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Abstract

When do people tend to believe that a phenomenon x was the cause
of a subsequent phenomenon y? We suggest that the subjective sense
of causality would emerge only if x explains y, for example, in the
sense of reudcing its Kolmogorov complexity. We also discuss the re-
lationship of explanation to predictability as sources of the subjective
sense of causality in more general set-ups.

1 Introduction

Scientists and laypeople alike reason about causes of past events and use

such reasoning in making predictions about future eventualities. For exam-

ple, there are various theories regarding the causes of the subprime crisis

of 2007/8; and the policy of Quantitative Easing is believed to be among

the causes that the crisis didn’t develop into a Depression. Similarly, the

exact extent of global warming is controversial, as are its causes. Yet the
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overwhelming majority of climate scientists contend that human activities

are among the causes of the phenomenon. And, to consider less controversial

examples, people may agree that real estate prices rise because of an increase

in demand, or that a social security system is in danger because of low rates

of fertility. Causal reasoning seems natural and ubiquitous. Furthermore, it

has direct implications for decision making, whether by individuals or insti-

tutions, firms or governments.

However, ever since Hume (1738) questioned the concept, causality has

proven elusive to define and to establish. Is there causality in the objec-

tive world around us? If so, can we grasp it, or prove its existence? Or

is causality just a habit that we conveniently maintain? Is it a relic of the

past, erroneously supposed to do no harm, as suggested by Russell, likening

causality to the monarchy (Russell, 1918, p. 180)? Or can it be defined

in a rigorous way, as suggested by Mackie (1965) and Lewis (1973)? The

philosophical debate is as active as ever, regarding metaphysical, epistemic,

as well as other notions of causality. (See Illari and Russo, 2014, for a recent

survey of approaches and questions.) The debate is particularly relevant to

economics, as pointed out by Mongin (2002). As exemplified by the financial

crisis of 2007/8, the ongoing debate on climate change, as well as the more

recent discussions of the ways of coping with Covid-19, governments need to

make crucial decision in set-ups that do not allow experimentation. In such

situations the definition of causality is not only a matter of philosophical in-

terest; it is a profound philosophical question that can have palpable impact

on people’s lives.

Causality is a problematic concept also in statistics and logic. Students in

basic classes are warned not to assume that correlation is necessarily indica-

tive of causation. Establishing causal linkages between variables is indeed a

major challenge of empirical work. Wright (1921) pioneered path analysis,

attempting to uncover causal relationships in the absence of randomized con-

trol trials (Fisher, 1935). More recent contributions include Rubin (1974),
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Robins (1989), and Pearl (2000), the latter suggesting a general theory of

causality.1 The formal theory of causal and counterfactual reasoning has

been further developed by Halpern (2016) building on joint work with Pearl.

Our interest is in subjective causality, referring to the psychological phe-

nomenon of people thinking in causal terms. We focus on the sense of causal-

ity that is shared by many and is not obviously erroneous. The model is

descriptive in nature; it is not designed to help people correct mistaken rea-

soning, such as confounding cause and effect, or missing hidden causes. At

the same time, we do not focus on causal reasoning that is clearly faulty.

While our main motivation is to understand how people think about

events in economic, political, and social life, it will be useful to consider

also simpler examples that tend to be repeated under more or less the same

conditions. Consider the following classical thought experiment, well known

in the philosophical literature: a brick thrown at a windowpane. If the

window breaks after being hit by the brick, most people would tend to think

that the brick was the cause of the window breaking. This has to do with

the facts that (i) both events happened, (ii) we tend to believe that, had the

brick not been thrown, the window would not have been broken, and (iii) the

presumed cause preceded the presumed effect. These three conditions can

be traced back to Hume (1738) and Lewis (1973) and they seem necessary

for subjective causality to emerge. However, they are not suffi cient. For

example, when we observe day being followed by night, and night by day,

we do not think that the day is the cause of night, nor vice versa.2 As in

the case of the broken window, the three conditions seem to hold: we believe

that, if it is daytime now, it will be nighttime 12 hours hence, and that, had

1Pearl’s theory has implications to formal decision theory. See, for instance, Zhang and
Bareinboim, 2017.

2This is a well-known example (see, for instance, Illari and Russo, 2014, p. 164). Notice,
however, that the puzzle for us is the psychological phenomenon. We claim that an agent
who would only observe days followed by nights and vice versa will not have a sense that
one causes the other irrespective of more involved theories about the motion of celestial
bodies.

3



it not been daytime now, it would not be nighttime 12 hours hence. It seems

natural to ask, then, why don’t we have a sense of causality in the case of

the diurnal cycle as we do in the case of the broken window?

In this note we focus on an additional condition that we consider to be

necessary for subjective causality: for x to be considered a cause of y, it

has to explain it, in the sense of reducing its complexity. We assume that

an agent has past observations, in each of which each of x and y did or did

not occur. We suggest to measure the strength of the sense of causality that

the agent would experience by the reduction in the Kolmogorov complexity

(Kolmogorov, 1963, 1965) of y provided by x. This notion is in line with

Janzing and Scholkopf (2010), Budhathoki and Vreeken (2016, 2017), and

Marx and Vreeken (2018) who use similar Kolmogorov complexity measures

for the definition of causality, mostly in a statistical context.

Our goal is to capture the degree to which people tend to think that

x is the cause of y in this non-probabilistic context.3 Specifically, in the

case of the brick breaking the windowpane, it is generally hard to predict

which windowpanes will break and when. Thus, the pattern of breaking

windowpanes is rather complex; but when thrown bricks are introduced into

the picture, it becomes much simpler. By contrast, in the case of the diurnal

cycle, the pattern of days (or nights) is simple to begin with. If one needs

to predict the pattern of nights, one can do it just as well with and without

the occurrence of day as an explanatory variable. Thus, the variable x (day)

does not help to reduce the complexity of y (night).

Observe that a variable xmight fail to reduce to the complexity of another

variable, y, in two extreme cases. First, it might be the case that the two

variables exhibit complex patterns that are unrelated to each other.4 Second,

as in the diurnal cycle example, y might be simple enough to begin with. In

the former case, a person is likely to feel that y calls for an explanation,

3Janzing and Scholkopf (2010) also apply their concept to single events in a non-
probabilistic context.

4This case obviously doesn’t satisfy the classical conditions (i)-(iii) above.
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but that x fails to deliver it. In the latter, a reasonable person would feel

that there is nothing to explain to begin with. Our focus on the reduction

of complexity implies that, for a person to feel that x caused y, there should

be a problem (namely, the complexity of y), and a solution (the reduction of

complexity thanks to x). We argue that the sense of subjective causality can

only emerge when there is this pattern of question-answer.

The notion of explanation is obviously related to prediction.5 Typically,

an explanation of past data suggests a way to predict future observations;

and, vice versa, a theory that could have predicted the data in the past can be

viewed as an explanation thereof. Yet, there are some distinctions between

the two. First, an explanation, as measured by reduction in Kolmogorov

complexity, deals only with the complexity of describing a program, and not

of executing it. In case of high computational complexity one may have an

explanation that is simple to describe but that does not allow for actual

prediction. Second, when an agent considers her own choices, the sense of

agency involves the feeling that her current decision cannot be predicted

(even if past decisions are easily explained). We therefore believe that a

more complete definition of subjective causality would involve a theory of

predictability. We do not offer a formal model of predictability here for the

sake of simplicity: such a model would be rather cumbersome, and involve

many assumptions about the formulation of beliefs that may appear ad hoc.

The note is organized as follows. Section 2 conveys the main message. We

first define our problem more precisely, distinguishing it from other problems

related to causality that have received much attention in philosophy, statis-

tics, and psychology. We then explain in more detail why the basic necessary

conditions for causality are insuffi cient for our purposes, and informally de-

scribe the explanation condition. Section 3 provides a formal definition of

subjective causality in a simplified model. We discuss predictability and pos-

5See Hempel and Oppenheim (1948), Helmer and Rescher (1959), and, more recently,
Shmueli (2010).
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sible formal models thereof in Section 4. In particular, we discuss the effects

of agency and computational complexity on the ability to predict and on the

emergence of subjective causality.

2 The Question

2.1 What is “Subjective Causality”?

This paper deals with causal reasoning as a rational psychological phenom-

enon. We ask, under which conditions will agents espouse causal theories,

without being wrong in any obvious way. As this question is closely related

to the discussions of causality in philosophy, statistics, and psychology, it

will be helpful to focus the discussion in comparison with these fields.

As opposed to much of the discussion in philosophy and in statistics,

we do not ask whether causality truly exists, or when it can be established

based on empirical data, but only when it will be adopted by humans in

their reasoning. Thus, our discussion is more positive than normative in

nature. On the other hand, we do not focus on erroneous causal reasoning.

Certainly, many causal theories may be mistaken, and people undoubtedly

make mistakes, such as confounding causation with correlation. (See, for

example, Spiegler, 2019a, 2019b, for economic implications of such errors.)

Yet, we aim to better understand causal theories in those cases where they

do make sense, and where experts would endorse them, as in the cases of the

financial crisis or global warming cited above. Our question therefore has a

greater overlap with those asked in philosophy and statistics than do studies

in psychology or behavioral economics.6

To define our question more sharply, one can imagine two tests of causal

claims. First, one may adopt a “Strong Artificial Intelligence”motivation

and ask, if we were to program a machine, and would like it to use causal

6In the categorization of questions about causality of Illari and Russo (2014, p. 237-
240), ours is closest to the question of semantics.
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statements in a way that humans do (and that other humans find appropri-

ate), when would we program the machine to utter causal statements? (See

Pearl and MacKenzie, 2018, for a similar motivation.) Alternatively, one

can use a social definition, asking, if people disagree on causal statements,

when would one be able to convince another of such a statement? Under

which conditions would the majority of listeners agree that x was indeed the

cause of y? Importantly, our motivation is neither to engineer machines that

pass Turing tests, nor to train debaters. We use both illustrations merely as

metaphors in order to define the problem we wish to study: understanding

the way people use the term “causality”, when they do so in ways that they,

and others, would not find fundamentally mistaken. (See Sloman, 2005, and

Sloman and Lagnado for a similar approach.)

An important distinction between our main question and the study of

causality in statistics is that we wish the theory to apply to singular public

events, such as financial crises, wars, etc. While it is desirable to have a

theory that can also scale up to large numbers of repetitions, and merge with

statistical theories of causation, this isn’t our main focus. As mentioned

in the introduction, we will use simple examples in which there are many

observations of phenomena that are “repeated under the same conditions”.

These, however, are only benchmark examples that are used to test our

definitions in simple cases.

Our problem differs from much of the literature on causality in statistics

in two ways. On the one hand, our problem is conceptually simpler because

we assume that events are known as soon as they occur, and thus temporal

order is also observable. This is often not the case in statistical problems

where variables may interact repeatedly over time. For example, observing

a correlation between price and quantity, one cannot determine temporal

precedence. Neither variable takes values at a given observable time, and

each may causally affect the other. Hence, even if one assumes a direct causal

relationship between them, its direction is hard to determine. By contrast,

7



when asking whether the assassination in Sarajevo was the cause of WWI, one

has to deal with many diffi culties, but temporal precedence is not one of them.

On the other hand, our problem may be conceptually more problematic than

statistical causality due to paucity of data. As the same example illustrates,

often probabilities cannot be assumed given. There is only one observation of

a history in which the assassination in Sarajevo did take place, and none in

which it didn’t. One may formulate probabilistic beliefs about the occurrence

of WWI conditional on the assassination occurring or not, but these would

have to be subjective beliefs, and determining them might require causal

reasoning again. Further, one may describe one’s beliefs using more flexible

models than probability theory. In any event, the language of conditional

probabilities isn’t the most natural way to describe many of our problems.

2.2 Preliminary Conditions

When will we say that a person thinks in causal terms? Or, what is meant by

a person who says that “x is the cause of y?”The answer is, in principle, an

empirical one. If we wonder what people mean by a certain claim, we should

find out what beliefs are associated with this claim, and the answer should be

obtained by collecting data on usage of the term and the associated beliefs. In

planning such data collection, one should be willing to accept answers that

are somewhat messy. A person’s use of the term “cause”might well vary

with her education, culture, and so forth. There is also no reason to assume

that a given person uses the term in a consistent way; indeed, a person may

use the term in ways that she will re-consider and find inappropriate. We

do not offer any such empirical test here. The following should therefore be

viewed merely as a yet-untested conjecture about empirical facts, which, at

this point, we submit to the reader’s intuitive judgment in lieu of a rigorous

scientific study.

As mentioned in the introduction, three conditions that appeared in the

philosophical literature (Hume, 1738, Lewis ,1973) are obvious candidates
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for necessary conditions for subjective causality. Note that these conditions

were presented as defining what causality actually means, which is not our

problem here. However, we re-interpret them as conditions that, by and

large, are needed for people to endorse causal statements. Specifically, we

submit that most people would not endorse the claim “x was the cause of

y”unless they think that that (i) x occurred, and so did y; (ii) had x not

occurred, y would not have occurred either; (iii) x preceded y.

Clearly, statement (ii) is a counterfactual, and its meaning, as such, is

open to debate. What do people mean when they utter such counterfactuals?

If there are many repetitions of the same circumstances, counterfactuals typ-

ically refer to past cases in which the antecedent did not hold. For example,

consider the statement “The window broke because it was hit by a brick”.

It involves the counterfactual claim, “Had the brick not hit the window, the

window would not have broken”. This latter claim is considered valid because

it refers to many cases in which stones did not hit windows and the latter

were not shattered. However, causal statements, and the implied counterfac-

tuals, are also used when such past cases do not readily suggest themselves.

For example, consider again the statement, “WWI erupted because of the

assassination in Sarajevo”. Should this causal claim satisfy condition (ii), it

should mean also that, “Had the Archduke Ferdinand not been assassinated,

WWI would not have erupted”. We argued above that empirical data do

not equip us with “objective”conditional probabilities for such events. This

raises the question, what does a person mean when they espouse such a coun-

terfactual? How can one person convince another that the counterfactual is

or is not valid?

In this paper we do not delve into the question of counterfactual reasoning.

We assume that prediction —of y given the actual x, as well as given the

counterfactual not-x —is performed in some agreed-upon way, and turn our

attention to a different problem: why is it the case that some cases that

satisfy (i)-(iii) do not seem appropriate for causal statements? Going back
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to the diurnal cycle example, it is true that it will be night at time t + 12

(yt) if and only if it is day at time t (xt), and that the latter precedes the

former. Why would it sound inappropriate to attribute causality to these

phenomena? What is missing in (i)-(iii)?

3 A Model of Subjective Causality

We present a formal model that can capture some main features of subjective

causality. We seek a model that is as simple as possible for two reasons. First,

a simple model will clarify the main message, and show its basic logic in a

transparent way. Second, we wish to think of the model as describing the

way people reason. As mentioned above, we do not focus on biases and

errors of human reasoning; rather, we attempt to capture the type of causal

attributions that would be considered reasonable by most people. However,

given that constraint, the simpler the model, the mode convincing it is as a

description of human thinking. For the sake of simplicity we also assume away

many issues that are important and interesting but not strictly necessary to

clarify the message. In particular, we ignore the question of counterfactual

theories, despite its centrality to causal thinking.7

Assume that at time t = 0, 1, ... an agent observes realizations of two

variables, first xt and then yt. Let us assume first that both are binary:

xt, yt ∈ {0, 1}. Given a history ((xi, yi))0≤i≤t, when will the agent feel that x
is the cause of y?

Kolmogorov complexity and minimum description length (MDL) have

already been used to define causality by Janzing and Scholkopf (2010), Bud-

hathoki and Vreeken (2016, 2017) and Marx and Vreeken (2018), typically

7The model presented here can be extended to deal with counterfactuals, for example
along the lines of Di Tillio, Gilboa, and Samuelson (2014). They model counterfactual
reasoning employing the “unified model of induction”of Gilboa, Samuelson, and Schmei-
dler (2013). While a more complete theory of subjective causality would have to rely on
a theory of (subjective) counterfactuals, we do not explicitlyl model these here.
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in a statistical context.8

Given a history ht = ((xi, yi))0≤i≤t with t > 0,
9 let K (y) (=K (y, ht)) be

the length of the shortest program that can generate (yi)0≤i≤t. One needs

to specify a formal language in which the programs are written, and while

this choice is immaterial for the main point, we can, for concreteness, choose

PASCAL as such a formal language, where the length of a program is mea-

sured in the number of tokens it uses. We consider programs that, for every

i ≤ t, when accepting i as an input, compute yi in finite time.10 We similarly
define K (x) (=K (x, ht)). Next, we define the minimum description length

of y given x, K (y|x) (=K (x, ht)), as above, only now the program that needs
to compute yi for a given i can also consult the sequence (xj)0≤j≤i (that is,

the program can invoke a procedure that computes xj for any j ≤ i). Impor-
tantly, the program that computes y given x need not recall or compute the

x’s and can use them at no cost (as far as K is concerned). We view these

programs as models of the way people think. We do not assume that people

are necessarily aware of Kolmogorov complexity arguments, and certainly

not that they can compute the minimal complexity program for any input.11

We only suggest that, in many cases of interest, the complexity of programs

in a language such as PASCAL can be a reasonable way of explanations that

people can come up with, and of the way the rank some explanations are

more convincing than others.

We mention without proof

8Solomonoff (1964) already used Kolmogorov’s complexity measure as a model of hu-
man reasoning in the context of philosophy of science. Gilboa (1994) applied the concept
for modeling everyday reasoning, including rather mundane examples such as “understand-
ing a movie”. The current use of MDL’s is in line with these applications.

9It is convenient to rule out the empty history so that all MDL’s involved are strictly
positive.
10This definition depend on the exact notion of “tokens”and the way their complexity

if measured. For example, is a natural number n considered to be a single token of length
1? Or should it be described by log (n) bits? The main points we wish to make do not
depend on these details.
11In general, this task is not computable, though it will trivially be so if we bound the

size of the sequences involved.
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Observation 1 There exists a c > 0 such that, for any ((xi, yi))0≤i≤t,

K(x) +K(y|x) + c ≥ K (y) ≥ K (y|x)

We define the measure of subjective causality (for x being the cause of y

given history ht) to be

C (x, y) = 1− K (y|x)
K (y)

(1)

Given Observation 1, 0 ≤ C (x, y) ≤ 1.12 We argue that it captures the
intuitive notion of causality. Consider the following three cases:

(i) Suppose that x denotes the occurrence of rain, and y —the lawn being

wet. Assume also that the lawn is only wet when there is rain, so that there

is a simple functional relationship by which yi = xi. Thus, the complexity of

y given x is low. However, the patterns of both x and y are rather complex.

Let us assume that both seem “random” in the sense that they have high

Kolmogorov complexity. Hence,

K (x) , K (y) ≈ t

K (y|x) = c

for some (low) constant c. It follows that K(y|x)
K(y)

≈ 0 and C (x, y) ≈ 1. Indeed,
in this case an agent would tend to think that rain is the cause of the lawn

being wet.

(ii) Suppose next that x is the occurrence of rain in one location, and y

—the lawn being wet in a remote location. In this case both phenomena are

complex, but x does not help much in predicting y. We could expect

K (x) , K (y) , K (y|x) ≈ t
12The expression is similar to the definition of ds (x, y) in Janzing and Scholkopf (2010)

(see p. 10). There are a number of differences in technical details and in motivation. In
particular, our definition does not refer to the minimal description of the strings, which
are not generally computable.
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and thus K(y|x)
K(y)

≈ 1 and C (x, y) ≈ 0. Since x does not contribute much to
explaining y, it is natural to assume that x isn’t the cause of y.

(iii) Finally, assume that x denotes daytime, and y —daytime 12 hours

later. In this case there is a simple functional relationship between x and y,

with yi = 1− xi. But each of x and y is also simple on its own, so that

K (x) , K (y) , K (y|x) ≤ c

for a low c. Because K (y) ≤ c we find that K(y|x)
K(y)

cannot be too low. For

concreteness, if K (y) = K (y|x) = c we obtain C (x, y) = 0.
In case (ii) x isn’t perceived to be the cause of y as it leaves y as complex

as it was before knowing x: there is a lot to explain, but x doesn’t explain

much. By contrast, in case (iii) x isn’t perceived to be the cause of y simply

because (all puns intended) there was nothing to explain to begin with. Only

in case (i) does subjective causality emerge, because there is a lot to explain

a priori, but much less so after x is taken into account.

Our definition of C (x, y) might bring to mind the “coeffi cient of deter-

mination”, in linear regression analysis, defined as

R2 =
SSR

SST
= 1− SSE

SST

where SST stands for the overall variation to be explained (the variation of y

irrespective of x), the SSR for the explained variation, and the SSE —for the

unexplained variation. Thus, the unexplained variation, SSE, plays a similar

role to K (y|x) in our definition, as it measures the amount of explanation
needed after having taken x into account. Yet, the definitions vary in many

ways, and, in particular, the function C need not be symmetric (see below),

while R2 is.

3.1 A Few Properties

We briefly mention a few properties of the definition above.

13



3.1.1 Causes need to be complex

Observe that the definition of C (x, y) does not make explicit reference to

the complexity of x. However, the measures are related by Observation 1.

Specifically,

Observation 2 There exists a c ≥ 0 such that, for any ((xi, yi))0≤i≤t,

C (x, y) ≤ K (x)

K (x) +K (y|x) + c ≤
1

1 + K(y|x)
K(x)

Thus, the measure of subjective causality has an upper bound that de-

pends on the complexity of x (and of y). If x is a very simple phenomenon,

it will not generate a strong sense of causality.

3.1.2 Relative frequency of subjective causality

Let us restrict attention to the event on which y is a function of x, say

yi = xi for all i ≤ t. While we do not make any assumptions about a data
generating process that assigns probabilities to the realizations of x and y, it

is worthwhile to note that, over this event (that is, if y = x), most sequences

((xi, yi))0≤i≤t would result in a high measure of subjective causality, because

most sequences are complex. If we let t tend to∞, it is straightforward that
in most states in this event, C (x, y) will converge to 1.

3.1.3 Symmetry

Our main interest is in phenomena where temporal precedence is observable,

and thus there is no room to ask whether x is the cause of y or vice versa.

Yet, given a sequence ((xi, yi))0≤i≤t, the question of symmetry is a natural

and mathematically well defined one.

It is easy to see, however, that the measure of subjective causality, C, is

not symmetric. For example, let t be large (say, tend to ∞) and consider a
sequence (yi)i≤t that is complex, with Kolmogorov complexity approaching
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t. Next define (xi)i≤t to be 0 on odd periods i and xi = yi for even i. Then

K (y) ≈ t and K (x) ≈ t/2. However, K (y|x) ≈ t/2 while K (x|y) ≈ 0.

Thus,

C (x, y) = 1− K (y|x)
K (y)

≈ 1− t/2
t
=
1

2

but

C (y, x) = 1− K (x|y)
K (x)

≈ 1− t/2
t/2

= 0.

3.1.4 Transitivity

Assume that the agent is aware of three (binary) variables, x, y, z, and ob-

serves their values ((xi, yi, zi))0≤i≤t for a large t. If x generates a sense of

causing y, and y —of causing z, will the agent tend to feel that x is a cause

of z?

A qualified answer is the affi rmative follows from simple calculations.

Observe that, for a constant c,

K (z|x) ≤ K (y|x) +K (z|y) + c

Indeed, one way in which zi can be computed, having access to (xj)j≤i, is

by computing zi using past values of y, (yj)j≤i, and, whenever yj is needed,

invoking (xl)l≤j to compute it. The total length of such a program is bounded

by K (y|x)+K (z|y) and some additive constant (independent of t). We thus
obtain

K (z|x)
K (z)

≤ K (y|x)
K (z)

+
K (z|y)
K (z)

+
c

K (z)

If z is complex enough, say, K (z) ≥ K (y), K(y|x)
K(z)

≤ K(y|x)
K(y)

, we also obtain

K (z|x)
K (z)

≤ K (y|x)
K (y)

+
K (z|y)
K (z)

+
c

K (z)

and then, if K(y|x)
K(y)

, K(z|y)
K(z)

≈ 0, so will be K(z|x)
K(z)

. That is, a strong sense of

causality between x and y and between y and z will imply a strong sense of
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causality between x and z. However, this need not follow if z is not com-

plex. In particular, some of the classical examples of intransitive causation

(Hitchcock, 2001) would be, in our set-up, examples where z is simple.13

4 Predictability

4.1 Uncertainty about the Antecedent

We argued that statements (i)-(iii) in subsection (??) are not suffi cient for
the subjective sense of causality to emerge, and suggested to add a condition

about the degree to which x explains y, as captured by the reduction of the

latter’s Kolmogorov complexity. Observation (2) showed that this reduction

in complexity is related to the complexity of x itself: if x were simple, it

could not generate a strong sense of causality.

This conclusion could be used as another way to supplement statements

(i)-(iii) in the quest for a set of necessary conditions for the sense of causality

to emerge: rather than discussing the complexity of sequences of observa-

tions, one could say that x could not be predicted. When a person says “x

was the cause of y”, she could be understood as saying, “I know that x did

actually happen, but I don’t think it had to happen. Before observing x

and y, I didn’t know x. Or, to be precise, my confidence in the conditional

statement, that y would occur if and only if x would, by far exceeded my

confidence in the unconditional statement that x would occur.”14

13For example, if an assassin-in-training may not shoot (see Hitchcock, p, 276), but he
is backed up by a Superviser who shots in case he doesn’t, Victim dies in any event, and
there is little complexity to explain in z.
14More formally, consider a state space S = {(0, 0) , (0, 1) , (1, 0) , (1, 1)} where, for each

s = (sX , sY ) ∈ S, sX denotes the truth value of X and sY —of Y . Then, the pair (s, F )
with s = (1, 1) and F = {(0, 0) , (1, 1)}, can be read as “I know that s happened to have
occurred. However, s was not the only possible state. What was necessarily true is only
F , that is, Y would have assumed the same value as X whether it were 1 (as actually
happened) or 0”. Going back in time, before either X or Y were observed, the statement
“X is the cause of Y ”could be read as saying “I know F , but not more than that”. Thus,
we argue to the sense of subjective causality is strongest when the event F is believed to
be true, but when the value of X is unknown. That is, uncertainty about the antecedent
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Let us first see that this additional condition allows us to distinguish

between the broken window and the diurnal cycle examples. In the former, x

stands for “A brick is thrown at the window”, and y —“The window breaks”.

It stands to reason that an agent would say, “I am rather sure that window

will break if a brick is thrown, but who am I to tell whether a brick would

be thrown at it?”By contrast, in the diurnal cycle example x stands for “It

is daytime at time t”and y —for “It is nighttime at time t+ 12”(where t is

measured in hours). Again, the agent has very high confidence in predicting

y given x. However, she also has very high confidence in her prediction

of x itself. Thus, if the sense of causality is defined as some measure that

compares the two, it will not be as high in the diurnal cycle example as in

the broken window example.

The sense of predictability can capture subjective causality, or absence

thereof, also in cases that do not involve sequences of observations. For

example, consider reasoning about mathematics. A somewhat naive model

of mathematics would involve no uncertainty: mathematical statements are

true or false. Before solving a mathematical problem, an agent might have

subjective uncertainty about it, and entertain more than one state of the

world in her mind. Yet, if she finds that x is true and so is y, she would

typically not have a sense that x is the cause of y. They are simply both

true. One way to capture this absence of subjective causality would be by the

notion of predictability: even though the agent did not know that x was true,

she has a sense that this could be known, that is, that x could have been

predicted. As a result, no sense of causality emerges when her subjective

state of knowledge changes.

4.2 Free Will

Our discussion suggests that subjective causality would emerge only when

the antecedent x cannot be predicted, for the absence of information, or its

is essential for the phenomenon to occur.
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complexity. But another reason for which x might be unpredictable: the

sense of agency and a consistent account of rational decision making. As

argued in Gilboa (1999, 2009), rationality demands that the decision maker

put whatever she knows or believes about her own choice on hold, while

making that very choice. In order to consider all possible choices, a decision

maker should be able to imagine, for each possible choice a, a coherent world

in which she indeed chose a, and reason her way to the possible outcomes

of that choice. It might be the case that an outside observer can predict

that the choice be a, based on data about past choices. A rational decision

maker should also be able to make this prediction. But we would probably

not regard her as rational if she were incapable of imagining a world in which

she chooses b 6= a. And to imagine such a world, she needs to suspend her
belief that her choice is going to be a.

For example, a decision maker may be asked to contemplate jumping

out of the window from a high floor. Knowing the decision maker past

behavior, we can probably predict that she is unlikely to jump. Indeed, so

can she. However, in order to make a reasoned choice, the decision maker

should be able to imagine the gruesome outcome of jumping, adding the

statement “I jump out of the window at time t”to her knowledge base. If

the contrary of that statement is included in this knowledge base, the latter

will be inconsistent.15 Thus, a rational account of the process of choice has to

involve a step in which whatever the decision maker knows about the specific

choice she is about to make is suspended. She may and probably should

maintain whatever information she has about her past choices and about

her future agents’choices, but not about the current one. This operation of

“suspending”one’s knowledge about oneself is reminiscent of Pearl’s (2000)

“do”operator and his model of counterfactual reasoning. (See also Zhang

15It is claimed that the basic problem of understanding free will exists in such an ex-
ample, and need not rely on determinism of any type: it suffi ces that an agent has a
subjective sense of free will regarding one specific instance of choice, as well as practical
knowledge of her own choice in that instance, to raise the problem.
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and Bareinboim, 2017).

We therefore find that there are two main reasons for which an agent,

who can predict y given x with a high degree of confidence, may feel that

x is the cause of y: either she has uncertainty about x, due to absence of

information or to computational complexity, or because x describes her own

choice, in which case rational choice demands that she pretend that she does

not know the value of x even if she practically does. (See also Sloman, 2005).

4.3 When are Variables Determined?

There are many problems in which one believes that x is the cause of y while

observing x later than y, or not observing x at all. Indeed, when one infers

causes from effects one believes that the value of x has been determined at

a given time point, even though one does not (yet) know it.

We can think of an agent believing that a variable has been “determined”

if the agent knows its value, or thinks that she could possibly have known this

value. For example, an agent might know that a sport match is over, not

know its outcome, but believe she could have known it had she been watching

the match. Or, an agent might not have known a mathematical result at a

given time, but feel that she could have known it, had she worked out the

proof earlier.

It follows that the subjective sense of causality involves counterfactuals

at two levels: the substantive level, which has to do with what would have

happened in the external world (that is, what would have been the value of

y had x assumed another value) and the epistemic, dealing with what the

agent could have known.16 We suggest that both types of counterfactuals are

generated and justified in similar ways. A model of counterfactual reasoning

(such as Di Tillio, Gilboa, and Samuelson, 2014) can be applied to both types

of counterfactual statements, in one case reflecting beliefs about the way the

16This distinction is similar to, and in some cases precisely overlaps the distinction
between indicative and subjunctive counterfactuals (see Stalnaker, 1975).
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world works, and in the other —also about the way the agent herself reasons.

Observe also that the use of causal statements in everyday parlance can

sometimes confound epistemic with substantive counterfactuals. Consider

mathematical proofs again. We have argued that they admit no room for

causation, at least in the naive model of mathematics. Yet, causal statements

are not infrequent in mathematical proofs. But, we submit, these are state-

ments about one’s own state of knowledge, not about mathematics itself. If

we prove that n is odd and write “therefore (n+ 1) is even”, the causation

refers to an epistemic counterfactual, not to a substantive one.17
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