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Abstract Results

Capsicum spp., commonly known as chili peppers, are widely cultivated and economically Expressi on and variation patterns

important horticultural crops. With numerous varieties of peppers existing worldwide, each

possessing a unique taste and preferred by indigenous populations, selecting a specific pepper (A) SmmmmmmmzEmmmmmssmmsszmmmmssmsszmmmmssmmszzmmmmsss smmmmsmmmsmmmmmmmEEE R
variety for breeding and cultivation based on pungency characteristics has been challenging. . uwoomm” "R FREEE L
Although various molecular markers have been proposed for assessing pungency, many lack B e E
specificity. Moreover, environmental stress factors such as temperature, moisture, and nutrient &= &=/

levels can also influence changes in pungency characteristics. To address these challenges, this (B)r= ___________ %._EE_ _______________ __§___§_§=_§_§§§§§_§§§_§§§_-

study utilized RNA-Seq-based genotyping and phenotypic data combined with machine learning === ==y B s e = T
techniques to predict pungency characteristics. A set of 23 single nucleotide polymorphisms e e e g

(SNPs) showed strong associations with pungency and exhibited high classification potential, NS =" ——one . T s 1 B " -

achieving an accuracy of 95%. Additionally, the association of capsaicin biosynthesis, g e TR AN = = | ]
particularly with the Punl gene, was validated using novel non-polymorphic primer regions. This 58 -pu-= fgusgete gl Spugeti Boml =, - |-l - -

machine learning model, utilizing only 23 SNPs, can effectively predict pungency characteristics = Eﬁfs;: fg B fE o= ? = E%E;E%EEE §§ = §§§§§§§§§§§

in new samples, aiding breeders in trait selection. Furthermore, this approach can be extended to = T T £ = = EEq my Sl —F f o« femj -

other breeding objectives and traits beyond pungency. = = D= = 0 .- -—CoE=. Be= EECReE

Mate ria lS &M ethOdS Figure 2. Expression and variation of genes predominantly over-expressed in the pungent line.

* Samples : 70 peppers were divided into three groups based on the level of pungency (A) Heatmap represents normalized transcripts per million (TPM). Expression thresholds for Punl were set at TPM = 0.3

and read count = 5; (B) All 112 variations found in four over-expressed genes are marked as homozygous reference (blue),

homozygous alternative (orange), heterozygous (green), or missing (white). Blue and red arrows indicate SNPs located in
regions amplified by pre-developed Punl-derived marker, respectively.
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Figure 3. Comparison of pungent and non-pungent using pre-developed marker.

Alignment postprocessing (A) The figure shows the expected polymerase chain reaction (PCR) product sizes for pungency. “P” stands for pungent

(GATK4 v4.2.6.1) and “NP” stands for non-pungent. DNA band corresponding to general non-pungent shows 800bp, and 450bp in case of
l pungent; (B) Genetic variation in Pun/ in non-pungent lines. Green bold arrows indicate primers (forward, reverse) and
gray triangles represent a deletion of the forward primer mapping region. Blue and red arrows indicate SNPs located in
Base quality recalibration regions amplified.
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