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Abstract: Rice ragged stunt virus (RRSV) significantly impacts rice production 
across Asia and other major rice-growing regions. The virus infects rice during the 
vulnerable seedling stage, resulting in severe yield losses. Developing reliable 
assessment models for RRSV infection is therefore essential for early management and 
offers a cost-effective strategy for disease control. In this study, we constructed a 
machine learning model using linear regression, decision tree, and random forest 
algorithms based on reverse transcription quantitative polymerase chain reaction (RT-
qPCR) data from pooled seedling samples of 10, 20, 30, and 50 individuals, respectively. 
Model performance was comprehensively evaluated based on coefficient of 
determination (R²), mean squared error (MSE), root mean squared error (RMSE), mean 
absolute error (MAE), symmetric mean absolute percentage error (SMAPE), and mean 
absolute percentage error (MAPE), alongside comparisons of predicted and actual 
infection rates determined by PCR and RT-qPCR, as well as disease incidence observed 
in field validation assays. The model derived from 30-seedling bulks achieved the 
highest predictive accuracy, with estimates closely matching actual infection rates and 
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observed field outcomes. A single RT-qPCR assay of 30 pooled seedlings thus provides 
a reliable and efficient means for RRSV infection assessment and disease incidence 
prediction under field conditions. This approach supports decision-making for seedling 
transplantation and enables monitoring of disease dynamics across developmental 
stages, ultimately facilitating timely interventions to mitigate yield losses and economic 
burdens on farmers. 
 
Key words: Rice ragged stunt virus (RRSV); Assessment model; Machine learning; 
Disease incidence prediction 
 
 
1 Introduction  

 
Disease induced by the rice ragged stunt virus (RRSV) is one of the challenges 

faced by the rice industry in Asia and other rice-growing areas of the world. RRSV 
belongs to the genus Oryzavirus and the family Spinareoviridae. RRSV is transmitted 
by Nilaparvata lugens (the brown planthopper, BPH) in a persistent and proliferative 
manner (Ling et al., 1978; Boccardo, 1984). Its genome comprises ten double-stranded 
RNAs of 1.2 to 3.9 kb long (Omura et al., 1983). These segments, designated S1 to S10, 
have been fully sequenced. Segments S6, S7, and S10 encode non-structural proteins, 
while the remaining segments encode structural proteins, which are either integral 
components or predicted to assist in RRSV virion assembly (Wu et al., 2010; Jia et al., 
2012) RRSV has been reported to induce various disease symptoms including plant 
stunting, excessive tillering, and dark green leaves with serrated edges and/or twisted 
tips (Fig. S1) (Hibino, 1996; Zhang et al., 2016), leading to poor grain quality and 
substantial yield losses. Importantly, these visible symptoms typically appear days to 
weeks after infection, which delays field recognition and intervention. 

Since the first report of RRSV in the Philippines in the early 1970s, RRSV has now 
appeared in Thailand, India, China, and other countries, posing a severe threat to food 
security (Shikata et al., 1979; Wang et al., 2022). Significant outbreaks of RRSV in 
China and Vietnam between 2010-2012 led to severe yield and economic losses (Wang 
et al., 2014). In Hainan Province, China, the reported infection rate of dwarf rice plants 
was 34.85% in 2012, which increased to 46.6% during the period from 2013 to 2015 
(Liu et al., 2014; Yang et al., 2017). Due to the emergence of insecticide-resistant BPHs 
and the lack of RRSV-resistant rice cultivars, this virus is continuing to exacerbate risks 
to rice production in many countries (Listihani et al., 2023).  

Rice is a staple food for over half of the global population and a primary income 
source for farmers in many countries. Infections of rice seedlings with RRSV can lead 
to significant agricultural losses, often resulting in no harvestable crop. These losses 
are magnified by a latency period ranging from 9 to 30 d during which viral symptoms 
are not detectable (Ling, et al., 1978). Once RRSV is identified in the field, it cannot be 
eradicated, resulting in delayed management actions and substantial economic losses. 
Therefore, practical strategies that reduce sampling burden while retaining molecular 
accuracy are needed for timely estimation of field infection levels and to enable timely 
interventions to mitigate impacts on rice production. Currently, virus infection 
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assessment relies on labor-intensive methods, including field surveys based on visible 
disease symptoms and molecular techniques such as reverse transcription-polymerase 
chain reaction (RT-PCR), RT-quantitative PCR (RT-qPCR), RT-loop-mediated 
isothermal amplification (RT-LAMP), and dot-blot enzyme-linked immunosorbent 
assays (dot-blot ELISA) (Baehaki et al., 2017; Wang et al., 2017; Yang, et al., 2017; Lai 
et al., 2018). However, symptom-based surveys are limited by delays in symptom 
development (Ling, et al., 1978), while molecular techniques require complex 
laboratory analyses and extensive sample collection, making them unsuitable for 
routine monitoring and breeding programs. 

In recent years, the development of mathematical assessment models for virus 
diseases using big data and machine learning has attracted considerable interest among 
the research community. For example, Ginsberg et al. (2009) reported an assessment 
model for influenza-like illnesses using factors correlated with disease incidence, and 
established a linear regression model in which accuracy and reliability were assessed 
through rigorous cross-validation. Compartmental, logistic, and Gaussian models have 
been applied to analyze the global spread patterns of COVID-19 (Ibrahim and Al-Najafi, 
2020; Wibowo and Wihayati, 2021; Ojokoh et al., 2022). The advancement of machine 
learning has also enabled the development of robust assessment models for plant 
diseases (Singh et al., 2016; Munawar et al., 2024), addressing the limitations of early 
models such as linear and logistic regression, which were constrained by simplified 
assumptions and small datasets. For instance, Avelino et al. (2004) used traditional 
models to predict the spread of coffee leaf rust, but their accuracy was limited by the 
scope of available data. Modern machine learning models that integrate large datasets, 
like image databases and long-term weather records, have significantly improved 
predictive accuracy for disease incidence and severity. Owomugisha and Mwebaze 
(2016) and Benos et al. (2021) used machine learning techniques to enhance field 
disease forecasts, while Skelsey et al. (2018) used classification models to assess the 
dispersal of the potato late blight pathogen, improving the precision of disease risk 
predictions. More recently, De Cól et al. (2024) combined machine learning with a 24-
year dataset of daily weather variables to successfully forecast wheat head blast 
outbreaks. In addition, Zhang et al. (2026) developed lightweight convolutional neural 
network models based on field color images to detect Fusarium head blight and 
quantitatively evaluate disease incidence and severity in wheat. Therefore, machine 
learning technologies have provided plant researchers with robust tools to predict 
disease outbreaks and progressions. However, these models frequently encounter 
challenges associated with nonlinear interactions in biological systems and complex 
transmission dynamics. To improve the accuracy of disease spread prediction, it is 
necessary to foster multidisciplinary collaborations to integrate molecular methods with 
machine learning techniques. 

Given the substantial damage caused by RRSV, there is a clear need for practical 
tools that can estimate infection in the field before symptoms become widespread. 
Current approaches are often limited by delayed symptom observation or labor-
intensive molecular testing, restricting their applicability for large-scale field 
monitoring. A major unresolved challenge in plant disease research is how to translate 
molecular-level measurements into quantitative population-level infection estimates 
under field conditions. In this study, we developed a framework integrating pooled RT-
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qPCR detection with machine learning models to estimate RRSV infection rates in rice 
seedling populations. By linking pooled molecular measurements with data-driven 
modeling, this approach improves the efficiency and scalability of infection assessment 
at early growth stages (Fig. 1). 

 

 
Fig. 1 Integrated framework for developing RRSV infection rate assessment models enabling 
precision decision-making in rice production. (a) Field-level sampling: strategy for collecting 
rice seedling units (10, 20, 30, and 50 plants per pool) from seedling beds for pooled analysis. 
(b) Machine learning (ML)-model training assay: development of the predictive pipeline by 
correlating RRSV S10 gene relative expression via single RT-qPCR with known infection rates 
across different pooling scales using linear regression, decision tree, and random forest 
algorithms. (c) ML-model validation: systematic evaluation of model performance on 
independent test sets, field datasets and statistical metrics, including R2, MSE, RMSE, MAE, 
SMAPE, and MAPE. (d) Field management decision: a practical application workflow where 
a random leaf sampling of 30 seedlings provides a real-time estimate of infection rate to 
support transplanting decisions (transplant if <30%; abandon if ≥30%). 
 
 
2 Materials and methods  
2.1 Plants and insects 

Seedlings of Oryza sativa L. cv. Jiaxi B (JXB) were used in model construction, 
validation and verification in this study. Seeds were soaked in water for 1 day and 
germinated at 32 °C for 2 days. The germinated seeds were then sown into seedling 
beds in the experimental farm of Hainan Institute of Zhejiang University, China, where 
there was a high incidence of BPHs and RRSV. After the seedlings had reached the 
four-leaf stage, 500 seedlings were randomly sampled. To confirm the RRSV infection 
of each seedling, total RNA was extracted individually for RT-PCR and RT-qPCR 
testing. To construct samples of different pool size, 500 seedlings were first randomly 
divided into 50 units, with 10 seedlings per unit. These 50 10-plant units were then 
randomly combined to generate 20-, 30- and 50-plant pools, by collecting the same 
amount of leaf tissue from each seedling (the second leaf), i.e., the 20-plant pools were 
randomly formed by mixing two units (e.g., units 1 + 2, 3 + 4, 1 + 3, 2 + 4, …, 49 + 
50), the 30-plant pools were randomly formed by mixing three units (e.g., units 1 + 2 + 
3, 4 + 5 + 6, 1 + 2 + 4, 1 + 2 + 5, …, 48 + 49 + 50), and the 50-plant pools were formed 
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by mixing any five units (e.g., unit 1 + 2 + 3 + 4 + 5, 6 + 7 + 8 + 9 + 10, 1 + 2 + 3 + 4 
+ 6, 5 + 7 + 8 + 9 + 10, …, 46 + 47 + 48 + 49 + 50). The pooled samples were then 
homogenized in liquid nitrogen for subsequent RNA extraction and RT-qPCR testing. 

To survey the carrying rate of RRSV in the insect vector, 500 adult BPHs were 
collected from 100 rice plants (JXB, tillering stage) in the experimental farm of Hainan 
Institute of Zhejiang University (spring, 2023). Of these, 180 individuals were 
randomly selected for subsequent RNA extraction and RT-PCR and RT-qPCR testing.  

For validation and verification of the effectiveness of established models, rice 
samples were collected from different production sites within and outside Hainan 
province. 
2.2 RT-PCR and RT-qPCR 

For total RNA extraction, BPHs (individual) and rice leaf tissues (both individual 
and mixed-pools) were homogenized in liquid nitrogen. The extraction was performed 
using the Trizol reagent (Thermo Fisher Scientific Inc., Shanghai, China) following the 
manufacturer’s protocol. The extracted total RNA (1 μg per 20-μL reaction) was reverse 
transcribed using ToloScript All-in-one RT EasyMix for qPCR, as instructed (Tolo 
Biotech., Shanghai, China). 

For the detection of RRSV infection, the samples were assayed as described 
previously (Wang, et al., 2017). Initial RRSV testing was conducted using both RT-
PCR and RT-qPCR on individual plants. The 10-, 20-, 30-, and 50-plant pooled samples 
were subjected to RT-qPCR analysis. Briefly, RT-PCR was conducted using the 2X 
Rapid Taq Master Mix (Vazyme, Nanjing, China), as described (Yang, et al., 2017), 
with a set of primers specific to the RRSV S8 gene (Table S1). The reaction conditions 
were 95 °C for 3 min; 30 cycles of 95 °C for 15 s, 52 °C for 15 s, and 72 °C for 15 s; 
72 °C for 5 min. For each RT-qPCR, the reaction system consisted of 1 μL of cDNA 
(100 ng cDNA per μL), 0.5 μL of each primer (10 pmol each) specific RRSV S10 gene 
(Table S1) (Wang, et al., 2017), 3 μL of ddH2O, and 5 μL of 2×Q3 SYBR qPCR Master 
Mix (Tool Biotech., Shanghai, China). The RT-qPCR conditions were 95 °C for 30 s 
and 40 cycles of 95 °C for 10 s and 60 °C for 30 s. To ensure the formation of single 
peaks and to prevent the formation of primer dimers and nonspecific products, a melt 
curve (15 s at 95 °C, 60 s at 60 °C, and 15 s at 95 °C) was generated at the end of each 
RT-qPCR reaction. The relative expression level of each individual sample was 
calculated using the 2-△Ct method (Livak and Schmittgen, 2001) followed by 
normalization against the expression level of OsActin in assayed rice plants, as 
described (Wang et al., 2023). The RRSV positive plants or BPHs were referred to as 
RRSV-infected, while those that tested negative were referred to as RRSV-uninfected.  
2.3 Model construction 

To establish a model suitable for estimating the occurrence of RRSV in rice fields 
using viral data of seedling samples, three assessment models—linear regression, 
decision tree, and random forest—previously used in plant disease recognition and 
prediction (Hatuwal et al., 2020; Patra et al., 2023) were tested. Six key performance 
metrics, the coefficient of determination (R²), symmetric mean absolute percentage 
error (SMAPE), mean squared error (MSE), root mean square error (RMSE), mean 
absolute error (MAE), and the mean absolute percentage error (MAPE), as reported (Li, 
2017; Chicco et al., 2021; Fenu and Malloci, 2021), were used to assess the accuracy 
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and precision of the linear regression, decision tree, and random forest models. The R² 
quantifies the extent to which the variation in the dependent variable is explained by 
the independent variables in a regression model. The computation formula is 

R2=1−∑ (yi− y�i)2n
i=1
∑ (yi−y�i)

2n
i=1

, where yi denotes the actual RRSV infection rate, y�i denotes the 

prediction RRSV infection rate, y�i denotes the mean of the actual RRSV infection rate, 
and n is the number of samples used in the test set. The SMAPE is an accuracy 
measurement based on the percentage error. Its formula is 
SMAPE=100%

n
∑ |yi−y�i|

(|yi|+|y�i|)/2
n
i=1 . The MSE measures the average of the squares of errors, 

an average squared difference between the estimated value and the actual value. An 
analysis using MSE=1

n
∑ (yi − y�i)2n
i=1  provides an estimation of how well a regression 

model can predict the outcome with its predicted average distance squared from the 
actual data points (Plonsky and Ghanbar, 2018). The RMSE measures the variations 
from the actual values and the average magnitude of the errors, calculated using 
RMSE=√MSE . The MAE quantifies the average magnitude of errors from a set of 
predictions using MAE= 1

n
∑ |yi − y�in
i=1 | , without considering their directions. The 

MAE result is the average of the absolute difference between the predicted and 
observed value, and the individual differences have equal weight. The MAPE is 
calculated using MAPE=100%

n
∑ | yi−y�i

yi
|n

i=1  and describes the accuracy as a percentage 

of error (Bruce et al., 2020; Guo et al., 2024).  
 Inputs for establishing assessment models were derived from two primary data 

sources: a) the viral load data, measured through RT-qPCR for the relative expression 
levels of RRSV S10 gene and used to represent a quantifiable metric of viral transcripts 
in the assayed rice tissues; and b) the RRSV infection rate, calculated according to the 
result of RT-PCR. Thirty-five of these 50 composite datasets across the 10-, 20-, 30-, 
and 50-plant pools were randomly selected for training of the assessment models. 
2.4 Model validation 

For the linear regression model, the coefficients were adjusted to minimize the 
residuals between the observed and the predicted infection rates, and to enhance the 
model accuracy. In the decision tree model, the thresholds of class splits were refined 
according to the expression level of the RRSV S10 gene to effectively categorize the 
infection rates. For the random forest model, parameters (i.e., the number and depth of 
trees) were fine-tuned to optimize the bias-variance trade-off and ensure a robust model 
performance (Haq et al., 2022; Lee and Yun, 2024). The remaining 15 of these 50 
composite datasets from various pool sizes were used to validate the accuracy of the 
model for each bulk size. 
2.5 Model verification 

To verify whether the prediction results of seedling stage are consistent with the 
disease incidence of heading-stage plants, rice seedlings were sampled from the same 
seedling beds. One hundred and fifty seedlings were randomly collected for five 
samples, 30 seedlings for each sample. The cycle threshold (Ct) values of the RRSV 
S10 gene of these five samples were tested by RT-qPCR, then used as input to generate 
the RRSV infection rates predicted by each of the three models. At the heading-stage, 
the RRSV disease symptoms of five samples (48 plants per sample) were surveyed to 
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calculate the RRSV disease incidence. The predicted values were compared with the 
actual incidences to verify whether the model could accurately predict the disease 
incidence rate at the heading-stage based on the seedling-stage RT-qPCR test. 

To test the effectiveness of the predictive models in a broad range of field 
environments and growth stages, samples were also collected from five rice fields, i.e., 
Hongqi Village, 18.35°N, 109.20°E, winter 2023, six samples, tillering stage; Shengli 
Village, 18.37°N, 109.20°E, winter 2023, 12 samples, grain filling stage; Baihe Village, 
18.38°N, 109.20°E, spring 2024, three samples, heading stage; Baichao Village, 
18.36°N, 109.20°E, spring 2024, three samples, heading stage; and Gongbei Village, 
18.38°N, 109.15°E, spring 2024, three samples, heading stage, in Sanya, Hainan 
Province, one each in Wuhan, 30.47°N, 114.35°E, Hubei Province, autumn 2024, 
maturity stage, and Guangzhou 23.16°N, 113.30°E, Guangdong Province, autumn 2024, 
maturity stage. Each sample consisted of 30 randomly selected plants. In total, 870 rice 
plants were collected. The same weight of flag-leaf tissue was harvested from each 
plant. The RRSV infection rate of each sample was detected by individually testing for 
the S8 gene using RT-PCR. The Ct value of each sample, detected by RT-qPCR, was 
used as input to generate the predicted infection rates under the three models. The 
predicted rates were then compared with the actual tested infection rates or field disease 
incidence to evaluate model accuracy. 
2.6 Statistical analysis 

The actual and predicted infection rates from five fields used for model evaluation 
were obtained from three or more independent testing groups. Statistical analyses were 
conducted using one-way analysis of variance (ANOVA) with Prism software 
(GraphPad Software, v8.1.2, San Diego, CA, USA). A p-value < 0.05 was regarded as 
a statistically significant difference.  
 
 
3 Results 
3.1 RRSV-carrying rate of BPHs in the paddy field  

To confirm that the experimental field was suitable for constructing RRSV 
assessment models in rice seedlings, adult BPHs were collected from the experimental 
farm of Hainan Institute of Zhejiang University. Each rice plant in the field was 
naturally infested with about 20-100 BPHs (Fig. S2a). Total RNA was extracted from 
individual field-collected BPHs and the RRSV-carrying rate was determined using RT-
PCR, with RT-qPCR used for confirmation. The results showed that 74 of the 180 
(~41.11%) BPHs tested were infected with RRSV (Fig. S2b), indicating a high 
prevalence of viruliferous vectors in this field.  
3.2 Analysis of RRSV infection in rice seedlings 

To construct RRSV infection-rate assessment models, germinated rice seeds were 
sown in the seedbed at Hongqi Village. At the four-leaf stage, 500 seedlings were 
randomly sampled and individually tested for RRSV infection using RT-PCR and RT-
qPCR, revealing a mean seedling infection rate of 29.40% (Fig. 2). Subsequently, the 
seedlings were pooled into mixed samples consisting of 10, 20, 30, or 50 plants per 
pool. Fifty biological replicates from each pooled sample were subjected to RT-qPCR 
testing to measure the relative expression levels of the RRSV S10 gene. The pooled RT-
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qPCR measurements were then combined with the RT-PCR–derived seedling infection 
rates (ground truth) to develop and evaluate models that estimate seedling infection rate 
at early growth stages. 

 
Fig. 2 Detection results of RRSV in 500 rice seedlings using RT-PCR and RT-qPCR. The upper 
panel shows the RT-PCR results, demonstrating the qualitative detection of RRSV. The lower 
panel displays RT-qPCR results, providing quantitative analysis of viral load within these rice 
seedlings.   
 
3.3 Development and evaluation of assessment models using different pool sizes  

A total of 35 pooled datasets were used to train the assessment models and the 
other 15 were reserved for testing model accuracy. Each assessment model was 
evaluated using multiple statistical parameters to determine the reliability of its 
infection rate predictions across different sample group sizes.  

For the 10-plant pools, all three models showed poor predictive performance. The 
linear regression model provided a poor predictive ability with an equation 𝑦𝑦 = 
172.82𝑥𝑥+23.51 and an R2 = -0.144. The decision tree model also performed poorly, 
with a negative R2 = -0.643, while the random forest model achieved an R2 = -0.061. 
The MSE values ranged from 297.11 (random forest) to 460.00 (decision tree), and the 
RMSE values from 17.23 (random forest) to 21.77 (decision tree). The decision tree 
model had the highest MAE of 16.67. The SMAPE values ranged from 40.32% to 
64.89%, while the MAPE values varied from 36.71% to 56.15%. (Figs. 3a, 4a, Table 
1).  

For the 20-plant pools, the linear regression model yielded 𝑦𝑦 = 90.60𝑥𝑥 +23.15 with 
an R2 = 0.181, indicating limited predictive capability. The R2 obtained using the 
decision tree model and the random forest model were 0.353 and 0.459, respectively. 
The MSE values ranged from 99.01 (random forest) to 149.85 (linear regression). The 
RMSE values were 9.95 (random forest) to 12.24 (linear regression), respectively. The 
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MAE values ranged from 7.67 (decision tree) to 9.90 (linear regression) The highest 
SMAPE and MAPE values were 48.49% and 97.36%, respectively, of the linear 
regression model. The SMAPE and MAPE values were 31.39% and 39.99%, 
respectively, for the decision tree model, and 40.99% and 51.62%, respectively, for the 
random forest model (Fig. 3b, Table 1), indicating that 20-plant pools did not provide 
stable accuracy for infection-rate estimation under these conditions. 

With the 30-plant pools, model performance improved substantially. The linear 
regression model yielded an equation of y = 102.02x + 17.39 with an R² = 0.814. The 
decision tree and random forest models achieved R² = 0.847 and 0.862, respectively. 
The MSE values of the 30-plant pools were 96.25 (linear regression), 79.27 (decision 
tree) and 71.57 (random forests), the lowest of the four sample groups. The RMSE 
values ranged from 8.45 (random forest) to 9.81 (linear regression), and the MAE 
values ranged from 5.56 (decision tree) to 8.06 (linear regression). The SMAPE and 
MAPE values for all three models in the 30-plant pool were also the lowest among the 
four sample groups, indicating that the 30-plant sample pooling provided the most 
accurate and stable infection-rate estimates (Fig. 3c, Table 1).  

With the 50-plant pools, the linear regression model showed an equation of 𝑦𝑦 = 
49.68𝑥𝑥+18.29 and an R2 = 0.476. The decision tree and random forest models yielded 
R² = 0.406 and 0.528, respectively. The MSE values for the three models ranged from 
228.05 to 286.93. The RMSE values ranged from 15.10 (random forest) to 16.94 
(decision tree), and the MAE values from 10.15 (random forest) to 11.20 (decision tree). 
The SMAPE and MAPE values for the linear regression model were 35.66% and 
49.98%, 31.30% and 30.10% for the decision tree model, and 29.39% and 28.65% for 
the random forest model (Fig. 3d, Table 1). These results indicated that pool size 
strongly influences prediction performance, and 30-plant pools provided the best 
balance of accuracy and stability. 

Across the four sampling strategies (10-, 20-, 30-, and 50-plant pools), clear 
differences were observed in model behavior and prediction stability. In the 10- and 20-
plant pools, all three models showed substantial variability between predicted and 
actual values, indicating high sensitivity to stochastic variation in viral load (Figs. 4a, 
b). In contrast, the 30-plant pool markedly improved prediction consistency, while the 
50-plant pool provided only marginal additional gains despite increased sampling effort 
(Figs. 4c, d). Within each sampling group, the three models exhibited distinct prediction 
patterns. The linear regression model generally captured overall trends but tended to 
extrapolate beyond biologically meaningful boundaries under high infection conditions. 
The decision tree model effectively captured threshold-like responses but produced 
stepwise and discontinuous predictions across heterogeneous samples. In contrast, the 
random forest model consistently generated smoother, biologically constrained, and 
more stable predictions across all infection levels (Figs. 4a-4d). 
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Fig. 3 Established linear regression, decision tree, and random forest models for predicting 
RRSV infection rate based on the relative expression level of the RRSV S10 gene in pooled 
rice seedling samples of different sizes: (a) 10-plant, (b) 20-plant, (c) 30-plant, and (d) 50-plant 
pooled samples.  
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Fig. 4 Prediction performance of regression models for RRSV Infection. These figures show 
the effectiveness of linear regression, decision tree, and random forest models in predicting 
RRSV infection rates based on the relative expression levels of the RRSV S10 gene across 
various rice seedling pool sizes: (a) 10-plant, (b) 20-plant, (c) 30-plant, and (d) 50-plant pooled 
samples.  
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Table 1. Analysis results of the model performances 
Model 
type 

Pool 
size Equation R2 MSE RMSE MAE SMAPE 

(%) 
MAPE 

(%) 

Linear 
regression 

10-plant y = 172.82x + 23.51 -0.144 320.32 17.90 14.96 64.89 40.72 
20-plant y = 90.60x + 23.15 0.181 149.85 12.24 9.90 48.49 97.36 
30-plant y = 102.02x + 17.39 0.814 96.25 9.81 8.06 31.92 39.72 
50-plant y = 49.68x + 18.29 0.476 252.99 15.62 10.97 35.66 49.98 

Decision 
tree 

10-plant - -0.643 460.00 21.77 16.67 40.32 56.15 
20-plant - 0.353 118.33 10.88 7.67 31.39 39.99 
30-plant - 0.847 79.27 8.90 5.56 23.24 23.78 
50-plant - 0.406 286.93 16.94 11.20 31.30 30.10 

Random 
forest 

10-plant - -0.061 297.11 17.23 12.23 64.54 36.71 
20-plant - 0.459 99.01 9.95 8.16 40.99 51.62 
30-plant - 0.862 71.57 8.45 6.47 26.24 26.48 
50-plant - 0.528 228.05 15.10 10.15 29.39 28.65 

 
3.4 Validation of model performance using adjacent field seedlings at early growth 
stages 

To evaluate the predictive accuracy of the assessment models, infection rates 
predicted using the 30-plant pooling strategy were compared against seedling infection 
rates measured by individual RT-PCR in five sampling sites within the same seedling 
experimental field of the Hainan Institute of Zhejiang University (Table 2). The results 
revealed that the linear regression model generated predicted infection levels that 
ranged from 17.91% to 22.43% across the five sampling sites. The decision tree model 
produced predictions between 20.00% and 30.00%, and the random forest model 
produced estimates from 18.68% to 29.25%. Symptom-based disease incidence 
recorded at heading stage ranged from 20.83% to 27.08%. In addition, sampling site #4 
had a measured seedling infection rate of 20.00%, a value close to the total disease 
incidence of 22.92%, providing a direct reference for comparing model predictions with 
field observations.  

Across the five plots, the decision tree and random forest predictions were 
numerically close to the investigated field incidences. In sampling site #4, the decision 
tree prediction of 20.00% was identical to the measured seedling infection rate, and the 
random forest estimate of 21.27% was also within the range of the observed field values. 
In other plots, both tree-based models frequently produced values that fell near the 
corresponding disease incidence investigated at heading stage. 
 
Table 2. Predicted RRSV infection rates of rice seedlings and disease incidence of 
heading-stage rice plants in the experimental farm of Hainan Institute of 
Zhejiang University 

Sampling Linear 
regression 
predicted 

RRSV infection 
rate (%) a 

Decision tree 
predicted 

RRSV 
infection rate 

(%) a 

Random 
forest 

predicted 
RRSV 

infection rate 

No. of RRSV-
infected  

 (RRSV disease 
incidence %) b 
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(%) a 
#1 18.80 20.00 18.68 10 (20.83) 
#2 20.97 23.33 24.73 12 (25.00) 
#3 22.43 30.00 29.25 13 (27.08) 
#4 19.85 20.00 21.27 10 (20.83) 
#5 17.91 20.00 18.68 10 (20.83) 

Total    22.92 
a: Thirty seedlings were randomly collected for each sampling.  
b: Fourty eight heading-stage plants were randomly surveyed for each sampling.  
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3.5 Independent field validation across geographic locations  
To further validate the assessment models, predicted infection rates obtained from 

the 30-plant pooling strategy were compared with actual RRSV infection rates 
measured across seven independent rice fields, each comprising several areas. For the 
field in Baihe Village, prediction values from the linear regression model were 28.88% 
± 5.08%, which matched well with the actual infection rates 34.44% ± 5.88% (p = 0.515, 
student’s t-test). Predictions from the decision tree model were 40.00% ± 8.39%, 
occasionally approaching the actual infection rates (p = 0.620), while the random forest 
model generated estimates of 38.50% ± 6.11%, which were largely consistent with the 
actual values (p = 0.658, Figs. 5a, S3, Table 3).  

For the field in Baichao Village, the actual infection rate was consistently high at 
96.67%. The decision tree model produced the most accurate predictions, giving 
93.33%. The random forest model underestimated the infection level at 81.00%, 
whereas the linear regression produced values of > 100% (128.80–149.41%), reflecting 
the fact that linear regression is unbounded and can exceed the biological maximum at 
high infection levels (Figs. 5b, S3, Table 3). For the field in Gongbei Village, the linear 
regression model predicted values of 43.17% ± 7.69%, which were close to the actual 
infection rates 48.89% ± 6.19% (p = 0.595). The decision tree model underestimated 
several areas, with values of 33.33% and 40.00%, while the random forest model 
produced moderately accurate estimates of 44.22% ± 2.05%, (p = 0.536, Figs. 5c, S3, 
Table 3). For the field in Hongqi Village, the linear regression model predicted values 
were generally aligned with the actual infection rates (45.00 ± 3.63% and 39.51% ± 
3.88%, respectively, p = 0.326). The decision tree model produced highly variable 
predictions of 41.44% ± 4.92% (p = 0.540), while the random forest model generated 
relatively stable estimates close to the higher end of the observed values, ranging from 
45.67% to 50.85% (Figs. 5d, S3, Table 3). For the field in Shengli Village, linear 
regression predicted values ranging from 19.23% to 74.63%, which closely followed 
the actual infection rates that ranged from 23.33% to 70.00% (p = 0.808). The decision 
tree model occasionally overestimated areas with moderate infection, predicting values 
such as 73.33% for an actual value of 63.33%. In contrast, the random forest model 
produced more stable and generally accurate predictions, with values from 20.05% to 
76.05% (p = 0.665, Figs. 5e, S3, Table 3). For the field in Wuhan, Hubei, all three 
models aligned closely with the actual infection rate of 20.00%. The linear regression 
model predicted 18.92%, the decision tree model predicted 20.00%, and the random 
forest model predicted 19.68% (Figs. 5f, S4, Table 3). For the field in Guangzhou, 
Guangdong, predictions from the linear regression model, the decision tree model and 
the random forest model were 17.83%, 16.67% and 17.37% respectively, compared 
with the measured infection rate of 13.33% (Figs. 5g, S4, Table 3). 
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Fig. 5 Field validation of 30-plant pooled sample assessment models for forecasting RRSV 
infection rate. The performance of the linear regression (LR), decision tree (DT), and random 
forest (RF) models was evaluated across seven field sites: (a) Baihe Village, (b) Baichao Village, 
(c) Gongbei Village, (d) Hongqi Village, and (e) Shengli Village in Sanya, Hainan; (f) Wuhan, 
Hubei; and (g) Guangzhou, Guangdong. Values labeled with the same letter are not 
significantly different according to one-way ANOVA. 
 
Table 3. RRSV infection rates of rice plants in different locations in Sanya, 
Wuhan and Guangzhou determined by RT-PCR 

Sampling locations  Years Sampling stage No. of RRSV-positive/tested 
plants (Infection rate %) 

Baihe Village, Sanya  
(18.38°N,109.20°E) 

2024 Tillering 31/90 (34.44) 

Baichao Village, Sanya 
 (18.36°N,109.20°E) 

2024 Grain filling 87/90 (96.67) 

Gongbei Village, Sanya 
 (18.38°N,109.15°E) 

2024 Heading 44/90 (48.89) 

Hongqi Village, Sanya  
(18.35°N,109.20°E) 

2023 Heading 80/180 (44.44) 

Shengli Village, Sanya  
(18.37°N,109.20°E) 

2023 Heading 181/360 (50.28) 

Wuhan, Hubei  
(30.47°N,114.35°E) 

2024 Maturity 6/30 (20.00) 

Guangzhou, 
Guangdong  
(23.16°N,113.30°E) 

2024 Maturity 4/30 (13.33) 
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4 Discussion  
 
Previous surveys of virus diseases in rice fields were done via large-scale sample 

collections, extraction of RNA from individual plants, and RT-PCR/RT-qPCR, which 
are all labor-intensive and time-consuming (Liu, et al., 2014; Yang, et al., 2017). In this 
study, we integrated machine learning with RT-qPCR data derived from pooled seedling 
samples to establish an efficient and scalable framework for estimating the RRSV 
seedling infection rate. Importantly, the model target was the molecular infection rate 
(ground-truthed by individual RT-PCR), whereas heading-stage symptom incidence 
was recorded only as a downstream field observation for contextual interpretation rather 
than a prediction endpoint. The field used for model development exhibited a high 
density of BPHs and significant virus transmission pressure, providing suitable 
conditions for robust model training and validation. The predictive framework was 
validated across multiple independent fields in Sanya, Wuhan, and Guangzhou, 
demonstrating that a pooled-assay strategy can support consistent infection-rate 
estimation across locations and growth stages. RT-qPCR is widely used to detect human 
viruses, including COVID-19, but its application has not been integrated with machine 
learning models to predict virus infection rates (Yelin et al., 2020). However, linking a 
single pooled RT-qPCR data to an infection-rate estimate in crop fields remains non-
trivial, because a pooled signal reflects both the proportion of infected plants and the 
distribution of viral load among infected individuals. Although rice developmental 
stage may affect host physiology, RRSV accumulation is influenced more strongly by 
the infection duration and plant condition. The techniques described in this study offer 
novel perspectives and allow a better understanding of RRSV dynamics in different rice 
fields and at different rice growth stages. We consider that these novel techniques not 
only provide insights beyond the broader epidemiological patterns reported in previous 
studies, but also improve the accuracy of RRSV infection rate and disease incidence. 
The predictions generated with the three assessment models described above can help 
farmers to decide the transplantation schedule of seedlings to manage RRSV 
transmission. The results presented here also show the possibility of application of the 
random forest model to handle the complexities and heterogeneities of agricultural data. 
In addition, incorporation of three models can reduce variance and provide more 
reliable and robust predictions compared to the traditional methods using a single 
decision tree or a linear model reported in earlier studies. 

To rigorously test the three assessment models for different mixed plant samples, 
we evaluated the individual characteristics of each dataset, effectiveness of model fit, 
and performance of statistical metrics. For the 10- and 20-plant pools, both the linear 
regression and tree-based models exhibited poor performance, likely due to significant 
variation in viral loads, data non-linearity and heterogeneous infection rates, which is 
consistent with recent findings by Bock et al. (2022), regarding the limitations of small 
sample sizes in plant disease estimation. For the 50-plant pool, all three models 
demonstrated slight performance improvements compared to the 10-plant and 20-plant 
pooling datasets, but remained suboptimal, likely reflecting a trade-off between the data 
aggregation and predictive accuracy recently reported by Ding et al. (2024). In contrast, 
the 30-plant pooling strategy consistently yielded the best overall performance, with 
higher R² and lower error metrics (MSE, RMSE, MAE, SMAPE, and MAPE). These 
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results suggest that 30-plant pools provide an effective balance between capturing 
population-level infection signals and minimizing sampling noise, making this pool 
size a practical unit for routine field monitoring. 

Across the multiple field environments evaluated in this study, the three prediction 
models exhibited distinct strengths and limitations in estimating RRSV infection rates. 
The linear regression model performed reasonably well under low to moderate infection 
conditions but showed limited robustness under high infection pressure, occasionally 
producing biologically unrealistic estimates beyond the theoretical upper limit. This 
limitation highlights the restricted flexibility of linear models when applied to complex, 
non-linear disease systems in the field. The decision tree model showed improved 
performance under saturated infection conditions, indicating the advantage in handling 
threshold-like responses. Nevertheless, its strong stepwise structure resulted in abrupt 
fluctuations across heterogeneous field sites, reducing prediction continuity and 
stability. Such discontinuities limit the reliability of single-tree models under variable 
environmental and epidemiological conditions typical of large-scale agricultural fields. 
In contrast, the random forest model consistently produced stable, biologically 
constrained, and comparatively accurate predictions across low, moderate, and high 
infection regimes. Its ensemble learning framework effectively integrates multiple 
decision trees, thereby reducing sensitivity to local noise, outliers, and environmental 
heterogeneity. This robustness enables superior generalization across geographically 
separated fields and diverse disease pressure conditions. These comparative analyses 
indicate that, although all three models have predictive capacity, the random forest 
model provides the most robust and reliable performance for practical field application 
and was therefore selected as the optimal model for large-scale deployment in RRSV 
surveillance and resistance screening and practical field deployment in RRSV 
infection-rate estimation. 

Regarding the optimal sample size for precise RRSV infection rate prediction, as 
shown in Section 3.4, predictions from the linear regression (19.85%), decision tree 
(20.00%), and random forest (21.27%) models using the 30-plant pools were closely 
aligned with the actual infection rate (20.00%) in rice seedlings and the overall disease 
incidence (22.92%) across the five separated sampling sites from the same seedling 
field. These results support the use of a 30-plant pooling strategy as an effective and 
practical unit for routine field-based RRSV incidence prediction and for informing 
seedling transplantation management decisions. Although larger sample sizes may 
marginally improve precision, the 30-plant pooling strategy offers an optimal balance 
between accuracy, labor efficiency, and operational feasibility. 

Furthermore, the quantitative precision provided by the random forest model 
enables the establishment of a standardized decision-making threshold for field 
management. Based on our evaluations, we propose an infection rate of 30% as a 
critical threshold for seedling transplantation. Specifically, seedling beds with a 
predicted infection rate below 30% are considered suitable for transplantation. From an 
economic and epidemiological perspective, this threshold is intended as a management 
reference, not a strict biological limit. Most germplasm exhibits severe symptoms and 
poor grain filling after RRSV infection. In rice production, farmers usually transplant 2 
to 4 seedlings per clump: here, we take 3 seedlings per clump as an example. Therefore, 
under a moderate compensation scenario (healthy plants compensate for 20% of the 
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yield), an infection rate of about 30% of seedlings is equivalent to a theoretical yield 
reduction of about 20%. From an economic perspective, this level of yield loss is 
sufficient justification in rice production for replacing or avoiding transplanting these 
highly infected seedlings. However, this threshold should be appropriately adjusted 
according to the cultivar, planting area, BPH population density, cultivation season, and 
production management requirements. Therefore, 30% is proposed as a preliminary 
threshold for which batch replacement or abandonment is a more economical choice, 
though further field and economic validation across different regions and cultivars is 
required. To facilitate the practical implementation of our findings, we developed a fully 
automated RRSV infection rate predictor (30-plant pool), provided in Table S2. This 
Excel-based tool allows end-users to input relative viral expression levels and 
instantaneously receive infection rate estimations derived from our optimized random 
forest, decision tree, and linear regression models. 

This study also highlights the importance of selecting models with consideration 
of field-specific infection conditions. Because linear regression can yield unbounded 
outputs at high infection pressure, tree-based or ensemble approaches may be preferable 
when infection levels are high or heterogeneous. Despite the robust performance of the 
30-plant pooling framework, several limitations should be acknowledged. First, the 
current predictive models were developed based on a relatively constrained training 
dataset. While sufficient for a proof-of-concept and demonstrating high predictive 
accuracy (R2 = 0.862), the limited sample size may not fully encapsulate the extreme 
biological stochasticity of RRSV titers across all field scenarios. Consequently, the 
current random forest model may require further calibration when applied to diverse 
rice cultivars with variable levels of resistance or under drastically different agro-
climatic conditions. Advanced machine learning approaches, including deep learning 
and crop-specific modeling platforms, should also be explored to enhance prediction 
performance from increasingly complex datasets. In addition, while the present 
framework focuses on the plant infection rate, incorporating data on vector abundance 
and dynamics (BPHs) may further improve interpretability and help link early infection 
estimates to later disease outcomes. Advanced approaches (e.g., constrained regression, 
probabilistic calibration, or deep learning when larger datasets become available) could 
also be explored, but their benefits should be weighed against interpretability and 
operational feasibility in routine surveillance. In addition, rice cultivars may differ in 
RRSV accumulation because of differences in resistance. Because pooled 2−ΔCt values 
reflect viral load, the model may underestimate infection rates in resistant cultivars and 
overestimate them in susceptible cultivars. Since the present models were developed 
using JXB, they are most applicable to commercialized cultivars, which are vulnerable 
to RRSV. Further validation and recalibration across cultivars with different resistance 
levels are needed. 
 
 
5 Conclusion 

 
This study establishes a molecular-computational framework for estimating RRSV 

infection rates in rice populations by integrating pooled RT-qPCR with machine 
learning. This approach enables the transformation of molecular measurements into 
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quantitative population-level estimates, addressing a key limitation in current plant 
disease diagnostics. Compared with conventional methods, it significantly reduces 
sampling complexity while maintaining robust predictive performance across diverse 
field environments. Importantly, this framework provides a scalable strategy for linking 
molecular data with phenotypic outcomes, offering potential applications in disease 
surveillance, resistance screening, and crop management. More broadly, our results 
highlight the potential of integrating molecular diagnostics with data-driven modeling 
to advance quantitative plant pathology and precision agriculture. 
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