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An important question for the causal modeling approach is how to integrate non-causal
dependence relations such as asymmetric supervenience into the approach. The most
prominent proposal to that effect (due to Gebharter) is to treat those dependence
relationships as formally analogous to causal relationships. We argue that this proposal
neglects some crucial differences between causal and non-causal dependencies, and that in
the context of causal modeling non-causal dependence relationships should be represented
as mutual dependence relationships. We develop a new kind of model — “hybrid models” -
based on this suggestion, and formulate a set of axioms for those models. Our formalism
has important implications for Kim’s exclusion problem: whereas Gebharter’s framework
vindicates Kim’s causal exclusion objection against nonreductive physicalism, our
framework has no such implication, and can help non-reductive physicalists vindicate the
efficacy of high-level properties. A further benefit of our formalism is that it yields a natural
and plausible way of thinking about interventions in multi-level contexts.

An important question for the causal modeling approach concerns how to model settings that
involve variables representing states of affairs at different levels of reality and which are
therefore related by non-causal dependence relationships such as supervenience. The most
prominent proposal is due to Gebharter (2017a, 2017b, 2022), who proposes that non-causal
modeling dependencies should be treated as formally analogous to asymmetric causal
relationships. We argue, however, that Gebharter’s account is ill-motivated and leads to serious
problems, especially when applied to contexts involving part-whole relationships. We offer an
alternative extension of the causal modeling framework which treats supervenience and part-
whole relationships as mutual dependence relationships, and relies on a new type of models
which we call hybrid models. This framework, we argue, better captures certain key differences
between causal and non-causal dependence relationships, avoids a number of worries that arise
within Gebharter’s framework, and makes better sense of how causal and non-causal

dependencies relate to each other in multilevel settings.

We start with a summary of the causal modeling framework (§1) and Gebharter’s
extension of it to non-causal dependencies (82). In §3 we argue that his framework is ill-
motivated, and then go on to develop an alternative extension based on a new type of model

which we call hybrid models, in which supervenience and part-whole relationships are treated as
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symmetric dependence relationships (884-5). In the second part of the paper, we compare the
implications of the two frameworks for the exclusion problem (886-7). We show that in contrast
with Gebharter’s approach, our framework does not support Kim’s exclusion argument, and can
help non-reductive physicalists vindicate the causal efficacy of multiply realizable properties.
We also argue that it makes better sense of causation in contexts involving part-whole
relationships than Gebharter’s framework, as the latter leads to the disastrous result that all
macroscopic phenomena are always causally excluded by their parts. Finally, we argue that our
framework can help make progress on the vexed questions of how to model interventions in

multi-level settings (8§8).

1. Causal Modeling and Causal Bayes Nets

Causal models are mathematical devices that represent the causal structure of a set of random
variables. In the causal modeling literature, the type of model most used and discussed is the
causal Bayes net, or CBN (see especially Spirtes et al., 2000; Pearl, 2009). CBNs are composed
of three elements. The first is the set V of random variables we are interested in studying.* Those
random variables may represent possible values of a quantity, properties of an individual or a
system, etc. V is assumed to be causally sufficient, i.e. every common cause of two variables in
V isalso in V. The second element is a set E of directed edges (arrows). On the standard
interpretation of those arrows, X—Y indicates that X is a direct cause (or “parent”) of Y: that is, X
causally influences Y, and the influence is not mediated by any other variable in V. A path is a
sequence of variables such that an arrow exists between each variable and the next in the
sequence (for example, X —Y «2Z). If all arrows point in the same direction the path is directed.
If there is a directed path from X to Y, Y is a descendant of X. (By convention every variable is a
descendant of itself.) Directed paths from a variable to itself are prohibited, i.e. there are no
causal cycles. Together, V and E form a directed acyclic graph (DAG) G. For example, the
DAG in Figure 1 represents a structure where X directly causes Y and Z, and W directly causes Z.

! Formally, random variables are functions defined on the sample space of a probability space that are measurable
with respect to that probability space.



[Figure 1 here]

The third component of a CBN is a probability distribution P over V. A key idea of
causal modeling is that the causal structure of V puts substantial constraints on P that can be
captured in axioms relating G and P. Chief among them is the causal Markov condition (CMC).
In its most familiar version it says that every variable is independent of its non-descendants
given its parents. Pearl (2009) offers a different — though logically equivalent (see Geiger &
Pearl, 1989) — formulation in terms of d-separation, which relies on the notion of collider:

collider: A non-endpoint variable Y on a path in a DAG is a collider on that path iff the
two directed edges preceding and succeeding Y have arrowheads pointing at Y (i.e.,
X->Y<Z for some X and Z on the path).

Intuitively, a variable is a collider when it cannot transmit influence on the path, so that a path
between X and Z that contains a collider does not induce a correlation between X and Z. A
variable thus counts as a collider on a path when it is caused by two variables on that path, as
two variables that have a common effect are not thereby correlated. d-separation is then defined

as follows:

d-separation: Two variables X and Y in a DAG are d-separated by a (possibly empty) set
of variables Z iff, for every path between X and Y, (a) there exists a non-collider on the
path that is in Z or (b) the path contains a collider, and neither that collider nor any of its

descendants is in Z.
G and P then satisfy CMC just in case
CMC: Forevery X, Y, Zin G, if Z d-separates X and Y, then P(Y/X&Z)=P(Y/Z).?

For instance, in Figure 1 CMC entails inter alia that Y is independent of Z and W given X, and
that X and W are unconditionally independent. It does not entail that X and W are independent

given Z, as Z is a collider on the path between them. CMC by itself puts few constraints on the

2 Probabilistic statements that include only variables (or sets of variables) should be read as universally quantifying
over values of the variables. That is, (Y/X&Z)=P(Y/Z) means that for all values x of X, all values y of Y, and all
combinations of values of Z, P(Y=y/X=x&Z=2)=P(Y=y/Z=2).
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relations between causal and probabilistic structure, as it never forbids the inclusion of an edge in
a graph. (If a DAG satisfies CMC then any DAG obtained by adding arrows to it does as well.)
Thus further axioms are needed to prevent the inclusion of superfluous edges. The least
demanding such axiom is causal minimality (CMIN). G and P satisfy minimality when

CMIN: No proper subgraph of G (i.e. no graph obtained by removing edges from G)
satisfies the CMC with respect to P.

CMIN implies that an edge X—Y is warranted iff Y probabilistically depends on X given Y’s
other parents. (In that sense, it embodies a “difference-making” approach to causation.) For
instance, for the graph of Figure 1 to satisfy CMIN, W and Z must be correlated given X, since
otherwise the graph obtained by removing the arrow W->Z would still satisfy CMC. (In addition
to CMIN, it is customary to also posit a logically stronger axiom of causal faithfulness on CBNs.
We do not assume faithfulness here, for reasons that will appear below.)

CBNs, as we will see later, are not the only tool in the causal modeler’s toolkit, but they
are an enormously useful one. The formalism of CBNs provides the foundation for sophisticated
and powerful causal inference techniques (Spirtes et al., 2000), and has been used to clarify the
content of counterfactuals about causal systems (2012), to model the effects of interventions into
those systems (Woodward, 2003), and to address various questions in decision theory (e.g. Stern,
2019) and the psychology of causal reasoning (Sloman, 2005). But it has an important limitation.
On the standard interpretation of arrows as representing direct causes, the CBN axioms fail in
multi-level settings - settings that involve variables which represent states of affairs at different
levels of reality, and which thereby stand in relationships of non-causal dependence to one
another. To see this, note that if X and Y are causally unrelated (i.e. one does not cause the other),
CMC entails that they must be uncorrelated conditional on the set of their common causes. But if
Xand Y stand in a relationship of non-causal dependence (e.g. supervenience) they may and
typically will be correlated, even holding their common causes fixed. So if we want to apply the
causal modeling framework to multi-level contexts, we need to extend the CBN formalism to

those contexts, or identify some other type of causal model suited to those contexts.

But why should we want to apply the causal modeling framework to multi-level settings
in the first place? One reason has to do with mechanisms. Mechanistic explanation involves

understanding the causal effects of a composite entity in terms of the behavior of its parts (see
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e.g. Craver, 2007). In the sciences mechanistic explanation is ubiquitous, and scientists routinely
rely on mechanistic knowledge to predict the behavior of a system and the effects of potential
interventions into it. Since causal modeling is arguably our best framework for understanding
explanation and prediction in the sciences, it would be theoretically beneficial if we could bring
it to bear on mechanistic reasoning (Casini et al., 2011). But this requires finding a way to

integrate non-causal dependencies between parts and wholes in causal models.

Another reason is that the status of high-level causal relationships in multi-level settings
raises important and difficult questions. In particular, the implications of the standard non-
reductive physicalist picture of inter-level relationships for high-level causation remain actively
debated. Suppose that mental and other high-level properties supervene on but are nevertheless
distinct from their physical realizers, as non-reductive physicalists hold. Kim’s (1998, 2005)
famous exclusion argument seeks to show that in this picture high-level properties must be
causally idle, as all the causal work is done by their realizers. In response, many philosophers
(e.g. Bennett, 2003) maintain that high-level and low-level properties can both be causes (and
must then address the worry that this implies a problematic kind of ubiquitous
overdetermination). Other non-reductive physicalists such as List and Menzies (2009) turn the
tables on Kim’s argument and claim that it is typically high-level properties that causally exclude
their realizers, not the other way around. As noted by e.g. Loewer (2002) and Hitchcock (2012),
what stance one takes on the exclusion problem hinges critically on what view of causation one
endorses. Given the power and fruitfulness of the causal modeling approach, it would be
particularly valuable to figure out its implications for those questions. Potential impact here is
not limited to philosophy: cognitive psychologists, for example, are also interested in the
question how people reason about high-level causation in multilevel settings, as this may shed
light on general folk practices of causal representation (see e.g. Johnson & Keil, 2014; Blanchard
etal., 2022).

Thirdly, multi-level contexts raise important issues for the interventionist account of
causation (Woodward, 2003), which is intimately associated with the causal modeling
framework. In particular, the question of how to think about interventions in multi-level settings,
and whether interventions are possible at all in such contexts, is a topic of intense disagreement:
witness the debate between Baumgartner (2013, 2018) and Woodward (2015, 2022) concerning



whether interventions on multiply realizable properties are possible. This issue is tightly
connected with the topic of mechanisms, as the question of modeling and figuring out the macro-
effects of interventions into mechanistic constituents is an important and open question (see e.g.
Casini et al., 2011). In addition, Craver (2007) has proposed an influential account of constitutive
relevance in mechanisms based on the notion of intervention. But this account has been roundly
criticized on the ground that the Woodwardian notion of intervention on which it relies is hard to
apply in multi-level settings (Baumgartner & Gebharter, 2016; Romero, 2015), and whether it
can be patched remains an open issue. Because the causal modeling framework provides the
foundations for the interventionist account, a clear understanding of how the framework applies

in multi-level contexts may help us make progress on those debates.?

As these remarks make clear, multi-level settings typically involve one of two types of
non-causal dependence relationships: asymmetric supervenience of high-level properties on their
lower-level realizers, and dependence between wholes and their parts. Accordingly, our question
in what follows is how to represent those two types of dependence in causal models. (Thus when
we speak of non-causal dependence in what follows it is always these two types of dependence

we have in mind.)

2. Gebharter’s Extension

To motivate our account, we will start by examining the simplest and most fleshed-out extension
proposal one finds in the literature, which is due to Gebharter (2017a, 2017b, 2022). (See also
Stern and Eva (2023), who endorse Gebharter’s framework, though they disagree with him on its
implications.) According to Gebharter, non-causal dependencies such as asymmetric
supervenience and part-whole relationships can and should be treated as formally analogous to
causation. Thus, CBNs are apt to model multilevel contexts after all, provided one makes one
small modification to their standard interpretation, and allows the direct edges in E to represent

not only direct causation but also direct non-causal dependence. (That is, X—Y may indicate

3 Gebharter (2017b) suggests a further reason for extending the causal modeling framework to multi-level settings:
this may allow us to apply the powerful causal discovery methods developed within the framework to the
identification of non-causal relationships on the basis of statistical data. However, we are skeptical of this third
motivation, for reasons identified by Casini & Baumgartner (2023) and to which we will return later: see fn. 25 for
further discussion.



either that X is a direct cause of Y, or that Y directly depends on X in a non-causal manner.)

Everything else in the formalism, including the CMC and CMIN axioms, stays the same.

To illustrate, consider the setup of Kim’s causal exclusion argument. Suppose that M
represents whether a certain mental property is instantiated, and P the possible physical realizers
of that property. That property is a putative cause of another mental property itself represented
by variable M*, and whose possible physical realizers are represented by P*.* (Kim argued that
in this situation M cannot be a cause of M*: because P fixes the value of P* and hence of M*,
there is no room left for M to do any causal work in producing M.) On Gebharter’s proposal, the
correct model for this situation includes an arrow from P to M and one from P* to M*,
representing asymmetric supervenience, and an arrow from P to P*, representing physical
causation. (That P directly causes P* is common ground in the debate on causal exclusion and
arguably follows from the causal closure of the physical.) See Figure 2. Note that Figure 2 does
not posit a causal relationship between M and M* and thus may or may not turn out to be
incomplete, depending on whether Kim was right about exclusion. As it turns out, Gebharter’s
framework implies that Figure 2 is an adequate representation of the situation, and hence that M
is causally excluded. We will return to this point later on. For now, we want to examine the
motivations for endorsing Gebharter’s proposal. Among its proponents, the key motivation
seems to be that asymmetric supervenience and part-whole relationships are structurally similar
to causal relations in crucial respects (see Gebharter 2017a: 358-364; 2017h: 2652-3; Stern and
Eva, 2023). In particular, a key consideration is that asymmetric supervenience and part-whole
relations generate the same screening-off relationships as causal relationships (see e.g.
Gebharter, 2017b: 2653) observes. For instance, the supervenience of the mental variable M on
its realizer variable P implies that P screens M off from other variables including P* and M*,
because fixing the value of P fixes the value of M, and hence decorrelates it from other variables.
In that respect, P behaves like a causal parent of M. Likewise, fixing the behavior of the parts
fixes the behavior of the whole, thereby decorrelating it from other variables. In that respect,
parts behave like causal parents of wholes. Moreover, asymmetric supervenience and part-whole
relationships explain in much the same way that causal relationships do. Thus as Stern and Eva
(2023) observe, we can explain a psychological state in terms of its causal history (and not vice

4 As is standard, when we say that a property causes another property we mean that an instance of the former causes
(on a given occasion) an instance of the latter.



versa); but we can also explain it in terms of the subvening neurological state (and not vice
versa).® Though Stern and Eva do not discuss part-whole relationships, the same point applies
there, since it is part of scientific practice to explain the behavior of wholes in terms of the

behavior of their parts, but not vice versa.

[Figure 2 here]

3. Motivations for Gebharter’s Framework: A Critical Examination

Gebharter’s extension proposal has advantages. In particular, it implies that causal modelers
don’t need to refashion their tools to handle multilevel settings, and can rely on the very well-
understood formalism of CBNs. But we think that ultimately his framework should be rejected.
A key reason is that the motivations for treating non-causal dependence relationships on a par

with causal arrows are not compelling.

First, the argument that asymmetric supervenience and part-whole relationships give rise
to the same screening-off phenomena as causal relationships is problematic — a point already
made by Kinney (2023) in a critical discussion of Gebharter. As Kinney notes, supervenience
and causal relationships actually differ in statistically relevant respects. Causes and effects
behave differently under interventions: while intervening on a cause preserves the correlation
with an effect, intervening on an effect destroys its probabilistic dependence on the cause. Not so
in the case of supervenience relationships: in Figure 2, for instance, wiggling P leads to a change
of M but wiggling M also leads to a change in P. Though Kinney doesn’t discuss the case of part-
whole relationships, similar considerations apply there. An idea that has loomed large in the
literature on mechanisms since the seminal work of Craver (2007) is that parts and wholes are
mutually manipulable: as Craver puts it, part-whole relationships are characterized by the fact
“one can wiggle the behavior of the whole by wiggling the behavior of the component [i.e. part]
and one can wiggle the behavior of the component by wiggling the behavior of the whole”

(2007: 153). For example, changing the momentum of one or more of the particles that compose

® See (Schaffer, 2016).



a billiard ball would change the momentum of the ball; but likewise changing the momentum of
the ball as a whole would also necessarily change the momentum of at least some of its parts.
This is one aspect in which the statistical signature of supervenience and part-whole relationships
differs from that of causal relationships, and a particularly important one in the context of causal
modeling, since one of the main functions of causal models is to encode information about

manipulability relationships (Woodward, 2003).

Some clarifications are in order here. First, Craver not only argues that parts and wholes
are mutually manipulable, but also offers an account of constitutive relevance in terms of mutual
manipulability. On this account, a part is constitutively relevant to the behavior of a whole just in
case manipulating the behavior of the part changes the behavior of the whole and vice versa.
Craver furthermore proposes to understand the relevant manipulations as interventions in the
sense of (Woodward, 2003). As noted above, this proposal is problematic, as several reasons
suggest that in the context of part-whole relationships Woodwardian interventions are
impossible.® (Similar troubles loom if one tries to make sense of the mutual manipulability of
high-level and realizer properties in terms of Woodwardian interventions, as it is highly
controversial whether this type of intervention is possible in contexts involving supervenience
relationships between distinct properties: see Baumgartner (2009, 2013, 2018) and Woodward
(2015) for discussion.) In claiming that parts and wholes are mutually manipulable, we do not
mean to endorse Craver’s mutual manipulability account of constitutive relevance, nor do we
mean to endorse the view that the claims about mutual manipulability made above can be
understood in terms of Woodwardian interventions.” Rather, those claims are meant with the
ordinary, non-technical sense of manipulation in mind. On that sense, it is uncontroversial that
we can manipulate realizers by manipulating high-level properties and vice versa (I can change
your mental state by manipulating the state of your brain, but I can equally well change the state
of your brain by manipulating your mental state — e.g. by saying something that changes your
mind). We also do not mean to claim that the phenomenon of mutual manipulability cannot

possibly be accommodated within Gebharter’s framework. If one already accepts the assumption

6 See especially Romero (2015) and Baumgartner & Gebharter (2016).

7 Though we think that ultimately our account does help make sense of interventions in contexts involving non-
causal dependence relationships (see §9). It may therefore help articulate a more plausible version of the mutual
manipulability account of constitutive relevance, though for lack of space we will not explore this point in the
manuscript.



that supervenience and part-whole relationships are on a par with causal relations, one may
explain why manipulations of a supervening property (or a whole) change the behavior of the
subvening property (or the whole’s parts) in several ways, e.g. by claiming that every such
manipulation also directly affects the subvening property/parts (see Gebharter, 2022). Our point,
rather, is that the phenomenon of mutual manipulability weakens the motivations for accepting
Gebharter’s framework in the first place, by pointing to an important prima facie difference
between non-causal and causal dependencies. The phenomenon thus suggests that other
proposals may be worth exploring.

Consider next the argument that supervenience and part-whole relationships play the
same asymmetric explanatory role as causal relations: science explains wholes in terms of their
parts, and high-level properties in terms of their realizers, but not vice versa. This supports
treating those relationships like causal arrows only if this fact about explanatory practices
reflects a relationship of asymmetric metaphysical dependence between parts and wholes, or
high-level properties and their realizers. But this may not be the case. As Hittemann (2021, ch.
6) notes in a discussion of part-whole relationships, an asymmetric explanatory relation does not
generally warrant postulating an underlying asymmetric dependence relation. For example, to
explain why a change in voltage led to a change in current in an electronic network, we will
presumably appeal to Ohm’s law, which describes the dependence of current on voltage. This
explanation is asymmetric in the sense that there is a direction of explanation from change of
voltage to change of current. But Ohm’s law is symmetric, and can just as well be used to
explain changes in voltage based on changes in current.® The explanatory asymmetry reflects our
interest in explaining the change in current, not the change in voltage. As Huttemann further
notes, similar remarks apply to part-whole relationships. Part of scientific practice is that we
explain the mass of (e.g.) a billiard ball in terms of the masses of its parts, and not the mass of a
part in terms of the mass of the compound and that of the other parts’ masses. Yet the law of
composition that underlies this explanation is perfectly symmetric. Let A be a variable
representing the mass of a billiard ball, and a,..., a, variables that represent the masses of its n
parts, with a; representing the mass of the ith part. (Note that in using lower-case letters to denote

variables representing parts of wholes, we depart from the usual practice of reserving lower-case

8 See Kistler (2013) for a discussion of such association laws.
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letters for values of variables.) Then we have A=a;+a,+...+an, and this law of composition is
symmetric in the sense that the value of any of these variables is determined by the values for all
the others. The fact that we explain wholes in terms of parts but not vice versa may be traced
back to facts about our interests. Dependence relations between parts and wholes allow us to
manipulate how systems behave, and this presumably explains our interests in such dependence
relations. The asymmetry of explanation may therefore mirror the fact that we are often
interested in manipulating the behavior of a whole by manipulating its parts, while we are rarely
if ever interested in changing the behavior of a part by manipulating the behavior of the whole
and holding other parts fixed. (Hlttemann, 2021: 171). Likewise, an asymmetric explanatory
relationship between the physical realizer variable P and the mental variable M need not reflect a
relationship of asymmetric metaphysical dependence of M on P. True, one may wonder whether
the asymmetric supervenience of M on P is really compatible with there being a symmetric
dependence between them. But here it is important to keep apart two different relations of
metaphysical dependence. First there is the relation between mental properties and their possible
physical realizers. This is the supervenience relation. Supervenience is asymmetric if mental
properties can be multiply realized, e.g., if M need not be carbon-based as it is in our world but
could also be silicon-based (in some other world). Second, there is the relation between M and its
actual, say carbon-based, realizer P. Even if M asymmetrically supervenes on its various
possible realizers the relation between M and its actual realizer might be symmetric or mutual in
the following sense: Manipulating certain features of P while holding fixed others yields changes
in M and vice versa. In the context of the causal exclusion argument, when we consider what
happens to M when we manipulate P, we typically (i.e. barring certain science-fictional
scenarios) are holding the realization fixed. We are not envisaging switching from a carbon-
based realization to a silicon-based realization. Rather we are considering changes within the
carbon-based realization and how those affect M. The upshot is that even when we are dealing
with an asymmetrical supervenience relation, the relation between M and its realizer P may be
symmetrical or mutual — as in the case of part-whole relationships. This observation is not
undermined by the fact that we typically explain M in terms of the characteristics of its actual
realizer, because — as before — the asymmetry of explanation may simply mirror the fact that we
are often interested in manipulating mental states by manipulating its underlying neurological

state, while we are rarely if ever interested in manipulating certain features of a subject’s
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neurological state by manipulating her mental state while holding other features of that

neurological state fixed.

4. Mutual Dependence and Hybrid Models

If the reasons for treating asymmetric supervenience and part-whole relationships as formally
analogous to causal arrows are not compelling, how else might causal modelers represent multi-
level structures? Note that if one wants to hold on to the traditional formalism of causal Bayes
nets to model these structures, the only other option besides Gebharter’s is to treat asymmetric
supervenience and part-whole relationships as formally analogous to causation, but with arrows
going downward, from supervening to subvening properties, and from wholes to their parts. But
the proposal has little intrinsic plausibility, and faces crippling objections anyway. For one thing,
it has the wrong statistical implications. To see this, suppose again that A represents the mass of
a billiard ball, which for simplicity is assumed to be made of only two parts, whose masses are
represented by a; and a respectively. On the current proposal, the situation would be represented
with the graph a;«<—A—a>. CMC then implies that a; and az should be statistically independent
conditional on A. But this is the wrong result: actually, a; and a; are correlated given A (holding
A’s value fixed, a1’s value fixes a2’s value and vice versa). The proposal appears to be a non-
starter. This suggests that the formalism of causal Bayes nets is simply not apt to represent
structures involving asymmetric supervenience or part-whole relationships — a conclusion also
endorsed by Kinney (2023). This is not to say that multi-level settings cannot be represented by
causal models at all: CBNs are one (very popular) type of causal model, but not the only one, as
we will see. Given that there are compelling reasons to seek an application of the causal
modeling framework to multi-level contexts, it is worth exploring whether some other type of
causal models might be the right tool for the job. This is the task to which we now turn.

Our discussion so far has suggested that asymmetric supervenience and part-whole
relationships are best treated as mutual rather than asymmetric, especially if we focus on what
this dependence implies for manipulability. More generally, the picture of the world suggested
by our discussion is one on which there are (at least) two basic types of dependence relations in
the universe: causal dependence relations, which are asymmetric and hold between

metaphysically unrelated entities, and mutual dependence relations, which are symmetric and
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hold primarily between variables representing states of affairs at different levels of reality (e.g.
wholes and their parts, or higher-level properties and their realizers). This in turn suggests that to
represent structures involving both types of relationships, we need to use models that can

represent both asymmetric and symmetric dependence relationships.

As it happens, in the causal modeling tradition various tools have been proposed to
represent structures of that sort, including chain graph models ( Lauritzen & Wermuth, 1989),
which can contain both directed and undirected (—) edges, acyclic directed mixed graphs or
ADMGs (Richardson, 2003), which contain both directed and bidirected (<) edges, and directed
cyclic graph models (Spirtes, 1995), which include only directed edges but allow edges running
in both directions between variables (e.g. the set of edges may contain both X—Y and Y—X).
These devices are each associated with a distinct Markov condition, and have been used to
represent a variety of structures that include variables standing in relationships of mutual
dependence. For instance, chain graphs are used in econometrics to represent causal structures
that include causal feedback between variables®, while ADMGs are generally used to represent
structures that contain dependencies due to latent common causes. However, as we will see
shortly, none of these devices can be used to properly represent structures involving part-whole

and asymmetric supervenience relationships (see fn. 12 below).

Accordingly, in what follows we introduce a new type of graphs designed for this
purpose, which we call hybrid models. Just like CBNs, they consist of a graph and a probability
distribution, as well as Markov and minimality axioms connecting the two. But the graph in
question is not a DAG but a hybrid graph. Hybrid graphs differ from DAGs in several ways,
some of which will be discussed only later. One key difference is that in hybrid graphs, variables
can be connected either by directed edges (X = Y, indicating direct causal dependence of Y on X)
or by dashed bidirected edges. (We used dashed edges to distinguish them from the plain
bidirected edges of ADMGs.) X «--»Y indicates direct mutual dependence between X and Y. At
most one edge can exist between variables, so that variables related by directed edges cannot be
related by bidirected edges nor vice versa. (As we will see shortly, hybrid graphs also differ from

DAGs in that they incorporate information about the levels at which variables are located.) As an

9 See Lauritzen & Richardson (2002). In the philosophy of science, Steel (2010) has used chain graphs as part of an
account of extrapolation.
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illustration, consider the mental causation example discussed above (cf. Figure 2). On our view,
in addition to the arrow between P and P*, the correct representation of the case should include
bidirected edges between M and P and between M* and P*, as in Figure 3. (Figure 3 is just like
Figure 2 except that arrows from realizers to mental properties have been replaced by bidirected
edges.) Whether this graph is complete and what it implies about the causal relationships in this
situation are questions to which we will return later. First, we need to lay down axioms for

hybrid models, and in particular specify what Markov condition they obey.

[Figure 3 here]

5. Markov and Minimality Conditions for Hybrid Models

To formulate our Markov condition for hybrid models, we will focus on the notion of a collider,
in terms of which the Markov condition for causal Bayes nets CMC is formulated. Remember
that informally, a collider is a variable on a path that does not transmit influence along the path,
so that if a path between two variables contains a collider the path will not induce a correlation
between them. In DAGs, this arises if —and only if — a variable on the path has two directed
edges incoming into it (i.e. if we have X—Y<«Z, Y is a collider). As we will see, one can
formulate a plausible Markov condition by examining further ways in which a variable may fail
to transmit influence along a path in hybrid graphs, and extending the notion of a collider

accordingly.

There are two situations to consider: the one in which the two incoming edges are
bidirected (X«-->Y«--5Z), and the one in which one edge is bidirected and the other directed (e.g.
X—Ye-sZ or Xe-—>Y—Z). Let’s consider the second type of case first. Here we think the right
thing to say is that influence is transmitted from X to Z via Y, and hence that Y is not a collider.
Indeed, we think it is plausible what is widely assumed in the debate about exclusion: to say that
when X and Z are related in this way, there is a causal influence of X on Z. That is, if X and Z are
linked by directed chains including both non-causal and causal dependence relationships, then
there will ordinarily be a further relationship of causal dependence and hence also a correlation
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between X and Z. Conversely, if X is causally relevant to Z, it may be that some of the links in
the path by which X influences Z are links of non-causal dependence.*® For example, in the setup
of Kim’s argument (see Figure 2), it is commonly accepted that the non-causal dependence of
M* on P* and the causal dependence of P* on P compose to make it so that P causes M*** . The
key upshot for our purposes is that causal and non-causal dependence relationships compose to
form further causal relationships. Thus in a case where we have X—Y ¢--»Z or X¢-->Y—Z, Y
behaves formally like it would in an ordinary causal chain (X—Y—Z) and hence should be

regarded as a non-collider.

Consider now the first type of case, where the two incoming edges are bidirected (X<~
->Y 7). Here we think the right thing to say that whether Y is a collider depends on the levels
of reality to which the relevant variables belong, so that information about levels must be
integrated into the formalism of hybrid models. To understand why, suppose again that A
represents the mass of a billiard ball, which for simplicity is assumed to be made of only two
parts, whose masses are represented by a; and az respectively. And contrast this case with a
second one, in which B represent a certain biological state, C a certain chemical state, and P a
certain physical state, such that B asymmetrically supervenes on C, and C asymmetrically
supervenes on B. On our proposal, these two scenarios would be represented by the graphs in
Figures 4 and 5 respectively. If one focuses only on variables and edges, these two graphs appear
isomorphous to one another. But crucially, the two situations have different statistical profiles. In
the second situation, because P and B are each mutually dependent (and hence correlated) with
C, they are also correlated with one another. Thus in this case mutual dependence appears to
travel across the intermediary variable C, inducing a correlation between the endpoint variables
P and B. (Accordingly, that correlation disappears once we hold C fixed, i.e. C screens off P and
B from each other.) But as we noted earlier, in Figure 5 a; and az are not correlated with one
another, despite the fact that both are mutually dependent with A. Thus in this case mutual
dependence does not travel across the intermediary variable. (Accordingly A does not screen off

ai from ay, indeed holding A fixed induces a dependence between these two variables: holding

10 This doesn’t mean that non-causal dependence itself is a form of causation. Mutual dependence remains a sui
generis relationship of non-causal dependence, irreducible to causation.

11 As we will see there is another important reason for proponents of Gebharter’s framework to endorse that
assumption: see fn. 16 below.
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the value of A fixed, setting a:’s value fixes a.’s value and vice versa.) Since our proposal
represents these two situations with isomorphic graphs, it is hard to see how it could possibly
account for this statistical difference: it would seem that any Markov condition one might impose
on those graphs would yield the same independencies in both cases.*> But once we take into
account information about the levels at which the relevant variables are located, a clear
dissymmetry appears between the two graphs. Note that in Figure 4, a; and a; are situated at the
same level of reality — they both belong to the microphysical level. In Figure 5, on the other
hand, P and B are situated at different levels of reality — the physical one and the biological one,
respectively. Once we take this into account, the statistical asymmetry between these two
situations can be explained if we posit the hypothesis that mutual dependence does not propagate
in zig-zags. That is, mutual dependence can travel upwards (from lower to higher levels of
reality) or downwards (from higher to lower levels), but cannot travel up and then down again, or
down and then up again. This means in particular, that if X is mutually dependent with a higher-
level variable Y, and Y is mutually dependent with a lower-level variable Z, X and Z will not
thereby be mutually dependent, and hence also not thereby correlated. In that case, Y is a collider
on the path between X and Z. By contrast, if X is mutually dependent with a higher-level variable
Y, and Y is mutually dependent with an even higher-level variable Z, then X and Z will
themselves be mutually dependent and hence correlated. In this case Y is not a collider. (Since
here Y mediates the dependence between X and Z, we should also expect the correlation between
X and Z to be screened off by Y.) This hypothesis thus explains why in Figure 5 the mutual

dependence between P and C and between C and B induces a correlation between P and C,

12 This problem is the reason why none of the tools for representing symmetric dependence that already exist in the
causal modeling literature fit our purposes. Whichever of those devices we use, our two situations would be
represented by isomorphic graphs: a;— A —a;and P— C — B if we use chain graphs, a; <> A < a; and P—~C«B if
we use ADMGs, and a1 S A S a,and PSCSB if we go directed cyclic graphs. And because in each case the two
resulting graphs are isomorphic to one another, the Markov condition for those graphs is bound to treat them on a
par, and hence to get at least one of them wrong. For instance, the Markov condition for acyclic directed mixed
graphs (Richardson, 2003) entails that if we have a path X—Y«<Z (and X and Z are otherwise unrelated) X and Z are
statistically independent. Hence that condition correctly entails that a; and az are independent in the first situation,
but also incorrectly entails that P and B are independent in the second. On the other hand, the Markov conditions for
chain and directed cyclic graphs entail that in chains of mutual dependence intermediary variables screen off the
endpoint variables from each other (Lauritzen and Wermuth, 1989; Spirtes, 1995). Thus those Markov conditions
correctly entail that C screens off P and B from each other in the second situation, but incorrectly entail that A
screens off a; from a in the first.
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whereas in Figure 4 a; and a; are statistically uncorrelated despite both being mutually dependent

on A.

[Figure 4 here]

[Figure 5 here]

To sum up, on our view there are two situations in which a variable Y is a collider in
hybrid graphs: if it has two directed edges incoming into it (as in causal Bayes nets), and if we
have a chain of mutual dependence X «--»>Y<«-->Z that does a zigzag (i.e. X and Z are both
located either at higher levels or at lower levels than Y.) We therefore extend the notion of
collider introduced in section 1 to include this latter scenario. To do so, information about
variable levels must first be incorporated into our formalism. Accordingly, we define hybrid
graphs as containing not only a set of variables V and a set of edges E, but also an ordered
partition {Li}1<i<n OvVer V. The cells of the partition contain all variables located at the same level,
and the order of the partition represents the hierarchy of levels, so that for any two variables X
and Y in V such that X is in Liand Y is in Lj, X is located at a (strictly) lower level than Y just in
case i <j. If X belongs to a lower level than Y, we say that Y is a superior of X. We will not say
more about the notion of level in this paper, as in all the cases discussed in this paper it is clear
and uncontroversial which levels variables belong to.? Visually, levels can be identified by the
spatial position of variables in graphs: variables situated on the same horizontal dimension
belong to the same level, while variables situated higher on the vertical dimension belong to
higher levels. The spatial arrangement of variables in Figure 4, for instance, indicates that the

relevant ordered partition is {{a, a-}, {A}}, reflecting the fact that a; and a2 are located at a

13 More generally, however, there is a debate about how to clarify the notion of level (see Eronen & Brooks (2018)
for a recent overview). Our hypothesis suggests a criterion for distinguishing different levels and might thus
contribute to this debate.
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lower (microphysical) level than macrophysical variable A. In Figure 5, on the other hand, the
ordered partition is {{P}, {C}, {B}}.»
With this added structure in place, we define the notion of h-collider in the following

way:

h-collider: A non-endpoint variable Y on a path in a hybrid graph is a h-collider iff

(a) both edges preceding and succeeding Y are directed edges pointing at Y (i.e., X—>Y«Z
for some X and Z on the path) or

(b) both edges preceding and succeeding Y are bidirected, so that X¢--»Y«-->Z for some
X and Z on the path, and either X and Z are both superiors of Y, or Y is a superior of both
Xand Z.

With this notion in place, we can now generalize the notion of d-separation to hybrid
graphs. Because the notion of descendant appears in the definition of d-separation, this step
requires a new definition of descendant tailored to hybrid graphs. Remember that the intuitive
idea behind that notion is that Y is a descendant of X when there is a path from X to Y by which X
influences Y. In DAGsS, this happens when there is a directed path from X to Y. In hybrid graphs,
there are two other situations to consider. First, the path from X to Y might be composed of
arrows and bidirected edges (e.g. if we have a path X—We-->Y, or X¢-->W—Y). Second, X
might influence Y entirely by way of relations of mutual dependence, as e.g. P and B influence
one another via the path P «-->Ce«-->B in Figure 5. (In this case, the path must not contain zig-
zags, since mutual dependence does not propagate across them.) The following definitions
capture those two additional situations. Say first that a weakly directed path is a sequence of
variables such that for every consecutive pair of variables {Xi, Xi+1} in it, either Xje-->Xj+1 0r X;

- Xi+1, and there is no h-collider on the path. Then Y is a h-descendant of X iff there is a weakly

14 Note that when drawing DAGs there is already a convention of arranging variables vertically according to the
levels to which they belong. However, that convention is simply a visual help and not part of the content of DAGs.
In hybrid graphs, by contrast, spatial position of variables is part of the official and explicit content of the graph.
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directed path from X to Y. We then offer the following generalization of d-separation for hybrid

graphs:

h-separation: Two variables X and Y in a hybrid graph are h-separated by a (possibly
empty) set of variables Z just in case, for every path between X and Y, (a) there exists a
non-h-collider on the path that is in Z or (b) the path contains a h-collider, and neither it

nor any of its h-descendants is in Z.

This yields the following Markov condition for hybrid models:

HMC: For every X, Y, Z in G, if Z h-separates X and Y, then P(Y/X&Z)=P(Y/Z).

Like CMC, HMC by itself puts few constraints on probabilistic structure, as it never forbids the
inclusion of an edge in a graph. Inclusion of superfluous edges is prohibited by the following

minimality condition, which is a straightforward extension of CMIN to hybrid models:

HMIN: No proper subgraph of G satisfies HMC with respect to P.

As we will see in the next section, these axioms are empirically plausible in the sense that they
yield the intuitively right conclusions in a range of cases. Another argument in their favor
concerns their behavior in cases where the set of variables V contains no variables that are
mutually dependent. Then the correct hybrid graph H and the correct DAG G over V are
equivalent. (The only difference between them is that H contains information about the levels of
the variables that is not contained in G, but in this particular case levels do not affect the
probabilistic behavior of those variables.) So in such a case the axioms for hybrid graphs should

yield the same results as CMC and CMIN. And indeed that is what we find: as the reader may
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verify, in this special case h-separation reduces to d-separation, so that HMC and HMIN have the

same implications as CMC and CMIN.

This concludes the presentation of our framework. In the remainder of the paper, we will
contrast it further with Gebharter’s proposal, by comparing their implications for two issues
concerning causation in multilevel settings: the exclusion problem, and the nature and possibility
of interventions on high-level problems. (We leave exploration of the issue of mechanisms for
another time.) This examination will provide further evidence for the usefulness of our

framework and its superiority over Gebharter’s proposal.

6. High-Level Causation and Kim’s Exclusion Problem

Let’s consider Kim’s exclusion problem first. Strikingly, Gebharter (2017a) argues that his
extension supports Kim’s contention that multiply realizable properties are causally excluded by
their realizers. To see why, consider again the scenario depicted in Figure 2, where the
dependence of high-level properties on their realizers is represented with directed edges, in
accordance with Gebharter’s proposal. Positing a causal influence of M on M* would require
adding to Figure 2 either an arrow from M to M*, or an arrow from M to P* (thus creating a
directed path from M to M*). But as can easily be verified, the graph in Figure 2 satisfies CMC.
(In particular, it correctly entails that M is independent of M* given P or P*.) And so adding any
arrow to that graph would lead to a violation of CMIN. The argument might also be put as
follows. CMIN implies that a direct cause must make a probabilistic difference to its effect given
that effect’s other parents. So on Gebharter’s framework, M directly causes M* only if M*
probabilistically depends on M given P*. But this is not the case, as the value of P* entirely fixes
the value of M*, so that conditioning on P* necessarily decorrelates M* from other variables,
including M. And for M to cause M* by directly causing P*, P* and M would have to be
correlated given P*’s other parent P. But that cannot be so, since fixing P fixes M, and hence

decorrelates M from any other variable, including P*.*> Thus, according to Gebharter, the causal

1> The fact that Gebharter’s framework yields exclusion provides one further reason for him to endorse the
assumption that causal and non-causal dependence relationships compose to yield further causal relationships. In
Figure 2, this assumption entails that P causes M* by causing P. If we were not allowed to compose causation with
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modeling framework justifies the intuition at the heart of Kim’s exclusion argument: namely,

that multiply realizable properties are made causally redundant by their realizers.

Our proposal, by contrast, does not lead to exclusion. Consider the hybrid graph in Figure
3, in which the dependence of high-level properties on their realizers is represented by bidirected
edges. (Here the ordered partition over the variables is {{P, P*}, {M, M*}}, with the first level
containing physical variables, and the second mental variables.) As the reader may verify, this
graph satisfies the modelling axioms laid out in the previous section. When applied to this graph
HCM implies in particular that (a) M is statistically independent of P* and M* given P (as P is a
non-h-collider on the sole path from M to P* and M*) and (b) M* is independent of M and P
given P* (as P* is also a non-h-collider on the sole path from M and P to M*). Both implications
are correct. The graph also satisfies HMIN: getting rid of any of its edges would entail
independencies that do not actually hold in the situation. And finally, as the reader may also
verify, taking for granted that M and P are directly mutually dependent, that M* and P* are as
well, and that P is a direct cause of P* (which is a given in the situation), that graph is the only
one that satisfies HMC and HMIN, and on our view it is therefore the correct way to represent
the network of causal and non-causal dependencies in Kim’s scenario. Moreover, on our
interpretation that graph does posit a causal influence of M on M*: M influences P (via mutual
dependence), which causes P*, which influences M* (via mutual dependence again), and these
links compose to create a causal influence of M on M*. Note that our proposal is empirically
(statistically) equivalent to Gebharter’s, as the graph in Figure 3 entails exactly the
independencies that are entailed by Gebharter’s extension of the CBN framework. The difference
between the two frameworks lie in the way they interpret those statistical facts. Our account,
because it considers the relation between high-level properties and their realizers as one of
mutual dependence, allows us to integrate this relationship in a chain of causal dependence,
whereas Gebharter’s framework, which treats the relation between high-level properties and their

realizers as formally analogous to causation, is unable to do so.

In addition to the motivations discussed above, this result provides further reason to favor

our modelling proposal over Gebharter’s, at least for non-reductive physicalists. The advantage

influence or determination due to supervenience to yield further causation, Gebharter would have to say
(implausibly) that M* in this scenario is caused neither by M nor by P, and hence not caused at all.
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of our framework is not only that it offers non-reductive physicalists a consistent way to model
multi-level settings that avoids exclusion; it also offers a positive view of the way that high-level
causation works in multi-level settings, and how it relates to lower-level causation. On this view,
high-level properties produce their effects by way of their mutual dependence with their
realizers. This view is therefore clearly in the ‘compatibilist” camp which holds that high-level
and low-level causes are not in competition, while also offering a way to address the worry that
compatibilism implies a problematic kind of overdetermination. On our view, the fact that high-
level properties and their realizers cause the same effect is no more problematic than the fact that

an event can be the result of both proximal and distal causes.*®

One wrinkle here is that it is in fact debated whether Gebharter’s framework really leads
to exclusion. Stern and Eva (2023), who endorse the framework, have recently argued that
properly applied it does not actually make high-level properties causally impotent. Their case
proceeds as follows. Consider Hesslow’s (1976) famous birth control example, in which birth
control pills (BP) reduce the risk of thrombosis (T) by preventing pregnancy (PR), but also cause
thrombosis via another route (Figure 6). The two routes happen to cancel each other, so that BP
and T are uncorrelated. As Stern and Eva note, the example shows that the absence of a directed
path from X to Y in a DAG is no indication that X does not cause Y, even if the relevant variable
set is causally sufficient. For in Hesslow’s example, if our variable set includes only BP and T
(which by stipulation do not have a common cause), the only graph that obeys the CBN axioms
is the empty graph. On that basis, Stern and Eva propose the following principle:

Weak Causation Principle (WCP): In order for a variable X to count as causally relevant

to a variable Y, there must be some causally sufficient variable set V containing X and Y

such that there exists a directed path from X to Y in some admissible graph over V. (Stern

and Eva 2023; our emphasis)
WCP gets Hesslow’s example right. For suppose we add PR to our variable set. The graph over
that set in Figure 3 does contain a directed path from BP to T, and is admissible (i.e. satisfies the

CBN axioms). So WCP entails correctly that BP is causally relevant to T.

[Figure 6 here]

18 Which again is not to say that the relationship between a high-level property and its realizer is causal: Mutual
dependence remains a sui generis relationship distinct from causation.
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But now, given WCP, exclusion doesn’t follow in Kim-style situations anymore, even
accepting Gebharter’s extension of the causal modeling framework. Although on that extension
no admissible CBN over the set {M, M*, P, P*} contains a directed path from M to M*, this does
not show that M does not cause M*. For consider the causally sufficient variable set {M, M*},
and the causal graph over it does contain an arrow from M to M*. That graph satisfies CMC and
CMIN. By WCP, the existence of this graph establishes that M does cause M* after all.?’

However, we take issue with the lessons drawn by Stern and Eva from Hesslow’s
example. Importantly, WCP is not the only principle that gets the case right: another one is
monotonicity, according to which a graph’s claim about whether X causes Y is correct if that
claim continues to hold if we add more variables to the set. The intuition behind monotonicity is
that if by adding more variables to the set we can overturn the verdict provided by the graph,
then there is good reason to think that the graph was based on too sparse a set of variables, and
hence that its causal verdicts should not be trusted.*® This seems to be exactly what is going on in
Hesslow’s example. Consider once again the empty graph over the set {BP, T}. Intuitively, the
reason why that graph’s contention that BP does not cause T should not be trusted is that the
variable set {BP, T} is impoverished: it fails to represent a crucial aspect of the causal structure
under consideration, namely whether the person gets pregnant or not.** In other words, the
intuitive reason why the claim that BP causes T is not undermined by the absence of a BP>T
path in the model over {BP, T} is not simply that there are other models in which such a path
exists, but that these models contain enough information to adequately represent the causal
structure of the case in question. Thus, Hesslow’s example may be taken to provide better
support for monotonicity than for WCP. But if we accept monotonicity, one cannot both endorse
Gebharter’s extension and claim that M causes M* anymore. Even though the DAG over {M,
M*} does contain a directed path from M to M* does not mean that M causes M* anymore, that

17 Stern and Eva also consider the possibility that {M, M*} fails an extended version of the causal sufficiency
condition that requires appropriate models to include all parents (whether direct causes or subvening variables) of
any two variables in the model. That condition would make the set {M, M*} inappropriate since P is a parent of M
and M*. They argue that the best way to formulate this additional condition entails that {M, M*} is an appropriate
set after all. We will leave this aspect of their view aside since it is not relevant to our main criticism of their view.
18 See Woodward (2008: 208) for a statement of this idea. Hoffman-Kolss (forthcoming) offers a number of
arguments for a monotonicity requirement on causal relations in the context of causal modeling. See also Halpern
(2016) for a discussion of monotonicity (or “stability’) in the context of actual causation.

19 See Blanchard and Schaffer (2017) for a discussion of the idea that an apt causal model should represent the
“essential structure” of the situation, and an application to various problems concerning actual causation.
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directed path is bound to disappear as soon as we add P to the variable set, on pain of violating
CMIN. From the standpoint of monotonicity, what is going on is that the causal graph over {M,
M*} gives the illusion that there is causation flowing from M to M*. That illusion stems from the
fact that the relevant variable set is impoverished, and has failed to include the physical variable
that realizes M. Once that variable is included, the conclusion is that the true causation runs from
P to M* only.?° Thus, we maintain that in the choice between our and Gebharter’s way of
modelling multi-level settings, only the former can help non-reductive physicalists avoid

exclusion worries.?

7. Part-Whole Relationships and the Causal Exclusion of Wholes

There are further considerations pertaining to exclusion that favor our framework over
Gebharter’s. Gebharter’s framework, if correct, yields far more than exclusion of multiply
realizable properties; it also entails that all composite entities (entities with proper parts) are

causally excluded by their parts. (A point noted by Gebharter (2022) himself, though we think he

20 Both WCP and monotonicity appear to get in trouble in cases involving failures of transitivity. Consider
McDermott’s famous case, in which a dog bites a terrorist’s right hand, forcing them to use their left hand to
detonate a bomb (McDermott, 1995). Let DB represent whether the dog bites, R whether the terrorist uses their right
or left hand to detonate the bomb, and B whether the bomb explodes. The graph over those variables contains a path
DB—R—B, and yet DB is intuitively causally irrelevant to B. WCP also wrongly counts DB as causally relevant to
B since in the causally sufficient variable set {DB, R, B} there is a path from one to the other. Monotonicity yields
the same result, as adding further variables to the set does not make that path disappear. However, Stern (2021) has
proposed another principle very close in spirit to WCP, and which says that X is causally relevant to Y just in case X
is a direct cause of Y in some causally sufficient variable set. This principle still allows Stern and Eva to reach their
main conclusions, while also giving the right results in cases of intransitivity. A similar move is available to the
proponent of monotonicity. That is, we may say that X is causally relevant to Y just in case it is a direct cause of Y in
some variable set, and there remains a directed path from X to Y when one adds further variables to the set.

21 Besides Eva and Stern, another author who argues that we can reject Gebharter’s exclusion argument without
going beyond the framework of CBNs is Kinney (2023). Kinney’s account also relies on WCP, and his proposal
captures mental causation in the same way as Stern and Eva, i.e. on the ground that the correct CBN over the
variable set {M, M*} includes an arrow from M to M*. But his proposal differs from Eva and Stern in that it doesn’t
even allow causal Bayes nets to contain variables that stand in relationships of non-causal dependence: CBNs are
only applicable to sets of variables that are logically and metaphysically independent from one another.

Kinney’s proposal is thus arguably immune to our criticism of Eva and Stern: on Kinney’s proposal the set {M, M*,
P, P*} is simply not an admissible variable set, so the fact that there is no path from M to M* is no reason to reject
mental causation, even if one accepts the independently plausible principle of Monotonicity. Yet Kinney does not
consider whether some other type of model can be applied to multi-level settings. Our proposal shows that it is
possible to model such situations in a coherent and plausible way, and that this has important philosophical benefits:
it helps understand how micro and macro-causation can fit together (i.e. how physical realizers and high-level
properties can both cause the same effect), and why this does not imply any problematic overdetermination.
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misrepresents its significance.) To illustrate, suppose that billiard ball A collides with billiard
ball B, which starts to move. Let variable A represent the mass of A, and B the momentum of B.
Let variables ag, ..., an represent the masses of the particles composing billiard ball A, and bs,...,
bm the momenta of the particles composing billiard ball B.?> Assuming the laws of classical
mechanics (collision laws and conservation laws) varying any of the aj may lead to changes in
any of the bj and this causal relationship does not seem mediated by any other variable in the
graph. Therefore, we assume that each a; is a direct cause of each bj (see Figure 7). On
Gebharter’s framework, parts are treated as parents of wholes. (See the red arrows in Figure 7.)
But if so A cannot be a cause of B. To see this, note that the graph in Figure 7 satisfies CMC. In
particular, it correctly implies that B is probabilistically independent of a;... anand A conditional
on b1._bm, and that b1._bm are probabilistically independent of A given ai..an. Because every
graph that implies that A causes B — by adding either a direct arrow from A to B, or from A to
(some or all of) bs...bm— is a supergraph of the graph in Figure 7, every such graph violates
CMIN. Since there is nothing special about the example, the argument generalizes to threaten all
other cases of causation by composites. In short, if Gebharter’s take on the causal modeling
framework is correct, wholes are made causally redundant by their parts, just like high-level

properties are made causally redundant by their realizers.

[Figure 7 here]

The parallels between asymmetric supervenience and part-whole relationships are not
lost on Gebharter, who in his (2022) offers an argument similar to the one just sketched.
However, there he frames the argument as showing not that wholes are causally excluded by
their parts, but that causal relations between wholes are reduced to lower-level causal relations
between their parts. But we do not think this is right. Consider why it is appropriate to describe
the causal modeling version of Kim’s argument as an argument for eliminativism, i.e. as showing

(in Gebharter’s own words) that on non-reductive physicalism high-level properties “possess no

22 For simplicity, we assume that that there is only one spatial dimension.
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causal power” (2017a: 364). The answer, presumably, is that if correct the argument establishes
that the causal powers that seemingly belong to M in fact belong to a distinct property, namely P.
But if we take for granted that wholes are distinct from their parts, Gebharter’s (2022) argument
must be read as establishing a similar conclusion: namely, that causal powers that seemingly
belong to a certain entity (the whole) in fact belong to distinct entities (its parts). The causal
powers of wholes are eliminated, not reduced. True, this line of reasoning presupposes that
wholes are not identical with their parts. Accordingly, Gebharter might be able to support his
reductionist reading by endorsing composition as identity. However, that thesis is highly
controversial, and justifiably so. (For one thing, it entails that wholes have their parts essentially,

and hence cease to exist as soon as they lose a part.)

In short, unless some highly controversial metaphysical assumptions are correct,
Gebharter’s extension of the causal modeling framework entails that composites lack causal
efficacy. We think this is a bad result, and one significantly worse than the fact that it makes
multiply realizable properties causally excluded. After all one may endorse the latter conclusion
but preserve high-level causation by rejecting non-reductive physicalism, as Kim himself does.
By contrast, eliminativism about macrocausation strikes us as more problematic, being at odds
with commonsense and scientific practice.? (Indeed Kim himself took pain to argue that his
argument properly understood does not make all macrocausation impossible (Kim, 2003).)
Moreover, it may well be that there is no fundamental mereological level (i.e. every part of an
object itself has proper parts), in which case Gebharter’s exclusion argument leads to causal
powers "draining away’, just like a number of authors have argued happens with Kim’s original

argument (see e.g. Block, 2003).

But things get worse. As it turns out, in our example, Gebharter’s framework can also be
used to argue that the parts are causally inefficient. To see why, imagine that we replace the
arrows from az to bs...bmin Figure 7 by arrows running from A to bs...bm. (Everything else stays
the same, in particular the arrows from all the other ais to bz...bm.) As the reader may verify, that
graph (call it G”) satisfies CMC, so that the graph obtained by now adding arrows from aj to
b1...bm would violate CMIN. (Similar reasoning applies for the other a;is.)** This problem arises

2 Though see Merricks (2001) for a defense.
24 Note a significant disanalogy between the mental-physical-case and the part-whole-case. While in the first case
the closure of the physical implies that it is assumed from the outset that P causes P* and the only question is
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due to the fact that in our example, the masses of the parts and whole are related by the equation
A=ai+ax+ ... +an. The value of the mass ai is determined by the other mass variables through
the equation a;=A-ar-az- ..an. The same kind of determination relation obtains as for A. (Note
that even though the value of A asymmetrically supervenes on the values for the ais, the values
for A and the ais mutually determine each other according to the equation mentioned.) This
means that when the values of A, a,...an are fixed, there is no room left for a; to vary and hence
make a difference to other variables in the graph, so that adding arrows originating from ax
becomes prohibited by CMIN. Hence, we now get the result that none of the ais causes bs...bm

nor B.

This result, note, does not generalize to all cases of causation that involve parts and
wholes, since the sort of mutual determination at work in the billiard ball example does not
always obtain. For instance, the physical behavior of the n atoms composing a gun taken together
fix whether the gun fires. But fixing the behavior of n-1 atoms plus the fact that the gun fires
may not necessarily fix the behavior of the nth atom. But even though Gebharter’s extension
does not entail parts are inefficacious in all cases, the mere fact that it can be used to produce
such a result in some cases is (we think) a further weighty consideration for thinking that

Gebharter’s extension of the causal modeling framework is incorrect.

It is therefore a further significant advantage of our framework that it yields no such
counterintuitive result in settings involving part-whole relationships. For consider the hybrid
graph of Figure 8, in which the dependence between parts and wholes is modelled as mutual
dependence relationships. That graph satisfies HCM. In particular, it correctly entails that (a) A is
statistically independent of bs...bmand B given as...an (since for every path from A to bs...bm
and/or B, one of the a;s is a non-h-collider on that path) and (b) B is statistically independent of
ai...anand A given b1...bm (as for every path linking B to a;...anand/or A, one of the b;s is a hon-
h-collider on that path). The reader may also verify that the graph satisfies HMIN, and that it is
the only graph that satisfies the two axioms if we take it for granted that the wholes A and B are
directly mutually dependent on their parts, and that every a; is a direct cause of every bj. And on

our proposal, the graph in Figure 8 does posit a causal influence of A on B, which works as

whether in addition M is causally efficacious too, in the part-whole-case there is no such asymmetry: the causal
closure of the physical does not single out one of the levels, because both, the level of the parts as well as the level
of the compound, belong to the physical.
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follows: A influences the behavior of its parts via mutual dependence; the parts of A causally
influence (causation in the strict sense) the parts of B; and the parts of B influence B via mutual

dependence again.

[Figure 8 here]

8. Interventions

In closing we will briefly examine the implications of our framework for the vexed question of
how to think about interventions in multilevel settings. In traditional causal modeling, it is
standard to interpret arrows in CBNs in interventionist terms. In particular, Woodward (2003)

offers the following well-known interventionist definition of direct cause:

% This is a good place to mention an objection to Gebharter’s framework raised by Casini and Baumgartner (2023).
They target Gebharter’s claim that his framework allows one to run the well-known PC algorithm (Spirtes et al.,
2000) to discover which parts are constitutively relevant to a whole’s behavior. But as they point out, Gebharter’s
framework is in conflict with several of the PC’s algorithm background assumptions. In particular, the PC algorithm
relies crucially on the condition of causal faithfulness:

CFC: G and P satisfy CFC iff every independency in P is entailed by the CMC.

CFC in effect forbids situations such as Hesslow’s birth control example (Figure 3), in which BP and T’s
independence does not follow from the CMC. In contexts where we are dealing only with causal relations CFC is a
reasonable assumption since violations of faithfulness require causal routes canceling each other out in highly
improbable ways. But faithfulness cannot be expected to hold in contexts involving deterministic relationships,
including supervenience and part-whole relationships. Thus if we treat those relationships like causation we should
expect to find massive violations of faithfulness, and indeed we do. (For example, in Figure 2, P is independent of
P* and M* given M, but that independence does not follow from CFC. Likewise in Figure 7, the set {A, ay, ..., an}
determines the value of a; and hence screens it off from b; (or indeed every other variable in the graph), an
independency which is not entailed by CFC.) We agree with Baumgartner and Casini that this severely limits the
usefulness of Gebharter’s framework for the task of inferring constitutive relationships. But note that our framework
entails the same violations of faithfulness as Gebharter’s. such violations are also common in our framework. In the
framework of hybrid models, the faithfulness condition amounts to the principle that every independency follows
from HCM. (Call that condition HFC.) As the reader may verify, the fact that in Figure 3 P is independent of P* and
M* given M is a violation of HFC, and so is the fact that b, is independent of a; given A, a.,..., anin Figure 8.
(Indeed, we suspect that any extension of the causal modeling framework to multilevel settings must involve
violations of faithfulness, as faithfulness in general cannot be expected to hold in contexts involving deterministic
dependence relationships.) This means means that we should not expect our framework to be particularly helpful for
the task of causal inference in contexts involving supervenience or part-whole relationships. But as noted above our
proposal is not intended as a method for causal discovery in those contexts. Our primary motivation, instead, is to
offer a consistent representation of those structures that is both independently well-motivated and can make sense of
the causal facts in those contexts. For that project the faithfulness assumption is not needed.
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“(M) A necessary and sufficient condition for X to be a (type-level) direct cause of Y with
respect to a variable set V is that there be a possible intervention on X that will change Y
or the probability distribution of Y when one holds fixed at some value all other variables
Ziin V.

Woodward (2003) also characterizes intervention variables as follows:

“(IV) l'is an intervention variable on X with respect to Y iff
I.1. | causes X.
I.2. I acts as a switch for all the other variables that cause X. (...)
1.3. Any directed path from | to Y goes through X.

1.4. 1 is (statistically) independent of any variable Z that causes Y and that is on a
directed path that does not go through X.” (2003: 98)

An intervention on X corresponds to a value of an intervention variable that sets X at a specific
value. 1.3 and 1.4 in (IV) are meant to exclude confounding manipulations and thereby to ensure
that an intervention on X cannot be followed by a change in Y unless X causes Y. (M) and (V)
work well for variable sets that do not include non-causal dependencies, but becomes
problematic in multilevel settings. In particular, in Gebharter’s framework for modelling those
settings interventions on high-level properties become impossible, as Gebharter (2015) and
especially Baumgartner (2009, 2013, 2018) have argued. Consider Figure 2. Because every cause
of M must be statistically correlated with P, and P lies on a directed path (P—P*—M*) that does
not go through M, every manipulation of M must violate condition 1.4 for being an intervention
on M with respect to M*. Moreover, because every cause of M plausibly counts as a cause of P,
there exists a directed path from any such cause to M* that does not go through M, so that 1.3 is
violated as well. It follows that no cause of M can satisfy the conditions for being an intervention
on M with respect to M*. (Baumgartner argues that interventionism thereby gives rise to a sui
generis exclusion argument, as only properties that can be targeted by interventions can be
efficacious in this framework.) In response, Woodward (2015) has proposed an updated version

of (IV) which he calls (IV*), and which bypasses the problem by incorporating explicit exclusion
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clauses for supervenience bases in its last two conditions. Those two conditions now read as

follows:

1.3* Any directed path from | to Y goes through X, or some variable in the supervenience
base of X.

1.4. 1 is (statistically) independent of any variable Z that causes Y and that is on a directed
path that does not go through X, unless Z is in the supervenience base of X.

(IV*), as is easy to see, makes interventions on M perfectly possible in Figure 2. However, if we
hold on to Figure 2 as the correct model of the situation, Woodward’s proposal seems open to a
charge of adhocness. If supervenience relations are treated as formally analogous as causal
relations, why should supervenience bases be granted an exception that does not apply to

(ordinary) causes?

But once we adopt the view that the relationship between mental properties and their
realizers should be understood as one of mutual dependence, and that multilevel settings should
be represented with hybrid models, the claim that a proper intervention on (e.g.) M need not and
should not leave P untouched becomes perfectly natural: obviously, an intervention on a variable
can and should be allowed to vary further variables that depend on its target.?® Formally, a simple
way to implement this idea is to substitute references to directed paths in (IV) with references to

weakly directed paths, so that 1.3 and 1.4 are replaced with the following clauses:

1.3**. Any weakly directed path from I to Y goes through X.

1.4**_ 1 is (statistically) independent of any variable Z that causes Y and that is on a
weakly directed path that does not go through X.

26 Kroedel (2019) argues that on an interventionist account of causation, M may be regarded as a (non-causal)
difference-maker for P, as an intervention on M would change P. (The relationship here goes both ways, since an
intervention on P would also lead to a change in M.) Our proposal can be seen as providing a precise formal
implementation of this idea in the framework of causal modeling.
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Call the resulting definition of intervention variables (IV**). As is easy to see, (IV**) makes it
entirely possible for a cause of M to count as an intervention on M (with respect to M*). In
particular, the fact that any such cause must be correlated with P is no issue anymore, as in our
formalism the path relating P to M* is a weakly directed one that does go through M. In our
view, the fact that our formalism offers an elegant and well-motivated way to think about
interventions in contexts involving non-causal dependencies is a further important reason to
regard it as the most plausible extension of the traditional causal modeling framework to those

contexts.

9. Conclusion

Let us retrace our steps. On their standard interpretation, CBNs are not applicable to contexts
that involve variables that are located at multiple levels and therefore non-causally depend on
each other. But given the enormous fruitfulness of the causal modeling framework there are
compelling reasons to bring it to bear on such settings, as this may shed light on longstanding
philosophical issues concerning mechanisms, high-level causation and interventions. According
to Gebharter’s proposal, non-causal dependence relationships can be modelled on a par with
causal arrows, so that there is no need to go beyond the well-understood formalism of CBNs to
represent multi-level settings. We have argued, however that Gebharter’s representational choice
is poorly motivated given the structural dissimilarities between non-causal and causal
dependence relationships — in particular the fact that non-causal dependence relationships are
manipulable in both directions. This, we argued, suggests that causal modelers should represent
those relationships as mutual dependence. But while several tools have already been developed
in the causal modeling literature to represent symmetric dependence, none of them work well for
multi-level settings. Thus our main contribution in this paper was to propose a new type of
formalism - hybrid models — for representing symmetric dependence that is specifically suited to
those settings. We proposed axioms for hybrid models that are theoretically well-motivated and
empirically plausible (in the sense that they have the right statistical implications). We further
explored the implications of our formalism for the status of high-level causation in non-reductive
physicalism. The key difference with Gebharter’s framework is that while the latter provides

support for Kim’s exclusion argument, our framework vindicates the causal efficacy of high-
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level multiply realizable properties. In addition, our framework offers a positive way to
understand how high-level and low-level causation are compatible with one another. These
results provide a powerful motivation for non-reductive physicalists to endorse our framework.
Exclusion considerations also provide another argument in favor of our framework that should
appeal to philosophers of all stripes: namely, Gebharter’s framework makes all macrocausation
impossible, whereas our proposal avoids this result. We closed with a brief discussion of
interventions, showing how hybrid models offer a plausible and well-motivated way to think
about interventions in multi-level settings. Our formalism is more complex than CBNs, in
particular because it requires information about variable levels to be included in our models. But
in light of the theoretical benefits of the framework we think this is a cost well worth paying, and
that hybrid models have a good claim at being the best way to represent multi-level settings

within the causal modeling framework.?’
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