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Abstract It is often claimed that artificial society simatibns contribute to the explanation
of social phenomena. At the hand of a particulamneple, this paper argues that artificial
societies often cannot provide full explanatioregduse their models are not or cannot be
validated. Despite that, many feel that such sitraria somehow contribute to our
understanding. This paper tries to clarify thisiitaon by investigating whether artificial
societies provide potential explanations. It isvehdhat these potential explanations, if they
contribute to our understanding, considerably dififem potential causal explanations.
Instead of possible causal histories, simulatidfes possible functional analyses of the
explanandum. The paper discusses how these two kinds explgnst@ategies differ, and

how potential functional explanations can be ageai



1. Introduction

Artificial societies are often claimed to be ex@tory (Axtell et al. 2002, Cedermann 2005,
Dean et al. 1999, Epstein 1999, Sawyer 2004, T®@efaR006). Often these claims are
ambiguous about how agent-based simulations alaredpry, and what they explain. In this
paper, | show that an important class of agentéasrulations cannot fully explain a
phenomenon. | further argue that agent-based siioutado not contribute to our
understanding of a phenomenon by presenting itsilplescausal histories. Instead, | develop
an account of possible functional explanations, slvmv how agent-based simulations can
provide such potential explanations by offeringgdole functional analyses of a

phenomenon.

Artificial societies simulate social phenomena. iimaena are things in the world that are
identifiable by the data they produce, but whioh r@rely observable themselves. For
example, the history of a tribe is a large-scat@ag@henomenon that is evidenced by all
sorts of documents: written record, eyewitnessntsppottery shards, ruins, etc. To simulate
such a phenomenon is to construct a process whigetan relevant ways imitates the

‘target’ data that represents this phenomenon.

Artificial societies simulate social phenomena vatient-based models. In such models, an
aggregate state of the simulating system is deternby the states of individual agents.
Each agent (which may represent people, firmspnadiates, etc.) is characterised by a
number of attributes and a set of behavioural riAgents ardneterogeneous, because the
model can specify different attributes for differagents. Agents areutonomous, because

their interactions are determined by their indiabioehavioural rules (e.g. when to migrate,



or how to estimate a future parameter), not byg@apal rule covering all simultaneously.
Agents influence the environment through theiratgj but are in turn influenced by the
environment they and their peers create. The stmulamitates the target data by computing
the individual agents’ behaviour in response toesamput environmental data, by computing
the effects of the individual behaviours on theismnment, and by computing the

repercussions these environmental effects havadwdual agents.

Epstein and Axtell (1996), who popularised the téantificial Societies’, showed how
manipulating the attributes and behaviour rulethefmodel agents allows the generation of
patterns akin to migration, markets, wars, etc. elav, the similarity is fleeting and can be
seen only by abstracting from many features ofweald phenomena. Because these
simulations do not imitate the target data of aastipular phenomenon, it seems implausible

to claim that they would explain any such phenomeno

This changed with the publication of papers thaieily purported to simulate particular
real-world phenomena by imitating their target d&ach simulations, it is claimeekplain
the phenomena or essentially contribute to thegitamation. By essential contribution, it is
meant that generation is necessary for explanatimogrding to the motto ‘If you didn’t

grow it, you didn’t explain its emergence’ (Epsté®n9, 43).

Section 2 presents an example of such a purpoxigdreation. Section 3 argues that the
example, as well as simulations of its kind, lattlesevidential support necessary for full
causal explanations. Section 4 discusses the dthaibhsimulations offer potential
explanations. It argues that they do not contriboteur understanding of the phenomenon

by providing possible causal histories; but instesy contribute to our understanding by



providing possible functional analyses. The diffe® between potential functional and
potential causal explanation is investigated, ardr@ for the appraisal of the right possible

functional analyses for potential functional exp@iaons are given. Section 6 concludes.

2. An Example of Generative Explanation

The chosen example purports to generatively explaristory of a pre-historical settlement
of Ancestral Puebloans (often called Anasazi) ind-&louse Valley, northern Arizona, from
800 to about 1300 AD. The computation takes astippleo-environmental data, including
meteorological, groundwater and sediment depos#ahfertility estimates for the
reconstructed kinds of farmland. On the basis isfitiput, it reproduces the main features of
the settlement’s actual history, as witnessed blgasological evidence — including

population ebb and flow, changing spatial settlenpatterns, and eventual rapid decline.

The computation from input to output is performiebtigh two kinds of intervening
variables. First, a dynamic resource landscapbkeo$tudied area is theoretically
reconstructed from the paleo-environmental datpahticular, annual potential maize
production per hectare is estimated for five défercategories of potential farming land.
Secondly, annual decisions of (re-)settlement, antivation and procreation, as well as
annual deaths of household-agents are computduedrasis of the estimated maize crop,
agents’ attributes and behavioural rules. Ageritsbates (like lifespan, vision, movement
capacities, nutrition requirements and storageataes) are

derived from ethnographic and biological anthrogatal studies of historic Pueblo groups and

other subsistence agriculturalists throughout tbddyDean et al 1999, 187).



Agents’ behavioural rules, governing movement aidaion of farming and settling sites
are modelled as ‘anthropologically plausible rui@2an et al 1999, 180) — in effect

optimization under very limited informatich.

The original model (Dean et al. 1999) employs ydimogenous agent attributes. It
reproduces ‘the qualitative features of the histdoyt yields populations that were
substantially too large. Attempts to reduce theybamon in that model by changing agent

attributes result in premature population collapse.

In a follow-up paper (Axtell et al. 2002), grealevels of both agent and landscape
heterogeneity are incorporated. Individual ageotset of fertility, household fission and
death, and harvest per hectare are drawn frommmifisstributions. Increasing heterogeneity
improves the fit’ of the model to the historicalcord. Fit is measured by calculating the
differences between simulated households and luatoecord for each period. Differences
are cumulated according to a stochastic norm (amaof the standard deviation measure).
Depending on which norm is used, optimizing the eledth respect to the distribution
parameters yields a ‘best-fitting’ model. The ‘bising’ single run of the model is depicted

in figure 1.
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[Insert here Figl.TIFF]

Fig. 1.Best single run of the model according to ltHenorm. (c) Nature 2002

As shown, this ‘best fit’ still does not accuratedplicate the historical findings. In
particular, it simulates a higher population eany and does not replicate the complete
eclipse of the settlement in around 1300. The aatpoint out that better fits can be
achieved by increasing the number of householibatés and their heterogeneity, possibly

introducing non-uniform distributions.

The authors of both papers are convinced that tes@arch contributes to the explanation of
Anasazi population dynamics:
Close fit [of the generated data to the observed]diadicates explanatory power (Dean et al.

1999, 180).

Ultimately, “to explain” the settlement and farmidgnamics of Anasazi society in Long
House Valley is to identify rules of agent behavithat account for those dynamics (Dean et

al. 1999, 201).

To “explain” an observed spatiotemporal historjoispecify agents that generate—or grow—
this history. By this criterion, our strictly engimmental account of the evolution of this society

during this period goes a long way towaxglaining this history (Axtell et al 2002, 7278).

According to these quotes, generating the histbtii@Ancient Puebloan settlement in an
agent-based simulation either explains it or attleantributes to its explanation. Crucially,
the simulation itself is claimed to carry the cahexplanatory role: it is the fit of the

generated data, or the identification of generatiggnts and their rules of behaviour, that



purportedly does the explaining. In the followihgnvestigate a number of possible accounts
for this explanatory potential of artificial soaet. The Anasazi example is helpful in this,
because it lacks, as will be shown in sectionsB4rcertain features that make other kinds

of models explanatory.

3. Causal explanation

There are some indicators that the simulation rekeas believe they are striving for causal
explanation. First, the authors of the Anasazigmbguggest that the simulation explains
what it generates: a singular event, or a serisgnglular events in time (i.e. a history). The
view that thegenerandum s theexplanandum is expressed in the above Axtell et al. (2002,
7278) quote that growing the history of this socgbes a long way toward explainitigat

history. One of the co-authors is even more explicit iothar paper:
This data set [the settlement’s history] is thgear theexplanandum (Epstein 1999, 44).

It is widely accepted that to explain an event negpuidentifying its predominant causes.
Hence, the claim that thlgenerandum is theexplanandum implies that artificial societies

strive for causal explanation.

Second, some proponents of generative explanatioa &xplicitly claimed that social

scientists do and should employ agent-based sironsato

‘seekcausal explanations grounded in the repeated interactions of agergsatipg in

realistically rendered worlds’ (Tesfatsion 2006118, emphasis).

This view is shared by some philosophers:



The parallels [of artificial society simulations]ttvcausal mechanism approaches in the

philosophy of science are striking (Sawyer 2004)22

While striving for causal explanations with artificsocieties is a legitimate goal, the
chances of reaching this goal are small. To clamifiy, let's compare the present case to a
kind of simulation that does provide causal expli@na: vehicle crash simulations. These
analyze an actual vehicle ‘system’ into its compuaggby imposing a three-dimensional grid
onto the vehicle and by measuring the relevantgnags of each grid cell. Postulating
specific impacts, they then calculate the behavadiinese components on the basis of the
eqguations of motion. The macro-effect of the impacthe whole car is thus constituted by
its micro-effects on the individual cells. Becatise computation of these micro-effects is
strictly governed by (well-confirmed) causal regiiias, the simulation offers a good causal
explanation of specific crash deformations: gives impact, it accounts for how the
mechanical forces travelled through the vehicltheospecific area, and what effects they
witnessed there. Further, it details the matemapgrties of the specific area, so that it

accounts for the fracturing of the relevant arethefwindshield, given the impacting forces.

Now, doesn’t the same account apply to the Anasaziel? No. Any account of causal
explanation requires that the causal regularitiekided in thexplanans must be true, or at
least well-confirmed. The above car crash simutakiases its explanatory potential on the
laws of kinematics, which are well-confirmed andigly believed to be true. Further, it
precisely measures the actual vehicle propertieanélogy, agent-based simulations would

have to derive their explanatory potential from aéigents’ behavioural rules applied in a



precisely specified environment. The decisive qarss what evidence one has to judge

these rules to be true.

| think we have little evidential support for thefirhe fact that they generate the
explanandum doesn’t count much, as many other rules generatmilarly well. For

example, similar results are obtained by usingviddials of varying ages instead of
households as the agents in the model (Axtell. 2012, 7278). Hence evidential support
has to come from sources different than the sinaratself. | consider three potential
sources: direct observation, well-confirmed theonyesults from externally valid
behavioural experiments. The Ancient Puebloan $pbigs long ceased to exist, and no
documents concerning the behavioural rules of tneimbers have been preserved. Direct
observation of Ancient Puebloans’ behaviour isefae impossible. The authors instead
claim that ‘detailed regional ethnographies proadeempirical basis for generating
plausible behavioural rules for the agents’ (Delaal €999, 181). Unfortunately, they do not
detail the nature of these ethnographical studeshat it remains unjustified why the results
from these studies may be transferable to the agemter study. Recent research has shown
that behavioural rules vary widely among small-s@ricultural societies (Henrich et al.
2004). In particular, this research shows that egehdifferent contemporary small-scale
societies have widely differing attitudes towardstaal help, cooperation and sharing.
Behavioural dispositions of this sort may well haignificant influences on variables
included in the simulation, like fertility, migrath and death, particularly in times of crisis. It

is therefore questionable whether the similaritgettlement features (e.g. its ‘small-scale’
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property) justifies the transfer of behaviouralukegities found in other tribes to the Ancient

Puebloans.

This leaves behavioural experiments as a souregidénce for the required causal
regularities. Some researchers indeed advocatg agperiments this way:
If we took two microspecifications as competing byyeses about individual behaviour, then

... behavioural experiments might be designed totifietihe better hypothesis

(microspecification) and, in turn, the better agmodel’ (Epstein 1999, 48).

Obviously, there is again a problem of externaidigl here. The Ancient Puebloans are
dead, and who could stand in for them in experisieatthat the experimental results would
legitimately cover this historical people as wéil#r the moment, let’s bracket this issue in
order to see another issue with experimental visiddahat applies to all artificial societies.
Behavioural experiments are performed under stdntrol of the agent’s environment.
While this feature insures the exactness of thegmxental results, it also limits the
applicability of the results to agents in enviromisedifferent from those controlled for in the

experiment.

To ensure the external validity of the relevanteskpents, one has to have good grounds to
believe that the differences between the experiraedtthe target system do not create an
error in the transfer of results from one to theeot This is a problem for agent-based
simulations, because they employ the same behalindes under extremely changing
environments. Take again the Anasazi model. Thatageehavioural rules are assumed to
remain stable throughout (at least) four fundanmbndisfferent environments: (i) in a

situation where a small group of settlers colonaesinpopulated valley; (ii) in a situation of
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rapid population increase, where farming densitgde new households to occupy low-
fertility lands or migrate; (iii) in a situation stagnation and slow decline, where
environmental factors (draught, strong winters)@@eeived as a threat and cultivated plots
are given up; and finally (iv) in a situation otaelysmic decline, where most of the
population leaves the settlement area or diestaister results of the experiment to the

target system, it would have to be shown that radribese differences mattered.

Beyond the considerable practical problems of periieg such experiments, this constitutes
a methodological problem. Results from behavioergleriments have up to today not been
synthesised to anything like a grand theory withutarities of large scope. Rather,
experiments ‘contribute to the library of phenomérat the applied scientists will borrow
and exploit on a case-by-case basis’ (Guala antbiMit2005, 511). However, such
piecemeal insights, while instructive for specdases, do not provide decisive evidence for

behavioural regularities required for artificiakcgeties.

For the sake of the argument, let's imagine thatexnents could provide decisive evidence
for such broad-scoped regularities. What sort geexnents would that have to be?
Experiments that would differentiate environmefitsely enough’ and test the behavioural
rules under all these environmental conditions. ®1th a gigantic test series, while
providing the necessary evidence, would also fisgahe role of agent-based simulations:
Because the experiments would have to be run ialthke relevant social environments,
experimental design would constriictvivo what simulation would reproduce silico. All

the interesting information could then already Eaged off the experiments, and there

would be no need for simulations anymore at alhdée there is little evidential support for
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the behavioural rules of the Anasazi model at prigesand there even are some reasons to

believe that such evidence may not be availabpginctiple.

4. Potential Explanation

If an agent-based simulation cannot be a full exggi@n for the reasons spelled out above, it
may still contribute to an explanation. Some proponents suggest as much:

If a microspecificationgn, generates a macrostructure of interest, théhacandidate

explanation (Epstein 1999, 43)

This suggestion gives a new meaning to the clabositethe simulations’ explanatory
potential reviewed in section 2. That projects lifke Anasazi simulation have ‘explanatory
power’, or that they ‘go a long way toward explagiidoes not mean anymore that they
provide an explanation. Instead, it is now suggestat they offer a contribution towards an

explanation.

It is important to be very clear about this distioe. An explanation does very important
things for us: it answers our question about relecauses, it increases our belief in the
explanandum in the right way, or it provides a deductive arguninfor theexplanandum, etc.

To be sure, it is sometimes difficult to adequatigcribe what exactly an explanation does;
but in each particular case, most of us will beedblidentify whether a certain cognitive
procedure gives an explanation or not. If it dblesn the procedure does something that is
important to us and therefore merits our attentidmwever, once one admits that a certain

procedure only contributes to an explanation, okgles a candidate explanation, it is not
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clear anymore that this procedure merits our adenthe contribution, after all, may be
insignificant, or the candidate not worthy of fuetlihought. Interpreting agent-based
simulations as only providing contributions or calades, instead of full explanations,
therefore raises the question: why bother? At lEastxplanatory purposes, these
simulations may be insignificant, and their exptamapotential is equal to nil. It is therefore
important to clarify what sort of contributions agidased simulations like the Anasazi

model make, and what kind of candidates they offer.

One way to interpret the above claims sympathéyicsato see a candidate explanation as an
incompletely developed full explanation. This ip@tation matches well with the concept of
apotential explanation, as it is sometimes used in the philosophy ofre@eUnfortunately,
what makes a procedure a potential explanatiortherenot investigated at all; or, where
proposals are made, they remain controversialll kinarefore try to clarify this notion to the

extent that it can be made useful for the presiscudsion.

Hempel provided the first and best-developed nabiopotential explanation. He defined a
potential explanation as a set of propositionsraeail the characteristics of an explanation
except, possibly, for truth (Hempel 1965, 338).sTdéfinition leant on his deductive-
nomological account of explanation: a cognitivegadure is a potential explanation, if the
explanandum is deducible from a set tdwlike statements. Statements are lawlike if they are
(i) exceptionless, (ii) if they contain purely quialive predicates, and (iii) if they have a very
wide scope. The problems with this account are lWwedwn and need not be rehearsed here
(for a concise sketch, see Woodward 2003, 154-Hitt)its rejection leaves us with the

problem that it takes away the formal conditiondquotential explanatich.
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The obvious alternative is to account for the satiahs’ contribution as providing potential
causal explanations. Modifying Lewis (1986), one may dagttagent-based simulations
contribute to the explanation of a social phenomdmpproviding information about its
possible causal histories — specifically, aboutgbssible causes that operate on the micro-
level: agents’ properties and their behavioura¢suBimulations, one could argue, are
particularly good at such a task, because theefarsearchers to be explicit about all factors
and conditions, and because many inconsistencié® imodel will become obvious when

writing the code.

According to this interpretation, simulations agorous practices of articulating the ways a
phenomenon could have possibly been produced.viAalipLipton (2001, 59-60), such
articulations may contribute to our understandihthe phenomenon. Thus, agent-based

simulations may be explanatorily worthwhile progect

However, from an explanatory point of view, suchaaticulation has shortcomings. Any
collection of such possible histories will be véagge. As Axtell et al. (2002, 7278) point
out, for example, substituting random variablestifigr current fixed parameters of nutrition
needs, birth and death rates, etc., yields sinmiaBsults with a fit as close as the original
model. Just by varying the parameters, one obtalagge set of possible causal histories.
Variation of the agents’ behavioural rules furtbatarges this set. But the larger the pool of
potential explanations, the smaller the contributim a full explanation. Singling out two or
three ways an event could have been produced getbig step closer to actually explaining
it — all that is needed is to decide between tloggi®ns, maybe by empirical evidence, or by

the explanatory virtues they have. Identifying thands of ways the event could have been
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produced, however, doesn’t get us closer to fydllaxation at all — all the explanatory work
is still left to be done by making a selection frdms huge set. The generative richness of
agent-based models is thus not an asset, but aarexsbment, as it in fact reduces their

explanatory potential.

One may wonder whether there are ways to pre-settential explanations from the vast
pool of possibilities generated by the simulatidthe use of empirical research may help in
some cases, but as argued in section 3, our cgpagerform the necessary research in
cases like the Anasazi simulation is very limitedtead, what is needed is a ‘filter’ that
selects possible causal histories through critbaaare independent from our evidence for
certain causes. If such a filter existed, the tegykmall set of alternative possible causal
histories might significantly contribute to our wrdtanding of the phenomenon. Alas, the

most natural places to look for such a filter taut to be barren.

Lipton (2001, 83-84) has argued that sometimegtagmatics of the question to be
explained may yield such a selection criterion. Midour why-questions explicitly or
implicitly come with a class of contrastive caséhen answering the question ‘why did you
shout?’, it is important to know whether the inguirmplies ‘..and not whistle?’, or

‘...instead of remaining quiet?’. To explain the gast in which the inquirer is interested,
one has to identify in which causes the contrastwents differ. Only these differentiating
(possible) causes have explanatory relevance fuaiwng the contrast. From the set of all
possible causal histories of the contrasting evatitthose histories that do not contain these
differentiating possible causes can therefore imeighted; what remains is a refined set of

the potential causal explanations of this specifictrast.
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The problem with this selection technique is tha¢quires the explanatory project to be at
least implicitly contrastive. Most why-questions/adhat form, but the researchers who
developed the agent-based simulations commonlytask such questions. Rather, as
shown in section 2, they want to explain the settiet and farming dynamics, the history
and the archaeological data. They use their simoniato answer the questibow that
history developedhow the data was generated, and they do not have artyasbin mind
beyond the ‘howso, and not inany other way?’. This renders the Lipton’s selection

technique inapplicable here.

Another approach would invokermal criteria for potential causal explanations. In shyde
of Hempel, we may hope to describe what causabagplons are, and then specify potential

causal explanations as causal explanations, muagsijbly, truth.

However, this approach is fraught with various peats. First, we do not have an
uncontroversial descriptive account of causal engtian. Various proposals exist (for
example, Salmon’s mark-transmission account, anddiard’s counterfactual account),
but each of them has its shortcomings, and, imptiytathere are many cognitive procedures
that fall under none of the theoretical accountsabe widely accepted intuitively as causal

explanations.

But even if one could agree on some such condit@sgcond problem arises — namely that
these conditions are either too wide to perform selgction, or too narrow to allow any
possible causal histories to be selected. A comifrmntroversial claim is, for example, that
causal explanations identify relevant causal meisha Early attempts to characterise

genuine mechanisms are the mark-transmission at¢®almon 1984) and the preserved-
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guantity account (Salmon 1998). These charactersgthowever, use criteria most adept
for physical processes. Although the behaviourgeings is realised by physical processes,
the agent-based simulations do not describe thegaagal processes, but instead describe
processes on a behavioural and intentional leved.therefore unclear whether any possible
history generated by the simulation satisfies ttoppsed criteria; hence these criteria are not

helpful for the selection task at hand.

More recent accounts of causal-mechanical explamaiiopt a much wider account of
mechanism. Craver et al. (2000, 3), for exampléndaenechanism as organised collections
of entities and activities that produce regulamges. Under such an account of mechanism,
it seems thadll possible histories generated by the simulationlevpass the selection task.
Thus, such accounts are not useful for the seletaisk at hand, because they are too

permissive.

Woodward’s counterfactual account characterisesataxplanation as a matter of
exhibiting systematic patterns of counterfactugdetelence. Counterfactuals describe the
outcomes of interventions: not only do they shoat theexplanandum is to be expected
given the initial conditions, but they also showhiheseexplananda would change if the
initial conditions were changed (Woodward 2003,)191hether a set of propositions is a
potential causal explanation depends ontkiariance of the counterfactual statement. A
generalising statement is invariant across cediaamges if it holds up to some appropriate
level of approximation across these changes. AsM@ight (2002) showed, such a condition
must not be expected to hold universally. Insteaneed independent evidence for the

invariance of the relevant counterfactual statesenorder to say whether they function as
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potential explanations. Given that such evidend®rsl to come by — as argued in section 3 —

Woodward'’s counterfactual account is not usefultfierselection task, eith@r.

Of course, other accounts of causal explanationsexists or may be developed in the
future that would provide better selection critdaapossible causal histories. But in the
current state of agent-based simulations, no atearp made to justify any selection
procedure — neither by the discussed nor by argr atiiteria. Instead, the possible causal
histories that are generated by agent-based siondadre little more than ‘Just So Stories’

with little or no explanatory potential.

In accordance with this conclusion, some authcgdise role of simulation in ‘explor[ing]
the theoretical structure of the data’ (Kiuippersa@ J. Lenhard (2005, 9 ), or in
‘computational theorising’ (Axtell, quoted in Ep9%5). From that vantage point, of course,
agent-based simulations are but sophisticated wlfggmulating hypotheses, and are not in
the business of explanation or potential explanatdut closer investigation of simulation
practice shows that this is not its commonly pudsgeal. Pursuing the formulation of
hypotheses with the help of simulations would regjidentifyingall the models that
simulate the target data. In particular, as Axelad argued, researchers should seek to
replicate one model’s simulation results with aeotmodel (Axelrod 1997, 33-34). But, as
he points out further, this is not at all commoagpice amongst researchers in the field.
Instead, they provide single simulation of a data set, and argue — as showedtios 2 —

that this one simulation contributes to explanation

Instead of rejecting this practice as simply midegdi, | will now try to develop a (non-

causal) account of simulations’ explanatory potntiet’s start with another simulation
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example (from climate research), where the auttieliverately falsify a specific causal
relation in their simulation models (cf. Kippergldrehnhard 2005). The relevant model was
first built using only six basic equations, whickpeess well-accepted laws of
hydrodynamics. It reproduced the patterns of wind pressure of the entire atmosphere for
a simulation period of about four weeks. After thatiod, the system ‘exploded’ — the
stable flow patterns dissolved into chaos. Conseeatttempts to correct supposed ‘errors’
of the model — inaccurate deviations of the digcnebdel from the true solution of the
continuous system — remained fruitless. Consequeht modellers gave up on modelling
the causal process. Instead, they focussed ortimgitdne dynamics alone, trying to find a
stable simulation procedure. Assumptions were thtced that partly contradicted
experience and physical theory. For example, itasssimed that the kinetic energy in the
atmosphere would be preserved. This is definitelytime case in reality, where part of this
energy is transformed into heat by friction. Moregwissipation is an important factor for
the stability of the real atmosphere. In assumiggpreservation of kinetic energy, the blow-
up of instabilities was ‘artificially’ limited, fothe purpose of reproducing the data over a

longer period than in the original model.

Clearly, this simulation does not improve our usteemnding of the causes that produced the
climate; because it incorporates at least one aakesausal relationship that we know is not

true. Therefore, it does not provide a poterdsaisal explanation. However, | think that one

still can attribute explanatory power to this amdikar simulations, if one uses a different

notion of potential explanation.
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The trick is in seeing these simulations not ayiding possible causal histories, but
possiblefunctional analyses. In the climate model, using the relevant causglitarities

alone did not yield a successful simulation ofdbtual climate data. Instead, some well-
supported causal regularity had to be falsifiedriher to achieve generative success. That
move damaged the simulation’s causal explanatomepadBut it did not damage the
simulations contribution to a functional analysigle climate system. The simulation
showed that for some reason (e.g. omission of fectoeasurement errors, etc.) the included
causal regularities did not suffice to dampen treathic instabilities of the system. By
including an artificial ‘instability-dampener’, tremulation introduced a functional
component into the simulation system that in tlz¢ cBmate system is fulfilled by one or
many separate causal factors. The simulation numks not identify these factors (for all we
know, the lack of dampening may be the resultighsimisspecifications ddll of the

included factors). Instead, it identifies a funoabcomponent missing in the existing model,
and it specifies the role of this element in theegation of the target data, in the context of
the existing model. The simulation therefore careinterpreted as providing a possible
causal history of the target data. However, itloamterpreted as providing a possible

functional analysis of its production process.

This argument can be made clearer with the he{puofimins’ account of functional
analysis. Functional analysis proceeds by analysiogpacityy of a system into a number
of other capacitie® of the system or its part such that their orgdaimeaamounts to the
manifestation ofy (Cummins 1975). Cummins’ account differs substdiytirom standard

views on functional explanation, which purport igkain the presence of an entity by
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reference to its effects (Hempel 1965, Little 19%ihcaid 1996). Cummins claims that
functional analysis explains a capaagipf a system by reference to the capacified the
system’s components. Tlegplanandum of the analysis is thus the systenging. The

explanans consists of three parts:
I. An analytical accour of the system’s/ing
il. The claim tha® involves a components ging
ii. The claim thak cang

To employ the above example again, the climatearebers constructed a computational
system that performe#d They built this system from a number of composerytz, each of
which they designed with a specific capaatin mind (e.g. ‘instability-dampener’). They
wrote a program such that the capacithgspy, ¢, when interacting properly, resulted in the
system’s¢ing. The program then could be used as a possihtibnal analysis of the real-
world climate system. It suggests an analogy betwee organisational structure of the
simulator and the real-world system. This analdgints that a computational process,
which imitates a system’s behaviour, also shasesrganizational properties. Due to their
different constitutions (symbols and functionstwsman agents and institutions) the two
systems’ dispositions will analyse into differemhpler operations. But on some level of
description, both systems’ simpler operations magdverned by the same organizational

properties in order to constitute the same disjpost as depicted in figure 2.
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Fig. 2 Computer and target system share the same organegbroperties specified by the computer program

It is correct, as Kincaid (1996, 106) has pointat] that Cummins-style functional
explanations — if they arfell explanations — are just a kind of causal explanaff o validate
the organisation of the system and the effectsoitsponents have would be to validate a
causal relation between a component and its efBettas gootential functional explanation
— improving our understanding without giving a fedplanation — providing a possible

functional analysis differs from providing a podsibausal history in at least three aspects.

First, functional analysis individuates not accogdio possible factors or mechanisms, but
according to possible functions. In the climateidation, for example, the dampening of the
accumulating instability is performed by a singtenponent. By suggesting the simulation as
a possible functional analysis of the real-woridhelte system, the researchers do not suggest
that the stability of the real-world system is prodd by a single component, factor or
mechanism. Rather, when attributing the functiothtosystem, they admit that there are

many ways the real-world system could realiseftimstion.
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Potential causal explanations, in contrast, purfmogive possible individuations of the
relevant causal factors producing #xplanandum. Causal explanation often requires getting
into the details of the causal mechanisms invothad produced the event to be explained.
This puts tighter constraints on potential caugplanations than on potential functional
ones: given what is known about the causal relaligs in the real-world climate system, a
single component that preserves kinetic energlgeratmosphere (and hence dampens
dynamic instabilities) can be excluded as a possialsal factor. Thus, while the climate
simulation provides a potential functional explamathat contributes to our understanding
of the functional organisation of the real-worlthhte system, it does not provide a potential

causal explanation of it.

Second, possible functional analyses are trandéeeaioss different causal contexts. To
illustrate this point, let me give another examplfe Ising model, which is often employed
in simulations both of the natural and the soa#&sces. The Ising model is used both for
analysing ferromagnetic systems — with referenedotthaviour of interacting atom magnetic
moments — as well as to analyse market dynamicsh—+aference to socially influenced
individual decisions (Brock and Durlauf 2001). Rmesbly, a ferromagnet and a financial
market do not behave according to the same cawsaianisms. However, their possible
functional organisation (on some level of desaonipfican be analysed with the same model,
and this model may improve our understanding of bash system acquires the capacities it

has through the interactions of its subsystems.
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Third, the driving power behind potential functiexplanations is the constitutive
relationship between capacities on different levélsictional analysis shows how lower-
level capacitiesonstitute higher-level capacities. The capacity of the Anapapulation to
disperse in times of draught, for example, is dtutsd by the capacities of the household
agents to optimise under constraints, and theia@pto move. The dispersiosnothing

but the individual movings. Thus it is wrong tointathat the movingsause the dispersion.
A functional analysis of the population dynamics igotential explanation because it
identifies these constitutive relationships, natéhese it identifies any causal relationships.
Of course, the simulation always has to make cassalmptions about the influence on the
lower-level variables as well; otherwise it cangeherate a dynamic. This is why any full
functional explanation, Cummins-style, is a variah& causal explanation. Bpotential
functional explanations propose only constitutiaiedtionships between capacities of
different levels, while potential causal explanatigropose causal relationships between

capacities of the same level.

With the notion of potential functional explanatimst developed, | can now clarify the
explanatory potential of the Anasazi simulatione ®nasazi modellers constructed a
computational system that generated the data spulation dynamic’ from the data set
‘meteorological and soil conditions’ (the systergisg). The model on which the simulation
is based specifies its subsystenysz (the households, settlement areas and farming)plots
and their capacitiegy, ¢y, . (movement, fertility, housing, crop yields, etdt)organises
these capacities in a specific ‘program’ (the b&haal rules of the households, the yield

functions of the farming plots) so that their conda operation, when fed with the
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meteorological and soil data, produce the populatiata. Thus, the program could provide a

possible functional analysis of the Anasazi setienhsystem.

However, as discussed in section 2, the progratineo1999 and 2002 simulations alone did
not yield a perfect fit; in particular, they didtreplicate the complete eclipse of the
settlement in around 1300. The authors therefoneluaded that a further functional
component had to be introduced into the model:

The fact that environmental conditions may not hasen sufficient to drive out the entire

population suggests thadiditional push and pull factors impelled the complete abandonment

of the valley after 1300. (Axtell et al. 2002, 7278 emphasis)

The authors argue for ‘push and pull factors’ fraffunctional perspective: they do not cite
independent causal regularities demanding sucbrigdiut rather argue that the capacities of

the system components alone are not sufficientadyce the system capacity.

Because they do not actually provide a simulatia that includes such a functional ‘pull’
component, and that generates results close erioubh observation data, | conclude that

the Anasazi simulations do not provide potentiakctional explanations.

Had the ‘pull’ factors been included, and had tineutation then been successful, it would
have provided a potential functional explanatioant ®ould any form of inclusion have
provided equally good functional explanations’h#ttwere the case, one could object that
potential functional explanation suffered from Haane deficit as potential causal
explanations: there would be a large number ofiples&inctional analyses, and the

provision of such a large set of possibilities wbnbt significantly increase our
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understanding of thexplanandum. Hence providing possible functional explanatiomsild

not amount to potential explanations, either.

Fortunately, this conclusion is unwarranted, aeae criteria for the quality of functional
analyses. It is useful to go back once more to Cumsymvho argues that:

the explanatory interest of an analytical accosimbughly proportional to (i) the extent to

which the analyzing capacities are less sophistictitan the analysed capacities, (ii) the extent

to which the analysing capacities are differertype from the analyzed capacities, and (iii) the

relative sophistication of the program appealed@mmins 1975, 764)

The original Anasazi models do quite well on atethcounts. The agents’ behavioural rules
are very simple and few, but they neverthelesser@aomplex population dynamic. Most of
this difference is attributable to the particulaaythe simulation has them interact. However,
simply plucking in a ‘pull’ component (e.g. assugnihat the number of emigrants pulls with
them an exponentially related number of other aembuld deteriorate the explanatory
quality considerably, as it would be too closeimdkto the population dynamic itself.

Instead, some simple behavioural rule must be fabhatlaccounts for this component. This

is where the difficulty of finding a good potentfahctional explanation lies.

Thus, the quality of its functional analyses carabgessed by the formal properties of the
simulation. This gives us a good handle for sabtgcthe best possible functional analyses,

which in turn will constitute potential functionekplanations.

6. Conclusion
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Most full explanations elucidate the causes ofetgtanandum. On the way towards such
full explanations, however, scientists use difféigrategies to build their explanations.
Often, the way to full explanations is delayed wgreblocked. This is the case with the
Anasazi simulation and similar examples: their ni®dee not and may never be sufficiently
validated. Therefore, they may never mature tdleefplanation. Despite this, many feel
that such simulations contribute to our understagndl hey provide potential explanations of
some sort, which identify possibdégplanantia. Because of the differences in explanatory
strategies, these potential explanations may diff@siderably, and may have to be
appraised in different ways, too. | argued thatAhasazi simulation and similar models do
not provide potential causal explanations. Insteaduktions of the Anasazi kind contribute
to our understanding because they provide poteuntigtional explanations. These differ
from potential causal explanations in at leastdiways. Understanding this difference will
help to explain how simulatiorgua simulations can contribute to our understandingna¥
their underlying models are not validated; andilt elp to apply the right appraisal criteria,
and hence to weed out good from deficient potefuiattional explanations derived from

agent-based simulations.
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Notes

! The underlying aim of the simulation is therefarémitate the real-world process that
produced this data (cf. Hartmann 1996, Humphreyi20

2 Of course, even homogeneous agents may be imdiffstates at any given time: for
example, they will be at different spatial locasohlieterogeneity of agents, in contrast,
implies that agents differ in their fundamentalg@osities — e.g. they rate of fertility, fission

or death.
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% In particular, the behavioural rules are: Agerase to exist if they cannot secure 800 kg of
maize for themselves annually, or if they reachraghold age. Food intake is determined by
harvest yields from farmed plot, and storage fraevipus years. Households choose to
change their farmed plots when harvest estima@setbon current year harvests) and storage
combined are insufficient for survival. Househobtt®ose most productive available
(unfarmed & unsettled) plots that are within 1.6 &ha water source. Households settle on
available (unfarmed) locations closest to farmedsplHouseholds procreate annually (after a

maturing period of 16 years) with probability ol 25.

% In any case, the Anasazi model would satisfy eeithiterion (i) nor criterion (ii).

Regarding criterion (i), there is no reason todaadithat any of these rules are exceptionless.
For example, additional criteria like kinship pnaoxiy may have been an important criterion
of farmland choice. Regarding criterion (iii), therported scope of the behavioural rules is
narrow: it only applies to small-scale subsistemegéze agriculturalists in an arid region of
the American continents. According to the D-N actptherefore, the Anasazi model would
not provide potential explanations, which is exgifcacknowledged by some of the artificial

society researchers (e.g. Epstein 1999, fn. 12).

> Salmon explicitly acknowledged this difficulty, bgave it a particular twist. In ‘Explanation
in Archaeology’, for example, he argues that caagplanation in archaeology may be

difficult because getting to the details of causakchanism is a problem - in particular,
because ‘causal explanations often appeal toenstich as atoms, molecules or bacteria’
(Salmon 1998, 359). So he interprets the inapplitabf his account to archaeology as a

sign that archaeology does not offer causal exgilama This would hold similarly for the
Anasazi simulation (which essentially deals witbhaeological data), and each and every one
of its possible causal histories. Salmon’s accdimis, seems far too narrow for the purpose
at hand.

® In addition, we have good reasons to believeithtite Anasazi simulation, the modelled
behavioural rules are not invariant. Recent re$eiato social norms shows that agents’

choices strongly depend on the social context iithvthey are made. Different social norms
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will be activated depending on how a situationnderstood (Bicchieri 2006, 93-96).
Bicchieri’s research indicates that some of thealde changes which the simulation
performs on are likely to influence the activatmfrsocial norm scripts. Take for example the
rule of farm plot choice, which specifies that heluslds choose available plots if available,
and otherwise migrate. It is, however, plausibkg tmder dense cultivation conditions,
households disregard the availability condition &glt over land plots. In these cases, a
change in availability will affect the choice ruteelf, thus undermining its invariance. Hence

Woodward’s invariance criterion would be violated.

"*Just So Stories’ are fanciful origin stories bydyard Kipling, first published in 1902.
They are fantastic accounts of how various nafuinehomena came about, for example how

the elephant got its trunk or the Leopard gotpists.
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