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Abstract: In this paper | tackle the question of how mechanisms can be representedavathisal graph
framework. | begin with a few words on mechanisms and some of their characteristidigsopdahen
concentrate on how one of these characteristic propestigs,the. hierarchic order of mechanisms
(mechanisms frequently consist of several submechanisms), can be represented withgal agraph
framework. | illustrate an answer to this question proposed by Casini, lllari, Russo, & Williamsong2011)
demonstrate on an example that their formalism, though nicely capturing the hierarchic order ofsms¢hani
does not supportwo important features of nested mechanisms: (i) a-mechaisobmechanisms are
typically causally interacting with other parts of said mechanism, ahdn{grvening in some of a
mechanism’s parts should have some influence on the phenomena the mechanism as a whole brings about.
Finally, | sketch an alternative approach capable of taking properties (i) antb(&ccount and demonstrate

this on the above-mentioned exemplary mechanism.

1. Introduction
In many scientific fields phenomena are explained and/or predicted by pointirggratunderlying
mechanisms. Such mechanisms are thought of as concrete entities located at specifit regémestime

which producehe respective phenomena. They are characterized by formulations like the foflowing:

A mechanism underlying a behavior is a complex system which produces that behavior by of

T This is a draft papefhe final version of this paper is published under the following bildjsigical data: Gebharter,
A. (2014). A formal framework for representing mechanisnmRfiilosophy of Science, 81(1), 138-153.
doi:10.1086/674206Copyright 2014 by the Philosophy of Science Association. All rightsweder

I An earlier version of this paper won a best paper award &8"tteternational Conference of the Association for
Analytic Philosophy (GAP.8).

! For alternative formulations see, for example, Bechtel & Abrahan@®b), lllari & Williamson (2012), and
Machamer, Darden, & Cravé2000).
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the interaction of a number of parts according to direct causal laws. (Glennan, 1996, p. 52)

According to mechanists, mechanisms are dynamic causal systems; they arecautigitang of several
spacio-temporally arranged and interacting parts producing certain behavior. Bessde properties,
mechanisms are oftentimes (but not always) self-regulating systems includinigof feedback loops.
Typically (but not necessarily), they are also hierarchically organizadttiey consist of several interacting
submechanisms which may themselves be built up of submechanisms etc.). The moveniglkout the
structure of these submechanisms, the more accurate the predictions of the phehesgenzechanisms
bring about will typically be.

Although characterizations, like the one formulated by-Glennan (1996) above, diecigtguite clear,
they are not as helpful as one may hope for when it. comes to quantitptieeise explanation/prediction of
phenomena of interest. This deficit can easily be seen by means of the following eXdrapjeestiorof
why a car speeds up when the gas pedal is pressed can be answered by pointingiatdesaunderlying
mechanism (i.e., the motor and how it is connected to.the gas pedal, ths, ilreajas tank, etc.), but
guestions including numerical details like why the acceleration of the aantien the gas pedal is pressed
with pressurg cannot be answered that easily. The answer to a question like the latter redoiresalism
capable of capturing/computing the numerical details/effects of specific manipulatgaid afechanism.

Such a formalism must be able to represent the above-mentioned characteristic pafpagEsmnisms
in an adequate way. In a (2011) paper Casini, lllari, Russo, & Williammsipose to model mechanisms on
the basis of so-called recursive Bayesian networks, which were origina®joded by Williamson &
Gabbay (2005).to model nested causal relationships. In doing so they focus on an adprpssptation of
the hierarchic structure of mechanisms and represent submechanisms by means of a Bamygsian
network’s vertices. | will briefly introduce the formal preliminaries needed to takeloser look at their
approach and explain their account on a very simple exemplary toy mechanism2n lgesec. 3 | will
highlight two problems with Casirgt al.’s approach: Their approach does (i) not allow for a graphical
representation of ko a mechanism’s macro variables are causally connected to the mechanism’s causal
micro structure, which is essential when it comes to mechanistic explanatioi,(@ntbads to the fatal
consequence that a mechanism’s macro variables’ values cannot be changed by any intervention on the

mechanism’s micro structure whatsoever, and thus, contradicts the fact that scientists regularly perform so-
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called bottomap experiments to investigate which are the mechanism’s constitutively relevant parts. In sec.

4 | present an alternative approach for modeling nested mechanisms: Submechanisms shaaild not b
representedy means of a causal graph’s vertices, like in Casiniet al.’s approach, but rather by means of a
causalgraph’s edges. | finally demonstrate on the above-mentioned exemplary mechanism that this approach

does not fall prey to problems (i) and (ii).

2. Bayesian networks, recursive Bayesian networks, and the RBN appr.oach

A Bayesian network (BN) is a triple(V,E,P) that satisfies theo-calledMarkov condition (MC). G =(V,E) is

a graph whosevertices (i.e., the elements d&f) are random-variables that may take a number of different
values, whileE is a binary relation oV (E < V x V) E’s elements (X,Y) are callededges and can be
graphically represented via different kinds of lines and/or ariou& A BN’s associated graph is always a
directed acyclic graph (DAG), i.e., a graph whose edges are arro¥s>Y).and thatdoes not contaira

substructure of the fordd—...—X. P is a joint probability distribution over the random variable¥.in

QD Markov condition: (V,E,P) satisfiesMC if and only ifINDEP(X,V — Des(X)|Par(X)) holds for

all XeV. (Spirtes, Glymour, & Scheines 2000, p. 11)

‘Des(X)” stands for the descendants (i-e., the successoxanaraphG = (V,E), ‘Par(X)’ for the parents
(i.e.; the direct predecessors)>oin graphG = (V,E), and‘INDEP(X,Y]2)’ for probabilistic independence of
X andY conditional ornZ (i.e.,;P(xly,2 = P(x|2) for all X-, Y-, andZ-valuesx, y, andz, respectively, provided
P(y,2) > 0). BNs can be causally interpreted, i.e., they can be understood as a certain type ahodakal
When doing so, a BN’s associated graph G represents the system of interest’s causal structure. ‘X—Y’ in
such acausal graph G stands forX is adirect cause of Y in G’, and a chain of (one or more) arrows (i.e., a
directed path) going fromX to Y for ‘X is a (direct/indirect)cause of Y in G’. A structure of the form
Xe—...—Z—...—Yis called acommon cause path betweerX andY.

When one uses BNs for causal modeling, also MC is causally interpreted. Wnohersal interpretation

MC becomes theo-calledcausal Markov condition (CMC) that is satisfied by a causal mo@€|E,P) if and
3



only if every XeV is probabilistically independent of all its non-effects conditional on iectitauses (cf.
Spirteset al., 2000, p. 29¥.

The graphG = (V,E) of a BN satisfying MC/CMC determines the following Markov factorization:

(2)  P(a,....xn) =i P(x[par (X))

A recursive Bayesian network (RBN) is a BN in which the values of variables Vhcan be BNs
themselves. Such variables are calletivork variables, while variables that do.not have BNs as values are
called simple variables. Casiniet al. (2011) suggest to represent a mechanism by an REHP) and a
submechanism by a network variaideV whose values are BNs representing the possible states of this
submechanism. They propose, in addition to the causal. interpretatiMCpfan additional modeling

assumption, theecursive causal Markov condition (RCMC):

3 Recursive causal Markov condition: . (V,E,P) satisfies ‘/RCMC if and only if

INDEP(X,NID(X)|DSup(X) u Par(X)) holds for allXeV. (Casiniet al., 2011, p. 11)

NID(X) is the set’ohon-inferiors-or-descendants of X, i.e., the set of random variables that are neither
inferiors nor descendants Xf Theinferiors of X are the variables of a lower-level BN representing states of
the submechanism describedXwgt the higher level, the variables of the lower-l&&&k representing states
of sibmechanisms of th submechanism, etBSup(X) is the set ofiirect superiors of X. DSup(X) contains
those variables of the next level BN representing a submechanism whose states are described by lower-
level BNs includingX. (For an illustration of these notions see the water dispenser example introduced
below.) Casiniet al. (2011, sec 4) suggest to interpret the inferiority/superiority relation asstitotive
relevance in the sense of Craver (2007a, 2007b).

Let me now briefly explain how probabilistic interlevel explanation/prediction svarkCasiniet al.’s

(2011) RBN approach. One therefore needs to défire{Xy,....Xm} asthe RBN(V,E,P)’s variable seV

2 CMC is the generalization of an idea that can be traced back to Reichan{i®&6) bookThe Direction of Time:
Correlated effects are screened off each other by conditionalizing ordh@inon causes; effects are screened off their
indirect causes by conditionalizing on their direct causes.

3 ‘par(X;)’ stands for the instantiation ¥f’s parents to their values x,...,X» on the left hand side of the equation.
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under the transitive closure of the inferiority relatfdret N = {X1,...,Xj} be the set of network variables in
V. Then for every instantiatiom = X1,...,Xx Of network variables ifN a simple BN can be constructed: the
flattening of the RBN w.r.tn (nd). The nodes of this new Bl are the simple variables \htogether with
the instantiations = x1,...,Xx of the network variables iN. nd’s set of edges contains an arrow pointing
from X to Y if and only if X is a parent or direct superior %fin the RBN.n{’s probability distribution is

determined by the following equation:
4) P(xi|par (X:),dsup(Xi)) = Pyi(xi[par (X)), whereX; are the direct superiors &f.

The flatteningsi! of an RBN determine a unique probability distribution over {X,...,Xm}'that allows

for quantitative reasoning across the diverse levels of the mechanism represented by the RBN:
(5)  P(xa,....xm) =ITi P(xi|par (Xi),dsup(X:))

Let me now briefly illustrate how the modeling approach proposed by Gashi (2011) works on a
very simple toy examplejz the water dispenser mechanism. This device normally dispenses cold water and
water close to the room temperature when its tempering button is pressed. The wateerdspene

represented by an. RBN whose top level graph'is depicted in figure 1.

©
\
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Figurel Figure2

T represents the room temperatBes 1/0 stands for whether the tempering button is pressed or not, and

4 Thetransitive closure R* of a binary relationR can be defined a&* = {(u,v): Iws,...,3IWn((UW) R A... A (Wn,V)eR)}.
5> The probabilitie(xi|par (X;),dsup(X;)) on the right hand side of this equation are determined by the flatiedinged
by x1,...,Xm.
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W for the temperature of the water dispend2ds a network variable that represents a submechawmizm,
the water dispenser’s water temperature regulation unit. This regulation unit consists of two lower-level
parts: a temperature sens® @nd a heaterH). D has two possible value8N; (water temperature is
regulated and thus, one gets water close to the room temperaturdNan@vater temperature is not
regulated and cold water is dispensed as a re@Nkand BNy are two BNs with the same topological
structure (depicted in figure 2), but with different associated priyatdistributions. If D = BNs, then the
heateris working on a level corresponding to the input of the temperature senfbe BNy, thenH is
probabilistically insensitive t& Note that the singleton &F is the set of direct superiors fandH ({ D}=
DSup(S) = DSup(H)) in our exemplary mechanism, whil§f} is the set of inferiors dd ({ SH} = Inf(D)).
When one wants to use the RBN approach for probabilistic predictions acrossethefer mechanism,
one first has to constructetl®RBN’s flattenings as described above. Figure 3 shows the flattening of the RBN
w.r.t. D = BN:. Note that the two interlevel arrows frobh to S and fromD to H stand for the direct
superiority/inferiority relatioh and should not be causally interpret&€hand H are not effects ob, they
rather stand for constitutively relevant parts of the submechanism represebte@ddindicate this fact, the

arrows are dashed in figure 3.

'
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Figure3

According to (4), the conditional probability distribution of this flatterimg(T), P(B), P(D = BNy) = 1,

81f such an interlevel arrow is pointing from a variaifléo a variableY, thenX is a direct superior of andY is a direct
inferior of Xin the RBN. If a directed path of such interlevel arrows is gbimm X to Y, thenX is a (direct or indirect)
superior ofY andY is a (direct or indirect) inferior oX.
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P(WD = BNy), P(S = Pp - sna(9), P(H) = Po - ena(H[S). The conditional probability distribution of the
flattening of the RBN w.r.tD = BNp is P(T), P(B), P(D = BNg) = 1,P(W|D = BNg), P(S) =Pp=sno(S), P(H) =
Po -=eno(H|S). According to (5), the two flattenings of the RBN determine a jaiobability distribution over
V = {T,B,D,W,SH}, viz. P(T,B,D,W,SH) = P(T) - P(B) - P(D|T,B) - P(WD) - P(SD) - P(H|SD), where the
probabilities on the right hand side of the equation are determined by the flaitehiogd byT,B,D,W,SH.
This probability distribution can be used for quantitative prediction acrossvthkevels of our exemplary

mechanism.

3. Two problemswith the RBN approach

Let me now expose the two deficits of the RBN appraatiounced in. sec. 1. Problef): While RBNs
clearly allow for quantitative reasoning across the diverse levels diamisms, they do not tell us how
exactly submechanisms are causally connected iorttezhanisms. In case of the water dispenser example,
for instance, the RBN graph does neither tell us howandB causally influencé&andH, nor howSandH

are causally relevant fa, i.e., there are no arrows between those variablés RBN’s graph and it is
unclear over which causalpaths probabilistic influence ffandB is propagated through the mechanism’s
micro structure toV. But is the graphical representation of such causal information require@ latitihot
sufficient that the RBN captures the probabilistic dependencies between atfebles inV =
{T,B,D,W,SH}? The answer to this latter question is a negative one. One of the reasthnis fe simply

that mechanistic explanation requires information about how exactly, i.e., over w#hishl pathways,
certain inputs to. the system influence the mechanism’s micro structure and how changes in this micro
structure bring about the phenomenon (or phenomena) of interest at the masttwes{cf., e.g., Bechtel,
2007, sec. 3).In causal models thimformation is typically provided by the model’s associated probability
distribution together with its graph’s topology. lllustrated on our example: If our RBN model adequately
represents the water dispenser mechanism, then the information that thenigtoygion is not presse@ &

0) will screenW off from T. (The room temperature is only relevant for the temperature of the water

dispensed when the tempering button is prey3déet RBNs associated probability distribution may give us

" There is an analogy in the discussion on scientific explanation: ptaigrg an event; by referring to an earlier
evente;, knowing thate; increase®,’s probability is not enough; what one in addition has to know is that e is causally
relevant toey, one has to provide a model that shéwww e, cause® (cf. Salmon, 1984; Woodward, 2011, sec. 4).
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the correct probabilistic dependencies/independencies, but its graph doesvinat fv® causal information

to mechanisticallyexplain this probabilistic behavior. So the model does not tell us that the probabilisti
influence ofT on W breaks down becau&e= 0 fixes the value dfi andbecause H lies on the only directed
causal path front to W.

The representation of such causal informatiothe model’s graph is not only important for mechanistic
explanation, but also when it comes to questions of manipulation analcéRtrely probabilistic models
cannot distinguish between observation and manipulation; cf. Pearl 2009, sec..1.3.1). fto éxample,
could weintervene on the mechanism’s micro structure in such a way that wean amplify or decrease
certain external influences? If we want, for instance, to increase wadet’s causal effect on Win our
exemplary mechanism, then the information (which is not captured by thésRBidh) that S lies on a
causal path front to Wis crucial. Such knowledge tells us that we can increase/dedraagéct on W by
manipulatingSin certain ways, e.g., by putting an additional heat source to the Smsloy coolingS?

Let me now illustrate problem (ii), which is presumably the more striking otteedfvo problems for the
RBN approach: Recall that the probability distribution that allows for probabilestisoning across all levels
of a mechanism is constructed via the flattenings of the RBN (see sec. 2). Formoplaexenechanism this
probability distribution would bé&(T,B,D,W,SH) = P(T) - P(B) - P(D|T,B) - P(WD) - P(SD) - P(H|SD),
where the probabilities on the right hand side of the equation are deternyitieel fattening induced by
T,B,D,W,SH. This probability distribution can be captured by a BN with a graphhi&ehe depicted in the
box in figure 4. (Again, the continuous lines could, while the dashed ones should not be causallyeihjerpret
Now _assume that one would, for example, interven& by means of an intervention variablle Such an
intervention onS would, and this can directly be read off the ‘Bhksociated graph’s topology (depicted in

figure 4), not have any probabilistic influence on any macro variable at all.

8 Note that such amplification and/or decrease of a certain variable’s influence on another one is not possible by means
of so-called surgical or ideal interventions in the sense of Pearl (80@podward (2003); but it is by means of soft
interventions (cf. Eberhardt & Scheines, 2007).
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So, according to the RBN approach, interveronga mechanism’s micro variables does not have any
probabilistic influence on any one of the macro variables whatsoever. This daggynodntradict what we
observe when lookingt the (bottom-up) experiments scientists perform; it is also inconsistenbmétiof
the core features ahechanisms: A mechanism’s macro and its constitutively relevant micro behaviors
should be mutually manipulable (cf. Craver 2007a, 2007b). Note that the inferaatiom is explicitly

intended to represent.constitutive relevance within the’'RBN approach (cf. @ai@011,sec 4).

4. An alter native

Let me now propose an alternative to Casinal.’s (2011) method for representing nested mechanisms.
Instead of BNs | use causal mod&kE,P) whose graph§& = (V,E) are not restricted like the ones of BNs.
In particular, the causal grapds= (V,E) | use can contain two kinds of edg#s>Y, which means that is

a direct cause of in the graph, an&«Y, which means thaX andY are effects of a latent common cause,
i.e., a cause oX andY not represented within the graph’s variable set V.° Contrary to Casinét al., | suggest

to represent mechanisms not by means of variables, but by meamasisalf arrows. So the simplest

® Note that the graph of a causal model that contains bidirected arrows doasymaire determine the Markov
factorization (2). Causal models containing bidirected arrows will typieédiate the Markov condition (1) as well as
its causal interpretation, i.e., the causal Markov condition.
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representation of a mechanism’s top level would be a causal modéV,E,P) with graphical structur&—Y or
XY, In the first caseX would be the mechanism’s input, Y its output, and the arrow ‘—’ would stand for
the (not further specified) mechanism at work. In the latter ¢asad Y would both represent different
outputs produced by one or more not further specified (and maybe yet unknown) common caagesgeAl
‘>’ would stand for the mechanism at work.

To represent the mechani&meausal micro structure one can novassign a second causal modethe top
level cawsal modekV,E,P) that specifies how exactly probabilistic influence betwgemdY is propagated
through the mechanism’s causal micro structure. Both causal models-must fit together with respect to the
causal information contained in their associated graphs as well as with résptw probabilistic
information stored in their associated probability distributions. This is guadeloyetihe following notion of
aredriction of a causal model. This notion is basically a slightly modified versiostafl’s (2005, p. 1]

notion of a restricted graph complemented by conditions for bidirected arrows:

(6) (V,E,P) is aredriction of (V* ,E* P*) if and only if
(@) VcV*, and
(b) P*TV=PYand
(c) forallX\YeV:
(c:1) If there is a directed path frodto Y in (V*,E*) and no vertex on this path
different fromX andYis inV, thenX—Y in (V,E), and
(c.2) if XandY are connected by a common cause path(V* ,E*) or bya pathn free
of colliders! containing a bidirected edge(V*,E*), and no vertex on this path
different fromX andYis inV, thenX«<Y in (V,E), and

(d) no path not implied by (c) is {V,E).

Definition (6) determines for every causal model (V* ,E* ,P*) and for every proper subset V of V* a unique

10 ptV is the restriction of probability distributiddto variable seV.
11 7, is called acollider on a causal path if and only if & contains a subpath of the folfg*—Z«*Zy,, where the
astersk ‘*’ is a meta-symbol standing for an arrowhead or an arrow’s tail. So ‘X*—Y’, for example, stands for ‘X—Y or
XY,
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restriction (V,E,P). This restrictionis called {V*,E*,P*)’s restriction to V. The introduced notion o&
restriction allows for marginalizing out variables in such a way thatdaheat as well as the probabilistic
information captured by the restricted model is presefx#) can be interpreted as a higher- auy,E*)

asa lower-levelmechanism’s causal structure in (6). Condition (a) guarantees that the higher-level structure
contains fewer variables than the lower-level one. (b) ensureg\ialP)’s and{V* ,E* ,P*)’s probability
distributions fit together, and (c) that also their associated causal stsuctoreThanks to (c)lall
components of a mechanism represented at both levels are directly causallyetbanhehe higher level
whenever they are directly causally connected at the lowek kv no direct causal connection between two
variables represented at both levels gets lost when going from the tower higher level. In addition it
guarantees that there is a direct causal connection for every directed causatlmatlower-level structure
whose intermediate components are not represented at the higher-levek mxsdeiated graph. (c.2) tells
us when we have to draw a bidirected edgg between two variablex andY in the highertevel model’s
graph: Draw such a bidirected edge whenever thereislene at the lower leveif all variables on a
common cause patif X andY are marginalized out when going from the lower to the higher-level structure
or when all variables lying on a path at the lower level that indicaegsrst common cause ofandY are
marginalized out? (d) prevents causal connections at the higher level that do not have a countehegart at
lower level. Figure 5’illustrates how marginalizing out variables funstamtording to (6) by showiran

exemplary causal structure and some of its possible restrictions.

D—O—Q—O—W

Figure 5: According to. (6), e graph of the restriction of a causal model with the graph depicted abald bo
XeY—Z-W if one chooses to marginalize dut It would beX—Y—U—W if marginalizing outZ, and X« Yo W if
marginalizing ouZ andU. When one restricts the original modeMa {X,Z,U,W}, the resulting structure would bé

Z—U—W (without an edge betweefiandz).

Let me now further develop the above mentioned idea of representing nested mechanisms by edges

12 Here is an example of such a path—Z; in structureX«Z;«Z>—Y indicates a latent common causeZefandZs,
and thus, also oK and Y. When marginalizing ou¥; andZ,, one has to draw a bidirected arrow betweand Y
(X«<>Y) to prevent this piece of causal information.
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instead of vertices. For this purpose | introduce the following noti@rofilti-level causal model (MLCM)
that is based on the definition (6) of a restrictibpropose MLCMsasadequate means for representing the
hierarchical organization of mechanisrBelow | will demonstrate that MLCMs do not fall prey to the two

problems of the RBN approach discussed in sec. 3):

@) (M1 =(V1,E1,P1),...,Mn = (Vn,En,Pn)) is amulti-level causal model if and only if
(@) Msy,...,M; are causal models, and
(b) everyM; with 1 <i <nis arestriction of M3, and

(c) M; satisfies CMC.

According to (7), an MLCM is an-tuple consisting of several causal models (condition (a)) which are
intended to represent causal structures at different levels. Accodlifhg, tevery causal modéf; in the
ordering different fromM; is a restriction of the first causal modéi; so My stands for the mechanism’s
lowest level, while ever; different fromM; represents one of its higher levels. Condition (c) captures a
basic assumption of the causal nets approazhthat every robust probability distribution is produced (and,
thus, can be explained) by some underlying causal model satisfying CMC (cf. &mfte2000, pp. 124f.)

So an MLCM of a mechanism is complete only when all probabilistic dependencies and independencies of
any higher-level model can be explained by a lowest level causal Moti&t satisfies CMC.

(7) does not directly tell us much .about the hierarchic organization of the mechanibiibs
submechanisms represented by the MLCM’s causal models; it just tells us that M1 stands for the lowest level.
Fortunately, a uniquéevel graph G = (V,E) can be constructed for every MLCM. Such a level grapd is
kind of meta-graph that provides exactly the information requested abawenation about the hierarchical

relation of nested mechanisms represented by the MLCM:

(8) A graphG = (V,E) is called an MLCM(M1 = (V1,E1,P1),...,Mn = (Vn,En,Pn))’s level graph if
and only if
(& V={My,...,My}, and
(b) for all Mi = (V;,E;,P)) andM; = (V,,E,P)) in V: Mi—M,; in G if and only ifVi c V; and there
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is NOMy = {Vi,Ex,Pi) in V such thav; ¢ Vikc V, holds.

According to (a), a level grap® = (V,E) is a graph over the causal modbls = (V1,E1,P1),...,Mn =
(Vn,En,Pny of an MLCM. (b) instructs one to draw a directed edge from one of MeséV,,E,P;)) to another
M; = (V;,E;,P;) wheneverV; is a proper subset &f and there is ndx = (Vi,E,Px) in V such thatvk is a
proper subset d¥; and a proper superset ¥f So the directed paths in a level graph correspond to the set
theoretical proper subset relation (iMi—...—M; in Gif and only if Vi c V;): Because every causal model
Mi = (V;,E;,P)) of the MLCM different fromM; = (V1,E1,P1) is a restriction oM, the vertex seYV; of every
such modeM,; is a proper subset &fi. So the level graps will be a DAG containing only one vertex with
no exiting arrowsyiz. M1 = (V1,E1,P1), while there will be a‘directed path from evéfydifferent fromM; to
M.

Now some information about the hierarchical organization of causal modeldvif@GM can be read off
this MLCM’s level graph G: Whenever there is a directed path fréinto M; in the level graphG, then
Mi represents a higher-level causal structure adoes. And: Whenever a causal mobitl = (Vi,Ex,Py)
lies on such a directed pafinom M; to M;, thenMy represents a’ causal structure on a level betweamd
M;. So what we basically get by drawing a level graph is a strict order among causal models ofivin MLC

Let me now illustrate the MLCM approach for-modeling mechanisms by an abstract examyle.6Fig
shows the causal structures of the causalets of an MLCM plus the MLCM’s level graph that connects
these models and provides information about the hierarchical order of the mechanism’s levels the MLCM
representsThe lowest level causal modél.’s graph is X« Y—Z—U—W. One gets the higher-level model
M2 with graphX Z—U—W by marginalizing ou¥, and the higher-level mod®s; with graphY«Z—W by
marginalizing outX'and U. Note that the MLCM’s level graph does not provide any information about
whether these two" models (i.ev] and Ms) represent structures at the same or at different levels of
organization. By marginalizing ouit from My, one arrives at the higher-level causal madeWwith structure
X ZoW. Note that the formalism again does not provide any information about wihkthiepresents a
mechanism at the same level as the one representdd tmynot. One can further restrigts andMa to Ms
with causal graplZ—W. Ms describes the represented mechanism at the top level. Note that the MLCM’s

level graph tells us that causal modkls Ms, andMa describe the mechanism’s causal structure on levels
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between the mechanism’s top and its lowest level represented My andMs, respectively.
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Figure 6: The graphs in the boxes are the associated cgiapak of an MLCM’s causal modelsM,...,Ms. The dashed

lines are the edges of this MLCM’s level graph.

As a last step | will demonstrate on our exemplary mechanism introduced in sgr.tBe water
dispenser, that MLCMs do not share problems (i) and (i) Casili’s (2011) RBN approach has to face

and that MLCMs nicely capture another important feature of nested mechanisms:

9 As long as the details of a mechanism are not considered, the same inpulestbtddthe same

output on all of thenechanism’s levels.

The water dispenser mechanism can be represented by an NMILGM | (V1,Eq,P1),[ o[ 1L (V2,EzP2)),
where the graph in the upper box in figure 7 shdWs and the one in the lower box show:’s causal
structure M represents the water dispenser’s submechanism, viz. the water temperature regulation unit. Note
that this submechanism is not represented by a variable like in @aalris (2011) RBN approach, but by

M2’s graphT—>W«—B at the higher levell andB are this submechanism’s input variables, W is its output

variable. The MLCM(L - [ [ (V1,Eq,P1),[0 - 1 (V2,E2,P2))’s level graphis 1p— 5. When we go fronM;
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to M;, we zoom into the micro structure of the submechanism represenféebWi¢—B at the top level.
Since M is a restriction ofM: in the MLCM, it follows from (6)(b) thaPi(wijt,b) = P2(wijt,b) holds for
arbitrarily chosetW-, T-, andB-valuesw, t, andb, respectivelySoas long as only the variables contained in
both causal models’ variable sets are considered, the same input will lead to the same output at both levels,

and thus, (9) is satisfied.

M,

Figure 7: Representation of the water dispenser mechanism by means of a tedvdt@yl. The graph with the

dashed edge connecting the MLCM’s two causal models M1 andM; is the MLCM’s level graph.

Since the causal arrows i tell us exactly how the subniemism’s components SandH are causally
connected to the rest of the mechanism (f.eB, andW), the MLCM representation captures property (i):
The MLCM can graphically represent the causal connections between the represented mechanism’s macro
and micro variables. This gives us causal information that is cruciguistions concerning explanatjon
manipulation, and control. It tells us why certain inputs (i.e., conditionglian certainT- and B-values)
bring about (or explain) certain outputs (i.e., probabilities of ceviaimlues):T is directly causally relevant
for S B andSare direct causes &f, andH is the only direct cause ®¥in our toy mechanism. This causal
information does tell us, for example, wiiys probabilistic influence oW breaks down wheB = 0. It is
because the only productive causal path fromto W goes throughH. B = O fixes H’s value and, thus,

probability propagation betweéhandW along this path is blocked wheétis value is fixed. It also tells us
15



thatT’s influence onW can be amplified or decreased by manipulaBiogH by means of soft interventions
while B’s effect on W can only be modified by changittjs behavior. The MLCM can also capture property
(ii): Intervening on the mechanism’s micro structure, i.e., or§ or H, will typically have a probabilistic
influence on the mechanism’s macro behavior, i.e., on certain W-values.

Like Casiniet al.’s (2011) RBN approach, the MLCM representation providamique probability
distribution over the set of all variables appearing in the causal mufdisle MLCM. Since the first causal
modelM; = (V1,E1,P1) in an MLCM’s ordering M,...,M, also contains all variables of the causal mobikls
appearing later in that particular ordering, said unique probability distribigtMii's probability distribution
P:. When it comes to quantitative prediction, one can, thanks.to the fa@vigry causal model appearing
later in the orderind/l.,...,M, is a restriction oM, just choose one of the causal models in the MLCM that
contains all the variables of interest and then compute the probabilities fphém@mena of interest

accordingly.

5. Conclusion

In this paper | tackled the question of how mechanisms, and especially theichieomganization, can be
represented within a<causal graph framework. In sec. 2 | discussed an approach for rsadblingsted
mechanisms proposed by Casatial. (2011). | introduced Bayesian networks and recursive Bayesian
networks and explained how they can be used for causal modeling. | then illustrat@cetCalsis RBN
approach, which suggests representing submechanisms by network variable8bf, oy Rheans of a very
simple toy exampleviz. the water dispenser mechanism. In sec. 3 | illustrated two problems with the RBN
approach by means of the exemplary mechanism introduced in sec. 2: (i) Mrd®&B not graphically
encode information about how a mechanism’s submechanisms are causally connected to the rest of this
mechanism. Such information is, however, relevant when it comes to questions of mechanistitiaxplana
manipulation, and control. (ii) It follows from the RBN approach that intervening on some of a mechanism’s
micro variables cannot have any probabilistic influencesane of this mechanism’s macro behavior
whatsoever. This consequence stands in stark contrast to scientific practidestsdigoically carry out so-

called bottomap experiments to distinguish between a mechanism’s constitutively relevant and its irrelevant
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parts. In section 4 | developed an alternative modeling approach for nestedniset the MLCM
approachThis approach represents submechanisms not by means of a causal model’s variables, but by the
edges of its associated graph. | finally demonstrated, again on the exemplary mechathisnvafer
dispenser, that the MLCM approach does not fall prey to problems (i) anégipi€ al.’s RBN approach

has to face.
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