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Abstract
Background  Sunflowers (Helianthus annuus L.), a vital oil crop, are facing a severe challenge from broomrape 
(Orobanche cumana), a parasitic plant that seriously jeopardizes the growth and development of sunflowers, limits 
global production and leads to substantial economic losses, which urges the development of resistant sunflower 
varieties.

Results  This study aims to identify resistance genes from a comprehensive transcriptomic profile of 103 sunflower 
varieties based on gene expression data and then constructs predictive models with the key resistant genes. The least 
absolute shrinkage and selection operator (LASSO) regression and random forest feature importance ranking method 
were used to identify resistance genes. These genes were considered as biomarkers in constructing machine learning 
models with Support Vector Machine (SVM), K-Nearest Neighbours (KNN), Logistic Regression (LR), and Gaussian Naive 
Bayes (GaussianNB). The SVM model constructed with the 24 key genes selected by the LASSO method demonstrated 
high classification accuracy (0.9514) and a robust AUC value (0.9865), effectively distinguishing between resistant and 
susceptible varieties based on gene expression data. Furthermore, we discovered a correlation between key genes 
and differential metabolites, particularly jasmonic acid (JA).

Conclusion  Our study highlights a novel perspective on screening sunflower varieties for broomrape resistance, 
which is anticipated to guide future biological research and breeding strategies.
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Introduction
Sunflower (Helianthus annuus L.), one of the most exten-
sively cultivated oil crops, faces severe threats from 
sunflower broomrape (Orobanche cumana). Sunflower 
broomrape is a holoparasitic angiosperm classified under 
the genus Orobanche in the Orobanchaceae family [1]. 
It parasitizes sunflower roots by connecting to the vas-
cular tissues and absorbing water and nutrients from 
its host, severely impacting sunflower growth and even 
leading to plant death, which can result in serious yield 
losses [2, 3]. It is challenging to control sunflower broom-
rape in the field. However, the current preventive mea-
sures for sunflower broomrape remain quite restricted, 
focusing primarily on biological control [4], chemical 
control, physical control, and agricultural management 
strategies [5, 6]. Identifying resistance genes and devel-
oping resistant varieties are regarded as the most effec-
tive approaches to control broomrape [7, 8]. The genetic 
resistance of sunflower to broomrape is primarily medi-
ated by major resistance genes [9, 10]. However, owing 
to the rapid evolution and genetic diversification within 
broomrape populations, novel virulent races continue to 
emerge. Consequently, this necessitates the ongoing dis-
covery and characterization of new resistant gene can-
didates to maintain durable resistance in sunflowers [11, 
12].

Machine learning is increasingly utilized in agriculture 
to assist with plant breeding and resistance screening 
[13–16]. The application of machine learning algorithms 
for Genomic selection (GS) breeding allows for the inte-
gration of genomic data and phenotypic information, 
enabling the prediction of phenotypes from genotypes 
[14, 17, 18]. It significantly improves the accuracy and 
efficiency of screening for resistant varieties [19]. The 
rapid progress of high-throughput omics technologies, 
such as transcriptomics and metabolomics, has led to the 
generation of larger, more complex, and noisier datasets 
[20, 21]. The heterogeneity and noise in these biologi-
cal datasets compound the difficulty of analysis [22, 23]. 
Machine learning algorithms can process sophisticated 
datasets and identify key traits in plants, enabling more 
effective breeding programs and providing an efficient 
strategy for developing new varieties [24, 25].

Heike Sprenger et al. selected transcripts and metabo-
lites from leaf samples of various potato varieties and suc-
cessfully predicted drought tolerance in unstressed plants 
using a machine learning approach. This method simpli-
fies the need for time-consuming and expensive drought 
stress experiments [26]. Xiaoxi Meng et al. trained a 
supervised classification model to identify genes that are 
transcriptionally responsive to cold stress and also per-
formed cross-species prediction, which was accurate for 
cold-sensitive and cold-tolerant species. These results 
suggest that classifiers trained with stress data from 

well-studied species may be sufficient to predict gene 
expression patterns in related species with less sequenced 
genomes [27]. Wang et al. developed a machine learning 
model integrating multi-omics data to predict complex 
traits in Arabidopsis. The multi-omics approach signifi-
cantly improved prediction accuracy and enabled sys-
tematic analysis of gene interactions [28]. Integration of 
multi-omics data with machine learning can help predict 
phenotypic traits, thereby accelerating the development 
of resistant cultivars [29–31].

In this study, we identified 24 potential resistance genes 
from gene expression data and utilized these genes to 
develop machine learning models to distinguish resistant 
and susceptible sunflower varieties based on gene expres-
sion data. Ultimately, the SVM model has excellent pre-
dictive performance and can accurately classify resistant 
and susceptible varieties. Furthermore, we found a cor-
relation between some of the identified resistance genes 
and jasmonic acid (JA). Therefore, utilizing these meth-
ods for mining potential genes and predicting resistant 
variety holds significant reference value for agricultural 
breeding. These markers can facilitate trait prediction in 
unstressed plants, thereby eliminating the need for time-
consuming and costly broomrape-stress experiments 
in the breeding process. The resistance genes identified 
in this study through machine learning methods are 
expected to guide the selection of resistant varieties.

Materials and methods
Plant materials
We selected 103 varieties of sunflower seeds (from the 
Inner Mongolia Academy of Agriculture and Animal 
Husbandry Sciences) for potted experiments. The mass 
of the growing medium and the mass of broomrape seeds 
were mixed according to the ratio of 1000 g:0.5 g. After 
adding nutrient soil, the growing medium-broomrape 
seed mixture, and nutrient soil to the pots in order, we 
sowed sunflower seeds to a depth of about 4 centimeters. 
Each variety comprised three replicates and was culti-
vated outdoors. When the sunflowers reached the early 
bud stage, their phenotypes were recorded, including 
plant height, the number of leaves, the number of broom-
rape emergences, fresh weight, and dry weight.

Sunflower varieties were classified according to the 
number of broomrape emergence. Sunflowers with a 
broomrape emergence count of 0 were classified as resis-
tant varieties, and sunflowers with a broomrape emer-
gence count of more than 0 were classified as susceptible 
varieties. One well-grown sunflower from each group 
was selected, and the sunflower roots were removed from 
the pots, washed with water, and then cut into centrifuge 
tubes using scissors and quickly placed in liquid nitrogen. 
The samples were processed for transcriptome sequenc-
ing. A subset of varieties (F059, F033, F087, F053, F096) 
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was selected for metabolism sequencing. Among them, 
F059 and F033 were resistant varieties and F087, F053, 
and F096 were susceptible varieties.

Transcriptome sequencing
According to the manufacturer’s protocol, the purity, 
concentration, and integrity of RNA samples were exam-
ined by NanoDrop, Qubit 2.0, and Agilent 2100, respec-
tively. High-quality RNA samples were selected for 
subsequent experiments. Subsequently, library construc-
tion was performed. Briefly, mRNA was isolated using 
Oligo(dT)-attached magnetic beads and then randomly 
fragmented in a fragmentation buffer. First-strand cDNA 
was synthesized using fragmented mRNA as a tem-
plate. Second-strand synthesis was done with PCR buf-
fer, dNTPs, RNase H, and DNA polymerase I. The cDNA 
was purified with AMPure XP, and double-strand cDNA 
was subjected to end repair. Adenosine was added to the 
end and ligated to adapters. The cDNA library was con-
structed through several rounds of PCR amplification.

Qubit 2.0 and Agilent 2100 were used to examine the 
concentration of cDNA and the insert size. Q-PCR was 
processed to obtain a more accurate and adequate library 
concentration.

Qualified libraries were uploaded to the Illumina Nova-
Seq 6000 platform for high-throughput sequencing with 
a read length of 150 bp paired.

Transcriptome analysis
The raw data quality was checked by FastQC (version 
0.12.1). To ensure the quality and reliability of the data 
analysis, we filtered the raw data. First, the raw data 
were processed using Fastp (version 0.23.2) software 
[32], which included removing reads with N, remov-
ing low-quality reads, and removing the first 10  bp of 
the sequences. All subsequent analyses were performed 
based on high-quality, clean data. The sunflower refer-
ence genome (​h​t​t​p​​s​:​/​​/​w​w​w​​.​n​​c​b​i​​.​n​l​​m​.​n​i​​h​.​​g​o​v​​/​d​a​​t​a​s​e​​t​s​​/​
g​e​​n​o​m​​e​/​G​C​​F​_​​0​0​2​1​2​7​3​2​5​.​2​/) and gene annotation file 
were downloaded from NCBI (National Center for Bio-
technology Information, ​h​t​t​p​s​:​​​/​​/​w​w​​w​.​​n​c​b​​i​.​n​​l​m​.​n​​i​h​.​g​o​v​/). 
The reference genome was indexed, and paired-end clean 
reads were aligned to the sunflower reference genome 
using HISAT2 (version 2.1.1) [33]. Finally, the. sam files 
were converted to.bam files by samtools (version 1.5) 
software [34]. The. bam files were aligned with the anno-
tation files to quantify gene expression and obtain the 
gene expression matrix with FeaturesCounts (version 
2.0.1) [35]. In the end, we obtained a gene expression 
matrix.

Differential expression analysis
The gene expression matrix was preprocessed, and genes 
with gene expression levels equal to 0 in more than 75% 

of the samples were filtered out. We performed the dif-
ferential expression analysis on the gene expression 
matrix utilizing the edgeR package (version 4.0.12) [36]. 
Differentially expressed genes (DEGs) were considered 
significant at p. adjust < 0.05 and |log2Foldchange| > 1 
[37]. Subsequently, to visually represent the differential 
expression results, the volcano plot was generated with 
the ggplot2 R package (version 3.4.4).

Weighted gene co-expression network analysis
Weighted gene co-expression network analysis 
(WGCNA) can potentially reveal gene networks and gene 
modules of biological significance related to broomrape 
resistance. Thus, we used the WGCNA package (version 
1.72.5) [38] to perform WGCNA. Initially, the filtered 
gene expression matrix from the previous step was scaled 
through the varianceStabilizingTransformation function 
within the DESeq2 package (version 1.42.0) [39]. Then, 
the top 5,000 genes were selected for WGCNA based on 
the median absolute deviation (MAD) method. Subse-
quently, the goodSamplesGenes function of the WGCNA 
package [38] was employed to examine the unqualified 
samples.

After that, a scale-free co-expression gene network 
was constructed with the one-step network construc-
tion function in the WGCNA package. We selected an 
appropriate soft threshold power by the pickSoftThresh-
old function. Next, an adjacency matrix was constructed 
using the soft threshold power, and the adjacency matrix 
was transformed into a topological overlap matrix 
(TOM) [40]. Then, gene modules were divided using 
hierarchical clustering, with a module merging threshold 
set to 0.25, and the minimum module size was defined as 
30. The modules associated with the resistant and suscep-
tible traits were identified, and each module’s eigengenes 
were obtained. Concurrently, the relationships between 
the modules and the traits were evaluated. Ultimately, 
the VennDiagram [41] tool was employed to ascertain 
the shared genes between the modules with the most sig-
nificant correlations to traits and DEGs from the previ-
ous step. These shared genes were subjected to functional 
enrichment analysis.

The Gene Ontology (GO) [42] enrichment results 
were obtained from DAVID (https://david.ncifcrf.gov/) 
online tools [43, 44]. The Kyoto Encyclopedia of Genes 
and Genomes (KEGG) [45] pathway was enriched with 
the clusterprofiler (version 4.10.0) R package [46]. Then, 
the shared genes served as feature genes to construct 
machine learning models, including SVM, KNN, LR, and 
GaussianNB.

Model construction
The machine learning algorithms were implemented 
using the scikit-learn (version 1.3.2) library in Python 

https://www.ncbi.nlm.nih.gov/datasets/genome/GCF_002127325.2/
https://www.ncbi.nlm.nih.gov/datasets/genome/GCF_002127325.2/
https://www.ncbi.nlm.nih.gov/
https://david.ncifcrf.gov/
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(version 3.11.5). The Python packages Numpy (version 
1.26.0) and Pandas (version 2.1.3) were used to read and 
process the data.

Firstly, the filtered gene expression matrix was pro-
cessed using the quartile method, and the processed gene 
expression data was standardized with the Standard-
Scaler method in the scikit-learn library.

Then, leave-one-out cross-validation (LOOCV) par-
titions the dataset into training and test sets. LOOCV 
divided the datasets into n folds and then trained and 
evaluated the model n times, each time using one data 
point as the test set and the remaining n-1 data points 
as the training set [21, 47, 48]. To identify essential genes 
related to broomrape resistance, we utilized two fea-
ture selection methods: LASSO and random forest fea-
ture importance ranking. Based on LOOCV, the genes 
obtained from the feature selection method were used as 
input features to train machine learning models (KNN, 
LR, SVM, GaussianNB). Hyperparameter tuning was 
performed using the grid search. ROC curves were plot-
ted using Matplotlib (version 3.8.1).

Model evaluation
The metrics for assessing the classification model are pre-
sented as follows [19]:

	
Accuracy = TP + TN

TP + TN + FP + FN
� (1)

	
Recall = TP

TP + FN
� (2)

	
Precision = TP

TP + FP
� (3)

	
F1 − score = 2 ∗ (precision ∗ recall)

precision + recall
� (4)

TP , TN , FP , and FN stand for the numbers of true 
positives, true negatives, false positives, and false nega-
tives, respectively. The area under the curve (AUC) was 
also used to evaluate the performance of the model [49].

Metabolites extraction
The LC/MS system for untargeted metabolomics analysis 
was conducted on the Waters Acquity I-Class PLUS ultra-
high performance liquid chromatograph coupled with 
a Waters Xevo G2-XS QTof high-resolution mass spec-
trometer. The column employed was the Waters Acquity 
UPLC HSS T3 column (1.8 μm, 2.1 mm × 100 mm). Posi-
tive ion mode included mobile phase A (0.1% formic acid 
aqueous solution) and mobile phase B (0.1% formic acid 
acetonitrile). Negative ion mode included mobile phase 

A (0.1% formic acid aqueous solution) and mobile phase 
B (0.1% formic acid acetonitrile).

LC-MS/MS analysis
The Waters Xevo G2-XS QTOF high-resolution mass 
spectrometer enabled the acquisition of primary and 
secondary mass spectrometry data in MSe mode using 
MassLynx (version 4.2) software. Each acquisition cycle 
collected dual-channel data simultaneously at both low 
and high collision energies. The low collision energy was 
2 V, while the high collision energy range was 10–40 V, 
and the scan frequency was 0.2  s for a mass spectrum. 
The parameters of the ESI ion source were as follows: 
capillary voltage: 2,000 V (positive ion mode) or -1,500 V 
(negative ion mode); cone voltage: 30 V; ion source tem-
perature: 150  °C; desolvent gas temperature: 500  °C; 
backflush gas flow rate: 50 L/ h; desolvent gas flow rate: 
800 L/h.

Data preprocessing and annotation
Progenesis QI software was used for peak extraction, 
peak alignment, and other data processing on the raw 
data collected using MassLynx. Identification was per-
formed using the online METLIN database within Pro-
genesis QI software.

Data analysis
The metabolomics data were aligned, normalized, 
log-transformed, and scaled using a mean-centering 
approach in MetaboAnalystR (version 4.0.0) [50]. Prin-
cipal component analysis (PCA) assessed the variability 
between and within groups. Additionally, MetaboAna-
lystR was utilized to perform a t-test (student’s t-test) 
and calculate fold change values. Differential metabolites 
were identified based on the criteria of |log2Foldchange| 
> 1 and p-value < 0.05.

Correlation of genes from the LASSO method and 
metabolism
We selected metabolomic data from six independent 
biological replicates and performed a correlation analy-
sis with transcriptomic data. This analysis aimed to iden-
tify relationships between key genes identified through 
machine learning and differential metabolites. Using 
the cor function in the WGCNA package, we calculated 
Pearson correlation coefficients and p-values between 
key genes and differential metabolites. Finally, we con-
structed and visualized a correlation network in Cyto-
scape (version 3.10.2) [51] to refine and illustrate the 
interactions between genes and metabolites.
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Fig. 1 (See legend on next page.)
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Results
Phenotypes of sunflowers after being infested with 
Broomrape and gene co-expression network analysis
We selected 103 varieties of sunflower seeds for pot-
ted experiments. When the sunflowers reached the 
early bud stage, the number of broomrape emergences 
was recorded. The following criteria were used to clas-
sify resistant and susceptible varieties: sunflowers with 
a broomrape emergence number of 0 were classified as 
resistant varieties, and sunflowers with a broomrape 
emergence number of more than 0 were classified as 
susceptible (Fig. 1A). Then we got 44 resistant sunflower 
varieties and 59 susceptible sunflower varieties (Fig. 1B). 
To study the phenotypic changes in sunflower plants 
during the broomrape infection period, we recorded the 
phenotypic information of sunflower plants at the bud-
ding stage, including fresh weight, dry weight, number 
of leaves, and plant height. Compared to resistant plants, 
susceptible varieties exhibited a significant decrease in 
plant fresh weight, dry weight, and plant height after 
broomrape infestation of sunflower roots. However, there 
was no obvious change in the number of leaves (Fig. 1C).

To compare the differences between the resistant 
and susceptible varieties, we performed differen-
tial gene expression analysis. We eventually obtained 
32,277 genes, and 279 differential expressed genes were 
screened, including 166 genes that were up-regulated and 
113 genes that were down-regulated (Fig. 1D). WGCNA 
can potentially reveal gene networks and gene modules 
of biological significance related to broomrape resis-
tance. Thus, WGCNA was performed. Using 0.9 as the 
threshold, we determined a soft threshold of 3 (β = 3) 
and constructed a scale-free network (Fig.  1E). Finally, 
11 modules were identified based on average hierarchi-
cal clustering and dynamic tree clipping (Fig.  1F). The 
brown module was highly related to the resistance sam-
ples (298 genes, r = 0.34, p = 5e-04) (Fig. 1G). The scatter 
plot showed a correlation between gene significance (GS) 
and module membership (MM) in the brown module 
(cor = 0.51, p = 3.9e-21) (Fig. 1H).

Building machine learning models using genes screened 
by traditional biological methods
To better select for genes associated with biological 
traits, there were 32 shared genes obtained between the 
brown module genes and DEGs (Fig. 2A). The significant 
GO enrichment results of the shared genes were plasma 

membrane (GO:0005886) and transmembrane transport 
(GO:0055085) (Fig.  2B). It has been shown in the lit-
erature that invasive cells of broomrape penetrated the 
host’s root cells, causing the host cell walls to disinte-
grate. Additionally, some cells experienced disruption to 
the plasma membrane, and degradation of the cytoplasm, 
until cell death [52]. This suggested that the plasma mem-
brane played a crucial role in the infestation of sunflow-
ers by broomrape. The enrichment analysis of the KEGG 
showed that the circadian rhythm pathway (han04712) 
was significantly enriched. Some literature shows that 
circadian rhythm may interfere with gene expression 
under stress [53].

To investigate whether the shared genes can accurately 
distinguish between resistant and susceptible sunflower 
varieties, we used the shared genes as the feature genes to 
construct the machine learning model, including SVM, 
KNN, LR, and GaussianNB to predict the resistance of 
broomrape for sunflowers. Then, we evaluated the per-
formance of different models. The performance of the 
machine learning models was shown using the receiver 
operating characteristic curve (ROC) (Fig. 2C, D).

Construction of machine learning models and 
identification of resistance gene sets
Machine learning methods were used to select candi-
date genes for broomrape-resistant sunflower variet-
ies. To identify the essential genes related to sunflower 
resistance, we used two feature selection methods for 
feature selection and evaluated the impact of different 
feature selection methods on model performance. First, 
we employed the LASSO regression method (Fig.  3A) 
to select resistance-related genes. When the lambda 
( λ ) = 0.1, 24 resistance-related genes were selected 
(Fig. 3B, Table 1). Then, we constructed 4 machine learn-
ing models (SVM, LR, KNN, and GaussianNB) based 
on LOOCV with 24 identified genes. The result showed 
that the SVM model exhibited the greatest area under 
the curve (AUC) value in the test dataset (Fig.  3D) and 
also achieved a high AUC value in the training dataset 
(Fig. 3C), indicating strong classification performance.

Next, prediction models based on LOOCV were 
built with the random forest feature importance rank-
ing (Fig. 4A). The importance scores for genes were cal-
culated using the random forest feature importance 
method. We selected the top 10 genes in terms of feature 
importance scores. Subsequently, we constructed four 

(See figure on previous page.)
Fig. 1  Sunflower phenotypes and results of WGCNA analyses. A Schematic diagram of the phenotypes of resistant and susceptible varieties after infesta-
tion with broomrape and pictures of roots parasitized by broomrape. B Bar plot showing the number of susceptible and resistant varieties. C Plot of phe-
notypes of different classifications. D Volcano plot of differential genes of edgeR analysis. Blue represents the down-regulation of gene expression, and red 
represents the up-regulation of gene expression. E The scale-free fit index for various soft-thresholding powers (β) and the mean connectivity for various 
soft-thresholding powers. F Dendrogram of genes clustered via the dissimilarity measure. G Heatmap of the correlation between module eigengenes 
and traits. Grey module indicates genes that do not match any module. H Scatter plot between GS and MM in the brown module
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machine learning models (SVM, LR, KNN, and Gaussi-
anNB) based on the top 10 genes. In the training and 
test datasets, the AUC values of most models exceeded 
0.8. The LR model had the best performance (Fig.  4B, 
C). Next, we performed partial dependence plot (PDP) 
analysis on selected features using the LR model to exam-
ine how these features influence the model’s predictions. 
The partial dependency plots were shown in Fig.  4D, E, 
and F. The results of the partial dependency plot analysis 
showed that the expression of the gene LOC110876215 
was positively correlated with the probability of disease 
resistance, and the greater the expression of the gene, 
the higher the probability of disease resistance predicted 
by the model. LOC110927507 was negatively correlated 
with the expected probability of disease resistance. Fig-
ure  4F illustrated the bidirectional partial dependence 
of LOC110876215 and LOC110927507 in the LR model. 
The figure suggested that these two genes may exhibit a 
synergistic effect, collectively influencing the model’s 
prediction outcomes.

Model performance evaluation
Comparing the AUC values of the models constructed 
from genes obtained by traditional biological methods 
and the AUC values of the models constructed from 
genes obtained by machine learning methods, the results 
showed that the accuracy of the models constructed 
from genes identified with traditional biological methods 
can be improved by machine learning methods to select 
resistance-related genes and construct models.

Afterward, we evaluated the performance of the mod-
els constructed from genes obtained by machine learn-
ing methods. The results showed that the 4 machine 
learning models constructed using the resistance-related 
genes screened by the LASSO method had the best per-
formance. In the training dataset, the SVM model accu-
racy and AUC value reached 0.9523 (Fig. 5A) and 0.9917 
(Fig.  3C), respectively. In the test dataset, the results 
showed that the SVM model achieved the most optimal 
prediction performance among the 4 machine learn-
ing models, achieving an accuracy, precision, recall, and 

Fig. 2  Performance of models constructed using shared genes. A A total of 32 shared genes were identified between key module genes and DEGs. B The 
GO enrichment results from shared genes, GO terms with False Discovery Rate (FDR) < 0.05 were considered significant. C Model prediction performance 
of train dataset. D Model prediction performance of test dataset
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Fig. 3  Prediction model was constructed using key genes identified through the LASSO method. A LASSO regression algorithm. B Number of features 
for different lambda values. C Model prediction performance of training dataset. D Model prediction performance of test dataset. E Expression of 24 key 
genes in the two groups. *, **, and *** represent statistical significance at p < 0.05, p < 0.01, and p < 0.001, respectively
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F1-score of 0.9514, 0.9535, 0.9318, and 0.9425 (Fig. 5B). 
The AUC of the SVM model was 0.9865 (Fig. 3D).

In conclusion, the results illustrated that the proposed 
SVM model exhibited excellent classification perfor-
mance and accurately classified resistant and susceptible 
sunflower varieties.

Function of resistance genes and enrichment analysis
After the identification of 24 resistance-related genes 
through the LASSO approach, we examined a hand-
ful of genes that stand out for their potential impact, 
including LOC110899186 (zinc finger CCCH domain-
containing protein 20), LOC110912127 (UDP-glycosyl-
transferase 75C1-like), and LOC110878962 (cytochrome 
P450 CYP82D47).

LOC110899186 encodes a protein characterized by 
a CCCH-type zinc finger domain. LOC110912127, a 
UDP-glycosyltransferase, exhibited higher expression 
levels in resistant varieties compared to susceptible ones. 
LOC110878962 showed increased expression in resistant 
sunflower varieties (Fig.  3E). It has been documented 
that the above genes are associated with stress tolerance 
[54–56]. Therefore, we speculated that LOC110899186, 
LOC110912127, and LOC110878962 were associated 
with sunflower resistance and may be involved in the 
resistance response to broomrape.

The 24 genes underwent enrichment analysis to deter-
mine the biological processes and pathways controlled by 
each gene. The GO enrichment result of the 24 genes was 
the carbohydrate metabolic process (GO:0005975), but it 
was not significant (p-value = 2.6e-2, p. adjust = 6.5e-1).

Correlation between resistance genes and differential 
metabolism
To systematically investigate the functions of genes iden-
tified through the LASSO method, correlations between 
these genes and differential metabolites were analyzed 
to explore their interactions. We first conducted a prin-
cipal component analysis (PCA) on the metabolites. 
The first and second principal components (PC1 and 
PC2) explained 51.85% of the total variance, as demon-
strated in the 2D score plots. PC1 was attributed a value 
of 32.98%, and PC2 was attributed a value of 18.87% 
(Fig. 6A). According to our criteria for differential metab-
olite expression analysis, we identified 692 differential 
metabolites, 435 were down-regulated and 257 were 
up-regulated (Fig.  6B). Differential metabolite heatmaps 
demonstrated that resistant and susceptible samples dif-
fered from each other (Fig. 6C).

Afterwards, we performed correlation analyses 
between differential metabolites and resistance genes. 
Ultimately, we obtained a network diagram of inter-
actions between differential metabolites and resis-
tance genes. As shown in Fig.  6D, genes identified 
using the LASSO method were associated with dif-
ferential metabolites. Specifically, we found the genes 
LOC110915330 (putative glucose-6-phosphate 1-epimer-
ase), LOC110941795 (geranylgeranyl diphosphate reduc-
tase, chloroplastic), and LOC110879036 (basic leucine 
zipper 43) were positively correlated with the metabolite 
JA (Fig. 6D).

Studies examining plant responses to parasitic plants 
have shown that both salicylates and jasmonates are cru-
cial in mediating effective defenses [57]. We identified JA 
but did not detect salicylic acid (SA) in our differential 
metabolite analysis. This result suggested that jasmonic 
acid may regulate these genes, potentially contributing to 
sunflower resistance against broomrape invasion.

Discussion
This study established a comprehensive transcriptional 
profile of sunflowers, identified resistance genes based on 
gene expression data, and applied machine learning algo-
rithms to classify the resistance and susceptibility of sun-
flowers to broomrape. However, gene expression datasets 
in plant research often exhibit high dimensionality and 
low sample sizes, which can lead to model overfitting 
and reduced generalization. Many features are redun-
dant, affecting the performance of the model. Therefore, 
feature selection is an essential step before training ML 

Table 1  The description of key genes from LASSO
Gene Symbol Gene Description
LOC110872542 uncharacterized
LOC110895539 eukaryotic translation initiation factor 6-2
LOC110923352 uncharacterized
LOC110870710 putative UPF0481 protein At3g02645
LOC110912639 probable aquaporin TIP3-2
LOC110889723 protein transport protein SFT2
LOC110925559 uncharacterized
LOC110864311 protein NRT1/ PTR FAMILY 2.7
LOC110940951 glutathione S-transferase F11
LOC110908843 NADH kinase
LOC110899186 zinc finger CCCH domain-containing protein 20
LOC110941795 geranylgeranyl diphosphate reductase, 

chloroplastic
LOC110915330 putative glucose-6-phosphate 1-epimerase
LOC110912127 UDP-glycosyltransferase 75C1-like
LOC110897054 basic leucine zipper 43
LOC110878962 cytochrome P450 CYP82D47
LOC110878059 uncharacterized
LOC110876375 rhamnogalacturonate lyase B
LOC110930970 uncharacterized
LOC110939634 tRNA wybutosine-synthesizing protein 2/3/4
LOC110930102 beta-fructofuranosidase, insoluble isoenzyme 

CWINV3-like
LOC110929190 fatty alcohol: caffeoyl-CoA acyltransferase
LOC110879036 basic leucine zipper 43
LOC110933799 probable glycosyltransferase At3g07620
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models. LASSO is commonly used for variable selection, 
especially in situations with a large number of predictors 
and few observations [58, 59]. It applies the L1-penalty 
(lambda) to shrink the coefficients of less important vari-
ables to zero, thereby filtering out non-essential features 
and constructing the optimal classification model.

In the end, 24 key genes were selected based on the 
LASSO regression and are listed in Table  1. Some of 
these genes are associated with biotic stress, while oth-
ers are uncharacterized. LOC110899186 (zinc finger 
CCCH domain-containing protein 20) encodes a pro-
tein with a CCCH-type zinc finger domain. Zinc finger 
proteins represent a large family of transcriptional regu-
lators in plants. Most zinc fingers are of the C2H2-type 
or CCCC-type and are involved in the regulation of 
plant growth, development, and stress adaptation [60]. 
Although CCCH-type zinc-finger proteins are relatively 
uncommon, they play a key role in regulating abiotic and 
biotic stress responses in plants [61, 62]. LOC110912127 
(UDP-glycosyltransferase 75C1-like) is a UDP-glycos-
yltransferase. Previous studies have shown that the gly-
cosyltransferase family plays a significant role in plant 
responses to abiotic stress, with glycosyltransferase fam-
ily 1, also called UDP-glycosyltransferases (UGTs), being 
the most extensively studied group in plants [55]. Cyto-
chrome P450s are a large family of protein-coding genes 
in plant genomes. LOC110878962 (cytochrome P450 

CYP82D47) is one such P450 gene that plays a prominent 
role in responding to biotic stress [56].

The classification models discussed in this research 
included SVM, KNN, GaussianNB, and LR. KNN is a 
widely used supervised learning algorithm for classifica-
tion tasks [63]. It predicts the category of a data point 
based on the categories of its k nearest neighbors by vot-
ing. LR regression is a supervised learning algorithm for 
binary classification problems that predicts the probabil-
ity of an event occurring and is often used to determine 
the likelihood of an input belonging to a particular class. 
GaussianNB is a common machine learning classification 
algorithm for small samples with high dimensionality 
[64]. SVM is a regression and classification model. SVM 
aims to identify the best hyperplane to separate the sam-
ples into classes. However, SVM tends to overfit more 
easily than other algorithms [48].

We investigated the performance of the machine 
learning classifier. Ultimately, we constructed a predic-
tion model (SVM) using 24 resistance genes to predict 
sunflower resistance to broomrape. SVM was the most 
accurate model for classifying sunflowers based on gene 
expression, with a high accuracy of 0.9514 and an AUC of 
0.9865 in resistance and sensitivity for broomrape. More-
over, precision, recall, and F1 scores were implemented 
to evaluate the models. The model accurately categorized 

Fig. 4  Prediction model constructed by Random Forest importance rank. A The top 30 feature importance ranking. B Model prediction performance 
of training dataset. C Model prediction performance of test dataset. D, E Partial dependency graph of the top 2 features of the selected features. F The 
contour plot visually demonstrates the influence of the top 2 genes on the predicted values of LR
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Fig. 5  The performance of the machine learning model. A The performance of the machine learning model on the training datasets. B The performance 
of the machine learning model on the test datasets
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Fig. 6  The results of metabolic analysis. A PCA plot. B Volcano plot of differential metabolites. C Heatmap showed the results of the clustering analysis of 
differential metabolites. D Correlation between genes from LASSO and differential metabolites. Diamonds represented key genes from LASSO; red lines 
represented positive correlation; green lines represented negative correlation
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the resistance and sensitivity varieties and produced 
excellent prediction results.

The results demonstrated that employing machine 
learning methods to select resistance-related genes and 
construct models could enhance the accuracy of mod-
els built using genes identified by traditional biological 
methods. It indicated that the machine learning meth-
ods could better capture the key genes in plants under 
stress than traditional biological methods. We hypoth-
esize that these genes may be available to predict traits in 
unstressed experimental plants.

We found that the resistance genes selected by the 
LASSO method were associated with JA. JA is an impor-
tant phytohormone, a signaling molecule that combats 
biotic and abiotic stresses [65]. When plants encoun-
ter adverse conditions, they activate stress responses 
that ultimately enhance their resistance and tolerance, 
improving their adaptability to environments. Arabi-
dopsis responses to Orobanche ramosa involve changes 
in the expression of several JA-regulated genes [66]. 
Some studies suggest that plant parasitism is a biotic 
stress, and host responses to parasitic plants may involve 
mechanisms similar to those activated by other biotic 
and abiotic stresses [67]. For instance, Justin B. Runyon 
et al. discovered that plants, similar to their responses 
to herbivore and pathogen attacks, can detect parasitic 
plant invasion and activate induced defense mechanisms 
involving JA and SA signaling pathways [68].

In this study, we identified resistance genes of sun-
flower broomrape and developed a machine learning 
binary classification model to achieve accurate screen-
ing of antagonistic and perceptual varieties. Despite 
the strong classification performance, this research has 
some shortcomings, including the small sample size and 
the lack of an external dataset for model validation. This 
research demonstrated that machine learning algorithms 
could efficiently and accurately identify resistant key 
genes and build predictive disease resistance models to 
classify resistant varieties, eliminating the need for time-
consuming and laborious traditional breeding experi-
ments. The application of machine learning to biology to 
build predictive models for breeding is expected to guide 
future research efforts.
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