Yield Prediction Using High-throughput Phenotyping in Wheat Breeding
KANSAS STATE Nurseries in Bangladesh

Mohammad Mokhlesur Rahman'?, Jared Crain!, Atena Haghighattalab!, N C D Barma?, Ravi Singh?, and Jesse Poland!*

UNIVERSITY IDepartment of Plant Pathology, Kansas State University, Manhattan, KS 66506, USA, “Bangladesh Agricultural Research Institute,

Bangladesh, *CIMMYT, Mexico, ‘Wheat Genetics Resource Center, and Department of Agronomy, Kansas State University, USA

Introduction Results and Discussion Results and Discussion cont.
* A 2% genetic gain 1s required to satisty Heritability ranged from 0.20 to 0.93 1n different traits. The highest Adding more traits increased prediction
wheat demand by 2050. heritability was observed 1n days to heading in both the years. The accuracies across the years. Also, among the
* A primary selection target for wheat heritability for NDVI was more consistent than CT across the years. statistical models, ridge regression showed the
improvement is grain yield. Grain yield heritability was recorded from 0.2 to 0.79. highest prediction power than any other
* Selection for yield 1s limited by cost, land, statistical models deployed. Both NDVI and CT
labor, time, etc. 1.0 - 1.0 - together can increase the accuracy up to 0.81.
* Yield can be predicted by secondary traits ..0.8- Grain yield 2016 . 0.8- Grain yield 2017 Adding other agronomic traits increased the
like vegetation indices like normalized = = | prediction to 0.88. The results were consistent
. .. 5 0.6 5 0.6 .
difference vegetation index (NDVI) and I 04- g both the growing seasons.
canopy temperatures (CT). G 5
d T 0.2- T 0.2- _
l Number of superior
_ ?9??9 0.0 - 0.0 - P lines is 133 in
9 ™ N OO < IO O NN 0 O 2 T AN OO OMNOWOWOO ™ O 2016 growing
™ - c
- © _ 909 Trials Trials = y season
= O . . i . . o S._
- Fig 3: Broad-sense heritability of grain yield in different trials. Left and right panel s -
= ] show heritability from 2015-16 and 2016-17 growing season respectively. Z -
C\! - o - I I I I I |
o 0 1 2 3 4 S
| | | | | | | | | | | | | | Correlatin accuracy using NDVI 2016 Correlation accuracy using CT 2016
36 53 069 84 99 il Al o S VR P V— Grain yield (t/ha)
Days after sowing 0441 0.747 0.777] 0.74 L | 024 0.69 ] 0. ?‘ 0.69 s
- o i o | OlEPWISE % % % % X Xk A o e * % * % e e ~
Fig 1: Frequently measured NDVI throughout the growing | . ] 059 1 059 | 0.9 | | 035 | 035 | 034 Number of superior
season 2016-17 W g ] 10.971099' # 09810997 | g S lmesistsoi
Laull o Miche e [ o ] il i k . *- 3 q=) N 2017 growing
g d g _d""““|",,,h= | o 96| ° T o_g*é S | season
Obijective ) 5 =B " ElagficNet[ = ElasfENet |- | O o -
To monitor plant growth and estimate grain 1o 20 30 4o 's | 25 a5 s 25 s 1o 20 30 4o 's 20 25 so Z -
yield using secondary traits like NDVI, and o _
CT, and other agronomic traits. Correlation accuracy using agronomic traits 2016 Correlation accuracy using all traits 2016 6 "Il é é zll, é
: R 5 10 88" * T 7587 0 a3 o g49° e Grain yield(t/ha
Materials and Methods 0. ’ Ofg 0.8 Ojkg S 0.8 Ogg 08*§ 3 y ( )
. <Jgsre | | 0. 64 065 065 = 0.75 ] 0.75 Fig 5: Histogram showing lines outperformed the check
Plant material 2 N I 1% -] _ e .
. . g e LASSO 0 gg - 09370 g7": varieties (vertical bar).
A set of 660 spring wheat lines were evaluated _:.|||||||II||||....,._,,,_ I - b | 2 =

o J96°

1.5 3.0
[ I

1.0 25 40
L 11111

in the Regional Agricultural Research Station,
Jamalpur, Bangladesh.

e Conclusion
J( }M? - The statistical models varied in predicting yield.
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Wheat lines showing superior grain yield than
the check were ranked 1n order. Fifty three of
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