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Abstract 
Multilocus genome-wide association study has become the state-of-the-art tool for dissecting the genetic architecture of complex and multiomic traits. 
However, most existing multilocus methods require relatively long computational time when analyzing large datasets. To address this issue, in this 
study, we proposed a fast mrMLM method, namely, best linear unbiased prediction multilocus random-SNP-effect mixed linear model (BLUPmrMLM). 
First, genome-wide single-marker scanning in mrMLM was replaced by vectorized Wald tests based on the best linear unbiased prediction (BLUP) val
ues of marker effects and their variances in BLUPmrMLM. Then, adaptive best subset selection (ABESS) was used to identify potentially associated 
markers on each chromosome to reduce computational time when estimating marker effects via empirical Bayes. Finally, shared memory and parallel 
computing schemes were used to reduce the computational time. In simulation studies, BLUPmrMLM outperformed GEMMA, EMMAX, mrMLM, and 
FarmCPU as well as the control method (BLUPmrMLM with ABESS removed), in terms of computational time, power, accuracy for estimating quantita
tive trait nucleotide positions and effects, false positive rate, false discovery rate, false negative rate, and F1 score. In the reanalysis of two large rice data
sets, BLUPmrMLM significantly reduced the computational time and identified more previously reported genes, compared with the aforementioned 
methods. This study provides an excellent multilocus model method for the analysis of large-scale and multiomic datasets. The software mrMLM v5.1 
is available at BioCode (https://ngdc.cncb.ac.cn/biocode/tool/BT007388) or GitHub (https://github.com/YuanmingZhang65/mrMLM).
Key words: Genome-wide association study; BLUP; Multilocus model; mrMLM; Large-scale dataset. 

Introduction
Genome-wide association studies (GWAS) have become a 
standard method for dissecting the genetic architecture of 
complex and omics-related traits in animals, plants, and 
humans. GWAS focus on testing the associations of genome- 
wide markers with trait phenotypes of interest to identify 
genes that control complex and omics traits [1,2].

The mixed linear model (MLM) methodology has been 
widely used in GWAS since the inception of the MLM method
ology [3–5], due to its effective control of important confound
ers (e.g., population structure and relatedness). To reduce 
computational burden and further improve statistical power, a 
number of fast and approximate/exact algorithms have been 
proposed, such as EMMAX [6], CMLM [7], GEMMA [8], 
FaST-LMM [9], GRAMMAR-gamma [10], Bolt-LMM [11], 
fastGWA [12], and REGENIE [13]. Although these single-locus 
methods involve Bonferroni correction, they are simple, readily 
applicable, and computationally inexpensive [14,15]. In real 
data analysis, these methods may be unsuitable for revealing the 
genetic architecture of complex traits. In statistics, single-locus 
methods may miss true loci due to strict significance thresholds 
[16–18], which may result in missing heritability [19,20]. In ge
netics, most complex traits are controlled by a few large-effect 
genes and numerous small genes according to previous studies 
[21]. In addition, single-locus methods do not account for the 
effects of other SNPs and never fit a true genetic model of com
plex traits. Clearly, the explicit use of multiple loci in a model is 
a better alternative [17,22–24].

The traditional multilocus approach involves multiple re
gression, which fails when the number of markers is greater 

than the sample size and when there is multicollinearity be
tween these markers. To address these problems, a consider
able number of alternative methods, such as Bayesian lasso 
[25], ridge regression [26], lasso penalized logistic regression 
[27], adaptive lasso [28], elastic net [14], and empirical Bayes 
[29], have been developed. Although these methods have 
been shown to outperform single-locus methods, most of 
them fail when the number of markers is very large [30,31]. 
A more powerful alternative is to combine single-locus scan
ning with a multilocus model, such as the mrMLM [17].

In multilocus methods, MLMM [24] uses forward and 
backward procedures, while FarmCPU [32] splits MLMM 
into a fixed-effect model and a random-effect model and uses 
them iteratively. However, both still use the Bonferroni cor
rection threshold, which limits their power to some extent 
[18]. To better balance high power and a low false positive 
rate (FPR) in quantitative trait nucleotide (QTN) detection, a 
number of multilocus methods have been proposed in our 
mrMLM software [33], such as mrMLM [17], ISIS EM- 
BLASSO [30], FASTmrEMMA [31], pLARmEB [34], and 
pKWmEB [35], in which a less stringent significance criterion 
replaces the overly conservative Bonferroni correction. 
Previous studies [18,33] have shown that these methods have 
high power, low FPR, and high accuracy. Although large 
datasets provide new opportunities for new discoveries, they 
also present enormous computational challenges.

To address the aforementioned problem, we proposed a new 
method, namely, the best linear unbiased prediction multilocus 
random-SNP-effect mixed linear model (BLUPmrMLM). In 
BLUPmrMLM, vectorized Wald tests were used to replace 
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genome-wide scanning in mrMLM [36–39], and adaptive 
best subset selection (ABESS) [40] was used to select poten
tially associated markers on each chromosome. To increase 
power, residual error was used to fit unselected SNPs to iden
tify additional suggested or significant QTNs [30]. In addi
tion, shared memory and parallel computing schemes were 
used to reduce the running time. Our new method was vali
dated via simulated and real data analyses. The results 
showed that BLUPmrMLM outperformed the other methods 
in terms of computational time, statistical power, accuracy, 
FPR, false discovery rate (FDR), false negative rate (FNR), F1 

score, and receiver operating characteristic (ROC) curve.

Method
Association mapping populations in rice
The dataset of 1439 rice hybrids
The 1439 indica hybrids were genotyped using 1,098,527 
SNPs (http://www.ncgr.ac.cn/RiceHap4) and phenotyped for 
heading date (HD) and grain length (GL) in Hangzhou and 
yield per plant (Yield), grain number (GN), and thousand 
grain weight (TGW) in Sanya (https://www.nature.com/ 
articles/ncomms7258/), China [41]. The population structure 
was indicated by two principal components (PCs) from 
1,098,527 SNP markers [41]. The rice reference genome used 
in this study was IRGSP 4.0 [41].

The 3K rice dataset
There were 2261 varieties genotyped by 1,011,601 SNPs, 
which were downloaded from the rice SNP-seek database 
website (https://snp-seek.irri.org/) and phenotyped by the 
grain length width ratio (GLWR) and TGW (https://www. 
rmbreeding.cn/phenotype) [42,43]. The numbers of varieties 
with phenotypes were 2013 and 1318 for GLWR and TGW, 
respectively. The population structure was indicated by the 
top 4 PCs of 1,011,601 SNP markers [43]. The rice reference 
genome used in this study was IRGSP 1.0 [43].

All the rice genes were obtained from http://www.ricedata. 
cn/ and confirmed via transgenic experiments in the referen
ces provided.

Monte Carlo simulation studies
All the simulation experiments were similar to those in our 
previous studies [17,31]. In all the simulations, 300 individu
als each with 50,000 SNP markers, as shown in Table S1, 
were sampled from a real Simmental beef cattle dataset [44]. 
To investigate the performance of BLUPmrMLM under dif
ferent polygenic backgrounds, four simulation datasets were 
simulated, and the number of replicates in each dataset 
was 1000.

In the first simulation dataset, one pair of QTNs was simu
lated and placed on each of the first five chromosomes (1 to 
5). To investigate the effect of closely linked QTNs on the 
performance of BLUPmrMLM, two pairs of closely linked 
QTNs were simulated on chromosomes 1 and 5. QTN1 and 
QTN2 on chromosome 1 were simulated as positive effects, 
while QTN9 and QTN10 on chromosome 5 were simulated 
as negative and positive effects, respectively. Their sizes (r2), 
positions, and effects are listed in Table S2. The average l 

and residual variance r2
e were set to 10.0. Phenotypic values 

y were simulated from Equation 1: 

y ¼ lþ
X10

k¼1
Xkβk þ e (1) 

where βk is the effect for the k-th QTN, Xk is the design ma
trix for βk, and the residual errors are e �MVNnð0;r2

e InÞ.
To investigate the effect of an additive polygenic back

ground on BLUPmrMLM, the polygenic effect was simulated 
in the second simulation dataset by MVNnð0;r2

gKgÞ, where 
r2

g ¼ 2:00 is polygenic variance, h2
g ¼ 8:33%, and Kg is the 

kinship matrix between a pair of lines. The QTN size (r2, %), 
QTN position, residual variance, and population mean were 
the same as those in the first simulation dataset. Phenotypes 
were simulated from Equation 2: 

y ¼ lþ
X10

k¼1
Xkβk þ nþ e (2) 

where n �MVNnð0;r2
gKgÞ, and the meanings of the other 

symbols are consistent with those in the first simu
lated dataset.

To investigate the effect of epistatic polygenic background 
on BLUPmrMLM, five pairs of epistatic QTNs with 2% heri
tability each were simulated in the third simulation dataset 
by MVNnð0;r2

epKepÞ, where r2
ep is epistatic variance. All the 

parameters for five pairs of epistatic QTNs are reported 
in Table S3. The QTN size (r2, %), QTN position, residual 
variance, and population mean were the same as those in the 
first simulation dataset. Phenotypes were simulated from 
Equation 3: 

y ¼ lþ
X10

k¼1
Xkβk þ

X5

j¼1
ðAj#BjÞβjj þ e (3) 

where βjj is the epistatic effect, and Aj#Bj is the correspond
ing incidence coefficient. The meanings of the other symbols 
are as described above.

To investigate the effect of additive and epistatic polygenic 
backgrounds on BLUPmrMLM, additive and epistatic poly
genic effects were simulated in the fourth simulation dataset 
by MVNnð0; 2:0� KgÞ and five pairs of epistatic QTNs with 
2% heritability each, as described in the second and third 
simulation experiments, respectively. The other parameters 
were the same as those in the first simulation experiment. 
Phenotypes were simulated from Equation 4: 

y ¼ lþ
X10

k¼1
Xkβk þ

X5

j¼1
ðAj#BjÞβjj þ nþ e (4) 

where the meanings of all the symbols are as described above.
The empirical statistical power of each QTN was calcu

lated as the proportion of samples with logarithm of odds 
(LOD) � 3.0 for BLUPmrMLM, mrMLM, and the control, 
and P � 1.00E−6 (0.05/m) was used for the other methods. 
A QTN detected within 2 kb of its simulated QTN position 
was considered to be a true QTN. The FPR was the ratio of 
the number of false QTNs detected to the total number of 
zero effects in the full model, while the FNR was the ratio of 
the number of simulated QTNs not detected to the total num
ber of nonzero effects in the full model. The mean squared er
ror (MSE) and mean absolute deviation (MAD) were used to 
assess the accuracy of the estimates of QTN positions and 
effects, where the MSE and MAD for the i-th QTN parameter 
βi were calculated as follows: 
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MSEi ¼
1
nT

XnT

j¼1

ðβ^ ij−βiÞ
2 MADi ¼

1
nT

XnT

j¼1

jβ^ ij−βij (5) 

where nT is the number of replicates, β^ ij is the estimate for the 
i-th QTN parameter in the j-th sample, and βi is the true value 
of the i-th QTN parameter. The method with a small MSE (or 
MAD) is better than the method with a large MSE (or MAD).

Selection of potentially associated markers 
in BLUPmrMLM
Genetic model
As described by Gualdr�on Duarte et al. [36], Ning et al. [37], 
Wang et al. [38], and Wang et al. [39], the phenotypes for 
quantitative traits, y , were indicated by the following MLM: 

y ¼ Xbþ Zcþe (6) 

where y is a n� 1 vector of phenotypic values for quantita
tive trait; n is the number of individuals in the association 
mapping population; b is a q� 1 vector of fixed effects, 
including the population mean; X is the design matrix for 
b; c �MVNmð0; Imr2

gÞ is a m� 1 vector of random effects 
for all m markers; r2

g is the genetic variance; Z is the n�m 
design matrix for c; residual errors e �MVNnð0; Inr

2Þ is a 
n� 1 vector; r2 is residual variance; and I is the identity ma
trix. Thus, the variance of y in Equation 1 is expressed as: 

V ¼ VarðyÞ ¼ ZZTr2
g þ Inr

2 ¼ Kr2
g þ Inr

2 (7) 

where K ¼ ZZT is a marker-inferred kinship matrix.

Parameter estimation for genetic and residual variances
The genetic and residual variances h ¼ ðr2

g ;r
2Þ

T in Equation 
6 are estimated by maximizing the restricted log-likelihood 
function (RELF): 

L ¼ −
1
2

log jVj þ log jXTV−1Xj þ yTPyÞ
�

(8) 

where P ¼ V−1−V−1XðXTV−1XÞ−1XTV−1. Here, a lower 
computational demand and faster average information (AI) 
iterative algorithm were used to maximize the RELF via the 
following formula: 

hðtþ1Þ ¼ hðtÞ þ
�

AIðtÞ
�−1 oL

oh
jhðtÞ (9) 

as described by Johnson & Thompson [45], where t is the 
number of iterations, AI is the average of the observed and 
expected information matrices, and oL

oh 
is a vector of the first 

derivatives of the RELF with respect to h: 

ĥ ¼
r̂2

g

r̂2

 !

; AI ¼
1
2

yTPKPKPy yTPKPPy
yTPKPPy yTPPPy

 !

;

oL
oh
¼ −

1
2

trðPKÞ þ yTPKPy
trðPÞ þ yTPPy

 ! (10) 

Since the iterative AI algorithm is highly sensitive to the 
choice of initial values of variance parameters, the initial val
ues of these parameters in the AI algorithm are determined 

via several iterations using expectation maximization (EM) 
algorithm, as described by Yang and colleagues [46]. The EM 
algorithm is expressed as: 

r̂2ðtþ1Þ
g

r̂2ðtþ1Þ

 !

¼
1
n

r̂4ðtÞ
g yTPKPyþ tr

�
r̂2ðtÞ

g I−r̂4ðtÞ
g PK

�

r̂4ðtÞyTPPyþ tr
�
r̂2ðtÞI−r̂4ðtÞP

�

0

B
@

1

C
A (11) 

If the estimates of variance parameter h do not change be
tween the t-th and (tþ1)-th iterations, the EM algorithm is 
used to implement the optimization for accelerating calcula
tion via the Rcpp-based high-performance gaston package 
(https://cran.r-project.org/web/packages/gaston/).

Test statistics
As described by Henderson [47], the random-SNP-effect can 
be estimated by 

ĉ ¼ ðIr2
gÞZ

TPy (12) 

and its corresponding variance is 

VarðĉÞ ¼ ðIr2
gÞZ

TPVPZðIr2
gÞ (13) 

It should be noted that 

PVP ¼
�

V−1−V−1XðXTV−1XÞ−1XTV−1
�
�

V
�

V−1−V−1XðXTV−1XÞ−1XTV−1
�
¼ P

(14) 

If the number of markers is large, it takes a long time to 
compute the matrix VarðĉÞ. However, in the Wald tests for all 
the markers, only the diagonal elements of VarðcÞ are affected. 
If these diagonal elements can be expressed as a vector, the 
Wald test can be implemented in a vectorial way, as shown in 
Equation 16. In this sense, genome scanning in mrMLM can 
be replaced by vectorized Wald tests in BLUPmrMLM. Using 
some matrix transformations and Equation 13, the diagonal 
element vector can be expressed in a simplified way as: 

diag
�

VarðcÞ
�
¼ r4

g

Xn

j

ðZTP#ZTÞij

 !

(15) 

where # represents the hadamard product and 
Pn

j
ðZTP#ZTÞij 

is the row sum for ZTP#ZT. Thus, vectorized Wald tests 
Wm�1 for all the m markers are denoted by 

W ¼ ðĉT # ĉTÞ=diag
�

VarðcÞ
�
� v2

df¼1 (16) 

for the null hypothesis H0: c ¼ 0. To save computational 
time, P and Py can be precomputed only once. Once the prob
abilities (P value) of the Wald tests are obtained, the markers 
with P � 0.01 are selected and entered the next step.

ABESS optimal variable selection algorithm
If the number of markers selected in Wald tests is large, it 
will take a long time to estimate the effects via empirical 
Bayes. To overcome this problem, ABESS, developed by 
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Zhu et al. [40], was used to further select markers on each 
chromosome. The procedure is as follows.

First, fixed effects in Equation 6 are estimated using 
b̂ ¼ ðXTV−1XÞ−1XTV−1y, so that the corrected phenotype 
used in ABESS is obtained by y

0

¼ y − Xb̂ ¼Zcþ e.
Second, y

0

is used to further select markers on each chro
mosome via ABESS, implemented by the abess package 
(https://cran.r-project.org/web//packages/abess/).

Identification of significant QTNs in BLUPmrMLM
Estimation of the effects of potential QTNs in a 
multilocus model
As described by Wang et al. [17] and Wen et al. [31], all the 
potentially associated markers obtained above are placed 
into one multilocus model: 

y ¼ Xbþ
Xs

k¼1

Zkck þ e (17) 

where y, X, b, and e are the same as those in Equation 6; s is 
the number of potentially associated markers; ck is the effect 
of the k-th marker; and Zk is its corresponding incidence vec
tor for ck. Here X includes the population average and popu
lation structure. All the priors and hyperparameters in 
Equation 17 are the same as those in the study by Wang and 
colleagues [48].

All the effects in Equation 17 are estimated by the EM em
pirical Bayesian (EMEB) method [49]. The procedure of 
EMEB is as follows.

1) Setting the initial values of all the parameters: 

b̂ ¼ ðXTXÞ−1XTy

r̂2 ¼
1
2n
ðy − XbÞ

T
ðy − XbÞ

r̂2
k ¼ ½ðZ

T
k ZkÞ

−1ZT
k ðy−XbÞ�

2
þ ðZT

k ZkÞ
−1

r2

(18) 

2) E step: the QTN effect is predicted by 

EðckÞ ¼ r2
kZT

k V−1ðy−XbÞ (19) 

where V ¼
Ps

i¼1 ZkZT
k r2

k þ Inr
2. 

3) M step: update r2
k, b̂, and r̂2 

r̂2
k ¼

EðcT
k ckÞ þ x

sþ 3
b̂ ¼ ðXTV−1XÞ−1XTV−1y

r̂2 ¼
1
n
ðy−XbÞ

T
½y−Xb−

Xs

k¼1

ZkEðckÞ�

(20) 

where VarðckÞ ¼ r2
k−r2

kZT
k V−1Zkr

2
k and EðcT

k ckÞ ¼

EðcT
k ÞEðckÞ þ trðVarðckÞÞ. 

Steps E and M are repeated until convergence is satisfied.

Identification of significant QTNs
If the absolute estimates of marker effects in Equation 17 are 
less than 1.00E−5, these markers are removed from Equation 
17. We assumed that the number of markers remaining in the 
multilocus model was t. Thus, the likelihood ratio statistic 
can be used to identify significant QTNs 

LOD ¼ 0:4343½L1ðh1Þ−L0ðh0Þ� (21) 

for the null hypothesis H0: ck ¼ 0, where L1ðh1Þ and L0ðh0Þ

are the natural logarithms of likelihood functions under the 
full (H0: ck 6¼ 0) and null (H0: ck ¼ 0) models, respectively, 
h0 ¼ ðc1; . . . ; ck−1; ckþ1; . . . ; ctÞ and h1 ¼ ðc1; . . . ; ctÞ.

Although the aforementioned multilocus model does not 
include multiple testing correction and P ¼ 0.05 can be used 
as a threshold for significant QTNs, a more stringent signifi
cance threshold of LOD ¼ 3.0 (P ¼ 2.00E−4) was used in 
this study to more effectively control FPRs, as described in 
our previous multilocus methods [18].

To better fit the dataset, residual errors were used to fit the 
remaining potentially associated markers to identify addi
tional significant QTNs, as described above.

Mining of novel known and candidate genes 
in BLUPmrMLM
Once significant QTNs are obtained, bioinformatics, haplo
type, and multiomics analyses are performed to mine known/ 
candidate genes around these significant QTNs. 
Approximately 300 kb of each significant QTN was identi
fied, and functional genes with evidence from transgenic 
experiments (https://www.ricedata.cn/ontology/default.aspx) 
and haplotype analysis were mined and further confirmed by 
the rice ATAC-seq dataset [50] (http://glab.hzau.edu.cn/ 
RiceENCODE/).

Implementation of BLUPmrMLM
We briefly describe how BLUPmrMLM is implemented in 
three steps.

First, all the potentially associated markers were selected 
from among all the markers in the genome using vectorized 
Wald tests, decollinearity, and ABESS. In vectorized Wald 
tests, a loose critical threshold of P ¼ 0.01 is used by default 
to remove most markers that are not associated with the trait. 
Decollinearity removes closely linked markers near the peak, 
as described by Wang and colleagues [17]. In real data analy
sis, the region length is set to 20 kb, which can be artificially 
selected. In ABESS, potentially associated markers are se
lected on each chromosome, and their purpose is to estimate 
effects in a multilocus model. If the number of markers is 
more than one million, 50 potentially associated markers are 
recommended for each chromosome. The setup can balance 
computational speed and statistical power.

In the second step, significant QTNs are identified by pa
rameter estimation in a multilocus model and by the likeli
hood ratio test. In parameter estimation, the effects are 
removed from the multilocus model if their absolute esti
mates are less than 1.00E−5. In the likelihood ratio test, each 
marker with a nonzero effect is tested. An LOD score greater 
than 3.0 is considered to indicate a significant QTN.

Finally, known/candidate genes are mined around these 
significant QTNs from previous studies and multiomics 
data analysis.

Other GWAS methods
The mrMLM (https://cran.microsoft.com/web/packages/ 
mrMLM/) is a multilocus GWAS method [17] in which the 
QTN effect is treated as random, and the threshold for identi
fying significant QTNs is set at LOD ¼ 3.0 [18].

FarmCPU (https://zzlab.net/FarmCPU/) is a multilocus 
GWAS method [32] in which the QTN effect is treated as 

4                                                                                                                                          Genomics, Proteomics & Bioinformatics, 2024, Vol. 22, No. 3 
D

ow
nloaded from

 https://academ
ic.oup.com

/gpb/article/22/3/qzae020/7616982 by Beijing Institute of G
enom

ics user on 21 O
ctober 2024

https://cran.r-project.org/web//packages/abess/
https://www.ricedata.cn/ontology/default.aspx
http://glab.hzau.edu.cn/RiceENCODE/
http://glab.hzau.edu.cn/RiceENCODE/
https://cran.microsoft.com/web/packages/mrMLM/
https://cran.microsoft.com/web/packages/mrMLM/
https://zzlab.net/FarmCPU/


fixed, and the Bonferroni correction (0.05/m, where m is the 
number of markers) is used to determine significant QTNs.

GEMMA (https://github.com/genetics-statistics/GEMMA/ 
releases/) is an exact single-locus GWAS algorithm [8] that 
treats the QTN effect as fixed and uses Bonferroni correction 
to determine significant QTNs.

EMMAX (http://csg.sph.umich.edu//kang/emmax/download/ 
index.html) is an existing single-locus and fast GWAS method 
[6] that treats the QTN effect as fixed and uses Bonferroni cor
rection to determine significant QTNs.

To investigate the effect of ABESS on BLUPmrMLM, 
ABESS was removed from BLUPmrMLM. This is the control. 
In the control, the QTN effect is treated as random, and the 
threshold for significant QTNs is set as LOD ¼ 3.0 [18].

Results
Performance comparison of BLUPmrMLM with 
existing methods
Computational efficiency
To verify the speed of the BLUPmrMLM, four Monte Carlo 
simulation experiments were performed with 300 individuals 
and 50,000 SNP markers. All the datasets were analyzed by 
BLUPmrMLM, mrMLM, Control, FarmCPU, GEMMA, and 
EMMAX. As a result, the average running time (h) for the 
four Monte Carlo simulation experiments was 1.2897, 
48.2689, 14.6661, 20.4987, 5.5024, and 1.4030 for the 
aforementioned six methods, respectively (Figure 1A). This 
indicates that BLUPmrMLM and EMMAX are the fastest. 
To further validate this conclusion, five traits in 1439 rice 

hybrids with 1,098,527 SNPs [41] and two traits in the 3K 
rice dataset with 2261 accessions and 1,011,601 SNPs 
[42,43] were reanalyzed by BLUPmrMLM, mrMLM, 
FarmCPU, GEMMA, and EMMAX. As a result, the running 
time (h) for the five methods was 0.9167, 38.9576, 3.4341, 
4.8139, and 0.2953 for the first five traits, and 0.2644, 
17.8622, 0.8982, 1.1764, and 0.1311 for the last two traits, 
respectively. Clearly, almost the same trend was observed, al
though BLUPmrMLM was slightly slower than EMMAX.

Statistical power for QTN detection
To evaluate the power of BLUPmrMLM, the four simulation 
datasets were reanalyzed by all the six methods. The average 
power over all the QTNs in all four experiments was 
65.90%, 56.72%, 46.36%, 46.37%, 32.53%, and 31.42% 
for BLUPmrMLM, mrMLM, Control, FarmCPU, GEMMA, 
and EMMAX, respectively, indicating that the power of 
BLUPmrMLM is significantly greater than that of the other 
methods (P ¼ 0.0002–0.0214; Figure 1B, Figures S1 and S2; 
Table S4), and the average power across all the QTNs identi
fied by BLUPmrMLM was 65.31%, 68.85%, 63.42%, and 
66.00% for the four datasets mentioned above (Table S5). 
When comparing BLUPmrMLM with other methods, the dif
ference in average power between BLUPmrMLM and other 
methods in the first simulation experiment was more than 
20% for small-effect QTNs (r2 � 5%) and ranged from 
1.04% to 11.52% for large-effect QTNs (r2 > 5%). For two 
pairs of linked QTNs, the first and second QTNs (positive 
effects) and the ninth (positive effect) and tenth (negative ef
fect) QTNs, the average power from BLUPmrMLM in the 

Figure 1 Performance comparison of BLUPmrMLM with existing methods in simulation studies 
A. Running time (h). B. Statistical power (%). C. Average MSE of the quantitative trait locus effects. D. ROC characteristic curve. Control indicates BLUPmrMLM 
with ABESS removed. MSE, mean squared error; ROC, receiver operating characteristic; FPR, false positive rate.
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first simulation experiment was more than 40%, while the 
average power from other methods was less than 20%, espe
cially for GEMMA and EMMAX (� 3%). The same trends 
were also observed in other simulation experiments, although 
mrMLM had a slightly greater influence on the third QTN 
than did BLUPmrMLM (Table S5). These results indicate 
that BLUPmrMLM has high potential for small-effect and 
linked QTNs, albeit under different polygenic backgrounds. 
In addition, the strict Bonferroni correction of FarmCPU, 
GEMMA, and EMMAX results in the missed identification 
of many important loci.

Accuracy of the estimates of QTN effects and positions
To assess the accuracy of the BLUPmrMLM estimates of 
QTN effects and positions, the four simulation datasets men
tioned above were reanalyzed using the aforementioned six 
methods. In simulation studies I and II, BLUPmrMLM, 
mrMLM, and the control had the smallest MSEs and MADs 
for the estimates of QTN effects, followed by FarmCPU, and 
GEMMA and EMMAX had the largest values (Figure 1C, 
Figures S3 and S4; Tables S6–S8). The same trends were also 
observed in simulation studies III and IV, except for the sec
ond QTN (Tables S6 and S8). Using paired t-test, 
BLUPmrMLM had significantly lower MSE and MAD for 
the estimates of QTN effects than did GEMMA or EMMAX 
(P ¼ 0.0001–0.0149) but not for mrMLM, control, or 
FarmCPU (P ¼ 0.1626–0.9912) (Table S4), indicating the 
high accuracy of BLUPmrMLM, mrMLM, control, and 
FarmCPU, but not GEMMA or EMMAX.

In all the simulation studies, the MSEs and MADs for the 
estimates of QTN positions were close to zero for all meth
ods, indicating high accuracy in the estimation of QTN posi
tions (Tables S9 and S10).

FPR, FDR, FNR, F1 score, and ROC curve
To measure the performance of BLUPmrMLM, the FPR, 
FNR, and ROC curve were obtained from the aforemen
tioned four simulation studies (Figure 1D, Figures S5 and S6; 
Table S11). The average FPRs were 0.7792‱, 0.8161‱, 
0.9856‱, 0.3544‱, 0.5484‱, and 0.5018‱ for 
BLUPmrMLM, mrMLM, Control, FarmCPU, GEMMA, and 
EMMAX, respectively, indicating their relatively low FPRs. 
Although FarmCPU, GEMMA, and EMMAX had slightly 
lower FPRs than did BLUPmrMLM, mrMLM, and control 
due to the strict Bonferroni correction, the former had signifi
cantly lower power in QTN detection than did the latter. 
Moreover, the average FDRs were 37.07%, 41.76%, 
51.42%, 27.62%, 45.72%, and 44.36% for the aforemen
tioned six methods, respectively, with BLUPmrMLM having 
the lowest FDR, except for FarmCPU. Thus, BLUPmrMLM 
and mrMLM balance high power and low FPR.

The average FNRs for the aforementioned six methods 
were 34.11%, 43.29%, 53.64%, 53.63%, 67.47%, and 
68.58%, respectively, with BLUPmrMLM having the low
est FNR.

The average F1 scores for the aforementioned six methods 
were 0.6436, 0.5745, 0.4741, 0.5650, 0.4067, and 0.4015, 
respectively, indicating the robustness of BLUPmrMLM com
pared to the other methods.

In the first simulation study, different significance levels 
were set from 1.00E−10 to 0.10 to calculate the correspond
ing statistical power for the ten QTNs. BLUPmrMLM had 
the largest area under the ROC curve (AUC) for almost all 

the QTNs except for the fifth QTN (Figure S6). To better 
evaluate the performance of BLUPmrMLM, the average 
power across all ten QTNs in each simulation experiment 
was used to plot their ROC curves. BLUPmrMLM had the 
largest AUC, and mrMLM had the second largest AUC, fur
ther demonstrating that BLUPmrMLM is the best (Figure 1D, 
Figure S6).

Identification of QTNs for rice yield-related traits in 
large-scale datasets
Reanalysis of five yield-related traits in 1439 rice hybrids
To validate the performance of BLUPmrMLM in large data
sets, HD, GL, Yield, GN, and TGW in 1439 rice hybrids [41] 
were reanalyzed using BLUPmrMLM, mrMLM, FarmCPU, 
GEMMA, and EMMAX.

The numbers of significant QTNs, identified by the afore
mentioned five methods, for the five traits are listed in Table 
S12, where BLUPmrMLM identified 71, 61, 38, 45, and 76 
significant QTNs associated with HD, GL, Yield, GN, and 
TGW, respectively. To further compare BLUPmrMLM with 
the other methods, we performed regression of trait pheno
types on all the significant QTNs from each method. 
BLUPmrMLM had the best model fit for all traits except for 
GL (the second-best model fit) (Table S13).

Around all the significant QTNs mentioned above, 
BLUPmrMLM, mrMLM, FarmCPU, GEMMA, and 
EMMAX detected 102, 70, 43, 23, and 20 known genes, re
spectively, which were further confirmed by haplotype analy
sis (Figure 2, Figures S7–S10; Tables S13 and S14). Of the 
102 known genes from BLUPmrMLM, 54 were found by 
other methods. Almost all of the known genes associated 
with the aforementioned five traits identified by Huang et al. 
[41] were also detected by BLUPmrMLM (Figure 2, Figures 
S7–S10). Clearly, BLUPmrMLM identified more 
known genes.

Reanalysis of GLWR and TGW in the 3K rice dataset
To further validate the performance of BLUPmrMLM in 
large datasets, GLWR and TGW in the 3K rice dataset 
[42,43] were reanalyzed using BLUPmrMLM, mrMLM, 
FarmCPU, GEMMA, and EMMAX.

The numbers of significant QTNs identified by the five 
methods for GLWR and TGW are listed in Table S15, where 
BLUPmrMLM identified 48 and 66 significant QTNs for 
GLWR and TGW, respectively. To further compare 
BLUPmrMLM with the other methods, we performed regres
sion of trait phenotypes on all the significant QTNs from 
each method. BLUPmrMLM had the best model fit for TGW 
and the second-best model fit for GLWR (Table S16).

Around all the QTNs mentioned above, BLUPmrMLM, 
mrMLM, FarmCPU, GEMMA, and EMMAX detected 53, 
42, 18, 15, and 18 known genes for the two traits, respec
tively, which were further confirmed by haplotype analysis 
(Figure 3, Figure S11; Table 1, Table S15). Of the 53 known 
genes identified by BLUPmrMLM, 25 were also found by 
other methods (Figure 3, Figure S11). All the results are con
sistent with those obtained in previous studies (Table 1, 
Table S17). These results demonstrate the superiority of 
BLUPmrMLM over other approaches for the detection of 
known genes.

Based on the rice ATAC-seq dataset [50], 210 out of the 
233 genes previously reported (Table 1, Table S14) had open 
chromosomal regions, confirming the reliability of our results.
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Discussion
BLUPmrMLM is a fast method within the methodological 
framework of our mrMLM method [17]. Compared to the 
mrMLM, significant progress has been made in terms of com
putational speed. First, genome-wide single-marker scanning 
in the mrMLM was replaced by vectorized Wald tests in the 
BLUPmrMLM. Specifically, a mixed model was used to esti
mate the genetic variance only once. Within the framework 
of BLUP, the effect vector (c) of all the markers in the genome 
is predicted, and their variances are simplified as a vector. 
This allows Wald tests to be performed on all effects in a vec
torial fashion, saving considerable computational time. The 
ABESS from Zhu et al. [40] was subsequently used to deter
mine potentially associated markers from the reduced SNP 
markers. This reduces the running time of empirical Bayes es
timation [49]. Finally, parallel computing and shared mem
ory schemes were integrated into our software to increase 
computational speed and reduce memory usage. According 
to our simulation results, BLUPmrMLM is faster than 
EMMAX, strongly validating the ability of BLUPmrMLM to 
reduce running time. Note that BLUPmrMLM is slightly 
slower than EMMAX in real data analysis, because large 

population sizes increase running time in empirical Bayes. 
Therefore, BLUPmrMLM is valuable for analyzing large 
datasets, such as those from phenomics, transcriptomics, 
metabolomics, and proteomics.

Although BLUPmrMLM is a fast mrMLM algorithm, it 
outperforms mrMLM in our simulation studies and real data 
analyses. The possible reasons for this are as follows. First, 
the ABESS in BLUPmrMLM may be better than the decolli
nearity treatment in mrMLM for obtaining potential associa
tion markers, because the markers with the minimum 
probabilities in genome-wide single-marker scanning may not 
be identified as significant QTNs in the multilocus model in 
real data analysis. This finding suggests that the ABESS algo
rithm may minimize the loss of significant QTNs. Second, re
sidual errors after multilocus model fitting are used for 
further association with all the unassociated markers to iden
tify additional QTNs in BLUPmrMLM [30].

In addition, BLUPmrMLM had lower FPRs than did 
mrMLM, while BLUPmrMLM and mrMLM had relatively 
low MSE and MAD for the estimates of QTN parameters 
(Figure 1C, Figures S3−S5; Tables S4−S11). Because most of 
the SNPs not associated with traits were removed by the vec
torized Wald tests and ABESS algorithm, all the remaining 

Figure 2 Manhattan plots for HD in Hangzhou in 1439 rice hybrids 
The known genes commonly detected by BLUPmrMLM and other existing methods are marked in blue, while those detected only by the existing methods 
are marked in black. The y-axis on the left for all the methods shows the –log10 P value obtained from genome-wide single-marker scanning in the first step, 
while the y-axis on the right for mrMLM and BLUPmrMLM shows the LOD scores obtained from the likelihood ratio test for significant (P � 0.05/m) and 
suggested (LOD score � 3.0, red dashed line) QTNs in the second step. For LODs � LODmax (the maximum LOD score), the LODs were transformed to 
LOD

0

¼ LODmax−1þ ðLOD−LODmax þ 1Þ=100. HD, heading date; LOD, logarithm of odds; QTN, quantitative trait nucleotide.
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SNPs were closer to the true QTNs, and empirical Bayes can 
be used to effectively identify true QTNs and shrink the 
effects of false QTNs to zero. When ABESS is removed from 
BLUPmrMLM, the control has significantly less power than 
does BLUPmrMLM. According to our simulation studies, 
almost all the MSEs and MADs for the estimates of QTN 
positions are close to zero (Tables S9 and S10), while all the 
average estimates of QTN effects are close to their true val
ues (Tables S6−S8). Thus, BLUPmrMLM has high accuracy 
and low FPRs. This finding is consistent with those of our 
previous studies. This finding suggests that, compared with 
several penalized methods, such as SCAD, the 
BLUPmrMLM is a more efficient way to handle large data
sets in GWAS [51].

Although multilocus GWAS methods have many advan
tages [14,17,18,22–24,29–31,52], almost all the GWAS 
methods currently available for large datasets are single-locus 
methods, because there are numerous challenges associated 
with high-dimensional genotype data in multilocus GWAS 
methods [53]. Although several penalized- and Bayes-based 
multilocus methods have been used to address this problem 
[23,25,54,55], these methods fail when the number of 
markers is many times larger than the population size.

BLUPmrMLM differs from existing multilocus methods. 
First, BLUPmrMLM differs from our previous multilocus 
methods, such as mrMLM, as described above, although 
these methods have the same steps. Then, BLUPmrMLM dif
fers from the MLMM of Segura et al. [24], in which all the 
potentially associated markers are first selected on the basis 
of their size to enter the multilocus model one by one. Then, 
each of the least significant markers is gradually eliminated 
from the model, and finally, its optimal genetic model is used 
to determine significant QTNs. The stepwise variable selec
tion method may limit the exploration of a large model space, 
resulting in some important loci being missed, especially with 
Bonferroni correction. Finally, BLUPmrMLM differs from 
FarmCPU [32], which iteratively uses a fixed-effect model 
and a random-effect model. In statistics, FarmCPU looks like 
stepwise regression under the framework of MLM.

Although the vectorized Wald tests for all the effects in 
BLUPmrMLM are similar to those in the studies by Gualdr�on 
Duarte et al. [36], Ning et al. [37], and Wang et al. [38], 
BLUPmrMLM differs from them in several ways. First, 
BLUPmrMLM is a multistep method, whereas the other 
methods are single-step methods. For the first time, Gualdr�on 
Duarte et al. [36] proposed a standardized test of marker 

Figure 3 Manhattan plots for GLWR in the 3K rice dataset 
The known genes commonly detected by BLUPmrMLM and other existing methods are marked in blue, while those detected only by the existing methods 
are marked in black. The y-axis on the left for all the methods shows the –log10 P value obtained from genome-wide single-marker scanning in the first step, 
while the y-axis on the right for mrMLM and BLUPmrMLM shows the LOD scores obtained from the likelihood ratio test for significant (P � 0.05/m) and suggested 
(LOD score � 3.0, red dashed line) QTNs in the second step. For LODs � LODmax (the maximum LOD score), the LODs were transformed to 
LOD

0

¼ LODmax � 1þ ðLOD � LODmax þ 1Þ=100. GLWR, grain length width ratio.
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effects using variance to detect specific genomic regions. This 
method was further extended by Ning et al. [37] in a nonpo
lygenic background and by Wang et al. [38] in a normal dis
tribution polygenic background to identify epistatic effects. 
Recently, Wang et al. [39] proposed deshrinking ridge regres
sion to deshrink the estimated effect and its standard error so 
that the Wald test is returned to the same level as that of 
EMMA. All of these methods detect all of the markers simul
taneously. The aforementioned idea is adopted in this study. 
However, its purpose is to select potentially associated 
markers rather than to identify significant QTNs or epistasis. 
Second, BLUPmrMLM uses the AI algorithm to estimate ge
netic variance components, which is different from the EM 
and average information algorithm in the study by Wang 
et al. [38] and the L-BFGS-B algorithm in the study by Wang 
et al. [39]. The EM algorithm is used in BLUPmrMLM to de
termine the initial values of the AI algorithm to optimize the 
restricted likelihood function. The EM algorithm is also used 
when the change in parameters between iterations of the AI 
algorithm is small.

Conclusion
For the selection of potentially associated markers, genome 
scanning in mrMLM was replaced by vectorized Wald tests 
and ABESS in the BLUPmrMLM. A shared memory parallel 
computing scheme was implemented to improve the computa
tional performance. According to a series of simulated and real 
data analyses, BLUPmrMLM significantly saved computa
tional time, improved statistical power and accuracy, and had 
a low FPR. More importantly, in rice real data analyses, 
BLUPmrMLM detected more known genes than did mrMLM, 
FarmCPU, GEMMA, and EMMAX. BLUPmrMLM will be 
available for analysis of large datasets.

Code availability
The software mrMLM v5.1 used is available at BioCode 
(https://ngdc.cncb.ac.cn/biocode/tool/BT007388) or GitHub 
(https://github.com/YuanmingZhang65/mrMLM).
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