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CHAPTERR 5 

DYNAMIC SS OF LAND USE CHANGES: ISOLATIN G IMPORTAN T SOCIO-

ECONOMI CC AND BIOPHYSICA L DRIVERS OF CHANGE 

5.11 Introductio n 

Duringg the last 20 years, i.e. 1980 to 2000, the Lake Baringo area like most parts of the 

country,, has undergone some rapid land cover transformations most of which are associated 

withh human induced activities. The increase in farms and homesteads and the expansion of 

smalll  trading centres along the major roads are noticeable, even to a casual observer. The 

numberr of educational and health centres in the more interior rural areas have also 

increasedd in the recent past (Meyerhoff, 1991). These changes were confirmed by 

comparisonn of classified Landsat-TM images of this area acquired between 1984 and 

1995.. which show an increase in farms and settlements (Chapter 4). These images further 

indicatee that these settlements did not increase uniformly throughout the study area. 

Theree are noticeable spatial and temporal patterns in the distribution of old and new 

settlementt activities. However, the forces that control the pattern of settlements in this 

areaa are not clearly understood. Such an understanding provides a useful entry point for 

plannerss and managers interested in directing land use changes. 

Althoughh several landscape ecological related studies have been carried in the 

Lakee Baringo area. e.g. soil surveys (USDA, 1978; Touber. 1989), vegetation and range 

conditionss mapping (Waltherand Shabaani. 1991; Herlocker. 1994) and land degradation 

assessmentt (Ottichilo et al., 1991; Bryan, 1994), none has specifically investigated land 

coverr change patterns or land use change dynamics in particular. This chapter therefore 

investigatess the dynamics of land use changes in a semi-arid section of Baringo District. 

Moree specifically, this chapter will be devoted to a) the identification of the main 

biophysicall  and socio-economic factors that induce and control the spatial and temporal 

settlementt patterns within a semi-arid section of Baringo district of Kenya, b) the 

assessmentt of the relative importance of these factors and, c) the prediction of the 

probabilitiess of different areas to be converted into settlements on the basis of the 

identifiedd factors. These analyses shall be done using a combination of a geographic 

informationn system (GIS) and multivariate statistics. 
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5.22 Theoretical Background 

Landd use is considered to be among the top three sources of global land cover changes 

togetherr with increasing carbon dioxide concentrations in the atmosphere and the 

alterationn of the global nitrogen cycle (Vitousek et al. 1997). Consequently, there has 

beenn an increase in research on modelling land use changes (Turner et al. 1993; Meyer 

andd Turner, 1994: Veldkamp and Fresco, 1997. Agarwal et al, 2000) in attempt to 

understandd change pattern and process. Broadly, land use change studies can be 

conductedd for one of the following three purposes: a) to identify the drivers of land use 

changes,, b) to determine the spatial and temporal patterns of land use changes, what 

Serneelss and Lambin (2001) refer to as where and rate problems and c) to determine the 

processess through which different drivers of change interact for the purpose of projecting 

futuree land use changes (Pontius et al, 2001; Stéphenne and Lambin. 2001). In most 

casess these three kinds of studies overlap and, in general, their aim is the same, i.e. to 

understandd and manage the land use change process. 

Thiss chapter focuses on landscape change dynamics i.e. the analysis of landscape 

changee patterns and the identification of the forces behind these patterns. This involves 

thee use of models that integrate measurements of landscape changes and the associated 

driverss (Lambin et al, 1999). The concepts of landscape change dynamics in general and 

landd use change dynamics in particular are introduced in this section. Section 5.2.1 begins 

byy discussing characteristics of spatial and temporal land use change patterns. Section 

5.2.22 looks at some of the factors that are known to drive land use changes. Finally, an 

overvieww of land use change modelling is presented in section 5.2.3. 

5.2.11 Land Use Change Pattern 

AA landscape is a spatial arrangement of biotic communities, abiotic components and the 

artificiall  features created by human beings (Naveh and Lieberman, 1984). Landscapes are 

continuouslyy changing as a result of natural and anthropogenic processes (Forman and 

Godron,, 1986; Turner and Dale. 1990; Zonneveld. 1995). Consequently, landscapes 

displayy different patterns whose distribution in space and time range from systematic to 

random.. Rural settlements patterns conform to these general landscape characteristics, i.e. 

theirr distribution in space and time can be either systematic or random. 
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Systematicc rural settlements occur under institutional arrangements such as when the 

governmentt establishes a settlement scheme or de-gazettes a forest to open it up for 

settlementt (scenario one). The settlement patterns in such circumstances are orderly, more or 

lesss similar to planned urban development. On the other extreme, random settlements occur 

whenn young adults move from their family homes to start their own homesteads in 

communallyy owned land (scenario two). Here the decision on where to locate is. to a certain 

extent,, individual and in most cases spatially random. In between these two extremes, in 

privatelyy owned land, new settlements arising from young adults moving out of their family 

homess take place in an orderly manner but nevertheless in random spatial and temporal 

patternss (scenario 3). The dominant forces, and hence the processes, operating in the three 

scenarioss are somewhat different. The present study is concerned with the latter two 

scenarios,, where movement is dominated by demographic and socio-cultural factors. 

5.2.22 Forces that Influence Lands Use Change Patterns 

Landd use patterns are controlled by complex interactions between inherent landscape 

potentialss (biophysical factors) and anthropogenic factors (socio-economic 

developments).. Biophysical factors such as soil, climate, relief and vegetation are 

importantt in explaining human settlement patterns. This is because the selection of land-

unitss for specific uses is usually dictated by the presence of some natural conditions that 

favourr those activities. Geographic and topographic differences and their influence on 

climate,, combined with more localised edaphic and drainage characteristics create a 

complexx pattern of patches and corridors of natural resources with varying potentials. 

Suchh patches and corridors attract different types of human activities. 

Socio-economicc developments, which modify natural landscapes, also influence 

thee pattern of human settlements. The type of socio-economic development and their 

spatiall  and temporal distribution are controlled by political factors, at times making their 

distributionn patterns more complex than those of biophysical characteristics. The main 

socio-economicc factors that influence land use changes include population, economic 

power,, technology and cultural beliefs. Turner et al. (1993) categorise the forces that drive 

landd use changes as forces arising from variables that: (1) affect the demands placed on the 

landd for example population growth and increase in affluence. (2) control the intensity of 
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exploitationn of the land e.g. increased technology or availability of credit, (3) are related to 

accesss or control over land resources i.e. land tenure systems, and (4) create the incentives 

thatt motivate individual decision makers, which include availability of market, development 

off  infrastructure, etc. The effects of these socio-economic drivers on settlement patterns are 

moderatedd by inherent biophysical characteristics. 

Inn general, studies dealing with human settlement patterns concur that at the 

landscapee level temperature, precipitation, relief and soils are the major biophysical 

factorss that influence settlement patterns while population, distance to markets and land 

tenuree are the important socio-economic factors that influence land use patterns at the 

landscapee level {Reenberg and Fog. 1995; McCracken et al. 1999; Semeels and Lambin, 

2001).. Several household level factors including family size, access to credit, level of 

educationn and adoption of technology have also been found to influence land use change 

patternss (Reenberg and Fog. 1995; McCracken et al. 1999). The spatial and temporal 

patternss of land use are products of specific combinations of these natural and cultural 

factors.. In most cases, no single factor can be pointed out as the cause of change i.e. land 

usee changes are usually attributed to several of these factors. Secondly, not all factors need 

too be present for change to occur and neither are alt factors of equal importance. Factor 

combinationss and their relative importance are thus area specific. 

5.2.22 Modelling Land Use Change Patterns 

Untill  recently, most research on land cover change patterns focused on habitat selection 

forr wildlif e (Ormsby and Lunetta. 1987; Pereira and Itami, 1991; Tappan et al, 1991; 

Sperdutoo and Congalton. 1996; Bian and West, 1997). Studies have also been specifically 

conductedd to identify the factors that control the spatial distribution and temporal 

variationss of natural vegetation {Hulst. 1979; Skarpe. 1992). Narumalani and his 

colleaguess used a GIS database and a logistic regression model to predict the distribution 

andd growth patterns of aquatic macrophytes based on the chemical and physical 

characteristicss of water in two water bodies (Narumalani et al. 1997). In the more recent 

past,, the relationships between anthropogenic activities such as deforestation (Dale et al., 

1993;; Lambin 1994; Mertens and Lambin. 1997; McCracken et aL 1999) and 

subsistencee agriculture (Gilruth et al. 1995; Veldkamp and Fresco. 1997; Semeels and 
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Lambin.. 2001; Gobin et ai, 2002) and biophysical and socio-economic factors have also 

beenn analysed using multivariate statistical models. 

Thee studies outlined above suggest that some rational relationship exists between 

landd use changes and biophysical and socio-economic factors. According to some 

locationn theories, for example von Thünen (1966), the selection of a place to locate an 

economicc activity such as an industry or a farm, is based on the presence of some 

comparativee advantages, which lower the cost of production. These advantages arise 

fromm either the presence of some biophysical factors or a combination of biophysical and 

socio-economicc factors. Such advantages include raw materials, energy, water, 

communicationn infrastructure and market. However, within the rural areas land use 

activities,, particularly subsistence farming in the developing countries, are not directly 

andd strictly driven by market forces. Demographic and socio-cultural factors account for 

aa large proportion of land use change patterns (Lambin, 1994). Some studies (Iverson, 

1988)) have shown that land uses patterns are sometimes poorly correlated to ecological 

characteristics.. Land-units are at times inappropriately used from ecological point of view. 

Thee decision on where to locate, the spatial arrangement and operations of human 

activitiess in rural set-ups within arid and semi-arid environments are very complex. 

Individualss make decisions on where to settle and what to do guided by some rational 

behaviour.. However, such decisions are rarely coincident in time and are motivated by 

differentt circumstances and levels of information. These decisions are also influenced by 

exogenouss factors such as institutional policies (e.g. decentralisation), market forces and 

thee physical environment. The mechanisms controlling rural settlement patterns in such 

circumstances,, of which the study area is an example, are therefore more probabilistic than 

deterministic.. Further, in this study area, human settlements seem to occur in patterns that 

cannott be directly linked to most of the biophysical factors known to attract settlements. In 

suchh circumstances, what exactly controls settlement patterns? 

Thiss chapter deals with the probabilistic relationship between settlement patterns 

andd selected biophysical and socio-economic factors known to affect human activities. The 

multiplee regression model (MRM), which explores the relationship between a set of 

predictorr variables and a specific dependent variable, can be used to study the 

relationshipp between settlement patterns (dependent) and sets of biophysical and socio-
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economicc characteristics (independent). However. MRM requires that the dependent and 

independentt variables are metric. It cannot therefore be used for modelling the nominal 

landd use classes. Since the dependent variables to be investigated in this case are binary, 

havingg a value of 1 for settlement and 0 for non-settlement, the logistic regression model 

(LRM)) is considered to be a suitable alternative. The LRM has been found to be 

appropriatee in situations where some of the independent variables are qualitative and non-

multivariatee normal (Press and Wilson, 1978). Further, with a limited interpretation range 

off  validity due to the restriction that the probability (px) of an area being a settlement lies 

withinn the range 0< p*  < 1, the logistic regression is the only model which ensures that 

thiss condition is satisfied. Binary LRM has been used to study ecological systems (Pereira 

andd Itami. 1991; Narumalani eta!., 1997) and land use change patterns (Gobin et al, 2001; 

Schneiderr and Pontius. 2001; Semeels and Lambin 2001; Gobin etai. 2002). 

5.33 Materials and Methods 

Threee sets of data are used in this chapter to study the relationship between land use change 

patternss and biophysical and socio-economic factors. The first data set comprises land cover 

mapss derived from classified Landsat-TM images. The details of the classification process 

aree described in Chapter 4. The second set consists of maps showing the distribution of 

biophysicall  factors likely to influence land cover characteristics. The last data set is also a 

seriess of maps showing selected socio-economic variables likely to influence land use 

changee patterns and trends, derived from various government publications. The second and 

thirdd data sets are obtained by automating existing maps as described in Chapter 2. 

Thee multivariate statistical method of logistic regression is used to isolate the 

importantt factors controlling the spatial and temporal distribution patterns of land use and to 

predictt future land use patterns. Figure 5.1 presents a simplified flow diagram of the 

analysiss process to be followed. The steps summarised in this figure are described in the 

paragraphss that follow. 
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Identificationn of Potentially 
Relevantt Factors 

Modell  Development 
thethe model 
databasedatabase development 

Modell  Application 
variablevariable evaluation (univariate) 

Spatiall  Model \ 
-multivariate-multivariate application I 

modelmodel interpretation J 

ff Temporal Model 
II  -multivariate application 
\\ - model interpretation 

Predictionn of Future 
Scenarios s 

Figuree 5.1 Logistic regression analysis process 

53.11 Identification of Relevant Factors 

Distributionn and spread patterns of human settlements are influenced by a practically 

infinitee number of variables. The number and type of variables included in a modelling 

processs is therefore determined by data availability and their ease of incorporation in a 

GISS database. Several landscape and household level factors were found to be relevant in 

influencingg both spatial and temporal land-use change dynamics (see section 5.2). No 

householdd level data was available for this study. Consequently, the study limits itself to 

landscapee level factors described below. 

NaturalNatural Vegetation 

Thee natural vegetation of an area as an indicator of landscape factors such as climate and 

soill  characteristics can attract or repel human settlements activities in general and 

agriculturee in particular. Herlocker (1994) classified natural vegetation in the study area 

intoo fourteen classes by (Table 2.5). These classes pertain to degradational phases of the 
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naturall  vegetation as a consequence of human activities. Their original characteristics 

cannott be established from available data. It is therefore not possible to determine the 

causall  relations between the occurrence of settlements and the various vegetation types. 

Moree opportunities are offered by using the potential vegetation since this is linked to a 

numberr of variables not directly affected by land use activities. For analysis purposes, the 

fourteenn vegetation classes were combined into three major categories i.e. a) evergreen 

woodlandss and forests/wetlands, b) mixed vegetation and, c) acacia dominated 

vegetation.. A vegetation map consisting of these classes was created. 

SoilSoil Properties 

Althoughh almost all properties of a soil effect its suitability for agriculture, some of them 

aree either too localized or vary little within the entire study area, rendering their impacts 

onn the selection of settlements difficult to measure or insignificant. On the other hand, 

somee soil properties such as chemical characteristics are not obvious to potential settlers 

andd hence may not have a direct influence on settlement patterns. From the soil 

classificationn map and the accompanying legend only three variables were considered as 

potentiallyy relevant in the selection of agricultural settlements in the study area. These 

variabless and the relevant classes are shown in Table 5.1 below. Four maps showing the 

spatiall  distribution of these variables were created. 

PROPERTY Y 
Fertility y 

Depth h 

Rockiness s 

1 1 
High h 

Very y 
Deep>150 0 

cm m 

None e 

Tabl l 

-> -> 
Moderate e 
100 High 

Deep p 
100-150 0 

cm m 
Stratified d 

ee 5.1 Soil variables classification 

CATEGORIES* * 
3 3 

Moderate e 

Deepp to 
Shallow w 

50-1000 cm 

Locally y 

44 5 
Moderatee Low 
too Low 

Very y 
Shalloww Shallow 
30-500 cm 0-30 cm 

Fairlyy Extremely 
tiravellvv Gravelly 

6 6 

Extremee l\ 
Stonv v 

7 7 

Extremely y 
Rocky y 

8 8 

Rock k 
Outcrops s 

Classificationn based on FAO (1990) 

TopographyTopography and Landform 

Altitude,, slope and aspect are three topographic factors that have been found to be 

potentiallyy relevant in influencing settlement and cultivation patterns. However, being 

nearr the equator, the aspect factor is considered insignificant. It was therefore excluded in 
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thiss study. Elevation and slope images were extracted from the digital elevation model 

(DEM)) created in section 2.3.1 and displayed using the classes shown in Table 5.2. 

Tablee 5.2 Classification of topographic features 

Altitudee (m) 
I.. Lowlands (Below 1000) 
2.. 1000-1200 
3.. 1200-1500 
4.. 1500-1800 
5.. Above 1800 

Slopee (%)* 
l.Flatt (0-0.5) 
2.. Almost Flat (0.5-2.0) 
3.. Gently Undulating (2.0-5.0) 
4.. Undulating (5.0- 10.0) 
5.. Rolling (10.0-15.0) 
6.. Hill y (15.0-30.0) 
7.. Steep (> 30.0) 

FAOO (1990) Classification 

Theree is a wide variation in landforms within the study area. Landforms were found to be 

aa significant factor in the selection of agricultural settlement in some parts of Nigeria 

(Gobinn et ai, 2002). A landform map consisting of eight categories namely uplands, 

mountains,, hills, bottomlands, plateaus, piedmont plains, plains and alluvial plains was 

createdd from the classes used by Touber {1989). 

Rainfall Rainfall 

Moisturee availability is a very important factor in agriculture. The amounts, distribution 

andd reliability of rainfall are thus considered to be important in locating settlements. The 

averagee annual rainfall, which is a good estimate for available moisture, can be used to 

estimatee moisture availability from rainfall. A continuous surface map showing average 

annuall  rainfall was created from a combination of isohyets digitised from Griffiths (1995) 

ass described in Chapter 2. 

DistanceDistance to a Water Body 

Ass stated above, water availability is an important factor in the location of settlements 

andd cultivation. Rivers and fresh water lakes provide water for domestic uses and 

irrigationn purposes. Closeness to freshwater sources is thus potentially important in 

locatingg settlements. The waters from the two large water bodies in the area i.e. L. 

Baringoo and L. Bogoria, are not suitable for irrigation and human consumption 

(Herlockerr et ai, 1994). However, water from Lake Baringo is used for domestic 

purposess and animal watering (Groot et ai. 1992). This lake is also important socio-
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economicallyy as a source of fish. Distances to Lake Baringo and to perennial rivers are 

thuss considered important to be factors in the distribution pattern of settlements. 

Continuouss surface images showing increasing distances from these features were created 

usingg GIS distance algorithm. 

DistanceDistance to Permanent Road 

Accesss to services and markets can influence the choice of where to settle or cultivate. 

Differentt road types, as determined by their usability (all weather or seasonal), offer 

differentt levels of access to service and market centres. Distance from different road 

classess is therefore likely to influence the selection of settlements. Three road maps, 

representingg tarred, gravel and earth roads, were created for each of the three years 

studied.. The distance algorithm was then used to create continuous surface images 

representingg the Euclidean distances for all points from these roads. 

DistanceDistance to a Sub-urban Centre 

Sub-urbann centres provide services and markets for goods produced on the farms. Access 

too such centres is therefore likely to affect the distribution of settlements. The more 

accesss to a sub-urban centre an area has. the more suitable it is for settlement. Access to 

suchh centres is a function of distance to the nearest centre and the nature of the 

connectingg road. Continuous surface images showing the distances for each image point 

too the nearest sub-urban centre were created. The relative ease of movement over the area 

ass determined by the presence or absence of a road and the type of road surface, was 

incorporatedd in these distance images using a friction factor with 1DRISI 

COSTDISTANCEE command. Tarred roads were given the lowest friction (1). followed 

byy gravel roads (3) and earth roads (5), implying that it is five times harder to use the 

earthh road as compared to a tarmac road in order to reach the nearest centre. All other 

pixelss in the images were given a friction value of 10. These friction factors based on 

transportablee load, compare well with those used by Mertens and Lambin (2000), which 

aree based on average speeds. 
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Population Population 

Demographicc factors have significant effects on settlement patterns. Areas with a high 

population,, particularly of young adults, are likely to experience rapid increase of 

settlements.. Population density is one of the readily available indicators of demographic 

characteristicss of an area. Maps showing population densities at the smallest 

administrativee unit. i.e. the sub-location for 1979. 1989 and 1999 were created from the 

populationn data. Population projections for year 2009 were obtained using the 

exponentiall  growth model (Equation 5.1) using the 1999 data. 

P<™™ = Pioe"1 (5.1) 

wheree P is population, t the initial time, n is the number of years being projected, r is the 

populationn growth rate and e is the exponential function. 

5.3.22 Model Development 

Thee logistic regression model (LRM) predicts the probability of an occurrence of an 

eventt using the presence or absence of such an event as a dichotomous dependent 

variable.. In using LRM, it is therefore only important to know whether an event has 

occurred/existss or not. This dichotomous variable is then used to predict the probability 

off  the event occurring/existing within a set of predictor variables. If the predicted 

probabilityy is greater than a given threshold, e.g. 0.5. the prediction is yes, otherwise no. 

TheThe Model 

Mathematically,, the logistic regression model states that, given that the occurrence or 

existencee of an event depends on a set of variables xi.x?, .. . x,,, then the probability (px) 

off  that event occurring or existing is 

px == p<d= 1 |x) =eB(xt<'(] + eg('0) (5.2) 

wheree g(x) = a*3,X, + p: X : - + P„  Xn 

Inn this conditional probability, the variable d denotes either the presence <d = I) or 

absencee (d = 0) of an event. The a and the P's. referred to as partial regression 

coefficients,, are parameters that represent the effects of the x's on the probability of the 
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eventt occurring/existing, which in essence can be interpreted as the relative importance's 

off  the various predictor variables. 

DatabaseDatabase Development 

Thee logistic regression analysis is a dependence technique, i.e. one variable is considered 

ass a criterion (dependent) variable and all other variables as predictors (independent) 

variables.. The dependent variable is categorical (dichotomous) but the predictor variables 

cann take both metric and non-metric values. The dependent and independent variables 

usedd for this study are discussed below. 

a)a) Dependent Variable 

Thee presence of or conversion of a land unit to subsistence rain-fed agriculture and related 

settlementss is the dependent variable. The 1984 and 1995 land cover images produced in 

Chapterr 4 were converted into dichotomous images showing cultivated (1) and non-

cultivatedd (0) in order to use them for studying the dynamics of the spatial distribution of 

subsistencee agriculture settlements. To study temporal dynamics a change image was 

createdd by subtracting the 1984 image from the 1995 binary image. The 0's in the resultant 

imagee represented areas of no change, the +l's areas converted to settlements and -Vs 

abandonedd settlements. Since the interest is to find the characteristics of converted areas 

thee abandoned areas were recoded to 0 to create a binary image. 

Ideally,, these binary images should be used as the independent variables. 

However,, the predictive model is weakened by the fact that uncultivated fields 

(natural/semi-natural)) surround the farms. Two new variables, farm density and change 

densityy serve to minimise this effect. These variables are calculated from the binary 

imagess showing spatial distribution of farms and change to farms as the average number 

off  pixels classified as farms or change to farms within a 7 by 7 pixel window. A value of 

att least 7 out of 49 pixels being farms or changed to farms is used as threshold for 

designatingg an area as settlement/non-settlement or changed-to-farm/not changed. 

h)h) Independent Variables 

Inn this study, both metric and non-metric (categorical) predictor variables are used. 
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Vegetationn and soil data sets have categorical values, while population density, rainfall, 

altitude,, slope and the distance related variables are metric. To use LRM each categorical 

independentt variable is recoded into n-\ dummy variables, where n is the number of 

classess in that variable, by arbitrarily omitting one category, usually the first or the last. 

Eachh of these new variables is a binary (0/1) dummy variable, whereby an observation is 

assignedd a 0 value if it does not belong to that category and a value of I if it is in this 

category.. The variables rainfall, altitude and slope are converted to categorical data 

throughh using dummy variables. The list of variables tested is shown in Table 5.3. 

Tablee 5.3 Regression variables list 

Variabl e e 
Dependent Dependent 

I.. Settlements 1995 
2.. Converted 84-95 

Independent Independent 
l.Popdenn 79,89.99 
2.. Droad84,89,99 
3.Dtown84.89.95 5 
4.. Directdistown 
5.. Driver 
6.. Dlbaringo 
7.. Population density 
S.Populationn density 
classes s 

9.. Rainfall 

10.. Altitude 

12.. Slope 

13.. Landform 

14,, Vegetation 

15.. Soil Depth 

16.. Soil Fertility 

17.. Surface Stoniness 

Class s 

Binary y 
Binary y 

Continuous s 
Continuous s 
Continuous s 
Continuous s 
Continuous s 
Continuous s 
Continuous s 
Sparselyy Populated 
Moderatelyy Populated 
Denselyy Populated 
Loww Rainfall 
Highh Rainfall 
Loww Altitude 
Midd Altitude 
Highh Altitude 
Steepp Slopes 
Gentlyy Sloping to Hill y 
Flat t 
Uplands s 
Plateau u 
Plains s 
Acaciaa Dominated 
Mixedd Vegetation 
Evergreenn Woodlands 
Shallow w 
Moderate e 
Deep p 
Low w 
Moderate e 
High h 
None e 
Moderatelyy Stony 
Extremelyy Stony 

Description n 

Farmss and settlement areas in 1995 
Areass converted to farms 1984-95 

Populationn density in 1979. 1989 and 1999 
Distancee to roads in 1984,89.95 in km 
Distancee to nearest town in km along a road 
Euclideann distance to a sub-urban centre in km 
Euclideann distance from perennial river in km 
Euclideann distance from Lake Baringo in km 
Populationn density in 1979. 1989 and 1999 
Beloww 50 people per km* 
Betweenn 50-100 people per km" 
Abovee 100 people per km" 
<< 1000 mm 
>> 1000 mm 
<< 1200 m 
1200-- 1600 m 
>> 1600 m 
>> 15.0% ~1 
2.0-- 15.0% reclassified from FAO. 1990 
<< 2.0% J 

Re-classificationn from Touber(1989) 

Acaciaa dominated vegetation in the plains 
Mixedd vegetation i.e. acacia and non-acacia 
Evergreenn Woodland, Forests and Wetlands 
0-255 cm -| 
255 - 80 cm Y Re-classification from Touber (1989) 
>> 80 cm J 

Re-classificationn from Touber (1989) 

Re-classificationn from Touber (1989) 
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5.3.44 Model Application 

AA random sample of 100 settlement areas and 200 non-settlement areas is picked from 

thee binary images representing farm density and change density. This set of points is also 

usedd to extract values from the independent variable images. For the spatial dynamics a 

singlee year set of socio-economic variables is used for each model while data for two 

yearss are used together for the temporal dynamics model. The application of the LRM 

thenn follows the three distinct steps of univariate variable evaluation, multivariate 

logisticc regression and model interpretation discussed below. 

UnivariateUnivariate Variable Evaluation 

Beforee applying the variables to the predictive model it is important to evaluate them 

individuallyy against the model assumptions such as normality, equality of variance and 

multi-collinearityy (Tabachnick and Fidel. 1983) and assess the role of each in the 

predictionn using univariate statistical tests. However, since the logistic regression model 

iss not very sensitive to the assumptions of multivariate normality and equality of variance 

(Hairr et ai. 1992), it is only necessary to carry out univariate statistical significance tests. 

Severall  methods for evaluating the statistical significance of independent 

variabless contribution to the explanation of a dependent variable exist. The likelihood 

ratioo test, which compares the value of the predicted variable computed with and without 

aa specific dependent variable, has been found to be the most reliable (Menard, 1995). The 

Waldd statistic, computed as the square of the ratio of the partial regression coefficient (p) 

too its standard error <[p/S.E()]
2). is a computationally less demanding equivalent to the 

likelihoodd ratio test. The Wald statistic tests the probability of finding a strong 

relationshipp between the dependent and predictor variable in a similar sample size even if 

theree is no relationship. 

Inn this study, variables are evaluated by running a univariate logistic regression 

forr each variable and analysing the Wald statistic. In general, any variable with a 

significancee value < 0.25 for the Wald statistic should be included in the model (Hosmer 

andd Lemeshow. 2000). However, variables with higher significance values but which are 

knownn or intuitively thought to be relevant, should also be included (Hosmer and 

Lemeshow.. 2000). since such variables will definitely affect the model. 
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MultivariateMultivariate Mode! Application 

Too discover the overall contribution of each variable while taking into account the 

interactingg and confounding effects of all other variables, the variables that are found to 

bee significant are simultaneously applied to the model. An iterative process of removal 

andd addition of variables may be necessary before the final model is fitted. 

ModelModel Interpretation 

Modell  interpretation entails the extraction of meaningful inferences from the fitted 

model,, i.e. what does the model mean with respect to the research question? In most 

casess this involves the interpretation of the estimated coefficients for the independent 

variables,, which represent the slope or rate of change of a function of the dependent 

variablee per unit change in the independent variable. In the LRM the predicted 

probabilitiess are not linearly related to the independent variables. The logistic transform 

iss used to convert these probabilities into values that are linearly related to the 

independentt variables <x,"s) by calculating a new quantity z known as the odds or log-

oddss by taking the logarithm of the ratio of the probability of event occurring (px) to the 

probabilityy of the event not occurring (I -px) (Hosmer and Lemeshow, 2000) i.e. 

rr = logit(p) = )n[p/(l-p)]= a+p,X, + p2 X : + + pn Xn (53, 

Thee coefficients p,'s represents the change in the odds for a unit change in the 

independentt variable x,. i.e. if the independent variable x increases by one unit the odds 

off  the event occurring will change by p. Another quantity that can be used to interpret the 

resultss is the odds ratio (<p), defined as the ratio of the odds for x = 1 to the odds for x = 0. 

Thee odds ratio denotes the change in odds for an increase in one unit in the independent 

variablee and is computed as; 

(pp = e0 (5.4) 

AA (p > 1 indicates that the odds for the event occurring increase when the independent 

variablee increase while a ip < 1 means the odds for the event occurring decrease when the 

independentt variable increases (Menard. 1995). For continuous variables where one unit 

increasee in variable x may not have significant effect a more meaningful odds ratio can 
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bee obtained by incorporating the desired unit of change in the logit difference (Hosmer 

andd Lemeshow. 2000). For example if the desired unit is c (e.g. c = 10 years) then. 

yy = e* (5-5) 

Forr a dichotomous independent variable <p is interpreted as the number of times more 

likelyy for the event to occur where this variable is present as compared to the situation 

wheree that particular variable is absent. For polychotomous independent variables. <p 

representss the number of times more likely for the event to occur when a particular 

categoryy is present compared to the indicator category. Thus the LRM can be interpreted 

usingg the probability (p*), the regression coefficients (pi's) or the odds ratios (<p,'s), all 

whichh express the same thing in different ways. 

5.3.55 Prediction of Future Scenarios 

Thee final analytical process involves predicting and directing future settlement patterns 

byy systematically introducing factors that attract or repel human settlements. Since 

biophysicall  factors are more or less unchangeable, only socio-economic factors are 

manipulated.. Three future land use scenarios, i.e. probabilities of different land units to 

bee converted to settlements, shall be produced using the coefficients from the temporal 

dynamicss model by applyingg Equation 5.2. 

Thee first scenario, referred to as "no growth", uses a future population based on 

presentt population growth rates and un-improved infrastructure i.e. no additional 

infrastructuree development {roads, sub-urban centres etc.) to predict probabilities of 

settlementss after 10 years. The second scenario, "un-planned growth" uses a future 

populationn obtained using a growth rate of one and quarter times the present and no 

infrastructuree development to produce a settlement probability pattern. The final scenario, 

namedd "'planned growth" use the same population growth rate as the "unplanned growth" 

withh a planned infrastructure development. With the planned growth sub-urban centres, 

roads,, man-made rivers (water pipes) and other infrastructure are developed in areas 

consideredd suitable for settlements and a settlement probability map is produced on this 

basis.. The three scenarios are compared. 
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5.44 Results 

Thee results are presented in three parts. The first part shows the results of single variable 

evaluation.. This is followed by results for multivariate models for the spatial and 

temporall  dynamics and their interpretations. The third part consists of a set of probability 

mapss representing the predicted future land use scenarios. 

5.4.11 Spatial Dynamics 

VariableVariable Evaluation 

Tablee 5.4 presents the results of univariate variable analysis for the variables considered 

significant,, i.e. variables that have some relationship with the distribution patterns of 

settlementss in the study area. 

Tablee 5.4 Single variable evaluation model results 

Variable e 

1.. Distance from a road 
2.. Distance from a town 
3.. Distance from a river 
4,, Population density classes 

Sparselyy populated 
Moderatelyy populated 

5.. Attitude classes 
Loww altitude 
Midd altitude 

6.. Low rainfall (<10OOmm) 
7,, Vegetation Classes 

Acaciaa dominated 
Mixedd vegetation 

8.. Land forms 
Plains s 
Plateaus s 

9.. Soil depth classes 
Shallow w 
Moderate e 

10.. Soil stoniness 
None e 
Moderatelyy stony 

12.. Soil fertility 
Low w 
Moderate e 

3 3 
-0.1867 7 
-0.3293 3 
-0.1283 3 

-0.5432 2 
0.5522 2 

-2.6002 2 
-1.0482 2 
-1.9313 3 

-1.7272 2 
-0.0508 8 

-1.7718 8 
-0.57 7 

0.1752 2 
1.4704 4 

0.0815 5 
-0.4135 5 

1.7927 7 
0.9899 9 

S.E. . 

0.1107 7 
0.128 8 

0.0441 1 

0.5907 7 
0.6163 3 

0.449 9 
0.391 1 
0.315 5 

0.4589 9 
0.3479 9 

0.3937 7 
0.2751 1 

0.3805 5 
0.2928 8 

0.3135 5 
0.2866 6 

0.4009 9 
0.3701 1 

Wald d 
2.8421 1 
6.6187 7 
8.463 3 

15.358 8 
0.8456 6 
0.8028 8 

37.7679 9 
33.5427 7 
7.1862 2 

37.5965 5 
21.4945 5 
14.1687 7 
0.0213 3 

20.4584 4 
20.2525 5 

4.291 1 
29.764 4 
0.212 2 

25.2105 5 
3.113 3 

0.0676 6 
2.081 1 

20.6532 2 
19.9988 8 
7.1539 9 

Df f 

1 1 
I I 
1 1 
2 2 
1 1 
1 1 
2 2 
I I 
1 1 
1 1 
2 2 
1 1 
1 1 
2 2 
1 1 
1 1 
2 2 
t t 
1 1 
2 2 
1 1 
1 1 
2 2 
I I 
1 1 

Sig g 
0.0918 8 
0.0101 1 
0.0036 6 
0.0005 5 
0.3578 8 
0.3703 3 

0 0 
0 0 

0.0073 3 
0 0 
0 0 

0.0002 2 
0.884 4 

0 0 
0 0 

0.0383 3 
0 0 

0.6452 2 
0 0 

0.2109 9 
0.7949 9 
0.1491 1 

0 0 
0 0 

0.0075 5 

R R 

-0.047 7 
-0.11 1 

-0.1301 1 
0.33 725 

0 0 
0 0 

0.2974 4 
-0.2874 4 
-0.1165 5 
-0.3053 3 

0.214 4 
-0.1785 5 

0 0 
0.2076 6 

-0.2186 6 
-0.0775 5 
0.2597 7 

0 0 
0.2465 5 

0 0 
0 0 

-0.0146 6 
0.2088 8 
0.2171 1 
0.1162 2 

<P P 
0.8297 7 
0.7194 4 
0.8796 6 

0.5809 9 
1.7371 1 

0.0743 3 
0.3506 6 
0.145 5 

0.1778 8 
0.9505 5 

0.17 7 
0.5655 5 

1.1915 5 
4.3508 8 

1.0849 9 
0.6614 4 

6.0056 6 
2.6911 1 
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Thee distance from earth roads had the highest explanatory power (largest p) compared to 

thee two other road distances. Similarly, the friction distance from a town seems to explain 

thee presence of settlements more than the Euclidean distance. The distance from Lake 

Baringoo had low explanatory power (very low P) and suggested negative relationship i.e. 

thee likelihood of finding settlements increased with distance from the lake. Population 

density,, expressed as a continuous variable, seems to have little role in explaining the 

presencee of settlements although its effect is considered significant. When population 

densityy is expressed as a categorical variable, the Wald statistic for this variable as a 

wholee is significant (sig. = 0.0005) but those for individual population classes appear to 

bee insignificant. Distances from gravel and tarred roads, direct from the lake as well as 

thee continuous variable population density were excluded from the model. A total of 11 

variabless (Table 5.4) were accepted as relevant in determining the spatial distribution 

patternss of settlements in the study area. 

MultivariableMultivariable Model 

Onn applying the 11 selected variables together some produced either unexpected or 

spuriouss results. Such variables were eliminated from the final selection. Table 5.5 

presentss a partial output from SPSS for the model with the final selection of variables for 

thee spatial distribution of farms and settlements. 

Thesee results show that the likelihood of finding settlements decreases as the 

distancee from a road increases and that for every additional kilometre, it is 1.13 less 

likelyy to find a settlement. Altitude seems to be having a strong influence on the location 

off  settlements. The odds of finding settlements at low altitude are 0.18 when compared to 

thee reference category, the high altitude areas. Rainfall appears also to have a strong 

influencee on settlements. It is 3.2 times more likely to find settlements in areas with more 

thann 1000mm of average annual rainfall than those with less. 
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Tabicc 5.5 Complete multivariate model for spatial dynamics 

Variable e 

1.. Distance from a 
2.. Altitude classes 

Loww altitude 
Midd altitude 

3.. Slope classes 
Steep p 
Gentlee to hilly 

road d 

4.. Low rainfall (<1000mm) 
Constant t 

P P 
-0.1208 8 

-1.7228 8 
-0.3176 6 

-0.8209 9 
-0.384 4 

-1.1661 1 
1.3606 6 

S.E. . 
0.1262 2 

0.5692 2 
0.4738 8 

0.4918 8 
0.2978 8 
0.3979 9 
0.4347 7 

WaJd d 
0.9169 9 

17.3067 7 
9.1607 7 
0.4494 4 
3.349 9 

2.7863 3 
1.663 3 
8.589 9 

9.7956 6 

Df f 

1 1 
2 2 

1 1 
1 1 
2 2 
I I 
1 1 
1 1 
1 1 

Sig g 
0.3383 3 
0.0002 2 
0.0025 5 
0.5026 6 
0.1874 4 
0.0951 1 
0.1972 2 
0.0034 4 
0.0017 7 

R R 

0 0 
0.1867 7 

-0.1369 9 
0 0 
0 0 

-0.0454 4 
0 0 

-0.1313 3 

<P P 
0.8862 2 

0.1786 6 
0.7279 9 

0.44 4 
0.6811 1 
0.3116 6 

5.4.22 Temporal Pattern Dynamics 

VariableVariable Evaluation 

Forr most variables, the results for univariate analysts for the change model are similar to 

thosee of the spatial distribution (Table 5.4). The results for population density expressed 

ass a continuous variable suggest that areas with high population density are less likely to 

bee converted into settlements. The categorical variable equivalent gives results consistent 

withh this i.e. sparsely populated areas have higher odds of being converted to settlements 

thann the reference category (densely populated). This variable was thus excluded from 

furtherr analysis and the 10 remaining variables used in the spatial analysis were adopted. 

MultivariableMultivariable Application 

Tablee 5.6 presents the results from the complete multivariate model for land use change 

patternss between 1984 and 1995. Non-significant variables and those producing spurious 

resultss are excluded from the model. The multivariate model application results indicate 

thatt the socio-economic conditions at the end of the change period are more important in 

predictingg settlement patterns than those at the beginning e.g. the distances from roads 

andd towns in 1995 have higher p values than in 1984. Two distance variables were added, 

thesee are distance to a road in 1984 and distance from a town in 1984. 

133 3 



Tablee 5.6 Complete multivariate model for temporal dynamics of farms 

Variable e 
Distancee from a 
Distancee from a 
Distancee from a 
Distancee from a 

Altitudee classes 
Loww altitude 
Midd altitude 
Slopee classes 
Steep p 
Gentlee to hitlv 

roadd (1984) 
roadd (1995) 
townn (1984) 
townn (1995) 

Rainfalll  (< 1000mm) 
Constant t 

P P 
-0.0002 2 
-0.1746 6 
-0.111 OS 
-0.1216 6 

-2.1953 3 
0.1113 3 

-1.0224 4 
-1.0085 5 
-0.2561 1 
1.4855 5 

S.E. . 
0.1438 8 
0.1679 9 
0.1394 4 
0.2279 9 

0.6135 5 
0.4862 2 

0.5206 6 
0.3037 7 
0.4597 7 
0.503 3 

Waldd Df 

0 0 
1.082 2 

0.6321 1 
0.285 5 

Sigg R 
0.99888 0 
0.29833 0 
0.42666 0 
0.59344 0 

32.81533 2 0 0.2747 
12.8024 4 
0.0524 4 

0.00033 -0.1682 
0.81899 0 

11.86555 2 0.0027 0.1435 
3.8565 5 

11.0301 1 
0.3103 3 
8.7212 2 

0.04%% -0.0697 
0.00099 -0.1538 
0.57755 0 

0.0031 1 

9 9 
0.9998 8 
0.8398 8 
0.8951 1 
0.8855 5 

0.1113 3 
1.1178 8 

0.3597 7 
0.3648 8 
0.7741 1 

5.44 J Predicted Future Scenarios 

Owingg to the inconsistent behaviour of population density in the prediction of spread of 

settlements,, it was not used in the prediction model. It was therefore only possible to 

producee two scenarios i.e. one without development of roads (unplanned growth) and one 

withh additional roads developed in areas desirable for settlement (planned growth). 

Figuree 5.2a&b presents the predicted probabilities under the two scenarios. The 

plannedd growth image avoids undesired places while the unplanned model tends to 

followw the old patterns of settlement. 
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5.5.. Discussion 

Thiss chapter had two main objectives i.e. I) to identify the main factors that affect the 

spatiall  and temporal land use patterns and compare their relative significance and 2) to 

predictt future land use patterns under different conditions 

5.5.11 Spatial Patterns 

Thee results indicate that several biophysical and socio-economic variables control the 

spatiall  distribution of farms and thus the settlement process. Although all socio-economic 

factorss tested seemed to have a significant relation that was consistent with the 

expectationss when analysed alone, some had very weak relationships. These weaknesses 

weree demonstrated by their low odds ratios, which became more apparent when running 

thee multivariate model. For example, the role of population density in both spatial and 

temporall  distribution of settlements became negative, which is inconsistent with our 

expectationss and other studies such as that by Veldkamp and Fresco (1997). This 

inconsistencee can be possible explained by either or both of the following facts. 

First,, population and settlements is basically one and the same thing and it is thus 

likelyy that they are perfectly correlated. Second, population densities values are spread 

overr large administrative units, which in most cases have parts of low and high-density 

areas.. Consequently, the problem of inappropriate spatial resolution (Walsh et ai, 1999; 

Kok,, ei ai. 2001) may be the cause of this apparent instability. In similar studies, e.g. 

Serneelss and Lambin (2001). population density was not included as a factor in the 

distributionn of subsistence agricultural settlements. Although there closeness to a 

suburbann centre appeared significant when evaluated as a single factor, its relative 

importancee was small (low (3) (Table 5.4). It was found insignificant in the multiple 

variablee model. It has been observed that cash crops, which are usually grown for urban 

consumption,, exhibit stronger spatial relationships with urban centres and related 

infrastructuree than subsistence crops (Veldkamp and Fresco, 1997). 

Inn general, for the biophysical factors it was expected that the physical (as 

opposedd to chemical or biological) factors will be more important in controlling spatial 

patterns.. For example, as the soils in the area are generally fertile it was expected that soil 

depthh and soil surface conditions would significantly influence the selection of 
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settlements.. Although most of the area is well below the tree line, altitude seems to 

stronglyy influence settlement patterns. This is evidently a result of its effect on rainfall 

ratherr than temperature. The influence of slope appears not to be very significant, a fact 

consistentt with ground observations, which show that settlements and. cultivation in 

particular,, is rampant on very steep slopes. 

Distancess from Lake Baringo and perennial rivers were found to be insignificant 

inn the distribution of settlements in the study area. This result contradicts reality, where 

manyy farms are found along the river valleys and the dense population on the western 

shoress of Lake Baringo. This can possibly be explained by the poor classification results 

wherebyy most farms along the river valleys were misclassified as sparse vegetation or 

baree surfaces together with the sandy bare riverbeds. The sub-urban settlements near 

Lakee Baringo were similarly misclassified as sparse vegetation. This loss of 

farms/settlementss is likely to lower the predictive power of the model. The inconsistent 

behaviourr of the population density variable might also be attributed to this problem. 

Althoughh many studies have been conducted to identify the forces that drive land 

usee changes in different areas, the interpretations of how these forces act in general and 

especiallyy in terms of determining the relative importance of each factor is still 

controversiall  (Veldkamp and Fresco. 1997). It is also known that land use changes are 

sometimess driven by factors that are spatially distant from the area affected by change 

(Skolee and Tucker, 1993). which may strengthen or weaken the effects of some factors at 

thee change area. 

5.5.22 Temporal Patterns 

Noo major differences were noticed between the spatial and temporal dynamics. 

Generally,, with time settlements are expected to move into less favourable places as the 

suitablee land becomes scarce. However, the 'distance from a town" factor seems more 

importantt for the temporal dynamics than for spatial dynamics. This suggests that while 

settlementss can start in areas far away from sub-urban settlements, the likelihood for 

settlementss to grow is higher near sub-urban centres than far away from such centres. 

Populationn density produced spurious results with the multivariate model, as was the case 

withh spatial dynamics. The results also show that while socio-economic conditions at the 
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startt and end periods are important in influencing change (Table 5.6), conditions in the 

latterr periods are more important. This means that settlements can be spurred or their 

patternn influenced by introducing or eliminating explanatory factors through planning. 

5.5.33 Predicted Scenarios 

Althoughh the effects of explanatory factors used in the temporal model were relatively 

smalll  (low p values) the predicted scenarios indicate that the direction of settlement was 

consistentt with the development (new towns and new roads). In the planned growth, there 

seemm to be fewer settlements in the highlands as compared to the lowlands where new 

roadss and urban centres were introduced (classes 3 and 5 in Figure 5.2). 

5.66 Conclusions and recommendations 

Thee results of this analysis depended largely on two critical factors namely: a) the 

accuracyy in distinguishing settlements from non-settlements and. b) the spatial resolution 

andd accuracy of mapping the independent variables. As has been discussed in chapters 3 

andd 4, the classification accuracies from which settlements were identified were relatively 

low.. This factor significantly degrades the power of the prediction mode!, as has been 

seenn with the case of establishing the relationship between distance to a river and 

settlement/farmingg activities. Further, although less important, most of the maps for the 

dependentt variables were obtained from secondary sources whose spatial resolutions and 

thematicc classifications were not intended for the present analyses. Bearing this in mind. 

itt is can still be concluded from the results of this chapter that human settlement patterns 

inn the semi-arid part of Baringo area are mainly influenced by accessibility (roads and 

towns)) and rainfall, altitude and slope. There is a strong likelihood that with more 

accuratee detection of settlements, the impacts of vegetation, soil depth and surface 

stoninesss may become more visible. 

Onn the basis of the conclusions above, it follows that the pattern of settlements 

cann be planned or directed by manipulating some of the factors found to be important in 

theirr spatial and temporal distribution pattern. While it may be difficult to selectively 

encouragee population growth on "suitable sites", settlement attraction mechanisms such 

ass introduction of rural access roads, development of service/facility centres. 
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developmentt of artificial rivers (water pipes and irrigation channels), etc. can be used to 

directt settlements to ecologically less fragile areas. 

Finally,, from these results and indeed as confirmed by field observations, 

cultivationn is practiced on steep slopes. Besides discouraging such practices, thesee results 

mayy be used as a basis for developing mitigation measures for reducing the impact of this 

practicee on land degradation. For example, encouraging terracing and constructing or 

plantingg silt barriers. It can be concluded that this model can also be used for planning i.e. 

directingg settlement patterns through controlled developments whereby settlements are 

discouragedd in areas highly susceptible to degradation by directing developments away 

fromm them. 
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