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ABSTRACT

Black gram is a widely grown pulse crop in Asia, prized for its nutritional value and compatibility with various cropping systems. However,
the occurrence of powdery mildew, Erysiphe polygoni DC disease poses a significant challenge to black gram production, resulting in potential
yield losses in Tamil Nadu. Over a six-year period, spanning from 2017-2018 to 2022-2023, field experiments were conducted during the rabi
season at the black soil farm of the Agricultural Research Station in Kovilpatti, Tamil Nadu. The primary objective was to evaluate the incidence
of powdery mildew in black gram and establish a statistical model by correlating it with weather variables. Notably, observations of disease
index were most frequent during the flowering and pod development stages of the crop. Among the eleven weather parameters considered in the
study, maximum temperature, afternoon relative humidity, and sunshine hours emerged as the key contributors to explaining the variation in the
disease index. Further, a beta regression model was developed using these selected variables to predict powdery mildew incidence in black gram.
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The shifting climate patterns observed over the years have
had a significant impact on rainfed crops, particularly pulse crops.
The primary reason for the inconsistent production of pulses is
attributed to irregular weather conditions. Pulse crops are particularly
susceptible to extreme weather events, with oilseeds and cereals
also being affected to some extent (Gautam et al., 2013; Singh and
Singh, 2016). Based on physiological characteristics, pulse crops are
classified in terms of their ability to tolerate varying temperatures,
with green gram being the most thermotolerant, followed by pigeon
pea, black gram, chickpea, lentil, rajmash, and field pea (Singh et
al., 2018). As per the recent reports, India’s black gram production
stands at approximately 24.5 lakh tonnes, cultivated across roughly
4.6 million hectares of land, with an average yield of 533 kg per
hectare annually (Talasila ef al., 2022).

Climate plays a crucial role in shaping the distribution

and proliferation of insects, weeds, and pathogens. Temperature,
light, and water are key factors that influence their growth and
development. In a warmer climate, pests are expected to become
more active and potentially expand their geographic range. This
could lead to an increased use of pesticides and related inputs,
which comes with health, ecological, and economic costs.

However, it’s important to note that the relationship
between pests and weather is complex and cannot be generalized.
Different pest species respond differently to magnitude and
periodicity of meteorological conditions (Bal and Minhas, 2017).
Crop damage by pests and diseases is the result of intricate
ecological interactions between multiple factors, thus making it
challenging to predict their damage potential. For instance, dry
conditions can hinder the growth of fungi, but they can also weaken
crops, making them more susceptible to fungal infections (Mili¢evi¢
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et al., 2019). Some pathogens, like powdery mildews, thrive in hot
and dry conditions, provided there is dew formation during night
hours (Wadje et al., 2008).

Among biotic stresses, diseases such as powdery
mildew, Cercospora leaf spot, anthracnose, and mungbean yellow
mosaic virus (MYMYV) cause significant economic damage to the
black gram crop. Of these, powdery mildew disease caused by
Erysiphe polygoni DC is considered as major constraint to black
gram production, resulting in both qualitative and quantitative
grain losses, potentially reducing yields to the tune of 40 to 90%
(Channaveeresh and Shripad Kulkarni, 2014). Powdery mildew
is particularly problematic in late-sown kharif and rabi crops and
can occur throughout the year under favourable conditions. Timely
monitoring and early diagnosis are essential to minimize yield
losses and maximize crop yields (Dutta ef al., 2020). Kanzaria et
al., (2013) opined that maximum temperature (28.9 °C) coupled
with afternoon RH (40%) favoured powdery mildew intensity under
natural conditions.

Principal component analysis (PCA) is a multivariate
statistical method used to explore the correlations between
multiple variables and understand the underlying structure of these
variables through a few principal components. When applied to
disease progress curves, multivariate analysis helps highlight the
phases in which pathogens multiply most rapidly (Sankaran et al.,
2010). Various models, including linear, Gompertz, exponential,
Chapman Richards, logistic, and Weibull, have been employed
to study the temporal patterns of disease development in plants
(Campbell and Madden, 1990). Forecasting models based on the
principal components of biometrical data have also been developed
(Aneja and Chandrahas, 1984; Chandrahas and Narain, 1993; Jain
et al., 1985). However, despite this knowledge, there is a lack of
substantial analyses using field data to determine which weather
factors and time periods are most suitable for forecasting.

In this context, an effort was made to establish a connection
between weather variables and powdery mildew incidence through
Principal Component Analysis. A Beta regression model was
employed to capture the variability in disease index data. This
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newly developed powdery mildew forewarning model can assist the
farming community in devising effective management strategies,
particularly in the face of changing climatic conditions, to benefit
black gram cultivation.

MATERIALS AND METHODS

Field experiments were carried out at the Agricultural
Research Station in Kovilpatti, which is situated at an elevation of
106 meters, with coordinates of approximately 9.19°N latitude and
77.88°E longitude. These experiments focused on the cultivation
of black gram variety VBN-8 and spanned a period of six years,
ranging from 2017-2018 to 2022-2023. The sowing of the crop took
place within a variable timeframe, typically between the 41 and
43 Standard Meteorological Week (SMW) (2™ week to 4" week of
October), depending on the onset of the monsoon.

Meteorological data pertinent to various weather
variables, including maximum temperature (Tmax), minimum
temperature (Tmin), morning relative humidity (RH1), afternoon
relative humidity (RH2), wind speed (WS), sunshine hours (SSH),
morning cloud cover (CCM), afternoon cloud cover (CCA),
morning dew point (DPM), afternoon dew point (DPA), and dew,
were collected from the network centre of All India Coordinated
Research Project (AICRP) on Agro-Meteorology, situated at the
Agricultural Research Station in Kovilpatti, Tamil Nadu.

Disease incidence

Regular observations of powdery mildew disease
incidence were made at weekly intervals, starting from the time
of sowing. From each plot, 20 plants were randomly selected, and
their infection levels were assessed through visual observation. This
data was then used to calculate the percent disease index. Notably,
disease incidence was particularly monitored during the flowering
and pod development stages, leading to an increased frequency of
observations during these critical phases.

The leaf samples were graded based on the grade chart
provided by Gawande and Patil in 2003 is given below.

slight infection on stem and the pods usually free

Grade Description Reaction
0 Plants free from infection on leaves, stems free from the disease Free (F)
1 Plants showing traces to 10% infection on leaves, stems free from the disease Highly Resistant (HR)
2 Slight infection with thin coating of powdery growth on leaves covering 10.1 —25% leaf area, | Moderately Resistant (MR)

Dense powdery coating on leaves covering 25.1 — 50% leaf area, moderate infection on pods

Moderately Susceptible (MS)

infected. Infected portion turns grayish

Dense powdery coating covering 50.1 — 75% leaf area, stems heavily and pods moderately

Susceptible (S)

5 Severe infection with dense powdery growth covering 75% area of the whole plant including
pods, stems etc. resulting in premature defoliation and drying

Highly Susceptible (HS)

The per cent disease index (PDI) of powdery mildew was
determined using the following formula, as outlined by Wheeler

(1969)

Sum of all numerical ratings

PDI =
Number of observations X Maximum disease grade

x 100

Principal component analysis (PCA)

Principal Component Analysis (PCA) is a statistical
technique that transforms a set of original variables into a new dataset
of uncorrelated derived variables. These derived variables, known
as principal components, are the outcomes of linear combinations of
the original variables. In PCA, the total variances of the original and
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derived variables are equal. The PCA was performed using the R
statistical package (version, R-4.3.1). The first principal component
(PC1) captures the most significant portion of the data’s variance,
followed by the second principal component (PC2), which accounts
for the next-largest amount of variance, and so on for subsequent PCs.
The values of PC1 and PC2 can be calculated using the equations
provided below, respectively. Typically, in a PCA analysis, most of
the variation in data matrices that describe the original observations
is explained by the first few principal components. This allows for
a reduction in the dimensionality of the original dataset by retaining
only the most informative dimensions.

k
PC1 = Z agjXj = a11Xg +a12Xp + -+ ageXy
j=1

k

PC2 = Z AzjXj = Ap1Xq + AppXp + oo+ AgeXie
=1

Where a, stands for the eigenvectors and x,x,....x,
stands for the original variables in the data matrix.

Beta regression

In typical linear regression modelling, we explore the
relationship and impact of selected explanatory variables on a
response variable that follows a normal distribution. However, this
approach is not suitable when the response variable is confined to the
interval (0, 1) and is related to other variables through a regression
structure. In such cases, beta regression is a well-known statistical
model. Beta regression is particularly useful when the response
variable takes the form of fractions or percentages. It employs a beta
probability density function, which offers flexibility by allowing for
various shapes in parameter estimation. These shapes can range
from left-skewed to symmetric to right-skewed (Cribari-Neto and
Zeileis, 2010). Beta regression utilizes two gamma distributions,
one bounded at zero and the other bounded at one, to estimate the
coefficients of the structural model through iterative calculations
(Douma and Weedon, 2019). The beta regression model is based
on the work of Ferrari and Cribari-Neto (2004) and Kieschnick
and McCullough (2003). It provides a valuable framework for
modelling when the response variable has specific constraints and
characteristics.

=e’ logit lin

n
n= Z B ixi linear predict
Y ~Beta (a, ) beta err

Where,

Y is the response variable as a percentage,
X, is an explanatory variable,

Bi is vector or scalar parameter, and

i=0...n indexes the list of explanatory variables.

B, is an intercept, with units of odds.
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B, is a list of slopes and contrasts, with units of odds/units of x,.

The intercept on the data scale is e with units of the
response variable, %. The list of parameters on the data scale is e¥
with units of % unit of x. & and 8 are shape parameters of the beta
distribution. In this parameterization of beta regression, the mean
1 of the response given covariates X is assumed to be linear on the
logit-transformed scale. In an alternate parametrization~Beta (p,)
where u = a/(a + f), and is a precision parameter ¢ = a + f.

RESULTS AND DISCUSSION
Field conditions observed during the crop period

The crop was cultivated in rainfed vertisol, and over a
seven-year period, an analysis of the average soil pH, electrical
conductivity (E.C.), and organic carbon content at a depth of 0-15 cm
yielded values of 8.0, 0.12, and 0.31 respectively. The proliferation
of pathogens was also facilitated by the microclimate created by
the dense crop canopy (Hiremath, 1996). In the current study, data
were collected during the flowering and pod formation stage, clearly
demonstrating that the severity and progression of the disease
depend on factors such as location, crop stage, cultural practices,
and the susceptibility of the cultivated varieties. Wherever black soil
was present, crop growth was more pronounced, and the denser crop
canopy contributed to the development of a microclimate, fostering
the accumulation of pathogens.

Table 1 indicates that during the six-year period, station
received average rainfall amounted to 290.2 mm, the lowest (85.5
mm) recorded in 2018-19 and the highest (509.9 mm) recorded in
2021-22. The mean maximum temperature was 31.5 °C, with the
lowest was 30.8°C and the highest was 32.0 °C. The mean minimum
temperature was 21.1 °C, ranging from a low of 17.5 °C to a high
of 22.5 °C. Morning relative humidity averaged 93.3%, while
afternoon relative humidity was at 61.1%. The mean wind speed
was 2.0 kmph, and daily sunshine hours averaged 5.0 hrs. Morning
and afternoon cloud cover both averaged 4 Octa. The morning dew
point temperature was 22.3 °C, and the afternoon dew point was
21.6°C, with a mean dew deposition of 3.0 mm during the crop
growth period. The mean disease incidence ranged from 38.6% to
51.7% during this period (Table 1).

Disease incidence (DI), maximum temperature (Tmax),
minimum temperature (Tmin), morning relative humidity (RH1),
afternoon relative humidity (RH2), wind speed (WS), sunshine
hours (SSH), morning cloud cover (CCM), afternoon cloud cover
(CCA), morning dew point (DPM), afternoon dew point (DPA)

Considering the crop’s vulnerability, especially during
flowering to pod initiation, the weather parameters were quantified
to assess the disease incidence. When the maximum temperature
was around 31.0 °C, the minimum temperature was approximately
20.8 °C, morning relative humidity reached 93.2%, afternoon
relative humidity was at 61.1%, wind speed measured 1.9 kmph,
daily sunshine hours were 5, morning and afternoon cloud cover
was 4 Octa, morning dew point temperature was about 21.9 °C,
afternoon dew point temperature was 21.6 °C, and dew recorded
at 1.1 mm, the disease incidence percentage was higher. During the



580

Beta regression model for predicting development of powdery mildew in black gram

December 2023

Table 1: Incidence of powdery mildew in black gram and weather parameters (2017-18 to 2022-23)

Powdery mildew disease and prevailed weather parameters during the overall crop growth period

Year DI RF Tmax Tmin RHI RH2 WS SSH CCM CCA DPM DPA Dew
2017-18 39.7 331.3 320 220 90.5 56.3 2.5 5.9 3 4 222 21.0 2.5
2018-19 40.3 85.5 32.1 20.5 92.7 54.2 2.4 5.2 5 4 21.8 20.3 0.6
2019-20 51.7 206.2 31.1 223 93.6 65.1 2.0 4.8 4 4 22.7 22.6 1.0
2020-21 433 466.8 30.8 17.5 95.9 67.8 1.8 4.7 4 4 22.5 223 8.1
2021-22 38.6 509.9 313 225 96.2 66.5 1.9 4.6 4 4 22.4 21.6 1.5
2022-23 46.1 141.5 31.8 215 90.9 56.8 1.3 5.0 3 3 224 21.7 4.1
Mean 433 290.2 315 21.1 93.3 61.1 2.0 5.0 4 4 223 21.6 3.0
Weather parameters prevailed during the vulnerable stages (flowering to pod development stage)
Year DI RF Tmax Tmin RHI RH2 WS SSH CCM CCA DPM DPA Dew
2017-18 61.5 28.6 312 216 92.6 58.1 2.1 6.1 3.5 4.4 22.0 214 1.20
2018-19 60.1 0.8 32.8 208 91.0 46.9 2.6 6.0 4.5 4.1 21.2 19.2 0.29
2019-20 64.4 38.3 29.7 220 92.3 68.9 1.9 33 3.7 4.0 21.9 22.3 0.16
2020-21 58.9 132.3 29.5 16.6 97.3 71.2 1.5 3.6 4.7 3.6 222 223 3.39
2021-22 59.5 36.0 312 226 95.7 63.7 1.3 6.1 3.7 3.9 22.2 22.3 0.55
2022-23 63.6 17.5 314 213 90.3 58.0 1.7 49 2.5 4.1 21.9 21.8 1.13
Mean 61.3 423 31.0 208 93.2 61.1 1.9 5.0 4.0 4.0 21.9 21.6 1.10
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Fig 1. Scree plot between the number of principal components and
variance explained

flowering to pod initiation stage, the mean disease incidence ranged

from 58.9% to 64.4% (Table 1). Interestingly, the disease incidence

value exceeded 40% as the crop progressed from the 50% flowering

stage to pod initiation.

Principal component analysis on weather variables

Principal component analysis (PCA) was employed to
identify the most significant weather variables among the various
ones examined. Fig. 1 presents a screen plot that helps determine
how many principal components are needed to account for the
data’s variability. In this screen plot, a notable change in direction
occurs at the Sth principal component, indicating that the first four
components are the primary variables that contribute significantly to
explaining the maximum variability in the dataset. In contrast, the

Fig 2: Factors contribution to disease index

contribution of the remaining components is comparatively minor in
explaining this variability.

Table 2 presents the values obtained from the PCA.
Notably, the eigenvalues for the first four principal components
exceed one, specifically PC1 - 4.664, PC2 - 2.248, PC3 - 1.627,
and PC4 - 1.021. This suggests that these initial four principal
components play a significant role in explaining the variation within
the data. By examining Table 2. and Fig. 2, it becomes evident that
among the eleven parameters considered, maximum temperature,
afternoon relative humidity, and sunshine hours have the most
substantial influence on explaining the variation in the percent
disease index. In Fig. 2, the dark colour signifies their pronounced
impact on the disease percent disease index. Further, these three
factors have been selected for the formulation of a model.
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Table 2: Principal component analysis of per cent disease index with weather variables

Variables PCl PC2 PC3 PC4 PC5 PC6 PC7 PC8 PC9 PC10 PCI11 PCl12 PCI3
Rainfall (mm) -0.338  0.002  0.001 0.09 -0.222 -0.427 0.651 -0.155 0.227 -0.331 0.163 -0.024 -0.101
Maximum temperature(°C) 0.291 0.378 0.394 -0.215 -0.275 -0.013 0.021 0.130 0.286 -0.073 -0.536 -0.150 -0.430
Minimum temperature(°C) 0.001 -0.032 -0.247 -0.896 0.227 -0.043 0.184 0.012 -0.130 0.021 0.138 -0.076 -0.066
Relative Humidity 1 (%) -0.021 -0.257 -0.008 -0.239 -0.438 -0.342 -0.336 -0.154 0.226 0.395 -0.157 0.323  0.087
Relative Humidity 2 (%) 0.436 -0.070 0.413 0.057 0.027 0.120 -0.020 -0.071 0.041 0.389 -0.032 -0.778 -0.134
Wind Speed (KMPH) 0.137 0416 -0.328 0.011 -0.343 0.165 0.232 -0.510 0.366 0.290 -0.067 0.036 0.108
Sun Shine Hours (hours /day) 0.393  0.050 0.436 -0.104 -0.257 0.109 -0.160 -0.224 0.446 -0.007 0.627 -0.217 0.117
Cloud Cover Morning (Octa) -0.241  0.065 0.151 -0.014 -0.489 0.160 -0.323 0.333 -0.180 -0.410 0.172 -0.104 -0.156
Cloud Cover Afternoon (Octa) -0.269 0.243 -0.369 0.018 0.200 0.445 0.116 0.096 0.617 0.106 -0.064 0.243 0.113
Dew Point Morning(°C) -0.299 0.276  0.041 -0.234 -0.074 0.137 -0.082 -0.067 -0.076 -0.324 -0.177 -0.096 0.648
Dew Point Afternoon(°C) -0.339  0.097 0.220 -0.079 0.077 0334 -0.123 -0.343 -0.131 -0.073 0.220 0.324 -0.534
Dew (mm) 0.066 -0.420 0.248 -0.073 -0.391 0478 0.453 0.325 -0.093 0.183 0.000 0.103  0.065
Disease Incidence 0.116 -0.531 -0.204 -0.021 0.014 0.245 -0.050 -0.519 0.131 -0.409 -0.358 -0.121 -0.014
Eigen Values 4.664 2248 1.627 1.021 0951 0.692 0.536 0.470 0.289 0.232 0.137 0.073  0.052
Variance explained 0.359 0.172  0.125 0.078 0.073 0.053 0.041 0.036 0.022 0.178 0.010 0.005 0.004
Table 3: Fitted beta regression model for powdery mildew CONCLUSION

Coefficient means with logit link

Estimate  Std. error  zvalue  Pr(>|z))
Intercept 22.188 3.384 6.555 <0.001**
Tmax 0.711 0.099 -7.130 <0.001**
RH2 -0.032 0.013 -2.384 0.017*
SSH 0.311 0.083 3.722 <0.001**
Phi coefficients (precision model with identity link):
(phi) 8.078 1.406 5.747 <0.001**

Note: level of significance (* 5%, ** 1%)

Developing a model for powdery mildew

A beta regression model was utilized to examine the
connection between disease occurrence and key influential factors,
namely maximum temperature, afternoon relative humidity, and
sunshine hours. To assess the autocorrelation in the residuals, the
Box-Pierce test was applied. The p-value obtained from the Box-
Pierce test exceeded 0.05, indicating a lack of statistical significance.
This suggests that the model was a good fit. The outcomes of the
beta regression can be found in Table 3.

Among the three principal component variables,
maximum temperature and sunshine hours exhibit a positive
relationship with disease Conversely, afternoon
relative humidity demonstrates a negative association with disease
incidence. Specifically, as maximum temperature rises, disease
incidence increases by 71%, and an increase in sunshine hours is
associated with a 31% rise in disease incidence. This aligns with
the findings of Mishra and Shirsole (2017), who reported a positive
correlation between disease severity and both maximum temperature
and sunshine hours. On the other hand, when afternoon relative
humidity increases, disease incidence decreases by 3%, which
corresponds with Nayak (2007), findings in which disease incidence
showed a negative correlation with minimum temperature, relative
humidity, and total rainfall. Additionally, Nag and Khare (2017) also
observed a positive correlation between powdery mildew severity
and temperature and wind velocity, with a negative correlation with
relative humidity. Bana et al., (2020) affirmed that temperature
and average) and evaporation showed positive
relationship with incidence and severity of powdery mildew.

incidence.

(maximum

The findings indicate that powdery mildew disease was
most noticeable during the flowering and pod development stages
of the crop. Furthermore, the research highlights that the disease
occurrence is primarily influenced by maximum temperature,
afternoon relative humidity, and sunshine hours when compared to
other weather factors under scrutiny. As demonstrated by the beta
regression model developed in this study, there exists a positive
correlation between disease incidence and maximum temperature as
well as sunshine hours, while a negative correlation is observed with
afternoon relative humidity.
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