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Genomic prediction holds significant potential for advancing precisionmedicine in humans, aswell as
accelerating genetic improvement in animals and plants. For multi-trait prediction, the conventional
multi-trait models are primarily based on global genetic correlations between traits. With the
development of local genetic correlation (LGC) estimationmethods, it is nowpossible to analyze LGCs
confined to specific genomic regions and it is expected that incorporating LGCs into multi-trait
prediction model would enhance the prediction ability. Here, we proposed three models to address
this issue and evaluated their performances using simulated data and three real datasets from human,
cow, and pig populations. Our results demonstrate that LGCs are heterogeneous across the genome
and incorporating LGCs inmulti-trait predictionwould increase the prediction accuracy by an average
of 12.76% ± 2.07% compared to conventional multi-trait genomic prediction method (MTGBLUP) in
the real datasets. Our findings highlight the importance of considering LGCs in improving multi-trait
genomic prediction.

Genomic prediction is a powerful tool for predicting an individual’s phe-
notypesor geneticmerits of complex traits basedongenomic information. It
has gained widespread applications in various species, including human,
animal, and plant. In human, genomic prediction has been proven to be
valuable in predicting an individual’s risk of developing certain diseases1.
This information can be used for personalized medicine, enabling early
intervention and prevention strategies2. In the field of animal and plant
breeding, the application of genomic prediction has tremendously accel-
erated the genetic gain and reduced breeding costs because of its higher
prediction accuracy for genetic merits (breeding values)3.

Many complex traits are genetically correlated due to pleotropic effects
of genes on multiple traits4. Since complex traits are influenced by many
genes distributed across different genomic regions, genetic correlations
between traits should also be results of the integration of regional or local
genetic correlations (LGC), i.e., correlations generated by genes in some
genomic regions5. However, genes in different regions may contribute dif-
ferently to the global (i.e., genome-wide) genetic correlation, i.e., some
regions may produce no correlation, some may produce positive correla-
tions, while some may produce negative correlations6. Thus, it is very likely
that, for a weak (or non-significant) global genetic correlation, there may
exist strong LGCs, or for a positive (negative) global genetic correlation,
there may exist negative (positive) LGCs. For example, Zhu et al.7 reported

that although the global genetic correlation between AD (Alzheimer’s dis-
ease) and T2D (type II Diabetes) and between AD and LDL (low density
lipoprotein) were not significant (̂rg = 0.106, P > 0.26 and r̂g = 0.104,
P > 0.17, respectively), there was a genomic region (Chr19:44,744,108-
46,102,697) that showed highly significant LGCs between AD and T2D
(P = 6.78 × 10−22) and between AD and LDL (P = 1.74 × 10−253).

Traditionally, multi-trait genomic prediction only considers the global
genetic correlation between different traits and has been proven to be able to
increase prediction accuracy in comparison to single trait prediction8–10.
However, it can be expected that if we can partition the global genetic
correlation into LGCs and use these LGCs, instead of global genetic cor-
relation, in the multi-trait prediction, the prediction accuracy could be
improved because LGCs reflect more accurately the nature of genetic cor-
relation. Theoretically, LGCs can be estimated using individual-level phe-
notypes on multi-traits and genotypes of regional genetic variants via the
genomic residual maximum likelihood (GREML) approach11 (or similar
methods based on individual-level data). However, it will be computa-
tionally challenging or even infeasible because of the very large number of
genomic regions. In addition, in some case, individual-level data are not
available due to privacy concerns. Recently, several methods have been
developed for estimatingLGCsusing summary statistics fromgenome-wide
association studies (GWAS), such as ρ-HESS12, SUPERGNOVA13, and
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LAVA14. Zhang et al.15 conducted a benchmark comparison of the perfor-
mance of these methods and found that LAVA could provide unbiased
estimation with well-controlled type-I error when using an in-sample
reference panel. LGCs have been successfully incorporated in human
complex trait analysis16–18. These studies proved that LGC analysis could be
used to quantify the genetic similarity of complex traits in specific genomic
regions and thus reveal the shared biological mechanisms across traits.
Whether incorporating LGCs into multi-trait genomic prediction would
improve the prediction accuracy have not been reported yet.

In this study, we present three models for incorporating LGCs into
multi-trait genomic prediction. We used simulated data and three real
datasets fromhuman, cow, andpig populations to evaluate the performance
of these models. Through comprehensive analyses, we demonstrated the
superior performance of our models compared to the conventional multi-
trait genomic prediction model which uses global genetic correlation.

Results
Overview of the study
Figure 1 provides an overview of our study. Briefly, we introduced three
models (LGC-model-1, LGC-model-2, and LGC-model-3) aiming at
incorporating LGCs into themulti-trait genomic predictionmodel (Fig. 1a).
LGC-model-1 considers the significance of LGCs and divides the genomic
regions into two groups, i.e., regions with significant LGCs and regions

without significant LGCs. LGC-model-2 considers the size and direction of
LGCs, and divides the genomic regions into three groups, i.e., regions with
strong positive LGCs, regions with strong negative LGCs, and the rest
regions. LGC-model-3 accounts for LGCs by simply adjusting the SNP
effects for a trait estimated from single traitmodel using LGCweighted SNP
effects for the other trait. We used simulated data and real datasets from
human, cow, and pig populations (Fig. 1b) to evaluate the performances of
thesemodels.We estimated global genetic correlations between traits in the
real datasets using GREML (Fig. 1c) and LGCs using LAVA and GWAS
summary statistics (Fig. 1d). Finally, we performed 10-fold cross validations
to evaluate the prediction accuracies of these LGC models in comparison
with other genomic predictionmodels (Fig. 1e). Detailed descriptions of the
method and the datasets can be found in the Methods section.

Simulation study
The simulationwas based on the real genotype data from theUKBiobank19.
We considered three scenarios with respect to different settings on LGCs,
global genetic correlations, and heritabilities (Supplementary Table 1).
Figure 2 shows the prediction accuracies from PRSice-2(C+T), LDpred2,
STGBLUP (single trait GBLUP), wMT-BLUP, MTGBLUP and the three
LGCmodels with thresholds P = 0.05 for LGC-model-1 and LGC-model-3
and jrlgcj = 0.5 for LGC-model-2. As expected, in all cases, multi-trait
models (MTGBLUP and the LGC models) outperformed the single-trait

Fig. 1 | Schematic diagram of the study design. aModels for genomic prediction.
STGBLUP: single trait GBLUP; MTGBLUP: multi-trait GBLUP; LGC-model-1 ~ 3:
three models incorporating local genetic correlations (LGC). LGC-model-1 parti-

tions the term ½ a1
a2

� (vector of genetic values (GV) for trait 1 and trait 2) in

MTGBLUP into two parts, i.e., GV contributed by regions with significant LGCs and

regions without significant LGCs. LGC-model-2 partitions ½ a1
a2

� into three parts, i.e.,
GV contributed by regions with strong positive LGCs, regions with strong negative

LGCs, and the rest regions. LGC-model-3 accounts for LGCs by simply adjusting the
SNP effects for a trait estimated from a single trait model (STGBLUP) using LGC-
weighted SNP effects for the other trait. b Simulated data and three real datasets from
human, cow, and pig populations for evaluating the performances of these models.
c Estimating global genetic correlations between traits in the real datasets using
GREML. d Estimating local genetic correlations using LAVA and GWAS summary
statistics. e 10-fold cross-validation for evaluating the accuracies of genomic
prediction.
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Fig. 2 | Genomic prediction accuracies of differentmodels for the simulated data.
a Prediction accuracies in Scenario 1. b Prediction accuracies in Scenario 2.
c Prediction accuracies in Scenario 3. Scenario 1 and Scenario 2 assumed that local
genetic correlations (LGC) were distributed over all regions with values ranging
from −1 to +1 randomly. Scenario 1 had varied global genetic correlations (rg )
between traits and a fixed heritability of 0.5 for both traits, while Scenario 2 had
varied heritabilities for the two traits but fixed global genetic correlation of 0.6.

Scenario 3 assumed 5 regionswith strong positive LGCs, 20 regionswithweak LGCs,
and the rest of the regions without LGCs, and the global genetic correlation was fixed
at 0.6, and two sets of heritabilities were considered. For LGC- model-1 and LGC-
model-3, a threshold P = 0.05 was used, for LGC-model-2, a threshold value of
jrlgcj = 0.5 was used. Prediction accuracy was measured as the Pearson correlation
coefficient between true genetic values and predicted genetic values.
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models (PRSice-2(C+ T), LDpred2 and STGBLUP) and wMT-BLUP,
except for trait pairs with zero or very weak global genetic correlations, for
which MTGBLUP performed similar to STGBLUP (Fig. 2a). wMT-BLUP
performed worst in most cases, only when the global genetic correlation
between traits is particularly high (rg = 0.8) (Fig. 2a) or the heritabilities of
the two traits were small (Fig. 2b), it performed better than PRSice-
2(C+ T), LDpred2 and STGBLUP, but still worse thanMTGBLUP and the
LGC-models. In both Scenario 1 (Fig. 2a) and Scenario 2 (Fig. 2b), where all
genomic regions exhibited LGCs ranging from −1 to +1 randomly, with
varying global genetic correlations (Scenario 1) or varying heritabilities
(Scenario 2) for the two traits, LGC-model-2 performed the best in all cases
and the relative gain in prediction accuracies overMTGBLUP ranged from
1.88% to 2.71% in Scenario 1 and 0.02% to 2.45% in Scenario 2, followed by
LGC-model-1. LGC-model-3 performed very similar to MTGBLUP. In
Scenario 3 (Fig. 2c), where there were a few regions with strong LGCs and
somewithweak LGCs, all the three LGCmodels significantly outperformed
MTGBLUP in all cases (P < 0.05, Supplementary Table 2), with LGC-
model-1 being the best followed by LGC-model-2. The relative gain in
accuracies of LGC-model-1 over MTGBLUP ranged from 89.73% to
134.20%. Additionally, we also calculated the prediction accuracy R2 across
methods in relation to the simulatedheritability.Overall, theR2 of allmodels
increased with simulated heritability (Supplementary Fig. 1).

We compared the potential influences of different settings on the
thresholds for the LGC models, i.e., P = 0.01 or 0.05 for LGC-model-1 and
LGC-model-3, jrlgcj = 0.5 or 0.6 for LGC-model-2. The results are presented
in Supplementary Fig. 2. Basically, different thresholds for LGC-model-2
had negligible influence on its performance. For LGC-model-1 and LGC-
model-3, in Scenarios 1 and 2, the threshold of P = 0.05 yielded slightly
better results than the threshold of P = 0.01 for both LGC-model-1 and
LGC-model-3 in most cases, while in Scenario 3 using P = 0.01 was slightly
better than using P = 0.05, but the differences were all not significant
(Supplementary Table 3).

Global and local genetic correlation estimationbetween traits for
the real datasets
We estimated global genetic correlations between traits for each dataset
based on a bivariate linear mixed model using GREML. The results are
shown in Supplementary Fig. 3. These correlations ranged from strong
positive (̂rg ¼ 0:6375 for FP-PP (FP: fat percentage, PP:proteinpercentage)
and r̂g ¼ 0:7212 for LMD-LMP (LMD: loinmuscle depth, LMP: leanmeat
percentage)), mediumpositive or negative (̂rg ¼ 0:3870 for LDL-TG (LDL:
low density lipoprotein, TG: triglycerides), r̂g ¼ 0:2435 for BF-LMD (BF:
backfat thickness), and r̂g = -0.3562 for BF-LMP), nearly zero
(̂rg ¼ �0:0580 for HDL-LDL (HDL: high density lipoprotein)), and to
strong negative (̂rg ¼ �0:6382 for HDL-TG, r̂g ¼ �0:6119 for MY-FP
(MY: milk yield), and r̂g ¼ �0:5936 for MY-PP).

Using the partitioning algorithm of LAVA14, we divided the genomes
into semi-independent LDblocks (regions).We obtained 2272 regions with
average size of 1.21Mb for the human genome, 2902 regions with average
size of 0.86Mb for the cow genome, and 2354 regions with average size of
0.94Mb for the pig genome (Supplementary Fig. 4).We performed GWAS
for the traits of interest in the three datasets and then estimated LGCs for all
genomic regions and all trait pairs using LAVA and the GWAS summary
statistics. The results are shown in Fig. 3. For each trait pair in the three
datasets, the number of regions with significant LGCs at threshold P < 0.01
or P < 0.05, and number of regions with jrlgcj ≥ 0.5 or jrlgcj ≥ 0.6 are pre-
sented in Supplementary Table 4. Overall, we observed substantial varia-
tions in LGCs across different regions for all trait pairs, from strong positive
correlations, to zero correlations, and to strongnegative correlations (Fig. 3).
Further analysis revealed that for trait pairs with weak global genetic cor-
relations, the LGCs tended to be distributed evenly around zero (e.g., HDL
and LDL in the human dataset, Fig. 3a and Supplementary Fig. 5a), whereas
for trait pairswith strong positive or negative global genetic correlations, the
distribution of LGCs tended to be shifted toward the positive side (e.g., FP
andPP in the cowdataset, Fig. 3b and Supplementary Fig. 5b, and LMDand

LMP in the pig dataset, Fig. 3c and Supplementary Fig. 5c) or negative side
(e.g., MY-FP and MY-PP in the cow dataset, Fig. 3b and Supplementary
Fig. 5b), such that the averages of local correlations tended to be close to the
global correlations. The averages of estimated local genetic correlations
across all regions are shown in Supplementary Fig. 4 (in the left upper
triangles). Furthermore, in general, the stronger global genetic correlations
were, the more regions there were with significant LGCs.

Accuracies of genomic prediction in the real datasets
Figure 4 shows the prediction accuracies of the seven models with different
thresholds for the LGCmodels in the humandataset, i.e.,P = 0.01 or 0.05 for
LGC-model-1 and LGC-model-3, and |rlgc| = 0.5 or 0.6 for LGC-model-2.
Again, MTGBLUP and LGC models outperformed single trait methods
(PRSice-2(C+ T) and STGBLUP) and wMT-BLUP in all cases except for
trait pair HDL-LDL, which had nearly zero global genetic correlation
(̂rg ¼ �0:0580), MTGBLUP performed similarly to PRSice-2(C+T),
STGBLUP and wMT-BLUP. In all cases, LGC-model-1 and LGC-model-2
outperformed MTGBLUP. The relative superiority of LGC-model-1 over
MTGBLUP ranged from 9.46% to 135.97%, and the relative superiority of
LGC-model-2 overMTGBLUP ranged from8.93% to 57.30%. LGC-model-
3performed similar to or slightly better thanMTGBLUP.Asobserved in the
simulation study, different thresholds for LGC-model-2 (|rlgc| = 0.5 or 0.6)
had little effect on the accuracy, but different thresholds for LGC-model-1
(P = 0.01 or 0.05) had significant effect (Supplementary Table 5). LGC-
model-1 with a threshold of P = 0.05 (Fig. 4a, b) performed in general better
than LGC-model-1 with P = 0.01 (Fig. 4c, d). In addition, with P = 0.05,
LGC-model-1 performed better for HDL and LDL in trait pairs HDL-TG
and LDL-TG, while LGC-model-2 performed better for TG.With P = 0.01,
LGC-model-2 performed better than or similar to LGC-model-1 for both
traits in these two trait pairs. Moreover, the relative superiority of LGC-
model-1 was related to the number of regionswith significant LGCs, i.e., the
more such kind of regions, the larger its superiority. For the trait pair HDL-
LDL, therewereonlyfive regionswithP < 0.05 (SupplementaryTable 4), the
superiority of LGC-model-1 was also limited. Note that for the trait pair
HDL-LDL, there was no LGC with P < 0.01.

The results for the cow dataset are presented in Fig. 5. In summary,
PRSice-2(C+ T) performed worse than other individual-based prediction
methods. wMT-BLUP outperformed PRSice-2(C+ T) and performed
worse than STGBLUP,MTGBLUP and LGCmodels. In addition, the three
LGC models outperformed MTGBLUP in all cases. Among the three LGC
models, LGC-model-1 performed the best with the relative superiority over
MTGBLUP ranged from 8.20% to 13.58%, followed by LGC-model-2
(ranged from 5.88% to 11.96%). LGC-model-3 was slightly better than
MTGBLUP. Within each trait pair, the traits with higher heritability
(h2(PP) > h2(FP) > h2(MY)) received higher accuracies.

The results for the pig dataset are presented in Fig. 6. Again, RSice-
2(C+ T) performed the worst and the three LGCmodels performed better
thanMTGBLUP in all cases, but their superioritieswere small. LGC-model-
2 was slightly better than the other two LGCmodels and its superiority over
MTGBLUP ranged from 1.84% to 5.05%.

Discussion
Multi-trait genomic prediction incorporating genetic correlations between
traits can improve the prediction accuracy8,20,21. However, conventional
multi-trait genomic prediction methods (e.g., MTGBLUP) do not capture
the potential local shared genetic effects, where the correlation or covariance
between two traits are confined to specific genomic regions. Under the
assumption that shared genetic effects are not evenly distributed and are
heterogenous in different genomic regions, LGC analysis can inform the
interpretation of global genetic correlations12–14. In this study, to investigate
the potential effect of LGCs on the accuracy of multi-trait genomic pre-
diction, we proposed three LGC models which incorporated LGCs as
annotations for genomic regions into the multi-trait genomic prediction
model. We used simulated data and three real datasets to examine the
performances of the three models.
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Fig. 3 | Estimated local genetic correlations for all trait pairs in the real datasets.
a–c Refer to the human, cow, and pig datasets. The color of each bar indicates the
significance status of the local genetic correlation. HDL high density lipoprotein,

LDL low density lipoprotein. TG triglycerides, MYmilk yield. FP fat percentage, PP
protein percentage, BF backfat thickness at 100 kg (mm). LMD, loinmuscle depth at
100 kg (mm). LMP, lean meat percentage at 100 kg.
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Fig. 4 | Genomic prediction accuracies of differentmodels for the human dataset.
a–d Represent different scenarios by varying the thresholds of the LGCmodels. For
LGC-model-1 and LGC-model-3, two thresholds for significance were applied:
P = 0.01 or 0.05. For LGC-model-2, two thresholds for distinguishing strong

correlations were applied: jrlgcj = 0.5 or 0.6. Prediction accuracy wasmeasured as the
Pearson correlation coefficient between corrected phenotypic values and predicted
genetic values. HDL high-density lipoprotein, LDL low density lipoprotein, TG
triglycerides.
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Fig. 5 | Genomic prediction accuracies of different models for the cow dataset.
a–d Represent different scenarios by varying the thresholds of the LGCmodels. For
LGC-model-1 and LGC-model-3, two thresholds for significance were applied:
P = 0.01 or 0.05. For LGC-model-2, two thresholds for distinguishing strong

correlations were applied: jrlgcj = 0.5 or 0.6. Prediction accuracy wasmeasured as the
Pearson correlation coefficient between de-regressed estimated breeding values
(DRPs) and predicted genetic values. MY milk yield, FP fat percentage, PP protein
percentage.
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Fig. 6 | Genomic prediction accuracies of different models for the pig dataset.
a–d Represent different scenarios by varying the thresholds of the LGC mod-
els. For LGC-model-1 and LGC-model-3, two thresholds for significance were
applied:P = 0.01 or 0.05. For LGC-model-2, two thresholds for distinguishing strong

correlations were applied: jrlgcj = 0.5 or 0.6. Prediction accuracy wasmeasured as the
Pearson correlation coefficient between corrected phenotypic values and predicted
genetic values. BF backfat thickness at 100 kg (mm). LMD loin muscle depth at
100 kg (mm). LMP lean meat percentage at 100 kg.
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To implement these models, estimates of LGCs are required. As
mentioned before, LGCs can be estimated via GREML using individual-
level phenotypes and regional genomic variant genotypes based on the
same model as used for global genetic correlation estimation with G
being constructed using regional SNP genotypes. The methods using
GWAS summary statistics (e.g., LAVA) can be regarded as approx-
imations of GREML22,23. To get the detailed insights about the differ-
ences between the two kinds of approaches, we selected two pairs of
traits, FP and PP in the cow dataset and BF and LMD in the pig dataset,
and estimated their LGCs via GREML. It turned out that the correlations
between the LAVA and GREML estimates were quite high, ~0.74 for
both trait pairs (Supplementary Fig. 6a, b). For FP and PP, the LAVA
estimates tended to be larger than the GREML estimates, especially
when the local genetic correlation was negative. In view of the com-
puting time (Supplementary Fig. 6c), LAVA and GREML consumed
0.36 and 84.96 minutes per region on average for the FP and PP pair
(6649 individuals), respectively, and 0.18 and 6.86 minutes for the BF
and LMD pair (2794 individuals), respectively. Therefore, for large
dataset, GREML is very computationally challenging and even infea-
sible, but LAVA is very computationally efficient while maintaining
acceptable accuracy. In addition, we compared the prediction accuracy
of LGC-model-2 for these two trait pairs using the GREML or LAVA
estimates of LGC (Supplementary Fig. 6d, e). LGC-model-2-GREML
performed similar to or slightly better than LGC-model-2-LAVA. Based
on these results, we used LAVA to estimate LGCs for all trait pairs in
this study.

The LGC analysis for the three real datasets revealed that the LGCs
were very heterogenous across the genome. Although the direction of
most LGCs for a trait pair was generally consistent with the direction of
the global genetic correlation, particularly for trait pairs showing a strong
global genetic correlation, there was LGCs with opposite direction in
some regions. For instance, for the trait pair FP-PP in the cow
dataset, which has a strong positive global genetic correlation
(̂rg ¼ 0:6375), we observed a few regions with strong negative LGCs
(̂rlgc ≤ � 0:5 or −0.6, Fig. 3b, Supplementary Table 4). Notably, the
region Chr14:0-0.9Mb exhibiting the most significant correlation
(̂rlgc ¼ 0:8788, P = 1.11 × 10−17) coincides with the well-known fact that
this region harbors the DGAT1 gene which has pleiotropic effects on
both FP and PP24,25. On the other hand, significant LGCs were detected
for trait pairs with weak global genetic correlation. For example, for the
trait pair HDL-LDL in the human dataset, which has a nearly zero global
genetic correlation (̂rg ¼ �0:0580), which is consistent with the findings
from previous studies12,14, we detected five regions with significant LGCs
(P < 0.05), four positive and one negative.

In this study, we proposed three LGC models for multi-trait geno-
mic prediction. LGC-model-1 takes LGCs into account by partitioning
the genome into regions with significant LGCs (with certain threshold)
and regions without significant LGCs. LGC-model-2 considers the size
and direction of LGCs and partitions the genome into regions with
strong positive LGCs (with certain threshold), regions with strong
negative LGCs, and the rest regions (with weak or zero LGCs). LGC-
model-3 accounts for LGCs by simply adjusting the SNP effects for a trait
estimated from single trait model (STGBLUP) using LGC-weighted SNP
effects for the other trait. We evaluated the performances of the three
LGC models using simulated data and three real datasets. Since LGC-
model-3 performed worse than LGC-model-1 and LGC-model-2 in both
simulation and the real data in all cases, we focus on LGC-model-1 and
LGC-model-2. The relative improvements in prediction accuracy of
LGC-model-1 and LGC-model-2 over MTGBLUP ranged from 0.04% to
134.20% and 0.02% to 81.44%, respectively, for the simulated data and
from 1.46% to 135.97% and 1.84% to 57.00%, respectively, for the real
data. In general, they have larger superiority for trait pairs with higher
global genetic correlation. For the simulated data, LGC-model-2 per-
formed better in Scenarios 1 and 2, where it was assumed that LGC
occurred in all regions taking a value of −1 to +1 randomly. However,

LGC-model-1 performed better in Scenario 3, where there were a few
regions with strong LGCs. For the human dataset, the superiority of the
two models varied with different traits and different thresholds for LGC-
model-1. For the cow dataset, LGC-model-1 performed consistently
better for all trait pairs and all threshold values, while for the pig dataset,
LGC-model-2 performed slightly better in most cases. The relative
superiority of LGC-model-1 over LGC-model-1 was related to the
number of regions with significant LGCs (Supplementary Table 4), i.e.,
the more such kind of regions, the larger its superiority.
It should be noted that even for trait pairs without global genetic cor-
relation (e.g., the trait pair with rg = 0 in Scenario 1 of the simulated data
(Fig. 2a) and the trait pair HDL-LDL in the human dataset (Fig. 4)), for
which the MTGBLUP model hardly improved the prediction accuracy
over the STGBLUP model, while both of the two LGC models could
improve remarkably the prediction accuracy because of the presence
of LGCs.

Since the relative superiority of LGC-model-1 and LGC-model-2
differ in different scenarios, it is important to select the optimal model
for a given real dataset. From the results in the simulated data and real
datasets, we found that, for a given trait pair, the relative superiority
of the two models was almost exclusively depending on the nature of
LGCs between the two traits, while irrelevant to the heritabilities of both
traits and the global genetic correlation between them. Therefore,
the model selection could be based on the results of the estimated
genome-wide LGCs and their corresponding P values for the trait pair.
We suggest the following general strategy for model selection: 1) if
there are considerable regions with significant LGCs for the given
threshold (in this case, the trait pair usually has strong global genetic
correlation), such as in the case of the cow dataset, LGC-model-1 is
preferred; 2) otherwise, either LGC-model-1 or LGC-model-2 can be
used, as their performances did not differ significantly. However, we
recommend using LGC-model-2 because it performed slightly better in
most cases.

Once the optimal model is selected, another issue to be considered is
to determine the threshold for the corresponding model. In this study, we
set the threshold P = 0.01 or 0.05 for LGC-model-1, and the threshold
LGC value |rlgc| = 0.5 or 0.6 for LGC-model-2. We found that for LGC-
model-2 different thresholds did not significantly change its performance
in both simulated and real datasets (Supplementary Tables 3 and 5) and
the threshold |rlgc| = 0.5 were slightly better (but not significant) in most
cases. For LGC-model-1, the threshold of P = 0.01 performed better than
or similar to the threshold of P = 0.05 in most cases. There were some
cases where P = 0.05 was better, such as for trait pairs HDL-TG and LDL-
TG in the human dataset and for some trait pairs in Scenarios 1 and 2 in
the simulation. However, it should be noted that, for all these trait pairs,
there were very few regions with P < 0.01 (Supplementary Table 4), such
that using the threshold of P = 0.01 could not efficiently capture the local
genetic correlations and even not feasible when there were no such
regions, e.g., for the trait pair HDL-LDL in the human dataset. In view of
this problem and the relative performances of the two thresholds, we
suggest to use P = 0.01 as priority and use P = 0.05 in cases there are too
few regions with P < 0.01.

It should be noted that the polygenicity of the traits may have an
impaction on the relative performance of difference models. In the simu-
lation, we found that for traits with high polygenicity and without major-
effect regions, such as those in Scenario 1 and 2, LGC-model-2 performed
the best. Conversely, for traits which are less polygenic butwith a fewmajor-
effect regions, as observed in Scenario 3, LGC-model-1 performed the best.
However, for real datasets, it is hardly to get the information of polygenicity
of the traits.

In conclusion, we demonstrate that LGCs among traits are pervasive
and heterogeneous. Incorporating LGCs into multi-trait genomic predic-
tion could improve universally the prediction accuracy and the relative
improvement over the conventional MTGBLUP reached up to 135.97%
(~12.76% on average) in the real datasets used in this study. Our findings
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hold promise for wide-ranging applications of LGCs inmulti-trait genomic
prediction across diverse traits and species.

Methods
Global genetic correlation estimation via GREML
A bivariate linear mixed model (LMM) was used to estimate the
global genetic correlation between two traits. The bivariate model is as
follows,

y1
y2

� �
¼ X1 0

0 X2

� �
b1
b2

� �
þ Z1 0

0 Z2

� �
a1
a2

� �
þ e1

e2

� �
a1
a2

� �
� N 0;M�Gð Þ; e1

e2

� �
� N 0;R�Ið Þ

ð1Þ

where y1 and y2 are the vectors of phenotypes for trait 1 and trait 2,
respectively;b1 andb2 are the vectors offixed effect for the two traits,X1 and
X2 are the their corresponding designmatrices, which relate the effects inb1
and b2 to the phenotypes in y1 and y2; a1 and a2 are the vectors of the
genomic merits (additive genetic effects) for the two traits, Z1 and Z2 are
their corresponding design matrices, which relate the effects in a1 and a2 to

the phenotypes in y1 and y2,M ¼ σ2a1 σa12
σa21 σ2a2

" #
with σ2a1 and σ

2
a2
being the

additive genetic variances and σa12 and σa21 being the additive genetic cov-

ariance for the two traits, G ¼ WW0P
2pj 1�pj

� � is the genomic relationship

matrix (GRM), which was constructed using the method of VanRaden,W
being the centralized SNP genotype matrix with element wij =mij–2pj, mij

being the genotype code (0, 1, and 2 for genotypes 11, 12, and 22, respec-
tively) for individual i and SNP j, pj being theminor allele frequency of SNP

j; e1 and e2 are the vector of the random residuals of the two traits, R ¼

σ2e1 σe12
σe21 σ2e2

" #
with σ2e1 and σ

2
e2
being the residual variances and σe12 and σe21

being the residual covariance for the two traits.

We used GREML and the software GCTA26 to estimate the variance
and covariance components involved in the model. The global genetic

correlation was calculated as rg ¼
σa12ffiffiffiffiffiffiffiffiffiffi
σ2a1 σ

2
a2

p . The likelihood-ratio test (LRT)

between a model constraining rg to be 0 and the unconstrained model was
used to test the significance of global genetic correlation.

Local genetic correlation estimation
The LAVA software14 was used to estimate the pairwise local genetic cor-
relations between traits based on GWAS summary statistics. We first used
the partitioning algorithm implemented in LAVA todivide the genome into
semi-independent blocks as describedbyWerme et al.14 using genotype data
of all individuals in each dataset. This algorithm divides the genome by
recursively splitting the largest block into two smaller blocks, selecting a new
breakpoint that minimizes local LD between the resulting blocks. Then, we
performed single-trait GWAS based on imputed sequence data and linear
mixed model using GCTA26 for each trait to obtain the summary statistics
data required for LAVA. Finally, the run.univ.bivar function of LAVA was
run to estimate local genetic correlations.

Genomic prediction models
STGBLUP. The STGBLUP (single-trait genomic BLUP) model was
used for genomic prediction for each trait separately. Here, the genetic
correlations between traits were completely ignored. The model is as

follows,

y ¼Xbþ Zaþ e

a �N 0;Gσ2a
� �

; e � N 0; Iσ2e
� � ð2Þ

where y is the vector of phenotypic values of the trait, b is the vector of fixed
effects,X is the designmatrix forb, a is the vector of genomicmerits,Z is the
designmatrix for a, σ2a is the addictive genetic variance andG is theGRMas
defined in Model (1), e is the vector of the random residuals, and σ2e is the
residual variance.

MTGBLUP. MTGBLUP (multi-trait genomic BLUP) is a conventional
model for multi-trait genomic prediction, which employs global genetic
correlation between traits, while ignoring local genetic correlations. The
MTGBLUP model is as follows,

y1
y2

� �
¼ X1 0

0 X2

� �
b1
b2

� �
þ Z1 0

0 Z2

� �
a1
a2

� �
þ e1

e2

� �
a1
a2

� �
� N 0;M

N
G

� �
;

e1
e2

� �
� N 0;R

N
I

� � ð3Þ

The terms (y1, y2, b1, and b2, respectively) are the same as
those in Model (1). As previously described above, the MTGBLUP
assumes that all available SNPs contribute equally to the two
traits and have the same covariance, which limits its prediction
accuracy.

LGC-model-1. The LMM model can model multiple random effects
and hence estimate multiple genetic variances using multiple GRMs,
each built with SNPs selected on different regions. In this model, the
genome is divided into two parts, the first part contains all regions with
significant local genetic correlations (SIG) and the second part contains
all regions with non-significant local genetic correlations (NON). The
threshold of P value for the significance was set as 0.01 or 0.05. The
model is as follows,

y1
y2

� �
¼ X1 0

0 X2

� �
b1
b2

� �

þ
Z1SIG

0

0 Z2SIG

" #
a1SIG
a2SIG

" #
þ

Z1NON
0

0 Z2NON

" #
a1NON
a2NON

" #

þ e1
e2

� �
a1SIG
a2SIG

" #
� N 0;MSIG

N
GSIG

� �
;

a1NON
a2NON

" #
� N 0;MNON

N
GNON

� �
ð4Þ

where a1SIG and a2SIG are the vectors of genomic merits owing to the SIG
regions for the two traits,GSIG is the GRM constructed using SNPs in the

SIG regions, Msig ¼
σ2a1SIG

σa12SIG
σa21SIG

σ2a2SIG

" #
is the additive genetic variance-

covariance matrix of the two traits for the SIG regions; a1NON , a2NON ,GNON

and MNON are the counterparts of the above terms for the NON
regions. The rest terms (y1, y2, b1, and b2) are the same as those in
Model (1). In this model, the total genetic values for the two traits are
defined as:

a1total ¼ a1SIG þ a1NON

a2total ¼ a2SIG þ a2NON

LGC-model-2. In this model, the genome is divided into three parts. The
first part contains all regions with strong positive local genetic correla-
tions (POS), the second part contains all regions with strong negative
local genetic correlations (NEG), and the third part contains all rest
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regions (RES). The threshold for the strong positive (negative) correla-
tion is set as |rlgc| = 0.5 or 0.6 (rlgc stands for local genetic correlation). The
model is as follows,

y1
y2

� �
¼ X1 0

0 X2

� �
b1
b2

� �
þ

Z1POS
0

0 Z2POS

" #
a1POS
a2POS

" #
þ

Z1NEG
0

0 Z2NEG

" #
a1NEG
a2NEG

" #

þ
Z1RES

0

0 Z2RES

" #
a1RES
a2RES

" #
þ e1

e2

� �

a1POS
a2POS

" #
� N 0;MPOS

N
GPOS

� �
;MPOS ¼

σ2a1POS
σa12POS

σa21POS
σ2a2POS

" #

a1NEG
a2NEG

" #
� N 0;MNEG

N
GNEG

� �
;MNEG ¼

σ2a1NEG
σa12NEG

σa21NEG
σ2a2NEG

" #

a1RES
a2RES

" #
� N 0;MRES

N
GRES

� �
;MRES ¼

σ2a1RES
σa12RES

σa21RES
σ2a2RES

" #

ð5Þ
All the terms in the model are the same as those in Model (1) with the

subscripts POS, NEG, and RES refer to the corresponding genomic regions.
In this model, the total genetic values for two traits are defined as:

a1total ¼ a1POS þ a1NEG þ a1RES

a2total ¼ a2POS þ a2NEG þ a2RES

LGC-model-3. In this model, we first estimate the SNP effects from the
estimated genomic merits for each trait derived from the STGBLUP
model, using the method proposed by previous studies27,28,

û ¼ 1P
2pj 1� pj

� �W0G�1â

where û is the vector of estimated SNP effects; â is the vector of estimated
genomic merits, pj,W, and G are the same as those in Model (1).

Some studies constructed multi-trait genetic predictors by combining
single-trait predictors to improve prediction accuracy8,29. If two traits are
genetically correlated, there will be correlations between SNP effects for the
two traits30. Thus, the effect of a SNP for a trait can be partitioned into two
parts, one is its direct effect on the trait, the second is its indirect effect
through theother trait. Inspiredby the above twopoints, using the estimated
SNPeffects for the two traits and the estimated local genetic correlations, we
adjust SNP effects as follows,

ûw1j ¼ û1j þ λlgcj û2j ; ûw2j ¼ û2j þ λlgcj û1j

λlgcj ¼
r̂lgcj ; if Pðr̂lgcj Þ < P threshold

0; otherwise

(

where û1j and û2j are the estimated effects of SNP j for the two traits, r̂lgcj is
the estimated local genetic correlation for the region where SNP j is located,
Pðr̂lgcj Þ is the P value for r̂lgcj , and P_threshold is the significance thresholds
(0.01 or 0.05). Finally, the adjusted genetic values for two traits can be
calculated as,

aw1 ¼ Wûw1; aw2 ¼ Wûw2

We also compared LGC models with existing prediction methods:
PRSice-2(C+ T)31, LDpred232 and wMT-BLUP8. PRSice-2 and LDpred2
are univariate summary statistics-based predictionmethods that only focus
onone trait.We constructed theLDmatrix forPRSice-2 andLDpred2using
the 1000 individuals randomly sampled from all individuals in each dataset.
The wMT-BLUP is a multi-trait BLUP prediction method that calculates a

weighted index to generate predictors. STGBLUP was used to obtain indi-
vidual BLUP predictors andwMT-BLUP predictors for the target trait were
then calculated using the individual BLUP predictors of the target trait and
relevant traits as input.

Simulated data
We conducted a simulation study based on the real genotypes from the UK
Biobank data19. Specifically, we randomly selected 5000 individuals with
white British descent and only used their SNP genotype data of Chromo-
some 1 (363,052 SNPs). We simulated their phenotypes on two traits with
different heritabilities and global genetic correlations based on a bivariate
model. The chromosome was divided into 162 semi-independent LD
regions using the partitioning algorithm of LAVA14. We considered three
scenarios. The first scenario assumed the two traits have the same herit-
ability (h21 ¼ h22 ¼ 0:5) but varied global genetic correlations. All of the 162
regions exhibited non-zero LGCs. We randomly selected 10 SNPs in each
region as causal SNPs (1620 causal SNPs in total) for both traits and
simulated the effect of the jth causal SNP in the ith region (βij) based on the

multivariate normal distribution, βij � MVN
0
0

� �
;

0:005 covgij
covgij 0:005

� �	 

.

The LGCs of all regions were obtained from the uniform distribution
U[−1, 1]. The residual effect of kth individual (ek) were drawn from the

multivariate normal distribution, ek � MVN
0
0

� �
;

σ2e1 cove
cove σ2e2

" # !
,

where σ2e1 ¼ ð0:005 � 1620Þð1� h21Þ=h21, σ2e2 ¼ ð0:005 � 1620Þð1� h22Þ=
h22, and cove ¼ reσe1σe2 , where re is the residual correlation. The second
scenario fixed the global genetic correlation to be 0.6, but varied the herit-
abilities of the two traits. The LGCs, SNPs and residual effects were gen-
erated in the same way as in scenario 1. The third scenario again had fixed
global genetic correlation of 0.6 but varied heritabilities. In this scenario, we
randomly divided the 162 regions into three parts, i.e., 5 regions with strong
LGCs and 10 causal SNPs with large effects on both traits in each region, 20
regions with weak LGCs and 10 causal SNPs in each region, and the rest
regions without LGCs and no causal SNPs. The causal SNP effects in the

5 strong regions were simulated by βij � MVN
0
0

� �
;

0:1 covgij
covgij 0:1

� �	 

and the LGCs of these regions were obtained from U[0.5, 0.9]. The causal

SNP effects in the 20 week regions were generated by sampling from βij �

MVN
0
0

� �
;

0:005 covgij
covgij 0:005

� �	 

and the local genetic correlations were

obtained from U[−0.05, 0.05]. In all scenarios, the integrated genetic cor-
relation over all these regions should be in corresponding to the global
genetic correlation. The residual correlations were set to be 0.2 in all sce-
narios. The parameter settings for the three scenarios are given in Supple-
mentary Table 1. It should be noted that the global genetic correlation is
equal to the mean of the local genetic correlations because we assumed the
variances of all causal SNPs were equal. For every parameter set, 50 repli-
cates were carried out.

Real datasets
Three real datasets were used to evaluate the performances of the proposed
models. A summary of these datasets is shown in Table 1.

Human dataset. The human dataset was from the UK Biobank (http://
www.ukbiobank.ac.uk), which contains extensive phenotype informa-
tion from approximately ~500,000 individuals aged between 40 and 69
years old19. Considering computing time, we random selected 10,000
individuals of white British descent. These individuals were genotyped
with UK Biobank Axiom Array and UK BiLEVE Axiom Array, as indi-
cated by UKB Data-field 1001, and the genotype data was imputed to
sequence data by the UKB analysis team using the whole-genome
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sequence data from the Haplotype Reference Consortium33 and the
UK10K project34 as the reference panels. We conducted quality control
for the imputed genotype data using plink1.9 and filtered SNPs with a
minor allele frequency (MAF) ≤ 0.05, or with a P value ≤ 1e-6 for Hardy-
Weinberg equilibrium (HWE) test, or a call rate <90%. After quality
control, there were 7,798,091 SNPs remained for further analysis. We
analyzed three traits for these individuals, i.e., high density lipoprotein
(HDL), low density lipoprotein (LDL), and triglycerides (TG). There
were no missing phenotypic values for the three traits for all individuals.

Cow dataset. The cow dataset consisted of 6649 Chinese Holstein cows.
All cows had official estimated breeding values (EBV) of the Chinese
Dairy Association for three milk production traits, i.e., milk yield (MY),
fat percentage (FP), and protein percentage (PP).We converted the EBVs
to de-regressed proofs (DRP) using the method of Garrick et al.35 and
used DRPs as pseudo phenotypes for these traits in the subsequent
analysis. These cows were genotyped with different types of SNP chips
(Illumina Bovine SNP50v1, Illumina Bovine SNP50v2 and GeneSeek
Genomic Profiler Bovine HD). We imputed all chip data to whole-
genome sequence data using Beagle536. The detailed imputation proce-
dure is described in our previous study37. After quality control for the
genotype data in the sameway as for the human dataset, 11,106,834 SNPs
remained for the subsequent analysis.

Pig dataset. The pig dataset consists of 2794 Duroc boars and all of tem
had phenotypes on three traits: backfat thickness at 100 kg (BF,mm), loin
muscle depth at 100 kg (LMD, mm), and lean meat percentage at 100 kg
(LMP). These animals were genotyped with low-coverage whole-genome
sequencing at a mean depth of 0.73× and imputed to high coverage
sequence data. The detailed information about the phenotype and gen-
otype data is described inYang et al.’s study38. After quality control (in the
same way as for the human dataset), 9,913,155 SNPs remained for the
subsequent analysis.

Evaluation of accuracies of genomic prediction
For each dataset, we performed 10-fold cross-validations to assess the
accuracy of genomic prediction based on themodels defined above. For the
simulated data, the accuracy was assessed by rTGV ;PGV , i.e., the correlation
between the true genetic values (TGV) and the predicted genetic values
(PGV) of the validation individuals. For the human and pig datasets, the
accuracy was assessed by ryc ;PGV , i.e., the correlation between corrected
phenotypic values (yc) and PGVof the validation individuals. The corrected
phenotypic values were calculated as the original phenotypic values cor-
rected for fixed effects (e.g., sex, age, and year-season). For the cow dataset,
the accuracy was assessed by rDRP;EGV , i.e., correlation between DRP and
PGV of the validation individuals. We repeated the cross-validation 10
times for each scenario.

Statistics and reproducibility
The statistical analyses were conducted in Python version 3.8.5, or various
command line tools as described in theMethods section. This study utilized
three datasets: human (10,000 individuals), cow (6649 individuals) and pig
(2794 individuals). For the simulation study, 50 replicates were conducted
for each parameter set. In the real dataset analysis, genomic prediction was

evaluated through 10-fold cross-validation with 10 replicates. The more
details of statistical analyses, sample sizes and replicates were described in
the Methods section above.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Data availability
The individual-level genotypes and phenotypes of the human dataset are
available through formal application to the UK Biobank (http://www.
ukbiobank.ac.uk). This research has been conducted using the UK Bio-
bank Resource under Application Number 87771. The individual-level
genotypes and phenotypes of the cow dataset are the property of the
dairy farmers of China and, thus, are not publicly available. The
individual-level genotypes and phenotypes of the pig dataset are available
at https://doi.org/10.5524/100894. All other relevant data are available in
this article and its Supplementary Information files. Supplementary
Data 1 provides the source data behind the main figures in the manu-
script, and Supplementary Figs.

Code availability
The code for running LGCmodels can be found at GitHub (https://github.
com/Tengjun0520/lgc_genomic_prediction) and Zenodo (https://doi.org/
10.5281/zenodo.14836967)39.
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