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we discuss some possible pitfalls for the application of causal

modelling tools to complex biological cases.
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1 Introduction

Many of the systems studied by the sciences are not as nice and simple

as we would like them to be. Systems studied by biology, medicine, and



economics, for example, often involve causal cycles. Feedback inhibition, for
instance, is a typical mechanism for metabolic control in biological organisms.
A product is produced at a certain point during a reaction pathway that then

inhibits a regulatory enzyme which was involved in the production of that

product earlier in the pathway. Another example be the interaction of a

population of rabbits and foxes in a certain ges in the size of the

cern the question of how they can be modelled.
at the answer to this question depends on the
specific types of causal cycles involved.? We introduce different kinds of
causal cycles in section 2. In section 3 we introduce causal models and discuss

a selection of general challenges for cyclic models when it comes to

representation, prediction, and causal discovery. For introductory and



illustration purposes we operate with simple toy examples in this section. In
section 4 we then turn to a concrete case from biochemistry, the PI3K/mTOR
signalling network. This signalling network plays a crucial role in regulating

the cell cycle: cell growth, cell survival and metabolism (for instance of

glucose), cell death etc. Using this case we hi some of the specific

challenges for the application of causal i hniques to real and

can

only viable theory of causation, nor because we
think it suffers no hatsoever (see, e.g., Baumgartner 2009 2012;

Gebharter 2017: sec. Strevens 2007). (In fact, Maziarz rightly claims in

-

Chapter CROSSREF-chapter-Maziarz, this volume, that every monistic
account of causality faces some criticism and counterexamples.) Our choice is

rather motivated by the fact that interventionist accounts of causation are



typically formulated in a language that is familiar to practicing scientists and
because they were developed with the formal framework of causal models in

mind.>

(a)

Figure 1: Negative feedback (a) and positive feedback (b). Contingent feedback consists
in fluctuations between (a) and (b) over time.

effects rms of variables (instead

of, for instance i even According to an

interventionist tnde i levant w.r.t. another

Scheines 2000), tk ese more technical frameworks usually treat
causation as a basic concept and abstain from providing an explicit definition
of causation in terms of interventions (see, e.g., Gebharter 2017; Glymour

2004; Schurz & Gebharter 2016). However, we bracket most of these

technicalities in this chapter and rather try to keep it as informal as possible.



(For more information about the technicalities, see the literature referred to in

this paragraph.)

2 Types of causal cycles

Before we come to the question of how t represent cyclic causal
structures in section 3, it will be usefu i ighlight and discuss
different types of causal cycles. ClI i iamson (2014)

distinguish between the following three t icati ee Figure

1 for a graphical illustration):

ly or indirectly) on X;

effect (also directly or indirectly) on X.

Concrete examples of each type will be given below.



Since we describe causes and effects in terms of variables, we interpret all
three types of feedback as about causal cycles between types of events rather
than between particular events. (We leave it open whether cases of particular

events causing themselves exist.)

All three types of causal cycles are closely ted to the notion of a

state of balance the

the size of the rabbit population has a positive causal effect on the size of the
population of foxes (the availability of rabbits makes a fox’s life easier), but
that the latter has a negative effect on the former (the more foxes there are in

the region, the harder it becomes for a rabbit to survive). Now the system may



have natural breaking points. If, for example, the ratio of foxes compared to
rabbits is too high, then all rabbits will be eaten by foxes and the population
of rabbits will become 0. Shortly after this, also the population of foxes will

become 0 due to missing prey (assuming rabbits are the only food source for

foxes). Let us further assume that the sizes of the pulations are such that

no such natural breaking points are reach population sizes of

rabbits and foxes may push each othe that their mag es reach a state

would be cancer (see Figure 2(b)). Apoptosis (programmed cell death) is a
natural process that leads to the death of abnormal or mutated cells. It depends

on a complex web of negative feedback cycles which push the organism

towards the equilibrium state of having close to no mutated cells. If apoptosis



is drastically diminished, damaged or obsolete cells are not removed and ever
more cells get damaged (tumours). Conversely, in cases of hyperapoptosis too
many cells die, leading to medical conditions such as neuronal degeneration

and diabetes. In both cases the organism is, thus, pushed away from its

equilibrium state. A contingent feedback cycle es pushes the system

towards and sometimes away from its equil . Cancer might serve

the presence or absence’of additional external factors (see again Clarke et al.



Figure 2: (a) solid black line: number of rabbits; solid grey Ilne number of foxes. (b) and
(c) solid black lines: number of damaged cells; solid grey lines: apoptosis. (b) shows the untreated
case where cancer rapidly spreads and overthrows apoptosis. (c) shows the case where cancer
is treated. The diagram leaves it open whether treatment ultimately succeeds.

2014: 1657, o om‘stems (e.g., some

involved in home plogical contexts should neither be interpreted as

static, nor as the tota ence of order. Turner (2019) describes homeostasis
s “persistence of a living system in a state of specified and dynamic

disequilibrium” (2019: 3) and as “the active striving of living systems towards

a persistent and specified orderliness” (ibid.). Second, the persistent state of a

10



given living system can be strongly different from that of its surroundings. In
this sense they are often called “far-from-equilibrium” (see Chapter
CROSSREF-chapter-Bechtel-and-Bollhagen, this volume, by Bechtel and

Bollhagen; see also Leuridan & Lodewyckx 2021). Third, the orderliness of a

given homeostatic system can be more visible visible, depending on

granularity (cf. supra). Here is a simple exa : al body temperature

causal dependenc hese variables. The structure resulting from all
these arrows is called a causal graph. If X; — X}, then X;is called a causal parent
of Xjand Xjis called a causal child of X;. If two variables X;and X;are connected

by a chain of directed arrows X; — ... — Xj, X;is called a causal ancestor of X;

and X a causal descendant of X;. If a path 7 features a substructure of the form

11



— X; <, then X;is called a collider on 7 (since the arrows collide on X;). The
semantics determining the causal relations forming such causal structures
given an interventionist understanding of causation is as follows: X;is directly

causally relevant for JX;iff there are interventions on X;changing X;’s value (or

probability distribution) if the values of all other les in V are held fixed

by additional interventions. A variable X; co other variable X; via

version is more useful, Since it also applies to cyclic systems (Pearl & Dechter
1996; Spirtes 1995). Informally, the global causal Markov condition is

satisfied iff every (conditional or unconditional) probabilistic dependence

between any two (non-intersecting) sets of variables in V can be explained by

12



some suitable causal connection among these variables. A causal path is
suitable to do this job iff (i) every collider on this path is conditioned on (or
has a causal descendant that is conditioned on) and (ii) all other causal

variables on this path are allowed to vary. (For details why these conditions

adequately characterize causal relations see, e.g. arter 2017: sec. 4.2.)

be used for causal

(Pearl 1988 2000). s allows one to test and assess complex causal
hypotheses and sometimes even to abduce the existence of yet undiscovered

causal background mechanisms (see, e.g., Koch, Eisinger, & Gebharter 2017).

If the causal graph and the probability distribution meet additional conditions

13
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Figure 3: Simple static (a) and dynamic cyclic causal model (b)

(

There are basically /s to represent cyclic causal structures, a static and

a dynamic one (cf. Clarke et al. 2014; Gebharter & Schurz 2016). Assume we
are interested in the variable set V = {4,B,C} and that this system forms a

simple causal cycle. In particular, assume that 4 is directly causally relevant

14



for B, that B is directly causally relevant for C, and that C is directly causally
relevant for 4. The two possibilities of how to model this system are shown in
Figure 3.

The model in Figure 3(a) is static; it abstracts away from its development

over time, while the one in (b) is dynamic, as it r. t the causal cycle over

Let us start with having a closer look at static models. First of all, we can
observe that the model’s probability distribution can be somewhat tricky to

choose (Clarke et al. 2014; Gebharter & Schurz 2016). The problem is that

while the causal cycles within the system work over time, the probability

15



distribution over V = {4,B,C} can change. The specific probabilities observed
at a specific time are only guaranteed to correctly represent the causal
strengths within the system at that particular time. But we want to create a

static causal model that can be used for inference regardless of the specific

moment the system is in. There is a straightfo lution to this problem

one fixes the value of the variable X; on which one wants to intervene. In a
second step, one deletes all the arrows pointing at X; from one’s graph. In a
third step, one applies the global causal Markov condition to the graph that

resulted from deleting the arrows into X;, which may result in further
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B———>D

Figure 4: Simple cyclic structure producing a unique probabilistic footprint

share with static ' he choice of the probability distribution. It is,

again, best identified with the system’s equilibrium distribution. One then uses
these probabilities to specify the probabilities for every variable X; conditional
on its direct predecessors (parents) in the graph at step i — 1. Note that these

conditional probabilities will be identical for any step, regardless of how we

17



choose i. This guarantees that regardless of how we specify the prior
probability distributions over the exogenous variables at stage 1, the model
will approach equilibrium in the long run (provided we keep system-external

influences constant). As before, this will only work for systems displaying

negative feedback loops that trump the effects ibly involved positive

feedback loops. Systems not reaching equili ot produce a suitable

distribution to specify these probabiliti

not happen, it does not suffice that we take much care in choosing time
intervals between stages. Also the system of interest must be nice enough. In

particular, all the causal influences we are interested in need to spread more or

less equally fast. This is a severe limitation for dynamic causal models.

18



Also in dynamic causal models computing the effects of interventions and
hypothetical experiments is straightforward. Since the rolling-out of the model
over time always results in an acyclic structure—compare the static model in
Figure 3(a) to its dynamic counterpart in (b)—the procedure is identical to

computing the effects of interventions in ordina lic causal models (see

4 Case: the PI3K/mTOR signalling network

Up till now, we have kept our examples as simple as possible. In

scientific practice, however, it is very common to find highly complex

19



networks. PI3K/mTOR may serve as an example (see the recent review by
Ghomlaghi, Hart, Hoang, Shin, & Nguyen 2021). To repeat, PI3K/mTOR is a
signalling network that plays a crucial role in regulating the cell cycle: cell

growth, cell survival and metabolism (for instance of glucose), cell death etc.

It is a remarkably complex structure involvin titude of positive and

to co-exist redundantly;” perhaps with an eye to more robust control and/or
fine-tuning (Ghomlaghi et al. 2021: sec. 3.1). Moreover, these signalling

pathways do in turn interact with other networks (e.g., the cell-cycle signalling

network) and with nutrient sources; they engage in “crosstalk” so as to

20



integrate information from a variety of sources (Ghomlaghi et al. 2021: sec.
4). Non-linear and dynamic behaviour typically results from such complex
interactions, including oscillatory behaviour, switchlike and biphasic

responses (passim).

Ghomlaghi et al. (2021) argue that increasi r understanding of the

PI3K/mTOR signalling network is of great i ince it plays a crucial

role in cellular homeostasis (read: d equilibrium) it is one of the

As research continues, the combination of this knowledge [of

the pathway itself, its interactions and the role of cellular

context] with computational modelling will one day enable us

21



to make incredibly specific and accurate predictions about
therapeutic perturbations, down to the individual patient

level. (Ghomlaghi et al. 2021: 13)

We submit that the cyclic causal modelling ach briefly outlined in

section 3, with its own graphic, probabilis atic underpinnings,

may offer a useful, complementary t this computat endeavour. By

condition and the faithftllness condition). We have also stressed the role of
granularity and appropriate time scales. Finally, Ghomlaghi et al. (2021)

rightly stress the indispensability of substantive biological knowledge.

22



In the following, we focus on one of the main challenges the PI3K/mTOR
signalling network seems to pose for causal modelling approaches due to its
high degree of complexity.?’ To build an adequate causal model of this system,

either by hand or on the basis of causal search algorithms, one typically uses

the system’s equilibrium distribution. The proble at, as Ghomlaghi et al.

(2021) emphasize, the PI3K/mTOR si way guarantees the

of the whole syste

Does this mean that“Causal modelling approaches ultimately fail when it
comes to the application to more complex real world cases such as the
PI3K/mTOR signalling network? Not necessarily. We believe that cases such

as this show a clear limitation. However, we can still try a patchwork

23



approach. If we can keep relevant system-internal or -external factors steady
enough so that the target system is pushed towards one of its equilibrium
states, we will be able to use the resulting equilibrium distribution in order to

complete our model. This will not give us a causal model for the whole system

with all its nuanced behaviours, but we can rep s strategy for different

ilibrium states, which

background variables do not vary too drastically, since such variations can
have a huge impact on the probability distribution associated with the causal
structure we are actually interested in. So also ordinary models in practice

never give us a complete model of the whole system of interest, but rely on

24



explicit and often also on unknown background conditions. They are adequate
tools for causal inference only if these conditions are met.
There is, however, also a difference in complications between modelling

cyclic and acyclic causal systems: While a simple acyclic model can in

principle be expanded to a more extensive m adding some of the

ry large literature on causal
res. There is also a growing literature on
atter can be very useful for practicing scientists,
especially in tande er computational tools. It goes without saying
that cyclic causal modelling techniques should be applied in a cautious way,

keeping in mind the various assumptions underlying them. That being said,

it’s better to only throw away the bathwater and not the baby.
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Key messages

- Many causal systems studied by sciences such as biology,

pharmacology, and economics feature causal cycles.

possible pitfalls of doing so.
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See also Ch for a

(Gebharter & Hiittema ; Papineau 2022) on the metaphysics required by causal
modelling methods.

5 Other chapters in this volume that also adopt an interventionist interpretation of causality are

Chapters CROSSREF-chapter-Runhardt and CROSSREF-chapter-Suarez.
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® For a more detailed account—in terms of intervention variables and interventions—of what
counts as wiggling X in the right way, see (Woodward 2003, ch. 3).
7 Note that a system’s equilibrium state is typically defined only ceteris paribus, meaning that

certain external disturbance factors are assumed to stay equal or close enough to equal.

8 This stable oscillation counts as an equilibrium state only j treat it at a coarsegrained

level and over a relatively long span of time; see also 1. 2014: 1657, on the notion
of granularity.

% See https://medlineplus.gov/ency/article/0

provide us with an adeqt entation of these systems’ causal dynamics.

16 This holds only under the assumption of faithfulness and in the absence of latent common
causes.

17 This result assumes, again, faithfulness as well as the absence of latent common causes.

18 For the full approach, see (Richardson & Spirtes 2002); for a simplified and less technical

approach, see (Gebharter & Schurz 2016).
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19 See also Chapter CROSSREF-Chapter-Andersen, this volume.
20 For more problems that can come with a high degree of complexity over and above the one

we discuss in this chapter see, for example, (Kaiser 2016; Weber 2016).
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