
 
 

 

 
 
 
 
 
 
 
 
Uppsala University 
Department of Statistics 
Course: Research paper 15c 
Semester and year: Spring 2015 
Supervisor: Inger Persson 
Authors: Nina Johansson & Jonas Söderlind 
 
 
 
 
 
 
 
 
 

How to save the “tree of life” 
A study of which factors that might increase the risk of having CLYD using the 

statistical method of logistic regression  



 
 

Abstract 

In the late 90s coconut farms in Mozambique were affected by a disease that made the coconut 

trees drop their leaves and die, the disease is called the coconut lethal yellowing disease (CLYD). 

It is known that planthoppers are spreading the disease. This thesis investigates if cultivation 

and farm related factors could have an impact on the risk of being infected by CLYD. With a 

sample of 534 farms from the two provinces Zambeze and Nampula a logistic regression model 

is estimated. The result shows that the only factor that has a significant effect of increasing the 

risk of getting infected by the disease is if farms had other palm species than coconut trees on 

the plantation.    

 

Sammanfattning 

I slutet av 90-talet drabbades många kokosnötsfarmer i Mocambique av en sjukdom som gjorde 

att träden började tappa sina löv och till slut dog. Denna sjukdom kallas för ”the coconut lethal 

yellowing disease” (CLYD). I dagsläget vet man att det är en specifik insekt som sprider denna 

sjukdom. Denna uppsats undersöker om det finns andra faktorer som kan påverka risken för 

koksnötsfarmer att drabbas av denna sjukdom, faktorer som är kopplade till farmerna och dess 

vegetation. Genom ett urval av 534 farmer från de två provinserna Zambezia och Nampula 

skattades en logistik regression. Resultatet visade att det enbart är en faktor, om plantagen 

innehåller andra palmsorter, som signifikant ökar risken för att en farm ska drabbas av CLYD.  
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1. Introduction 

Coconuts are one of the most important industries for farmers in Mozambique. Besides Tanzania 

Mozambique has the largest area of coconut plantations in Africa, a total area of more than 

170.000 hectares. Among the provinces in Mozambique (see figure 10 in the appendix); 

Zambeze and Nampula are the main locations of coconut plantations and the provinces consists 

of different number of smaller districts, see figures 11 and 12 in appendix. The coconuts and 

their crops have been providing people with food through generations and have been a source of 

income at the same time. It is not a coincident that the coconut often is called “The tree of life”. 

(Watson, 1997) (FISP, 2010) 

Suddenly, in the late 90s, something happened. Coconut plantations in Mozambique were 

infected by the Coconut Lethal Yellowing Disease (CLYD), see section 2 for more information. 

Infected plants stopped producing and died and as an effect became a suitable environment for 

the rhinoceros beetle and its reproduction. The combination of the CLYD and the beetle has been 

devastating for the farmers and their plantations with a huge amount of dead coconut trees and 

a reduction of coconut production as a result. This is a problem that has led to significant 

economic losses for the farmers and their families. (Valoi, 2013)  

Many questions remain around this matter; how the disease started its spread, what caused its 

wide spread along Mozambique’s coastal provinces and if there are any patterns among the 

affected coconut plantations. Questions that lead to the issues in this thesis:  

How many coconut farms in Zambeze and Nampula are infected by CLYD and which districts are 

the most affected? What can increase the risk of becoming infected by the disease? 

Data from a study made in 2013 about CLYD’s effect on the farmers’ economy in Zambeze and 

Nampula are used in the attempt to solve these issues. 534 randomly selected farms represent 

the sample; direct observations were made on each palm plantation. The two first issues are 

solved by descriptive statistics. By the framing of the questions and the variables in the data 

material the dependent variable is dichotomous, if the farms are infected by CLYD or not, which 

makes the statistical method of logistic regression suitable for the last issue. A regression model 

is estimated with explanatory variables containing cultivation and farm information.  

The rest of this thesis is organized as follows. Section 2 gives some background information 

about the disease and the theoretical reasoning for the analysis. In section 3 the choice of 

method, logistic regression, and theoretical knowledge about the method is presented. The 

section also includes a discussion about alternative methods, the model specification and a 
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presentation of the data used in the study. In section 4 the results from the study are presented, 

first up is some descriptive statistics over the extent of CLYD in the different provinces and 

districts. To give a better knowledge of the variables used in the study, the next part of the 

section contains descriptive statistics of the explanatory variables included in the model. At the 

end of section 4 the result from the main issue, which factors can increase the risk of becoming 

infected by the disease, is presented. The conclusions drawn from the analysis are included in 

section 5. 
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2. Background and theoretical reasoning 

The Coconut Lethal Yellowing Disease (CLYD), which is a phytoplasma1 disease, is spread by 

planthoppers which carry the disease and attack different species of palm trees. As much as 36 

different species of palm trees have been documented as susceptible to the disease and among 

these the coconut palm is the most exposed. When the palm tree has been attacked by CLYD 

there are some symptoms appearing. First the coconuts tend to fall off the trees. The second 

sympton is foliar discoloration where the foliage turns yellow. This is a progress that starts with 

the bottom leaves, the oldest ones, and continues until the entire crown has turned yellow. The 

palm trees usually die within 3-6 months after they have been infected by the CLYD.  (Howard, 

2006) 

Nowadays it is well known that the CLYD is transmitted via the planthopper and that dead and 

rotting coconut trees become a suitable environment for the beetle to reproduce itself in. But 

what can explain why certain areas are more affected than others? Is it just a coincidence or can 

it be explained by some factors relating to the environmental and nature or the farms and 

plantations themselves? Previous studies show that there are some interesting factors that 

might give a hint to these questions. (Howard, 2006) 

The infectious planthopper thrives in environments where the grass is relatively high and not 

frequently maintained. An environment consisting of weeds is therefore suitable for it to live and 

breed in. Further studies show that moist environments also contribute to the planthoppers 

reproduction. Altogether these factors prove that fertilizers and irrigation, which should make 

the coconut trees grow faster and stronger, also contribute to better conditions for the 

planthopper since it makes the weed grow better as well. (Howard, 2006) 

In line with the reasoning above research has found a slower spread of the disease between 

plants of coconut trees on paved automobile parking areas and beaches. A higher degree of 

surviving trees can be a factor related to the lack of grass. Elements like salt spray, wind patterns 

and reflectivity of solar radiation from pavement or sand are other factors that might impact the 

survival rate. (Howard, 2006) 

Regarding these facts a couple of explanatory variables have been chosen in the attempt to 

explain why some districts are more affected by CLYD than others. These are level of weed on the 

plantations, use of fertilizers and which type of soil it is on the plantations and these variables all 

come from a dataset that contains direct observations from the plantations. The research team, 

which collected the data, was funded by the Bill and Melinda Gates foundation. An explanation of 

                                                           
1 A very small bacteria. (Harrison, N.A & Elliott, M.L, 2008) 
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the variables follows below and the names of the variables used in the models are within 

parentheses. Descriptive statistics for all the variables follows in section 4. 

- If the coconut farm is infected by CLYD is the response variable. It is a dichotomous variable 

which describes if the farm is infected by the disease, Yes (coded as 1) or No (coded as 0). 

 

- The level of weed (Weed) is a variable consisting of three categories. Clean, a plantation 

without any weed, which is referred to as the reference group (coded as 1). The second 

category denotes if there is tall grass on the plantation (coded as 2) and the third category 

denotes if there is a higher degree of weed in form of bushes (coded as 3). For the 

plantations with some sort of weed the expected sign for the variable is positive, in other 

word weeds should have a positive effect on the presence of CLYD.  

 

- Use of fertilizers (Fertilizers) is a binary variable denoting the use of fertilizer on the 

plantations, consisting of two alternatives, Yes (coded as 1) or No (coded as 0). If the farm 

uses fertilizers the expected sign in the model should be positive, fertilizers should increase 

the odds of having CLYD. 

 

- The type of soil (Soil) is a variable which describes the soil on the farm, consisting of three 

categories. The soil can consist of sand (coded as 1), between sand and soft clay (coded as 2), 

which is the reference group, or soft clay (coded as 3). A farm with sand on the plantation 

expects to have a lower risk of having CLYD, compared to the reference type of soil.     

The aim of this thesis is to investigate which factors can increase the risk for the coconut 

plantations becoming infected by CLYD. But the previous research is limited regarding the 

spread of the disease, therefore cannot all explanatory variables have theoretical relevance and 

the expected influence of the variables is uncertain. A consideration is that different farm 

constructions can have an impact on the spread of CLYD. The model will therefore also include 

the variables stated below:    

 

- Plant layout (Layout), describing how the palm trees are planted, is a dummy variable 

that denotes if the palm trees are planted in a zig zag pattern (coded as 1) or if the palm 

trees stand in lines (coded as 0).  

 

- Intercropping (Intercropping) on the farm is a binary variable. If the farmer cultivates 

other crops the code is 1 and otherwise the code is 0. 
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- Palm age (Age) is a variable for the age of the coconut trees on the coconut plantation 

consisting of three categories. The first category denotes if the age is less than 10 years 

(coded as 1), the second category if the age is between 10 to 40 years (coded as 2), which 

is the reference group, and the third category denotes more than 40 years (coded as 3). 

 

- Square meters per tree (Sizem2), which is a metric variable, explains the relationship 

between the size of the farm and how many trees the farm has. More specifically it is the 

size of the farm divided by number of trees.  

 

- Other palm species (Species), a dummy variable describing if there are any other palm 

species available on the farm. The alternatives are Yes (coded as 1) and No (coded as 0). 

One thing to take into account is if there is an interaction effect between any of the explanatory 

variables. Interaction effect is when, for example, the effect of explanatory variable X on Y tend 

to vary with the value of another explanatory variable Z, for results see section 4.1. (Jaccard, 

2001)  
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3. Methodology  

The main issue in this thesis is trying to explain why some coconut farms in Mozambique are 

more affected by CLYD than others, i.e. which factors can increase the risk of becoming infected 

by the disease? Therefore the dependent variable is dichotomous, denoting if a farm is affected 

or not, and the choice of statistical method is limited. Another matter to take into consideration 

in the choice of method is the character of the explanatory variables; here they are both metric 

and non-metric. Hence the method of logistic regression is preferable to use, see discussion in 

section 3.2. (Hair Jr, Black, Babin, & Anderson, 2014, p. 314) 

3.1. Logistic regression 

Logistic regression is a particular kind of regression that handles with the difficulty of the 

dependent variable being binary, as mentioned above. Another advantage is that the technique 

also can handle both types of independent variables. This form of regression is similar to the 

multiple regression, where the variate represents a single multivariate relationship where the 

regression coefficients indicated the relative impact of each predictor variable. (Hair Jr et al. 

2014, p. 313 f) 

The two groups of interest, in our case the farms with and without the disease, are represented 

by a binary variable with the values 0 or 1. The goal with logistic regression is to predict the 

probability of an event occurring (in this study the event of having the disease) from the impact 

of the explanatory variables. Because the dependent variable only can take on two values, 0 and 

1, the predicted value or in other words the probability of having the disease must be bound to 

fall within the same range.  To define this certain relationship between the dependent and 

independent variables the method uses the logistic curve, see figure 1. (Hair Jr et al. 2014, p. 

317) 

For low values on the explanatory variables in this example the probability of the event 

approaches 0 and for higher values it goes towards 1, but the probability never reaches the 

boundaries of 0 and 1.  This S-shaped curve, see figure 1, with predicted values is fitted to the 

actual data, were the actual data represent whether an event either happened or not and assigns 

the values of 1 or 0 to the outcome, i.e. in this study the outcome is if the farm is infected by the 

CLYD or not. If the farm is infected they get a 1 and if the farm is free from the disease they will 

be assigned a 0.  For each observation the regression predicts a probability between 0 and 1 and 

from this probability the group membership is defined. The predicted probabilities are based on 

values of the explanatory variables and the estimated coefficients. The observations are 

distributed into the two groups by the predicted probability; values higher than 0.5 predict that 
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the outcome will be 1 and for values lower the outcome is predicted to be 0. (Hair Jr et al. 2014, 

p. 319-321) 

 

Figure 1: Logistic curve (Hair Jr, Black, Babin, & Anderson, 2014) 

Probabilities, in their original form, are not constrained to values between 0 and 1. The 

technique is to restate the probability into odds, which will make the values only fall between 

the boundaries. Odds is defined as the ratio of the probability of two outcomes of events, see 

equation 1, with a lower limit of 0. The probability value is now listed in a metric variable that 

can be directly estimated. Any odds value can be converted back into a probability that falls 

between the limits of 0 and 1. In other words predicting the odds value and then converting it 

into a probability solves the problem. 

𝑜𝑑𝑑𝑠 =  
𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑖

(1 − 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑖)
                     (1) 

By taking the logarithm of the odds, the logit value, the odds value is tied from falling below 0. 

This will mean that odds lower than 1.0 will have negative logit values and odds greater 1.0 have 

positive values. Odds ratios of exactly 1.0 will correspond to a probability of 0.5, meaning that 

the chance of the event occurring is identical for both outcomes. (Hair Jr et al. 2014, p. 321) 

The odds- or logit values discussed above are used as the dependent measure in logistic 

regression. To estimate the coefficient in the logistic model the estimation technique of 

maximum likelihood (MLE) is used. The chosen technique is used to find the most likely 

estimates for the coefficients. Regarding the fact that the logistic transformation has a nonlinear 

nature it requires this procedure to be used. This method maximizes the likelihood that an event 

will occur and this value is then used when calculating a measure of overall model fit (how well 

the model fits the data. (Hair Jr et al. 2014, p. 322) 
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There are two ways of estimating the logistic coefficients, either the logit values are used as the 

dependent measure or the odds values, see equations 2 and 3. The two model formulations are 

equivalent but the choice between them affects the way that the coefficients are estimated and 

the way to interpret them. (Hair Jr et al. 2014, p. 322) 

𝐿𝑜𝑔𝑖𝑡𝑖 = 𝑙𝑛 (
𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦𝑖

1 − 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦𝑖
) = 𝑏𝑜 + 𝑏1𝑋1 + ⋯ + 𝑏𝑛𝑋𝑛             (2) 

 

         𝑂𝑑𝑑𝑠𝑖 = (
𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦𝑖

1 − 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦𝑖
) = 𝑒𝑏0+𝑏1𝑋1+⋯+𝑏𝑛𝑋𝑛                         (3)     

A great advantage for this statistical method is the lack of assumptions. The things that are 

needed to take under consideration are the sample size, both overall and on a group-by-group 

level, and if there is any presences of multicollinearity between the explanatory variables. Since 

logistic regression uses maximum likelihood as estimation technique the method requires a 

larger sample size than other statistical techniques. A recommendation is that the overall sample 

size should be larger than 400 observations. The next consideration regards the sample size per 

group of the dependent variable. The recommendation per group is a sample size of at least 10 

observations per estimated parameter.  If the model contains explanatory variables that are non-

metric another reflection is necessary. When this type of variables are included they divides the 

sample into even smaller groups of dependent and independent variables. It is not necessary for 

each of these groups to meet the recommendation of 10 observations per estimated parameter, 

but it is important to understand that the presence of very small group sizes can have an effect 

on the result of the analysis. (Hair Jr et al. 2014, p. 318) 

3.1.1. Goodness-of-fit 

There are different ways to investigate how well the estimated model fits the data, i.e. different 

measures of goodness-of-fit. For logistic regression there are three standard approaches: assess 

the overall model estimation fit, investigate the significance level for the different parameter 

estimates, and examine predictive accuracy.  (Hair Jr et al. 2014, p. 323-324)  

The likelihood test and Nagelkerke pseudo R2 

Overall model fit is tested by the “likelihood ratio test” and the “Nagelkerke pseudo R2”. The 

likelihood test compares two models, one including explanatory variables and one without to 

determine if the addition of the explanatory variables significantly improves the model fit, see 
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hypothesis in equation 4. Where β denotes all parameters in the model. (Hair Jr et al. 2014, p. 

323-324) 

𝐻0: 𝜷 = 0      (4) 

𝐻1: 𝜷 ≠ 0  

The Nagelkerke “pseudo” R2 is one of many R2-like measures in logistic regression with the 

advantage of ranging from 0 to 1, like the R2 in linear regression. It reflects the amount of 

variation accounted for by the logistic model, were 1 indicates a perfect model fit. (Hair Jr et al. 

2014, p. 323-324) 

The Wald chi-square statistic  

The Wald chi-square statistic is used to investigate the significance of the parameter estimates. 

For each one of the estimates the null hypothesis is that the parameter is zero and the 

alternative is that it has an impact on the dependent variable, see hypothesis in equation 5. 

Where β denotes a parameter and i denotes the specific parameter in the model, 

i=1,2,...,11.  (Hair Jr et al. 2014, p. 325) 

𝐻0: 𝛽𝑖 = 0      (5) 

𝐻1: 𝛽𝑖 ≠ 0  

 

Somers’ D, Gamma and The Tau-C statistics  
 

Finally an examination of the predictive accuracy can be done. Three different measures, all 

focusing on evaluation of the number of concordant pairs estimated by the model, will be used. 

Higher number of concordant pairs indicates a better model.  (Kumar, 2011). The definition of 

pairs is the total number of combinations in which one of the cases has an observed outcome 

different from the other member of the pair.  In this study it is when one member is a farm with 

observed outcome of being infected by CLYD (=1) and the other has the opposite outcome (=0). 

319 observations are observed with the outcome equal to 0 and 212 observations have the 

outcome of 1.  The total number of pairs with different outcome, in this analysis, is therefore 

319*212=67,628. When the observation with the lower ordered response value (=0) has a lower 

predicted mean score than the observation with the higher ordered response value (=1) the pair 

is said to be concordant. If the observation with the lower ordered response value has a higher 

predicted mean score than the observation with the higher ordered response value the pair is 
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instead discordant. Ties can occur and it is when the different responses in the pair are neither 

concordant nor discordant. (UCLA: Statistical Consulting Group, 2015) 

”Somers’ D” and ”Gamma” both look at the difference between the number of concordant pairs 

(nc) minus the number of discordant pairs (nd), divided by total number of pairs with different 

responses (t). The difference between the measures is that Gamma includes ties, t (with ties), 

while Somers’ D excludes them, t (without ties), see equations 6 and 7. Both measures range 

between -1 and 1, where 1 indicates a perfect model. (Kumar, 2011, p. 49) The Tau-c statistic is 

the final measure with a range from 0.5 to 1. A result that equals 1 indicates a perfect model and 

0.5 corresponds to the model randomly predicting the response. (UCLA: Statistical Consulting 

Group, 2015) 

𝑆𝑜𝑚𝑒𝑟′𝑠 𝐷 𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐: =
𝑛𝑐−𝑛𝑑

t (without ties)
    (6) 

𝐺𝑎𝑚𝑚𝑎 𝑠𝑡𝑎𝑡𝑖𝑠𝑡𝑖𝑐: =
𝑛𝑐−𝑛𝑑

t (with ties)
     (7) 

 

3.1.2. Assumptions 

As mentioned above, section 3.1, there are some things to consider for the analysis to be 

trustworthy. Recommendations state that at least 400 observations are suitable for a reliable 

study and the sample for this investigation contains 531 different farm observations2.  Regarding 

the sample size per group of the dependent variable the recommendation per group is at least 

10 observations per estimated parameter. From section 2, it is known that eleven explanatory 

variables will be used (including dummy variables). Table 1 shows the groups from the 

dependent variable. Together this information states that the assumption for the group sizes are 

satisfied, both groups contain more than 110 observations.   

Table 1: Descriptive statistics of the dependent variable 

 Not affected (0) Affected  (1) Total 

Number of observations 319  212 531 

  

The last thing to consider is multicollinearity between the explanatory variables in the model. If 

the correlation between two independent variables is strong, the variables in some context 

explain the same thing. Table 2 displays that there are no strong correlations between the 

independent variables, a value higher than 0.70 can indicate a problem (Hair Jr et al. 2014, p. 

                                                           
2 The total number of observations in the study are 534 but the dependent variable contains 531 observations due to 

3 missing values. 
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201). The explanatory variables are of both metric and non-metric character therefore is 

Spearmans correlation measure used in this study. Another way to check for multicollinearity is 

to look at the variance inflation factor (VIF), see equation 8. The VIF-measure is the inverse of 

the tolerance measure; tolerance is the amount of variability of a particular independent 

variable not explained by the other independent variables, i.e. a high tolerance measure implies 

low correlation between the variables.  

𝑉𝐼𝐹 =
1

𝑇𝑜𝑙𝑒𝑟𝑎𝑛𝑐𝑒
                                                                  (8) 

 

So a high VIF-value, 10 or higher, indicates that two variables are highly correlated and that 

there can be a problem with multicollinearity. (Hair Jr et al. 2014, pp. 197, 200) In table 3, VIF-

values for the explanatory variables are presented and there is no sign of high VIF values. So the 

third recommendation is fulfilled. To summarize, all recommendations for a trustworthy study 

using logistic regression are therefore satisfied.  

Table 2: Spearmans correlation matrix for the independent variables 

 Layout Fertilizer Intercropping Weed Sizem2 Age Soil Species 

Layout 1.000        

Fertilizer 0.044 1.000       

Intercropping -0.108 -0.036 1.000      

Weed 0.026 -0.063 -0.007 1.000     

Sizem2 -0.058 -0.056 0.050 -0.014 1.000    

Age -0.004 -0.038 0.001 0.168 -0.092 1.000   

Soil 0.140 0.101 -0.055 0.105 -0.057 0.126 1.000  

Species 0.054 -0.060 0.013 0.214 0.031 0.058 0.199 1.000 

 

Table 3: VIF-values 

Explanatory variables   VIF-values 

Layout 1.041 

Fertilizer 1.021 

Intercropping 1.019 

Weed 1.093 

Sizem2 1.014 

Age 1.054 

Soil 1.093 

Species 1.103 
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3.2. Alternative method 

Considering which method that would be most suitable regarding the design of the dataset as 

well as the questions for this thesis not many statistical techniques are appropriate. The fact that 

the explanatory variables in the models are metric and non-metric limits the list of statistical 

techniques. Also since the character of the dependent variable is dichotomous the choice of 

technique stands between two methods. Besides the statistical technique that has been chosen, 

logistic regression, discriminant analysis is an alternative because it also allows the dependent 

variable to be non-metric. Although this holds the discriminant analysis technique requires that 

the explanatory variables are metric. A fact that leads to a problem since many important 

explanatory variables in the dataset are of non-metric character. (Hair Jr et al. 2014, p. 232) 

Furthermore, that technique requires that there are not any large variations in the group sizes 

since that will affect the estimation of the discriminant function and the classification of 

observations (Hair Jr et al. 2014, p. 248). When looking at the group sizes in the models this 

assumption will become a problem as well (see table 1). Regarding these two complications the 

choice of method becomes easy and speaks in favor for the statistical method of logistic 

regression in attempt to answer the aim of this thesis. 

3.3. The model 

Based upon if the farms are infected by CLYD or not they have been divided into different 

groups, see table 1. A model containing all explanatory variables is estimated, with the response 

variable, if the farm is infected by CLYD, where Yes represents value 1 in the regression and No 

represents value 0. The model is trying to predict how the explanatory variables affect the risk of 

having the disease, see equation 9.  

𝑜𝑑𝑑𝑠 =  𝑒𝛽0+𝛽1𝑤𝑒𝑒𝑑+𝛽2𝑓𝑒𝑟𝑡𝑖𝑙𝑖𝑧𝑒𝑟+𝛽3𝑠𝑜𝑖𝑙+𝛽4𝑙𝑎𝑦𝑜𝑢𝑡+𝛽5𝑎𝑔𝑒+𝛽6𝑠𝑖𝑧𝑒𝑚2+𝛽7𝑠𝑝𝑒𝑐𝑖𝑒𝑠+𝛽8𝑖𝑛𝑡𝑒𝑟𝑐𝑟𝑜𝑝𝑝𝑖𝑛𝑔   (9) 

Afterwards a second model is estimated containing only the significant variables from the first 

regression. The significant variables to be assigned to model 2 are found using a method where 

the variable with the highest p-value in model 1 is removed one at a time until there are only 

significant variables left. The significance level of 5 percent is used for the examination. In 

section 2 and 4 there is more information about the variables included in the models. 

The significance level is set to 5 percent (0.05). This due to the fact that the worst case scenario 

is that a certain variable may seem to have an impact on whether the coconut trees are infected 

with CLYD while it actually has not. A scenario referred to as a type 1 error or in other words the 

probability of the model finding a variable by chance which is significant even though that 

variable actually has no effect. The consequences due to this particular error are not that severe 

in this case. Hence the standard significance level of 5 percent is fine to use.  
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3.4. Data 

The data material comes from a study performed in Mozambique, in the two provinces Zambeze 

and Nampula on the east coast. It has been the center for the scientific report Impact of coconut 

lethal yellowing disease and THE BEETLE (oryctes) on farming systems and household income in 

the coastal Provinces of Zambeze and Nampula, which contains information about the 

plantations. The dataset comes from direct observations made on different households’ coconut 

plantations, with the main goal of estimating the incidence and severity of CLYD and the 

rhinoceros beetle, conducting a sample of coconut trees in the plantations, and measuring the 

households’ plantation area. The target population from their investigation contains all 

households involved in coconut production from six districts in Zambeze Province and two from 

Nampula Province. (Bila et al. 2013, p. 3) 

The basic sampling unit used in the survey is enumeration areas. This system divides the 

country into statistically homogeneous areas, corresponding to the division in a territory, within 

a village in the rural areas were 80 to 100 households reside or 100 to 120 in the urban 

areas.  (Bila et al. 2013, p. 3) 

Data from the National Institution of Statistics in Mozambique regarding year 2007 was used to 

get a list of the sampling population, containing the numbering areas of each district and the 

total number of households in each enumeration area. The final sample contains of 235 

enumeration areas with 26,554 households. From this sampling population a random sample 

was drawn. Random sampling was considered most appropriate since it would give better 

chances of capturing information from households in different levels of CLYD infection.  The 

sample will give an adequate estimation of the actual situation of CLYD infection in the region, 

contribute to a better understanding of CLYD spread and allow for a better development of the 

CLYD dispersal scenarios. The random sampling was performed in two steps; first a selection 

from the different enumeration areas was done and the second step was to select households 

from the selected areas. (Bila et al. 2013, p. 3-4) A sample of 50 enumeration areas and 10 

households from each area was drawn, a total of 500 observations. But only 499 observations 

were covered during the study, the fallout was caused by weather conditions. (Bila et al. 2013, 

pp. 6-9) The dataset contains 534 different coconut farms since a household can own more than 

one farm. 

Under the study of the different plantations two types of observations were made. To estimate 

the density of the coconut trees and the percentage of infected trees (1) the plantation area was 

measured using GPS, (2) all present coconut trees were counted, even the dead and cut down 

ones, (3) All coconut trees with symptoms of CLYD were counted. The second observation made 
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was on a sample of 10 coconut trees, from each farm, to estimate the severity of infection and 

the beetle infestation. (Bila et al. 2013, p. 5) 

The data set contains information from 534 different coconut farms based on direct 

observations. Regarding the variables that have been chosen for the investigation in this thesis 

there are some missing values. In the model, with all the chosen explanatory variables, there are 

34 missing values due to lack of information regarding some of the selected variables.  
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4. Results 

4.1. Descriptive statistics 

In the last two decades CLYD has spread in Mozambique and Nampula and Zambeze are two of 

the provinces affected by the disease. (Bila et al. 2013) The first step in this analysis is to 

illustrate the amount of farms affected and where the farms are located in the country.  

From the 531 farms with complete data in the sample 212 farms have registered symptoms of 

CLYD, which is almost 40 percent, see table 4.  

Table 4: Farms affected by CLYD 

 Frequency Percent 

Not affected 319 60.08 

Affected 212 39.92 

 531 100 

 

Zambeze indicates a higher number of farms with symptoms, 75 percent of the affected farms 

are located in this province, see table 5. The same table also shows that the amount of healthy 

coconut farms are higher in Zambeze. One can see that the proportion within the provinces is 

lower for the farms affected in Nampula, 33 percent versus Zambeze 43 percent. To sum it up 

there are more coconut farms in Zambeze than Nampula, 372 against 159, and there are also 

more farms infected by CLYD in Zambeze than Nampula, 159 against 53. 

Table 5: Provinces affected by CLYD 

 Nampula Zambeze Total 

Not affected  106 
19.96 % 
33.23 % 
66.67 % 

213 
40.11 % 
66.77 % 
57.26 % 

319 
60.08 % 
100  % 
- 

Affected  53 
9.98 %  
25 % 
33.33 % 

159 
29.94 % 
75 % 
42.74 % 

212 
39.92 % 
100  % 
- 

Total  
 

159 
29.94 % 
- 
100 % 

372 
70.06 % 
- 
100 % 

531 
100 % 
- 
- 

First row: number of observations. Second row: total percent. Third row: Row percent. Forth row: Column percent  

 

The number of districts is not equally assigned from the two provinces due to the fact that most 

of the plantations in Mozambique are located in Zambeze. From the total of eight districts only 

two are located in Nampula; Moma and Angoche, see figures 10 and 11 in Appendix. Table 6 

illustrates the division among the districts. Inhassunge has the highest proportion of diseased 



16 
 

farms; a total of 86 percent of the farms shows that the disease, CLYD, are presence. On the other 

side only 22 percent of Pebanes coconut farmers are affected. Both districts are located in 

Zambeze. 

Table 6: Districts affected by CLYD 

 Quelimane Angoche Inhassunge Maganja Moma Namacurra Nicoadala Pebane Total 

Not 
affected 

3 
0.56 % 
0.94 % 
30 % 

66 
12.43 % 
20.69 % 
69.47 % 

4 
0.75 % 
1.25 % 
13.79 % 

102 
19.21 % 
31.97 % 
55.14 % 

40 
7.53 % 
12.54 % 
62.50 % 

17 
3.20 % 
5.33 % 
54.84 % 

28 
5.27 % 
8.78 % 
68.29 % 

59 
11.11 % 
18.50 % 
77.63 % 

319 
60.08 % 
100 % 

Affected 7 
1.32 % 
3.30 % 
70 % 

29 
5.46 % 
13.68 % 
30.53 % 

25 
4.71 % 
11.79 % 
86.21 % 

83 
15.63 % 
39.15 % 
44.86 % 

24 
4.52 % 
11.32 % 
37.50 % 

14 
2.64 % 
6.60 % 
45.16 % 

13 
2.45 % 
6.13 % 
31.71 % 

17 
3.20 % 
8.02 % 
22.37 % 

212 
39.92% 
100 % 

Total 10 
1.88 % 
- 
100 % 

95 
17.89 % 
- 
100 % 

29 
5.46 % 
- 
100 % 

185 
34.84 % 
- 
100 % 

64 
12.05 % 
- 
100 % 

31 
5.84 % 
- 
100 % 

41 
7.72 % 
- 
100 % 

76 
14.31 % 
- 
100 % 

531 
100 % 

First row: number of observations. Second row: total percent. Third row: Row percent. Forth row: Column percent  

 

From the descriptive statistics above the conclusion is that 40 percent of the farms have 

experienced symptoms of CLYD. The Zambeze Province has a higher number of farms with the 

disease but both the district with the highest and lowest amount of CLYD are located in this 

province. Below the descriptive statistics of the explanatory variables are examined to show the 

distribution of the different alternatives within them.  

The pattern in which the palm trees are planted is almost consistently a zig-zag pattern. Only 10 

percent or 54 of the farms have their palm trees planted in lines, see figure 2. 

 

Figure 2: Percent and frequency of the palm trees’ plantation pattern 

 

90%

10%
0

100

200

300

400

500

600

Zig-zag In Line

Fr
e

q
u

e
n

cy

Palm layout



17 
 

There are as little as nine farmers, or 1.7 percent, that use fertilizers on their plantations, see 

figure 3. A very small amount which is important to have in mind when the result of this variable 

is going to be evaluated.  

 

Figure 3: Percent and frequency of the number of farms using fertilizer 

 

Most of the coconut farms cultivate only coconuts as one can see from figure 4. Just as little as 37 

farms, or 7 percent, have any kind of intercropping.  

 

Figure 4: Percent and frequency of farms with intercropping 
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It is more common that there is some presence of weed on the farms than that the farms are 

clean. As one can see from figure 5 tall grass occurs on more than half of the farms and on 40 

farms, or 8 percent, they even have bushes on their plantations. 

 

 

Figure 5: Percent and frequency of farms with weed on the plantation 

 

The type of soil on the farms mostly consists of sand, as figure 6 shows that is the case at more 

than half of the farms. Soft clay on the other hand is a more rare type of soil which is only 

present on 11 of the farms.  

 

Figure 6: Percent and frequency of the type of soil the plantations has 
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The age of the palm trees varies between the three alternatives. Almost all the palm trees on the 

farms are more than 10 years old, see figure 7. These are facts which say that only a small 

amount of the palm trees are newly planted. 

 

Figure 7: Percent and frequency for the age of the palm trees on the plantations 

 

The distribution of plantations with other palm species than coconut trees follows the same 

pattern as intercropping, see figure 3. Most of the plantations only consist of coconut trees, 83 

percent to be exact, see figure 8. 

 

Figure 8: Percent and frequency of other palm species on the farm 
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The distribution of the variable square meters per tree is shown in figure 9. Most of the coconut 

farms are within the range of 2.2 m2 / tree, which is the lowest value, to approximately 150 m2 / 

tree. The mean value for all the farms are 128 m2 / tree and the median value are 87 m2 / tree. 

The highest value though is 3780 m2 / tree which has been retained to capture the true picture 

of the sample rather than to classify it as an outlier and remove it. All the descriptive statistics 

can be found in table 7. 

Table 7: Descriptive statistics square meters per tree 

 Distribution of square meters/tree  

Minimum value 2.2 m2/tree  

Maximum value 3780 m2/tree  

Mean value 128 m2/tree  

Median value 87 m2/tree  

Standard deviation 211 m2/tree  

 

 

Figure 9: Distribution of Square meters per tree on the farm 

 

Based upon the explanatory variables presented above any presence of an interaction effect, see 

section 2, among any pair of the variables are examined. All the variables are checked two and 

two to find out if there are any interaction effects but there are none. 
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4.2. The estimated models 

The results from the constructed models are shown in tables 8, 9 and 10. Both models are 

included in the same tables to create a better overview of how they differ. Model 1 includes all 

the selected explanatory variables while model 2 only includes the significant explanatory 

variables from model 1. The significance level for the variables in model 1 to be assigned to 

model 2 is 5 percent. Model 1 is than examined to find any significant variables for model 2 and 

the variable with the highest p-value in model 1 is removed one at a time until there are only 

significant variables left. For the final model, i.e. model 2, the significance level is 5 percent as 

mentioned before, see section 3.3.   

To start with one can investigate if the models improves by including the explanatory variables, 

i.e. the likelihood ratio test. In table 8 one can see that model 1 has a high p-value (0.3447) 

indicating that the explanatory variables do not have a significant impact on the model. Table 8 

also show that model 2 has a p-value (0.039) which is smaller than 0.05, hence the explanatory 

variable has a significant impact on the model.  

 

Table 8: The Likelihood ratio test 

 Model 1 Model 2 

Likelihood ratio test 0.3447 0.0390 

 

 

The Wald statistic show that none of the eleven explanatory variables (dummy variables 

included) in model 1 show a significant result, i.e. have a p-value smaller than 0.05, see table 9. 

But when removing the variable with the highest p-value one at a time one explanatory variable 

becomes significant. The significant variable is if the farm has other palm species (Yes). This 

variable is now included in model 2. The Wald statistic for model 2, also included in table 9, 

displays that the single variable, other palm species (Yes), is significant on the 5 percent level. 
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Table 9: The Wald Statistic 

 

 

Explanatory variables 

Model 1 

Wald statistic (p-value) 
Model 2 

Wald statistic (p-value) 
Degrees of freedom 

Weed 1.9655 

(0.3743) 

 2 

Soil 0.1056 

(0.9486)  

 

 

2 

Other palm species  3.6780 

(0.0551) 

4.2830 

(0.0385) 

1 

m2/tree 2.1917 

(0.1388)  

  1 

Age of the palm trees 0.7013 

(0.7042) 

 2 

Intercropping 2.2825 

(0.1308) 

  1 

Use of fertilizers 0.0023 

(0.9620) 

 1 

Plant layout 0.1467 

(0.7017) 

 1 

No. of observations 500 520  

 

 

Table 10 illustrates the odds ratios and the p-values for the explanatory variables in model 1 and 

model 2. Variables with a non-significant result will not be interpreted, due to the fact that the 

analysis cannot statistically guarantee that those coefficients are different from zero, i.e. have an 

impact on the dependent variable.  

If the plantation includes other palm species is the only significant variable, see table 10. The 

odds for the farm to be affected by CLYD is on average 1.624 times larger for plantations with 

other palm species compared to farms containing only coconut trees, see model 2 in table 10. 
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Table 10: Results from model 1 and model 2 

Explanatory variables Model 1 

OR (p-value) 

95% CI Model 2 

OR (p-value) 

95% CI 

Weed - tall grass 1.272 

(0.2295) 

0.859 – 1.882   

Weed - bushes 0.901 

(0.7861)  

0.424 - 1.914    

Soil - sand 0.947 

(0.7876)  

0.636 – 1.409   

Soil – soft clay 0.859 

(0.8220) 

0.229 - 3.218   

Other palm species (yes) 1.628 

(0.0551) 

0.989 – 2.679 1.624 

(0.0385) 

1.026 – 2.569 

m2/tree 0.999 

(0.1388)  

0.997 – 1.000   

Age of the palm <10 years 0.996 

(0.9928) 

0.393 – 2.523   

Age of the palm > 40 years 0.852 

(0.4085) 

0.583 – 1.246   

Intercropping (yes) 1.735 

(0.1308) 

0.849 – 3.548   

Use of fertilizers (yes) 0.965 

(0.9620) 

0.222 – 4.185   

Plant layout (zig zag) 1.132 

(0.7017) 

0.601 – 2.133   

Goodness of fit statistics     

Somers’ D 0.166  0.070  

Gamma 0.168  0.238  

Tau-C 0.583  0.535  

Likelihood Ratio 0.3447  0.0390  

Nagelkerke Pseudo R2 0.0328  0.011  

No. of observations 500  520  

 

So how good is the predictive accuracy of models? In table 10 both the measures Gamma and 

Somers’ D have values under 0.25, indicating that the models do not make a suitable job of 

predicting the values of the dependent variable, i.e. the number of correct predicted outcomes is 

not high. Tau-C has a value under 0.6, which is in line with the result from the two tests 

discussed above. A Tau-C value of 0.5 indicates that the model randomly assigns the predicted 

values and with a value of 1 all predicted values are correctly assigned. The value for the 

Nagelkerke “pseudo” R2 is 0.0328 for model 1, only 3.28 percent of the variation in the 

dependent variable is explain by model 1, which is not very good. A note is that the likelihood 

test mentioned above indicated that the explanatory variables in model 1 did not contribute to 

the model, this result supports by the goodness of fit test discussed in this part. For model 2 the 

R2 value drops to 0.011, now only 1.1 percent of the variation is captured by the model. An 
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unexpected result when the likelihood test for model 2 was significant, indicating that the 

explanatory variables contributed to the model. A notation though is that one variable in model 

2 is significant, in comparison to none in model 1.  

As mentioned in section 3.1, if the model contains explanatory variables that are non-metric the 

sample divides into smaller groups. If the number of observations in the different groups gets 

too small it can have an impact on the result. Therefore to investigate how reliable the result 

from the analysis is the distribution between the significant variable other palm species and the 

dependent variable should be examined, see table 11. The smallest group contains of 44 

observations, meeting the assumption of 10 observations per estimated parameter (model 2 has 

one estimated parameter), i.e. there are no problems with the group sizes and the result is 

trustworthy. A note is that there is no clear pattern if the coconut farms are affected based upon 

if they have other palm species. 

Table 11: Distribution of the dependent variable and the independent variable "other palm species" 

Other palm species 
Affected by CLYD No Yes Total 

No 269 45 314 
Yes 162 44 206 

Total 431 89 520 
 

An explanation to the fact that model 1 has no significant variables and weak goodness-of-fit 

measures is the discussed subject above, too small subgroups. The model contains almost 

entirely of categorical variables and from the descriptive statistics of the explanatory variables, 

section 4.1, one can see that there are some variables with groups containing very few 

observations. An example is the variable Type of soil that contains three categories with one 

category (soft clay) that consist of only 11 observations. As mention before it is not necessary for 

each of these groups to meet the recommendation of 10 observations per estimated parameter, 

but it is important to understand that the presence of very small group sizes can have an effect 

on the result of the analysis. Therefore can the problem with variables containing too few 

observations be a reason to the weak result in model 1.   

To sum up, model 2 is slightly better to predict the outcome but does not capture as much of the 

variation in the dependent variable as model 1. Only one variable, in model 2, is found to have a 

statistically significant impact on the dependent variable, other palm species. This finding is in 

line with previous research in section 2 saying that as much as 36 different species of palm trees 

have been documented as vulnerable to the disease. Hence other palm species on the plantation 

have a positive impact on the odds of being infected by CLYD. 
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5. Conclusion 

The spread of the disease, CLYD, in Mozambique has been devastating for the coconut farmers. 

As the results show as much as 40 percent of the examined plantations show some kind of sign 

of the disease. This is a relatively high number which shows that the disease has caused great 

damage to the plantations in the provinces of Zambeze and Nampula.  

Further examinations of the districts in these two provinces show that some of them are more 

affected by the disease than others. Both the most- and the least affected districts are within the 

same area in Zambeze. This result indicates that there is no area that is more affected than the 

others, see table 6 and compare with figures 10, 11 and 12 in appendix section. 

Among the explanatory variables only one of them was significant, as shown in the results in 

table 9 and 10, and only this variable is interpreted. The odds of being infected by the disease 

are greater for plantations with other species of palm trees than those with only coconut trees. 

As discussed before coconut trees are not the only palm trees affected by CLYD, the presence of 

other palm trees on the coconut plantations can therefore be a contributor to the higher risk of 

getting the disease. The distribution within the variable other palm species and the dependent 

variable shows that approximately 50 percent of the farms that have other palm species also 

have the disease and 50 percent do not. Although the variable is significant this result does not 

show any obvious pattern among the coconut farms based on this variable. Unfortunately there 

are not any underlying theories or previous studies within the topic to compare this result 

against.  

The researchers are today well aware about the planthopper and its effect on the coconut trees, 

nevertheless the spread of CLYD is increasing. The purpose with this study was to investigate if 

there are other factors, relating to the environmental and nature or the farms and the 

plantations themselves, which increases or decreases the risk for the coconut plantations to be 

infected by the disease. The results indicate that plantations containing other palm species have 

a higher risk of getting infected by CLYD. No other statistically significant factors have been 

found to have an impact on the spread of the disease.  

The data material that contributed to these results is collected by direct observation made by 

well-trained field workers and the choice of objects is made by random sampling. These two 

factors uphold the validity for this study. Therefore the results can be generalized to the target 

population, all coconut farms in the districts included in the study.  The significant variable, i.e. 

the final result, is of a universal structure in other words not specific for a certain area or land.  

Hence, the result should be possible to be applied to coconut plantations in similar countries to 
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Mozambique.  Note however that little research has been done on this topic and more studies 

must be made to verify the findings in this thesis. 
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Appendix 

 

Figure 10: Map over Mozambique 
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Figure 11: Map over Nampula province 

 

Figure 12: Map over Zambeze province 

 


