method. On average, prediction accuracy on the three traits was slightly 
higher with LOOCV than with a 10-fold CV (Table 4). Our results showed 
that LOOCV was a preferable cross-validation method over the 10-fold 
CV when the sample size is small. 

For evaluation of the computation time of genomic prediction for the 
297 individuals with the HaishenSNP24K array, all the genomic pre-
diction models (RR-GBLUP, Bayes B, DNN and DNN-MCP) were imple-
mented in R and ran on a Linux machine with an Intel Core i5-3230M 
CPU processor @2.60GHz with 4 GB of RAM memory. RR-GBLUP and 
Bayes B took within 5 min. DNN took over 20 min to fit the model, while 
our DNN-MCP completed it within 10 min when both NN models use the 
same NN architecture with 3-hidden-layer (each layer has 6 neuron). 

4.2.3. Impacts of marker densities and GWAS-based SNP selection from 
HaishenSNP24K array on genomic prediction 

The effects of the marker densities on the accuracy of genomic pre-
diction were assessed for all traits by the use of varying densities SNP 
panels, consisting of 2500, 5000, 10,000, 20,000, and 22,698 poly-
morphic SNPs derived from the HaishenSNP24K array. For all the traits, 
the prediction accuracy considerably increased by the size of the SNP 
panel increasing from 2500 to 10,000 markers using RR-GBLUP, Bayes B 
and DNN-MCP (Fig. 6). The average predictabilities obtained from RR- 
GBLUP increased by 11.36% for wet weight, by 13.81% for dry 
weight, and by 12.82% for survival time, respectively, as the SNP panel 
size increased from 2500 to 10,000 (Fig. 6). When using Bayes B, the 
average predictabilities increased by 12.41% for wet weight, by 12.78% 
for dry weight, and by 13.54% for survival time, respectively (Fig. 6). 
The average predictabilities from DNN-MCP increased by 14.23% for 
wet weight, by 17.71% for dry weight, and by 16.76% for survival time, 

Table 1 
Genomic prediction accuracies (%) on the three traits (Wet Weight, Dry Weight and Survival Time) using RR-GBLUP, Bayes B, DNN and DNN-MCP based on 
HaishenSNP 24 K array.  

Fold Wet Weight with hGCTA
2 =0.4924 (S.E.a 0.1882) Dry Weight with hGCTA

2 =0.4712 (S.E. a 0.1021) Survival Time with hGCTA
2 =0.3315 (S.E. a 0.1813) 

RR-GBLUP Bayes B DNN DNN-MCP RR-GBLUP Bayes B DNN DNN-MCP RR-GBLUP Bayes B DNN DNN-MCP 

1 22.08 21.17 17.43 37.58 21.31 23.13 19.78 37.93 39.74 39.19 31.37 45.45 
2 69.56 68.32 55.12 67.44 64.91 62.81 51.67 68.07 48.39 46.86 39.43 48.38 
3 82.15 80.56 62.23 86.18 80.25 76.50 59.64 82.23 79.48 78.98 63.81 80.42 
4 74.41 74.12 54.31 74.89 74.20 75.10 61.59 75.56 57.79 61.71 45.29 57.05 
5 37.12 39.89 31.62 34.71 37.74 40.15 32.43 35.96 39.49 36.85 36.75 42.26 
6 84.89 85.27 64.31 83.66 83.59 83.91 65.38 84.46 71.93 72.53 52.64 77.20 
7 66.88 66.51 46.57 68.65 61.90 59.56 49.18 63.44 47.35 54.67 39.41 59.58 
8 66.73 59.19 43.93 70.89 67.16 62.89 53.37 67.15 21.58 25.63 19.78 39.06 
9 64.41 61.80 51.36 62.62 58.91 55.24 49.52 59.25 56.15 59.37 47.82 69.01 
10 54.42 56.77 46.82 57.76 46.87 48.35 41.22 43.78 58.39 58.41 46.15 58.38 
ACC 62.26 61.36 47.37 64.44 59.68 58.77 48.37 61.78 52.03 53.42 42.24 57.68 
SD ACC 18.60 18.11 14.09 16.35 18.47 17.27 13.95 16.61 15.84 15.62 12.01 13.62  

a S.E.: Standard errors estimates are in parentheses. ACC: Average accuracy. hGCTA
2 : SNP-Based heritability. 

Table 2 
Mean SNP-based heritability (hGCTA

2 ) estimates for the three traits (Wet Weight, 
Dry Weight and Survival Time) using SNPs with MAF > 0.10, SNPs with MAF >
0.20, and SNPs with the top 100 major SNPs masked from the HaishenSNP 24 K 
array.a  

Traits Methods hGCTA
2 (S. E) 

MAF > 0.10 MAF > 0.20 Major SNPs 
masked 

Wet Weight REML-AI 0.4921 
(0.1897) 

0.4815 
(0.1832) 

0.4906 (0.1843) 

Wet Weight REML-FS 0.4928 
(0.1874) 

0.4812 
(0.1883) 

0.4909 (0.1894) 

Wet Weight REML- 
EM 

0.4923 
(0.1883) 

0.4817 
(0.1865) 

0.4908 (0.1811) 

Dry Weight REML-AI 0.4713 
(0.1021) 

0.4668 
(0.1122) 

0.4709(0.1069) 

Dry Weight REML-FS 0.4715 
(0.1021) 

0.4667 
(0.1197) 

0.4706 (0.1073) 

Dry Weight REML- 
EM 

0.4715 
(0.1021) 

0.4663 
(0.1106) 

0.4711 (0.1085) 

Survival 
Time 

REML-AI 0.3316 
(0.1806) 

0.3258 
(0.1907) 

0.3309(0.1819) 

Survival 
Time 

REML-FS 0.3318 
(0.1819) 

0.32032 
(0.1909) 

0.3304 (0.1807) 

Survival 
Time 

REML- 
EM 

0.3315 
(0.1815) 

0.3272 
(0.1905) 

0.3301 (0.1866)  

a Three algorithms of REML in the GCTA software [50]: average information 
(AI), Fisher scoring (FS) and expectation maximization (EM). 

Table 3 
Regression coefficients between the phenotypes and the corresponding pre-
dicted genomic breeding values in all the prediction sets (testing sets) from 10- 
fold CV for the three traits (Wet Weight, Dry Weight and Survival Time) using 
RR-GBLUP, Bayes B, DNN and DNN-MCP based on HaishenSNP 24 K arraya.  

Traits Regression coefficients for genomic breeding values 

RR-GBLUP BayesB DNN DNN-MCP 

Wet Weight 0.89(0.12) 1.21 (0.05) 1.54 (0.13) 1.16 (0.08) 
Dry Weight 0.87 (0.11) 1.19(0.05) 1.51 (0.11) 1.16 (0.05) 
Survival Time 0.81 (0.18) 1.38(0.11) 1.69(0.15) 1.27 (0.09)  

a S.E.: Standard errors estimates are in parentheses. 
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respectively (Fig. 6). The different genomic prediction models provided 
similar trends that the growth in accuracy performance became slower 
after the marker density reached 10,000 and all the three genomic 
prediction models tended to reach a plateau. 

4.2.4. Genomic prediction using imputed 30 K, 40 K and 50 K arrays based 
on HaishenSNP24K array 

We also assessed the utility of imputed genotype data obtained by the 
HaishenSNP24K array for genomic prediction. We constructed the 
reference panels with variable SNP density (30 K, 40 K, and 50 K) by 
using the sequencing data from 210 individuals and then used the panels 
to impute the 30 K, 40 K, and 50 K arrays based on HaishenSNP24K 
array for the 297 individuals. The highest mean imputation accuracy 
(95.32%) was observed for imputation from 24 K to 30 K, followed by 
94.35% and 91.27% for imputation from 24 K to 40 K and 50 K, 
respectively. The mean imputation accuracy decreased as the proportion 
of imputed markers increased (Table 5). Among all the imputed samples, 
little variation in imputation accuracy was observed ranging from 
0.29%–1.03%, suggesting imputation with Beagle could provide stable 
and robust imputation results for the HaishenSNP24K array. Further-
more, genomic prediction accuracies using imputed genotypes were 
evaluated among the three scenarios compared to the use of the real SNP 
genotypes from the sequencing data of the 297 sea cucumber samples. 
Based on the real 30 K, 40 K and 50 K genotype, the averages ± SDs of 
prediction accuracy computed for the three traits were 60.71 ± 5.75%, 
61.61 ± 5.13% and 62.01 ± 5.21%, respectively. The prediction accu-
racies using imputed genotypes were marginally lower than tests using 
true genotypes for different marker densities (59.47% vs. 60.71% for 30 
K panel, 59.57% vs. 61.61% for 40 K panel, and 59.35% vs. 62.01% for 
50 K panel) (Table 6). High relative prediction accuracies (i.e., the 
genomic prediction accuracy using imputed 30 K, 40 K and 50 K geno-
types expressed as a percentage of that achieved using the original 30 K, 
40 K and 50 K genotypes) were observed with 98.81%, 97.98% and 
97.23%, respectively, for the three imputed arrays. Overall, DNN-MCP 
outperformed RR-GBLUP and Bayes B on wet weight, dry weight and 
survival time using imputed and real 30 K, 40 K and 50 K arrays. 

5. Discussion 

5.1. Development of HaishenSNP24K array 

As genomic resources are available and large amounts of SNPs have 
been discovered, there is an ever-increasing need for low-cost and high- 
throughput SNP genotyping platforms in genetics and breeding studies. 
To date, a series of medium or high-density SNP arrays have been 
designed and utilized for linkage map construction, genomic selection 
breeding in several important aquaculture species such as common carp 
[16], Large yellow croaker [17], Japanese flounder [15] and Pacific 
oyster [18]. In addition to the fixed array platform, in-solution-based 
enrichment techniques also provide cost-effective ways for target loci 
genotyping. HD-Marker is an in-solution method that uses the locus- 
specific probes to capture the target SNPs for genotyping and it is of 
high flexibility in the number of targeted loci and marker types and at a 
lower cost (e.g. as low as $0.0006 per genotype at 86 k-plex) [22], 

hence, we designed and developed the first high-throughput SNP array 
HaishenSNP24K for sea cucumber based on HD-Marker technology in 
our study. Although high-density SNP arrays have sufficiently dense 
genome coverage for the dissection of complex traits, they may not have 
a cost advantage at a high level of marker density when supporting 
genomic selection programs [67]. Sufficient reports indicated that low- 
density SNP arrays would be a promising solution enabling the balance 
between increased prediction accuracy (and hence increased genetic 
gain) and array cost, as the negative impact of the reduced marker 
density on prediction accuracy seems to be relatively small in empirical 
studies of livestock and aquaculture species [68]. 

For a low-density SNP array, the selection of informative SNPs across 
subpopulations during array design is essential for obtaining a higher 
polymorphic proportion in genomic and genetic applications. To ach-
ieve highly informative markers and make this array diverse, repre-
sentative and diverse sea cucumber accessions (over 200 individuals) 
from wild and cultured populations around Shandong and Liaoning 
provinces of China and a variety from Russia were collected to perform 
genome sequencing to generate a comprehensive set of genome-wide 
SNPs for array design. To maximize the information content of the 
SNPs on the array and uniform distribution across the genome, we 
applied the multi-objective-local optimization (MOLO) algorithm [44] 
which could take into consideration the distance between the loci and 
the system information to optimize the selection of SNPs on the array. 
Compared to the evenly spaced SNP panel as the control, the MOLO 
algorithm increased the system information by 19.63% for the optimal 
HaishenSNP24K array. The uniform distribution of the SNPs across the 
genome made the array could be used effectively for the identification of 
candidate genes underlying important traits through GWAS. Benefit 
from the various stringent filtration steps of the design of the probe, the 
SNP array exhibited a relatively high genotyping call rate (>96%) and 
genotyping accuracy (>95%), and the genotyping performance was 
comparable to other recently developed SNP array in Yesso scallop [22]. 
To our knowledge, this was the first report on designing a high- 
throughput in-solution SNP array for sea cucumber based on the HD- 
Marker method. We believed the development of this SNP array would 
provide a powerful tool for high-throughput genotyping in genetics and 
molecular breeding applications. 

5.2. Applications of HaishenSNP 24 K array 

The accuracy of genomic prediction was influenced by multiple 
factors, such as the size of the reference population, statistical methods, 
and the number and composition of the SNPs on an array. Firstly, we 
evaluated the performance of the HaishenSNP24K array in genomic 
selection based on four different genomic prediction models for three 
quantitative traits (e.g., wet weight, dry weight and survival time). In 
general, the HaishenSNP24K array showed high genomic prediction 
accuracy either using linear or non-linear models in GS. Overall, the 
non-linear model DNN-MCP outperformed the other linear methods RR- 
GBLUP and Bayes B for the three traits. GS is an essential process in 
modern animal breeding for accelerating genetic progress [23]. To take 
possible nonlinearity into account in prediction, neural networks (NNs) 
have emerged as a new tool of GS for marker-based genomic predictions 

Table 4 
Genomic prediction accuracies (%) on the three traits (Wet Weight, dry weight and survival time) of 10-fold versus leave-one-out fold cross-validation using RR- 
GBLUP, Bayes B, DNN and DNN-MCP based on HaishenSNP 24 K arraya.  

Traits 10-fold cross-validation Leave-one-out cross-validation 

RR-GBLUP BayesB DNN DNN-MCP RR-GBLUP BayesB DNN DNN-MCP 

Avg ACC Avg ACC Avg ACC Avg ACC Avg ACC Avg ACC Avg ACC Avg ACC 

Wet Weight 62.26 (1.78) 61.36 (2.21) 47.37 (3.43) 64.44 (2.56) 63.73 (1.12) 63.28(1.54) 54.49(2.37) 65.19(1.92) 
Dry Weight 59.68 (1.83) 58.77 (2.46) 48.37 (3.79) 61.78(2.92) 61.46 (1.26) 59.85 (1.89) 53.12 (2.54) 62.03 (2.26) 
Survival Time 52.03 (1.57) 53.42 (1.98) 42.24 (3.26) 57.68(2.13) 55.78(1.05) 54.92 (1.67) 50.03 (2.28) 59.15 (1.75)  

a S.E.: Standard errors estimates are in parentheses. 
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Fig. 6. Effects of marker density on the predictive abilities using different GS models (RR-GBLUP, BayesB and DNN-MCP) for the traits (A) Wet Weight, (B) Dry Weight and (C) Survival Time. Four SNP subsets were 
selected using randomly sampled SNPs (2500, 5000, 10,000, 20,000) and 22,698 polymorphic SNPs of the HaishenSNP24K array. Predicative abilities for each GS model were evaluated by ten-fold cross-validations of 
100 iterations for each subset of SNP markers. Error bars are constructed using one standard error from the mean. 
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of complex traits in animal breeding. Our results agreed with our pre-
vious report that nonlinear methods are effective in uncovering complex 
patterns relating to inputs (SNPs) and outputs (phenotypes) for aquatic 
animals [69], suggesting our HaishenSNP24K array includes the 
markers to capture non-additive effects, which will provide certain 
improvement in the ability of genomic prediction in sea cucumber. 

The lower prediction accuracy with DNN was partially due to over-
fitting. In genomic prediction, there are often more unknown parame-
ters to estimate than the data can support. This often leads to overfitting 
the model in the reference population and poor predictive performance 
when generalized to the prediction set. The problem of overfitting can 
occur with linear models and nonlinear models if not taken care of 
probably. However, overfitting is attenuated by λ2 regularization (RR- 
GBLUP) and the prior distributions for the regression coefficients (Bayes 
B) in these two linear models. From the viewpoint of machine learning, 
both forms are penalty terms, each imposing a cost on the optimization 
function to obtain unique optimal solutions. Due to the over-fitting 
when using whole-genome markers as the high-dimensional NN in-
puts, it is not easy to construct an efficient NN for predicting future 
outcomes of GS [29]. MCP Regularized Deep Neural Networks (DNN- 
MCP) can find an optimal sparse structure of a NN by minimizing the 
square error subject to a non-convex penalty MCP on the parameters 
(weights and biases), therefore solving the problem of over- 
parameterization in DNN. Hence, DNN-MCP avoided overfitting to a 
certain extent. 

The regression coefficient between the phenotypes and the corre-
sponding predicted genomic breeding values of the optimal prediction 

method would tend asymptotically toward 1. The results obtained with 
RR-GBLUP, Bayes B, DNN and DNN-MCP showed that there was infla-
tion or deflation for the prediction models since the values of regression 
coefficients deviated from 1. The best prediction was found under the 
DNN-MCP model in which the regression coefficients for the three traits 
were closest to 1. The deflection can be attributed to the fact that a 
portion of genetic variance may be missed in the context of low-density 
genotyping data and the small population. Once more of the genetic 
variance is captured with a high-density array with big-size samples, we 
expect that the regression coefficients would likely tend toward 1. 
Although the low number of individuals in this study might limit the 
prediction performance, our results show that the DNN-MCP model most 
of the time outperformed the other models. In addition, the predictive 
ability using LOOCV gave slightly higher prediction accuracy than 10- 
fold CV, which may somewhat offset the effect of smaller population 
sizes. In the future, we will increase the population to further verify our 
conclusion. 

It should be noted that the genomic prediction may vary depending 
on the number and the composition of the SNP panels, especially for the 
low-density panels. Increasing genomic predictive ability of complex 
traits is the primary goal for utilization of low-density SNP array in 
genomic selections. Hence, in this study, we also evaluated the genomic 
prediction performance with various marker densities and the compo-
sition of the SNPs on the arrays. When using the random SNP panels with 
2500 (2.5 K), 5000 (5 K), 10,000 (10 K), a large influence of SNP panel 
size on the predictive accuracy was observed in RR-GBLUP, Bayes B, and 
DNN-MCP for the three traits. While the average prediction accuracy 
reached plateaued when using 10,000 and more randomly-selected 
SNPs with RR-GBLUP, Bayes B, and DNN-MCP, suggesting that our 
HaishenSNP24K array has enough numbers of SNPs to obtain good 
performance of genomic prediction in the sea cucumber. The effect of 
marker densities on genomic prediction has been studied in several 
aquaculture species. Kriaridou et al. [67] reported that a relatively 
stable predictive ability for the traits of four aquaculture species under 
the marker densities from 2 K–9 K. As reported in many aquaculture 
species, a few thousands of markers could also yield high prediction 
accuracy and only observable decrease in accuracy when the SNP den-
sities drop to a few hundred markers [67,70]. The long-range linkage 
disequilibrium likely contributed to the accurate genomic predictions 
with the low-density SNP panels [71]. However, it should be said, that 
the optimal panel size may vary with species, traits, statistical methods, 
as well as how the SNP panels are selected. In the present study, our 
result suggested that 10 K SNPs were an optimal panel size for genomic 
prediction since there was no significant improvement in prediction 
accuracy with a larger panel than 10 K. 

Genomic prediction using low-density arrays may inevitably suffer 

Table 5 
Imputation accuracy of HaishenSNP24K array.  

Methods Number of SNPs Imputation accuracy %a Range % 

Original Imputed Mean SDf Ming Maxh 

Beagle 24Kb 30 Kc 95.32 0.06 95.16 95.45 
Beagle 24Kb 40Kd 94.35 0.08 94.15 94.57 
Beagle 24Kb 50Ke 91.27 0.12 90.53 91.56  

a Imputation accuracies was presented as averages across 10 replicates. 
b 24K = Number of SNPs in the HaishenSNP24 K array (24,944 SNPs). 
c 30 K = Number or SNPs in the 30 K array (30,000 SNPs) imputed by using 

the HaishenSNP24 K array. 
d 40K = Number or SNPs in the 40 K array (40,000 SNPs) imputed by using the 

HaishenSNP24 K array. 
e 50 K = Number or SNPs in the 50 K array (50,000 SNPs) imputed by using 

the HaishenSNP24 K array. 
f SD = Standard deviation of imputation accuracy. 
g Min = Minimum value of imputation accuracy. 
h Max = Maximum value of imputation accuracy. 

Table 6 
Prediction accuracy using the original 30 K, 40 K, 50 K genotypes and the imputed 30 K, 40 K, 50 K genotypes.  

Traitsa Prediction accuracy % of original genotypesb Prediction accuracy % of imputed genotypesb Decrease %c 

30 K 40K 50 K 30 K 40K 50 K 30 K 40K 50 K 

WW RR-GBLUP 63.85 64.68 64.82 62.27 62.41 63.04 1.23 2.27 1.78 
WW Bayes B 64.09 64.11 64.93 62.08 63.58 61.92 2.01 0.53 3.01 
WW DNN-MCP 66.13 66.27 66.98 64.34 65.66 64.17 1.79 0.61 2.81 
DW RR- GBLUP 63.16 64.21 64.45 62.17 62.41 61.84 0.99 1.80 2.61 
DW Bayes B 63.51 63.76 64.19 62.87 61.58 61.55 0.64 2.18 2.64 
DW DNN-MCP 65.96 66.54 66.91 64.81 64.88 63.72 1.15 1.66 3.19 
ST RR- GBLUP 52.22 54.51 55.34 51.92 51.89 52.95 0.30 2.62 3.39 
ST Bayes B 52.56 53.62 53.67 50.97 50.31 51.71 1.59 3.31 1.96 
ST DNN-MCP 54.87 56.75 56.86 53.84 53.47 53.32 1.03 3.28 3.54 
Average accuracy 60.71 61.61 62.01 59.47 59.57 59.35 1.19 2.02 2.77 
SD accuracy 5.75 5.13 5.21 5.55 5.95 5.11 0.54 1.01 0.61  

a WW = Wet Weight; DW=Dry Weight; ST = Survival Time. 
b Prediction accuracy = correlation between phenotype and GEBV obtained from the original 30 K, 40 K, 50 K genotypes and the 30 K, 40 K, 50 K genotypes imputed 

from the HaishenSNP24 K array, respectively, using ten-fold cross validations. 
c Decrease % = Percent decrease in prediction accuracy obtained using 30 K, 40, and 50 K genotypes imputed from the HaishenSNP24 K array over the prediction 

accuracy obtained using the original 30 K, 40 K, and 50 K genotypes respectively. 
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from a loss of information as compared to the case when moderate- and 
high-density SNP genotypes are applied. Low-density SNP arrays can be 
used to impute low-density genotypes to moderate or high-density SNP 
genotypes with considerably desirable accuracy and simultaneously 
minimize the costs of genotyping. Nowadays, low-density SNP arrays 
accompanied by imputation have been increasingly utilized in genetic 
and breeding programs in aquatic species to increase the power of 
genome-wide association studies and improve the accuracy of breeding 
value estimation and its advantages have been widely recognized 
[72,73]. Our results showed that the HaishenSNP24K array obtained by 
the MOLO algorithm could contain the effectively increased system in-
formation, which in turn leads to high imputation accuracy (>91%) for 
30 K, 40 K and 50 K arrays. The performance of genomic prediction 
using imputed genotype data was comparable to that using true geno-
type data and there was a slight improvement in prediction accuracy 
from 24 K to 30 K, 40 K and 50 K. The loss of prediction accuracy for the 
imputed arrays could be ignored. Therefore, we concluded that the 
potential of incorporation with imputation strategy to improve the 
available marker densities for the HaishenSNP24K array would be 
valuable for cost-effective genomic prediction in sea cucumber. 

6. Conclusions 

In the present study, our results revealed that the HaishenSNP24K 
array was of high quality with high levels of convenience and cost- 
effectiveness. We also developed minmax concave penalty (MCP) reg-
ularization for sparse deep neural networks (DNN-MCP) to overcome the 
drawback of overfitting the DNN model when applied in GS. For three 
quantitative traits in a sea cucumber (Apostichopus japonicus) popula-
tion, DNN-MCP outperformed the two linear models (RR-GBLUP and 
Bayes B) and DNN. The present results supported the utility of the 
HaishenSNP24K array and DNN-MCP would provide a powerful tool for 
high-throughput genotyping in genetics and molecular breeding appli-
cations in the sea cucumber. 
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