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Deep learning for genomic selection in forest trees: applications and challenges
from high-dimensional features to multi-objective optimization
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(1. Research Institute of Subtropical Forestry, Chinese Academy of Forestry, Hangzhou 311400, Zhejiang, China;
2. State Key Laboratory of Tree Genetics and Breeding, Chinese Academy of Forestry, Beijing 100091, China)

Abstract: Forest tree breeding is characterized by long cycles, high heterozygosity, and significant genotype-
by-environment interactions. Traditional genomic selection (GS) models face limitations when dealing with
high-dimensional small-sample data and complex non-additive effects. Deep learning, with its nonlinear
modeling capability based on multi-layer neural networks, offers new approaches for dissecting the complex

relationships between genotype and phenotype. This technology has been widely applied in crop GS, and
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various models incorporating attention mechanisms and lightweight designs have been developed. In
addition, joint modeling of multi-omics and environmental data, as well as the construction of selection
indices for multi-trait synergistic optimization, are emerging as research hotspots. However, for forest tree
breeding—characterized by long-term environmental interactions, highly heterozygous genomic
backgrounds, and multi-objective selection demands—the adaptability of deep learning techniques and their
integrative frameworks have not been systematically reviewed. This paper reviews the applications of deep
learning in forest tree GS. The main contents include: (1) the evolution of genomic input features from single
nucleotide polymorphisms to k-mer and graphical pan-genome node types, along with associated
computational challenges; (2) modeling methods for multi-omics and environmental data; (3) structural
characteristics, applicable scenarios, and hyperparameter tuning strategies of mainstream deep learning
models; (4) the theoretical progression from single-trait genomic estimated breeding value prediction to
multi-trait selection indices. This review also analyzes current major challenges, including data sparsity,
model overfitting, and insufficient interpretability, and identifies transfer learning, semi-supervised learning,
and mechanism-guided modeling incorporating biological priors as potential solutions. Finally, we envision
the further integration of high-throughput phenotyping with deep learning and propose the construction of a
smart breeding platform that integrates multi-omics data management, automated analysis pipelines, and
breeding decision support, thereby facilitating the transformation of forest tree breeding toward genome-
wide intelligent design.

Key words: forest tree breeding; genomic selection; deep learning; multi-omics integration; selection index;

intelligent breeding

MRARAE N T AR B AR BRI, A 4EHR AR A P A
SCPERR Tl 5 T B A ) R A B e TR 4
BRAGEASAL 5| R B PRI il S50 AU, E ] 3
Bmres i BT s AR AHT R, CROR IR R
SR e oo TR AL E 53593 11 0B R 7) B b NN T 7 N
AR 3k B A AR TR BR AR vy K B B 8 K S5
ko HbAk, PRAE PR 2H 8 ok B2 & B ey, E AR
& N JE B AN “F- 47 (linkage disequilibrium, LD) % ik i
W, T B AL AR R AT AR R MROK (1) 2 224 T
PEAR Cln A 2 AR B RR PR 2 8 52 2R i 3l
PEAR, Sl 2 FE G TS, FHRER KR E A
2 BB R B SRS BAE SO e BT RI s
FE TR A B FR 10 B SR IS NI E A% 1 R A R 1
PRI, e LA A2 PROEE [7) B A 75 3K

R RBEARA G AT M R BR B, 47 bR 4
Bl i% $¥ (marker-assisted selection, MAS) ¥ F T -1
g, RUIE & A7 5 B B MR O I B2 1t R A7 A1
(quantitative trait locus, QTL) #4174 Bhik 0. (HTE
MR M Sz by, 428 1) 52 2 R ) BRI ) FE AN ]
VR EIREAR AN IR iR DL F 50 0E, S50 MAS MEULH
BAHEBN AR AR AL R o A% 1 2 25 1A 30 A v AR AT
2B R B LA /N 0 R, P i R s, A 45 44
D BOARAC BIA% G853 B 7 Ve CAHERR AT PROR B2 2 3R
R A% B il o B XTI — HOR R, A B DR 2 ik
(genomic selection, GS)VER—FhAlk i 71 1 & Fpofk

WA AR . GS A T Tide A QTL AP IR, Hk
) FH A i 2 e DR 2 1) v 8 P B A AR 0 B R B
ARIEAT T o 308 5 75 4 e A B A 1) 2 DR LA
11 & Fi{E (genomic estimated breeding value, GEBV),
GS fie % 5 78 77 R Ik 22 5 R R s AR A5 2, A
T B2 v 38 A 30 28 I 0 B g R H AT, GS #
KR R CB AR, 784 (Bos taurus)!"" J#& (Sus
serofa)!" MEE B U LK (Glycine max)' 0, oK
(Zea mays V""" IKFE(Oryza sativa)*"\, 1642 (Arachis
hypogaea)* VERAEY) G RIS T B L8
K, GS HARZ W R T MK F Bl &k, 7 Fe
(Eucalyptus spp.)P? KIEKA (Pinus taeda)™ WL =
12 Picea abies P ZEIM B (Populus deltoides)> %),
I AN (Pinus massoniana) ™"V B AR, DK
KR (Elaeis guineensis )™ 1115 (Camellia japonica)™
L4 ¥ (Litsea cubeba)™"V55 48 5t A i i Bl D A 4 1
B TR, MW AR B B YR 5 &
S PR P T 7 A B ATk 0.55 ~ 0.881, K E A AR
KR B TR B 2 v T 0.20 ~ 0.50 2 [H]>), fE4F
I I A T e i v VAL TR i 1 S
GS Xf AR %5 45 iy 18t A% 1 AR 1 F50I0 AT AT 1
FESE N B GS A 7T, B AL i 4% 1 Tl K 2
B il 07329, peAh, RN T/ GS AT FTle, B
TR BBE 5 SR 6T i S A 0 TN v A A e
# 0.78.



% 6 3] LA YlE

2 PR BE S A TEMOR e S BRI GE 26 P O B S5 ke A EARFAE 2 2 H b ififl 11

e 43 3 T S5 SO R A1 8 ) 2 1k 4t T A Y

(i GBLUP K UL 22 51 5592, AE MR & F b i
I 3 AN COMRAHE K2 % & B2 & s LD ZE R,
FEARICHE B AR “RdE/ MEART 51T, HELL
AR S VAN B VRS AR IV RN Y, (2R G
BRI B 11 AL b md 55 RAR &, iR BRI K
I 8] PP 51 (0 = 5 e, Mk DL 2 2 AR AR AR OR
PR RN R SRS AR AR #TE
PLiaE 2R Z AFAE AR O 0%, HA PR W
RARLNE, LA PEIREOE LS 2 B AR R R .
TR PE 5 BV AR L At L B R A =)
PRARFALE B UMY 2 0 WL B0 7 o3 a5 RE 0, N
fif ok _EIR AR TR E iR ARG TR
FEEESIIEMOR GS B s it g, LRSI T 4
ANT5 T EIT (B D CORFERALIE, 70 A B
MENZ R % 25 1% (single nucleotide polymorphism,
SNP) [i] k-mer K 72 5 A5 A2 a5 51+
et (OB, RIS 57 0 28 5 22 73 S AR tn e
B SENA S, DA BIREATERS &
s (3R, Pk CNN. Transformer %5455 78 78 Ak
ARPFERZA T HGESEORI SZ i I RR: (OF
TR Z 3R I fe) 4 22 IR GEBV e 4k 2 4k
IR 40 1% % 45 £ (linear genomic selection index, LGSI)+
IR ik $F ¥ #1 (quadratic genomic selection index,

SRR S )

1. Rz (CNN)

2 2 JR IR AS 2N S G A SRR
2. KA AL ( GNN/Transformer )
Z i BE 2 B AR, f#ATG x E HAR
3. L

REFR Y B AR
4. ZRETG

FHEDFHE R AL B A= 2]

= N
JEPR 20 B4k RE6Ee 1 v
L BT RRAE S AR 1 T[A[C]G[AIG[C]
{#2¢ ( SNP/Indel ) LA CG jemerl

LACG jkemer2
2. 45755 (SV/ICNV )
2 o
3. k-mer O—O—0—0

4 FIERAI ( ﬁvﬂs/m
L O0—0—-07 )

Z - HE

g CRAKT ) RARAL (RATIE) A R 1

R (R ) AL CRIEE) X S XA, .
(578 B || o B e
LSRN Kokl o

2. R/ ) A l G ERUY E e an
(3. s g E e=Y Xa d

G A

1. A R GxEIff

@® 2 ’@ﬂ

2. frif i R A

QGSD LK sl vaikiZ £ (optimal contribution selection,
OCS), LI AR M SR Rk R . &5,
ARSCor M T AT R A 5 T AR T W PP S
TE R EAAROR 42 B R 40 3 e 0T H & F T S 3R At 5 12

1 Xkt & 5 ik 77 %

AL LL Web of Science. PubMed. Google Scholar
Lo [ A O 2 R 2R R 2 e BRI TR SE [
2015 £ 1 & 2026 £F 3 [ o JE30K R KB A IS
“forest tree genomic selection”

“deep learning genomic
prediction” “multi-omics genomic prediction” “k-mer
“graph pangenome
index”
contribution selection in forest trees” ; H 3G 2R S 4
T ELHE MR A BRI A B VR P 2 = B R 26 ™
“CHFEREEEM KR EFRE . VI3
ARG OCHR 564 46, 28 L HIFRIAR 428 F . Ll kAR
TR 22, FIFBR 5 UG R I SCHR 226 F s 1 — 2 B
TG, AR 81 4 -
SCHRAAAFRAELD T (1D PLAROAR B 2 A2 AR AR A
WV Rnt Gty 4 B R 2k B SR 9T s (20 BLRAEP R
BEAXNGR, HFrRTEN A GS BA i 2
ENEMB T GOV RIRE ] ZHP RS

ORI
RERIPPAL
1. 3SR (AMA/E R/ )

538 LEIE
10 f558 L HiE

2. ZHN . ZHURRIE

$ 2% &

genomic prediction” in plant

breeding” “genomic selection “optimal

ARV
1. AR e

2. el Tkt (OCS)
3. BHEE HAREAL
o IESCHH o BT

WL 78
A B N
3. BSHEARBRIIE @ c
(2N
$-8-8 —
AFME SRR
Gy G, Gs
L ARE R E T
PEM bR 2. A

1. W ERftE: R, MSE. MAE, Bias
2. fEFRLAE: SpearmanBiARX: . Top%firh

3. BEpAE L i T

3. %E& BRI R AR EAYIE

HEME
1%

T FAER

4. TfEREE: TERIAGE . SHAP fH, $HE Bk BR

N ; iERE
k\& 221} [l £ A imﬁg.fﬂ,;gg/ e
A GS s kY [ ]

1A S A REARTRYERE 3. s R /’14 4.Gx E Tiff L NPT 2 BB A TR e 3. RSk 4. ZRUSELS L i RAmE 2 WEENTE

. . LIRS AR —— . BOBESHE | EEARIEL . S
TeAmy | g cdivtes | wwese || SUCGWAY | SSURARE | emwow ROEUE|| wuewmr b
e e hiaat 5 AR Z AL B : [ poRE = ST A Z IRERE

Z BB A T3, Gt frridi K'E R Gl SIEmfk zfk S ﬁﬁéﬁ,s

B ETURIE S S Mo A AL S A

Fig. 1

A deep learning-based multimodal fusion framework for genomic selection in forest trees
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ez .
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Tab. 1 Potential application scenarios of different deep learning architectures in forest tree GS
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AL B, KM 12 NMERZEM— AN EEs:
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Tab.2 Summary of representative deep learning models for genomic selection

Y 42 F5 Bt 4 EZIE GxE BN RATE 7 22 CH/PMID
DeepGS 1D CNN +FC = = BUK YIRS h PMID: 301013995¢
DNNGP CNN +BN + FC 2 & g O A STHIE PMID: 36366781%"
SoyDNGP CNN + CA 7:'? i B TEVRIESE h £ PMID: 3782473957
GPformer CNN + Transformer + KGM & & =1 EPIESE R 3 PMID: 380581855
DeepCCR 1D CNN + BiLSTM + FC E\ & g TEYIIESE PMID: 388056251
Cropformer CNN + MHSA i 4 BE YEYIIEYE 3= PMID: 3969073954
DPCformer Res-CNN + MHSA i i [ TRENAAESE arXiv:2510.086620"
GEFormer gMLP + ODConv + CrossGatedMLP ED P I TEYIIESE PMID: 398815411
MeNet RepGeno + VE + CIFF i & BiE YEYIIEYE 3= PMID: 41267404
PKDP Dual-path CNN + FC % o i EA MR STHIE PMID: 41229065""

VE: ID CNN.—4EB M A M %% FC.AER)ZE; BNALE T — 46 CAARFRER SIHLE]; KGM.U AR 5] SA L ; BILSTM. XU [ K 5 #1012 4% 5
MHSA. £ 3k HiE R I ; Res-CNNARZE G TN Z 265 gMLP. [ 148 % JZ B AIHL; ODConv. 2 4E5 &4 CrossGatedMLP. B A X[ 145 )2
RepGeno. & XF F 2% =) [ 5: R BURAE AR B VE AR i AL CIFF. 22 X5 BAFAE LA B0 ; Dual-path CNN. S /245 B4 M 4% . DPCFormer
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