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Abstract. Explanation in Artificial Intelligence is often focused on pro-
viding reasons for why a model under consideration and its outcome are
correct. Recently, research in explainable machine learning has initiated
a shift in focus on including so-called counterfactual explanations. In this
paper we propose to combine both types of explanation into a persuasive
contrastive explanation that aims to provide an answer to the question
Why outcome t instead of t′? posed by a user. In addition, we propose
a model-agnostic algorithm for computing persuasive contrastive expla-
nations from AI systems with few input variables.

1 Introduction

Upon encountering an unexpected event, people tend to request contrastive ex-
planations that answer the question Why outcome t instead of t′? [7]. The use
of such contrastive explanations, based upon counterfactuals, was recently pro-
posed for explaining black-box machine learning models with high-dimensional
feature spaces [11]. Using counterfactuals for the purpose of explanation is popu-
lar in machine learning research, although the definition of what a counterfactual
explanation entails varies greatly [10]. A recently identified research challenge is
that of unifying counterfactual explanations with more “traditional explainable
AI” that focuses on justifying the original outcome [10]. In this paper we propose
such a combination of explanations by introducing the persuasive contrastive ex-
planation. A contrastive explanation, contrasting actual and expected outcomes
t and t′, is combined with the information that suffices to conclude t. The latter
intends to persuade the user into believing that in fact t is the correct outcome.
After presenting some properties of our explanations, we sketch an algorithm for
their computation from AI systems with a limited number of input variables,
such as e.g. Bayesian networks or decision trees. For details omitted from this
extended abstract, we refer to our original ECSQARU 2021 contribution [5].

2 Persuasive Contrastive Explanations

We propose a new type of explanation for an AI system that is defined over
a set of discrete variables. A variable V has domain Ω(V ), and we write v as
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shorthand for V = v, v ∈ Ω(V ). We use bold-face letters to indicate sets of
variables and their configurations (joint value assignments). We write v′ ⊆ v to
indicate that v′ is a configuration of V′ ⊆ V consistent with v. Moreover, for a
given v, we write v to denote a configuration in which every Vi ∈ V takes on a
value from Ω(Vi) that is different from its value in v. Note that v is unique only
if all variables in V are binary-valued.

We assume that our system has a target variable T ∈ V of interest and that
input, or evidence, e is given for a set of variables E ⊆ V \ {T}. The system
then computes an output value for T given e, which we denote >(T |e) and call
the mode of T given e. An example AI system would be a Bayesian network [4]
that represents a joint probability distribution over V and for which we take the
most probable value of T given e as output.

Throughout the paper we assume an explanation context
〈
e, t, t′

〉
, where

t = >(T |e) and t 6= t′ ∈ Ω(T ), describing the context in which we seek an
answer to the user’s question Why t instead of t′?. We will answer this question
with a sufficient explanation for t and a counterfactual explanation for t′.

Definition 1. Consider explanation context
〈
e, t, t′

〉
. A persuasive contrastive

explanation is any pair [s, c] where s ∈ Ω(S), c ∈ Ω(C), S,C ⊆ E, and

• s ⊆ e is a sufficient explanation for t, i.e. >(T |sẽ′) = t for all ẽ′ ∈ Ω(E′),
E′ = E \ S, and there is no s′ ⊂ s for which this property holds; and

• c ⊆ e is a counterfactual explanation for t′, i.e. >(T |e′c) = t′ for e′ ⊆ e,
e′ ∈ Ω(E′), E′ = E \C, and there is no c′ ⊂ c for which this property holds.

We call a set S with which a sufficient explanation is associated a sufficient set ; a
counterfactual set is defined analogously. Sufficient sets and counterfactual sets
have several properties (proven in [5]) that enable their computation:

Properties Consider S,C ⊆ E.

– Set S has at most one associated sufficient explanation s. Sets S,S′ ⊂ E for
which neither S ⊂ S′ nor S′ ⊂ S can both be sufficient sets.

– Set C can have multiple associated counterfactual explanations c, unless all
variables in C are binary-valued. Sets C,C′ ⊂ E with C ⊂ C′ can both be
counterfactual sets, unless all variables in C are binary-valued.

– If S is a sufficient set, or is a superset of a sufficient set, then E \ S cannot
be a counterfactual set.

We note that a given explanation context can be associated with multiple per-
suasive contrastive explanations.

The sufficient explanation explains how the evidence relates to the outcome
of the system by giving the user a subset of the evidence that results in the
same outcome, regardless of which values are observed for the remaining evi-
dence variables. The sufficient explanation is similar to the PI-explanation that
was introduced for explaining naive Bayesian classifiers with binary-valued tar-
get variables [8], and more recently referred to as sufficient reason when used
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in explaining Bayesian network classifiers (BNCs) with both binary-valued tar-
get and evidence variables [2]. The word ‘counterfactual’ has various interpreta-
tions and several papers have introduced a concept of counterfactual explanation
for Bayesian network classifiers, all using a different definition. A common de-
nominator in these definitions is, however, that they determine counterfactual
explanations from PI-explanations [1, 2]. Our definition of counterfactual expla-
nation, on the contrary, is a formalisation of the one by Wachter et al. [12],
and PI-explanations do not provide any information other than excluding some
configurations as possible counterfactuals.

3 Computing Explanations

We can search for explanations by doing a breadth first search (bfs) on an
annotated lattice that organises the search space; we will call this lattice an
explanation lattice.

Definition 2. Consider context
〈
e, t, t′

〉
and lattice L = (P(E),⊆) for the pow-

erset P(E) of E. An explanation lattice for this context is the lattice L in which
each lattice element S ⊆ E is annotated with the tuple (s,MS, lS) such that

– s ⊆ e is the configuration of S consistent with e;

– if S = E then MS = {(∅, t)}; otherwise, MS = {(c, t∗) | t∗ = >(T |sc), with
c ∈ Ω(C),C = E \ S, and ∃ e with c ⊆ e}

– lS ∈ {true, exp, oth}, where lS = true if t∗ = t for all (c, t∗) ∈MS, lS = exp
if t∗ = t′ for all (c, t∗) ∈MS, and lS = oth, otherwise.

The elements of lattice L are all subsets of E and hence represent potential suffi-
cient sets S with associated sufficient explanation s. For each lattice element S,
the set C = E\S is a potential counterfactual set. To determine if c is a counter-
factual explanation, we need to know the corresponding outcome; these pairs are
stored inM. Label l summarises whether or not all sc configurations associated
with a lattice element result in the same outcome, with true indicating that this
is always the original system outcome t and exp indicating that this is always the
user’s expected output t′. Note that if all variables in E are binary-valued then
each MS contains a single pair (c, t∗). If the target variable T is binary-valued,
then lS = oth can only occur with non-binary evidence variables. Fig. 1 shows a
partially annotated lattice, which is further explained in Example 1.

For a lattice element S we will use the term ancestors to refer to all supersets
of S in the lattice, and parents to refer to the supersets of size |S|+ 1. Likewise
we use the terms descendant and child to refer to subsets of S .

The next proposition (proven in [5]) details exactly how to establish sufficient
and counterfactual explanations from the lattice.
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∅: oth
(2/8)

O:
oth

(1/4) C:
oth

(2/8) X:
oth

(2/2)H:
oth

(6/8)

HO:
true

(3/4) HC:
oth

(6/8) HX:
true

(2/2) OC:
oth

(3/4) OX:
oth

(1/1) CX:
oth

(2/2)

HCX:
true

(2/2) HOX:
true

(1/1) OCX:
oth

(1/1)HOC:
oth

(4/4)

HOCX:
true

(1/1)

Fig. 1. A partially annotated explanation lattice for the evidence in the Child network:
elements S ⊆ E = {H,O,C,X} are annotated with label lS. Numbers between brackets
indicate the fraction of modes actually computed. See Example 1 for further details.

Proposition 1. Consider context
〈
e, t, t′

〉
and lattice element S ⊆ E in expla-

nation lattice L. Then

– Set S is a sufficient set iff 1) S and each of its ancestors S+ is annotated
with label lS = lS+ = true, and 2) for each child S− of S, either lS− 6= true,
or S− has an ancestor S+ with label lS+ 6= true.

– Configuration c for set C = E \ S is a counterfactual explanation for t′ iff
(c, t′) ∈MS and for none of the ancestors S+ of S there exists a c′ ⊂ c with
(c′, t′) ∈MS+ .

The bfs now starts at the top lattice element E and returns all sufficient
explanations and all counterfactual explanations for a given explanation con-
text in a single search. During the search, the lattice is annotated dynamically
in order to minimize the number of mode computations, since not all lattice
elements will be necessarily visited. The extent of the search for sufficient expla-
nations is independent of variable type (binary vs non-binary), but the search for
counterfactual explanations can become quite extensive for non-binary variables.
Pseudocode and a proof of correctness of the algorithm can be found in [5]; we
will now illustrate the computation of explanations from an existing Bayesian
network.

Example 1. We consider the Child Bayesian network [9] with 6-valued target
variable Disease (D) and four of its evidence variables: LVH Report (H) with
2 values, Lower Body O2 (O) with 3 values, CO2 Report (C) with 2 values and
X-ray Report (X) with 5 values. We enter the evidence e: H = yes, O = 5-12,
C = <7.5, and X = oligaemic. We find >(D |e) = PAIVS, whereas the user
instead expected outcome TGA ∈ Ω(D). Fig. 1 shows the elements S ⊆ E in
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the explanation lattice for context
〈
e, PAIVS, TGA

〉
. In addition, the figure shows

the labels lS computed for each element and, between brackets, the number of
computed modes versus the total number of configurations associated with the
element.

Starting at the top of the lattice, bfs first searches for potential sufficient sets.
After computing modes for HOCX, HOC, HCX, HOX, OCX, and HX (in
total: 12), the algorithm has found all sufficient sets, resulting in a single sufficient
explanation ‘H = yes and X = oligaemic’. In the process, also counterfactual
explanation ‘X = plethoric’ is found; had all variables been binary-valued then
we would have been done. Instead, the search for counterfactuals is continued
and results in another three counterfactual explanations: ‘X = normal & H =
no’, ‘X = grd glass & H = no’, and ‘H = no & O = <5 & X = asy/patchy’.
The persuasive contrastive explanations for PAIVS are now given by all four pairs
[s, c] of the sufficient (s) and counterfactual (c) explanations. ut

We note that in the example we ultimately computed modes for 39 out of the
60 represented evidence configurations. The search for counterfactual explana-
tions continued all the way to the bottom of the lattice: since the target variable
has a large state-space a lot of potential counterfactual explanations need to be
considered. In worst case, therefore, bfs will visit and process all of the 2|E| lat-
tice elements. The cost of a single visit is determined by the complexity of mode
computations for the AI system under consideration. By exploiting monotonicity
properties in the domain [3] we can effectively prune the explanation lattice and
hence reduce the number of required mode computations (see [6] for details).

4 Conclusions

In this paper we introduced persuasive contrastive explanations for AI systems
with a limited number of discrete input variables. We sketched an algorithm
for the computation of these explanations and illustrated this on an example
Bayesian network. Our definitions and algorithm are in essence model-agnostic,
albeit that the required mode computations need to be performed by the specific
AI system under consideration. The complexity of our algorithm is therefore
determined by the size of the lattice (2|E|), the number of evidence configurations
(|Ω(E)|) and the cost of computing modes from the AI system. The computation
of explanations will be feasible as long as the number of different configurations
for a typical set of evidence variables is limited enough to process.

When many different explanations are found, it is necessary to make a se-
lection to be presented to the user. Such a selection can for example be based
on the cardinality of the explanation, but other criteria could be more suitable.
This is a topic for further research.
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