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Abstract

Quantitative trait locus (QTL) mapping is a powerful approach to uncover the genetic architecture of complex traits. Traditional biparental
populations, though widely used, offer limited genetic diversity and resolution, making them less effective for robust genetic architecture
dissection. In contrast, multiparent advanced generation intercross (MAGIC) populations possess more allelic diversity, enabling the
detection of intricate gene interactions including dominance and epistasis in QTL mapping. However, QTL mapping in MAGIC populations
encounters some great challenges, particularly in inferring parental origin of QTL and estimating their effects unbiasedly. We tackled
these challenges by developing a novel QTL mapping method for pure-line MAGIC populations, accompanied by the software QTLNetwork-
MP. This method extends the mixed linear model framework by integrating a Markov chain-based algorithm and orthogonal QTL effect
decomposition. This allows for the estimation of QTL effects, including additive and additive-additive epistasis as well as environmental
interactions for MAGIC populations derived from four-way or eight-way crosses. Simulation studies show that QTLNetwork-MP achieves
high statistical power and well-controlled false discovery rates across varying heritability, population size, and parent number. We applied
QTLNetwork-MP to map QTLs for seed size in an eight-parent recombinant inbred line MAGIC cowpea population, identifying three
significant additive QTLs and accurately estimating their genetic effects, validating the value of the method in practical application.

Keywords pure-line MAGIC population, epistasis, QTL-environment interaction, Markov chain, mixed linear model

Key Points

* We developed a novel quantitative trait locus (QTL) mapping method named by QTLNetwork-MP for the pure-line MAGIC
populations, based on a mixed linear model consisting of orthogonal parameters of QTL effects.

* Intensive simulations show the method possess high statistical power, low false discovery rates, and high accuracy in estimation
of the position and genetic effect components of QTL.

* The practical utility of QTLNetwork-MP was demonstrated in a real eight-parent cowpea population, where it successfully identified
both previously reported and novel QTLs for seed size and accurately estimated the QTL effects of parents.

Received: February 6, 2026. Revised: April 6, 2026. Accepted: May 4, 2026

© The Author(s) 2026. Published by Oxford University Press.

This is an Open Access article distributed under the terms of the Creative Commons Attribution-NonCommercial License (https://creativecommons.org/licenses/by-nc/4.0/),
which permits non-commercial re-use, distribution, and reproduction in any medium, provided the original work is properly cited. For commercial re-use, please contact
reprints@oup.com for reprints and translation rights for reprints. All other permissions can be obtained through our RightsLink service via the Permissions link on the article
page on our site—for further information please contact journals.permissions@oup.com.


https://orcid.org/0000-0002-0675-4087

 -1751 26506 a -1751
26506 a
 
mailto:honghezhang@zju.edu.cn
mailto:honghezhang@zju.edu.cn
mailto:honghezhang@zju.edu.cn

 21555 27502 a 21555 27502 a
 
mailto:xiaobgsubmission@126.com
mailto:xiaobgsubmission@126.com

 36787 28498 a 36787
28498 a
 
mailto:hmxu@zju.edu.cn
mailto:hmxu@zju.edu.cn
mailto:hmxu@zju.edu.cn

2 | Briefings in Bioinformatics, 2026, Vol. 27, Issue 3

Introduction

Crop production has long been a cornerstone of human civilization,
providing not only essential food resources and industrial raw mate-
rials but also serving as a key driver of agricultural modernization.
Despite the continuous increase in crop yields globally, rapid popula-
tion growth and climate change pose major challenges to the genetic
improvement of crops. Modern plant breeding now relies heavily
on identification and utilization of quantitative trait locus (QTL) to
improve most agronomic traits and breed new high-yield and stress-
resistant cultivars. Over the past three decades, QTL mapping has been
regarded as a powerful approach to uncover intricate genetic architec-
ture of phenotypic traits. Early methods, such as the interval mapping
(IM) [1], the composite interval mapping (CIM) [2, 3] and the mixed
linear model-based composite interval mapping (MCIM) [4, 5] were
developed for biparental mapping populations. These approaches
marked a great milestone in discovering genes genome-wide. How-
ever, their effectiveness was inherently constrained because of lim-
ited genetic diversity in populations from two parents. This inherent
limitation restricts the breeding utilization of the genetic diversity and
valuable germplasm resources in a species [6].

To address these limitations, researchers developed multiparent
advanced generation intercross (MAGIC) populations, an innovative
mapping resource that integrates genetic constituents from multiple
parents through successive inter-crossing and inter-selfing [7, 8]. The
MAGIC populations exhibit broader genetic diversity and increased
recombination events, making them suitable for exploring complex
trait architectures. Since their development, MAGIC populations
have been widely constructed in various crops, including rice,
wheat, maize, and cowpea, demonstrating great potential for
enhancing breeding efficiency [9-17]. While MAGIC populations
possess significant advantages, they also present new challenges in
analysis methods. The increased variety of alleles, genotypes and
recombination events in MAGIC populations results in more complex
genetic architectures, which can only be analyzed by specialized
statistical models and computational tools. Early QTL analyses for
MAGIC populations employed relatively simple fixed-effect models
based on Haley—Knott (HK) regression [18] and the CIM framework.
Tools such as R/happy [7], R/mpMap [19], and R/qtl [20] provided
early solutions for MAGIC-based QTL mapping. With the advent
of high-throughput genotyping based on sequencing, the size of
datasets rapidly expanded, often consisting of tens of thousands
of markers and hundreds or thousands of lines, rendering early
methods computationally inefficient and statistically underpowered.
To overcome these limitations, computationally highly efficient
methods and software were developed, such as R/qtl2 [21] and GAPL
[22]. However, despite their high computational speed, most existing
frameworks are primarily optimized for additive effects. While
interaction terms can theoretically be incorporated via interactive
covariates, relying on these mathematical workarounds rather than
a native unified full-model framework fundamentally limits their
statistical efficiency and accuracy in dissecting complex epistasis or
G x E interaction. Additionally, these methods often rely on fixed-
effect models, which consumes excessive degrees of freedom in
parameter estimation and significance testing when applied to
MAGIC populations derived from eight or more parents, consequently
limiting their ability to detect genetic signals. Furthermore, the lack
of orthogonalization between QTL effect components has further
complicated the interpretation of QTL effects in MAGIC populations.

For high-order designs with eight or more parents, the definition and
estimation of QTL effects in an interpretable and statistically robust
manner becomes increasingly challenging. Although some studies [22,
23] have defined additive effects orthogonally based on Cockerham’s
genetic model [24], these decomposition approaches are difficult to
extend to include epistasis or G x E interaction. Consequently, existing
methods and tools are unable to fully exploit the genetic diversity
of MAGIC populations, leaving a methodological gap compared to the
well-established approaches for biparental mapping populations [3-5,
25-27] in the genetic dissection of complex traits.

To fill this gap, we proposed a novel statistical framework for
mapping QTL in pure-line MAGIC populations, built on a mixed linear
model employing our newly derived orthogonal decomposition of
genetic effects. By mathematically defining the complex multi-parent
matrices, this model integrates effects due to additive, additive-by-
additive epistasis, and their interaction with environment within a
unified and easily interpretable orthogonal framework. By treating
some genetic components as random effects and employing paral-
lelized computation algorithm, we achieve high analytical efficiency,
enabling analysis of large-scale datasets with over 10 000 bin markers
and thousands of individuals. Notably, our method overcomes the
deficiency of degrees of freedom and enables unbiased estimation
of genetic variances, heritabilities, and interaction effect components.
To support practical application, we developed a software, named
QTLNetwork-MP, by extending our QTL mapping software QTLNet-
work for biparental mapping population. Extensive validation using
both simulated datasets and real-world cowpea MAGIC data showed
that our method achieves high power in QTL detection, accuracy in
effect estimation and possess excellent scalability. We believe that this
framework provides a valuable and new resource for geneticists and
breeders to efficiently analyze the MAGIC populations and fully exploit
their genetic diversity to promote genetic improvement of traits in
Crops.

Methods and materials
Orthogonal decomposition of genetic effects

Single-locus model

To explain our orthogonal decomposition of QTL effect, the four-
parent (denoted by AA,BB,CC,DD) pure-line MAGIC population is used
as an example. The genotypic value of the i-th parent (i = 1,2, 3,4) at
a QTL is expressed as:

8i=n+0a;=p+@ior +epas + @iaz )

Where g; (i=1,2,3,4) is the genotypic value of the QTL in the i-
th parent, x is the population mean, and g; (i =1,2,3,4) is the QTL
additive effect of the i-th parent. Since only three parameters can be
estimated based on four types of parental genotypes of the QTL, thus,
we define other three additive parameters oy (k =1,2, 3) to depict the
genetic effect (g;) of the QTL in the i-th parent, with coefficients g
(Table 1).

To satisfy the constraint >°; p;a; = >; a; = 0 (due to equal expected
genotype frequencies p; = 0.25), the three additive effect parameters
are defined as oy = 4592 oy = 434 and o3 = 454 The coefficients
@ix is taken as shown in Table 1 to ensure orthogonality, i.e., Z;il ik =
0 and Zf‘zl vikpi = 0 for k # [, enabling independent estimation of
additive effects. Then, an additive orthogonal decomposition matrix
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Table 1 Decomposition of QTL additive effects in four-way pure-line MAGIC population.

Genotype AA BB cC DD
i=1) (i=2) (i=3) i=4)
Genotypic value u+a, u+a; u+as U+ a4
Frequency p1=0.25 p2 =0.25 p3 =0.25 pa=0.25
@i o1 =1 21 =1 @31 =—1 a1 = —1
®i2 p12 =1 ¢22 = —1 932 =1 ¢4z = —1
¥i3 p13 =1 ¢23 =—1 ¢33 =—1 $43 =1

D} = [qzlf:pzf(pg] is constructed using these coefficient vectors ¢; =
(@15, 920 930 02T (1=1,2,3).

Two-locus model
For two QTLs (Q1 and Qy), the joint genotypic value g; (i,j = 1,2,3,4)
of the i-th genotype (AA,BB,CC,DD) at Q1 and the j-th genotype
(A’A",B'B',C'C’,D'D’) at Q can be expressed by:

gj = m+a;+a +aq; ()

where a; = gpa1 + gpaz + g3 and @ = gpag + gpa) + gjzas are
the additive effects of Q1 and Qy, respectively. The additive—-additive
epistatic effect aa; is decomposed into nine orthogonal components
(parameters) as follows:

3 3
aa; = zs:lztzl Pispjroast

where oy is the orthogonalized interaction parameter between the
s-th additive orthogonal parameter of Q1 (as) and the t-th additive
orthogonal parameter of Qz («;). The coefficients ¢;s¢; enforce orthog-
onality, ensuring >*;; p;pjaa; = 0. The orthogonal coefficients matrix
D4 for epistatic effects is constructed using Kronecker and Hadamard
products of the coefficient vectors of additive effects (Table S1). The
two loci collectively have 15 effective degrees of freedom, allowing
estimation of six additive parameters (aq, a2, a3, &}, a5, a5; see Table 1)
and nine epistatic parameters (aag). The coefficient vectors for the
six additive effect parameters are: wq 01 Q®1y, @ 0, R1y,
03 = 03Q1s, w4 = LiRe1.05 = 11Q ¢, wg = 14Q @3, Where
L=(1 1 1 1 )T, and @ denotes the Kronecker product.
The coefficient vectors for the nine epistatic effect parameters are:

3

w7 = 01 Qo wg = 01 Quws, w9 = 01 Qws, w190 = wp O wy,
w11 = ;pQuws, w13 = 02 Qws, w13 = 3Oy, w14 = w3ODws,
w15 = w3 ws, where O denotes the Hadamard product. D}* =

[a)7Ea)gzwg;a)wgwn;w122w13;a)145w15] is the orthogonal coefficient matrix
for additive-additive epistatic effects of the four-parent MAGIC popu-
lation.

For MAGIC populations derived from eight parents, orthogonal
decomposition matrices (e.g. DDg%) are recursively generated using
Hadamard matrices [28]. This approach preserves orthogonality while
enabling scalability to higher-dimensional genetic effect spaces.

Construction of the parental origin probability matrix
for putative quantitative trait locus

If the putative QTL is not a marker, then the parental origin proba-
bility of the QTL will be determined by its flanking markers. Unlike

standard procedures used for simple biparental crosses, calculating
these probabilities in MAGIC populations requires tracking complex
recombination events across multiple generations of intercrossing. To
address this, we developed a novel Markov chain-based algorithm
specifically tailored to compute the conditional probabilities of multi-
parental origins. The detailed derivation based on the Markov chain
method is provided in the Supplemental Information.

Construction of quantitative trait locus model

Suppose a MAGIC population of size n derived from four homozygous
parents, is subjected to genetic experiments across p distinct environ-
ments, the phenotypic value of a target trait is controlled by s QTLs
(denoted as Q1,Q5,...,Qs) and t pairs of epistatic interactions among
them. By orthogonal decomposition of QTL effects and Markov chain
principles, the phenotypic value yj; of the i-th individual in the j-th
environment can be modeled as the following mixed linear model:

t
Vij = 1+ o1 Xki + Dnet 2,9 k2h@, (Xki @ Xni) + e+

T t T
2 ko188 K + D he(1,2,...5),k#h BBy (X @ Kni) + &

where, . represents the population mean; ay = (aqx, gk, @3x)” is the
additive effect vector at Q, derived from orthogonal decomposition
(fixed effect), and xy; = (D?l)Tp}< is the vector corresponding to
the three orthogonal additive parameters (c1x, ook, 3x) at Qy of the
T
(pl.lk, D3 D3 pfk) is the probability
vector consisting of p]lk(] =1~ 4) which is the probability of the
allele deriving from j-th parent at the k-th QTL of the i-th individ-
ual. aayy (@1, - - -, ogry)” denotes the orthogonal parameter
vector of the additive-additive epistatic effect between Q and Qp
(fixed effect). The random effects include e, the effect of the j-th
environment; aey; = (aelkj,ankj,ae3kj)T, the additive-environment
interaction parameter vector of Q, and the j-th environment; aaey, =

i-th individual, wherein, p},

T . .
(aaelkhj, aankhj,...,aaegkhj) , the interaction effect vector between
aay, and e;.

The matrix form of the model is expressed as:

Y =n+Xabs+Xuabaa +Urer + 351 Usrear

+ Zf}:l UAAvEeAAvE + €.
T (5)
= {1:XA:XAA} |:[LT:b£:b£A +37_, Usey +1e,
1
=Xb+3>71]

uet Uulu

Here,yisanx1vector of phenotypic values; by = [a; T, a,7,.. ., asT]T
T

and by, = [aalT,aaz ,...,aatT]T are orthogonal parameter vectors
for additive and additive-additive epistatic effects, respectively. The
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random effect components follow multivariate normal distributions:

er = (el,...,ep)T ~ MVN(O,IUEZ) for environmental effects,

T i
esr = (aeyT aey’, ... ae,’) ~ MVN (O,IojkE) for additive-
. . . T
environmentinteractions, and ess,r = (aae,;T,aae,;7, ... aae,,7) ~
MVN (O,InjAvE) for additive-additive epistasis by environment

interactions. The design matrices Xa,Xaa,Ug,Ua, g, and Ugp,p are
constructed based on orthogonal decomposition principles. For
T

residual vector e, ~ MVN (0,I2).

One-dimensional and two-dimensional quantitative
trait locus scanning

In brief, the scanning strategy in this study involves, first identifying
QTL contributing significant additive or additive-environment inter-
action effects through genome-wide one-dimensional scanning. Sub-
sequently, the paired epistatic QTLs contributing significant additive-
additive epistasis or their interaction with environment using two-
dimensional genome scanning. The stepwise regression for model
selection in scanning was employed to eliminate false-positive QTLs.
This one- and two-dimensional scanning approach has been success-
fully implemented in the QTLNetwork [4, 5], a QTL mapping software
for biparental mapping populations.

One-dimensional scanning

The process follows the framework of the CIM. When testing a putative
QTL in a specific genomic region, the selected marker intervals are
used as covariates to control background genetic effects of the QTLs
located outside the tested region. Let I1,Iy,...,I. denote the marker
intervals selected as covariates (background controls) when testing
a specific region. Each interval I; is determined by its left and right
flanking markers (M, ,MZJr ). The one-dimensional scanning model is
as follows:

¢ T T
Vi =+ agXei+ ) ((al]f) £+ (a;) sjlr) + & (6
=1

Here, p; is the population mean of the j-th environment; ay; =
(a1kg 2k Olgkj)T denotes the additive effect vector of the tested QTL
in the j-th environment, with coefficient vector xy;, like that in Equa-
tion 4. Similarly, a; and al]* are the additive effect vectors of the left
and right flanking markers of the l-th interval in the j-th environment,
with corresponding coefficients vectors &; and g;, just like xy;, deter-
mined by the parental origin probability vector p and the orthogonal
decomposition matrix D . The term ¢; represents the residual error.

This model can be expressed in a simplified matrix form:

y = Woho +Wyhy + e (7

where y and e, have the same definitions as that in Equation 5. bg is
the vector of effects for the tested QTL, with design matrix Wo. by, is
the effect vector of the markers to control background genetic effects,
and Wy, is the corresponding design matrix. According to Henderson
Method III [29], the expectation of the extra sum of squares of by is
derived as:

[SSR (bg | by)] = E(y"WW'y - y Wy, Wiy)

= tr [WgAMWQE (bobg)} + 02 (rw —Tw,,)
8)

where W = [Wo:Wyy], Ay = I — Wy (WT W) "W, and rw, rw,,
denote the ranks of W and W), respectively. Under the null hypothesis
Hp :bg = 0, the F-statistic

F— SSR(]JQ | bM)/(rw—er)

SSE/ (n — rw) ©)

follows an F-distribution. Genome-wide one-dimensional scanning is
performed using this F-statistic. A candidate QTL is identified if its
F-value exceeds the threshold determined by the permutation test
method [30]. Stepwise regression is subsequently applied to refine
candidate QTLs and obtain a set of QTLs with significant individual
effects. Notably, in a four-parent homozygous MAGIC population, the
one-dimensional scan for each environment tests the additive effects
in specific environment, with the null hypothesis Hy : a1 = ooy =
azy; = 0. Due to orthogonal decomposition constraints (e.g. aqy; =

A1k +A2kj A1k +a3kj A1k +0A4kj
7 %2k = 7 93k = )

and the Cockerham genetic
model restriction ayy; + dgx + azxj + agx; = 0, the null hypothesis is
equivalent to the Hy : ayyj = dgxj = dskj = daxj = 0. A similar method
was applied to test additive-by-additive epistatic effects, where the null
hypothesis for nine orthogonal effect parameters is equivalent to that
for all 16 original epistatic effects.

To select marker intervals for background control, the model:
T T
Vi = mj+ (ag) £+ (a;) £ +ey (10)

is first employed before one-dimensional QTL scanning. Parameters
and corresponding coefficients align with those in Equation 6. The
same statistical framework (Henderson Method III) and permutation
testing method are used to evaluate candidate intervals, followed by
stepwise regression to control false positives.

Two-dimensional scanning

Two-dimensional scanning is employed to detect paired epistatic QTLs
within selected pair of marker interval. Assuming ¢ significant marker
intervals and s QTLs are identified from the one-dimensional scan-
ning, each pair of marker intervals denoted by I{‘ and,IlB will be tested
and selected if they reach significance using following model:

Yij = w5+ (aaﬁ’B*)T (5?_®§§') 4 (aa?+3+)T (£?+®§5+)
! T (11
+ 2% ((a;;) &+ (a;j) 5;) e

Here, aa{}“B' and aa{}+B+ represent the additive-additive epistatic

effect vectors between flanking markers (MlAf,MlA*) and (Mle , MZB+)

in the jth environment. Coefficient vectors &} ® &5 and &) @ &5
are constructed as described in Equation 4. The null hypothesis Hy :
““?&Bi = ““?Pw == aaél]fB* = = 0 is tested using Hen-
derson Method III. Genome-wide scanning and model selection via
stepwise regression are employed to select significant paired marker
intervals with potential epistatic QTLs.

Suppose f interval pairs (I§,18), (%4,15),. .., (I}‘f‘,lf) have been
selected for mapping epistatic QTLs, then the two-dimensional
scanning model to test paired epistatic QTLs will be conducted based
on the following model:

Yij=u+ aalfhj (ki @ Xni) + 251 a;jxpi

e [(aag-s-)T (54 @& ) + (aap ™) (52" ®55*)] ey
(12)



where, aalfhj = (ao1in), Cookp), - - - ,aagkhj)Tdenotes the orthogonalized
epistatic effect vector between QTLs Qx and Qy, in the j-th environment,
with coefficient vector Xy;@xy;. The null hypothesis Hy : aaqxy =
aaypp = -+ = aaggy = 0 is tested using Henderson Method III and
the significance threshold is specified by permutation method.

Estimation and statistical testing of quantitative
trait locus effects

For a standard mixed linear model, the fixed effect of QTL can be esti-
mated using generalized least squares; while the QTL-by-environment
effects can be predicted using best linear unbiased prediction or
adjusted unbiased prediction through restricted maximum likelihood
estimation or minimum norm quadratic unbiased estimation [31].
The significance of random effect is assessed using Gibbs sampling
[27] method. Detailed information on the algorithm is provided in the
Supplemental Information.

Simulation

To evaluate the performance of the new mapping method, simulations
were conducted using the R package mpMap2, which facilitates both
the construction of linkage maps and the generation of genotype data
of the MAGIC population. A simulated MAGIC population of size n
was generated, consisting of three linkage groups and each spanning
genetic distance of 200 ¢cM with 201 markers. In the first linkage
group, three QTLs denoted as Q1, Q2, and Q3 were positioned at
genetic distances of 20 cM, 100 cM, and 180 cM, respectively. In the
second linkage group, three QTLs (Q4, Q5, and Q6) were placed at
10, 100, and 180 cM. The third linkage group contained three QTLs
Q7, Q8, and Q9 at 10, 90, and 170 cM, respectively. For individual-
effect QTLs, Q1 and Q4 were modeled with additive effects, Q2 with
additive-by-environment interaction effects and Q3 with both additive
and additive-by-environment interaction effects. Regarding epistatic
QTL pairs, EQ1 (Q4-Q5) contributed additive—additive epistatic effects;
EQ2 (Q6-Q7) contributed additive-additive epistasis-by-environment
interactions; EQ3 (Q8-Q9) contributed both additive-additive epistatic
effects and their interaction effects with the environment (Fig. S1).
Simulations were performed for four-parent and eight-parent recom-
binant inbred lines (RIL) MAGIC populations with sizes of 500, 750,
1000 and 1250 individuals, respectively. Genetic variances of 0.25,
0.50, and 0.75 were set. A total of 500 repetitions were conducted
to calculate the mean and standard deviation (SD) of QTL parame-
ters in each scenario. The support intervals (SI) for each QTL were
estimated using the method proposed by Lander and Botstein. If
the true genetic position of a simulated QTL fell within its corre-
sponding SI [1], the QTL was considered to be successfully mapped.
To systematically benchmark the performance of QTLNetwork-MP,
comparative simulations were conducted using the widely adopted
R package qtl2. Because qtl2 does not natively support repeated phe-
notypic measurements of the same individual across multiple envi-
ronments within a single data column, independent genome scans
were performed for each simulated environment. Locus scanning was
executed using the scan1 function based on the HK regression model.
To determine significance thresholds (e = 0.05), permutation tests were
conducted using the scanlperm function with 1000 permutations.
Significant QTLs were subsequently identified using the find_peaks
function (prob = 0.95) combined with the peak-drop algorithm. Finally,
the additive effects for the detected QTLs in each environment were
estimated using the scanlcoef function.
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Data description

To evaluate the effectiveness of QTLNetwork-MP on a real dataset, we
applied the method to a widely studied cowpea MAGIC population,
which has been extensively used in multi-environment and multi-
year field trials. Our model is especially well-suited for QTL mapping
in such environmental contexts due to its ability to accommodate
complex environmental interaction. Notably, given the relatively small
size of the cowpea dataset, the analysis was limited to single-locus
scanning.

Cowpea population

The cowpea MAGIC population was developed by Huynh et al. through
a series of intercrosses involving eight parents selected according to
their diverse agronomic characteristics [16]. The parents IT89KD-288,
1T84S-2049, CB27, IT82E-18, SuVita 2, ITOOK-1263, 1T84S-2246, and
IT93K-503-1) were intercrossed through three successive generations
(diallel, four-way, and eight-way crosses) to maximize recombination
events. A total of 305 Fg recombinant inbred lines (RILs) were gener-
ated through single-seed descent to reach near-complete homozygos-
ity. Genomic DNA was extracted from young leaf tissue of both the
RILs and parental lines, and genotyped using the Illumina Cowpea
Consortium Array [32]. The array initially assayed 51 128 SNPs, which
were then subjected to stringent quality control: markers with >10%
missing data or a minor allele frequency <5% were removed. After fil-
tering, 4361 high-confidence SNPs were retained for linkage map con-
struction. SNPs were aligned to the cowpea reference genome (IT97K-
499-35v1.1), and genetic distances were estimated using the R/mpMap
package. Marker order was refined through iterative inspection of
recombination rate heatmaps. Redundant markers with no detectable
recombination were collapsed into bins using the mpcollapse function.
The resulting linkage map spanned 1246 cM across 11 linkage groups,
with an average marker density of 3.5 SNPs per cM.

Results

Mapping results of the simulated recombinant inbred
lines multiparent advanced generation intercross
population

The simulation results of QTL mapping for RIL MAGIC populations
are summarized in Fig. 1 and Table 2 for QTLs with individual effect
(hereafter referred to as individual-effect QTL), and in Fig. 2 and
Table 3 for epistatic QTLs (more detailed results are provided in
Extended Tables 1-8 for QTLNetwork-MP, and Extended Tables 9-12
for qtl2 benchmarking). Each scenario was simulated 500 repetitions.
Figure 1 illustrates the performance of mapping QTLs with individual
effect across various scenarios on heritability and population size, for
the MAGIC populations derived from four and eight parents. Com-
parative analysis clearly revealed that QTLNetwork-MP consistently
outperformed qtl2 in both statistical power and FDR control across
almost all simulated scenarios (Fig. 1). A critical limitation of qtl2
was observed when mapping QTLs with environmental interactions
(e.g. Q3). Due to its inability to jointly analyze repeated measures
across environments in a unified model, qtl2 failed to leverage the
full dataset simultaneously. Consequently, qtl2 could only detect Q3
within the first environment (E1), artificially capping its statistical
mapping power at ~50%. In contrast, QTLNetwork-MP successfully
integrated data across environments, maintaining high detection
power (>0.75) with low false discovery rates (FDR<0.1) in most
scenarios. However, under more challenging conditions such as
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Figure 1 Power and false discovery rate of mapping individual-effect QTL using QTLNetwork-MP and qtl2 in simulated pure-line MAGIC population
under different heritability and population size. Notes: (a) Q1 exhibits only additive effect; Q2 exhibits only additive-by-environment effect; Q3 exhibits
both additive and additive-by-environment effects; and Q4 exhibits both additive and additive-by-additive epistatic effects, though epistatic mapping
results are not shown here (they will be presented below). (b) FDR performance across each simulated scenario. The performance of QTLNetwork-MP

and qtl2 are distinguished by different line types as indicated in the legend.

in an eight-parent population with 500 individuals and a low trait
heritability of 0.25 (where the genetic contribution of an individual-
effect QTL is only 0.024), the detection power of QTLNetwork-MP
was generally maintained, except for Q4, which showed a power
<0.25. Notably, its FDR remained acceptably low (~0.2). Table 2
reports the accuracy of QTLNetwork-MP under different scenarios
in the four-parent population, indicating that QTLs were generally
localized accurately with small standard deviations. For mapping
individual-effect QTL, a sample size of 500 is generally sufficient
for four-parent MAGIC (Table 4). However, for complex eight-parent
MAGIC population, increasing the population size is necessary to
achieve reliable mapping power (Extended Table 5). Furthermore,
because existing software frameworks, including qtl2, currently lack
the capability to perform multi-dimensional epistatic scanning in
MAGIC populations, benchmarking for epistatic QTLs was uniquely
conducted within the QTLNetwork-MP framework.

Figure 2 presents the mapping results of QTLNetwork-MP for
epistatic QTL pairs. The results clearly indicate that epistatic QTLs
are substantially more challenging to detect than individual-effect
QTLs. To achieve adequate statistical power (>0.5) while controlling
the FDR <0.2, a minimum population size of ~750 is required for
a four-parent population and 1000 for an eight-parent population,
provided that the trait heritability is not too low (e.g. ~0.25 or higher).

Table 3 reflects the accuracy of mapping epistatic QTLs in the four-
parent population (with more comprehensive details available in
Extended Tables 2 and 6 for both four-parent and eight-parent
population). Although the statistical power for mapping epistatic QTLs
is generally lower than that for individual-effect QTLs, once detected,
their genomic positions can still be estimated precisely with relatively
small standard deviations. Overall, the proposed method exhibits
strong statistical power, low false discovery rates, and high accuracy in
detecting both individual-effect QTLs and epistatic QTL pairs in MAGIC
populations.

Additionally, within the QTLNetwork-MP results, we observed that
Q1, contributing only additive effect, exhibited higher mapping power
than Q2 which contributed solely additive-by-environment interac-
tion effect, even when both explained equal proportions of the pheno-
typic variance. Furthermore, although Q1 and Q4 both have additive
effects with equivalent genetic contribution, Q4 consistently demon-
strated slightly higher mapping power across all scenarios. This dif-
ference may be related to the involvement of Q4 in additive-additive
interaction with Q5 (EQ1). Consequently, a small proportion of the
additive-additive epistatic effect may be absorbed into the additive
effect, empirically demonstrating the robustness of our 1D scanning
model even under the misspecification caused by unobserved inter-
acting loci.
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Table 2 Simulation on mapping QTL with additive and additive-by-environment interaction using QTLNetwork-MP in four-way pure-line MAGIC

population.
Scenario h? =0.25 h? =0.50 h? =0.75

Q1 Q2 Q3 Q4 Q1 Q3 Q4 Q1 Q2 Q3 Q4
RC (%) 2.42 2.42 4.84 2.42 4.84 4.84 9.68 4.84 7.26 7.26 14.52 7.26
Pos (cM) 20 100 180 10 20 180 10 20 100 180 10
Est (I) 19.88 100.09 180.06 9.97 19.90 100.00 180.06 10.11 19.94 99.97 179.98 10.05
SD (I) 2.13 2.03 1.53 2.05 1.32 1.36 0.94 1.34 0.97 0.96 0.85 0.87
Power (I) 0.58 0.48 0.84 0.68 0.92 0.90 0.94 0.90 0.96 0.97 0.96 0.96
FDR (I) 0.17 0.08 0.04
Est (II) 20.07 99.89 180.01 10.12 20.02 99.97 180.05 9.97 19.95 99.99 180.03 10.01
SD (1) 1.80 1.84 1.28 1.73 1.17 1.13 0.78 1.06 0.82 0.79 0.58 0.68
Power (II) 0.79 0.76 0.93 0.83 0.93 0.97 0.98 0.95 0.97 0.98 0.99 0.97
FDR (II) 0.14 0.04 0.03

Notes: Q1-Q4 denote the names of simulated QTLs; Pos indicates the QTL position relative to the first marker in the same linkage group; RC represents the relative
contribution; Est and SD refer to the estimates of parameters and their standard deviations, with I and II in parentheses corresponding to sample sizes of 500 and 750,
respectively; Power and FDR represent statistical power and false discovery rate (For more complete results, see Extended Table 1).
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scenario.

Effect estimation in simulated multiparent advanced
generation intercross population

Unlike current QTL mapping methods for MAGIC population, our
approach not only accurately identifies QTL positions but also
estimates the genetic effects of each individual-effect QTL (Table 4)

and each epistatic QTL pair (Table 5). The effect estimation in the eight-
parent populations is lengthy and complex; therefore, the estimates
of effects are provided in Extended Tables 7 and 8. Here, we focus on
the estimates of effect for the four-parent MAGIC population with
a sample size of 500. Table 4 summarizes the estimated additive
and additive-by-environment effects for individual-effect QTLs. As
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Table 3 Simulation on mapping QTL with additive-additive epistasis and interaction with environment using QTLNetwork-MP in four-way pure-line

MAGIC population.

Sce- h? =0.25 h? =0.50 h? =0.75

hario EQ1 EQ2 EQ3 EQ1 EQ2 EQ3 EQ1 EQ2 EQ3

RC(%) 322 3.22 6.45 6.45 6.45 12.90 9.68 9.68 19.35
Pos(cM)  10-100 180-10 90-170 10-100 180-10 90-170 10-100 180-10 90-170

Est (1) 10.05-99.91 179.98-9.70 90.03-170.04 10.03-100.10 180.02-9.90 89.97-170.00 10.05-100.01 180.00-10  89.99-170.04
sD () 214-198 195204  1.39-1.35 1.34-1.15 117-0.98  0.84-0.80 0.85-0.61 0.63-0.53 0.43-0.55
Power ()  0.11 0.11 0.68 0.76 0.67 0.93 0.93 0.89 0.97

FDR()  0.26 0.15 0.06

Est()  10.05-99.91 179.98-9.70 90.03-170.04 10.03-100.10 180.02-9.90 89.97-170.00 10.05-100.01 180.00-10.00 89.99-170.04
SD (1) 214198  1.95-2.04  1.39-1.35 1.34-1.15 117-0.98  0.84-0.80 0.85-0.61 0.63-0.53 0.43-0.55
Power (I) 0.11 0.11 0.68 0.76 0.67 0.93 0.93 0.89 0.97

FDR (II) 0.22 0.06 0.02

Notes: EQ1-EQ3 denote the simulated paired QTL involved in epistasis; other parameters have the same definitions as those in Table 2 (For more complete results, see

Extended Table 2).

expected, Q1, which carries only additive effect, shows non-zero
estimates exclusively for the additive component, while its additive-
by-environment interaction effect is estimated as zero. Similarly, Q2,
contributing only additive-by-environment effect, shows negligible
additive estimates. For Q3, contributing both effect types, our
method accurately estimates both the additive and additive-by-
environment components without bias. When comparing effect
estimation accuracy, the limitations of the separate environmental
scanning strategy employed by qtl2 became highly apparent. For
Q3, qtl2 inaccurately estimated the additive effect within the E1
environment to be approximately double the true simulated additive
effect (or equivalent to double the absolute value of the interaction
effect). This severe bias occurs because the environmental interaction
effect is incorrectly absorbed into the marginal additive effect
when separate environments are analyzed. Conversely, because
QTLNetwork-MP simultaneously fits all genetic and environmental
variance components within a comprehensive full mixed model, our
estimates for both additive and interaction effects align perfectly
with the simulated true values. Notably, although Q4 is involved in
the epistatic interaction (EQ1), the estimation of its additive effect
remains essentially stable. Table 5 presents the estimates of epistatic
effects. For EQ1, which contains only additive-by-additive effects, the
estimated additive-additive-by-environment effects are close to zero,
as expected. Similarly, EQ2, which only exhibits additive-additive-
by-environment effect, shows minimal estimates for the additive—
additive epistatic component. In the case of EQ3, which express
additive-additive epistasis and epistasis—environment interaction,
both effect components are estimated accurately and without bias.
Moreover, the additive-additive effects of EQ1 are estimated unbias-
edly even in the presence of additive effect of Q4, indicating that our
model can effectively separate additive and epistatic components in
estimation.

Overall, our method could generate reliable effect estimates with
relatively low standard deviations. Although detection power varies
significantly between individual-effect QTLs and epistatic QTL pairs
under the same simulation conditions, the accuracy of effect estima-
tion remains consistently high for both. Across 500 repeated simula-
tions, the average estimates of effects are very close to the true values,
with minimal variation. These results demonstrate the high accuracy
and effectiveness of our method in estimation of position and genetic
effects of QTL.

Results of quantitative trait locus mapping for seed
size traits in the eight-parent cowpea multiparent
advanced generation intercross population

The genetic linkage map was constructed using 4361 high-quality SNP
markers after filtering adjacent loci (within 100 kb) exhibiting high
linkage disequilibrium (> > 0.99) using PLINK2.0 [33]. The final map
comprises 11 linkage groups (LGs), with genetic distances ranging
from 69.40 cM (LG10) to 132.68 cM (LG3). Marker distribution was
generally uniform across most LGs, with the exception of localized
clustering observed near the distal end of LG5 and the proximal region
of LG10 (Fig. 3A).

Our new mapping method successfully identified three additive
QTLs associated with seed size located on LGs 6, 7, and 8. The QTLs on
LG6 (80.0 cM, support interval: 76.5-80.3 cM) and LG8 (71.6 cM, single-
marker interval) were consistent with previously reported findings,
while a novel QTL was detected on LG7 (23.8 cM, support interval:
23.3-24.1 cM). Parental effect estimates revealed that IT89KD-288
contributed the largest additive effect (2.41, P=2.01 x 10~7) at the LG6
QTL, aligning with its known superiority in grain size traits. Similarly,
IT82E-18 and ITO0K-1263 exhibited significant positive effects (3.24,
P=1.75x10"14; 3.02, P=9.18 x 10~-13) at the LG8 QTL, corroborating
their documented influence on seed size. The newly identified LG7
QTL was predominantly influenced by CB27 (1.29, P=1.27 x 10-3) and
ITOOK-1263 (1.36, P=6.71 x 10~%), consistent with CB27’s historical
performance as a large-seeded parent (Table 6).

No epistatic effect or QTL-by-environment interaction was detected,
probably due to the relatively small sample size (n=305), which limits
statistical power to identify complex genetic interactions. However,
the detected additive QTLs explained a substantial proportion of phe-
notypic variation, underscoring the utility of MAGIC populations in
dissecting polygenic traits. The concordance between the estimated
parental effects and field agronomic performance of traits validates
the robustness of our approach.

Discussion

The current QTL mapping methods tailored for MAGIC populations
exhibit significant limitations, particularly in dissecting the genetic
architecture of complex traits governed by multiple loci and their
interactions with environmental factors. In this study, we proposed
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Figure 3 The linkage map and mapping results in the cowpea population. Notes: (a) linkage map of the cowpea eight-parent RIL MAGIC population.

(b) 1-D genome scan for seed size traits in cowpea based on F-statistic.

a flexible and computationally efficient framework that integrates
orthogonal decomposition of genetic effects with mixed linear models.
By establishing the novel mathematical derivations for multi-parent
interactions, this approach enables simultaneous estimation of addi-
tive effects, additive-by-additive epistatic effects, and their interactions
with environments, thereby overcoming the limitations of traditional
biparental models and fixed-effect methods, especially in MAGIC pop-
ulations derived from multiple parents.

Extensive simulations of four and eight-parent MAGIC populations
demonstrated the robustness, scalability, and high accuracy of our
method. Statistical power was substantially improved when the her-
itability increased from 0.25 to 0.75 and the sample size from 500
to 1250, while the false discovery rate was well controlled (Fig. 1,
Fig. 2). Importantly, although the eight-parent design poses greater
challenges for QTL detection, our study showed that the power of
detecting additive QTLs could achieve over 0.8 under a sufficiently
large sample size (e.g. 1250 individuals, which is practically attain-
able) and moderate trait heritability (~0.25 or above). By leveraging
orthogonal decomposition of QTL effects, the number of estimated
parameters was significantly reduced. For example, reducing 16 pair-
wise additive-by-additive terms to 9 orthogonal components in the
four-parent case (Table S1), without sacrificing estimation precision
(Tables 4 and 5). Furthermore, modeling epistatic and G x E effects as
random components in the mixed model (especially in eight-parent
populations) mitigated over-parameterization while accounting for
polygenic background variation effectively. While shrinkage-based or
Bayesian alternatives are highly effective for whole-genome predic-
tion of highly polygenic traits, they often lack the rigorous hypothesis
testing required for precise locus discovery. By contrast, our mixed
linear model based framework effectively isolates significant, action-
able QTLs for marker-assisted selection while robustly absorbing the
collective variance of numerous unmapped small-effect loci into the
random background. This is a notable advantage over existing meth-
ods based on fixed-effect modeling. Our method not only alleviates
previous issues regarding over-parameterization in QTL mapping for
MAGIC population, but also has great scalability to extend model for
more complex MAGIC population from more parents.

The example analysis of cowpea population of 305 RILs derived
from eight parents further validated the practical applicability of our
method. We identified three significant additive QTLs of grain size

(qSS6, qSS7, qSS8) on linkage groups 6, 7, and 8 (Fig. 3), ¢SS6 and
qSS8 were consistent with previous findings (Table 6), gSS7 is a novel
QTL. Notably, the alleles contributing the largest positive effects at
qSS7 originate from CB27 and ITOOK-1263. This aligns well with the
trait performance of parents of the population, as CB27 is known to
consistently perform the largest seed and highest yield among the
parents, and ITOOK-1263 is a high-yielding line selected for its grain
quality. This correspondence provides strong biological validation for
this newly identified QTL. No QTL involved in epistasis or interaction
with environment were detected. This may be due to relatively small
population size and is consistent with the results of simulation study
on the method, that population size of at least 500 is required to detect
epistatic effects in eight-parent populations.

The discovery of a new QTL on linkage groups 7 (gSS7) empha-
sizes the importance of methods designed specifically for MAGIC
populations. The proposed framework of QTL mapping is very flex-
ible and particularly suitable for populations with eight or more
parents, where conventional fixed-effect models become impracti-
cal. For MAGIC populations from larger number of parents, such as
the 16-parent design, our method remains applicable. Preliminary
simulations for mapping individual-effect QTL in 16-parent pure-line
MAGIC populations have confirmed the effectiveness of our approach.
However, exhaustive simulation for mapping epistatic QTLs still needs
more time due to high computational demands of larger matrix oper-
ations; therefore, the results for the 16-parent design are not included
in this study. Our future work will focus on refining the method and
designing new software based on combined computation of GPU and
CPU to tackle these computational challenges.

By treating many additive-additive epistatic effects of QTLs as ran-
dom, estimation of epistatic effects is avoided and only the variance
of the effects is required to be estimated using mixed linear model
approach; thus, our method effectively balances statistical power and
model complexity, and is easy to extend for other MAGIC populations
of arbitrary structure and generation. Our study found that popula-
tion size is a key factor affecting the reliability of the result of QTL
mapping for MAGIC population, we recommend at least 500 lines for
mapping individual-effect QTL and 1000 lines for detecting epistatic
QTLs. It is also obvious that a larger population size is required for
QTL mapping in MAGIC population derived from a larger number
of original parents. In the future, this framework can be applied in
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Table 6 Estimates of QTL effects on cowpea seed size trait.
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QTL (cM) qSS6 qSS7 qSs8

Parent Estimate P value Estimate P value Estimate P value
IT89KD-288 2.41 2.01E-7 -0.81 4.28E-2 -0.80 5.67E-02
1T84S-2049 -0.46 3.21E-1 0.29 4.71E-1 -1.12 8.13E-3
CB27 -1.14 1.42E-02 1.29 1.27E-03 0.22 5.94E-01
IT82E-18 —-1.47 1.54E-03 -0.39 3.29E-01 3.24 1.75E-14
Suvita 2 0.87 5.96E-02 —0.046 9.09E-01 —-1.36 1.29E-03
ITOOK-1263 —-1.42 2.22E-03 1.36 6.71E-04 3.02 9.18E-13
1T84S-2246 0.64 1.64E-01 —0.64 1.12E-01 —1.04 1.34E-02
IT93K-503-1 0.55 2.32E-01 -1.06 8.27E-03 -2.16 3.28E-07

Notes: g5SS6 is located at 80.0 cM on linkage group 6, with a support interval of 76.5-80.3 cM. ¢SS7 is located at 23.8 cM on linkage group 7, with a support interval of
23.3-24.1 cM. gSS8 is located at 71.6 cM on linkage group 8, with a support interval of 71.5-71.7 cM.

integration of multi-omics datasets and advanced machine learning
approaches, so as to enhance its efficacy for uncovering the intri-
cate genetic architecture of complex traits. For modern high-density
sequencing datasets, two-dimensional epistatic scanning inherently
scales at O (M?), which poses a substantial computational burden.
Therefore, we strongly recommend utilizing a bin-marker strategy to
compress the number of effective markers (M), restricting the search
space to a computationally feasible scale. On the other hand, for
extreme cases—such as an 8-parent MAGIC population with tens of
thousands of bin markers and a sample size of several thousand
lines—a full 2D scan on a high-performance computing cluster can still
require several days. To address this, the computational efficiency of
the software can be boosted by some techniques, such as bitwise com-
putation and GPU acceleration, making it suitable for analyzing large-
scale, high-density datasets involving many parents. It should be noted
that the proposed model does not take into account dominance effects,
as these variance components are mathematically unfeasible to esti-
mate within the pure-line (homozygous inbred) MAGIC populations
targeted in this study. However, expanding this orthogonal framework
to accommodate heterozygous multi-parent designs (e.g. F2-based
crosses) represents a critical future direction. While introducing multi-
parent dominance exponentially increases the complexity of geno-
typic combinations and orthogonal effect matrices, this theoretical
expansion will be vital for investigating complex phenomena such as
heterosis.
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