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Introduction

The tomato, a widely cultivated plant, is known for its 
nutritional value and significant economic influence. 
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Abstract | This study investigated environmental variables for developing an anticipated 
model for giving prediction of tomato leaf curl virus vector Bemisia tabaci. A stepwise regression 
model was designed with maximum and minimum temperatures, relative humidity, rainfall, 
and wind speed. The model is strongly associated with B. tabaci population and environmental 
variables during two growing seasons 2021-2022. Maximum and minimum temperatures and 
relative humidity significantly contributed to disease development. Bemisia tabaci populations 
increased with maximum (34.56-40.45°C) and minimum (20.53-26.78°C) temperatures. All 
tomato genotypes showed a significant population reduction when relative humidity increased 
from 30-57%. The model explained 38-65% of B. tabaci variability during both rating seasons. 
The RMSE and error (%) were below 20, showing that the model effectively predicted Bemisia 
tabaci population development. This innovative study showed how a predictive climate model 
may guide strategic pest control treatments, enhancing agricultural systems’ climate change 
resilience.  

Novelty Statement | The present study revealed that temperature and humidity are the most 
significant factors, with a 1.07-unit increase in temperature resulting in a corresponding increase 
in whitefly populations, accounting for 3865% of the variability in the whitefly population. 
By utilizing this approach, farmers can substantially enhance crop protection measures under 
changing climate conditions by predicting and reducing the spread of the tomato leaf curl virus 
and its vector, Bemisia tabaci, thereby addressing a critical gap in sustainable pest management.
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Bemisia tabaci, commonly known as the whitefly, is an 
important global agricultural pest that poses challenges to 
crop production. B. tabaci transmits the tomato leaf curl 
virus, reducing agricultural productivity ( Jones, 2003). 
Therefore, it is crucial to effectively manage populations of 
B. tabaci to restrict the spread of the tomato leaf curl virus 
(Naseer et al., 2021). 

The population dynamics of B. tabaci are influenced 
by environmental factors. Studying B. tabaci and its 
characteristics is essential for comprehending and managing 
these pests (Simmons and Gurr, 2005). Whiteflies often 
do significant harm to the yield and overall quality of 
tomatoes. Their influence requires efficient and enduring 
administration (Navas-Castillo et al., 2011). 

Weather impacts insect populations, pest behavior, 
prevalence, geographic distribution, and intensity. It is 
essential to comprehend the impact of climate on B. tabaci 
populations in pest management (Deutsch et al., 2018). 
Mitigating pest damage in agricultural systems requires 
understanding the impact of climate change on insect 
populations (Luck et al., 2011; Ali et al., 2022a). 

B. tabaci feeds on and transmits diseases, to tomato 
crops. The extent of harm is determined upon the 
developmental stage of the insect life cycle. The term 
‘injury’ refers to harm caused to crops. The potential harm 
can encompass a decrease in production, a decrease in 
quality, or an increased susceptibility to plant diseases (Ali 
et al., 2022b, c). The life cycle stage of the insect might 
cause specific agricultural harm, which can further increase 
the overall damage ( Jones, 2003). This study investigates 
the impact of climate variables on B. tabaci populations in 
different types of tomatoes. 

The temperature, mainly the maximum range of 
33-38°C, is a significant factor for what diseases. The 
temperature range specified is optimal for the reproduction 
and growth of B. tabaci (Perring, 2001). Elevated 
temperatures can expedite the growth and reproduction 
of these organisms, resulting in an augmentation of their 
population. A study by Denholm et al. (2005) established 
a correlation between increasing temperatures and the 
expansion of the B. tabaci population. 

Precipitation, another significant epidemiological 
factor, can displace or cause mortality in B. tabaci. Further 
investigation is required to fully understand the intricate 
interaction between rainfall and B. tabaci populations 
(Simmons and Gurr, 2005). The impact of relative 
humidity and wind velocity on the life cycle of B. tabaci 
remains uncertain. Increased relative humidity can reduce 
the population of B. tabaci, while the specific mechanism 
behind this effect remains uncertain. Different studies have 
indicated that wind speeds do not significantly impact B. 

tabaci populations (Denholm et al., 2005). This study aims 
to develop a predictive model to analyze the impact of 
temperature, rainfall, relative humidity, and wind speed on 
B. tabaci populations. This study also aims to utilize this 
model to design whitefly management strategies that can 
effectively mitigate the tomato leaf curl virus transmission. 

Materials and Methods

Development of climate model for B. tabaci population 
prediction

To develop a disease-predictive model for B. tabaci 
prediction, four susceptible varieties (Big Beef, Libnan Arif, 
Salma, and Po-02) were cultivated in 2021 and 2022 at the 
Hafiz Abad Research Station, University of Layyah, in a 
Randomized Complete Block Design (RCBD) with 
three-replications. Each variety was cultivated in a plot 
measuring ten meters in length, with a distance of 70 cm 
between rows and 30 cm between each plant. Each week 
during the 2021-2022 growth seasons, the population 
of B. tabaci was recorded for each variance. 

Data on the B. tabaci population were obtained from 
the disease screening nursery by randomly selecting 3-5 
plants with insect infestations for each variety. To provide 
further insight, the affected plants exhibited indications 
of B. tabaci infection, such as the curling or yellowing 
of leaves or the presence of B. tabaci or their eggs on the 
undersides of the leaves. Weekly observations were taken of 
insect populations on the plants’ upper, middle, and lower 
leaves, as these locations are most suitable for B. tabaci 
survival and infection, according to Smith et al. (1998). 
This systematic technique enabled comprehensive and 
accurate sampling of plant structures. These components 
were sampled to study the plant’s distribution of B. tabaci 
populations. The averages were determined and reported. 
Using a microscope, B. tabaci was identified by examining 
the setae and transverse moulting sutures of the pseudo 
pupae (Bellows et al., 1994). 

Data collection of epidemiological variables
The environmental variables, comprising maximum 

and minimum temperatures, relative humidity, average 
rainfall, and wind speed, were collected daily from March 
to June during  both  the 2021 and 2022 agricultural 
seasons. The data was collected from observatory, situated 
in Karor-Layyah, and this observatory is owned and run 
by Pakistan Meteorological department. Then, weekly 
averages were calculated.

Evaluation of model
The model was assessed by using the procedures given 

by Snee (1977) and Chattefuee and Hadi (2006). The 
procedures are as under:

1.	 Assessing the relationship between the regressand 
and regression coefficients using principles from the 
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physical theory. 
2.	 Evaluation of collected data about projected data 

RMSE and % error were used to evaluate prediction 
accuracy (Wallach and Goffinet, 1989). The equations 
utilized for calculating the root mean square error 
(RMSE) and percentage error were:

Pi and Oi denote the examined variables’ predicted and 
observed data points. Where, ‘n’ is the sum of observations. 
According to Willmott (1982), a model’s performance 
considered good when values of percentage error and root-
mean square error (RMSE) fall within the range of ± 20.

Data analysis
Statistical analysis was performed using SAS 9.3 (SAS 

Institute, 1990). ANOVA was used to identify significant 
factors, whereas LSD (P<0.05) was used to compare various 
test groups. These two methods are used because they can 
handle numerous comparisons and identify significant B. 
tabaci  population-environmental variable interactions 
(Steel et al., 1997). Regression analysis was used to analyze 
environmental variables that correlated with whiteflies. A 
predicted climatic model for  B. tabaci was created using 
stepwise regression (Myers, 1990). We used Root Mean 
Square Error (RMSE) and error (%) to evaluate multiple 
regression models. Both statistical methods provide a 
complete model correctness assessment across the observed 
dataset. The model’s error is measured by the RMSE 
and expressed as a percentage of the actual values. This 
dual-method approach thoroughly evaluates regression 
model prediction potential. Environmental factors that 
substantially impact B. tabaci populations were graphically 
represented, and their critical range for population increase 
were determined. The accuracy of predictive model was 
assessed by comparing the projected population estimates 
with the actual observed data. This study investigated the 
impact of environmental variables on all four genotypes of 
B. tabaci.

Results 

The comprehensive study of correlation conducted 
in the years 2021 and 2022 revealed that the variations in 
maximum and minimum  temperatures, as well as the 
relative humidity, exhibited a more significant influence on 
the populations of B. tabaci on tomato genotypes compared 
to the effects of rainfall and wind speed. 

The association between the maximum and 
lowest temperature and the B. tabaci population on all 

genotypes, including Big Beef, Libnan Arif, Salma, 
and Po-02, was significantly positive. This suggests 
that increasing  temperature  leads to an increase in 
the population. Conversely, a negative association was 
observed between humidity and populations of B. tabaci in 
all studied tomato genotypes, including Big Beef, Libnan 
Arif, Salma, and Po-02. Increasing  relative humidity 
reduced  the populations of B. tabaci. The correlation 
between B. tabaci population, rainfall, and wind speed was 
not statistically significant across all tomato genotypes, 
including Big Beef, Libnan Arif, Salma, and Po-02 (Table 
1).

Table 1: Correlation between epidemiological factors 
and B. tabaci population on tomato varieties in 2021–
2022. 
Geno-
types

Maxi. T 
(°C)

Mini. T 
(°C)

R.H. (%) R.F. (mm) WS 
(Km/h)

Big Beef 0.99**

0.00
0.98*

0.01
-0.86*

0.00
0.53
0.47

0.62ns

0.37
Libnan 
Arif

0.97*

0.02
0.98*

0.01
-0.985*

0.00
 0.44
 0.27

0.56 ns

0.21
Salma 0.95**

0.00
0.97*

0.01
-0.987**

0.00
0.66
0.16

0.74 ns

0.13
Po-02 0.94*

0.02
0.971*
0.01

-0.96*

0.01
0.37
0.31

0.50 ns

0.24
The upper values represent the Pearson’s correlation coefficient, while 
the lower values denote the probability level at P = 0.05; * = significant 
at P ≤ 0.05 and ns = Non-significant at P ≥ 0.05. 

The data of environmental variables and B. tabaci 
population were used to develop a two-year disease-
predictive model Y = -26.6 - 0.25x1 + 1.07x2 + 0.034x3 - 
0.82x4 + 0.52x5, where Y is the B. tabaci population and 
x1, x2, x3, x4, and x5 are minimum temperature, maximum 
temperature, relative humidity, rainfall, and wind speed 
indicators, respectively. The model shows that B. tabaci 
populations take benefit from maximum and lowest 
temperatures. B. tabaci population increased by 1.07 
units per unit of temperature. Each unit rise in relative 
humidity enhanced the population by 0.034 units. White 
fly populations decreased by 0.82 and 0.52 units per unit 
increase in wind speed and rainfall, respectively. Model 
equation shows that temperatures, humidity, wind speed, 
and precipitation affect B. tabaci populations. One unit 
of temperature increased the population by 1.07 units, 
whereas humidity raised it by 0.034 units. Wind speed and 
rainfall changes affected population of whitefly by 0.52 
and 0.82 units (Table 2).

It was noticed that maximum temperature played 
the role of most crucial variable, accounting for 65% of 
the weightage in model (F=36.82, P<0.001). Minimum 
temperature influenced 53% of B. tabaci population 
variability (F=36.6, P<0.001). Whitefly population was 
highly affected by relative humidity, contributing 52% 
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variability to the regression model (F=33.01, P<0.001). 
Rainfall only explained 50% of model variables with 
an F-value of 3.15 and P-value of 0.086. Wind speed 
explained 38% of B. tabaci population fluctuations with an 
F-value of 5.36 and a P-value of 0.028. Thus, the present 
disease predictive model with these five environmental 
components accounts for 38-65% of B. tabaci population 
variations, demonstrating the impact of ecological 
circumstances on pest outbreaks and the importance 
of creating predictive models for B. tabaci management 
(Table 2).

Table 2: Summary of a climate model for B. tabaci 
population based on epidemiological data collected 
over 202-2022.
Studies variables Number 

in model
Model 
R2

C(p) F 
value

P 
value

Max. temperature (°C) 1 0.65 2.00 36.82 0.00*
Min. temperature (°C) 2 0.53 2.00 36.63 0.00*
Relative humidity (%) 3 0.52 2.00 33.01 0.00*
Rainfall (mm) 4 0. 50 2.00 3.15 0.08
Wind speed (Km/h) 5 0.38 2.00 5.35 0.02

Regression co-efficients and B. tabaci dependent variable 
comparison with physical theory

The predicted model for the whitefly population based 
on two-year data (2021 and 2022) was tested using R2  , 
which exhibited  a 0.55 value, indicating an acceptable 
alignment, particularly considering the field conditions 
that limit variable control. The estimated standard error 
was 1.48, confirming model accuracy (Table 3). 

A significance level of P<0.05 was indicated by 
the regression model and F-distribution. Furthermore, 
environmental variables such as temperature, humidity, 
rainfall, and wind speed significantly affected the B. tabaci 
population at P<0.05. Table 4 shows that each variable 
had a standard error below 1. Thus, the model was flexible 
for B. tabaci population prediction. The regression analysis 

showed that maximum temperature was a significant 
predictor with a coefficient of 0.694 and a P-value of 0.001. 
The other environmental variables had P>0.05, making 
them less important (Table 5). A statistically significant 
model using physical theory and environmental variables 
was found to predict B. tabaci population dynamics in 
2021 and 2022, assuming the maximum temperature 
component is most important.

 
Table 3: B. tabaci predictive model regression statistics 
for 2021 and 2022 data set
Regression 
statistics

R R2 Adjusted 
R2

Std. error of 
the estimate

Observa-
tions

0.74a 0.55 0.53 1.48 148.07
a. Predictors: (Constant), maximum temperature

Table 4: Assessing the variance of the predictive mod-
el for B. tabaci using data from two consecutive years, 
2021-2022.
Source Sum of 

squares
df Mean 

square
F value Sig.

Regression 81.59 1 81.59 36.82 a0.00*
Residual 66.48 30 2.21
Total 148.07 31
a. Predictors: (Constant), maximum temperature

* = Significant at P <0.05; highly significant at P <0.01

Model evaluation
The second phase of model evaluation compared 

observed values to model predictions. The error (%) and 
Root Mean Squared Error (RMSE) criterion determined 
model prediction validity. A suitable model has a per 
cent error and RMSE of ± 20. Most forecasts utilising 
the two-year model for four tomato genotypes had a 
percent error of roughly ± 20 in this study. The standard 
probability plot of the 2021-2022 model showed that 
most data points were around the reference line, and few 
outliers affected the normal distribution. Interestingly, 
a 3% standardized residual indicated good agreement 
between actual and anticipated data points (Figure 1).

Table 5: The model, parameters, unstandardized and standardized coefficients t-statistics and significance.
Model Parameters Unstandardized coefficients Standardized coefficients t Sig.

B Std. Error Beta
1 (Constant) -18.35 4.24 4.33 0.00*

Maximum temperature  0.69 0.11 0.74 6.07 0.00*

Excluded Variables a

Minimum temperature -0.02b 0.34 0.00 -0.00 0.99
Relative humidity -0.04 b 0.45 0.05 -0.08 0.93
Rainfall -0.01 b 0.68 0.81 -0.08 0.93
Wind speed -0.00 b 0.83 0.71 -0.06 0.95
a. Dependent Variable: B. tabaci population
b. Predictors in the model: (Constant), maximum temperature
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Figure 1: Normal probability plot for two years (2021-2022) model of B. tabaci population.

Figure 2: Comparison of observed and predicted data points of B. tabaci population on four tomato genotypes, i.e., 
Big Beef, Libnan Arif, Salma and Po-02 during crop growing seasons 2021-2022.

With R2 values over 90% and RMSE values under 20, all 
four tomato genotypes showed strong consistency between 
actual and projected data. Figure 2 shows that the stepwise 
regression model predicted B. tabaci populations.

Characterising B. tabaci conducive environmental conditions
Regression analysis was performed on Big Beef, 

Libnan Arif, Salma, and Po-02 tomatoes varieties to 
determine the epidemiological factors that promote B. 
tabaci population growth. Two successive rating seasons, 
2021-2022, showed a significant relationship between 
B. tabaci and all environmental parameters. B. tabaci 
populations rose significantly as minimum temperature 
increased, especially between 20.53 and 26.78 °C, on all 

four tomato types studied. The correlation coefficient (r) 
in Figure 3A shows that the linear regression model best 
describes the connection. Maximum temperature was the 
main factor affecting B. tabaci population growth. As the 
maximum temperature increase from 34.56-40.45 °C, B. 
tabaci increased (Figure 3B). 

B. tabaci populations were negatively correlated with 
relative humidity. All tomato varieties decreased in number 
as humidity increased across both rating seasons (Figure 
3C). Despite increased precipitation levels between 3.45-
5.78 mm (Figure 3D) and wind speed between 2.4-6.87 
km/h (Figure 3E), the B. tabaci population did not respond. 

Predictive Modelling for Bemisia tabaci
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Figure 3: Relationship of relative minimum temperature (A), maximum temperature (B), relative humidity 
(C), Rainfall (D) and wind speed (E) with B. tabaci population on four tomato genotypes, viz., Big Beef, Libnan 
Arif, Salma and Po-02 during 2021-2022 crop growing seasons.
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Discussion

Global tomato production is still reduced by tomato 
leaf curl virus and whitefly, resulting in significant costs. 
The control of vectors has effectively mitigated tomato 
leaf curl epidemics. Commercial growers are disappointed 
since no disease control alternatives that do not involve 
using resistant cultivars are available. However, collecting 
landscape-scale data over two years was used to develop 
a predictive model for whitefly population to uncover 
new insights that can be used to modify management 
techniques. 

This research was motivated by the extensive failure 
of current management measures in controlling whitefly 
populations, which leads to major epidemics of tomato 
leaf curl virus. Considering the spatial and temporal 
characteristics of the whitefly populations and tomato 
leaf curl virus, it is essential to develop anticipated 
population management methods for this vector and virus. 
Integrating the disease prediction model with existing 
action thresholds is essential for developing a risk-
predictive strategy to effectively manage the tomato leaf 
curl virus and its vector outbreaks. This method involves 
determining the specific whitefly population levels that 
indicate the need for management intervention. Moreover, 
the current investigation involved pesticide spraying, 
which is common in commercial farming.

A disease-predictive model showed that environmental 
variables are crucial to B. tabaci populations across tomato 
genotypes (Rokni et al., 2020). Benjamin et al. (2021) and 
Khan et al. (2018) found that minimum and maximum 
temperatures and relative humidity significantly correlated 
with rainfall and wind speed. Den and Chio (2008) found 
that temperature controls pest dynamics and outbreaks. 
Our study found that insect growth is affected by maximum 
and minimum temperatures across all tomato genotypes, 
as suggested by Xia et al. (2022). 

Another critical observation is the negative association 
between relative humidity and B. tabaci population (Zhang 
et al., 2021) a complicated interaction of elements. High 
humidity levels promote fungal diseases that reduce the 
population, but under certain low-humidity conditions, a 
further increase in humidity can create a more conducive 
environment for B. tabaci, increasing the population. 
This subtle relationship shows the complexity of pest-
environment interactions. Thompson (2021) suggest that 
relative humidity may increase pest populations, which can 
help design pest management solutions. Rainfall and wind 
did not alter B. tabaci populations, contradicting prior 
pest dynamics research (Sim and Gurr, 2004). Kadoum 
and Khidhir (2022) confirmed that pest dynamics are 
unaffected by rainfall and wind speed. Our study develops a 
multivariate regression model with components that match 

Rihawi et al. (2022). This study found that temperature 
affects B. tabaci dynamics, increasing population. 

Our findings match Sanchezpos’s (2020) emphasis 
on the importance of maximum temperature in insect 
outbreaks. Even while temperature variables are important, 
our model showed that rainfall and wind speed had a 
lesser impact on B. tabaci dynamics (Kadoum and Khidhir, 
2022), emphasizing the necessity for climate-specific 
management techniques that prioritize essential variables. 

While the results section fully addresses how 
environmental variables affect B. tabaci populations, 
higher temperatures and lower relative humidity accelerate 
metabolic rates and reproductive cycles, increasing their 
populations. Warming temperatures improve insect 
physiological processes, increasing reproduction and 
population. However, decreasing humidity reduces fungal 
infections that harm B. tabaci, increasing their population 
(Sanchezpos, 2020). The statistical method was employed 
to test the model’s validity, and the findings were reasonable 
and comparable to Kadoum and Khidhir (2022). 

Increasing temperatures and decreasing humidity 
helped B. tabaci develop (Zhang et al., 2021). High 
humidity decreases B. tabaci populations, as Thompson 
(2021) found. Finally, variable-specific pest dynamics 
management techniques are crucial (Rokni et al., 2020; Xia 
et al., 2022). It stresses using climate-specific models in 
management plans to enable long-term B. tabaci resistant 
agriculture.

Conclusions

It was concluded that temperature and relative 
humidity are key environmental factors affecting B. tabaci 
populations in tomato genotypes. Maximum temperature 
influences pest outbreaks, while increased relative humidity 
could suppress the B. tabaci population. The climate model 
will help growers in managing B. tabaci by applying 
insecticides on time, resulting in more effective population 
management. The current study does not validate the 
proposed whitefly predictive model approach. Still, future 
research could assess the effectiveness of predictive, area 
wide whitefly management compared to calendar or 
scouting-based methods.
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