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Definition:  Calibration

• “Calibration refers to the process of creating a model 
such that it is consistent with the data used to create 
the model” (Verburg et al 2006)

• Derivation of best-fit model parameters from real-
world data (Dawn)



 

Definitions: Verification and Validation

• “Verification and validation concern, respectively, the 
correctness of model construction and the truthfulness of 
a model with respect to its problem domain. In other 
words, verification means building the system right, and 
validation means building the right system…Once a model 
is verified and works correctly, then the modeler is 
concerned with validation—comparing model outcomes to 
outside data and expectations.” (Manson from Parker et 
al. 2003) 



 

Structural vs. outcome validation

• Structural validation examines whether the 
mechanisms in your model correctly represent 
real-world mechanisms: are the exogenous 
components of your model representative of the 
system under study?

• Outcome validation asks whether model output 
(endogenous components) conform with data 
derived from the real-world system



 

What do researchers seek from spatial ABM?  (focus 
on LUCC) 

• Improved understanding of process, not just identification 
of drivers

• Development of integrated disciplinary models:  land-
change science and spatial social science

• Understanding of how local, case-specific conditions 
shape local outcomes

• Ability to project change and future trajectories



 

Competing or complementary goals?

Potential tensions between two goals:
• Building theoretical frameworks that contribute to 

integrated theories;

• Building better empirical models for scenario analysis and 
projection

• A traditional scientific method perspective says that 
these two activities should be complementary

• My optimistic view is that the potential for 
complementarity is greater in the simulation 
modeling realm



 

Shifting the debate:

• From “Should models be complex or simple?” to 
“How can each type of modeling be connected to the 
scientific method?

• From “Can we recreate macro-scale outcomes using 
micro-scale behaviors?” to “How do particular micro-
scale behaviors and interactions produce multiple 
macro-scale outcomes?”

• From “Can we reproduce macro-scale outcomes” to 
“Can we reproduce relationships between micro-
scale drivers and macro-scale outcomes?”



 

Modeling to fill in process … 

Drivers

Emergent/Pattern-based 
Outcomes

Agent Behaviors

Agent 
Interactions

Often we only have data 
on drivers and outcomes



 

Questions:

1. How to preserve the “Hallowed cannons of 
parsimony that have defined the scientific method?”

2. What is the role for statistical analysis in verification 
and validation of spatial ABM?

3. What are potential roles for calibration in empirical 
ABMS?



 

Question 1:

How to preserve the “Hallowed cannons of parsimony 
that have defined the scientific method?”



 

Optimizing model complexity (enough but not too 
much)

• Identify key sources of spatial, temporal, and behavioral 
complexity the real-world systems (What processes 
should be included?)

• Grimm et al (2005) note that pattern outcomes of 
interest should guide model development:  your model 
has to be complex enough to produce the patterns you 
are interested in.  (What outcomes are you trying to 
explain?)

• Focus is not only on drivers and outcomes, but on 
drivers, dynamics, and outcomes

• Focus put on hypotheses that relate drivers and 
dynamics to outcomes--currently underemphasized.



 

Pattern-oriented modeling (Grimm et al. 2005; Grimm 
forthcoming)

• Key point is that validation targets are identified a-
priori; consideration of validation is integrated into 
research design.

• Targets are patterns (emergent phenomena) at 
multiple (but higher) scales.

• Recall definition of emergence from Auyang:  
outcome patterns at higher scale that are qualitatively 
different that the lower-scale entities that produced 
them.

• An example …



 

Sources and results of complexity:

• Heterogeneity

• Interdependencies

• Linkages across hierarchies

= Emergence:  “Organization into recognizable 
macroscopic patterns” (Epstein and Axtell, 
1999)

(Note adaptation may also be important …)



 

Quilting examples of emergence

Start with two very simple objects that 
are heterogeneous with respect to 

shape, size, and color … 



 

Quilts, scaling up …

By defining the relationship between 
other similar objects at a very local level, 
we obtain some structure and pattern … 



 

Quilts, scaling up again …

And by combining these elements, we 
create structure at a coarser spatial 

scale … 



 

One emergent form …



 

And another …



 

Modeling these patterns

Theories to explain these patterns would be based on:

• Identification of heterogeneous object primitives

• Identification of relationships between these objects 
at multiple scales

• Identification of the processes that drive these 
relationships (harder to represent)

• Identification of alternative outcomes that could 
results from variations in any component



 

POM rationale (Grimm et al. 2005)

• Patterns represent underlying structure, 
process, and function

• Goal of POM is to identify underlying 
processes (note similarity to concept of 
generative social science, Epstein and Axtell)



 

What could be gained by greater formality/rigor?

• An increase structural realism in either theoretical or 
empirical models

• An a-priori focus on policy levers that may be varied 
for sensitivity/scenario analysis

• Emphasis on experimental design and testing



 

Question 2

What is the role for statistical analysis in verification and 
validation of spatial ABM?



 

Roles for statistical analysis:

• Create decision/behavioral rules at the agent level 
(Many nice recent examples.  Can be viewed as 
micro-scale calibration.)

• Pseudo-inductive analysis: hypothesis generation 
via inductive analysis of simulated data

• Regression-analysis based model validation:  
validation of linkages between drivers and 
outcomes



 

“Pseudo-inductive” analysis for theoretical models

1. Build hypothetical causal rules/mechanisms into 
ABM;

2. Generate database of outcomes by sweeping 
model parameter space;

3. Analyze generated data using inductive methods 
that use emergent macro outcomes as dependent 
variables, and parameter values as independent.

• Hypotheses (equivalent of comparative statics or 
dynamics) are contained in the estimate 
coefficients: how to macro outcomes change as 
parameters change.

• Happe et al. (2006) take a similar approach



 

Traditional scientific method:

Mathematically expressed
behavioral model

Hypotheses derived via
deductive mathematics 

or logic

Empirical testing via 
inductive data analysis 



 

The “third way of science”:

Agent-based 
behavioral model

Hypotheses derived via
inductive analysis of 

simulated data

Empirical testing via 
inductive data analysis 

Simulated data generated
through multiple model runs 



 

SLUDGE model summary

• Model explores relationships between land-
use payoffs, transportation costs, spatial 
externalities, and fragmented urban forms

• Simple combined CA/ABM

• Designed only to extend standard theoretical 
analytical models to two dimensions



 

Outcomes of interest and data analysis: SLUDGE 
model example

• Macro-scale outcomes of interest
• Economic:  Total surplus/welfare, Urban area, 

Market-clearing rent

• Pattern-based: Mean patch size and number of 
patches

• Data analyzed using two-dimensional plots 
and simple regression analysis



 

Phase 1:   Creating a control model

Initially, no-externality model was analyzed with 
two goals:

2. Structural verification:  does the model 
behave as expected, consistent with other 
theoretical models?

3. Establishing appropriate control variables for 
testing of externality impacts (again, 
verification)



 

The Von Thünen Outcome 

Demand Function: pu = 140.8/q 
Transportation Costs: 0.01
Externality Damage on A by U: 0
U's Aversion Distance to U: 0
Urban/Ag Setback: 0



 

Hypothetical base model

Macroscale output should be a function of 
model parameters:

2. Total surplus = f(transport costs (-), demand 
(+))

3. Urban area = f(transport costs (-), demand 
(+))

4. Land rent = f(transport costs (+), demand 
(+))



 

Total Surplus vs. Demand



 

Total surplus and demand, holding transport costs 
fixed



 

Regression results: Total surplus

Surplus = 879.428 - 292.058 transport cost+ 452.111 demand

•Rsq = 0.999581

•Total surplus is decreasing in transport costs 
and increasing in demand, as expected.

•Results could be compared to an analytical 
Alonso-style model that predicts urban extent 
and land rent.



 

Other standard results

• Urban area is decreasing in transport costs 
and increasing in demand, as expected

• Land rent is increasing with transport costs 
and demand, as expected

• Both models a good fit



 

Phase 2: Effects of externalities on economic and 
pattern outcomes

• Analyzed data set has increasing magnitude 
of “NIMBY” and U-A externalities, as well as 
other parameter variations

• Questions: 
• Are increased externalities associated with 

decreased economic welfare/fitness?

• Do externalities increase fragmentation?

• Do we see expected (potentially non-linear) 
declines in landscape efficiency?



 

Adding NIMBY and U-A  Externalities

Demand Function: pu = 140.8/q 
Transportation Costs: 0.01
Externality Damage on A by U: 0.125
U’s Aversion Distance to U: 0.125
Urban/Ag Setback: 0



 

Comparing Economic Outcomes:

Market-Clearing Rent for U: 1.05  
 
Proportion Urban Parcels: 0.189  
Average Urban Productivity: 0.788  
 
Average Urban Transport Cost: 0.056  
Proportion Agricultural Parcels: 0.811  
Average Agricultural Productivity: 0.932
Change in Total Surplus: -0.0267

Urban/Urban Aversion

Von Thünen:
Market-Clearing Rent for U: 1.006
Proportion Urban Parcels: 0.156
Average Urban Productivity: 1
Average Urban Transport Cost: 0.045
Proportion Agricultural Parcels: 0.844
Average Agricultural Productivity: 1 
Total Surplus: 3403.1



 

Comparing Landscape Outcomes

Urban/Urban Aversion:

Mean Patch Size: 2.1  
Number of Patches: 81
Area-Weighted Mean Shape Index: 1.27  
Edge Density: 38.28  
Total Edge:   392   
Mean Nearest-Neighbor Distance:   4.94

Mean Patch Size: 140 
Number of Patches: 1 
Area-Weighted Mean Shape Index: 1.183 
Edge Density: 4.0
Total Edge: 56 
Mean Nearest-Neighbor Distance: 0 

Von Thünen:



 

Regression results: Total surplus (welfare/fitness)

• Decreases with transportation costs

• Increases with demand

• Decreases with both U-A and NIMBY 
externality costs (as expected from theory)

• Rsq: 0.99



 

Regression results: Mean patch size and externalities

• Decreases with transport costs

• Increases with demand

• Increases with U-A externality

• Decreases with NIMBY

• Results are consistent with externality-
induced fragmentation

• Rsq = 0.43:  there is still more to figure out 
here; potential non-linearities and 
endogeneity.



 

Regression results: Number of urban patches and 
externalities

• Decrease with transport costs 

• Increase with demand

• Decrease with U-A externality

• Increase with NIMBY

• Results are also consistent with externality-
induced fragmentation

• Rsq = 0.74:  more here also



 

Acute need for better tools to analyze data from 
complex systems

• Data visualization
• Thresholds

• Non-linearities

• Non-monotonicity

• Data analysis
• Endogeneity between micro and macro

• Non-linear parameter relationships



 

Regression-based model validation for empirical 
models

1. Parameterize ABM using real-world derived rules and 
data;

2. Generate one or a range of model outcomes;

3. Analyze generated and real-world data using the same 
inductive model.

• If estimated model coefficients are qualitatively similar 
(coefficient sign and significance), you have qualitative 
agreement with the real world.

• If estimated model coefficients are statistically 
significantly similar, you have quantitative agreement 
with the real world (and I bet an incorrect model).



 

Hypothetical example:  Spatial hedonic models

• Planned ALMM model will use combine data from 
multiple sources on land-market agents (residents, 
developers, suppliers of parcels for conversion) in 
highly empirical ABM

• Could generate the same sort of data used for a real-
world hedonic models by Irwin and Bockstael (2002)

• Run the same regression model used by I & B on 
generated data--how do results compare?



 

Regression-based validation 

Drivers

Emergent/Pattern-based 
Outcomes

Agent Behaviors

Agent 
Interactions

Compare ABM (real-world drivers and simulated outcomes) to 
spatial regression (real-world drivers and outcomes)



 

Question 3

What are potential roles for calibration in empirical 
ABMS?



 

Calibration of micro-level agent rules:

• Calibrate micro-level rules using micro-level data 
(examples:  agricultural MP model (Balmann, Berger, 
Happe, etc.) (Also Role 1 for stats …)

• Calibrate micro-level rules using macro-level data 
(examples:  Caruso et al 2005; Evans et al. 2004)

• Both approaches assume that the underlying 
mathematical structure of decision rules in known, 
but the parameters are uncertain and case-specific.



 

Pattern-oriented modeling (Grimm et al. 2005; Grimm 
forthcoming)

• Key point is that validation targets are identified a-
priori

• Targets are patterns (emergent phenomena) at 
multiple (but higher) scales

• Recall definition of emergence from Auyang:  
outcome patterns at higher scale that are qualitatively 
different that the lower-scale entities that produced 
them.

• Remember the quilting example!



 

Pattern-oriented modeling and calibration (Grimm et al. 
2005)

• Many processes could create the same single 
observed pattern (equifinality)

• Therefore, multiple patterns at different scales are 
required to identify underlying processes

• Implicitly proposes using “inverse modeling” to select 
among competing models: again, behavioral rules are 
assumed, and a calibration approach is taken to 
choosing the best parameters (or set of parameters) 
that can reproduce the patterns 

• This approach could at least narrow down potential 
parameter sets, or rule some out



 

Caveats/worries about calibration

• In theory, Grimm’s approach could be used to 
distinguish between competing behavioral models if 
enough macro-scales patterns are available (per 
Helen Couclelis)

• This could solve the problematic parameter 
identification problem 

• But, this approaches means you need separate 
macro-level data for validation

• Calibration can be highly path dependent 

• Approach may be appropriate (micro or macro scale) 
when behavioral rules have been studied in 
experimental settings, or for models applied in 
multiple settings



 

Goals of validation (Verburg et al 2006; Manson 2003)

• Manson, answer question: “How well does a model 
characterize the target system?”

• Verburg et al: “It is not particularly useful to attempt to 
crown a model as valid, or to condemn a model as invalid 
based on the validation results. It is more useful to state 
carefully the degree to which a model is valid. Validation 
should measure the performance of a model in a manner 
that enables the scientist to know the level of trust that one 
should put in the model. Useful validation should also give 
the modeller information necessary to improve the model.”



 

The “home run” goal

• Predicting something outside the range of model 
validation is a home run--for example, location of new 
archeological site

• Predicting a macro-scale or emergent pattern not 
used for model development would be a world series 
win.

• More modestly, producing a model that assists policy 
makers/stakeholders in communication and 
consensus building could be as important.



 

How can theory and empirics work together?

• Theoretical frameworks may be used to 
develop conceptual “meta-models”

• Empirical case studies can identify outcomes 
for parameters/dynamics active in a particular 
place and time

• Coupling the two may allow us to better 
project out of sample/range of data used to 
develop models
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Definition:  Calibration

• “Calibration refers to the process of creating a model 
such that it is consistent with the data used to create 
the model” (Verburg et al 2006)

• Derivation of best-fit model parameters from real-
world data (Dawn)
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Definitions: Verification and Validation

• “Verification and validation concern, respectively, the 
correctness of model construction and the truthfulness of 
a model with respect to its problem domain. In other 
words, verification means building the system right, and 
validation means building the right system…Once a model 
is verified and works correctly, then the modeler is 
concerned with validation—comparing model outcomes to 
outside data and expectations.” (Manson from Parker et 
al. 2003) 
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Structural vs. outcome validation

• Structural validation examines whether the 
mechanisms in your model correctly represent 
real-world mechanisms: are the exogenous 
components of your model representative of the 
system under study?

• Outcome validation asks whether model output 
(endogenous components) conform with data 
derived from the real-world system
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What do researchers seek from spatial ABM?  (focus 
on LUCC) 

• Improved understanding of process, not just identification 
of drivers

• Development of integrated disciplinary models:  land-
change science and spatial social science

• Understanding of how local, case-specific conditions 
shape local outcomes

• Ability to project change and future trajectories
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Competing or complementary goals?

Potential tensions between two goals:
• Building theoretical frameworks that contribute to 

integrated theories;

• Building better empirical models for scenario analysis and 
projection

• A traditional scientific method perspective says that 
these two activities should be complementary

• My optimistic view is that the potential for 
complementarity is greater in the simulation 
modeling realm
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Shifting the debate:

• From “Should models be complex or simple?” to 
“How can each type of modeling be connected to the 
scientific method?

• From “Can we recreate macro-scale outcomes using 
micro-scale behaviors?” to “How do particular micro-
scale behaviors and interactions produce multiple 
macro-scale outcomes?”

• From “Can we reproduce macro-scale outcomes” to 
“Can we reproduce relationships between micro-
scale drivers and macro-scale outcomes?”
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Modeling to fill in process … 

Drivers

Emergent/Pattern-based 
Outcomes

Agent Behaviors

Agent 
Interactions

Often we only have data 
on drivers and outcomes
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Questions:

1. How to preserve the “Hallowed cannons of 
parsimony that have defined the scientific method?”

2. What is the role for statistical analysis in verification 
and validation of spatial ABM?

3. What are potential roles for calibration in empirical 
ABMS?
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Question 1:

How to preserve the “Hallowed cannons of parsimony 
that have defined the scientific method?”
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Optimizing model complexity (enough but not too 
much)

• Identify key sources of spatial, temporal, and behavioral 
complexity the real-world systems (What processes 
should be included?)

• Grimm et al (2005) note that pattern outcomes of 
interest should guide model development:  your model 
has to be complex enough to produce the patterns you 
are interested in.  (What outcomes are you trying to 
explain?)

• Focus is not only on drivers and outcomes, but on 
drivers, dynamics, and outcomes

• Focus put on hypotheses that relate drivers and 
dynamics to outcomes--currently underemphasized.
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Pattern-oriented modeling (Grimm et al. 2005; Grimm 
forthcoming)

• Key point is that validation targets are identified a-
priori; consideration of validation is integrated into 
research design.

• Targets are patterns (emergent phenomena) at 
multiple (but higher) scales.

• Recall definition of emergence from Auyang:  
outcome patterns at higher scale that are qualitatively 
different that the lower-scale entities that produced 
them.

• An example …
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Sources and results of complexity:

• Heterogeneity

• Interdependencies

• Linkages across hierarchies

= Emergence:  “Organization into recognizable 
macroscopic patterns” (Epstein and Axtell, 
1999)

(Note adaptation may also be important …)
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Quilting examples of emergence

Start with two very simple objects that 
are heterogeneous with respect to 

shape, size, and color … 
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Quilts, scaling up …

By defining the relationship between 
other similar objects at a very local level, 
we obtain some structure and pattern … 
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Quilts, scaling up again …

And by combining these elements, we 
create structure at a coarser spatial 

scale … 
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One emergent form …
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And another …
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Modeling these patterns

Theories to explain these patterns would be based on:

• Identification of heterogeneous object primitives

• Identification of relationships between these objects 
at multiple scales

• Identification of the processes that drive these 
relationships (harder to represent)

• Identification of alternative outcomes that could 
results from variations in any component
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POM rationale (Grimm et al. 2005)

• Patterns represent underlying structure, 
process, and function

• Goal of POM is to identify underlying 
processes (note similarity to concept of 
generative social science, Epstein and Axtell)
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What could be gained by greater formality/rigor?

• An increase structural realism in either theoretical or 
empirical models

• An a-priori focus on policy levers that may be varied 
for sensitivity/scenario analysis

• Emphasis on experimental design and testing
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Question 2

What is the role for statistical analysis in verification and 
validation of spatial ABM?
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Roles for statistical analysis:

• Create decision/behavioral rules at the agent level 
(Many nice recent examples.  Can be viewed as 
micro-scale calibration.)

• Pseudo-inductive analysis: hypothesis generation 
via inductive analysis of simulated data

• Regression-analysis based model validation:  
validation of linkages between drivers and 
outcomes
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“Pseudo-inductive” analysis for theoretical models

1. Build hypothetical causal rules/mechanisms into 
ABM;

2. Generate database of outcomes by sweeping 
model parameter space;

3. Analyze generated data using inductive methods 
that use emergent macro outcomes as dependent 
variables, and parameter values as independent.

• Hypotheses (equivalent of comparative statics or 
dynamics) are contained in the estimate 
coefficients: how to macro outcomes change as 
parameters change.

• Happe et al. (2006) take a similar approach
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Traditional scientific method:

Mathematically expressed
behavioral model

Hypotheses derived via
deductive mathematics 

or logic

Empirical testing via 
inductive data analysis 
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The “third way of science”:

Agent-based 
behavioral model

Hypotheses derived via
inductive analysis of 

simulated data

Empirical testing via 
inductive data analysis 

Simulated data generated
through multiple model runs 
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SLUDGE model summary

• Model explores relationships between land-
use payoffs, transportation costs, spatial 
externalities, and fragmented urban forms

• Simple combined CA/ABM

• Designed only to extend standard theoretical 
analytical models to two dimensions
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Outcomes of interest and data analysis: SLUDGE 
model example

• Macro-scale outcomes of interest
• Economic:  Total surplus/welfare, Urban area, 

Market-clearing rent

• Pattern-based: Mean patch size and number of 
patches

• Data analyzed using two-dimensional plots 
and simple regression analysis
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Phase 1:   Creating a control model

Initially, no-externality model was analyzed with 
two goals:

2. Structural verification:  does the model 
behave as expected, consistent with other 
theoretical models?

3. Establishing appropriate control variables for 
testing of externality impacts (again, 
verification)
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The Von Thünen Outcome 

Demand Function: pu = 140.8/q 
Transportation Costs: 0.01
Externality Damage on A by U: 0
U's Aversion Distance to U: 0
Urban/Ag Setback: 0
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Hypothetical base model

Macroscale output should be a function of 
model parameters:

2. Total surplus = f(transport costs (-), demand 
(+))

3. Urban area = f(transport costs (-), demand 
(+))

4. Land rent = f(transport costs (+), demand 
(+))
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Total Surplus vs. Demand
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Total surplus and demand, holding transport costs 
fixed
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Regression results: Total surplus

Surplus = 879.428 - 292.058 transport cost+ 452.111 demand

•Rsq = 0.999581

•Total surplus is decreasing in transport costs 
and increasing in demand, as expected.

•Results could be compared to an analytical 
Alonso-style model that predicts urban extent 
and land rent.
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Other standard results

• Urban area is decreasing in transport costs 
and increasing in demand, as expected

• Land rent is increasing with transport costs 
and demand, as expected

• Both models a good fit
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Phase 2: Effects of externalities on economic and 
pattern outcomes

• Analyzed data set has increasing magnitude 
of “NIMBY” and U-A externalities, as well as 
other parameter variations

• Questions: 
• Are increased externalities associated with 

decreased economic welfare/fitness?

• Do externalities increase fragmentation?

• Do we see expected (potentially non-linear) 
declines in landscape efficiency?
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Adding NIMBY and U-A  Externalities

Demand Function: pu = 140.8/q 
Transportation Costs: 0.01
Externality Damage on A by U: 0.125
U’s Aversion Distance to U: 0.125
Urban/Ag Setback: 0
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Comparing Economic Outcomes:

Market-Clearing Rent for U: 1.05  
 
Proportion Urban Parcels: 0.189  
Average Urban Productivity: 0.788  
 
Average Urban Transport Cost: 0.056  
Proportion Agricultural Parcels: 0.811  
Average Agricultural Productivity: 0.932
Change in Total Surplus: -0.0267

Urban/Urban Aversion

Von Thünen:
Market-Clearing Rent for U: 1.006
Proportion Urban Parcels: 0.156
Average Urban Productivity: 1
Average Urban Transport Cost: 0.045
Proportion Agricultural Parcels: 0.844
Average Agricultural Productivity: 1 
Total Surplus: 3403.1
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Comparing Landscape Outcomes

Urban/Urban Aversion:

Mean Patch Size: 2.1  
Number of Patches: 81
Area-Weighted Mean Shape Index: 1.27  
Edge Density: 38.28  
Total Edge:   392   
Mean Nearest-Neighbor Distance:   4.94

Mean Patch Size: 140 
Number of Patches: 1 
Area-Weighted Mean Shape Index: 1.183 
Edge Density: 4.0
Total Edge: 56 
Mean Nearest-Neighbor Distance: 0 

Von Thünen:
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Regression results: Total surplus (welfare/fitness)

• Decreases with transportation costs

• Increases with demand

• Decreases with both U-A and NIMBY 
externality costs (as expected from theory)

• Rsq: 0.99
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Regression results: Mean patch size and externalities

• Decreases with transport costs

• Increases with demand

• Increases with U-A externality

• Decreases with NIMBY

• Results are consistent with externality-
induced fragmentation

• Rsq = 0.43:  there is still more to figure out 
here; potential non-linearities and 
endogeneity.
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Regression results: Number of urban patches and 
externalities

• Decrease with transport costs 

• Increase with demand

• Decrease with U-A externality

• Increase with NIMBY

• Results are also consistent with externality-
induced fragmentation

• Rsq = 0.74:  more here also
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Acute need for better tools to analyze data from 
complex systems

• Data visualization
• Thresholds

• Non-linearities

• Non-monotonicity

• Data analysis
• Endogeneity between micro and macro

• Non-linear parameter relationships
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Regression-based model validation for empirical 
models

1. Parameterize ABM using real-world derived rules and 
data;

2. Generate one or a range of model outcomes;

3. Analyze generated and real-world data using the same 
inductive model.

• If estimated model coefficients are qualitatively similar 
(coefficient sign and significance), you have qualitative 
agreement with the real world.

• If estimated model coefficients are statistically 
significantly similar, you have quantitative agreement 
with the real world (and I bet an incorrect model).
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Hypothetical example:  Spatial hedonic models

• Planned ALMM model will use combine data from 
multiple sources on land-market agents (residents, 
developers, suppliers of parcels for conversion) in 
highly empirical ABM

• Could generate the same sort of data used for a real-
world hedonic models by Irwin and Bockstael (2002)

• Run the same regression model used by I & B on 
generated data--how do results compare?
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Regression-based validation 

Drivers

Emergent/Pattern-based 
Outcomes

Agent Behaviors

Agent 
Interactions

Compare ABM (real-world drivers and simulated outcomes) to 
spatial regression (real-world drivers and outcomes)
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Question 3

What are potential roles for calibration in empirical 
ABMS?
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Calibration of micro-level agent rules:

• Calibrate micro-level rules using micro-level data 
(examples:  agricultural MP model (Balmann, Berger, 
Happe, etc.) (Also Role 1 for stats …)

• Calibrate micro-level rules using macro-level data 
(examples:  Caruso et al 2005; Evans et al. 2004)

• Both approaches assume that the underlying 
mathematical structure of decision rules in known, 
but the parameters are uncertain and case-specific.
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Pattern-oriented modeling (Grimm et al. 2005; Grimm 
forthcoming)

• Key point is that validation targets are identified a-
priori

• Targets are patterns (emergent phenomena) at 
multiple (but higher) scales

• Recall definition of emergence from Auyang:  
outcome patterns at higher scale that are qualitatively 
different that the lower-scale entities that produced 
them.

• Remember the quilting example!



  

 

 50

Pattern-oriented modeling and calibration (Grimm et al. 
2005)

• Many processes could create the same single 
observed pattern (equifinality)

• Therefore, multiple patterns at different scales are 
required to identify underlying processes

• Implicitly proposes using “inverse modeling” to select 
among competing models: again, behavioral rules are 
assumed, and a calibration approach is taken to 
choosing the best parameters (or set of parameters) 
that can reproduce the patterns 

• This approach could at least narrow down potential 
parameter sets, or rule some out
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Caveats/worries about calibration

• In theory, Grimm’s approach could be used to 
distinguish between competing behavioral models if 
enough macro-scales patterns are available (per 
Helen Couclelis)

• This could solve the problematic parameter 
identification problem 

• But, this approaches means you need separate 
macro-level data for validation

• Calibration can be highly path dependent 

• Approach may be appropriate (micro or macro scale) 
when behavioral rules have been studied in 
experimental settings, or for models applied in 
multiple settings
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Goals of validation (Verburg et al 2006; Manson 2003)

• Manson, answer question: “How well does a model 
characterize the target system?”

• Verburg et al: “It is not particularly useful to attempt to 
crown a model as valid, or to condemn a model as invalid 
based on the validation results. It is more useful to state 
carefully the degree to which a model is valid. Validation 
should measure the performance of a model in a manner 
that enables the scientist to know the level of trust that one 
should put in the model. Useful validation should also give 
the modeller information necessary to improve the model.”
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The “home run” goal

• Predicting something outside the range of model 
validation is a home run--for example, location of new 
archeological site

• Predicting a macro-scale or emergent pattern not 
used for model development would be a world series 
win.

• More modestly, producing a model that assists policy 
makers/stakeholders in communication and 
consensus building could be as important.
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How can theory and empirics work together?

• Theoretical frameworks may be used to 
develop conceptual “meta-models”

• Empirical case studies can identify outcomes 
for parameters/dynamics active in a particular 
place and time

• Coupling the two may allow us to better 
project out of sample/range of data used to 
develop models
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Click to add title

• Click to add an outline


