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ARTICLE INFO                                   ABSTRACT 
 
 

Strategies of managing and controlling devastating bacterial wilt of tomato are investigated by fitting 
binary logistic models to data consisting of dummy response variable of its incidents on reported 
cases to the plant clinics. Binary logistic methods are used for fitting such models to data describing 
the distribution and incidents of bacterial wilt (BW) caused by Ralstonia solanacearum on tomato 
crop. The approach overcomes some of the difficulties encountered when fitting ordinary least 
square regression to a dummy response variable. The study used secondary data obtained from a 
sample of 1980 reported cases to the plant clinics. The clinic sites were purposively. The results of 
the analysis showed the BW incidents were high in Kirinyaga, Nakuru and Embu (20.6%, 20.2% 
and 19.1% respectively).Bacterial wilt distribution a cross counties were significant (χ2 = 202.079, 
p-value<0.001). Minimum relative humidity and minimum temperature were significantly 
influencing bacterial wilt incidents. However, agro-ecological zones and precipitation were not 
significant from the models. Binary logistic models estimated efficiently the incidents and 
distributions of BW using the backward iteration process and corresponding residual deviance and 
Akaike Information Criterion. 
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INTRODUCTION 
 
Globally, the trends in food production has been on a decline 
due to the incidences of pests and diseases which are causing 
around 800 million people to lack enough food and at least 
10% of food produced is lost to diseases (Strange and Scott, 
2005). Incidence of pests and diseases have contributed 
significantly to the reduction in food production in most 
agricultural regions (Oerke, 2006) and diseases are major 
problems for small scale farmers in the production of tomatoes 
and other crops (Yadessa et al., 2010). Tomato is the second 
leading crop in terms of production and value after potato 
(Geoffrey et al., 2014). It is widely used as vegetable across 
the world (Wani, 2011). In Kenya, tomato is majorly grown in 
the open field, but use of greenhouses has been adopted in the 
recent past in most regions (Geoffrey et al., 2014). Though 
greenhouses are essential for continuous production of 
tomatoes even during the adverse weather conditions, they 
provide optimal condition for rapid multiplication of  
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pathogens (Buschermohle and Grandle, 2012). In most cases 
poor practices in the farm leads to increase in the incidence of 
pests and diseases in the farms (Abawi and Widmer, 2000). 
These diseases reduces yield and quality of tomatoes (Oerke, 
2006). Among the diseases, bacterial wilt caused by 
Ralstoniasolanacearumis a disease of economic importance in 
tomato production(Lebeau et al., 2011) and a major constraint 
to tomato production ( Hayward, 1991). It affects all varieties 
of tomato (Afroz et al., 2009). The bacterium is soil borne that 
persists in contaminated soils and is a vector transmitted 
(Wani, 2011). It has a wide host’s range of over 50 plant 
species (Kelman, 1998). The pathogen is difficult to control 
and devastates farms leading to losses of more than 90% when 
it infests tomatoes (Kishun, 1985). Though it is persistent and 
resistant to most available control measures, its manifestation 
changes with varying conditions and management practices 
(Bart et al., 1996). The use of disease free seedling was 
reported to delay disease onset and subsequent severity (Miller 
and Crosier, 2015). According to Chen et al., (2009), inducing 
resistance through gene silencing was reported to control 
bacterial wilt in tomato. Nutritional soil amendment with 
silicon is also known to control bacterial wilt in tomato (Ayana 
et al., 2011). Bacterial wilt caused by Ralstonia olanacearum 
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could infect roots and stems of many plants which are 
considered as alternative hosts (Wenneker et al., 1999) 
resulting in continuous spread across the tomato growing 
regions. The interaction of various environmental factors such 
as weather (temperature and rainfall), soil type and tillage 
practices determine the infection, distribution and survival of 
the pathogen. To clearly be able understand the contributions 
and interactions of these factors the use of model became 
important. Currently, the field of plant pathology embraces the 
use of statistical models to estimate the relationship between 
disease components to a number of environmental farm 
practices and host factors (Contreras-Medina, 2009).Various 
models are applied in understanding disease dynamics in crops 
and predicting diseases progression, development, distribution 
and epidemics (Calonnec et al., 2009).  
 
Linear models are used in studying the relationship between 
the dependent variable and independent variable(s) (Wagner, 
2013). Due to binary response variable, it was extended to 
generalized linear model that is efficient for nonlinear 
covariates (Hastie and Tibshirani, 1990). Use of linear 
regression models in a dichotomous (binary) dependent 
variable violates  linearity assumptions (Poole and O’Farrell, 
1970). Therefore, logistic model became  useful (Haberman 
and Sinharay, 2010). It is efficient and gives various ways of 
coefficient interpretation and parameter estimation which are 
more intuitive (Adel, 2015). It is also efficient in estimating 
probabilities, odds and odds ratios (Hosmer and Lemeshow, 
1997). Various studies have been conducted in disease 
incidence and distribution of bacterial wilt on tomatoes. 
However, applications of binary logistic model to study the 
disease incidents are few or not available, presumably due to 
difficulties in obtaining adequate data (Mila et al, 2004). The 
spread and devastation of BW in tomato production has been a 
major concern. The study used secondary data from cases 
farmers reported to plant clinics. The study would help in 
understanding the regional disease distribution and incidents 
on cases reported. The objective of this study was to determine 
the disease distribution and crop loss associated with bacterial 
wilt in the selected counties in Kenya and to build a statistical 
model to predict the bacterial wilt incidents. To achieve this 
goal, binary logistic tool was applied and the best model 
estimate selected based on the Akiake Information Criterion 
and residual deviance. 
 

MATERIALS AND METHODS 
 
The study used secondary data from 57 plant clinics in 13 
counties in Kenya viz. Nakuru, Trans-Nzoia, Embu, 
Machakos, Nyeri, Kirinyaga, Kajiado, Kiambu, Bungoma, 
Marakwet, Narok, Tharakanithi and west Pokot County. These 
counties were not delimited according to weather patterns. 
Agro-ecological zones (AEZ) were therefore, used in 
considering weather aspects. Some AEZ overlap across 
counties and variations in the AEZs led to heterogeneity of 
environmental factors and farming activities. Purposive 
sampling technique was used to select clinics site, this was 
based on general plant health problems that farmers experience 
in counties. Within the counties, sites for clinic location were 
randomly selected. The response variable used was presence 
of bacterial wilt. The explanatory variables in the model were 
weather data, (minimum daily temperature, maximum daily 

temperature, minimum relative humidity, maximum relative 
humidity and precipitation), development stage of crops and 
AEZ. 
 

Independent variables 
 
Daily temperature, precipitation and relative humidity were 
obtained from awhere climate data service provider(awhere 
Services, n.d.). The data output was based on the raster grid 
which are approximated to cell resolution of 9 by 9 
km.According to Deberdt and Prior, (1999), humidity was 
important in modeling bacterial wilt distribution and incidents. 
Different agro-ecological zones (AEZ) were obtained from the 
Geographic Information System (GIS). The raster data 
enriched by climatic information from Kenya GIS was 
overplayed onselected regions to obtain the zones. Data 
processing was performed using box plots and Cronbach's 
alpha to check for anomalies and outliers then analyzed using 
R Statistical Programming Packages (version 2.15.3). Both 
descriptive and inferential statistics were used.The Akaike 
Information Criterion (AIC) and deviance values were used in 
selecting the best model. 
 

Logistic regression model 
 

The study used binary logistic regression model with a dummy 
variable response outcome (for either disease presence =1 or 
disease absence = 0) to investigate the distribution of bacterial 
wilt and other factors that influences it such as farming 
practices, AEZ, type of crop and weather. The binary logistic 
model for the disease presence in the ith field was analyzed 
using generalized linear models (Cook and Dixon, 2001). 
 
Y= η + ξ = Χ' + e,                                                                  (1) 
 
Where ξ is a random component, η is linear relationship 
between the dependent variable and its predictors.The 
parameter η can be expressed using a log link function. It 
captures the form of relationship between the dependent 
variable and predictor expected value. Log link (µ)= exp (η) or 
η= log (µ), therefore, the impacts of predictor variables are 
multiplicative for k parameters. That is i = 1,2,3,…, k 
 

Y= exp(b0)*exp(b1X1)*exp(b2X2)*… *exp(bkXk) 
 

Where Y denotes the dependent variable, incidents of bacterial 
wilt in tomato on reported cases. Sample of 1980 cases of 
infested tomatoes were reported to the plant clinic between the 
year 2012 to 2013. Diseases incidents on the reported cases 
was dummy and coded 1 and 0 (presence or absence of disease 
respectively), the probability of disease incidents was modeled 
as follows: 
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The fitted model was subjected to diagnostic tests for 
goodness of fit through parameter estimation and assessment 
of goodness of fit. The parameters were estimated using 
maximum likelihood estimates (Czepiel, 2002 and Dixon, 
2001). 
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RESULTS 
 
The reported cases to the plant clinics indicated that bacterial 
wilt incidents were observed in the twelve counties. However, 
in Elgeyo Marakwet, farmers did not report any case to the 
clinic. This maybepresumably due to other factors such as 
good farming practices or limited access to plant clinics. 
Bacterial wilt distribution a cross counties were significant (χ2 
= 202.079, p<0.001). It was observed that Kirinyaga had the 
highest incidents of reported cases of the diseasefollowed by 
Nakuru and Embu (with mean percent 20.6%, 20.2% and 
19.1% respectively). In Narok, West Pokot, Tharaka-Nithi, 
Kajiado and Kiambu counties, the cases of BW reported was 
0.4%, 2.2%, 2.2%, 2.2% and 2.6% respectively (Fig. 1). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Binary logistic model results for the reported cases of 
bacterial wilt (BW) 
 

Model 1 
 

The full model was fitted using the weather variables viz 
temperatures and development stage of tomato. It was found 
average incidents of BW by 2.821. Minimum relative humidity 
was significant in disease incidents (z-value= 2.595 and 
p=0.00946) and a coefficient estimate of 0.0179. The 
development stages; flowering, intermediate and maturity 
were significantly influencing bacterial wilt incidents (Table 
1). These development stages were presumably critical to 
farmers to pay maximum attention to the crop in the farm.In 
Model 2, bacterial wilt incident was modeled using only 
weather variables viz daily minimum temperature, maximum 
temperature, precipitation, minimum relative humidity and 

maximum relative humidity. Minimum relative humidity and 
maximum temperature were significantly influencing bacterial 
wilt incidents (Table 1). In this model, the overall disease 
incidents reduced by a magnitude of 5.261. Humidity had z-
value= 0.0266 and p= 0.0006 while the maximum temperature 
coefficient of estimate was 0.085 and significantly influenced 
disease incidents (z-value = 2.103 and p= 0.0354) as shown in 
table 1. Agro-ecological zones (AEZ) were important in 
determining the bacterial wilt incidents. AEZ were classified 
into small zones upper midland, lower midland, upper 
highland and lower highland. It was found that AEZ was not 
significantly influencing BW distribution. This suggested that 
in the selected regions, bacterial wilt infestations might be 
affected by other factors (Table 2). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

DISCUSSION 
 

Bacterial wilt infests farms due to poor farming practices and 
environmental factors. A according to Mila et al., (2004) 
logistic model estimated efficiently disease distribution. 
Geographical regions and weather variables was important in 
modeling disease distribution. In model 1, it was found that 
farmers pay much attention to diseases in their crops at 
intermediate, seedling, flowering and maturity stage. Famers 
transplanting the seedlings in an infested farm due to poor 
farming practices would influence disease infestation at 
intermediate stage. Minimum relative humidity was 
significantly influencing bacterial wilt incidents (z=2.595, 
p=0.00946). However, minimum temperature, maximum 
temperature, rainfall and maximum relative humidity were not  

 
 

Figure 1. Reported cases of bacterial wilt on tomato crop at the plant clinics in thirteen counties 
 

Table 1. Parameter estimates of the logistic regression model used to explain the incidence of bacterial wilt using weather parameters 
and development stage of tomato for model 1 and 2 using backward process method 

 

 

  Estimate Std.Error z-value pr(>|z|) 

Model 1 
Intercept -2.82008 0.33881 -8.326 <2e-16*** 
Min Relative Humidity 0.01794 0.00692 2.595 0.00946** 
Dev. Flowering 0.36296 0.14195 2.557 0.01056* 
Dev. Fruiting -0.04328 0.14026 -0.309 0.75768 
Dev. Intermediate 0.47426 0.15011 3.159 0.00158** 
Dev. Mature -0.34562 0.17804 -1.941 0.05223 
Dev. Post Harvest -12.56847 311.37524 -0.040 0.9678 

Model 2 
Intercept  -5.26198 1.26314 -4.166 3.1e-05*** 
Min Relative Humidity  0.02662 0.00781 3.407 0.00056*** 
Max Temperature 0.08502 0.04043 2.103 0.035460* 

aSignificant codes: 0'***', 0.001'**', 0.01'*', 0.05'.', 0.1' ', 1 
bMin Relative Humidity= Minimum Relative Humidity, Max Temperature= Maximum Temperature, Dev= Development stages of plant 
when disease incidents recorded (no, 0; yes, 1), Std. Error= Standard Error. 
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significant on bacterial wilt (BW) incidence as reported to the 
plant clinic. From model 1, the residual deviance of 1532 and 
AIC 1546 was achieved from the adjusted model. This was an 
indication that based on full model, reduced model was 
efficient in estimating disease incidents. Refitted model 
showed that more of the reported cases on BW were observed 
at flowering, intermediate, and maturity stage of the tomato. It 
was presumable that during these stages of development 
farmers pay much attention on tomatoes. Temperature and 
precipitation was not significant. This would have been 
attributed by the fact that small scale farmers only plant during 
rainy season and solely depends on rainfall. Therefore, during 
dry season tomatoes are not in the field. Daily temperature and 
precipitation influences the distribution of bacterial wilt as it 
leads to its spread due to the runoff from the affected farms. 
According to Mila et al. (2004), temperature and precipitation 
increased the risk in BW incidence due to its tolerate up to a 
temperature of 32 C. Mew et al. (1977), also observed that 
bacterial wilt can survive under varied range 26 C to 32 C 
temperature that a crop may scorch out while BW still survive. 
 

Model 2 
 

In model 2, maximum and minimum temperature had a 
positive coefficient of estimate; none of the parameters 
measured was significantly influencing BW incidents on 
tomato. This would have been attributed by other factors such 
as good farming practices and type of irrigation method used 
by farmers. According to Mila et al. (2004),it was found that  
temperature and precipitation were important factors to 
consider when investigating bacterial wilt incidence as it 
requires optimal condition to survive. Considering the weather 
variables, the intercept was-5.844 (Table 4). The refitted 
model 2 was selected by comparing the AIC in the iterated 
models. Maximum temperature and minimum relative 
humidity in the refitted model 2 had an intercept of -5.262, an 
indication of reduction of bacterial wilt incidents (Table 2). 
Monthly maximum temperature was between 24 0C to 28 0C 
from January to December. The temperature achieved 
throughout the year was advantageous for the survival of 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 Ralstonia solanacearum as it can survive for long and in 
varied temperature over 210C. Persley., (1986), found that R. 
solanacearum can survive in the soil for long time and within 
the range of 28 0C to 32 0C. 
 

Model 3 
 

The small-AEZ were not significant to the bacterial wilt 
incidents (Table 2). It is attributed to farm practices farmers 
adopted. According to Michel et al. (1997), various farm 
practices such as intercropping and soil amendment 
significantly reduces the population of BW of tomato. 
Although AEZ did not affect bacterial wilt incidents 
significantly, the coefficients of estimates were negative 
indicating a reduction on reported cases. A study in Nigeria, 
agro-ecological effect on bacterial wilt showed significant 
difference on its infestation under different environmental 
conditions (Ngeve and Nukenine, 2002). Therefore, studying 
disease distribution is essential in making decision for 
effective farming. Application of binary logistic model is 
efficient in modeling dummy response variables 
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