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ABSTRACT
The present investigation discusses the selection process of the most 
influencing weather variables for developing a prediction model for whitefly, 
Bemisia tabaci (Gennadius), based on the backward elimination method.  This 
method aids in the selection of a model with fewer variables by eliminating 
those that are less pertinent, thereby enhancing precision and mitigating 
model complexity. In the pursuit of achieving a balance between simplicity 
and model fit, the conventional 5% level of significance (p-value ≤ 0.05) 
was utilized along with six weather variables viz., maximum temperature, 
minimum temperature, evaporation rate, sunshine hours, rainfall, and 
evening relative humidity. Through an iterative elimination process, it was 
determined that only three variables-minimum temperature, sunshine hours, 
and evening relative humidity-significantly contributed to the prediction 
model. Subsequently, these three variables were retained for predicting 
whitefly population counts, while the remaining less relevant variables 
were discarded. The model was found to be around 74 percent accurate in 
predicting the dynamics of whitefly. 

Key words: Abiotic factors, Bemisia tabaci, Correlation, Minimum temperature, 
Rainfall, Relative humidity, Sunshine hours.

INTRODUCTION

Bemisia tabaci (Gennadius), commonly known 
as whitefly, is a polyphagous pest of global 
significance. In pulses, this pest is a major impediment 
in achieving potential productivity particularly due 
to its role as a major transmitter of Yellow Mosaic 
Disease (YMD) caused by Begomoviruses in Vigna 
crops (Varma 1952, Nene 1973). The impact of 
this pest on potential productivity is substantial, 
with severe cases leading to a complete cessation 
of production (Singh 1980). Abiotic factors play 
a key role in regulating the population dynamics 
of insect pests. Mapping population dynamics, as 
influenced by various weather variables, is crucial 
for developing an effective prediction model for 
targeted control of the pest. Out of the several 
weather variables influencing insect dynamics, the 
selection of relevant variables is often regarded as 
the most pivotal and challenging aspect of model 
development. A comprehensive understanding of 
insect pest dynamics is most crucial for effectively 
managing targeted insects and employing 
insecticides judiciously (Veeranna et al. 2023), 
particularly in conservation agriculture (Kumar 

et al. 2023). This understanding not only facilitates 
precise control of the intended insect pests but also 
plays a crucial role in minimizing the environmental 
impact arising from chemical residues. By 
gaining insights into the ecological interactions 
and life cycles of insect pests, practitioners can 
adopt more strategic and sustainable pest control 
measures, thereby striking a balance between pest 
management and environmental conservation.  
Statistical weather-based forecasting models play 
a pivotal role in monitoring and managing insect 
pests in crops. By analyzing the weather patterns, 
these models predict the occurrence and population 
dynamics of pest outbreaks. Apprehending the 
relationships between weather parameters and pest 
outbreaks helps to anticipate optimal conditions for 
pest development. A timely and accurate forecast 
empowers the implementation of targeted pest 
control measures, reducing reliance on broad-
spectrum pesticides and minimizing environmental 
impact (Kawakita and Takahasi 2022). Forecasting 
models are indispensable tools in integrated pest 
management, fostering precision and efficiency in 
safeguarding crops from insect threats (Kleynhans et 
al. 2018). Developing accurate forecasting models for 
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insect pests poses several challenges, primarily due 
to the complexity of ecological interactions and the 
dynamic nature of weather patterns. Additionally, 
the lack of comprehensive long-term datasets 
and the inherent variability in insect populations 
further complicate model development. When the 
forecasting model depends on several interrelated 
weather parameters, the model becomes complicated 
to generalize and comprehend. Identifying the 
key weather parameters that influence insect 
behavior, is a nuanced task, as pests may respond 
differently to various climatic factors. Choosing 
relevant weather parameters demands a thorough 
understanding of the specific pest’s biology and life 
cycle. To gain insights into its population behavior, 
it is imperative to comprehensively assess the 
influence of various weather parameters (Chandra 
et al. 2021). The development of a predictive model, 
contingent upon the judicious selection of pertinent 
weather elements or variables, holds promise for 
anticipating and managing the population dynamics 
of the whitefly with precision.

The process of identifying the variables 
to be included in the final model is referred to 
as variable selection, a crucial step in model 
development. Variable selection serves dual 
objectives. Firstly, it aids in identifying all variables 
relevant to the outcome, ensuring the model’s 
completeness and accuracy. Secondly, it facilitates 
the selection of a model with a limited number 
of variables by eliminating irrelevant ones that 
contribute to decreased precision and increased 
complexity. Ultimately, variable selection strives 
to strike a balance between model simplicity and 
fit. The task of selecting appropriate variables 
for model inclusion is widely recognized as the 
most important and challenging aspect of model 
building. This article delves into the vital process 
of weather variable selection using the backward 
elimination method and its application in the 
development of a prediction model for whiteflies. 
Variable selection involves the careful consideration 
of multiple variables to determine which one 
should be included in a specific model, entailing the 
removal of those deemed unimportant in prediction 
modeling (Ranter 2010). 

The objective of variable selection is to 
identify a set of variables that optimally contribute 
to model fitting, thereby enhancing the accuracy 
of predictions. Datasets frequently encompass 
numerous variables that are ultimately not 
incorporated in model development. The judicious 
choices of pertinent variables are essential to avoid 

the inclusion of extraneous variables, commonly 
referred to as noise, in the final model. Variable 
selection confers several advantages, including 
improved predictive model performance, expedited 
variable identification, cost-effectiveness through 
reduced training and utilization time, enhanced 
data visualization, and a more comprehensive 
understanding of the underlying data generation 
process (Guyon and Elisseeff 2003).

There are various practical reasons for variable 
selection, notably considerations of practicality. The 
inclusion of an extensive set of variables in a model 
is often impractical. Additionally, certain variables 
may exert negligible effects on outcomes, justifying 
their exclusion. A model with fewer variables 
translates to reduced computational time and 
complexity (Kuhn and Johnson 2013). In adherence 
to the principle of parsimony, models characterized 
by simplicity and fewer variables are preferred over 
complex models with an abundance of variables. The 
proliferation of variables in a model renders it more 
reliant on observed data (Hosmer et al. 2013). Simple 
models, being more straightforward to interpret, 
generalize, and apply in practical scenarios, align 
with the principle of parsimony (Steyerberg 2008). 
Nonetheless, it is imperative to ensure that pivotal 
variables are not overlooked in the pursuit of model 
simplicity. Ultimately, the selection of variables for 
inclusion in the final prediction model should be 
driven by a comprehensive analysis of the dataset.

MATERIALS AND METHODS

The experimental investigation was conducted 
at the Research Farm of the ICAR-Indian Institute of 
Pulses Research, situated in Kanpur, Uttar Pradesh, 
India, at coordinates 26º27ʹ N latitude and 80º14ʹ 
E longitude, with an elevation of 152.4 meters 
above mean sea level. The whitefly population 
was monitored at a weekly intervals from the 17th 

standard meteorological week (SMW) of 2020 (April 
23, 2020) to the 16th SMW of 2021 (April 16, 2021) 
using yellow sticky traps. Yellow acrylic boards 
measuring 20 × 15 cm, coated with castor oil, were 
suspended on sticks approximately 70 cm above the 
ground, at a level of the crop canopy. These traps 
were randomly placed at a rate of 15 per hectare in 
greengram and blackgram crops at the main farm of 
ICAR-IIPR Kanpur. Whiteflies adhering to the sticky 
boards were counted 24 hours after trap installation. 
Daily meteorological data, including maximum and 
minimum temperature (°C), relative humidity, total 
rainfall (mm), evaporation, and sunshine hours, 
were collected from the meteorological section of 
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ICAR-IIPR Kanpur from April 2020 to April 2022.
Various methodologies exist for the execution 

of backward elimination, with one of the prevalent 
approaches involving the utilization of a p-value 
threshold. P-values serve as an indicator of the 
necessity of a variable in the model. A designated 
p-value threshold is established, beyond which a 
variable is deemed dispensable. Specifically, any 
variable presenting a p-value exceeding 0.05 is 
eliminated. The application of backward elimination 
necessitates the determination of p-values for 
each variable, followed by a comparison of these 
values against the predefined threshold of 0.05. 
Subsequently, variables with p-values surpassing 
the threshold are systematically removed. 
Additionally, data points were excluded when 
the whitefly count was zero or nonexistent as a 
dependent variable. Backward elimination is a 
variable selection technique in statistics used to 
refine predictive models. It involves starting with 
a model that includes all potential predictors 
and systematically removing the least significant 
variables. The iterative process of variable 
elimination in the study involves sequentially 
removing variables from the full model until only 
those deemed to have a significant contribution to 
the outcome remain (Ranter 2010). The variable 
with the smallest test statistic, indicating its impact 
on the model, and either a test statistic below the 
cut-off value or the highest p-value surpassing the 
cut-off, signifying the least significance, is initially 
excluded. Subsequently, the model is restructured 
without these variables, and test statistics or 
p-values are recalculated. This elimination-refitting 
cycle persists until each remaining variable attains 
significance at the predetermined cut-off value. This 
cut-off, often referred to as ‘p-to-remove,’ must be 
pre-established.

RESULTS AND DISCUSSION

Population dynamics of white fly and relationship 
with weather variable

During the investigation period, fluctuations in 
the abundance of trapped whiteflies were observed, 
ranging from 0 to 318.5 (Figure 1). The highest 
population density occurred during the 35th SMW 
of the study (318.5 individuals) in the last week of 
August to the first week of September. Concurrently, 
environmental parameters such as Maximum 
Temperature (TMAX), Minimum Temperature 
(TMIN), Evaporation (EV), Sunshine Hour (SSH), 
Rainfall, and Relative Humidity Evening (RHE) 

were recorded at 34°C, 27.5°C, 1, 5.5 hrs, 0 mm, 
and 76.3%, respectively. Subsequent notable peaks 
in whitefly abundance were identified during the 
26th SMW (309.5) and the 25th SMW (303), which 
corresponded to June through July. Notably, the 
insect exhibited sustained activity until September, 
gradually diminishing from October to December, 
with the lowest recorded levels persisting from 
January to mid-March. The findings presented 
herein align with the observations made by Ali et 
al. (2005), indicating a progressive increase in the 
whitefly population from mid-July onwards, with 
the peak occurring on August 19. The whitefly 
population exhibited activity spanning from the 
30th to the 39th SMW (week till month of September) 
followed by a rapid decline. Garg and Patel (2018) 
reported the maximum population of whitefly 
during 36th SMW in greengram, blackgram and 
soybean. Similarly, Gupta et al. (2009) reported a 
comparable activity pattern for the whitefly.

Fig. 1: White fly count with highest peak during 35th SMW
Observations revealed discernible variations 

in the cumulative whitefly count throughout the 
study duration, and these distinctions may be 
ascribed to fluctuations in weather conditions 
throughout the respective months. The correlation 
analysis between the assessed whitefly population 
and meteorological variables is detailed in Table 1.

In our study, the correlation analysis indicated 
a positive association between the whitefly 
population and minimum temperature (TMIN), 
evening relative humidity (RHE), and sunshine 
hours (SSH). These outcomes agree with the 
findings of Muthukumar and Kalyanasundaram 
(2003). The significant positive correlation found 
with minimum temperature is also supported by 
findings of Sousheel et al. (2022) but, contrastingly 
they found a negative correlation with evening 
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relative humidity and sunshine hours. Zeshan et 
al. (2015) also reported temperature and relative 
humidity contributing towards whitefly population 
build-up, but with maximum temperature being 
more important than minimum. Sharma et al. 
(2017) also reported a positive correlation of the 
whitefly population with temperature and sunshine 
hours with a negative association with humidity 
and rainfall. Also, Dhole et al. (2023) reported 
temperature positively correlated but both rainfall 
and humidity had a negative correlation with the 
whitefly population. Rajnish et al. (2004) emphasized 
the favorable impact of sunshine hours on whitefly 
development, as evidenced by the observed positive 
correlation between them.

Variable selection by backward regression method

The initiation of the backward elimination 
process involves fitting a multiple linear regression 
model with the dependent variable being the 
whitefly population (WF), and the independent 
variables encompassing Maximum Temperature 
(TMAX), Minimum Temperature (TMIN), 
Evaporation (EV), Sunshine Hour (SSH), Rainfall, 
and Relative Humidity Evening (RHE). The model 
summary, as derived from the fitted regression, is 
presented in Tables 2 and 3.

Table 2 presents a highly significant F-value 
of 4.91 for the regression model, as evidenced by 
a corresponding p-value of 0.0012. This outcome 
suggests that at least one of the regression 
coefficients associated with the weather variables 
is non-zero, rendering the regression model 
meaningful. Thus, the presence of a pertinent linear 
relationship between the dependent variable and, 
at the very least, one of the six predictor weather 
variables integrated into the model is inferred. 
However, this does not imply the indispensability of 
all six predictors. In pursuit of variable selection, EV 
emerges as the least significant, boasting the largest 
p-value of 0.5215, exceeding our predetermined 
significance threshold of 0.05. Consequently, EV is 

excluded from the model, and the selection process 
recommences. A customary threshold for retaining 
predictors in a model is set at p = 0.05, denoting a 
minimum 95 percent likelihood that the predictor 
holds substantive significance.

The regression model was fitted with 
the dependent variable Whitefly (WF) and 
all independent variables, excluding EV. The 
independent variables considered in the model 
encompass TMAX, TMIN, SSH, RHE, and RAIN. 
The summary of the fitted model is presented in 
Tables 4 and 5.

During the third step, the variable Maximum 
Temperature (TMAX) was excluded from the 
model due to its minimal significance, as indicated 
by the highest p-value of 0.4249. Given that this 
value surpasses our predetermined significance 
threshold of 0.05, the variable was systematically 
removed from the model, marking the initiation of 
subsequent steps. In the fourth, the variable RAIN 
with a p-value of 0.0854 was eliminated.

Consequently, the variable selection for the 
final model comprises TMIN, SSH, and RHE. 

Table 1. Correlation (r) between weather parameters and whitefly population

  WF TMIN EV RHE RAIN TMAX SSH
WF 1            
TMIN 0.5704 1          
EV 0.0881 0.4984 1        
RHE 0.2582 -0.2964 -0.8062 1      
RAIN -0.0228 -0.1724 -0.1940 0.2292 1    
TMAX -0.0727 0.8566 0.7340 -0.5812 0.0154 1  
SSH 0.3603 0.4618 0.7719 -0.6866 -0.3359 0.6475 1

A significant value of r at 5% level of significance is 0.231 for 50 degree of freedom

Table 2.	 Analysis of variance for multiple linear 
regression model

  df SS MS F Significance 
F(p-value)

Regression 6 153459.26 25576.54 4.91 0.0012
Residual 32 166713.29 5209.79

Total 38 320172.55      

Table 3. Coefficients of variables and p-value

Variable Coefficients Standard 
Error

t Stat P-value

Intercept 90.82 201.13 0.45 0.6546
TMIN 13.65 3.74 3.65 0.0009
TMAX -5.11 5.76 -0.89 0.3816

SSH 20.89 7.56 2.76 0.0094
RHE 0.63 1.50 0.42 0.0089
EV 9.25 14.28 0.65 0.5215

RAIN -2.47 1.39 -1.78 0.0846
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Subsequently, these three variables were utilized in 
constructing the predictive model for the Whitefly 
(WF) population, as illustrated below.

WF (Population) = 28.94 + 12.95*TMIN + 
0.23*RHE +11.70*SSH

The model was found to be on average 
74 percent accurate in predicting the whitefly 
population. The comparison between the actual and 
predicted population is shown in Figure 2. 

Fig 2. Comparison between the whitefly population 
forecasted by the model and the actual population 
recorded in the given period. The model was found to be 
74 percent accurate in forecasting the whitefly population.  

In forecasting the whitefly population, 
various analytical methods are available; however, 
the utilization of multiple regression analysis 
underscores the crucial process of selecting 
pertinent weather variables. The inclusion of 
suitable and logically chosen variables in predictive 
modeling holds paramount significance, as the 

model’s performance is substantially contingent 
on the variables ultimately integrated into the 
model. The omission of appropriate variables can 
yield inaccurate results, leading to the model’s 
failure to capture the true relationships inherent 
in the data between the outcome and the selected 
variables. Instances abound where the proper steps 
in adopting an appropriate method of variable 
selection were overlooked in predictive modeling. 
Researchers should familiarize themselves with 
and remain vigilant about these critical aspects 
of prediction modeling. In conclusion, weather 
parameters such as minimum temperature, sunshine 
hours, and evening relative humidity exert the most 
pronounced influence on the whitefly population 
compared to other factors.
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