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Abstract

In normative terms, a meaningful explanation should reflect how data is generated—this is precisely
where causality becomes essential. Existing machine learning methods for explanation either miss
this desideratum entirely or incorporate only partial causal knowledge. Large language models
(LLMs), in particular, routinely produce fluent explanations that amount to unfaithful rationaliza-
tions of the underlying data-generating process. We therefore advocate a direct approach: derive
explanations from the structural parameters and mechanisms of a causal model itself. To this end,
we introduce Causal Articulation Theory (CAT), a formal account of how explanations can be artic-
ulated from a structural causal model (SCM). CAT addresses why-questions about individual units
and uses a recursive articulation procedure that draws on both the graphical structure and causal
effects encoded in the SCM. Using a small set of first-order articulation rules, we first develop CAT
for static linear SCMs and show that it offers an appealing alternative to LLM rationalizations: CAT
naturally distinguishes direct from indirect causes, captures the qualitative sign of causal effects,
and remains robust to stochasticity in exogenous variables. To address ever-changing environments,
we then extend CAT beyond static settings by relaxing initial assumptions to cover both temporal
and agentic scenarios, yielding articulated explanations over time and action. For empirical cor-
roboration, we present a series of experiments: (i) a user study examining the alignment between
CAT-based articulations and human causal judgments in everyday domains, (ii) an investigation
of CAT as a regularizer for causal discovery, and (iii) examples of articulated explanations in two
temporal domains involving forecasting and a simple video game environment.

Keywords: causal explanation, structural causal model, interactive machine learning, large lan-
guage model

1. Introduction

Artificial intelligence research has long pursued the goal of automating aspects of scientific rea-
soning (McCarthy, 1998; McCarthy and Hayes, 1981; Steinruecken et al., 2019). Because causal
interactions sit at the core of human cognition (Penn and Povinelli, 2007), integrating causal struc-
ture into machine reasoning remains a central challenge (Scholkopf, 2022), even in light of mature
formalisms for causal representation and inference (Pearl, 2009; Peters et al., 2017). One long-
standing promise of causality for Al lies in the prospect of explanations: causality and explanation
are widely regarded as inseparable (Josephson and Josephson, 1996). According to Miller (2019),
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explanations involve two processes—{irst, a cognitive step that identifies the causes of an event
(possibly relative to counterfactuals), and second, a communicative step in which these causes are
conveyed to an explainee. The question then becomes: what constitutes a suitable representational
substrate for such explanations?

Pearl and Mackenzie (2018) argue that counterfactual, symbolic causal reasoning is fundamen-
tal to human-level intelligence and to the way humans generate and communicate explanations.
This perspective positions the structural causal model (SCM) as a natural representational basis
for explanations. A body of cognitive science supports this view, showing that SCM-like struc-
tures capture essential aspects of human causal reasoning (Gerstenberg et al., 2015, 2017) and
therefore aspects of how humans explain (Lagnado et al., 2013). Moreover, humans—children
included—routinely rely on counterfactual and why-questions to learn, explore, and navigate the
world (Gopnik, 2012; Buchsbaum et al., 2012; Byrne, 2016). These patterns of reasoning are com-
ponents of the human mental model, the internal representation of how the world works (Simon,
1961; Nersessian, 1992; Chakraborti et al., 2017). In this work, we adopt the common view that
explanations answer why-questions (Dennett, 1989), meaning they are inherently counterfactual and
therefore inherently causal.

Building on these insights, we introduce Causal Articulation Theory (CAT), a conceptual and
procedural account of how explanations can be articulated directly from the mechanisms and pa-
rameters of an SCM. CAT defines the class of why-questions it addresses and provides a recursive
articulation procedure that interprets causal structure—edge relations, signs, causal effects, and
parameter magnitudes—to produce human-readable explanations grounded in the model. Unlike
post-hoc explanation methods that analyze downstream predictors or selectively incorporate causal
information, CAT treats the SCM itself as the explanatory substrate. This stands in contrast to
large language models (LLMs), which generate fluent but unconstrained rationalizations of model
behavior and therefore often fail to reflect true data-generating mechanisms. We stress that LLMs
serve here purely as motivating contrast: CAT does not assume LLM-style inputs or outputs, nor
does it require LLMs at any stage of the pipeline. Rather, CAT is a formal alternative to post-hoc
rationalization, operating directly on structural causal mechanisms.

A motivating example illustrates the idea. The question “Why is the temperature at the Mat-
terhorn low?” can be articulated by CAT as “Because the altitude is high,” reflecting a largely
time-independent physical relation. A more involved example is the classical “Causal Hans” sce-
nario involving the variables Age, Nutrition, Health, and Mobility. CAT articulates the why-question
“Why is Hans’s mobility below average?” as “Hans’s mobility is low because his health is poor,
which is largely due to his high age, although his nutrition is good.” While this articulation cap-
tures the essential causal pathways, many domains are not static: mobility may depend not only on
current health but also on past mobility; past health may influence current nutrition; and so forth.

Real-world environments are fundamentally temporal. They often involve sequences of evolv-
ing states, persistent causal influences, and in many cases agents whose actions alter the data-
generating process. To address this, we extend CAT to handle temporal and agentic causal models,
enabling articulated explanations of outcomes that unfold over time or depend on action-conditioned
dynamics. This extension introduces explanation structures that reflect both variable-to-variable
causal relations and their propagation through time steps. Figure 9, for example, illustrates how
CAT articulations reveal behavioral differences between two agents in a simple grid-world setting.
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Contributions. Our contributions unify and extend two previously separate lines of work into a
single conceptual and operational account:

(i) Causal Articulation Theory (CAT). We introduce CAT, a new account of causal explanation
that articulates why-questions directly from the structural equations and parameters of an
SCM, drawing on both graphical structure and model-implied causal effects.

(il) Human alignment. We conduct a user study to examine how CAT articulations align with
human causal judgments across everyday scenarios.

(iii)) CAT with learned causal models. We feed CAT with causal representations learned from
data and show how CAT reveals characteristic errors of causal discovery methods. We also
propose a simple CAT-derived regularization penalty to reduce false edges in learned graphs.

(iv) Temporal and agentic extension. We extend CAT to cover time-dependent and agentic
settings, introducing articulation rules and structures that handle temporal recurrences and
action-conditioned causal mechanisms.

(v) Empirical validation in temporal domains. We evaluate temporal CAT on synthetic time-
series data and a 2D grid-world game, demonstrating its ability to produce coherent, informa-
tive articulations of dynamic systems.

2. Prerequisites & Assumptions

We follow the formalism of (Pearl, 2009) for discussing causation but adapt a modern formalization
inline with works such as (Bongers et al., 2021). The key input to our explainer is going to be an
(approximation of an) SCM, which we define as:

Definition 1 (SCM) A structural causal model is a tuple M = (V, U, F, Py) forming a directed
acyclic graph G over variables X = { X1, ..., Xk} taking values in X = er{l...K} X}, subject to
a strict partial order <x, where

e V={Xy,...,Xn} CX,N < K is the set of endogenous variables.
e U=X\V={Xnq1,..., XK} is the set of exogenous variables.

* F is the set of deterministic structural equations, V; = fi(X’), where X' C {Xj € X |
X; <x Vi} denoted by pa(V;) are the parents of V.

» Py is the probability distribution over U.

For the causally curious reader we point to appendix Sec.C for discussions of our framework in the
light of unobservable confounders and similar phenomena. Generally speaking, we start off with
stronger assumptions while developing CAT from ground up and to ease the presentation to the
first time reader and then gradually relax requirements when moving on to more complex domains.
Therefore, we start off with a restricted class of SCMs: linear SCMs. Formally, we state:

Assumption 1 (Linear SCM) The SCMs under consideration have linear structural equations,
thatis, F C {f | f(pa(v)) = @' pa(v), a € RIP2I},
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We begin with linear SCMs to keep the articulation rules precise and interpretable. The frame-
work itself does not fundamentally depend on linearity: CAT operates on the sign and magnitude
of causal effects, and the temporal extension already relaxes several of these assumptions. Lin-
ear SCMs therefore serve as a transparent, foundational case rather than a restriction of principle.
While the above assumption will be sufficient for the discussion of discrete random variables, our
results naturally extend to continuous random variables w.l.0.g. if the following assumption on the
exogenous variables holds:

Assumption 2 (Gaussian SCM) The SCMs under consideration have normally distributed exoge-
nous variables, that is, Py = N (u, X) with p € R|U|, > cRIVP,

Since an explanation demands the discussion of causes, a very useful object for actually captur-
ing the amount of influence a cause has on its effect is the causal effect which is defined as the
interventional distribution as follows:

Definition 2 (CE) For some target of interest V; and a set of variables V' C 'V an intervention
do(V' = V') replaces all original structural equations { fj}vj cv’ by the constant assignment Vj’ =

v} The induced distribution p(v; | do(v'")) is called causal effect of V' on V.

Lastly, to quantify the causal effect for any given random variable pair in a single scalar value, we
can resort to the average effect. We have that:

Definition 3 (ACE) For a pair of random variables (V;, V;) € V that satisfy

(D) 2 (E[V; | do(V; = k)] — E[V; | do(V; = 1)]) = o with k,l € X; in the case that (V;, V)
are discrete random variables or

(€) %E[V, | do(vj)] = o where (V;,V;) are continuous

we call aj the average causal effect (ACE) of Vj on V. Foraset V! C V of causes, o = (Oéj)vjev’
collects all pairwise ACEs.

Remember the notation of the expected value for a discrete random variable pair X,Y as E[Y |
] =3, y-p(y | x) and for continuous RVs as E[Y" | 2] := [y-p(y | z) dy, where E[Y | do(X)]
then refers to the expected causal effect, that is, the expected value of Y under intervention do(X)
replacing the conditional distribution p(y | ) with the causal effect p(y | do(z)). In a last step, we
connect our assumptions with the definition of ACE.

Observation 1 In SCMs that follow Assumption I the coefficients o of the structural equations are
average causal effects since Def.3(D) is satisfied. For continuous random variables, Assumption 2
is sufficient to satisfy Def.3(C).

This observation tells us that with the above definitions and assumptions when deriving our expla-
nations we will be able to simply treat our SCM as a weighted adjacency matrix of the endogenous
variables, which in turn will simplify computation immensely and make our explanations compati-
ble with a wide range of existing graph learning algorithms.
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3. Causal Articulation Theory First Introduction (Static, Linear SCM)

While acknowledging the difficulty of the problem and its philosophical nature, we address it prag-
matically in a step-by-step derivation that leverages qualitative knowledge on SCMs as defined in
the previous section. This connection will justify the naming as Structural Causal Explanation.
Our running example, that of patient Hans, is a homage to the famous fallacy in explainable Al
and psychology known as “Clever Hans” named after the 20th century Orlov Trotter horse Hans
that was wrongly believed to be able to perform arithmetic (Pfungst, 1911). A “Clever Hans”
moment is failure due to spurious associations in the data. For example, an image classifier that
learns on watermarked images will have high accuracy on the test data from the same distribution
by predicting the class using the watermark labels (that is, the model is “right for the wrong rea-
sons”) and furthermore fails completely when moving out-of-distribution (Lapuschkin et al., 2019).
Some works such as (Stammer et al., 2021) moved beyond basic methods (like heat maps for im-
age data) by employing expert intervention to move beyond such “Clever Hans” fallacies. Since
explanations ought not only be “clever” but also causal, we will refer to our running example as the
“Causal Hans” example. In the following, consider an SCM as before that generates medical records
described by numerical representations for age, nutrition, overall health and mobility respectively
(V ={A, N, H, M}). Next, let’s consider some samples from said SCM. E.g. we might observe the
data set containing the individual named Hans H = (H 4, Hy, Hy, Hyy) = (93.8,58.8,2.6,26.2)
where for sake of simplicity each value could be associated with a discrete label e.g. H4 = 93.8
would be 93 years old, whereas H); = 26.2 could refer to a rather immobile person. The lat-
ter label is actually implicitly the assessment Hy;y < pps where pps = 35.6 is the population’s
average mobility value, that is, we observe Hans to be a rather immobile person when compared
(or relative) to the other patients. The population average values for our running example are
= (pa, un, pr, uyr) = (62.6,32.8,45.1,35.6). With this we are in the position to pose a
question like
Q1:“Why is Hans’s Mobility bad?”

where the word “bad” refers to “bad relative to the population.” Formally, we can now define such
a question as:

Definition 4 (Why Question) A quantity Q; := R(v;, ;) with binary ordering R € {<, >} where
Vi € V and p; is the empirical mean value for V;, is called why-question concerning V; if the
ordering holds true, that is, ¥ r(Q;) = 1.

Remember the notation for the indicator function ¥ r(Q;) = 1 if (v;, ;) € R and O otherwise.
Checking back with the definition, we see that Q1 defines a valid question for the Causal Hans
example since Qs := Hyr < ups = 26.2 < 35.6 holds true in our example data. On another note,
we call ); a why-question because it relates to the counterfactual scenario regarding the causes of
Vi, for example, how would’ve age, nutrition and health had to be if we were to think that Hans’
mobility was not bad. While the number of valid why-questions that can be asked seems limited
at first sight, the number scales linearly with the SCM as it is coupled to the endogenous variables.
Specifically it is O(| V |) thus we can potentially ask a question for any endogenous variable of an
arbitrarily large SCM.

Next, we will discuss the knowledge on the SCM that our explanation will leverage. Generally,
the true data-generating SCM M™ is unobserved but we can realistically expect to have access to
an estimate of M*. Let’s consider following SCM estimate M that contains the relations A = N,
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A ﬁ> H,N- H H 2 M where a, 3,7, 0 denote the respective (average) causal effects. Further,
a,v,0 > 0 while 8 < 0. That is, « > 0 means that increasing age by a single unit increases
nutrition by « units. Similarly, 5 < 0 means that for any unit increment of age we will have a 3
number of units decrement of health. Furthermore comparing between coefficients, 3 > ~ means
that the causal effect of aging on health is greater in absolute terms than the causal effect of nutrition
onto health. Now when we intend on answering Q1 it seems reasonable to start with the queried
variable first, mobility in this case. Since we know that M is an effect of H with v > 0 we expect
the below average mobility to be explained by an already below average health value. Indeed, this
expectation is met since Hy < pp. Traversing the chain further to the causes of H, which are
A, N, we observe two different scenarios. Since A is above average as Hans is an elderly person
(Hp > pa)and B < 0 we can conclude that H 4 is definitely an explanation for Hy whereas NV
with v > 0 is actually a countering factor since Hans has a good diet (H > ) beneficial to his
health. In summary, by exploiting the knowledge on M we have arrived at a causal explanation that
can be pronounced in natural language as:

Explanation 1 (for Q1) “Hans’s Mobility is bad because of his bad Health which is mostly due to
his high Age although his Food Habits are good.”

Explanation 2 is indeed an explanation as required by the definition of (Dennett, 1989) since it is
an answer to the why-question concerning Hans’ mobilitity. Furthermore, it is a causal explanation
since the used coefficients for deriving the explanation are based on SCM M that satisfies the
assumptions from Sec.2 thus qualifying the coefficients as causal effects. Our above explanation
captures two prominent modes of human reasoning, namely both the existence and the “strength”
of a causal relation. In the following we will capture and formalize our intuition that allowed us to
derive Exp.2, which in turn allows us to compute such causal explanations automatically.

When reflecting on the actual knowledge used in our argument above, then we realize that we
can abstract away four key aspects: (i) that there is a relative notion in the why-question Qs like
“why ...bad?” that implicitly compares an individual (here, Hans) to the remaining population of
patients, (i) the causal graph provides the structure of the explanation by following any previously
unexplained directed path to the target effect (here, mobility), (iii) the causal effect for any pair
allows us to assert whether the observed values for that pair are “surprising” in that they are con-
sistent with the mechanisms of the data-generating process or not, and (iv) that some causal effects
are more important or influental than others (here, age versus nutrition w.r.t. health). Following this
reflection we define sth. called causal scenario that will cover (i-iii) as point (iv) will be covered
separately.

Definition S As before let V;,V; € V and o denote the ACE from V; onto V; and pui;, j1; are the
averages of our data sample. The tuple C; j:=(c, v;, vj, [, pi5) is called a causal scenario.

With this convenient notation at hand, we are ready to abstract the logic of our explanation to general
rules. For this we will make use of first-order logic.

Definition 6 (Explanation Rules) Let C; ; denote a causal scenario, R; € {<,>} be a binary
ordering relation and o be the set of all absolute parental ACEs onto V;. We define FOL-based
rule functions as followed by indicating for each rule ERz: (C; j, R1, Ry, al®) — {—1,0,1} how
the causal relation V; <— V; satisfies that rule.

(ER1) If Ry # R, then: ((w < 0) Ad1) V (( > 0) A da)
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(ER2) If R1 # Ro, then: ((Oé > O) AN (51) V ((Ot < 0) VAN (52)
with 61 1= RQ(Uj, Mj) N Rq (UZ‘, Mi) and 6o := RQ(U]‘, /Jj) A RQ(’Ui, /LL‘)

And as an extra, “modifier” rule in the case where |afa| > 1 we simply consider the parent with the
highest ACE absolutely, V;' = arg maxy; c pa(v;) af, as the most dominant cause. Concretely, ER3
does not test a new logical condition but modifies the pronunciation of whichever of ER1/2 fired for
dominant parent V;© by prefixing “mostly” (see Tab. 1). For all other parents, ER3 outputs 0.

Since our rules only need qualitative knowledge on the causal effects (i.e., we simply test the sign
of the coefficients) it is possible to use techniques from partial identification which allows for
bounding causal effects using fewer necessary assumptions at the price of exact estimation (Balke
and Pearl, 1994). These two plus one rules build the foundation for our new type of explanation.
Having the actual relation R as a return argument of each of the rules allows for a fine-grained
explanation. In a nutshell, it allows to extend a statement “V; because of V;” to a more detailed one
like “V; because of V;; being low”. The general pronunciation scheme for the the three rules which
we name excitation (ER1), inhibition (ER2), and preference (ER3) are summarized in Tab.1. The

ER1  Excitation  “V; because of V; [being low/high]”
ER2 Inhibition  “Vj although V [is low/high]”
ER3 Preference “mostly” + ER1 or ER2 pronunciation

Table 1: Pronunciation Scheme. Right shows the natural language reading of a rule’s activation.

pronunciation of the details to the relation e.g. “low”/*high” is context-dependent in that these words
might need to replaced with adequate/corresponding words suitable for the context. To elaborate,
“the mountain top is cold because of the high altitude” is fine, while “the remaining car fuel is
low because of the driver’s bad driving style” requires the context-adaptation (what was “low”
previously is “bad” in this case). Another noteworthy detail to the CAT properties is the property
of non-repeating causes within explanations which reduces redundancy. Consider for instance our
lead example on Hans’s mobility (Exp.2), the SCM suggests that NV can also be explained by A,
since A — N. However, the corresponding CAT output does not give this reason because of the
aforementioned property which ensures that redundancy is being avoided. L.e., in the explanation
step before we actually explain H using both A and N, since {A, N} — H, therefore, making it
irrelevant for the question to explain the relation between the parents (A, N). While we provided
intuition on the derivation of these basic FOL rules alongside the “Causal Hans” example, we now
additionally motivate the namings “excitation”, “inhibition” and “preference”. We took inspiration
from neuroscience, where the former two terms relate to the way neurons interface with each other
using their synaptic-dendric connections (He and Cline, 2019). The last term is a term to propose
“relativity” and thus a preference for one cause over the other. Returning to our derivation, to
now show how these rules can generate something like Exp.2, we will present our actual algorithm
definition. We define the CAT-algorithm as:

Definition 7 (CAT) Like before let QQ;, M be a valid why-question and some SCM estimate re-
spectively. Further, let D € R"*IV| denote our n-samples data set. We define a recursion

E(Qla Ma D) = ( @VkEpa(Vi) ER(‘/Z <~ Vk)7 @VkEpa(Vi) E(ka M7 D)) (1)
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where ER(V; <+ Vj) is a shorthand for {ERx(C; j, R1, Re,al®)}i—1 2,3 that are given through
(M, D) and B}, v; = (v1,...,vy) denotes concatenation. The recursion’s base case is being
evaluated at the roots of the causal path to V;, that is, for some Vi€V with a path Vi, — --- = V;
we have

E(Qx, M,D) = 0. )
We call E(Q;, M, D) the CAT output for V; based on (M, D).

How to read the articulation rules and recursion. The rules ER1-ER3 in Def. 6 are best read as
graph-traversal checks. At each directed edge V; — V;, one evaluates the sign of « and whether v;
and v; are above or below their respective means. ER1 fires when the observed state of Vj is consis-
tent with the sign of « causing the observed state of V; (excitation). ER2 fires in the complementary
case, i.e., the effect of V; on V; is working against the observed direction (inhibition). ER3 then se-
lects the strongest excitatory or inhibitory parent. The recursion in Def. 7 proceeds like a depth-first
search over the DAG: starting from the queried variable V;, it collects the ER outputs for all parent
edges (Vi — V;) and then recurses into each parent V}, in turn, stopping at roots (pa(Vy) = 0). The
result is a nested tuple read off as a natural-language sentence following Tab. 1.

CAT: Procedural Summary (Input: why-question Q;, SCM M, data D; Output: E(Q,, M, D))

1. Base case: if pa(V;) = (), return (.

2. For each V;, € pa(V;): compute scenario C; j, from (M, D), then evaluate ER1,2,3 on C, .
3. Recurse: call E(Qj, M, D) for each V.
4

. Return the concatenation of all ER outputs and recursive results.

For humorous simplicity we refer to the general family and any particular set of CAT outputs
as CATs. The above algorithm is a simple recursion that traverses all possible directed, causal
paths to the target variable checking each of the rules ERx thus constructing a unique code that
maps to a unique answer following our previous pronunciation scheme. Since CAT answers a why-
question, which is counterfactual by nature, and does so by using qualitative knowledge of the SCM,
which encodes counterfactual knowledge, we can generally classify CAT as a counterfactual-type
of explanation in the broader scope of conceptually distinct ideas in causal explainable Al In the
following we show how to reconstruct the initial Causal Hans Example using Def.7. To return one
last time to our running example, we apply the recursion step-by-step now. For @) 5; (corresponding
to Q1) we get (note: best viewed in color, step-wise color-coded presentation):

E(QM7M>D)
= ((ERL = 1), @y, (1.r) E(Qu, M. D))
=(..,(((ERl=1,ER3 =1), ), (ER2 = 1), ),
= (. (D), oy 0))).
So the recursion result is H — M : (ERl1 = —1,ER2 = 0,ER3 = 0),A — H : (ERl1 =

1,ER2 =0,ER3=1),F — H : (ER1 = 0,ER2 = 1, ER3 = 0). This result uniquely identifies the
human-readable pronunciation of our causal explanation in Exp.2. For the graphical interpretation
refer to Fig.4 which highlights the recursive traversal through each pair of parents while avoiding
redundancy through duplicate paths.
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4. Augmenting CAT to Account for Time

The temporal extension of CAT presented

in this section is a structural extension of T N

the articulation principle to time-series and @-® \@4@) @D
. . t+1 t+2

agentic settings. It demonstrates that the aZ H ()

core ideas of CAT—qualitative causal rea- ) o) D)

soning grounded in sign and magnitude

of effects—transfer naturally to dynamic gioyre 1: Truncated full-time graph (Hans Ex.). Red:

con.te).(ts. ' We do m?t cl.aim full practical . delayed effect. (Best viewed in color.) .
optimization for arbitrarily long temporal horizons; scalability and summarization over long hori-

zons are explicitly identified as directions for future work. We expand the Causal Hans example by
incorporating a time dimension into the analysis. As shown in Fig. 1, our new causal time graph
includes both immediate effects (black) and delayed self-effects (red). Our synthetic dataset, con-
sisting of 10,000 records with 50 time steps each, shares a similar structure with the original dataset.
Initially, the age distribution P4 is uniformly distributed between 30 and 80, with each time step
increasing by 1. P is defined as Pr = 0.5 P4, Py is computed using Py = —0.2- P4+ 0.6 - Pp,
and Py is established as Py; = 0.5 - Py. At each time step, values are drawn from the distribution,
multiplied by 0.4, and combined with the previous time step’s influence, calculated with 0.6. To
maintain consistency, each distribution’s mean is determined, and noise is introduced through an
added NV (0, u" - 0.03).

Generalization 1 (Why Question) For individual i and their instance xi € Val(Xy) of any vari-
able X; € V in SCM M at time point t, let ¢** be a population statistic (e.g., mean, 10% per-

centile). A why-question QXti défR(x%, o), with R € {<, >}, is true ifQXg‘ holds.

Generalization 2 (Causal Scenario (CS)) Cxy déf(a XY Tt Yk, O, %) is called a CS.

Generalization 3 (Explanation Rules) Let C'xy denote a causal scenario. Given a sign function
s(x) € {—1,1}, a binary ordering relation R; € {<,>}, we define FOL-based rule functions
ERi(-) € {—1,0,1}, indicating how the causal relation X —Y satisfies each rule. ERi(-) evaluates
both Fundamental Rules and situational Complementary Rules, which can be added. Here, t and k
are time steps, where t > k

(ERI1) If Ry # Ry, then: ((s(ax—y) < 0)Ad1) V ((s(ax—y) > 0) Ad2)

(ER2) If Ry # Ra, then: ((s(ax—y) > 0) Ad1) V ((s(axsy) < 0) Ada)

with 61 % Ry(z, 0*) A Ry(y, 0'%)) and 53 % Ro(z, 1) A Raly, ')

Definition 8 (Explanation Tree) An Explanation Tree is a directed acyclic graph (DAG) T. The
root node r € N represents the variable of interest (valid Why-Question). Each edge (u,v) € £
is directed from parent node w € N to child node v € N, such that in the retrospective case, the
children of a node in the tree represent the causally explanatory variables of their parent node.
In the anticipative case, the relationship is reversed, with the child nodes being explained by their
parent node in the tree.
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As before, we focus on the patient Hans. His data can now be represented at each time step ¢ as
a tuple X; = (XA, XN, X, XM). Valid questions are defined according to Gen. 1, and the
causal scenario (Gen. 2) aligns with the original concept. The Explanation Rules (Gen. 3) have
been adapted to accommodate time series data while still preserving the underlying idea that these
rules encode causal relationships. Notably, variables X and Y can now originate from two distinct
time steps. While the original algorithm used a linked list as its fundamental data structure and
produced nested sentences for explanations, we have chosen to extend it with a tree data structure
(Def. 8). As the number of explanatory variables increases over time and for larger SCMs, nested
explanations inevitably lead to confusion. Moreover, our switch to the new data structure implies
that we aim to provide one-sentence explanations for each variable to be explained. As we will
see later, this also has advantages for summarizing causal relationships over time or identifying
changing relationships. To construct the Explanation Tree, the CAT recursion must be adjusted
accordingly (see Def. 9).

Definition 9 (CAT (+Time)) Let QR be the root node of a valid why-question and R a set of proxy
SCM:s for distinct contexts. Moreover, let D € R™ IV represent our dataset and K € N denote the
maximum recursion depth, with the starting depth being 7 = 0. In the first iteration, Qx = Qr. We
define a recursion as follows:

E(Qr,Qx, M, D, j) = ( P Enz x,),

Zedq Zed\ P2

E(Qx,ZM,D,j+1), ifj<K
o 1] ) ©

else

P attaches new nodes to the given node depending on the used case. Explanation Indicators, EI(-),
resolves all ERi and stores the time step t, variable names and context of the nodes. The iterator
() maintains the recursion over included nodes. The ®i further select the appropriate approx.
SCM from M based on the dataset, time step, and variable (context’s). The set o prevents from
reattaching duplications by checking for existing time t and variable name combinations.

def(Pat U Pat oY Pat n) and @2 DeQR where Paixe déf{z c

PaX | |azox| > 0} and Pam :{topn(Z € Pai¥,|az_,x|) then we call E retrospective. Here
0 > 0 is an effect-magnitude threshold filtering out negligible parents, and n € N bounds the
number of retained parents; both are user-chosen scope-control parameters.

Definition 10 (Retrospective) If®,

Definition 11 (Anticipative) If $; def(ChX U Ch U ChX ) and <I>2 & AnQR ywhere ChtXQ d:ef{Z €

X | laxoz| > 0} and ChX def{topn(Z € Ch ,|ax_z|) then we call E anticipative. The
parameters 0 and n play the same scope-control role as in Def. 10.

Def. 9 is used to construct an Explanation Tree 7 for a valid question. Additionally, a distinction
is made between the retrospective and anticipatory cases. Given time series and a causal graph, we
can provide explanations for the emergence of our variable of interest at a specific point (retrospec-
tive reasons, see Def. 10). Additionally we can include causal effects as explanatory factors, e.g.,
when we aim to explain behavior (anticipative effects, see Def. 11). Furthermore, these case dif-
ferentiations are designed to narrow down the possible number of explanatory variables and select
the appropriate SCM among different options for a given point in time. For our time series Causal
Hans example, we currently focus on one context (SCM) and retrospective explanation. The data
structure now allows for further indicators or manipulations to be performed directly on the tree.
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A sequence indicator, which helps to mark sequences of consistent causal relationships, is of cru-
cial importance for summarization and identification of changing relationships. Masking variables
(e.g., Age, as the causal explanation is generally given) or trimming down the tree to individual
path explanations are also possible. To implement the retrospective sequence indicator, we need
to define a function f(7) that iterates separately over all endogenous variables of the SCMs in
T in descending temporal order. If direct child nodes have the same Explanation Rule indicators
and remain stable over time, a unique ID is assigned to the sequence. Leaves should be excluded,
since they are just explanatory and not to be explained. In the following, we provide an example
illustrating human-readable causal explanations in response to the question “Why is Hans’ Health
below average?” with the recursion depth set to 2. The varying explanations for Hans’ nutrition and
the perfectly summarizable explanation for his health are highlighted in color. It should be noted
once more that effects from the past are always positive, and as in the original causal Hans graph,
the effect of age on nutrition is also positive, whereas age has a negative impact on health. The
corresponding Explanation Tree is shown in Fig. 2. See the appendix for a more detailed example.

Explanation 2 (CAT output for Q1 (+Time)) “Hans’ health has consistently been below aver-
age over the last two years, mostly because his low Health persistently one year prior and because
of his high Age in the referenced year, despite his high Nutrition in the referenced year. His diet
was above average this year, due to his high Nutrition one year before and his high Age in the same
year. Last year, his diet was above average, because of his high Age in the same year, despite his
low Nutrition one year before.”

5. Related Work and Conclusions: Contextualizing CAT with Existing Causal XAI

A great body of work within
deep learning has provided vi- Health
sual means for explanations of -
how a neural model came up e o Nutrition
with its decision i.e., importance 12000 | |deto) d o (0.1,0)
estimates for a model’s pre- |
diction are being mapped back ar P g0 P P

.. . ind = (1,0,0) ind = (=1,0,1)| |ind = (0,1,0) ind = (1,0,1) ind = (1,0,0)
to the original input space e.g.
raw pixels in the arguably stan- P o
dard use-case of computer vi- nd=(0.-LDJ | nd=1.0.0)
sion (Sundararajan et al.; Sel-
varaju et al., 2017; Schulz et al., Figure 2: Sub-tree with colored sequences, question: “Why is
2020). To circumvent explana- Hans’ Health below average?”. (Best viewed in color.)
tions that are like “children that are only able to point fingers”, Stammer et al. (2021) proposed a
neuro-symbolic explanation scheme to revise behavior from learned models in an interactive loop
following the framework of (Teso and Kersting, 2019). On the causal end, (Schwab and Karlen,
2019) proposed a model-agnostic approach that can generate explanations following the idea of
Granger causality (which is very different from Pearlian causality as it captures “temporal related-
ness” which holds in their setting as input precedes output). On the Pearlian side of explanations,
the computation of Causal Shapely Values (Heskes et al., 2020) or the LEWIS framework (Galho-
tra et al., 2021) are explainers for numerical attribution that capture important distinctions within
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causality such as direct vs. indirect causes or the necessity-sufficiency distinction of causes. Closest
to our work on a semantic level within Pearl’s causal framework are arguably works on fairness
(Kusner et al., 2017; Plecko and Bareinboim, 2022). For instance, Karimi et al. (2020) investigated
how to best find a counterfactual that flips a decision of interest e.g. an applicant for a credit is
rejected and the question is now which counterfactual setting (changes to the applicant) would have
resulted in a credit approval. Considering unit-level instead of population-level causality, our work
can compare to the definitions of Halpern (2016) for “actual causation”, where the key difference
lies in the relativity of our explanation approach to a given sample population in addition to the
overall less philosophical approach to causal explanations that shows in both how we generate the
explanations and then use them for learning. To conclude the main part of this paper with more than
pure theory, we aim to compare CAT (+Time) with other state-of-the-art (SotA) causal explanation
methods and, of course, our original introduction of the fundamentals of CAT vanilla. Since as of
writing, no method is available that generates both SCM-based explanations over time, we must
limit ourselves to a very asymmetric comparison. Furthermore, each method is based on different
assumptions and is designed for different purposes. Our method relies on explaining through the
causal effect direction and strength, rather than the combination of feature value and structural in-
fluence of individual attributes. For evaluation purposes, we are interested in our running patient
example “Why is Hans’ Mobility below average?”. For the comparison, we have adapted the syn-
thetic Causal Hans time series dataset so that the counterfactual-type explanations Galhotra et al.
(2021) and Causal Shapley Values Heskes et al. (2020) can be used similarly. The new dataset is
designed as a classification problem and contains the categorization ‘below average’ (0) or ‘above
average’ (1) for all variables across all patients and time steps. In line with our causal graph 1, we
have added delayed variables and immediate variables as ‘lagged’ (prefix ‘Lag_’) and ‘non-lagged’
respectively in each sample. The counterfactual explanation method LEWIS enables the calcula-
tion of sufficiency- (Suf), necessity- (Ne), and NeSuf-Score(s) to provide explanations at various
levels (local, contextual, global) for a binary classification (e.g., credit approval). Depending on
the feedback (0 or 1), a different value (Suf or Ne) is important for reversing the feedback with a
certain probability (calculated score). In terms of our classification problem, this signifies that a
prediction of O (below average) is depicted by the Sufficiency Score of each variable, illustrating
how each could potentially contribute to a shift in mobility. As we are interested in the extent to
which the current value is used for explanation, we choose the alternative category as the starting
point and calculate a transition to the current category. Contrary to our method, we obtained diverse
explanatory variables (and values) for the local explanations here. Fig. 3 (left side) presents the
Suf Scores for 100 patients with prediction below average mobility. For our dataset, Suf Scores
in the range of 0 were often calculated across all variables for several patients. In isolated cases,
variables received differing Suf Scores, with the most variation in *Lag_Mobility’. Ultimately, the
method is not designed to distinguish direct from indirect effects or to generate consistent explana-
tion variables across different patients. Moreover, the evaluation of whether a category of a feature
has a positive or negative effect is only possible through trial and error, insofar as there is no prior
knowledge about the categories. To compare with the Causal Shapley Values, we used a similar
setup. The Causal Shapley Values differ significantly from other Shapley Values (Aas et al., 2020;
Janzing et al., 2019; Frye et al., 2021), as they are able to quantify the influence of direct and
indirect variables differently. The inclusion of a partial order of the real causal structure underly-
ing the data limits the permutation possibilities for calculation. The authors have introduced both
symmetric and asymmetric Causal Shapley Values. Since asymmetric values tend to place more
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Figure 3: Suf. score and Shapley vals. for 100 random patients with below avg. mobility predicted.
Same sequences are grouped together (group size n). (Best viewed in color.)

weight on the root element (‘Lag_Age’ in our case) in chain graphs, and we are more interested
in direct and indirect effects, we used symmetric values for our experiment, which include both
influences in the calculations and distribute the effect. For testing purposes, we provided a partial
order corresponding to the temporal sequence of our causal graph ([{‘Lag_Age’, ‘Lag Nutrition’,
‘Lag_Health’, Lag_Mobility’ },{ Age, Nutrition},{Health}]) and plotted the Causal Shapley Values
for 100 patients with below average mobility in Fig. 3. It is evident that ’Lag_Mobility’ exerts a
significant influence. The direct effect of "Health’ is likely diminished in this partial order due to its
involvement in many indirect effects. Notably, within this order, ’Lag_Health’ assumes greater im-
portance than 'Health’ in the predictions. Whether a (truly direct) variable generally has a positive
or negative effect on the target variable in this case can be straightforwardly determined by compar-
ing it with the complementary group ’above average.” For our case, this roughly corresponds to a
reflection along the x-axis and an inversion of colors. The resulting values can be used to explain
individual predictions, but it requires considerable additional effort in the analysis to focus exclu-
sively on direct effects. Causal Shapley Values do incorporate information on the causal structure
but neither in conjunction with mechanism information nor in the same manner for the presented
direct articulation through CAT.

Conclusive thoughts and future work. We’ve presented a conceptually original approach to
causal explanations based on SCMs. Throughout this work, faithfulness is understood in the SCM
sense: an explanation is faithful if it is derived directly from the structural parameters and graph-
ical mechanisms of the SCM, rather than learned from a mapping from inputs to rationales. This
way, our ‘SCM-faithfulness’ corresponds in intuition to the usual encounter of this word within
causal discovery literature, where a distribution is faithful to a graph, whenever the distribution
does not introduce independences that the graph’s structure is not aware of. The empirical com-
ponents—human alignment study, causal discovery regularization, and temporal examples—are
designed to validate that CAT behaves coherently in practice under this notion of faithfulness. Nat-
urally, there is a lot of opportunity for future work. We presented our theory with an immediate
extension to time, however, recursive explosion w.r.t. number of time steps measured, that is, how
to handle redundancy and the scope of an explanation is ongoing issue. On a conceptual note,
making quantitative use of the knowledge on causal effects instead of purely qualitative knowledge
would likely allow for more expressive explanations. Finally, we believe that interactive approaches
to explanations are a promising paradigm for CAT.
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Appendix A. Empirics: Vanilla CATs

Does CAT Output Sensible Explanations? To get an understanding of whether CAT outputs are
sensible beyond the running example we have shown, we have conducted a user study with N = 22
human subjects that had to judge the qualitative causal structure of four “daily-life” examples using
a questionnaire specifically designed to provide us with the data necessary for constructing causal
graphs representative of what the participants think about the presented concepts. The first question
to answer is: how did we construct the graph estimates from human data? In Fig.5 we show two
ways that we considered: the “Mode” refers to the scheme where we simply look at the different
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Figure 5: Measuring Agreement Between Beliefs of Human Subjects Regarding Causal
Graphs. Left, the graph estimate is the mode of the distribution of all predicted causal
graphs. Right, greedily pick each edge of the graph. (Best viewed in color.)

graphs and take the most frequently reoccurring graph as representative of the population, or the
“Greedy” approach where we look at the frequency at which edges are predicted and then simply
construct a graph from greedily taking the most probable edge each time. Greedy comes at the
cost that the predicted graph is not necessarily within the populaton. With the human causal graphs
at hand, we now investigate our intial question about CAT. For brevity, we will only highlight
the most important key observations with a prolonged discussion being provided in the Appendix:
Observation (i) the CAT's that we generate from the acquired causal graphs are sensible in the sense
that they lie close (or are even identical) to the apriori expectation of the study (the proposed ground
truth). Observation (ii) we observe a systematic approach and thereby non-random approach to
edge-/structure-selection by the subjects. Furthermore, there are only a few clusters even with
increasing hypothesis space. Both the systematic manner and the tendency to common ground
are evidence in support prior evidence that SCMs are a suitable representation for human causal
modelling. Observation (iii) we observe that the increase in hypothesis/search space (i.e., more
variables) comes with an increase in variance. This variance increase can be argued to be due to the
progressive difficulty of inference problems as well as decreased levels of attention and potential
fatigue across the duration of the experiment, and observation (iv) some subjects implicitly assume
a notion of time by assuming a cyclic relationship between e.g. treatment and recovery, where
the subject likely thought in terms of ‘increasing treatment increases the speed of recovery which
subsequently feeds back into a decrease of treatment’.

What Can CAT Reveal About Graph Learning Methods? Having established the CAT al-
gorithm as a sensible way for producing explanations, the natural next step is to conisder how
we can incorporate CAT into learning. To this end, we start by considering CAT outputs gen-
erated from graphs learned by popular graph learning methods. Induction of inter-variable re-
lationships based on available data, especially of directed acyclic graphs (DAGs), is paramount
in causality (Pearl, 2009). Unfortunately, due to the combinatoric nature of the problem setting,
learning DAGs from data is recognized to be an NP-hard problem (Chickering et al., 2004). How-
ever, several works have tackled this difficult problem and one solution for learning linear DAGs
came from a method called NOTEARS (abbreviated NT, Zheng et al. (2018)) who were able
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to re-formulate the traditional view into a continuous shape such that any non-convex optimiza-
tion can be applied for the graph estimation problem. The authors propose the general formula-
tion, miny cgaxe f(W) subjectto h(W) = 0, where f is a data-based score, e.g. a reg-
ularized least-squares loss is applied assuming a sparse linear model (possibly SCM). That is
f(W) = ||X -~ XW/||%+||W]|1, and h is a smooth function with a kernel (or null space) that only
contains acyclic graphs, h(W) = 0 <= W is acyclic. Different variations of the same continuous
counting mechanism using this acyclicity constraint have been proposed, e.g., Zheng et al. (2020)
proposed h(W) = tr(eW°W) — d while Yu et al. (2019) proposed h(W) = tr[(I+W o W)™] —m.
Unfortunately, both suffer from cubic runtime-scalability in the number of graph nodes, O(d?).
While the aforementioned works have focussed on data originating from (non-linear transforma-
tion) of linear SCM, there exists yet another sub-class of DAG-learning methodologies that focuses
on more general causal inference. Ke et al. (2019) made use of interventional data to update their
graph estimate while using masked neural networks to mimic the structural equations. Brouillard
et al. (2020) follows the same idea of leveraging causal information, e.g. interventional data, for
overcoming identifiability issues while staying close to the continuous optimization formalism in-
troduced by NT. Returning to our question: we looked at different data sets including different graph
learners and for each combination generated their respective CAT output. We considered several dif-
ferent why-questions for each of the four data sets: data set for the Causal Hans example, weather
forecast (W, real world, Mooij et al. (2016)), mileage (M, synthetic), and recovery (R, real world,
Charig et al. (1986)). To avoid cluttering in the main text we have moved the relevant tables and
figures to the the Appendix where we also provide an extended account, here we highlight the most
important insights (based on graphs from NT): Observation (i) matched expectations on the W and
M data sets, whereas differences on the R and H data sets. For R, the difference is only subtle as the
model’s explanation to the why-question “Why did Kurt not Recover?” is not “Kurt did not Recover
because of his bad Pre-condition, although he got Treatment.” but “[...], which were bad although he
got Treatment.” which is on the second recursion in the reasoning process i.e., the treatment coun-
tering the state of condition and not affecting the condition itself. This difference becomes apparent
in the graphical structure where the arrow from Pre-conditions to Treatment is inverted contrary to
expectation. To illustrate one more drastic example using the data set of our Causal Hans example,
here the discrepancy revolves around a totally different graph structure e.g. the learned model ex-
pects a direct cause-effect relation between age and mobility while also wrongly assuming that food
habits have a detrimental effect on health. Therefore the answer to the question “Why is Hans’s
Mobility bad?” suddenly becomes “Hans’s Mobility, in spite his high Age, is bad mostly because
of his bad Health which is bad mostly due to his good Food Habits.” which sounds very absurd.
The ground truth SCM for this data set contains non-linear causal relationships, while NT makes
linearity assumptions, which explains the wrongly learned graph structure. Observation (ii) only by
looking at the CAT output, effectively using it as a graph distance or metric, we were able to tell
that the learned model is very different from what we had initially expected. Put differently, it made
apparent for the Causal Hans example that by simply adding an extra edge (here A, M) and flipping
another (here N, H) we already get a big difference in what these graphs express/explain.

Does a CAT-based Regularization Penality Improve Graph Learning? While we have seen
that CAT outputs are sensible explanations but that graph learning methods are still far from per-
fect in predicting graphs from data, in this final experiment we investigate how to use CATs to
improve learning. Since CAT outputs contain (some) knowledge on causal relationships underlying
the data, they should help in improving the overall prediction and sample efficiency of graph learn-
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Figure 6: Graph Learning Improves with Explanations. Left: error distributions when perform-
ing graph learning with/-out CAT regularization (which is simply an added penalty term
for inconsistent explanations), next to is the ground truth graph. Right (boxes): the pre-
dicted graphs, showing a decreased number of false positives. (Best viewed in color.)

ers. We take NT again as graph learner and add a simple regularization term to its loss that penalizes
inconsistent explanations. We generate 70 random linear SCMs with respective observational distri-
butions. Then we use graph learning to infer 70 more graphs, making 140 graphs in total. For each
graph we generate 50 random why-questions to be answered, resulting in a data set of 7,000 expla-
nations. All the details regarding this learning setup, such as for instance how to make make CAT
differentiable for it to function as training signal, are being discussed in the Appendix. The graph
learning is being performed in a data scarce setting with only 10 data samples per graph. Thus to
infer the true causal structure the method ideally needs to perform sample-efficient learning. Fig.6
shows our results. The error distributions over all of the graphs are shown both with and without
the CAT regularization. We also highlight the graph estimate upon which most improvement was
observed. It can be observed that with the regularization the method can both identify more key
structures while significantly reducing the number of false positives. For example many false links
that pointed towards node H (like B to H or G to H) were removed while some key structures could
now be recovered like the directed edge from node I to node A. While more experiments would be
necessary to claim that indeed learning is (significantly) improved through explanations, our naive
learner already provides evidence in favor of our initial hypothesis.

Appendix B. Shortcomings of Previous Explainers (Short Case Study: CXPlain)

We take as an example for this section a popular explainer and vanilla CAT as introduced initially
and provide a short comparative study/discussion. We start by reflecting on existing key ideas within
the realm of explainable Al that makes use of causality. Since a great deal of existing literature is
concerned with causal attribution we are going to discuss a representative case in the popular ap-
proach by Schwab and Karlen (2019) called CXPlain. Fig.7 top shows a why-question in a medical
data setting. Particularly, patient Hans’ medical condition is captured by different covariates (age,
nutrition, health, mobility) and the question is concerned with why Hans’ mobility value is lower
on average than that of other patients. Fig.7 bottom then shows the answer given by CXPlain as-
signing three positive numerical scores to all variables except the one in question with the highest
value being given to age, then nutrition and finally health. We can interpret this result as saying that
all potential factors are actually being deemed relevant and “causal” to Hans’ mobility. To briefly
explain the setup: Hans’ values were sampled from a synthetic SCM which CXPlain had access
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Query / Question
"Why is Hans' Mobility bad?"

Age, Nutrition, Health, Mobility
93.8, 58.8, 2.6, 26.2
Hans
Average Mobility in Population 35,6

Explanation following
(Schwab & Karlen, 2019)

o

o o

Feature Importance [%]
= N 8 b
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Figure 7: Conceptual Limitations of Explaining Counterfactual Questions Without Use of
SCM. Refer to the text on the left for a discussion of the limitations. The figure shows
a medical record for patient Hans and a question concerning the reasoning behind the
sate of Hans’ mobility. (Schwab and Karlen, 2019)’s method provides positive feature
importance scores for the remaining variables. (Best viewed in color.)

to while training its surrogate explanation model. We trained 10 bootstrapped neural models using
suitable parameters for the masking operation and loss function. Returning to our score distribution,
this single observation makes apparent two important shortcomings of such causal attribution ex-
plainers: firstly, from the output we cannot deduce which is a direct (health in this case) and which
are indirect (age and nutrition mediated via health) causes. Secondly, we have no information on the
causal effect, that is, we cannot tell in which way a variable with high attribution will affect the pre-
dicted variable, for example the nutrition variable received a high importance score than age but age
will have a detrimental effect on mobility whereas nutrition will have a beneficial effect. Two fur-
ther, less important but still noteworthy, shortcomings are the following: thirdly, the attributions are
deterministic. This might first be considered a feature, however, the causal mechanism of an SCM
are only deterministic up to a realization of the exogenous variables. Therefore, we can have the
exact same patient record for different patients. This cannot be captured by these previous attribu-
tion methods. Fourthly, when querying for random individuals we actually observe inconsistencies
between the attributions themselves which is illogical since the patient records are being generated
by the same causal mechanisms. For example in the Hans case we had age, nutrition and then health
ordered from highest to lowest attribution. For a rather similar patient we observe that nutrition and
age swap in importance. For yet another patient we observe that suddenly age and nutrition, which
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Figure 8: Further Examples of CXPlain Shortcomings.

previously played the most important role, are not important anymore. The reader is invited to look
at the plots highlighting the last two deficiencies from Fig.8 of the appendix which shows the same
setup as from Fig.7 but for different queries, that is, patients other than Hans. In conclusion, the
four discussed deficiencies we pose as desiderata for our new approach to resolve. In summary,
our approach should ideally: (Desideratum 1) differentiate direct from indirect causes, (D.2) cap-
ture qualtitative information on causal effects and (D.3) cope with stochasticity. CAT satisfies the
desiderata through its SCM.

Appendix C. Multiple Noteworthy Short Discussions
The Importance of MM = SCM for CAT. While

the MMC is a fundamental question that cuts to the b ::’:r' etation: f;:;r::::ati on:
core of human thinking and remains to be proven high Age

right or wrong (although we believe it to be true ;:Zns:ecgjsb‘;”?; h(i':')baij ~>(F

to the extent of representability through SCM), and Health (H) which is

while we used it to ultimately justify the usage of Tg":t'ZA;”“ealizO:Ehhiﬁi’S‘ bad Health
SCM to then derive the causal explanations we call Nutrition (F) is good."

CAT, still, to the actual existence and formalism of
CAT the MMC’s truth value is invariant. Put blantly,
if the MMC were to be wrong, then the formalism _ .
of CAT and all proven properties remain the same. Figure 4: Interpreting the CAT Output
However, if MMC were to be true, then CAT in for Causal Hans. The example
fact become a “stronger” formalism for causal ex- 11}ustrat§s all three rules. (Best
planations since they’d have a direct link to the MM. viewed in color.)

More importantly, one could make the case that they’d represent a “natural” formal pendant to the
vague human explanations.

Simpson’s Paradox Example. Consider the well-known Simpson’s paradox example for the
medical setting of Kidney stone treatments from (Charig et al., 1986). The setting is given by
T, K, R which are Treatment, Kidney Stone Size, and Recovery respectively, and further the graph
isgivenby ' — R, K — {T, R}. It is known that 7" = 0 denotes open surgery and 7' = 1 denotes
Percutaneous nephrolithotomy (being a more involved procedure) and in the overall statistics for
recovery of the patient (denoted by R = 1) we observe 78% versus 83% respectively, suggesting
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that T" = 1 is the better option. Yet, when looking at the confounder K values of patient recovery,
we observe 93% versus 87% for a small kidney stone K = 0 and 73% versus 69% for a large kidney
stone K = 1 respectively, suggesting that in fact 7' = 0 is better instead. This is the “paradoxical”
situation, which is sensible from the causal perspective. If we now ask the single why-question for
patient 4 with say values 7 = 1, R = 0, K = 1 on why i did not recover r; < u* (where ;" is the
mean recovery of the data set), then we obtain a CAT output that reads as follows: “Patient i did
not recover because of the large kidney stone, although (s)he had Percutaneous nephrolithotomy.”

Hidden Confounders in Semi-Markovian Models. As we pointed out in the main text, CAT can
naturally handle/extend to semi-Markovian models. For illustration, consider the non-Markovian
alternative to the example from the paragraph above on Simpson’s paradox, where K is a hidden
confounder i.e., we only observe T' — R as the graph. In a lot of practical settings we might at least
be aware of the fact that there is hidden confounding present between the two variables and thus
have an additional (dashed) bi-directed edge between 7" and R (case 1) and in the arguably worst
case, said variable is fully undetected (case 2, in this case it is not necessarily a hidden confounder
but simply a hidden cause, since we don’t know if it is confounding or not—confounding meaning
the same thing as common cause). Let’s consider both cases, in case 1, the CAT output for the
same question as before would read as: “Patient i did not recover although (s)he had Percutaneous
nephrolithotomy.” We note that simply the reasoning on K is not being delivered, naturally, since
K is not in the SCM that the CAT process observes. For case 2, we’d observe the same reading
due to the definition of the CAT construction. Here, however, we note that this case allows for a
natural extension of CAT in which the reading could change to possibly, “Patient ¢ did not recover
because of an unknown reason, although (s)he had Percutaneous nephrolithotomy.” Note that this
semi-Markovian CAT now allows for reasoning with “unknown reasons” since the hidden cause K
will certainly have a causal relation to R (since K is a cause) but the name of K will not be revealed
(since K is hidden). With this example, we thus conclude that Markovianity can be leveraged by
CAT.

A Well-behaved Algorithm for Generating CATs. The concepts of why-question, causal sce-
narios and ER¢ rulest hat we had to develop for the introduction of CAT algorithm come with several
mathematical consequences which we now discuss. All of the subsequent results are simple and can
be proven easily, still, their importance needs to be stressed since they make implications about the
wide applicability of CAT.

Proposition 1 For any causal scenario the rules ER1 and ER2 will be mutually exclusive.

Proof First, we code the binary ordering relations <, > to represent O and 1 respectively. Second,
we observe that ERi € {<, >}, € {1, 2} always involves the triplet 7" = (R(«, 0), R(vj, 115), R(vi, pi))-
Third, let T := {0, 1} be the set of all such triples as their code words, so 7" € T. Looking at
the total number of possible scenarios |T| = 23 = 8, we easily see that ER1 covers codewords
{010,011, 100, 101,000, 111} and ER2 covers the codewords {001, 110}, and together they cover
all codewords ER1 U ER2 = T. Since any single scenario Cj; ; is uniquely mapped to a codeword,
it will either trigger ER1 or ER2 but never both. |

Proposition 2 The CAT recursion always terminates.
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Proof The recursion’s base case is reached when a root node is reached i.e., a node i with pa;, = ().
An SCM implies a finite DAG, so root nodes are reached eventually. |

Proposition 3 The output of any causal structure learning algorithm can be used to compute CAT
outputs.

Proof The proof for this proposition is surprisingly simple in that the SCM M used in the CAT
recursion is only required to provide some kind of numerical value « for the relation of any variable
pair (V;, V;), that is, a matrix A € RIVI*IVI which represents a linear SCM or a SCM where each «
represents a causal effect description. If the matrix A is an adjacency matrix living in [0, 1] IVIXIVI,
then we simply have no information about ER3J since all causal effects are assumed to be the same.
Since any causal structure learning algoirthm will produce a causal graph represented by a matrix,
we have that we can compute CAT outputs on it. |

The beauty of Prop.3 can be fully appreciated when being put into the context of practical AI/ML
research and application. It tells us that any causal graph learner ever invented and that will ever be
invented can provide causal explanations on any query of interest consistent with the learned model
thus reflecting the learnt. In practice this means that all prominent graph learning algorithms like
NT (Zheng et al., 2018), CGNN (Goudet et al., 2018), DAG-GNN (Yu et al., 2019) and NCM (Ke
et al., 2019) are all explainablel. On a concluding note to this section, we have a remark on SCM
that allow for hidden confounder. CAT as presented Def.7 do not cover hidden confounders and we
leave this for future work. However, we can always modify the algorithm to talk about “unknown
reasons” when giving knowledge on U.

Appendix D. CAT+Time, 2D Game Study: “Why did Mario go after the Goomba?”’

It is entirely conceivable that our time-series Causal Hans example does not accurately reflect reality
and that we can depict this more precisely. Theoretically, it could be that the relationship between
Age and Nutrition during adolescence (Age < 25) is primarily negative, which could be due to
the consumption of alcohol or junk food, and subsequently (Age > 25) turns positive again. In
this scenario, two SCMs could be deemed valid based on a specific variable, thereby allowing for
a seamless transition between the SCMs and the variables used within them. The intuition behind
Gens. 1, 2 3, and Def. 9 would still be applicable in this case. It is crucial to employ the accurate
causal graph and the appropriate data, as outlined in Def. 9 (see ¢; and 9t). The Explanation Tree
and the resulting explanations would continue to operate effectively, allowing for the Age variable
to be accurately summarized in each instance. However, the explanation may evolve over time for
some examples due to varying causal relationships.

We now turn our attention to agent behavior in a 2D grid-based game called CoinRunner (see
Fig. 9), inspired by CoinRun (Cobbe et al., 2019). The game comprises various sprites, including
Goldcoin, Powerup, Enemy (referred to as Goomba), Player (Mario or Luigi), and Goal. The player
starts with 20 points and loses one point per second until they reach the Goal. Collecting Goldcoins
grants 5 bonus points (BP), while colliding with the Enemy yields 9 BP if the Powerup has been
collected beforehand, and results in a game over with a score of -20 if no Powerup was obtained.

1. The DAG learner in NT can be interpreted as a linear SCM but there is no guarantee.
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The initialization and positioning of the sprites are independently randomized. Each game rollout
R is represented by a sequence of frames f, each described by mostly binary variables.

The main difference from the Causal Hans example is that the focus is now on explaining an
agent’s behavior within a rollout rather than examining population statistics. Interestingly, it is
intuitive that explaining behavior involves not only retrospective considerations but also anticipatory
reasons and consequences of specific actions. To this end, Def. 9 has an anticipatory case added
(Def. 11), which can be used to encode effects in the future within the current context when the
future is still uncertain, or across contexts when the future has already occurred (e.g., “Colliding
with the Enemy positively impacts defeating the Enemy at the time step.”). The abstraction of the
CAT+Time defs. to the binary case is rather direct and does not require much elaboration. Further
details are provided in the appendix.

For this game, we can define several deterministic agent behaviors, such as Coincollector,
Killer, or Optimal. For the purpose of demonstration, we will highlight the Killer agent behav-
ior. This behavior primarily focuses on collecting the Powerup and colliding with the Enemy
when both Powerup and Enemy are present, before proceeding to the Goal. Similar to the dy-
namic Causal Hans example, various stationary processes can be identified from this. These pri-
marily depend on the game’s state (variables of a frame). For our Killer agent, processes can be
most easily described based on the existence of sprites. We call C' a context, which brings us to
the currently valid SCM and thus to a stationary subprocess. Specifically, for the Killer agent,
we have defined the following three subprocesses: (i) C'x,;1 = powerup and opponent exist’, (ii)
Ck 2 = powerup does not exist and opponent exists’, and (iii) Cx 3 = ‘neither exists’. For this
purpose, we have implemented an imperfect Killer agent and recorded 500 rollouts frame by frame.
By imperfect, we mean that, with very low probability, it can also exhibit other behavior. Together
with a bit more noise, we then used Lasso, VARLINGAM (Hyvirinen et al., 2010), and Granger on
conditioned frame sections, depending on our contexts C, to generate graphs that we want to as-
sume as causal for the moment. The learned graphs, a description of the methods used, and further
CAT parameters are not essential for the main part and the demonstration of the application of this
work and have also been moved to the appendix.

As aresult, we can already causally explain questions like “Why did Mario jump on the Goomba?”,
“Why is Mario targeting the Goomba?”” or “Why does Mario run into the Goal?”, if the question is
valid in the specific time step and, as in our case, at runtime. For this purpose, the current frame
is used to identify the currently valid SCM, and the rest of the recorded dataset serves as the ex-
planation basis. Fig. 9 shows a scenario in which Mario is running towards the opponent with the
retrospective explanation on Fig. 9 (right). The corresponding anticipatory explanation is:

Targeting the enemy has a positive effect on targeting the enemy, the existence of the enemy,
colliding with the enemy and a negative effect on the score, targeting the goal and killing the
enemy in the next time step.

The CoinRunner example has contributed only a relatively small proportion to the main body
of this work. We intend to use this appendix to provide more detailed information about the game,
the learned causal graphs, and additional explanatory examples, as well as to discuss the minor
definition modifications required for the implementation of causal explanations.

Fig. 10 displays the scope of the implemented game as described in the main body of this work.
On the left side is the playing field with all possible individual sprites. The agent is currently (still)
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CoinRunner Game Rendering

Agent Execution 1 Agent Execution 2

@ Player @ Goal @ Coin @ Enemy @ Powerup

Mario runs towards enemy with powerup
@ Luigi runs towards enemy

Q: Why is Luigi targeting the Goomba? Q: Why is Mario targeting the Goomba?
Luigi is targeting the enemy, persistently during Mario consistently targets the enemy from
» actions 10 to 15, mainly because the enemy actions 23 to 28 due to factors like prior
was targeted, [...] even though the player targeting, no player-enemy collision, powerup
had not collected the powerup in the prior unavailability, and previous powerup collection
time step. in the last time step.

Figure 9: “Why Was That Happening?” Causal explanation for the behavior of two agents (re-
ferred to as Luigi and Mario) from the same player type in different game situations of
the 2D CoinRunner game using the generalized CAT framework. (Best viewed in color)

represented as a blue avatar. The yellow version of the avatar indicates that the power-up has been
collected. On the right side is an information board, which is not of further interest to us in the
context of this work.

To provide valid questions and meaningful encoding of causal relationships, we will first adapt
the definitions of the CAT+Time for our use case. Key differences include that we are no longer
interested in population statistics, but rather in the agent’s behavior during a rollout. Anticipatory
explanations were already discussed in the main body, and a definition was provided. At runtime
of a rollout as in our case this is limited to a pronounciation like ’has a positive’ or "has a negative
effect’, affecting the EI function in Def. 9 to exclude ER and solely rely on s(ax_,y ). In the general
case, when the entire time series is available, further explanations can also be generated in the future
direction. For the retrospective case the definition remains unchanged. Further, we have to modify
the valid Why Question, the Causal Scenario, and the Fundamental Rules, which were introduced
for the Causal Hans example. It should also be mentioned that we need to adjust the rules here
partly because our game randomizes the sprites independently on the playing field. For this reason,
individual rollouts vary in length regardless of the agent’s behavior. In cases where rollouts are
more comparable, population statistics can also be used.

Definition 12 (Why Question - Behaviour) Let F; be a frame of a rollout R, and let x; € Val(X;)
be an instance of X; € V of the contextual-dependend SCM M. We define Q) x, := x4 as a valid
question if X, is a binary variable, M is the appropriate contextual SCM for Fy, and Q) is true.

Definition 13 (Causal Scenario - Behaviour) The ruple Cxy:=(ax_y, ¢, yr) is referred to as
a behavioral causal scenario.
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- Status Informations -

Total Frames: 78
Collected Powerup: False
Collected Coin: False
Killed Enemy: False
Total Score: 13

- Manhatten Distance Informations -

Distance Player - Enemy: 360.0
Distance Player - Coin: 480.8
Distance Player - Powerup: 440.8
Distance Player - Goal: 320.8

- Targeting Informations -

Targeting Enemy: False
Targeting Coin: False
Targeting Powerup: True
Targeting Goal: False

Figure 10: Basic CoinRunner game board including information board on the right side.
Agent, gold coin and powerup have been initialized and are placed at random positions
in the environment. The target sprite is placed at one of the four corners. Best viewed in
colors.

Definition 14 (Fundamental Rules - Behaviour) Ler Cxy denote a causal scenario, let s(x) €
{—1, 1} be the sign of a scalar. We define FOL-based rule functions as

(ER1) If x € {0,1}, then: (s(ax—y) <O0Az B yk) V (s(axsy) > 0Nz == yg)
(ER2) If x € R, then: s(ax_y)
indicating for each rule ERi(-) € {—1,0, 1} how the causal relation X —Y satisfies that rule.

We previously described the three sub-processes for the Killer agent: (i) C'x 1 = ‘powerup and
opponent exist’, (ii) Cx 2 =‘powerup does not exist and opponent exists’, and (iii) C'x 3 =‘neither
exists’. In Fig. 10, for example, all sprites are present. The Killer agent would deterministically
move towards the power-up since both the power-up and opponent exist. Afterward, a new subpro-
cess directs the agent to move towards the opponent.

To obtain causal graphs for each context C, we first conditioned the rollouts from 500 runs
of a nearly deterministic agent tailored to Killer behavior on the respective contexts. Here we also
incorporated Margin Frames and a small amount of noise. For each of the 500 rollouts, we generated
causal graphs using three methods: (i) Granger causality combined with Vector Autoregression
(VAR), (i) VARLINGAM, and (iii) Lasso. The resulting Graphs for each method and context were
individually averaged at the end.

For all methods, we considered a time lag of 1 and excluded instantaneous effects. First, we
trained a VAR model for method (i) and conducted a Granger causality test for variables with p-
values less than 0.05. We included the coefficients of the VAR model in the causal graphs when
the significance level of the granger test was also less than 0.05. For method (ii), we ran the VAR-
LiNGAM model without making significant changes to the default parameters. As for method (iii),
we used a LassoCV implementation with 5-fold cross-validation.
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Fig. 11 displays the corresponding results. Rows with the prefix ’-1_" have a causal effect
on columns with the prefix ’0_’. The variables used in the graphs are mostly self-explanatory and
binary to provide meaningful explanations.
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Figure 11: Comparative Causal Diagrams for Behaviour Type Killer Using Granger, Lasso,
and VARLINGAM for Ck 1, Ck 2, Ck 3. Red indicates positive influences, while blue
represents negative effects.

It is important to note that the process of killing or picking up a sprite is divided into several
steps in the time series. First, an object is “targeted,” then “collided,” and finally, it is no longer
present or has been picked up in the next timestep. Additionally, we employed cosine similarity
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allows targeting only one sprite at a time.

Using the CAT+Time approach, we can ask questions about why an agent performs a specific
action in a given run if we consider the graphs to be causal. For example, in the main section, we an-
swered the question, “Why is Mario targeting the Goomba?”. Fig. 9 also shows what happens when
Luigi, with the same behavior type, mistakenly targets the Goomba. Additionally, we compiled a
collection of different answers from the three models to the questions: “Why is Mario targeting the
Goomba?” (Tab. 2), “Why did Mario jump on the Goomba?” (Tab. 3), and “Why did Mario run
into the goal?” (Tab. 4) in the corresponding tables. We used a uniform expression of encoding to
maintain comparability, and the response width for both the retrospective and anticipatory parts was

uniformly limited. Anticipatory effects are limited to one time step ahead.

Why did Mario target the Goomba?

Model

Explanation

Lasso

Retrospective: Mario is targeting the enemy, constantly over action(s) 23 to
28, mostly because the enemy was targeted, because the player did not collide
with the enemy, because the powerup did not exist and because the player had
already collected the powerup continuously in the previous time step.

Anticipative: Targeting the enemy now has a positive effect on targeting the
enemy, the existence of the enemy, colliding with the enemy and a negative
effect on the score, targeting the goal and killing the enemy in the next time
step.

Varlingam

Retrospective: Mario is targeting the enemy, constantly over action(s) 23 to
28, because the enemy was targeted, because the player did not collide with
the enemy and because the enemy did exist continuously in the previous time
step.

Anticipative: Targeting the enemy has a positive effect on targeting the enemy,
colliding with the enemy, collecting the powerup, the existence of the enemy
and a negative effect on the score and targeting the goal in the next time step.

GrangerVAR

Retrospective: Mario is targeting the enemy, constantly over action(s) 23 to
28, mostly because the enemy was targeted, because the player did not collide
with the enemy, because the player had already collected the powerup and
because the powerup did not exist continuously in the previous time step.

Anticipative: Targeting the enemy has a positive effect on targeting the enemy,
the existence of the enemy and a negative effect on the score, targeting the goal,
killing the enemy and targeting the goldcoin in the next time step.

Table 2: Causal explanation for the question ‘Why did Mario target the Goomba?’

recorded rollout.
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Why did Mario jump on the Goomba?

Model Explanation

Retrospective: Mario is colliding with the enemy because the enemy was tar-

Lasso geted (0.056) due to the action before.

Anticipative: Colliding with the enemy has a positive effect on the score
(4.338), killing the enemy (0.483) and a negative effect on the existence of
the enemy (-0.479), targeting the goal (-0.197), targeting the enemy (-0.182)
and targeting the goldcoin (-0.029) in the next time step.

Retrospective: Mario is colliding with the enemy mostly because the enemy
was targeted (0.059), because the player did not collide with the enemy (-0.02),
because the enemy did exist (0.015) and although the player did not collide
with the goldcoin (0.014) through the action before.

Varlingam

Anticipative: Colliding with the enemy has a positive effect on the score
(4.331), the existence of the powerup (0.23), targeting the powerup (0.15) and
a negative effect on targeting the goal (-0.38), targeting the enemy (-0.235) and
collecting the powerup (-0.219) in the next time step.

Retrospective: Mario is colliding with the enemy because the enemy was tar-

GrangerVAR geted (0.04) due to the action before.

Anticipative: Colliding with the enemy has a positive effect on the score
(4.458), killing the enemy (0.486) and a negative effect on the existence of
the enemy (-0.486), targeting the goal (-0.24), targeting the enemy (-0.201)
and targeting the goldcoin (-0.04) in the next time step.

Table 3: Causal explanation for the question ‘Why did Mario jump on the Goomba?’ during a
recorded rollout.

Appendix E. Details for Human Study

We instructed N = 22 participants to answer our questionnaire (see appendix Fig.12). The ques-
tionnaire asked the following questions: “Given a pair of variables, does a causal relationship exist
(existence)? If yes, then which is the cause and which is the effect (direction)? If there are mul-
tiple causes for a single variable, then how impactful is each of the causes (preference)?” All of
these questions, alongside their responses, are of qualitative and subjective nature. It is important
to note that the participants do not perform the actual induction from specific, provided data like
the algorithms do i.e., the human subjects are not given the variable names nor concrete data points
that would allow them to find the rules for the specific data sets. Instead, they were only given
the variable names/depictions, thereby having to induct from personal experience/understanding es-
sentially. This approach to human induction is related to the experimental setups in (Griffiths and
Tenenbaum, 2006; Hattori, 2016).

The motivating lead research questions we intended to answer, and in fact do answer success-
fully with this experiment, are: What are SCM that (some) human could model? How does overlap
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Why did Mario run into the Goal?

Model Explanation

Retrospective: Mario is colliding with the goal because the goal was targeted
(0.044) with the action before.

Anticipative: Colliding with the goal has a positive effect on termination of
the game (0.518), the score (0.029) and a negative effect on targeting the goal
(-0.377) and targeting the goldcoin (-0.041) in the next time step.

Lasso

Retrospective: Mario is colliding with the goal mostly because the goal was
targeted (0.055), because the player had killed the enemy (0.017), because the
game is not terminated (-0.011) and although the player had already collected
the powerup (-0.015) the time step before.

Varlingam

Anticipative: Colliding with the goal now has a positive effect on termination
of the game (0.505), killing the enemy (0.012) and a negative effect on tar-
geting the goal (-0.374), targeting the goldcoin (-0.055), the existence of the
enemy (-0.018) and targeting the enemy (-0.014) in the next time step.

Retrospective: Mario is colliding with the goal mostly because the goal was

GrangerVAR targeted (0.023) and because the goldcoin did exist (0.01) the time step before.

Anticipative: Colliding with the goal now has a positive effect on termination
of the game (0.577), the score (0.026) and a negative effect on targeting the
goal (-0.434) and targeting the goldcoin (-0.054) in the next time step.

Table 4: Causal explanation for the question “Why did Mario run into the Goal?’ during a recorded
rollout.

for human-based SCM occur? How do subsequent CATs (Def.7) between humans and algorithms
differ? In a nutshell, we wanted to investigate the similarity of SCMs between subjects in addition
to the similarity between subjects- and algorithm-based CATs.

A caveat regarding the analysis and explanation of human judgements is that sample bias may
distort conclusions. Sample bias has long been identified within the behavioral and social sciences
as limiting the generalization of results obtained in a specific sample to the population. A common
methodological fix to counteract such biases is to increase the sample size, see (Daniel, 2017) for a
recent application and discussion. Certainly, the observed sample will affect the way the difference
(to e.g. algorithm-based CAT) turns out to be, but then again our research question is not concerned
with all possible human explanations, but any. Furthermore, we chose data sets that model very
general examples and thus offer accessibility to the general population since no single person might
be an expert. Ultimately, this way of designing our experiment, while not removing sample bias of
course, renders the bias’s qualitative effect onto our subsequent investigation negligible.

In the following we provide a discussion of several interesting and important insights discov-
ered through the human user study. Nonetheless, it is important to note that our results like most
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modern day interpretations of human behavior are of conjectural nature — sensible, educated guesses
essentially. During this discussion, we will point to specific aspects of the descriptive statistics dis-
played in appendix Fig.13. The questionnaire contains four examples with two, three, three, and
four variables (or concepts) respectively that are being visually depicted in addition to a concise tex-
tual description. We randomized the textual description of up to three variables across all examples
for any randomly selected participant. Doing so, we allow for the randomized concept to reverse
causal influence directions, thus, diminishing the bias of chance-selecting said causal direction — in
a nutshell, this randomization scheme helps us in controlling for explanation variance (or leeway) of
the subjects. Nonetheless, we still observed that for any variable pair (X, Y') the meanings of X and
Y themselves could be interpreted differently, which ultimately resulted in False Negatives regard-
ing agreement i.e., people will disagree technically although they actually agree. To give a concrete
example, consider the following: pre-condition in Example 2 can be interpreted as “the length of the
medical history of a patient” (negative; increasing implies lower chance of recovery) opposed to “the
state of well-being of a patient” (positive; increasing implies higher chance of recovery), thereby
some subjects might choose Z1 — R while others will choose Zs <— R where Z; are the different
explanations of the “pre-condition” concept (and R denotes recovery), yet all subjects agree on an
existing relation between the two variables: Z; <> R. Also, some variables/concepts were more
stable in their explanation variance. To give yet another specific example, altitude and tempera-
ture in Example 1 (appendix Fig.12) are stable concepts while the aforementioned pre-condition in
Example 2 is unstable (due to its explanation variance/leeway). More importantly these different
explanations due to the ambiguity inherent in language become visible within the statistics. To stay
inline with the previous example, consider the medical example within appendix Fig.13 (second
row, middle) and specifically consider the edges T — R and Z — R. For the former relation the
agreement between subjects is evident i.e., the majority of human subjects will select this edge. For
the latter relation, we clearly see the two previously discussed explanations that subjects employ
during edge decision. l.e., for some subjects the edge between Z and R is positive and for some
others it is negative, while naturally all agree upon there being a relation between the variable pair
(Z < R) opposed to there being no relation (Z ¢ R).

We observe a systematic approach and thereby non-random approach to edge-/structure-selection
by the human operators, see any of the subplots within appendix Fig.13. Furthermore, there are only
a few clusters even with increasing hypothesis space. Both the systematic manner and the tendency
to common ground are evidence in support of the MMC hypothesis (MM = SCM, Hyp.1) and its
implied argument on “true” SCM information reachable from the overlapping MM-based SCMs or
SCMs.

Although we randomize the order of variables in addition to consistently presenting them in a
simple line with the intention of not inducing any specific sorting/structure to avoid bias, we still
observed apparent, unintended subject behavior. For instance, subject number 5 only considered
pairs presented next to each other as being questioned although the other combinations are meant to
be queried as well. While additional research needs to corroborate these observations, our data sug-
gests that attention might have decreased over the course of the experiment for a subset of subjects
as suggested by e.g. subject number 7 where overall agreement with the subject majority is to be
found but eventually at the very last example “mistakes” occur (specifically, the subject highlighted
that “increasing age increases mobility”, in stark disagreement with the majority of participants).
We also observe that the increase in hypothesis/search space (i.e., more variables) comes with an
increase in variance. This variance increase can be argued to be due to the progressive difficulty
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of inference problems as well as decreased levels of attention and potential fatigue across the dura-
tion of the experiment (e.g. consider the duplicate plots, third column, in appendix Fig.13 where the
number of unique structures that are being identified increases significantly). Yet another interesting
observation concerns the aspect of time, consider subject number 17 where there is a cycle between
treatment and recovery where the subject likely thought in terms of “increasing treatment increases
speed of recovery which subsequently feeds back into a decrease of treatment (since the individual
is better off than before)” which seems like a valid inference but clearly considers the arrow of time.
Yet another observation, some subjects faced questions of variable scope e.g. if there is a causal
connection between food habits and mobility, then some subjects considered energy as the mediator
and since energy is not part of the variable scope, confusion might arise whether to place an edge
between food habits and mobility or not. In fact, for such a scenario the correct answer is to place
an edge, since there exists a causal path from food habits to mobility, via energy, even if energy
is not displayed. Le., in causality, an edge can/will talk implicitly about all the more fine-grained
variables that are part of the causal edge/path.

The second data set is an instance of the famous Kidney Stone example (Peters et al., 2017),
where Z is a confounder that indicates the pre-conditions in terms of e.g. the size of the kidney
stone, and it also illustrates the famous Simpson paradox (Simpson, 1951; Pearl, 2009; Peters et al.,
2017) where the recovery will favor one treatment in the overall statistics while being better for all
of the non-consolidated views for the other treatment. We observe that not a single subject places the
edge pre-condition to treatment (Z — 1') which is arguably at the core of Simpson’s paradox. This
observation gives an additional cue on why the phenomenon is called paradox because no human
subject expects the existence of this connection and even actively neglect the existence.

We observe that the human-based CATs match the Ground Truth CAT's perfectly up to the R data
set CATs, which is also the “Result” in Fig.5 i.e., the “Mode” approach returns the correct CAT's
while the “Greedy” approach chooses the wrong edge type for Z and R. After further investigation,
we believe to have found several explanations for this “human” mistake that we discuss extensively
in the appendix. On another note, we observe that the overall flawless performance of human-
based CATs speaks for superiority over algorithmic graph learner-based CATs. To conclude this
paragraph, let us appreciate one such drastic difference in explanations, which in fact occurred on
our lead example “Causal Hans”:

Humans: “Hans’s Mobility is bad because of his bad Health which is mostly due to his
high Age, although his Food Habits are good.”

Causal Discovery Algorithms: “Hans’s Mobility, in spite his high Age, is bad mostly
because of his bad Health which is bad mostly due to his good Food Habits.”
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Figure 12: Experiment Setup for the Human Case Study. The participants are being asked two
questions: whether there is a directed relation between some variable pair A and B, and
when there are multiple causes how they behave relatively i.e., the order of strength in re-
lations. We avoid bias in drawing relations by randomizing the order and presenting the
variables in a sequence. Induction is being performed from personal “data”/experience,
rather than by looking at a matrix of data points. To avoid bias in drawing relations,
we don’t provide any hints on a graph structure and we randomize the sorting of the
variables. To provide more clarity we depict the names of the concepts with additional
illustrations. The participants are asked to perform induction based on personal data/ex-
perience i.e., they only see the orange and blue boxes. (Best viewed in color.)

34



Data set
22 20
29
8RR 15
g~
w10
LS
L O
< - 5
@ O
L O
EI
Q20
a
Z 15
<%
E’ﬁ 10
[
g% S
25
= 0
20
~~
=
- 15
(0]
® 10
9
€ 5
0
20
)
L 15
£
= 10
(0]
< 5
0

CAT: SCM-BASED NATURAL LANGUAGE EXPLANATIONS

Qual. edge distr. Quant. edge distr. Unique Structure Count
1.5 6
1.0 >
4
3
2
1
-1.0 [
0
s ? TS TTE ?T‘( A-T T-A Struct IDs
<< < F - ;
— N 5
' 4
0.5
3
| | o o + + : I II
-0.5
1
1. . 1.0 o IHNRNNRE
SEFFIIELEEIIFTTFEL TR TeE ReT Rz zeT 2R Struct IDs
1.5 6
1.0 5
0.5 4
| 0.0 + 3
2
Al 10 ., I
; (Q : ; ‘Jm :‘ Q: ; ; Qg Q‘m Q{o m: ; : ;o ; : F-D F-s D—F D-S S—F $-D Struct IDS
1.5 6
10 ' 5
4
0.5 I
0.0 J—-Lﬁ ﬁ I 3
2
| T
I n | | I | | H -1'0 0
SERSFFSNR RSN RNINERN SR R A e A A A Struct IDs

Figure 13: Human Data Analysis: Qualitative, Quantitative, and Uniqueness. Statistics col-

lected from the human data (N = 22). The rows denote the four data sets: weather
forecast (W, Mooij et al. (2016)), recovery (R, Charig et al. (1986)), mileage (M), and
our synthetic health data set (H). The columns: qualitative edge distributions that show
for each of the different edge type how often it was chosen respectively (left). Quali-
tative because it incorporates ACEs. A green edge denotes positive ACE, whereas red
means negative ACE (i.e., increasing X would decrease Y). Quantitative edge distri-
bution for each edge where the error bars denote confidence intervals (middle), and the
unique structure counts where each bar depicts the frequency of a qualitative structure
discovered by the human subjects (right). Extensive elaboration on the setup, execution
and results of this human study are to be found in the corresponding appendix section.
(Best viewed in color. Since the plots get dense with increasing combinations of variable
pairs, please consider zooming in to read the labels for any detailed view of the results.)



ZECEVIC DHAMI KERSTING

Appendix F. “Food for Thought” for Future Work: A Hypothesis on the
Representational Suitability of SCMs as Mental Models

As a question of cognitive science and psychology, we have placed this section in the appendix
for the interested reader. Our Hypothesis revolves around the idea that SCMs are a suitable repre-
sentation of human mental models. It has been argued that at the core of a human mental model
(abbreviated MM in the following) the illustration of one’s thought process (regarding the under-
standing of world dynamics) is to be found (Simon, 1961; Nersessian, 1992; Chakraborti et al.,
2017). The difficulty of said thought process illustration is partly due to circular and abstract terms
like explanation and interpretations for which we do not provide an explicit definition as this is up to
philosophical debates and ideally we keep the idea more general than what has been done previously
in explainable AI/ML where “explanation equals pixel attributions” in many cases. Assuming the
world dynamics to be governed by causality we observe that humans are capable of modelling both
causal relationships between endogenous variables and additionally information on the strength of
said relationship. Put differently, MM model a causal graph and corresponding causal effects akin
to the formal notions from the previous section. Consider the following real world example:

e 2
MM Example. At any given time a human has a state of overall health (relating to fat-

muscle ratio, allergies and diseases, etc.) and mobility (relating to the general freedom
and flexibility of movement, e.g., a gymnast is more mobile than the average person).
Now, the MM allows inferring (1) that mobility is being (partially) caused by something
else (for instance health, e.g., being overweight decreases one’s mobility) and (2) that dif-
ferent events can have different “strength” e.g., that an average car accident causes more

harm to the individual’s mobility than an average workout session causes good.
\ J

A natural candidate for capturing the two properties from the MM example formally are SCM,
thereby we hypothesize the following:

Hypothesis 1 (MM Conversion, short MMC) The parts of the MM that are being used for encod-
ing the causal relationships of the variables of interest can be formally captured by a corresponding
SCM, in short this “equivalence” can be denoted as MM = SCM.

While the MMC hypothesis leaves room for notions not captured by mathematical rigor, it suggests
an equivalence to SCM regarding the causal aspects. The MM example has motivated the MMC
hypothesis which itself suggests a justification of using SCM in the first place.

Implications of MM = SCM. If we accept that MM = SCM, then we can use SCMs as an ad-
equate proxy to the MM. Furthermore, any useful property of SCM implies corresponding aspects
back in the MM. We immediately observe one such key property of SCM namely comparability.
That is, if one is given say two different SCMs that are defined over the same endogenous and
exogenous variables (so only differing in the actual parameterizations) then one can compare said
SCMs i.e., there exists a notion of distance. For the linear case, we can easily prove this by con-
strucing an example metric space.

Definition 15 We define a function d(Mi, M) = 3, .; |[M1(j,4) — Ma(j,9)| +q(Pr, P2) where
q is the square-root of the Jensen-Shannon Divergence (JSD), My, = (Uy, Vi, Fi, Pr(U;)) for
k € {1,2} such that V1=V, U1=Uy, F}, define linear functions in R, and in slight abuse of
notation My(j,1) is the causal effect o from Vj to V.
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Figure 14: MMC Hypothesis and Linear SCM Metric Space. Left: Accepting Hyp.1 means that
the MM of Hans is an SCM. Right: Different linear SCM (from different individuals)
can be compared, an example metric space for (M, d) is given by Prop.4. (Best viewed
in color.)

Proposition 4 Let d be as in Def.15 and let M denote the set of all linear SCM defined over the
same exogenous and endogenous variables, U, V. Then (M, d) is a metric space.

Proof The absolute difference on the real numbers is a metric (i.e., positive-definiteness, symmetry,
and triangle-inequality hold) therefore holding for the “dependency” terms from J. Furthermore, q
was chosen as the Jensen-Shannon-Metric. Finally, metrics are closed under summation. |

Prop.4 is just one example of what might be considered a sensible metric space for a subset of all
SCMs. What it does is compare each of the linear coefficients for any causally related tuple of vari-
ables, aggregating the sum, and further adding a divergence term between the defined distributions
over the exogenous variables. This comparability and the visual intuition behind MMC are illus-
trated in Fig.14. We now state our first key observation following Hyp.1 and Prop.4: the existence
of a “true” SCM is in fact justified i.e., there exists an underlying data generating process for any
data and the MM of any person might or might not coincide with that SCM.

On another note, consider the fact that while the “true” SCM represents the concept of objec-
tiveness, oppositely, the MMs are of subjective nature (that is, every human has their own subjective
life experience). Coming back to MM = SCM, we see that Prop.4 further implies that MMs are
also capable of dis-/agreeing with each other. With this at hand, we now state our second key ob-
servation: in most practical cases having access to many SCM-encodings of subjective MMs can
ultimately lead in their overlap-agreement to (parts of) the objective “true” SCM. There is certainly
no guarantee since all available MM-SCM samples can in fact be wrong, however, note the empha-
sis on in most practical cases—therefore, identifying this overlap in MM (or SCM) for a specific
problem is highly valuable for AI/ML research.

Our final, third key observation is concerned with explanations. Existing literature views ex-
planations as derivable from MMs and thus implicitly containing some information on the MM
(Chakraborti et al., 2017) and since MM = SCM, we argue that there must exist an equivalent of
the human notion of explanation within SCM. This justifies our further investigation on SCM-based
explanations, which eventually leads to the formalism of CATs. The benefits of an approach using
explanations derived from SCM are two-fold (1) that by construction they are human understand-
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able allowing for explainable ML in which models can reason about the learnt and (2) that the
models themselves become better, as they need to account for consistency in explanations, which is
beneficial to any downstream-task.
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