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Overview

Forms of explanation
Experimentation
Simulation

Artificial v Empirical

— Generative explanation

— Simulation and falsification
— Simulated Experiments

The Validity Paradox & Errors
Combining Artificial & Empirical Experiments
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Presentation Notes
This presentation is loosely based on a paper I recently published with Lin Liu in a special issue of the Journal of Experimental Criminology, co-edited by Liz Groff and Lorraine Mazerolle.  I was titled “Contrasting Simulated and Empirical Experiments in Crime Prevention.”

Following the form of modern crime simulations, the presentation has a iterative form:  it covers a number of topics by looping.  Another way of saying this is that I could not organize my thoughts in a logical manner so I repeat myself.

I will start with some basic ideas; some new and some not.  And then move on to some more advanced (or perhaps, peculiar) ideas.




Our Objective

e EXxplain how crime patterns arise.
— Crime patterns are macro phenomena.
— They can be stable or variable.
— But they are the result of micro level processes

e Using Tinkertoy theories
— Rational choice (how agents make decisions)
— Routine Activities (agent interaction)
— Crime Pattern (agent movement)



Forms of Explanation

 Equation: usually based on an algebraic depiction of
theory. If change is being explained then differential
equations are used. L(S)= 6TuOaP
(1+y

G)(1+BH)(1+eM)

o Statistical: a model is selected from a limited repertoire
and fitted to a data set. v=p +p X, +B,X,+...+B X +&
— Step 1. find variables involved and relationships
— Step 2: Generalize to an equation based explanation

 Generative: the target phenomena is grown from the
Interactions of micro entities. Theory is imbedded Iin
algorithms.

v, f ||

Based on Epstein, 2006
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As an undergraduate I was exposed to several modes of explanation.  In my symbolic logic course and in some economics courses I was taught that a theory is a formula that links some input variables to some outcome of interest.  Such as Distance Traveled=Speed*Time, or Energy=Mass*Light speed squared.  Occasionally a criminologist comes up with a formula to describe crime or criminality, but these attempts seldom catch the interest of colleagues and are quickly forgotten.  So I have used my formula for the likelihood of a crime in Situation S based on Routine Activity Theory.  

In other economics and political science classes I was taught that an explanation is a linear model fit to data.  If we did this often enough we would be able to estimate the sign and coefficient for each variable, like a natural law.  This is non-sense, of course, but we still teach it.

I was not taught about generative explanations: the explanation describes the process that grows the outcome of interest.  We will talk about this some more later.  The distinction between equation and generative explanations comes for Epstein (2006).


A Simple Generative Model

1] [2] [s 4 5 6 7

1) Start with one square;

leading face is up.

2) If 2 squares since last ©o
triangle, add a triangle,

3) Otherwise add 1 block

to leading face(s).

and so on...

Numbers show iteration.
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Lets make a short detour to understand generative explanation.  We have a simple set of 3 rules.  If we follow these rules repeatedly, we build (generate) something.  In this simple case, the thing we build is trivial and useless, but it makes the point.

Did you see this pattern coming?  Probably not.  This is an example of emergence:  a macro structure (here a honey comb pattern) created from micro interactions.  The macro cannot be understood apart from the micro, but you cannot reduce the maco down to the mico.


Epstein’s Generative Motto

If you didn’t grow It,
you didn’t explain It.

Joshua M. Epstein, 2006

Generative Social Science
page Xii
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Joshua Epstein has this mantra (and a formula too).  It is spot on.


What is an Experiment?

« Variety of definitions

« Restricted definition
— Manipulation of some input
— Observe changes in output

« Special strategies to eliminate rival
explanations
— Standardization of inputs
— Control groups
— Randomization of cases
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With these preliminaries, lets review experiments.   Some want to restrict this term to randomized control trials but any reading in the sciences will reveal that the term is very broadly applied, and includes virtually any systematic exploration of variation in outcomes that attempts to determine what may be causing the variation.  So what Campbell and Stanley refer to as non-experiments, often qualify as experiments in the larger view.

The restricted definition focuses on the experimenters manipulation of inputs to create changes in outcomes.  We impose a number of restrictions on nature to create a somewhat artificial set of conditions so as to weed out rival explanations:  in labs we reduce the number of possible inputs, and carefully regulate the size, form and duration of the inputs remaining; we use control groups to provide counterfactual conditions that reveal how the treated group would have behaved if they had not been treated; and of course, we try randomization of assignment to guarantee that the control group truly mimics the treatment group.  Since we cannot always do all of these things, the strength of our claims varies by the ability of our restrictions on nature to rule out alternative explanations for our observed outcomes.


What is an Experiment?
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Generally speaking our experiments look like this.  We have some theoretical population of subjects, from which we select (usually arbitrarily) a set of cases for examination.  These cases are then allocated for treatment or control conditions.  On occasion, we are able to use a randomization process, but often we cannot.  We then measure the outcome before and after the treatment, for both groups and compare the change in outcomes.  The fewer the pre-treatment differences between the groups, the stronger our conclusions that the treatment caused what ever post-treatment outcome we observe.




Some Issues

To what degree has the experimental intervention
captured the meaning of the theoretical construct?

To what degree are the cases tested like the cases one
encounters in nature?

To what degree can we attribute changes in treated cases
to the treatment?

To what degree are results generalizable to other
experiments or real world application?
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Experimentation is a powerful method for exploring the world, but it is not perfect.  We want a tight connection between the restricted world of our experiment and the broader world we are interested in describing.  We want to be sure that the outcome changes we see are due to the treatment, and not some contaminant.  And we want to make inferences back to the larger world from the experiments results.


Why We Experiment
 Determine how the real world operates
* Learn what can change the real world

e Test assertions of causal connection
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It should go without saying that we do this, not because we are interested in the arbitrary set of cases in our experiment, but because we want to see how the real work operates and learn about how we can change some part of the world.  In short, we are interested in causal connections.


What’s a simulation?

We create an artificial world based or real
world.

In this artificial environment
we manipulate parts
to see how other parts change.

Then infer back to real world.

We know who these guys are even

though they are unrealistic.
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So what about simulations.  Here we create a totally artificial (cartoon) world that is loosely based on the real world.  It is a severely stripped down world which we can use as a laboratory.  In this artificial environment, we systematically make changes and examine the outcomes.  But in this artificial world, we do not need counterfactuals.  We can rerun the world without the change, or with another change.  And we can do this repeatedly.  As often as we like.  We know exactly which inputs changed, because we have god like control over this cartoon world.  

The reason this is interesting is that we believe we can make inferences back to the real world.  If this is difficult with empirical experiments, its more so with simulations.


Why Bother to Simulate?

We cannot see the mechanism operate
— (e.g., how the sun works)

Process is extremely complex (many variables, non-linear
relationships, over multiple levels)

— (e.g., global warming)

The process occurs in exceptional time intervals:
— fast (e.g., explosions)
— slow (e.g. evolution)

The empirical data is filled with error
— (e.g., the rise and decline of early western American cultures)
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So why bother to do this (except for the joy of gaming)?  There are a number of reasons.  Here are four prominent ones, each one illustrated by examples drawn from cosmology, earth science, physics, biology, and anthropology.


Artificial v. Empirical: Round 1

Artificial

e Setting Is fake
 Intervention is fake
* Agents are fake

e Relations among
agents are fake

e Connection to reality
IS Imagined

Empirical

e Setting is...? (field & lab)
* Intervention is real
 Agents are human

* Relations among agents
are often unknown

e Connection to reality
IS ...7?7


Presenter
Presentation Notes
So lets make our first set of comparisons between artificial and empirical experiments.
Artificial experiments clearly operate in fake setting.  But many empirical experiments have aspects of this too (psyc tests on undergrads)
The intervention is fake in artificial experiments, but is real in empirical experiments, even if the setting is a stripped down version of reality
Agents are fake in one and real in the other
The same is true of the relationships among the agents.
And the connection to reality is dubious with artificial experiments.  But this is sometimes the case with empirical experiments.


Artificial v. Empirical: Round 2

Theory of a set how an outcome is produced

Acrtificial @Operaﬂonahzaﬂon& Empirical
Write code describing theory Create reduced variable
D envEment
Manipulate settings in code Manipulate inputs
Observe variation Observe variation
In outcomes In outcomes
Compare outcomes to Make inferences to

real world outcomes actual operations
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Here is another way to compare the two types of experiments.  These two processes look very similar.  The primary differences are that the artificial experiment creates a process (to mimic the world) that generates an outcome, where as the empirical experiment uses the real world processes, but removes elements that could get in the way of causal inference.

So what is this generative process?


Generating v Estimating

no
Take inputs, Are we : Compare
do something with them, pm  done A Examine * output to
send it back as an input yet? yes output empirical
P data
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theory 0rocess assessment
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So using this simple example as a template, we can see that generative explanations (the heart of simulations) take an input, manipulate it, feed it back and so on.  At some point we stop and look at the output and compare it to some real world phenomena we are interested in explaining.  If they are similar, we can claim our process could be operating in the real world.

In contrast, when we estimate using empirical information we select out a few variables we believe might be causing the outcome of interest, collect data that measures these variables, fit the data to some predetermined function, and then compare the fitted function to the data.


We are Too Data Reliant

Our sources are often ignorant —e.g. victims.
Our sources often will not speak —e.g. ¢j agents.
Our sources often lie —e.g. offenders

Our interrogation methods are limited —e.g. surveys.

Why would we expect our data
to tell us the truth?
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The standard way of explaining in criminology is data intensive, but what do we know about this data?  We know its bad.  Its bad not because we are not good at collecting data:  for the most part we are.  And its not bad because we have not paid attention to measurement issues:  mostly, we have.  It is inherently bad.  Its badness is bound up in the nature of the subject matter.  We deal with people who do not tell the truth, do not know the truth, or simply will not reveal the truth, and our abilities to get past these barriers to the truth are limited.


Artificial v. Empirical: Round 3

concern
over
thinki

erro

Artificial/Computational Criminology

Concern

over
measure
error

Think twice measure onc
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We might think of research as having a balance between thought (ideas and theorizing) and data (measurement and analysis).  We use the data to correct the errors in thought.  But what if the data is fraught with error?  Perhaps thought corrects these.

But in fact these two ways of exploring make very different assumptions about where the worst errors lie.  Empirical research is data hungry, but in criminology, thought light.  Simulations are thought hungry and data light.  Because each assumes there is a greater risk in the thing they do not eat.


Artificial v. Empirical: Round 4

Validity

Construct

Internal

Statistical

External

Application

Empirical

Variable,
Strong on measures

Variable,
but clear standards
Variable

Difficult to judge

Unknown

Artificial

Variable,
Strong on processes

High,
but threats from software

Variable

Difficult to judge

Unknown
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Here is another way to compare artificial and empirical experiments.  We can use the criteria develped by Campbell and Stanley and their followers to see how each fare.
Construct validity:  both can be strong here, but there is nothing inherent in the method that guarantees it.  When they are strong, they have different forms of construct validity.  Empirical experiments can be strong on measures, but because they do not reveal mechanisms easily they are less useful for processes.  Artificial experiments are all about process, so if they are strong, this is where they will be strong.  But they do not measure constructs, so they are weak on that.
Internal validity:  empirical experiments vary a great deal, but there are good designs standards for assessing the strength.  Artificial experiments are very strong here:  by virtue of the god like powers of the experimenter, there are almost no internal threats.
Statistical validity:  neither form of experiment speaks to this.
External validity: this is the Achilles heal of all experiments.  Artificial experiments need to generalize to other artificial experiments and the real world.  One suspects that simulations are more vulnerable here.
Application:  This is my term for the validity of inferences to real world application.  There is some research on this in medicine, but little in CJ.  We really do not know if the randomized controlled trials (or other designs) produce results a practitioner can receive.  One suspects not.  And the same goes for artificial experiments.


Cute, but is it Science?

* Popper’s boundary between science and
non-science: falisifiability.

« A procedure that can show a statement Is
false, Is a scientific procedure.

* Not all such procedures require data:

— Mathematics
— Logic
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Now, by this time, you might be asking yourself how simulations can be scientific if they use so little data to verify their conjectures?  The answer comes from Karl Popper’s distinction between scientific statements and non-scientific statements.  A scientific statement is in principle, falsifiable.  It can be demonstrated to be wrong.  Non-scientific statements cannot be.  This suggests that any procedure we have that can assist in falsifying a statement, is a scientific tool.  


How Simulations Can Falsify?

e Assume simulation S is a formalization of
theory T and T describes how Y is formed.

e Can simulation S generate outcome Y?
— If “yes”, then T is sufficient for Y.

— If “n0”, then T is insufficient for Y, and
— T Is false.

e But, there may be a theory R which iIs also
sufficient for Y...
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Doesn’t falsification require data?  No.  We can show an algebraic statement is false without collecting data, just as we can show that a logical argument is invalid without challenging the truthfulness of any of its assumptions.

With simulations, in fact, do use data.  We usually have a target outcome in nature we want to explain.  We compare this to the simulated outcomes.  If we can match a simulated outcome to a real one, then the process imbedded in the simulation is sufficient to produce the outcome.  If not, its insufficient and we can reject it:  we have falsified it.

But just because its sufficient does not mean its necessary – some other process could also have created the outcome.  Empirical tests are required to sort out these sorts of results.


Simulated Experiments

Create simulation of process
Systematically alter settings
Examine results

Examples from SPACES

— Change offender learning — does offender adaptation increase crime?

— Change victim learning — does victim adaptation decrease crime

— Change police patrol method — does police strategy influence crime patterns?
— Change target density — does increased density create guardianship?

* SPatial Adaptive Crime Event Simulation
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At the University of Cincinnati, Lin Liu’s graduate students have created a crime simulation platform called SPACES: SPatial Adaptive Crime Event Simulation.  We used Environmental Criminology theories to create a flexible world where offenders and targets and police interact.  Rational choice informs decision making rules.  Routine Activity Theory informs situations where crimes can and cannot occur, and the types of prevention possible.  Crime Pattern Theory informs the movement patterns of targets and offenders.  Policing strategies can be altered to mimic standard policing, neighborhood patrols, hotspots policing, and some elements of problem-oriented policing.  Our students in last winter’s class have explored a number of topics- some will be presented at ASC this fall.


Example: Target Learning & Crime

crime

Slow learning targets do not adapt
They get repeatedly victimized
Crime high relative to rapid learning learning

crime

High learning targets adapt

They move away from crime sites
This decreases density, reducing guardianship '®mind
Increasing victimization

Combination \/

learning

crime
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Here is the kind of problem we can examine.  Notice that real world experimentation is impossible here for both technical and moral reasons.  We can alter the learning capability of agents (in this case targets) and see what happens.  We can do this for the entire population of agents, or create heterogeneous populations.  


Crime Simulation Validation Paradox

 Crime data Is highly error prone
e Simulation generates results
 Compare simulation to empirical patterns

* Do not match
— Is the simulation wrong?
— Is the data wrong?
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So how do we know the simulation is valid?  We have to compare it to real world patterns.  But if the patterns we observe in the world are error prone, aren’t we at risk of creating a false negative?  Falsifying a true theory because of bad data.


Simulating Etror

simulation of crime
pattern

simulation of

crime data errors

human eye view od gods’ eye view of
of pattern hidden patterns pattern
= T~
yalidate
simulation T~ — = data flow

<:> comparison

empirical pattern
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Here is my hair brained scheme.  If the simulation gives a god’s eye view, then we are going to compare a god’s eye view to a human view.  That is not going to be helpful.  Can we intelligently crap up the simulation results to mimic the human eye view?  In principle, yes.  If we know enough about how the errors are created, we can filter the simulation data through a dirty data simulator and get an approximation of a human eye view.  We then compare this to the empirical pattern for purposes of validation.  If its reasonably valid, then comparing it to the uncrapped up pattern could reveal some hidden patterns that can be explored with other empirical research.  These hidden patterns are only hypotheses—they need to be examined empirically.


Example of Simulating Error

simulation of crime
event

,

P(report)

N\

# prior victimizations

Random error

human eye view
of pattern
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Here is a closer view.  The dirty data simulator might be based on the notion that reporting of crime is a function of two things: how many times previously the agent has been victimized and random error.  These become the dirty data filters.  We can imagine a number of other filters that could be added:  event seriousness, for example, or the race and gender of the target.  The functional forms of the error generating mechanisms will be important.  So while this idea is in principle feasible, it will take some research to implement it in practice. 


Some Uses of Simulation in
Empirical Experiments

Improving theory by formalizing

Specifying mechanism

Elimination of insufficient theories

Generating expected outcomes of intervention
Revealing hidden patterns

Estimating time to impact

Estimating time to wear off
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Here are some things that simulation work can assist us with in crime science.  I start with some general contributions and work my way down to some practical findings.


Improving Theory by Expanding
Methods

What we're taught What really happens

9

¢ pEms 3
Qe? NEW METHODS EXPAND THEORY! g
$

v

Theory Theory

Theory drives data & analysis Limits on data & analysis constrain thought
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Let me end on a more ethereal plane.  I have found that working with simulations -- having to imagine them and describe theory in ways that make it possible for the programmers to create them – has changed the way I look at the world.  My entire thought process has changed over the last decade.  I no longer think like I did before.  Things that seemed obvious before, now seem dumb.  And new ideas that were impossible before become both possible and obvious.

Research can be depicted as a triangle with three important parts:  theory, data, and analysis.  We teach that theory drives our choice of data and the analysis we apply to it.  But my experience is that the data and the analysis methods we have available constrain our theorizing.  When we a new methods, we expand the possibility of how the world can operate.  And the more radical the new approach is relative to the standard methods, the greater that expansion.  For me, simulation is worth doing just because it helps me think in new, and I hope, better ways.
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