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CHAPTERR 6 

MODELLINGG LANDSCAPE CHANGE PROCESS USING MULTIPLE 

DISCRIMINANTT ANALYSIS (MDA) 

6.1.. Introduction 

Thee landscapes we see today are products of natural and cultural processes (Forman and 

Godron.. 1986; Turner and Dale, 1990; Zonneveld, 1995). However, today human actions 

ratherr than natural forces drive most of the landscape modifications (Vitousek etai. 1997). 

Somee of these human induced changes have been known to lower the quality of landscapes 

byy reducing their abilities to perform ecological and socio-economic functions, particularly 

inn fragile semi-arid and arid areas that are prone to degradation. In the semi-arid to arid 

landscapess of Kenya, for example, human settlements and related activities such as 

cultivation,, livestock production and tree harvesting have been associated with diminishing 

qualitiess of the environment such as increased soil erosion, deforestation and degradation 

off  the hydrological cycle. 

Inn the Baringo area, the impacts of human activities are readily visible. In Chapter 

4,, it was demonstrated that significant changes occurred in this area between 1984 and 

1995.. These changes include an increase in the number of settlements, fragmentation of 

natural/semi-naturall  landscapes and a general decline in biomass. Results presented in 

Chapterr 5 show that in the study area the spatial and temporal distribution patterns of 

humann settlements, particularly the rain-fed subsistence agriculture, are strongly related 

too a combination of socio-economic and biophysical factors, including closeness to roads, 

altitude,, rainfall and slope. There other factors such as soil properties {depth, surface 

fertility,, surface stoniness) and population density, which are also affect settlement 

patterns.. The nature of the interactions between these factors to bring about changes was 

nott investigated in Chapter 5. Further, no attempt was made to investigate the influence 

off  these factors on change patterns of semi-natural land cover types in uncultivated 

landscapess and other land use activities such as irrigation and plantation farming. 

Thiss chapter investigates how selected biophysical and socio-economic factors 

interactt to produce the observed land cover change patterns in the Lake Baringo area. 

Moree specifically it concerns the development of a model for predicting future land cover 
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patterns.. The multiple discriminant analysis function (MDA) is used to develop decision 

ruless for land cover transitions from a set of spatially referenced data on biophysical 

characteristicss and socio-economic trends. 

6.22 Modelling Landscape Change Processes 

Landscapee changes are caused by disturbances i.e. relatively discrete natural or 

anthropogenicc events that disrupt ecosystem, community or population structure causing 

changess in resource availability or the physical environment (White and Pickett 1985). 

Naturall  disturbances are usually continuous in space and time, small in magnitude, slow 

andd systematic. Normally such disturbances have low impacts on the environment. Large 

andd random natural disturbances such as floods, earthquakes and volcano eruptions, 

whichh can significantly alter landscapes, are rare. Contemporary anthropogenic 

disturbancess behave like large random disturbances despite their small magnitudes. Their 

inevitablee impacts on the landscape structure and to a certain extent landscape functions, 

whichh are usually irreversible, are increasingly becoming evident. For sustainable 

development,, it is necessary to manage human induced disturbances and the changes they 

cause.. This requires, among other things, an understanding of the processes through which 

landscapess change i.e. knowledge of how the agents of change interact to cause change. 

Spatiall  landscape models, which are discussed in this section, provide the tools for 

studyingg landscape change processes. The general characteristics of spatial landscape 

modelss are described in section 6.2.1. This is followed by a discussion of some models that 

havee been used to study landscape changes together with their limitations, in section 6.2.2. 

Thiss section concludes by looking at some possible solutions for the shortcomings of some 

off  these models in general and in as far as the study area is concerned (Section 6.2.3). 

6.2.11 Modelling Landscape Change Processes 

Effortss towards understanding landscape change processes have been the focus of 

landscapee ecological studies for a long time. Models have been developed to study natural 

processess such as succession and the spread patterns of disturbances in landscapes, and to 

evaluatee the effects of management treatments on anthropogenic landscapes (Baker. 1989: 

Sklarr and Costanza, 1990; Turner and Dale, 1990; Lambin. 1994). The present study 
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focusess on the pattern of spread of human induced changes in a highly heterogeneous 

landscape.. This falls within the landscape disturbance pattern modelling, where human 

settlementt activities are the disturbances in question. The spread of disturbance can be 

studiedd using spatial dynamic models, defined by Sklar and Costanza (1990) as 

expressionss that describe the changes in spatial pattern from time / to a new spatial 

patternn at time / + n. 

Accordingg to Baker (1989), a landscape change model is made up of three basic 

componentss namely the initial configuration, a change function, and an output 

configuration.. The initial and output configurations are landscape states before and after 

change,, respectively. The change function is the expression that combines initial landscape 

configurationn with the change agents to create the output configuration. The change 

functionn can be a simple linear difference, a differential equation or a set of complex non-

linearr equations with interactions (Baker, 1989). Mathematically these models can be 

simplyy expressed as: 

X[+nn = f[\ (, YJ (6.1) 

wheree X, is the spatial pattern i.e. the land cover types at time /. and Y, is a vector or 

scalarr set of variables that affect the transition from one spatial pattern to another, i.e. the 

changee agents. These are essentially the sets of socio-economic and biophysical factors. 

Thee term Xt+„  in this equation is the output configuration, which represents the predicted 

landd cover types after n units of time. The process of developing a spatial dynamic model 

thuss involves identifying the measurable spatial landscape pattern attributes (X). isolating 

thee factors (Y) that cause or influence the change in spatial pattern and defining the 

functionn (f) that relates the spatial pattern with the factors. The critical issue is the 

determinationn of the appropriate change function, which can be expressed using either 

mechanisticc or stochastic models (Sklar and Costanza. 1990). Mechanistic models attempt 

too explain the actual landscape processes, e.g. the universal soil loss equation (USLE) 

whilee stochastic models incorporate probabilities in predicting changes. Land cover 

changess are neither strictly mechanistic nor strictly stochastic. The type and nature of 

humann impacts are distributed in a more or less stochastic manner while the intensity of 

thee impacts is relatively deterministic (mechanistic). This makes the determination of an 

appropriatee change function very difficult. 

143 3 



6.2.33 Landscape Change Models and their Limitations 

Landscapee change processes such as natural vegetation change, deforestation, urbanization, 

etc.. have been studied using different types of models. Natural processes such as vegetation 

successionn have been studied using transition probabilities based models such as Markov 

Chainss (Hulst 1979; Usher, 1981). Markov chains have been also used to analyse human 

inducedd landscape changes (Turner, 1987; Aavikso. 1993; Muller and Middleton. 1994). A 

Markovv chain is a mathematical model that describes a process that moves in a sequence 

off  steps from one state to another (Davis. 1986: Lambin, 1994). Markov models use 

empiricallyy determined probabilities p,j, which represent the likelihood of transition or 

movementt from state i to state j . When applied to landscape studies the states i and j can 

bee either locations when modelling spatial diffusion, or spatially relevant classes when 

modellingg landscape change processes (Lambin, 1994). For example when Aaviskoo 

(1993)) applied Markov chains to study land use change patterns the states i and j 

representedd the amount of land covered by various land uses in times t and t^l. 

Duee to their simplicity in design and application, Markov chains have been 

widelyy used in studying vegetation changes, deforestation processes and land use 

changes.. However, they have some serious limitations. First, in its simplest application, 

thee Markov model assumes that statistical dependency exists between the current state 

andd their immediate predecessors only, what is referred to as first order dependency 

(Davis,, 1986; Lambin. 1994). This assumption does not hold in land use studies since the 

historicall  link between land cover states normally goes beyond the immediate 

predecessor.. Second, the model assumes that the change in state of a cell is strictly 

dependentt on its characteristics only, i.e. it is independent of the characteristics of 

surroundingg cells. This is not true in landscape studies since changes in land cover are 

affectedd by not only the surrounding conditions but also by other exogenous factors 

(Baker.. 1989; Sklar and Costanza, 1990), i.e. the external disturbance regimes such as 

governmentt policy, climate or neighbouring land cover types. Endogenous factors, such 

ass soils and natural vegetation, only serve to moderate the impact of the exogenous 

factorss on the changes. Third, the stationary transition probabilities assumed by Markov 

chainss do not apply in land use studies. Some of the external factors that determine land 
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usee patterns are dynamic and hence the rates of transition cannot be constant. Dynamic 

transitionn probabilities would therefore be more appropriate. Fourth, the output from the 

Markovv model shows aggregate distribution of land cover classes only, totally ignoring 

theirr spatial location and configuration in the landscape, i.e. they are non-spatial. Spatial 

modelss use the location and configuration of landscape elements in projecting change and 

cann thus explicitly be used to produce maps of the changing spatial configurations (Baker, 

1989).. Most of these shortcomings, apart from the issue of non-spatiality. have been 

addressedd by modifications of the Markov model (Baker, 1989). 

Changee models based on transition probabilities have also been developed using 

cellularr automata (CA) theory (White and Engelen, 1997). A CA system consists of four 

elementss - cells, states, neighbourhoods and rules. The state of a cell can change according 

too transition rules, which are defined in terms of neighbourhood functions (Li and Yen, 

2000).. The CA approach perceives the landscape as a cellular organ, where land units 

representt the cells whose states are the land use/cover types. The event of any one cell 

turningg to a new state, e.g. from agricultural to urban, depends on the states of its 

neighbouringg cells and is controlled by a set of transition rules. However, it is known that 

landscapee changes such as urbanisation are not governed by purely locally defined 

behaviourr (Wu and Webster, 1998). To improve this shortcoming, regional factors are 

introducedd into each cell by "development probability" (Yeh and Li. 1997) or "probability 

off  transition" (Wu and Webster. 1998). Owing to their representation and operation 

simplicity,, CA based models have been widely used for modelling the urbanisation process 

(Itami.. 1994; White el al. 1997: White and Engelen. 1997; Yeh and Li, 1997; Clarke and 

Gaydos,, 1998; Wu and Webster, 1998; Li and Yeh, 2000). However, evidence of their use 

inn modelling rural and natural/semi-natural landscapes does not exist. Software for using 

suchh models is not readily available in standard statistical or GIS packages. It was thus not 

possiblee to test them in this study. 

Interestt in modelling land use and land cover changes has grown in the recent past 

ass witnessed by the establishment of international and regional programmes on land cover 

changess such as the International Geosphere-Biosphere Programme on Land Use and Land 

Coverr Change (IGBP/LUCC) (Lambin et at., 1999), Conversion of Land Use and its 

Effectss (CLUE) (Veldkamp and Fresco. 1996a). Framework for the Evaluation and 
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Assessmentt of Regional Land Use Scenarios (FEARLUS) (Polhill et ai. 2001). These 

activitiess have been accompanied by the development of spatially explicit land cover 

changee models (Fiamm and Turner. 1994). Some of these models are economics-based e.g. 

thosee by Irwin and Geoghegan, (2001) and Bell and Irwin (2002). others are process-based 

(Huigen.. 2001: Polholl et ai, 2001). These models emphasise the incorporation of socio-

economicc factors and human decision-making process in modelling land cover changes. 

Threee important issues arise from the literature on land cover land use change 

modelling.. First, from the wide variety of models developed, it is apparent that there is no 

modell  that can be described as the best. The most appropriate model to use in a specific 

situationn is the simplest model that works in that situation. Second, the outcome of land 

use/landd cover modelling represents possibilities rather than accurate predictions. It is 

extremelyy difficult if not impossible, to model the interactions of the diverse set of complex 

systemss consisting of social, economic, climatic, biological and cognitive factors (Polhill et 

ai.ai. 2001). Finally, for a global picture of land use/land cover change patterns to be 

obtained,, area specific studies need to be carried out and compared. The present research 

hopess to contribute to this picture by modelling land use/land cover change patterns in a 

semi-aridd within the eastern part of Africa. 

6.2.44 Proposed Model for the Study Area 

Thee spatial and temporal land cover patterns in the study area are a result of complex 

interactionss between climate, terrain, soils, water availability, natural vegetation, 

demographicc characteristics and the distribution of facility and service infrastructure. 

Developingg mechanistic models capable of adequately simulating how these factors 

interactt is not easy. Neutral models have been suggested as an alternative approach for 

explainingg broad-scale landscape patterns (Gardner et ai 1987; Gardner and O'Neill. 1990; 

O'Neilll  et ai, 1992). These models attempt to predict a system's behaviour without 

incorporatingg the specific processes/mechanisms, which may affect that system, in this case 

thee biophysical and socio-economic details. The predicted results are then compared to 

empiricall  information. If the predictions adequately fit  the data then the model is adopted, 

otherwisee additional variables are added to the model. Neutral models based on percolation 

theoryy (Gardner et ai. 1987: Turner et ai, 1989), diffusion theory and epidemiology 
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(Gardnerr and O'Neill. 1990; O'Neill. etaU 1992a&b) have been used to predict landscape 

disturbances.. Simple stochastic models have also been used for identifying the relationship 

betweenn ecological pattern and process (Flamm and Turner. 1994). 

Likee ecological disturbances, anthropogenic disturbances can be described by 

characteristicss such as spatial distribution, frequency, return interval, rotation period, 

predictability,, area, intensity, severity and synergism (White and Pickett, 1985). General 

insightss into the interactions between landscape pattern and the spread of disturbances can 

bee obtained by experimenting with values from several of these characteristics, thus 

makingg the spread of disturbance amenable to study using simple probabilistic models 

(Turnerr and Dale, 1990) such as those based on the general linear model. The multiple 

regressionn model cannot be used for predicting nominal land cover classes owing to its 

rigidrigid requirement for metric dependent and independent variables. The alternative, the 

binaryy logistic regression model, which predicts the probability of occurrence of a binary 

eventt from a series of independent variables cannot be used in situations where more than 

twoo classes are to be predicted, such as in predicting land cover changes. In such cases, the 

multinomiall  LRM (MLRM) also referred to as polychotomous LRM (Menard, 1995; 

Hosmerr and Lemeshow, 2000) or the multiple discriminant analysis (MDA) can be used. In 

thiss study, the MDA is preferred owing to its ease of application and interpretation. 

Thee multiple discriminant analysis is a probabilistic modelling technique, which 

estimatess the relationship between a single non-metric (categorical) dependent variable and 

aa set of metric independent variables (Tabachnick and Fidel. 1983; Davis. 1986; Hair et al.. 

1992).. MDA has two primary objectives namely: 1) finding the dimension or dimensions 

alongg which groups are maximally different (descriptive MDA) and 2) predicting group 

membershipp on the basis of the predictor variables used to create the dimensions 

(predictivee MDA) (Tabachnick and FideL 1983). In a given research, only one of the two 

facetss of MDA is emphasised. With predictive MDA the interest is to develop decision 

ruless for classifying new cases, in which case the number of dimensions and their 

meaningg are irrelevant. Alternatively, descriptive MDA can be used for interpreting the 

discriminationn space in terms of the variables contributing most heavily to separation of 

thee groups in that space. 
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Multiplee discriminant analysis is a parametric technique, which makes the following 

assumptions.. First, the n independent variables are independent of each other, which imply 

thatt the observations are also independent. Second, the data for each of the k classes are 

drawnn from a multivariate normal population. Third, the covariance matrices for each of 

thee k classes are equal. Finally, a linear relationship exists among all predictor variables 

withinn each group. For geographical data, multivariate normality and equality of covariance 

matricess are usually the most difficult to satisfy (Lowell, 1991). Further, due to spatial 

autocorrelation,, the assumption of independence of observations is usually violated when 

dealingg with spatial data. However. MDA has been described as 'a rather robust technique 

thatt can tolerate some deviations from these assumptions' (Klecka. 1980). Lowell (1991) 

usedd the MDA approach to model ecological succession. In the present study. MDA shall 

bee used to model the spread pattern of different land cover conversions. 

6,33 Materials and Methods 

Predictivee MDA is used to model the relationship between land cover changes and a set 

off  biophysical and socio-economic factors. The change patterns of five land cover types 

i.e.. forests/wetlands, rangelands, subsistence agriculture, irrigation and sisal plantations 

aree studied using five biophysical attributes (rainfall, distance to a river, altitude, slope 

andd soil depth) and three socio-economic factors (population density, distance to a road 

andd distance to a sub-urban centre). These factors were selected on the basis of both the 

resultss of Chapter 5 and common knowledge. However, some of the soil properties 

identifiedd above were not included, although considered as relevant, due to the 

unreliabilityy (coarse spatial resolution) of the available data. 

Sincee the multiple discriminant function is a dependence technique, one variable 

hass to be treated as a criterion or dependent variable and all other variables as the 

predictors.. In this study, the changes in land cover types are the dependent variables 

whilee the set of biophysical and socio-economic factors are the independent variables. 

Thee details of model development and application are described in this section. In section 

6.3.1.. the development of MDA is discussed. Section 6.3.2 describes the data to be used 

andd the database development process. Final MDA model application, i.e. derivation of 
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thee classification functions, reliability assessment and the prediction of land cover classes 

usingg the model, is discussed in section 6.3.3. These steps are summarised by Figure 6.1. 

Landd Cover Tvpes at 
nmet=n n 

(LCT,) ) 

w w 
Landd Cover Changes 

LCT, , 

1 1 

^' ' 
Landd Cover Types at 

timee t = n+l 
(LCT,,) ) 

Biophysical l 
Factors s 

w w 

Multiple e 
Discriminant t 

Analysis s 

Socio-economic c 
Factors s 

Decisionn Rules 

I I 
Currentt Biophysical Factors 

and d 
Futuree Socio-economic Trends 

Predicted d 
Landd Cover I I 

Figuree 6.1 The Multiple Discriminant Analysis (MDA) process 

63.11 The Model 

Thee MDA model is to be used to develop decision rules for the probabilities of transition 

off  land cover classes from one type to another. This is possible in situations where the 

followingg two conditions are fulfilled. First, there must exist a set of observations that are 

knownn a priori  to fall into different groups (criterion variables). Second, there have to be 

setss of measured variables (predictor variables) that are known to influence the 

characteristicss of the criterion variables. The objective of MDA is then to statistically 

distinguishh between the criterion variables (known group members) on the basis of the 
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predictorr variables, the ultimate goal being to assign unknown cases to one of the known 

groups.. This is done by developing a classification equation for each known group i.e. 

criterionn variable, which in this case are the land cover transition groups (LCT,^). In its 

simplestt form, the basic classification equation for the /h group (ƒ = 1.2 k)\s 

C J ^ - ^ Y . + C J Ï Y ;; + . . . -c!PY r (6.2) 

wheree Cj is the classification score for group j , Y, (1 = i,:. .p) are the predictor variables, 

c,,'ss are the classification function coefficients associated with each predictor variable and 

Cjoo is a constant. The values for c/s and CJO are obtained from the MDA. For w known 

groupss a total of n classification equations are developed. Using these equations, which 

constitutee the decision rules, n classification scores are calculated by applying the 

predictorr variables to these equations and a case is assigned to the group for which it has 

thee highest score. 

6.3.22 Data 

Thee aim of this research is to model the relationship between land cover changes and 

selectedd biophysical and socio-economic factors and use this relationship to predict future 

landd cover patterns. The land cover transitions (LCT,_*j), which are generated from a 

cross-classificationn of two land cover images, are considered as the dependent variable 

whilee the set of biophysical and socio-economic variables are the independent variables. 

TheThe Dependent Variable 

Thee major land cover types in the study consist of 6 classes namely; settlements (rain-fed 

subsistencee farms, homesteads and sub-urban centres), irrigation fields, sisal plantations, 

acaciaa dominated vegetation, mixed vegetation and forests/wetlands. These were 

obtainedd from classified Landsat-TM images acquired in 1984 and 1995 as described in 

Chapterr 4. To produce the land cover change image, a cross-classification of the two 

19844 and 1995 images is done resulting in an image depicting land cover transitions 

classes,, the dependent variable. 
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IndependentIndependent Variables 

Thee spatial and temporal land cover patterns are influenced by biophysical and socio-

economicc factors; soils, topography, rainfall, population density, distance to service 

infrastructure.. In Chapter 5 it was described that the most important factors influencing 

landd cover changes in the study area are population, distance to an existing road, distance 

too a market centre, rainfall altitude, slope and distance to a perennial river. It is also 

suspectedd that land conversion to some land use types, such as plantations or irrigation, is 

alsoo influenced by the distance of that land unit from an existing similar land use. Two 

additionall  distance factors are therefore added, i.e. distance from existing sisal plantation 

andd distance from irrigation fields. This data set constitutes the independent variables 

Thee MDA model requires all the predictor variables be metric. Some of the 

identifiedd variables are categorical. These variables can be transformed to metric by 

assigningg continuous values to the classes. For example, the soil depths descriptions were 

convertedd into metric variables as follows; very shallow (0-25 cm), shallow (25-50 cm), 

moderatelymoderately deep (50-75 cm), deep (75-100 cm) and very deep (more than 125 cm), on the 

basiss of FAO (1990). The mean value is then used as a metric variable. Continuous 

variabless for altitude, slope and rainfall are extracted from the surface images described 

inn Chapter 2. Table 6.1 presents the list of predictor variables to be used in the MDA. 

Tablee 6.1 Independent variables 

Dataa Type 
Soil l 
Topography y 

Rainfall l 
Waterr Availability 
Roads s 
Population n 

Landd Use 

Description n 
Rootablee soil depth 
Altitude e 
Percentagee slope 
Averagee annual rainfall 
Distancee from a perennial river 
Distancee from a permanent road 
Populationn density 
Annuall  rate of population growth 
Distancee from an existing plantation 
Distancee from an existing irrigated field 

6.3.33 Model Application 

AA stratified random sample of points is established using the IDRISI sampling command 

withh the cross-tabulation image. The generated sample points are then used to extract data 

fromm the dependent variable (cross-tabulation) image and independent variables 
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(biophysicall  and socio-economic data) images. These values are exported to SPSS for 

discriminantt analysis. The application of the MDA model follows four steps namely: 

variablee evaluation, derivation of classification functions, reliability assessment and 

prediction.. Each of these steps is discussed in the paragraphs that follow. 

VariableVariable Evaluation 

Thee relevance of each of the predictor variables in the model is determined by computing 

thee univariate ANOVA (Analysis Of Variance) for each group mean. Variables are 

consideredd relevant if there are statistically significant differences in their means among 

thee known groups. 

DerivationDerivation of Classification Functions 

Variabless that are found to be relevant are used to develop classification functions for 

determiningg group memberships for the unknown cases, i.e. land cover changes. The 

nonparametricc Fisher's (1936) approach, which makes no assumptions about normality of 

distributionn and equality of covariance matrices (Rencher, 1995), with prior probabilities 

basedd on group sizes, is used to develop the linear discriminant functions. 

ReliabilityReliability Assessment 

Too assess the reliability of the derived functions, it is necessary to determine how 

successfull  they are capable of predicting class memberships. The method of re-

substitutionn (Rencher. 1995) is used, where the error rate is estimated by testing the 

classificationn equations using the same data set that was used to develop them. With this 

method,, all the known cases are submitted to the classification functions and are assigned 

too the groups where they have the highest scores. These assignments are then compared 

too the original groupings and the number of both correct classifications and 

misclassificationss counted, from which the apparent error rate i.e. the proportion of 

misclassificationss is obtained. 
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PredictionsPredictions of Unknown Cases 

Finally,, the developed model is used to determine group memberships for unknown cases 

usingg the classification equations. To predict future land cover types, a set of points is 

extractedd from the present land cover image and the same points are used to extract 

biophysicall  and socio-economic values/trends at these points. The classification 

equationss are then applied to these variables and class memberships assignments made on 

thee basis of highest scores. 

Inn the present study we want to predict the class to which a known land cover type 

(LCT(( ,=]  k) at time t will convert to at time t+n on the basis of its biophysical 

characteristicss and the socio-economic trends. For k land cover classes at time t there is a 

possibilityy of k' transitions at time t+1, thus a maximum of A2 classification equations 

couldd be produced. To test the model, predictions shall be done for the same time period 

(19844 to 1995) using points different from the ones used in developing the classification 

equations.. The predicted group memberships are compared to the observed ones. 

6.44 Results 

Outt of the 36 possible transitions, i.e. 6x6 classes, only 5 (Table 6.2) were used in the 

analysis.. The rest were either insignificant in area or were not functionally meaningful for 

thee purposes of this study. For example, the area and sites occupied by irrigation fields 

havee not changed significantly between 1984 and 1995. On the other hand, conversion 

fromm Acacia dominated vegetation to forests is considered as functionally meaningless in 

thiss study. 

Tablee 6.2 Land cover change classes 

Transitionn Class 
1.. Acacia to Mixed 
2.. Mixed to Acacia 
3.. Forest to Farms 
4.. Mixed to farms 
5.. Acacia to Farms 

19844 Class 
Acacia a 
Mixed d 
Forest t 
Mixed d 
Acacia a 

19955 Class 
Mixed d 
Acacia a 
Farms s 
Farms s 
Farms s 

Tabless 6.3 to 6.6 presents partial MDA output listings for the direct application of MDA 

withh all variables entered at once. The first table (Table 6.3) shows the results of 
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univariatee ANOVAs, which test whether there are significant differences among the 

groupingg variable means (transition classes) for each independent variable. 

Tablee 6.3 Tests of equality of group means 

POP79 9 
POP99 9 
ROAD84 4 
ROAD95 5 
TOWN84 4 
TOWN95 5 
RIVER R 
DSISAL L 
ALTITUD E E 
SLOPE E 
RAINS S 
SOILDEPTH H 

Wilks'' Lambda 
0.967 7 
0.929 9 
0.910 0 
0.929 9 
0.750 0 
0.750 0 
0.925 5 
0.442 2 
0.880 0 
0.760 0 
0.807 7 
0.954 4 

F F 
1.224 4 
2.719 9 

3.526 6 
2.719 9 
11.936 6 
11.915 5 
2.880 0 
45.125 5 
4.878 8 
11.308 8 
8.560 0 
1.710 0 

df1 1 
4 4 
4 4 
4 4 
4 4 
4 4 
4 4 
4 4 
4 4 
4 4 
4 4 
4 4 
4 4 

df2 2 
143 3 
143 3 
143 3 
143 3 
143 3 
143 3 
143 3 
143 3 
143 3 
143 3 
143 3 
143 3 

Sig. . 

0.303 3 
0.032 2 
0.009 9 
0.032 2 
0.000 0 
0.000 0 
0.025 5 
0.000 0 
0.001 1 
0.000 0 
0.000 0 
0.151 1 

Fromm this table it can be seen that the means of all the variables are significantly different 

acrosss the groups (sig. < 0.1 in Table 6.3) except for POP79 and SOILDEPTH. These 

twoo variables were eliminated and the model was run again. Table 6.4 presents the 

classificationn functions for the five land cover transitions produced by the multiple 

discriminantt classification process with the significant variables only. 

Tablee 6.4 Classification function coefficients (direct MDA) 

Variable e 
POP99 9 
ROAD84 4 
ROAD95 5 
TOWN84 4 
TOWN95 5 
RIVER R 
DSISAL L 
ALTITUD E E 
SLOPE E 
RAINS S 
(Constant) ) 

1 1 
-0.28 8 
-3.57 7 
0.09 9 
0.78 8 

14.91 1 
1.28 8 
0.95 5 
0.04 4 

-0.19 9 
0.20 0 

-136.54 4 

7 7 

-0.28 8 
-3.81 1 
-0.08 8 
0.30 0 

15.15 5 
1.30 0 
1.11 1 
0.03 3 
-0.26 6 
0.20 0 

-137.78 8 

3 3 
-0.26 6 
-3.74 4 
-0.38 8 
-0.62 2 
15.78 8 
1.55 5 
1.55 5 
0.05 5 

-0.28 8 
0.17 7 

-142.48 8 

4 4 
-0.28 8 
-3.86 6 
0.28 8 

-0.44 4 
14.66 6 
1.19 9 
0.98 8 
0.04 4 

-0.20 0 
0.19 9 

-136.20 0 

5 5 
-0.28 8 
-3.63 3 
0.17 7 
0.65 5 

13.72 2 
1.46 6 
1.00 0 
0.04 4 

-0.25 5 
0.20 0 

-138.90 0 
'Classs Numbers as in Table 6.2 

Thee linear classifications functions for the change from class i to j (A, ,) for the first 

conversionn type derived from Table 6.4 is written as: 

'Wa-M.^dd = -028(Pop99) - 3.57(Road84) - 0.09(Road95) - 0.78(Town84) - !4.9lfTown95) +
11 28( River) - 0.95(Sisal) + 0.04(Altitude) - 0.19(Slope) - 0.20 (Rains) - 136.54 
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Tablee 6.5 presents the confusion matrix for the misclassification errors estimates for the 

directt MDA with 10 significant predictor variables. 

Tablee 6.5 Classification error estimates 

Predicted d 
Observed d 

1 1 
2 2 
3 3 
4 4 
5 5 

1 1 
66.0 0 
17.5 5 
0.0 0 
9.5 5 

16.7 7 

22 3 
16.0 0 
65.0 0 
7.7 7 

19.0 0 
20.8 8 

0.0 0 
0.0 0 

69.2 2 
0.0 0 
0.0 0 

44 t 
10.0 0 
5.0 0 

23.1 1 
57.1 1 
16.7 7 

8.0 0 
12.5 5 
0.0 0 

14.3 3 
45.8 8 

Total l 
100 0 
100 0 
too o 
100 0 
100 0 

61.5%% of original grouped cases correctly classified. 

Examinationn of the classification error estimates indicates that conversions from 

forestt to farms (Class 3) are the most accurately predicted followed by Class 1 i.e. 

conversionss from Acacia dominated vegetation to mixed vegetation. The worst 

predictionss are for conversions from acacia dominated to farms. Class 5 followed by 

conversionss from mixed vegetation to farms (Class 4). 

Itt can be noticed from Table 6.4 that most of the predictor variables, apart from 

TOWN84,, TOWN95 and DSISAL, essentially have almost equal coefficients across the 

fivee classes, which means they do not contribute significantly in the classification. This is 

confirmedd by running a stepwise discriminant analysis, which produces the classification 

functionss with only three predictor variables (Table 6.6), however this lowers the 

predictionn accuracy by more than 2%. 

Tablee 6,6 Classification function coefficients (stepwise MDA) 

Landd Cover Conversion Class 
Variable e 

TOWN84 4 
TOWK95 5 
DSfSAL L 
(Constant) ) 

1 1 

1.75 5 
1.16 6 
0.04 4 

-6.02 2 

2 2 

1.20 0 
0.98 8 
0.14 4 

-4.63 -4.63 

3 3 

0.81 1 
1.43 3 
0.56 6 

-14.72 2 

4 4 

0.64 4 
0.80 0 
0.04 4 

-3.07 7 

5 5 

1.71 1 
-0.45 5 
0.03 3 

-3.85 5 

Thee prediction results for new cases i.e. based on cases not used in developing the model 

aree presented in Table 6.7. 
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Tablee 6.7 Prediction Results 

1 1 
2 2 
3 3 
4 4 
5 5 
Total l 

I I 

7 7 
0 0 
0 0 
1 1 
7 7 
15 5 

2 2 
0 0 
3 3 
0 0 
3 3 
I I 
7 7 

3 3 
I I 
8 8 
S S 
0 0 
0 0 
14 4 

4 4 
0 0 
0 0 
0 0 

s s 
2 2 
7 7 

5 5 

0 0 
0 0 
0 0 
0 0 
3 3 
3 3 

Total l 
8 8 
11 1 
5 5 
9 9 
13 3 
46 6 

Thee predictions for classes 1 and 3 were very good at 87% and 100% implying 7 out 8 and 5 

outt of 5 predictions were correct respectively. Predictions for class 4 were moderately good 

(55%).. but poor prediction results are reported for class 2 and 5. which had 27% and 23% 

respectively.. Overall, the prediction accuracy, obtained by summing all the diagonal 

elementss (correctly classified cases) and dividing this sum by the total number of 

observationss gives an accuracy value of 50%. 

6.55 Discussion 

Thee objective of the chapter is to develop a model for predicting future land cover classes 

usingg existing biophysical conditions and prevailing socio-economic trends. The results 

fromm the chapter show that a model based on the multiple discriminant analysis is capable 

off  predicting land cover classes with at least 50% accuracy. This rather low accuracy can 

bee explained by any of the following three factors. First, the dependent variable, land 

coverr change, was derived from images with relatively low accuracies (see Chapter 3). 

Similarly,, the reliabilities of the independent variables were also low since most of them 

weree derived from secondary sources. Alternatively, these results could also imply that 

landd cover changes in the study area are random, i.e. they are not controlled by 

independentt variables. Finally, the low prediction accuracy could also suggest that the 

importantt factors that control land cover changes in the study area were not included in 

thee model. However, results from the other chapters and field observations show that land 

coverr changes are not random. The low accuracy can therefore be attributed two a 

combinationn of the first and last factors. 
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Twoo variables. 1979 population density and soil depth were found to be insignificant 

(Tablee 6.3). which was contrary to our expectations. This can possibly be explained by 

thee form in which they were applied. The soil depth classes were reconstructed from 

categoricall  classes using the class means. This averaging effect is likely to produce 

valuess that are similar across the groups. Similarly, population densities in 1979 were 

uniformlyy low on most places except at the sub-urban centres. If none of these centres 

fallss within the points used for the analysis, population density means across the groups 

aree likely to be statistically similar. Indeed studies done elsewhere have shown that 

changee drivers measured at coarse scales poorly predict changes at finer scales (Wear and 

Bolstad,, 1998). 

Thee model presented above incorporated the socio-economic trends indirectly 

usingg a combination of present and future socio-economic conditions. For example, the 

populationn growth patterns are represented by the 1979 and 1999 population densities. 

Thee ideal situation would have been to use the annual growth rate to develop the 

transitionn probabilities and hence the classification equations. However, due to 

differencess in administrative units, determination of the growth rate from the two data 

setss was producing some unacceptable results such as negative and exceptionally high 

growthh rates. Similarly, rates for road and town developments could be used rather than 

thee actual road distances in the two time periods. 

Thee model is developed for predicting future land cover classes. This implies that 

thee model is to be applied outside the time range used to fit it. Some researchers, for 

examplee Lowell (1991), are uneasy with such applications. However, considering that the 

purposee of the predictions is basically to highlight the possible trends for purposes of re-

directingg or managing the arising land cover patterns and their impacts, it is the 

geographicc range rather than the time, which is considered more important in this case. 

6.66 Conclusions 

Thee results show that predictions based on linear discriminant functions are fairly 

reliable.. A prediction accuracy of 50% was attained from a small sample (46 new cases) 

derivedd from an equally low accuracy image (less than 60% accurate). It is likely that 

withh a larger sample and images that were classified with a higher accuracy this method 
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mayy be capable of predicting future land cover patterns accurately provided that the 

overalll  socio-economic trends such as population growth rates, road developments etc 

persist.. This is supported by results obtained by Lowell (1991), who attained good per 

classs (>80%) predictions in modelling ecological successions, which are more complex 

thann human induced land cover changes. 

Thesee results confirm that several factors indeed influence the changes in land 

cover.. The impact of land use, specifically subsistence agricultural settlements, on land 

coverr changes is quite clear from both land cover change analysis (Chapter 4) and field 

observations.. The role of the independent variables in the change patterns although not 

veryy clearly proven by this model have already been established elsewhere (Chapter 5). 

However,, it is appreciated that not all variables likely to be important were included and 

thatt there is, in reality, some element of randomness in land cover changes in the study 

area.. This either arises from socio-cultural factors or the unpredictability of the weather. 
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