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Phenotype—-Based Prediction Model for Maize Ear Weight
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Abstract: To develop an accurate prediction model for maize ear weight, and provide a certain level of decision support

for high-y

ield maize breeding and precision field management, in this study, 32 phenotypic(agronomic) traits—covering four

categories(flowering time, plant morphology, ear—leaf traits, and ear characteristics) ~were measured across 281 maize

recombinant inbred lines. Multiple linear regression(MLR), random forest(RF), support vector machine(SVM), and artificial

neural networks(ANN) were employed to construct a prediction model for maize ear weight. Models were optimized through

hyper—parameter tuning under different training—testing splits and evaluated for their performance. An ensemble-mean model

was subsequently generated to integrate the individual predictions, which was also applied for analyzing the key contributing

factors in maize ear-weight predictions. The results showed that model performance varied after hyper—-parameter tuning: RF

and SVM remained robust between training and test sets, whereas ANN relied on sample size, which was prone to over—fitting

at smaller

training sizes(50%-70%) but showed markedly reduced errors at an 80% of training fraction. Although MLR
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generally achieved lower goodness—of-fit than the non-linear models, it still delivered reasonable predictive power. Across all

splits, the ensemble-mean model outperformed or matched the best single model. With an 80% training fraction, the ensemble—

mean model based on ear traits—where grain weight was the dominant contributing factor—achieved the best performance(R*=
0.95; RMSE=7.6 g; Relative RMSE=5%). Models constructed from plant morphology traits(e. g., plant height, tassel

length, ear height) showed moderate accuracy(R? is about 0.34), but could support early—stage prediction of ear weight. Models

relying solely on flowering or ear-leaf traits had limited predictive ability(R*<<0.11).

Keywords: maize; ear weight prediction; agronomic traits; machine learning; hyper—parameter tuning; model ensemble
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Fig.1 Monthly mean temperature and monthly precipitation at the experimental site in 2022
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Tab.1 Agronomic trait analysis of maize inbred lines(n=281)

i H PPN He/ME RRAE - HH AR5 R E %
Item Agronomic traits Minimum Maximum  Average value (2%

FFAE i /d Days to tasseling(DTT) 65.33 77.00 71.57 3.06
Flowering w41 /4 Days to pollen-shedding(DTP) 69.00 80.67 74.52 2.84
nk 223 /d Days to silking(DTS) 69.00 80.67 75.17 2.99
R # # /cm Plant height(PH) 127.42 340.38 270.84 11.36
Plant morphology g s, e /e Ear position height( EPH) 58.84 147.71 113.61 13.41
M H %0/ Number of leaves above ear(NLAE) 5.38 9.40 7.07 8.34
AL 5 K80/ 4~ Tassel branch number( TBN) 1.56 25.78 10.49 36.07
JEAE E K /em Tassel length(TL) 21.54 39.67 30.67 10.09
T I R 1 01K /em First leaf length below ear(FLLBE) 54.03 109.72 90.77 10.40
Earleaves gy ppnt- 9 /em First leaf width below ear( FLWBE) 6.96 14.06 10.77 11.14
B K /em Leaf length positioned at ear(LLPAE) 49.61 103.43 85.19 11.08
FHALIT 98 /cm Leal Width positioned at ear(LWPAE) 7.22 14.02 10.77 11.21
B | 132 ff1 /° First leaf angle above ear(FLAAE) 17.86 44.49 25.51 14.95
10 rf K /em First leaf length above ear(FLLAE) 46.00 97.09 77.89 11.56
Bl b 1M -98 /cm First leaf width above ear(FLWAE) 7.12 13.97 10.65 11.39
T E 10 & ALK /em First leaf tip to ear height(FLTEH) 46.00 89.44 67.51 11.89
FHE 2mnF g2 /° Second leaf angle above ear(SLAAE) 16.04 37.79 24.56 17.02
B E 211K /em Second leaf length above ear(SLLAE) 43.87 89.86 69.82 11.93
T | 21195 /em Second leaf width above ear(SLWAE) 6.73 13.67 10.26 11.71
[ 255 05 K /em Second leaf tip to ear height(SLTEH) 43.70 80.39 62.02 13.12
B I 33 1 /° Third leaf angle above ear(TLAAE) 15.31 39.03 24.37 18.23
I 30 if K /em Third leaf length above ear( TLLAE) 40.14 80.81 61.98 12.43
Bl | 3155 /cm Third leaf width above ear(TLWAE) 6.11 12.94 9.55 12.29
T E 3R A K /em Third leaf tip to ear height(TLTEH) 37.97 76.01 56.03 13.28
K /em Ear length(EL) 8.63 21.41 14.95 12.35
47 ¥t Ear row number(ERN) 12.40 21.60 15.44 11.01
T34 Grains per row (GPR) 18.58 45.33 30.95 14.49
HUHL/em Ear diameter(ED) 3.64 5.62 4.65 7.02
if RS /g Hundred grain weight(HGW) 13.02 43.22 29.92 17.23
Fe4 K S /em Barren tip of the ear(BTE) 0.00 2.58 0.63 78.69
ML /cm Ear axis diameter(EAD) 2.24 3.49 2.80 8.07
KB4k /g Grain weight(GW) 30.80 241.56 119.11 29.47
FUT /g Ear weight(EW) 43.10 281.86 148.63 26.58

22 BMBSHEERERRH FH(MLR) B (3£2) . RF AR S 508 LA

221 HERRMESKREE BRI RES X R B U R TP A g R A R IR
4 10 fold 28 G IE , 3 F FT A PR 3545 A R )1 25 (Max _depth) , % /> it e 356 44 %50 i (N _estimators) ,
P T SRR REESE IS Zo0g . RLE/NRY T 5 R4 Fe /N AR B (Min_samples
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Tab.2 Hyper—parameter tuning results based on all trait models and the multiple linear regression models

Y4 H
Bl/% B R0 4 f 1) 2 B0
Training Model Optimal parameter settings for models
fraction
50 MLR  EW=—1.64DTT+0.59DTP+2.00DTS+0.61PH—1.87EPH—0.50NLAE+1.41TBN—0.67TL—1.36 FLLBE+
6.78FLWBE+7.93LLPAE—7.88LWPAE—2.96FLAAE—5.16FLLAE—2.82FLWAE—0.01FLTEH+1.59SLAAE—
4.75SLLAE+5.92SLWAE—0.24SLTEH+0.66 TLAAE+4.03TLLAE—1.95TL WAE-+0.65TLTEH+0.98EL+
3.60ERN+3.43GPR—0.15ED+6.23HGW —0.0046 BTE+1.44EAD~+30.69G W+ 147.86
RF R KRB =10, 0735 g/ INREA B =2 35 S R0 43 T 5 1 J5 /INRE AR B =2, P SR W 30iE = 350
SVM  IEN{ 2 50=10, % s 7 BT =0, 7% R 3 R 50=0.000 1, #% i 4 =linear
ANN 0% R g =tanh, IEM AL 2 50=0.1, B2 K /h=(100,50) , ¥ 1f 2% 2] £ =0.000 1, ffb 5k =sgd
60 MLR EW=—1.33DTT+0.57DTP+1.66DTS—0.85PH—0.92EPH+1.17NLAE+1.13TBN—0.57TL —2.28 FLLBE +
3.10FL WBE+9.05LLPAE—0.60L WPAE —0.94FLAAE—8.18FLLAE—5.14FL WAE+1.31FLTEH+1.05SLAAE —
3.55SLLAE+4.11SLWAE—0.95SLTEH—1.09TLAAE+5.87TLLAE—1.51TLWAE—0.80TLTEH+0.76 EL+
3.01ERN+4.07GPR-+0.78ED+6.96HGW~+0.17BTE+1.41EAD+30.65G W+ 148.20
RF SRR =15, M35 s/ MR AR R =1, 3 2R 40 i 55 10 dne /INBEAR B =2, D S A i =50
SVM  IENMEZH=10, % R #5000 =0, #% pR R $0=0.000 1,4 pFi L =linear
ANN ¥ i s =tanh, IEW{E S 50=0.1, BZ K /h=(100,50) , #1 4 2% 2] F=0.000 1, 1L B 1% =sgd
70 MLR EW=—191DTT+2.02DTP+0.84DTS—0.71PH—0.70EPH+0.7INLAE+0.98TBN—0.53TL—2.16 FLLBE+
3.76FLWBE+7.83LLPAE—1.69L WPAE—1.39FLAAE—7.77TFLLAE—5.06FLWAE+1.05FLTEH+2.06SLAAE —
1.76SLLAE+3.97SLWAE—1.28SLTEH—1.76 TLAAE+5.17TLLAE —0.85TLWAE—0.53TLTEH+0.51EL+
3.31ERN+4.44GPR+0.09ED+6.96HGW +0.36 BTE+1.72EAD+31.09G W + 148.42
RF KPR =10, M35 s d /MR AR B =2, 7 280 50 I 75 10 35 /AINBE AR B =2, e S A 40 =50
SVM  IEM{EZ8=10, %% s & B0 =0, 7% R 3K R 50=0.000 1, #% PR =linear
ANN i s —=tanh, IEM{E S 5=0.1, BZ K /h=(150,100) , F1 4 2¢ > £ =0.000 1, i b5k =sgd
80 MLR  EW=—156DTT+1.62DTP+1.03DTS—0.59PH—0.83EPH+0.62NLAE+1.00TBN—0.42TL—2.03FLLBE+
3.72FLWBE+6.29LLPAE—1.31L WPAE—1.78FLAAE—4 4AFLLAE—4.80FLWAE—0.06FLTEH+1.99SLAAE—
3.75SLLAE+3.64SLWAE—0.40SLTEH—1.69TLAAE+4.99TLLAE—0.99TL WAE—0.56 TLTEH+0.67EL+
2.64ERN+4.21GPR+0.46ED+6.10HGW+0.12BTE+2.00EAD+32.03G W +149.55
RF SRR =15, 07 sSR /MR AR B =2 , 15 2530 53 T i (9 e/ NRE AR 0= 5, PSR W 45 ik =200
SVM  IENWESH=1, % R B0 #8000 =0, 2 R B R $0=0.000 1, ¥ pfi $=linear
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