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We present an integrated methodology composed of a role-playing game on land adjudication from
which we extract narrative and spatially explicit drivers of land-use decisions. We show how geographic
information systems (GIS), qualitative decision-matrix analyses, a simple rule-based model using multi-
criteria evaluations (MCE), and a machine learning-based land-transformation model (LTM) can be used
harmoniously to study complex socio-ecological systems. We evaluate how each technique performs in
the study of complex socio-ecological systems using a multi-tier framework detailing how each method
analyzes the resource system, resource units, governance system, users and interactions and outcomes in
the system. We show that each approach enhances our understanding of the land-use decision making
process. Each method provides various information on the drivers of land-use decision, some focusing
more on spatial components of socio-ecological systems (resource system and resource unit) and other
having a strong emphasis on social mechanisms (governance system, users, interactions and outcomes).
Furthermore, we shed light into the existence of a flow of information between the various methods
enhancing our understanding of land-use drivers. We end with a discussion on methodological tradeoffs
between models and the value of our more holistic approach to modeling land-use drivers and decisions.
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1. Introduction

Along with climate change and invasive species, land-use
change has been identified as one of the most significant environ-
mental threats to the planet (MEA, 2005). Land-use change is the
consequence of complex land-use decisions and results from mul-
tiple interactions between biophysical and socioeconomic factors
(Ojima et al., 1994; Turner et al., 1990; Rindfuss et al., 2004; Foley
et al., 2005; Ojima et al., 2005). Indeed, land use/cover change has
been identified as an example complex socio-ecological system
(GLP, 2005; Peeples et al., 2006).

Models of land-use change, which couple biophysical and socio-
economic drivers, are needed to address the complex issue of land-
use change and build up sustainable land-use practices and
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policies (Van Daalen et al., 2002; Lambin and Geist, 2006). Many
models have been developed to simulate the outcomes of land-
use decisions and support the analysis and understanding of
land-use practices (Verburg et al., 2004). A variety of methods have
been used to develop land-use models include those using statisti-
cal (Veldkamp and Fresco, 1996), machine learning (e.g. Pijanowski
et al., 2002a), agent-based (Parker et al., 2003; Alexandridis and
Pijanowski, 2007; Matthews et al., 2007) or simple rule-based ap-
proaches (Pontius, 2002).

Major challenges of land-use modeling include the explicit inte-
gration of biophysical and socio-economic dynamics that partici-
pate in land-use changes (Lambin and Geist, 2006). In addition,
modelers willing to quantify land-use dynamics often face contexts
of high uncertainty and lack of data (Rindfuss et al., 2004).

Here, we present an integrated methodology that qualifies and
quantifies drivers of complex land-use decisions without using tra-
ditional data intensive methods such as remote sensing imagery or
survey analysis. This paper attempts to improve the field of land-
use modeling by illustrating the importance of role-playing games
(RPGs) in supporting the development of models that quantify fac-
tors responsible for land-use decisions. We show how qualitative
decision-matrix analyses, geographic information systems (GIS), a
simple rule-based model using multi-criteria evaluation (MCE),
and a machine learning-based land-transformation model (LTM)
can be used harmoniously to further our understanding of land-
use decision-making processes. We conclude with a discussion of
what can be learned from each of these approaches and, in partic-
ular, what are the methodological tradeoffs between models and
therefore the value of our more holistic approach to modeling
land-use decisions.
2. Background

2.1. Modeling complex socio-ecological systems

Complex socio-ecological systems (SESs) are difficult to analyze
and model because of the nature of the complexity paradigm (Jans-
sen and Ostrom, 2006). Indeed, the paradigm of complexity
emphasizes non-linear dynamics among those systems (Funtowicz
and Ravetz, 1993; Vicsek, 2002) and, in particular, the importance
of resilience and emergent phenomena (Walker et al., 2004; Walk-
er and Salt, 2006). Since what really matters is the resilience of a
given complex SES, researchers need to identify the core variables
which would distinguish between a regime shift of a given system
and a new system replacing a degraded or damaged one (Gunder-
son and Holling, 2001). The identification of the core variables of a
complex SES is crucial to its study and modeling (Berkes and Folke,
1998). Those critical variables are composed of biophysical as well
as socio-economic elements. Not taking into account those critical
variables as well as the overall complexity may have devastating
consequences not only on the modeling of SESs and land-use
changes, but also on the management of those systems (Ostrom,
2007).

Ostrom (2007) has introduced a framework for understanding
complex SESs which couples biophysical and institutional variables
in order to establish better diagnostics, conduct more thorough re-
search, and implement resilient management of complex SESs. In
an innovative manner, this paper will use the multi-tier framework
developed by Ostrom in order evaluate the ability of our models to
analyze complex SESs (Ostrom, 2007).
2.2. Role-playing games and complex SESs

Researchers have turned to role-playing games (RPGs) (e.g. Bar-
reteau et al., 2003) to capture the nature of complex SESs. Em-
ployed as a simulation tool in social sciences, RPGs can be
defined as ‘‘the performance of an imaginary or realistic situation
played by people with given roles in order to analyze behavioral pat-
terns” (Shaftel and Shaftel, 1967).

In past research on land-use and natural resources, RPGs have
mainly been used as a support for collective decision-making pro-
cesses and as a learning tool for participants and researchers as
well (Bousquet et al., 1999; Barreteau, 2003). Researchers among
the ComMod group, for example, have parameterized agent-based
models with RPGs in order to improve the knowledge as well as the
integrated management of complex SESs around the world (see
http://commod.fr). The ComMod group’s methods focus on the
use of role-playing games to foster negotiation as well as to collect
additional empirical data on individual and collective management
of renewable resources. They continue the negotiation process
supported by the ABM which provides them with an external ver-
ification of the model (Bousquet et al., 1999).

This methodology is greatly inspiring for land-use modelers
since it opens new perspectives on how to address the issues of
empirical input data for models, their external validation as well
as their ability to take complex dynamics into account. However,
because RPGs have been mainly used for negotiation purposes
(Barreteau et al., 2003; Etienne, 2003; Daré and Barreteau, 2003;
Gurung et al., 2006), further work is needed to investigate how
to exploit the potential of games to record information for model-
ing purposes (Guyot and Honiden, 2006). Here, we present a meth-
odology designed to collect information on land-use drivers from
recordings conducted during a role-playing game that can be used
as inputs to traditional and more advanced models.
3. Methods

3.1. An integrated methodology

Our methodology integrates qualitative, quantitative, and spa-
tially explicit analyses and modeling in order to study various
land-use drivers and to analyze how individually and collectively
each method can add to our understanding of complex SESs. We
base our land-use models on a role-playing game designed to pro-
duce qualitative as well as spatially explicit outputs. Two land-use
models are constructed: a neural network-based land transforma-
tion model (LTM) and a GIS-based multi-criteria evaluation (MCE)
model. We calculate model goodness of fit; determine how the
information flows between methods; and how each modeling ap-
proach contributes to our understanding of land-use drivers in a
complex SES (Fig. 1).
3.2. The role-playing game

The RPG used here was established by Campbell and Palutikof
as an educational tool to explore land adjudication issues (Camp-
bell and Palutikof, 1978). Land adjudications are policy tools used
to transition land from a situation of no formal property titles to
common or individual property (cf. Kimani and Pickard, 1998;
Woodhouse and Hulme, 2000; Reid et al., 2000). Eight players par-
ticipated in the simulation conducted in Nairobi, Kenya in May
2004. Participants, who specialized in land-use, agriculture, or nat-
ural resources, were drawn from Kenyan governmental and aca-
demic institutions.

The exercise focused on the northern, semi-arid regions of the
fictional country of Mageria. In our scenario, fictitious ethnic
groups are beginning to compete for land (the Iletan Hills in partic-
ular) and water resources in the area. The participants assume the
roles of members of a fictitious ethnic group of pastoralists (Tuai
herders) or farmers (Sengot farmers). They are asked to prepare a
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Fig. 1. An integrated and embedded qualitative and spatially explicit methodology. The RPG is used to identify land-use drivers in a qualitative manner. The MCE and the LTM
then build on the outputs of the RPG (maps and narratives) to quantify the respective weight of those drivers regarding the game participants’ land-use preferences and
decisions.
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land adjudication plan to establish formal property titles in order
to resolve the conflicts of resource use. The outcome of the land-
adjudication is decided by another player in the role of the District
Commissioner (D.C.), a local government official.

A variety of information was used to build the RPG. One such
source was a pair of household surveys conducted in 1977 and in
1996 designed to study land-use conflicts and land-use policy in
the Kajiado district, Kenya (Campbell et al., 2000; Campbell et al.,
2005). Numerous agricultural surveys and reports, government
policy discussions and workshops with East African policy makers
and researchers were used to enhance surveys. Four major local
land-use change drivers were identified: alterations in both the
composition and the size of the local population (Campbell et al.,
2000), drastic transformations of land tenure due to processes of
land-adjudication (Kimani and Pickard, 1998; Woodhouse and
Hulme, 2000), and crop diversification driven by global market
forces (Campbell et al., 2000; Little et al., 2001). We used the
RPG and the subsequent modeling methodology to analyze land-
use drivers and decision-making processes in order to deepen the
understanding of the changes observed in previous research.

In this game, Sengot farmers, Tuai herders, and the D.C. pro-
posed land-use maps for the future land adjudication and ex-
plained their motivations to one another and to the researchers.
The RPG was composed of four major steps. First, we presented
the participants with a fictitious landscape (base map), on which
to negotiate the land adjudication, and data concerning the social
and ecological conditions of the area (see http://ltm.agricul-
ture.purdue.edu/RPG.pdf) for the complete RPG scenario and data
used during the game). Then, each fictitious resource group and
the D.C. (1) produced a land-adjudication map and (2) explained
the drivers for their decisions. Tuai herders and Sengot farmers
each sketched a map (maps 1 and 2, respectively). After presenta-
tions by the Tuai and the Sengot, the D.C. proposed a map taking
into account the land-use priorities of each ethnic group and rep-
resenting the final land-adjudication scheme (map 3). In total,
three maps were hand-drawn by the game participants (Fig. 2).
We analyzed two outputs from the RPG: (1) discussions and justi-
fications of decisions which occurred during the game and (2)
maps produced by the players.

3.2.1. Organizing narratives and discussions
The first type of output from the RPG consisted of narratives and

discussions which occurred during the presentation of the pro-
posed land-adjudication maps. Narratives and discussions were
digitally recorded and used to build a qualitative-decision-making
matrix representing the drivers for land-use decisions for each re-
source group: Tuai pastoralists, Sengot farmers, and the D.C. Those
drivers were categorized according to the analytical framework of
complex SESs established by Ostrom (2007). Here, the framework
was used as a reference against which we evaluated the ability of
our methods and models to capture the various characteristics of
a complex SES. The main components of the framework are: (1) a
resource system (here the grazing areas, cropping areas and water
resources); (2) resource units (here livestock, crops, and wildlife);
and (3) a governance system (here the interactions between the
Tuai, Sengot, and the DC) (Ostrom, 2007) (Table 1).
3.2.2. Creating digital maps
The second output of the RPG consisted of paper maps gener-

ated by the participants. These paper maps were scanned and im-
ported into ArcGIS 9.1 (ESRI 2005) as images. Point, line and
polygon features were digitized using the ArcGIS 9.1 Editor tool.
Natural (e.g. lakes) and socioeconomic (e.g. towns) features were
stored as separate layers. Land uses were digitized as polygons
and labeled according to a level 2 classification so that generalized
agriculture was given level 1 and subclasses (e.g. irrigated) as the
second (Anderson, 1976). The level 1 classes digitized were: crops,
pasture, and protected areas. The land-use maps were then raster-
ized into maps with 555 rows and 398 columns (for a total of
220,890 cells) for analysis and modeling. Maps contained integer
values of land use codes.
3.3. Selecting drivers based on the RPG

We selected six spatial land-use drivers based on the critical
spatial and socio-economic characteristics identified by the game
participants (see Table 1). We selected the following drivers: dis-
tance to medium elevation, distance to high elevation, distance
to rivers, distance to lakes, distance to roads, and distance to cities.
Indeed, during the game, the players emphasized the importance
of elevation, both for crops (to access arable land) and for pastures
(for grazing during the dry season). We used distance to the con-
tour lines of the digitized map as the midpoint of elevation classes
and created two drivers for elevation: distance to medium eleva-
tion (i.e. distance to the 1000 m contour line) and distance to high
elevation (i.e. distance to the 2000 m contour line). Roads, cities,
and proximity to these features, appeared to constitute essential
socio-economic drivers for both farmers and pastoralists in order
to travel and sell their products, which is why we selected distance
to roads and cities as additional drivers. Finally, lakes and rivers
seemed to be highly conflicted areas desired by pastoralists and
farmers but also by the D.C. to implement a protected area. Dis-
tances to lakes and rivers comprised the final set of spatial drivers.

http://ltm.agriculture.purdue.edu/RPG.pdf
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Fig. 2. Maps produced during the game by the participants.
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3.4. Developing the land transformation model

We used the LTM to measure the relative spatial importance of
each of the six spatial drivers for each map produced by the game
participants. The LTM uses artificial neural networks to numeri-
cally relate, through non-linear algorithms, spatial maps of drivers
and maps of land use (see http://ltm.agriculture.purdue.edu/
ltm_tutorial/ for an online tutorial and access to LTM codes) (Pija-
nowski et al., 2002a; Pijanowski et al., 2005; Pijanowski et al.,
2006).

The LTM was parameterized using the methodology developed
by Pijanowski et al. (2006). Briefly, we used a raster map composed
of ‘‘0s” (absence of a land use) and ‘‘1s” (presence of a land use) to
‘‘train” the neural network to quantify relationships between maps
representing the six drivers of land-use decisions and maps con-
taining the location of individual land uses. The LTM then uses
weights from the neural network (called ‘‘testing”) to produce out-
put that contains a raster map of probabilities of the occurrence of
the land use being modeled. We conducted a cross-validation of
the LTM by training and testing it on different cells. We trained
on one every other cell and tested on the others. We constructed
five different LTMs to study the drivers for pasture on map 1, crops
on map 2, pasture on map 3, crops on map 3, and protected areas
on map 3.

We tested the performance of the five LTMs using the Area un-
der the Receiver Operator Curve (AROC) metric. Briefly, AROC mea-
sures the performance of models judged against a random null
model (Pontius and Schneider, 2001; Pijanowski et al., 2006). AROC
values range from 0.5 to 1.0: 0.5–0.6 represent values for models
that did not perform better than a random model; 0.6–0.7 are fair
performing models; 0.7–0.8 are considered good models; 0.8–0.9
are very good models; and 0.9–1.0 reflect excellent models.

In order to generate weights associated to the six drivers of
land-use decision, we used Pijanowski et al.’s (2002b) method. This
approach involves running each of the five LTM models with the
number of inputs reduced by one. In other words, for each of the
five LTM models, we successively dropped the following drivers:
distance to rivers, distance to the lake, distance to medium eleva-
tion, distance to high elevation, distance to cities, and distance to
roads. Each LTM has hence been run with five drivers instead of
six; the five drivers being different for each model. We then per-
formed AROC tests to estimate the goodness of fit of LTM models
with a driver removed.

3.5. Developing a GIS-based MCE model

We translated the qualitative decision-making matrix into spa-
tially explicit quantitative land-use drivers using multi-criteria
evaluation (MCE). This step was essential for comparing the results
of the LTM models with the qualitative content of the decision-
making matrix. We established MCE models for each group of par-
ticipants. Using the MCE, we translated the discussions and nego-
tiations which occurred during the game into quantitative
variables. Those quantitative variables weighed the importance
of the six spatial drivers that we used for the LTM for the land-
use decisions of each group of participants (Tuai, Sengot, and D.C.).

http://ltm.agriculture.purdue.edu/ltm_tutorial/
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Table 1
Game’s quotes forming a qualitative land-use decision-making matrix for each group of RPG players (using multi-tier framework proposed by Ostrom (2007).

Tuai pastoralists Sengot farmers District commissioner

Resource
system

‘‘We have to have access to water and dry season
grazing”

‘‘All fertile land should be used for farming, crop
production”

‘‘We need to protect natural resource:
wildlife and surface water in particular”

Resource units ‘‘Our goal is to maximize production from
livestock”

‘‘We need arable land to produce subsistence
and cash crops”

‘‘Lake Ann and river banks are also important
to wildlife”

Governance
system,
users,
interactions
and
outcomes

‘‘We are the rightful owners of all land”. ‘‘We
want a tenure system that provides for group
territory, not under individual title deeds”.
‘‘Corridors along rivers should be frequent, and
shared with the Sengot so that they can have
access to water, but they should not be allowed
to farm along rivers”. ‘‘The boundary between
lands of Sengot and Tuai should be established
on the west side of the river, leaving a corridor to
the western hills to provide access to the hills
during times of drought”

‘‘The population of Sengot is increasing rapidly”.
‘‘Tuai are lazy”. ‘‘Land should be adjudicated
individual titles”. ‘‘Policy should facilitate
production of horticultural crops grown around
the lake and along rivers”. ‘‘Sengot farming in the
Iletan Hills should be allowed to remain there
The land around Lake Ann and land of Medium
Potential should be adjudicated to the Sengot for
farming. The Tuai should be allocated the
remaining areas, those that do not have potential
for crop agriculture”

‘‘I as District Commissioner have the
prerogative to settle the issue but as our
government is moving towards a more
participatory process I want to be sure that I
reflect upon the input from each group.”‘‘The
health of the Tuai is declining due to the
expansion of agriculture.”‘‘So, how do we
resolve the differences?”

Table 2
Summary of AROC values for MCE and LTM models.

Models AROC values

MCE LTM

Pasture for map 1 0.72 0.94
Agriculture for map 2 0.76 0.98
Pasture for map 3 0.71 0.93
Agriculture for map 3 0.78 0.93
Protected area for map 3 0.77 0.87
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MCE is commonly used to translate qualitative decision criteria
into quantitative variables (Voogd, 1983; Carver, 1991). In the con-
text of natural resources and land use management, MCE models
are often coupled with geographic information systems to express,
in a spatial context, the decision criteria of various stakeholders
(Malczewski, 1999). We adapted this methodology to the output
produced during the RPG and translated the decision-making ma-
trix into weights using a pairwise comparison method (Saaty,
1977). For a given land-use, we compared the relative weight of
a pair of drivers based on the elements outlined by the participants
during the game. We constructed five MCE models each focusing
on the land-use of interest for each group of participants. Hence,
we built one MCE for quantifying the drivers for land-use decisions
for the location of pasture for the Tuai, one for agriculture for the
Sengot, and one for each of the three land-uses on the map pro-
duced by the D.C. We developed pairwise comparisons between
the various spatial drivers and created a ratio matrix (Saaty,
1977). The MCE models resulted in weights attributed to each
driver.

These weights were then used to simulate map 1, map 2, and
map 3. Translating weights of a heuristic model into spatial fea-
tures is a complex process; we followed the procedures of Mal-
czewski (1999) to develop MCE weights using a GIS. First, we
normalized our spatial driver so that the sum of the weights equals
1.0. In order to strengthen our models, we directly used the drivers
when they constituted a desirable feature for a given group of par-
ticipants but an inverse of drivers when they were not desirable.
For instance, in map 1, we used the driver distance to rivers but
the inverse of the driver distance to high elevation to simulate pas-
ture. We then multiplied each driver or inverse driver by the MCE
weights produced in the previous step in order to obtain probabil-
ity maps for a given land-use. We used the raster calculator in Arc-
GIS to normalize our maps and to remove cells that were not
candidates for simulation (e.g. cells located in the lake). Finally,
we performed an AROC test for each map produced by the MCE.

4. Results

4.1. Game participant’s perceptions of the SES

We analyzed the discourse and negotiations that occurred dur-
ing the game by applying the three variables of Ostrom’s frame-
work to the interpretation of the SES by each game participant
(Ostrom, 2007). The resource system of the Tuai is organized
around the production of livestock, the Sengot concentrate on
crops, and the D.C. on those two resources as well as wildlife.
The Tuai want to establish corridors to guarantee access to dry sea-
son grazing land for their livestock, and the Sengot wish to use all
arable land and standardize the size of crop fields, whereas the D.C.
insists on the creation of riparian buffers. The view of the three
participant groups concerning the governance system is conflicting
since the Tuai are against a new land adjudication law, the Sengot
argue for individual titles, and the D.C. seeks a solution to this
conflict.

Concerning perceptions of the users, the Tuai view themselves
as the only rightful owners of this land whereas the Sengot argue
that the Tuai are not as efficient with resource use and that the
land should go to them [the Sengot] because they represent the
largest and most rapidly growing population of the area. The D.C.
agrees with the Tuai and argues that the Sengot are threatening
the health of the Tuai by polluting the water with fertilizers. Vari-
ous outcomes and interactions result from these viewpoints. The
Tuai want to establish clear boundaries between crops and pasture,
corridors, and guaranteed access to permanent water. The Sengot
want to continue their expansion onto all arable land in the area.
The D.C. attempted to resolve the differences between the two re-
source groups but also to establish a new protected area to con-
serve the wildlife around the lake. Hence, the qualitative-
decision-making matrix provides us with valuable information
on socio-economic, institutional, as well as spatial drivers for
land-use decisions (Table 1).
4.2. Performance of the LTM and the MCE

Using AROC, we found that the LTM performs extremely well
(Table 2). All LTM models produced very good to excellent AROC
scores above 0.8. The AROC test for pasture in map 1 is 0.94. The
score for agriculture in map 2 is 0.98. Regarding map 3, the scores
of the AROC tests are 0.93 for pasture, 0.93 for agriculture, and 0.87
for protected areas. MCE models did not have such excellent per-
formance as the LTM models but still performed satisfactorily.
AROC of the MCE for pasture in map 1 is 0.72. It is 0.76 for
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agriculture in map 2, 0.71 for pasture in map 3, 0.78 for agriculture
in map3, and 0.77 for protected areas in map 3 (Table 2).

4.3. Modeling the drivers of land-use decisions

4.3.1. Multi-criteria evaluation models
Normalized driver weights for the MCE model varied across

models. ‘Distance to rivers’ and ‘distance to lake’ appeared to
highly influence land-use decisions of the Tuai in map 1 (Table 3)
(MCE score of 0.326 and 0.320). Surface water is highly valuable
for cattle, in particular during the dry season. The scores of med-
ium and high elevation (MCE score of 0.140 for each) demonstrate
the interest in grazing corridors on the mountain slopes during the
dry season. Distance to cities and distance to roads (MCE scores of
0.038 and 0.035, respectively) were not significant in the Tuai’s dis-
course for the location of pasture.

Distance to rivers and distance to the lake were significant to
the discourse justifying land-use decisions of the Sengot in map
2 (Table 3). Indeed, the high score of the driver distance to rivers
(MCE score of 0.416) and distance to lake (MCE score of 0.235)
probably reflects the economic interest emphasized during the
game in developing more irrigated agriculture with a higher cash
value. Even if distance to high and medium elevation appears to
be particularly important on the map designed by the Sengot, the
analysis of their discourse through the MCE does not make them
appear as particularly significant (MCE scores of 0.136 for each
driver).
Table 3
Weights and ranking assigned to land-use drivers by the MCE and LTM models.

Drivers Weight and ranking of drivers

MCE MCE LTM

Variable Variable Normalized

Weight Rank Variable we

Map 1 (pasture for Tuai)
Distance to rivers 0.326 1 0.168
Distance to the lake 0.320 2 0.167
Distance to high elevation 0.140 3 0.163
Distance to mid elevation 0.140 3 0.169
Distance to cities 0.038 5 0.167
Distance to roads 0.035 6 0.167

Map 2 (crops for Senegot)
Distance to rivers 0.416 1 0.185
Distance to the lake 0.235 2 0.186
Distance to high elevation 0.136 3 0.171
Distance to mid elevation 0.136 4 0.183
Distance to cities 0.039 5 0.183
Distance to roads 0.039 6 0.093

Map 3 (pasture by D.C.)
Distance to rivers 0.282 1 0.172
Distance to the lake 0.059 6 0.170
Distance to high elevation 0.176 3 0.170
Distance to mid elevation 0.194 2 0.164
Distance to cities 0.176 3 0.170
Distance to roads 0.121 5 0.160

Map 3 (crops by D.C.)
Distance to rivers 0.183 4 0.172
Distance to the lake 0.255 1 0.163
Distance to high elevation 0.222 2 0.161
Distance to mid elevation 0.222 2 0.169
Distance to cities 0.084 5 0.172
Distance to roads 0.033 6 0.163

Map 3 (protected areas, D.C.)
Distance to rivers 0.245 2 0.180
Distance to the lake 0.483 1 0.180
Distance to high elevation 0.030 5 0.100
Distance to mid elevation 0.033 6 0.174
Distance to cities 0.114 3 0.174
Distance to roads 0.094 4 0.193
Regarding the final land-adjudication map (map 3), it seemed
that the D.C. particularly emphasized the importance of rivers
(MCE score of 0.282) for pasture. Distance to medium elevation
(MCE score of 0.194), and distance to high elevation (MCE score
of 0.176) were also significant. Distance to roads, cities (MCE score
of 0.121, respectively) as well as distance of the lake (MCE score of
0.059) seemed to matter less in the discourse of justification for the
location of pasture decision. Interestingly, the weights assigned in
the MCE by the D.C. occur in the same order of significance as those
produced by the Tuai (Table 3).

When justifying the location of crops, the D.C. insisted on the
importance of distance to the lake (MCE score of 0.255) to develop
irrigated agriculture, but also of distance to high and medium ele-
vation (MCE scores of 0.222, respectively) where the land is arable.
Distance to rivers was, to a lesser degree, also important (MCE
score of 0.183). In contrast, distance to cities (MCE score of
0.084) and distance to roads (MCE score of 0.033) did not seem
to guide the D.C.’s decisions in the location of agriculture. Again,
the weights assigned by the D.C. to the spatial drivers follow the
same order as those assigned by the Sengot (Table 3).

Finally, concerning the protected areas of map 3, the D.C. argues
that the protected area should be around the lake (MCE score of
0.483) and the rivers (MCE score of 0.245) where the biodiversity
is most abundant. Other spatial drivers such as distance to cities
(MCE score of 0.114), distance to roads (MCE score of 0.094), dis-
tance to medium elevation (0.033), and distance to high elevation
LTM LTM LTM

Normalized Non-normalized Non-normalized

ight Variable rank AROC values AROC ranks

2 0.911 2
3 0.905 3
6 0.884 6
1 0.917 1
3 0.905 3
3 0.904 3

2 0.981 2
1 0.982 1
5 0.903 5
3 0.968 3
3 0.967 3
6 0.494 6

1 0.939 1
2 0.930 2
2 0.928 2
5 0.898 5
2 0.931 2
6 0.849 5

1 0.970 1
4 0.923 4
6 0.908 6
3 0.956 3
1 0.972 1
4 0.920 4

2 0.895 2
2 0.894 2
6 0.500 6
4 0.867 4
4 0.864 4
1 0.960 1
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(MCE score of 0.030) seemed to only affect the decisions of the D.C.
in a secondary manner (Table 3).
4.3.2. Neural network models
We used the ‘‘drop-one-out” methodology of Pijanowski et al.

(2002b) to evaluate the importance of the six spatial drivers for
the location of a given land-use predicted by the LTM. This meth-
odology resulted in various AROC values attributed to each model
run with five drivers instead of six (Table 3, column 3). We inferred
the weight of each driver from the performance of the model
(AROC values) run without this driver. In a word, if the model per-
forms worse when a driver is removed, we infer that the weight of
this driver is significant and explains land-use patterns. On the
contrary, if the model performs better without a given driver, we
infer from this result that this given driver does not explain land-
use drivers. We therefore assimilated the AROC values assigned
to each model to the weight of each driver and refer to this value
as ‘‘weight”. The relative weight of the drivers resulting from this
methodology differed from the MCE where weights are directly
interpretable. A priori, the ‘‘drop-one-out” methodology did not al-
low us to specify the direction of the predictor on the model since
the LTM is a binary model which does not differentiate if a given
driver increases or decreases the probability of a given land use
(Pijanowski et al., 2002b). We interpreted the results of the drop-
one-out methodology as follows: (1) if the removal of a driver de-
creases the performance of the model, then this driver highly influ-
enced the location of a given land use; (2) the qualitative decision-
making matrix helped us analyze if a given driver would attract or
repel a given land-use; and (3) if the removal of a driver increases
the goodness of fit of the model, we concluded that this driver did
not influence the location of a given land-use.

We first looked at map 1 and the influence of the spatial drivers
for the location of pasture (Table 3). With the six drivers, the over-
all performance of the model evaluated by the AROC test was 0.94
(Table 2). When we removed any driver, the performance of the
model decreased which means that every driver had an important
role in the LTM. The driver which appeared to be the most impor-
tant was high elevation since removing it from the LTM decreased
the AROC test to 0.88. Based on the discussions as well as the maps
which occurred during the game, we can assume that the proxim-
ity to the high elevation contour line did not attract pastures since
these are mainly located in the valley. Therefore, the driver dis-
tance to high elevation probably ‘‘repels” pasture. The relative
importance of the remaining drivers in deceasing order is: distance
to roads and distance to cities (weight = 0.90, respectively, attract
pasture), distance to lake (weight = 0.9048, attract pasture), dis-
tance to river (weight = 0.911, attract pasture), and distance to
medium elevation (weight = 0.917, repel pasture).

For agriculture of map 2, distance to roads (Table 3) had a highly
significant impact on the goodness of fit of the model. The perfor-
mance of the six driver model was 0.98 at the AROC test (Table 2).
When we removed the driver distance to roads, the performance of
the model dropped to 0.497, not different from a random model
(Table 3). This result was surprising. However, as the Sengot farm-
ers emphasized during the game, roads are crucial to the transport
of crops for access to local markets. We can therefore assume that
the influence of the spatial driver distance to roads on decisions re-
lated to agriculture is positive. The driver distance to high
elevation also positively influenced the location of crops
(weight = 0.903). The removal of any of the remaining drivers mod-
erately affected the goodness of fit of the LTM which demonstrates
the limited impact of distance to cities (weight = 0.967), distance to
medium elevation (weight = 0.968), distance to rivers (weight =
0.981), and distance to the lake (weight = 0.982) on the location
of crops.
The spatial driver ‘‘distance to roads” was particularly impor-
tant for the location of pasture in map 3 produced by the D.C. Be-
fore the removal of any spatial drivers, the goodness of fit of the
LTM was 0.93 (Table 2). Without the driver distance to roads, the
goodness of fit was 0.849 (Table 3). This is probably due to the fact
that the D.C. located the dry season grazing corridors on a road
which drove the LTM to overweight this driver. Distance to med-
ium elevation also constituted an important driver for pastures
in map 3. The absence of pasture in the middle of the Iletan hills
probably influenced the weight of this driver (weight = 0.898).
The rest of the spatial drivers, namely distance to high elevation
(weight = 0.928), distance to the lake (weight = 0.9301), and dis-
tance to rivers (weight = 0.939), did not highly influence the model.
However, the model performed better without the driver distance
to cities (weight = 0.967).

‘‘Distance to high elevation” positively affected the decision
regarding agriculture in map 3 which corroborates the Sengots’ ex-
pressed need of more arable land at higher altitude. With the six
spatial drivers, the performance of the LTM was 0.93 (Table 2)
but dropped to 0.90 (Table 3) without the driver ‘‘distance to high
elevation”. Distance to roads (weight = 0.92) and distance to the
lake (weight = 0.923) did not greatly affect the performance of
the model. In contrast, the removal of distance to medium eleva-
tion (weight = 0.956), distance to rivers (weight = 0.9701), and dis-
tance to cities (weight = 0.972) improved the overall performance
of the model. We can interpret those results by assuming that
those drivers were not fundamental in the location of crops in
map 3.

Finally, concerning the spatial drivers for protected areas in
map 3, distance to high elevation seemed to highly repel them. In-
deed, with all six drivers, the overall performance of the model was
0.87 (Table 2) but dropped to 0.5 (Table 3) without distance to high
elevation. This can be explained by the fact that protected areas
were located in the valley at a high distance from the contour line
of high elevation. The removal of the drivers distance to medium
elevation (weight = 0.867) and distance to cities (weight = 0.864)
and even distance to the lake (weight = 0.864) did not significantly
affect the performance of the model. The removal of the drivers
distance to rivers (weight = 0.895), and distance to roads
(weight = 0.960) improved the performance of the LTM.
5. Discussion

5.1. The added-value of our integrated methodology to analyze land-
use drivers and decisions

5.1.1. The complementary nature of the models
The goodness of fit of our ten models ranged from good to excel-

lent. Indeed, AROC tests for the LTMs ranged from 0.87 to 0.98. The
excellent performance of the LTMs can be explained by the ade-
quate selection of the spatial drivers as well as by the relative sim-
plicity of the landscape we simulated. The AROC tests of the MCEs
ranged from 0.71 to 0.78, which are considered good. We explain
the mediocre performance of the MCEs by the relative disconnec-
tion between the land-use justifications expressed by the players
during the game and the spatial features designed by the partici-
pants on maps. The discovery of this disconnection exemplifies
the value of using multiple methods to model land-use decisions.

The analysis of the effect of each driver on the models demon-
strates the differences between the MCEs and the LTMs as well as
the value of coupling these models. Indeed, the weights and the
ranking of the driver strength of the MCEs and the LTMs were
not identical. From this observation it could be inferred that the
conclusions of our models diverge and that at least one type of
model must be unfit. On the contrary, the variations among the



Fig. 3. Information on land-use drivers provided by each method as well as
information flows between models for the analysis of land-use drivers and
decisions.
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rankings and the weights of the drivers of the MCEs and the LTMs
confirm the inherent differences between our models and suggest
the value of coupling them. By essence, MCEs are heuristic models
representing the decision-making process of participants applied
here to a spatial context. In contrast, LTMs are machine learning
tools which establish numerical relationships between spatial fea-
tures. The analysis of each spatial driver emphasized the differ-
ences between the heuristic nature of the MCE and the spatial
one of the LTM.

We argue that far from confusing our understanding of land-use
drivers, coupling a heuristic model such as the MCE and a machine
learning model such as the LTM can highly enhance our analysis of
land-use drivers. Indeed, information on land-use drivers produced
by the MCE complement elements outlined by the LTM. For in-
stance, in map 1, the MCE told us that distance to river and dis-
tance to the lake were crucial drivers in the decision-making
process of the Tuai for the location of pasture. In addition, we
learned from the LTM that the Tuai had an aversion for high eleva-
tion. We can learn from the combination of the MCE and the LTM
that not all rivers or lakes matter in the decision-making process of
the Tuai; only those located at lower elevations. The MCE for map 2
placed a heavy weight on distance to rivers since the Sengot had
emphasized the importance of rivers to develop high cash value
irrigated agriculture. In contrast, the LTM emphasized the tradi-
tional interest of arable land in areas of higher elevation. Both
pieces of information complement each other, and we can observe
here a change in land-use drivers from traditional drivers to more
recent ones driven by irrigated agriculture.

In map 3, the D.C. outlined the importance of rivers for pasture,
in rainy as well as in dry seasons, which reflected itself in the MCE
by the heavy weight attributed to the driver distance to rivers. We
can learn from the LTM that not only distance to rivers matters but
also distance to roads which might reflect the wish of the D.C. to
develop more market-oriented pastoralism. For agriculture, the
MCE outlined the weight of distance to the lake, medium elevation
and high elevation. In addition, we learned from the LTM that both
distance to rivers and distance to cities were not pertinent land-
use drivers since their removal improves the performance of the
model. Finally, the MCE confirmed the importance of the lake in
the location of the protected area. We learned from the LTM that
the driver distance from high elevation had a fundamental role
in the model since the protected areas were located in the valley.
In addition, we also discover that the driver distance to roads did
not matter in the location of protected areas since its removal im-
proved the general performance of the model.

5.1.2. Use of the decision-making matrix
We thus argue that MCEs and LTMs complement each other.

However, aside from the RPG’s role in providing data for the con-
struction of MCEs and LTMs, these models also profit from the sup-
port of the discussions which occurred during the RPG which were
translated into the decision-making matrix. Those discussions
were important to the analysis as well as the validation of the
MCEs and the LTMs. First, the decision-making matrix provided
an additional meaning to the figures from the MCEs and the LTMs.
It helped for instance to distinguish between traditional and new
land-use drivers in order to explain differences between the MCE
and the LTM for map 2. Second, the decision-making matrix pro-
vided elements of validation for the interpretation of results of
LTM.

5.1.3. Information flows between methods and models
The unique understanding that results from this integrated

methodology sheds light on the flow of information between the
decision-making matrix, the MCEs, and the LTMs. More precisely,
two kinds of flows of information occur in this research: (1) infor-
mation from the models about various kinds of land-use drivers,
and (2) information circulating between models to improve our
understanding of land-use drivers (Fig. 3).

First, each model concentrates on various kinds of land-use
drivers. The decision-making matrix is particularly effective at elu-
cidating drivers related to the interactions between the game par-
ticipants which of course impact land use. For instance, it is clear in
the game that the DC favors the Tuai and allocates them a large
part of the landscape despite the fact that the population of the
Sengot is growing. The MCEs render explicit the discourse of
land-use choices whereas the LTMs elucidate drivers related to
spatial features.

Second, the information flowing between the models enhance
our general understanding of land-use drivers. The MCE concen-
trates heuristic elements from the decision-making matrix and al-
lows us to compare the qualitative data recorded during the RPG
with a quantitative and spatially explicit model such as the LTM.
The decision-making matrix provides essential elements of valida-
tion for the LTM. Finally, the comparisons of the MCEs and the
LTMs help draw contrasts between subjective land-use drivers ex-
pressed in narratives and spatial ones sketched on a map. Hence,
there is a twofold information flow between the decision-making
matrix, the MCEs, and the LTMs that result in the analysis of com-
plex land-use drivers and decision-making processes.

5.2. Methodological tradeoffs

The analysis of our results shows that each model has various
abilities. More precisely, each model and method exhibit a signifi-
cant tradeoff between its capacity to analyze complex SESs and its
goodness of fit when compared with the initial maps produced by
the game participants (Fig. 4). The qualitative decision-making ma-
trix gives us a high level of understanding of the complex SES but
does not directly produce quantitative results that we could use to
validate our findings. The MCEs demonstrate mediocre perfor-
mances regarding both the understanding of the SES and the good-
ness of fits of the map they produced. In contrast, the LTMs
produce maps with very satisfactorily goodness of fits when com-
pared to the original maps but provide an understanding of the SES
limited to the spatial dynamics. We therefore observe tradeoffs
within and between models/methods which strengthened our
argument in favor of the use of multiple models in an holistic man-
ner in order to analyze and model complex SESs.



Fig. 4. Methodological tradeoffs between models.
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Indeed, the various type of information, the flow of information,
as well as the methodological tradeoffs between out models/meth-
ods allowed us to study more in depth a complex socio-ecological
system using Ostrom’s framework. First, the decision-making ma-
trix provided information on the three categories of the multi-tier
framework. In particular, the decision-making matrix explored in
detail the governance system in place or desired by the resource
users as well as the interactions between resource users and the
outcomes resulting from the resolution of conflicts over natural re-
sources. Second, the LTM informed us about the resource system as
well as the resource units. The five LTMs correlated land use with a
set of spatial drivers enlightening the spatial complexity of the re-
source systems. Then, by using the dropping-one-out methodol-
ogy, we were able to analyze the role of each land-use driver as
a resource unit on a given landscape. Finally, the MCE gave us a
meaningful insight into the question of how given spatial drivers
were considered in the resource users’ decision-making process.
Hence, by using multiple models in a holistic manner, we were
able to analyze the various complex aspects of a complex SES.

Examining both the results of the MCEs and the LTMs we had
confirmation of the crucial aspect of elevation either as an attrac-
tive or repulsive driver of land-use location and decisions for all
land-uses (pasture, crops, and protected areas). We also discovered
that not all rivers in our landscape where valued equally by the re-
source users. During the game, the participants did not differenti-
ate between one river and another but the analysis of the results of
the LTMs and the MCEs demonstrated that mainly the river located
at the bottom of the valley mattered in land-use decisions because
of its strategic position close to roads, cities, and as a separation be-
tween agriculture and pastoralism. Finally, we also observed an
adaptation phenomenon from rain-fed agriculture to irrigated agri-
culture and the appearance of surface water as a new critical var-
iable for farmers.

6. Conclusion

This integrated methodology built from a RPG allowed us to im-
prove our general knowledge of land-use drivers and land-use
change dynamics. Coupling a RPG with a traditional multi-criteria
evaluation model and a machine learning based tool provided us
with new insights that were not apparent if we had used a single
model or approach. Indeed, we have shown that (1) different ap-
proaches provide us with different perspectives related to complex
SESs; (2) a flow of information circulates between the methods
improving the overall performance of our methodology; and that
(3) tradeoffs exist between methods that relate to level of under-
standing of complex SESs and a high goodness of fit.
To further enhance the performance of this integrated method-
ology, other methods could be added to studying land-use deci-
sions. For example, we also have coupled surveys, group
interviews, interviews of key informants with remote sensing
and GIS analysis in the framework of the Land-Use Change Impact
and Dynamics Project (Maitima and Olson, 2001; Smucker et al.,
2007). Complex land-use change dynamics emerged from this
methodology including the importance of biophysical, political
and socio-economic drivers operating at various spatial scales from
local to global (Campbell et al., 2000; Campbell et al., 2005; Reid
et al., 2000).

The use of a role-playing game in the present integrated meth-
odology deepened our understanding of land-use dynamics ac-
quired in previous research. In the past, Campbell has used the
game presented here with students enrolled in universities in East
Africa. This is the first game that involved high-level natural re-
source professionals. The level of complexity of the conversations
and the information from the debriefing were very sophisticated
leading us to believe that our RPG simulations incorporated more
realistic, subtle or nuanced factors that might explain land-use pat-
terns in semi-arid areas. In addition to past research, this present
work, due to the integration of a role-playing game with several
modeling approaches allowed us to observe in a more realistic set-
ting the complex land-dynamics influencing a land-adjudication
process. We therefore argue for the integration of RPGs along with
other methods in quantitative studies to analyze complex land-use
dynamics.
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