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Abstract. A user receiving an explanation for outcomes produced by
an artificially intelligent system expects that it satisfies the key property
of descriptive accuracy (DA), i.e. that the explanation contents are in
correspondence with the internal working of the system. Crucial as this
property appears to be, it has been somehow overlooked in the XAI lit-
erature to date. To address this problem, we consider the questions of
formalising DA and of analysing its satisfaction by explanation meth-
ods. We provide formal definitions of naive, structural and dialectical
DA, using the family of probabilistic classifiers as the context for our
analysis. We evaluate the satisfaction of our given notions of DA by sev-
eral explanation methods, amounting to two popular feature-attribution
methods from the literature and a novel form of explanation that we
propose and complement our analysis with experiments carried out on a
varied selection of concrete probabilistic classifiers.

Keywords: Explainable Al - Probabilistic classifiers + Descriptive
accuracy

1 Introduction

Equipping automated decision systems with explanation capabilities is a com-
pelling need in order to achieve user trust, a prerequisite for acceptance, espe-
cially if the systems are based on some model or technique that is not directly
understandable by the users. This need lies, in particular, at the basis of the
rapid growth of the research field of explainable AI (XAI) in recent years. As
pointed out in [10], trust, which is an attitude of the trustors (in our case, the
systems’ users), is distinguished from trustworthiness, which is a property of the
trustees (in our case the explained systems). This makes the goal of achieving
trust, and the role of explanations there for, a rather tricky issue. On the one
hand, there can be situations where trust is achieved by explanations which are
convincing but somehow deceptive. On the other hand, there can be situations
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where an otherwise trustworthy system loses users’ trust due to problems in its
explanations’ capabilities.

These considerations call for the need of identifying some basic requirements
that explanations should satisfy in order to lead to (deservingly) trustworthy
AT systems. In this paper, for the specific setting of probabilistic classifiers, we
focus on the property of descriptive accuracy (DA) described in [19], for machine
learning in general, as “the degree to which an interpretation method objectively
captures the relationships learned by machine learning models”. DA appears to
be a crucial requirement for any explanation: its absence would lead to the risk
of misleading (if not deceptive) indications for the user.

In this work we consider the issue of providing formal counterparts to the
general notion of DA and then of assessing their satisfaction by both existing
and suitably defined explanation approaches. Specifically, we make the following
contributions.

— We introduce three formal notions of DA (Sect. 4): naive DA, as a precursor
to dialectical DA, both applicable to any probabilistic classifier, and structural
DA, applicable to probabilistic classifiers that are equipped with a structural
description, as is the case for Bayesian network classifiers (BCs) and Chain
Classifiers (CCs).

— We study whether concrete explanation methods satisfy our notions of DA
(Sect. 5). We focus our analysis on existing feature attribution methods from
the literature (LIME [24] and SHAP [15]) as well as a novel method we define.

— We evaluate our forms of DA empirically (when they cannot be guaranteed
formally) on a variety of BCs and CCs (Sect. 6) showing that they are often
violated in practice by LIME and SHAP.

2 Related Work

Numerous methods for providing explanations have been proposed (e.g. see
the survey by [8]) and their desirable properties have been considered from a
variety of perspectives (e.g. see the survey by [26]). We draw inspiration from
[19] and focus, in particular, on their notion of descriptive accuracy (DA) for
(model-based or post-hoc) interpretable machine learning. As mentioned in the
introduction, DA concerns the degree to which an interpretation (in our set-
ting, explanation) method objectively captures the relationships learned by the
machine-learned models.

DA is seen, in [19], as a crucial property for achieving interpretable machine
learning, alongside, in particular, predictive accuracy, wrt (test) data, of the
predictions produced by the interpretations/explanations. Whereas DA is con-
cerned with the inner workings of models, predictive accuracy is concerned with
the input-output behaviour thereof. Predictive accuracy is thus closely linked
with properties of fidelity or faithfulness which have been considered by several
works (see e.g. [8,13]). In the case of explanations concerning a single instance,
local fidelity has been defined as a measure of how well an explanation model
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approximates the original model in a neighbourhood of the instance in need of
explaining [1,24].

Overall, whereas formal counterparts of predictive accuracy/faith-
fulness/fidelity have been extensively studied in the X AT literature, to the best of
our knowledge, formal counterparts of DA appear to be lacking up to now. This
gap is particularly significant for the classes of post-hoc explanations methods
which, per se, have no relations with the underlying operation of the explained
model and therefore cannot rely on any implicit assumption that DA is guar-
anteed, in a sense, by construction. This applies, in particular, to the family of
model-agnostic local explanation methods, namely methods which are designed
to be applicable to any model (and hence need to treat the model itself purely
as a black-box) and whose explanations are restricted to illustrate individually
a single outcome of the model without aiming to describe its behaviour in more
general terms. This family includes the well-known class of additive feature attri-
bution methods, such as LIME [24] and SHAP [15], where the explanation for
the outcome of a model basically consists in ascribing to each input feature a
numerical weight. We will provide three formal characterisations for DA, allow-
ing evaluation of explanation methods for satisfaction of DA in precise terms
and we will study our notions of DAin the context of both LIME and SHAP,
showing that they are not able to satisfy them.

3 Preliminaries

As DA is inherently related to the internal operation of a model, rather than just
to its input/output behaviour, any formal notion of DA cannot be completely
model-agnostic. It follows that an investigation of DA needs to find a balance
between the obvious need for wide applicability and the potential advantages of
model-tailored definitions. For this reason we will focus on the broad family of
probabilistic classifiers.

We consider (discrete) probabilistic classifiers with feature variables X =
{X1,..., X} (m>1) and class variables C={C4,...,C,} (n>1). Each (ran-
dom) variable V; € V = X u C is equipped with a discrete set of possible values
2v,: we define the feature space as X = 2x, x ... x 2x, and the class space as
C={2c, x...x{2c,. From now on, we call any vector x e X an input and denote
as x(X;) the value of feature X; in x. Given input x, a probabilistic classifier PC
computes, for each class variable C; and value we(2¢,, the probability P(C; = w|x)
that C; takes value w, given x. We then refer to the resulting value for a class
variable C; € C given input x as PC(Cy|x) = argmazrgen., P(C; = w[x). Table1
gives a probabilistic classifier for a (toy) financial setting where the values of class
variables problematic external event and drop in consumer confidence are deter-
mined based on the feature variables company share price trend, devaluation of
currency, healthy housing market and negative breaking news cycle. Here, for
any variable V; € V, Qy. = {+,-}.

For X; € X, we will abuse notation as follows, to simplify some of the formal
definitions later in the paper: PC(X;|x) =x(X;) (basically, the “resulting value”
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Table 1. An example of probabilistic classifier with X = {s,d,h,n} and C = {c,e}.
Here, e.g. for x (highlighted in bold) such that x(s) =x(d) =x(h) =x(n) =+, PC(c|x) =+
(as P(c=+|x) =.60)), and PC(e|x) = + (as P(e = +|x) =.60)).

s |+ + + + + - - - - - - - -
d| + + - - - - + + + - = = =
h| + - - + - - + - - + - -
ni+ - + - -+ - + - 4+ - + - + -
cl+ - + 4+ -+ - + - 4+ 4+ + - + -
P60 65 1 60 .60 1 1 .65 .60 .65 1 .60 .60 1 1 .65
el+ - + + + - + - + - + + + - + -
P60 1 60 60 60 1 60 1 1 .65 1 1 .65 1 .65

for a feature variable, given an input, is the value assigned to that variable in
the input) and P(X; =x(X;)) =1 (basically, the probability of a feature variable
being assigned its value, in the given input, is 1). We will also use notation:
P(V =v|x'), if V;eX,
P(V=vx,V;=v;), ifV;eC,

where, in the first case, x'(V;)=v; and x'(V;)=x(V;) for all V;eX~\{V;}. Basically,
this notation allows to gauge the effects of changes in value for (input or class)
variables on the probabilities computed by the classifiers (for assignments of
values to any variables).

Various types of probabilistic classifiers exist. In Sect.6 we will experiment
with (explanations for) a variety of (discrete) Bayesian Classifiers (BCs, see [2]
for an overview), where the variables in 'V constitute the nodes in a Bayesian
network, i.e. a directed acyclic graph whose edges indicate probabilistic depen-
dencies amongst the variables. We will also experiment with (explanations for)
chained probabilistic classifiers (CCs, e.g. as defined by [23] for the case of BCs).
These CCs result from the combination of simpler probabilistic classifiers (pos-
sibly, but not necessarily, BCs), using an ordering >¢ over C such that the value
of any C; € C is treated as a feature value for determining the value of any C;€C
with C; >¢ C;, and thus a classifier computing values for C; can be chained with
one for computing values for C;. For illustration, in Table2 we re-interpret the
classifier from Table1 as a CC amounting to a chain of two classifiers, using
e >¢ ¢: the classifier (a) determines the value of ¢ as an additional input for the
classifier (b). Then, the overall classifier determines the value of ¢ first based on
the feature variables d, h and n, and then e based on s and ¢ (treated as a feature
variable in the chaining). Note that, in Table2 and throughout the paper, we
abuse notation and use inputs for overall (chained) classifiers (x in the caption
of the table) as inputs of all simpler classifiers forming them (rather than the
inputs’ restriction to the specific input variables of the simpler classifiers).

For some families of probabilistic classifiers (e.g. for BCs) it is possible to
provide a graphical representation which gives a synthetic view of the depen-

PV =vlx,set(V; =v;)) =
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Table 2. An example of chained probabilistic classifier (CC) with (a) the first prob-
abilistic classifier PCy; with X, = {d, h,n}, C1 = {c}, and (b) the second probabilistic
classifier PC2 with Xy = {s,c}, C2 = {e} (both inputs highlighted in bold). Here, e.g.
for x as in the caption of Table 1, PC(c|x)="PC1(c|x) =+ and PC(e|x)=PC2(e|x, set(c=
PCi(c|x))) = +. (¢) A structural description for the CC in (a—b), shown as a graph.

dil+ + + + - ——- - P o
Mrorooorre s e+ -+ - Y
1 I S 13&)1?&5 d/2\7b
P|.60 .65 1 .60 .60 1 1 .65 _

- (b) (c)

dence and independence relations between the variables. In these cases, we will
assume that the classifier is accompanied by a structural description, namely a set
SDcV xV. The structural description identifies for each variable V; €V a (possi-
bly empty) set of parents PA(V;)={V; | (Vi,V;)}eSD with the meaning that the
evaluation of Vj is completely determined by the evaluations of PA(V;) in the
classifier. In the case of BCs, the parents of each (class) variable correspond to
the variables in its unique Markov boundary [20,21] M : V — 2V where, for any
V;eV, M(V;) is the c-minimal set of variables such that V; is conditionally inde-
pendent of all the other variables (V ~x M(V})), given M(V;). In the case of CCs,
even when no information is available about the internal structure of the individ-
ual classifiers being chained, a structural description may be extracted to reflect
the connections between features and classes. For illustration, for the CC in
Table 2(a—b), the structural description is SD={(d, ¢), (h,c), (n,c), (s,€), (¢, €)},
given in Table2(c) as a graph.

We remark that similar notions have been considered earlier in the literature.
For instance in [27] a notion of support graph derived from a Bayesian network
has been considered. This support graph however is built with reference to a
given variable of interest and is meant to support the construction of arguments
which provide a sort of representation of the reasoning inside the network. In our
case we provide a structural description which does not refer to a single variable
of interest and is not used for building explanations but rather to verify whether
they satisfy structural DA, as it will be described later. A deeper analysis of the
possible connections between our proposal and argumentation-based approaches
for explaining Bayesian networks is an interesting subject for future work.

In the remainder, unless specified otherwise, we assume as given a probabilis-
tic classifier PC with feature variables X and class variables C, without making
any assumptions.

4 Formalising Descriptive Accuracy

We aim to define DA formally, in such a way that DA, independently of any
specific explanation method (but with a focus on the broad class of local expla-
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nations, and specifically feature attribution methods to obtain them). To do
so we will consider different abstractions of explanation, with the capability
to encompass a broad range of existing notions in the literature as instances.
The abstractions are based on the combinations of alternative choices along two
dimensions. First, we consider two basic elements that an explanation may refer
to: (1) input features; (2) pairs of variables representing relations between vari-
ables. Second, we assume that the basic elements inside an explanation can be:
(a) regarded as an undifferentiated set (we call these elements unsigned, in con-
trast with (b)); (b) partitioned into two sets according to their positive or nega-
tive role in the explanation. The combinations (1)-(a) and (2)-(a) will correspond
respectively to the abstract notions of unipolar and relational unipolar explana-
tions while the combinations (1)-(b) and (2)-(b) will correspond respectively to
the notions of bipolar and relational bipolar explanations. We will introduce a
notion of naive DA for all the kinds of abstract explanations we consider and a
notion of dialectical DA tailored to the two cases of relational explanations. We
see naive DA as a very weak pre-requisite for explanations (it can be regarded as
related to the basic notion of relevance), and prove that it is implied by dialecti-
cal DA for both bipolar and relational bipolar explanations (Propositions 1 and
2, resp.): thus, naive DA can be seen as a step towards defining dialectical DA.
(Naive and) Dialectical DA are applicable to any probabilistic classifiers. In the
specific setting of classifiers with underlying graph structures, such as BCs and
CCs, we will also define a notion of structural DA for relational unipolar/bipolar
explanations.

4.1 Unipolar Explanations and Naive DA

We begin with a very general notion of unipolar explanation: we only assume
that, whatever the nature and structure of the explanation, it can be regarded
at an abstract level as a set of features:

Definition 1. Given an input € X and the resulting value w = PC(C|x) for
class C € C given @, a unipolar explanation (for C =w, given ) is a triple
(F,C, x) where F cX.

Intuitively, the features in a unipolar explanation are those deemed “relevant”
for explaining the resulting value assigned by the classifier to a class variable,
for the input under consideration. It is easy to see that it is straightforward to
derive unipolar explanations from the outcomes produced by existing explana-
tion methods when they return features accompanied by additional information
(e.g. feature importance as in the case of the attribution methods LIME and
SHAP): basically, in these settings the unipolar explanations disregard the addi-
tional information, and amount to (a subset of) the set of features alone (e.g.
the k most important features).

The simplest form of DA, i.e. naive DA, matches the intuition that the inclu-
sion of features in a unipolar explanation should play a role in the underlying
model, and is formally defined as follows:
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Property 1. A unipolar explanation (F,C,x) satisfies naive descriptive accuracy
iff for every X, € F there exists an input x’ € X with x'(X;) = x(X) for every
X, # X; and with x'(X;) # x(Xj;), such that, letting w = PC(C|x), it holds that
P(C =w|x) # P(C =w|x').

Naive DA holds when, for each feature, there is at least one case (i.e. an
alternative input x’ to the input x being explained) where a change in the value
of the feature has an effect on the probability of the value of the class variable.
It is a rather weak requirement as it excludes individually “irrelevant” features
from playing a role in the explanation.

For illustration, given the probabilistic classifier in Table1 and x as in the
table’s caption, the unipolar explanation ({s,d, h,n}, ¢, x) does not satisfy naive
DA, given that both s and d are “irrelevant” here: changing the value of either
does not affect the probability of ¢. Meanwhile, it is easy to see that ({h,n},c, x)
satisfies naive DA.

4.2 Bipolar Explanations and Dialectical DA

Unipolar explanations consist of “minimal” information, i.e. just the features
playing a role in explanations. At a finer level of granularity, we consider bipolar
explanations, where the features are partitioned into two sets: those having a pos-
itive effect on the resulting value and those having a negative effect. The notions
of positive and negative effect may admit different specific interpretations in
different contexts, the general underlying intuition being that the correspond-
ing features provide, resp., reasons for and against the resulting value being
explained. Whatever the interpretation, we assume that positive and negative
features are disjoint, as, in an explanation, a feature with a twofold role would
be confusing for the user.

Definition 2. Given an input x € X and the resulting value w = PC(C|x) for
class C € C given x, a bipolar explanation (for C =w, given x) is a quadruple
(F.,F_,C,x) where F,cX, F_cX, and F, nF_=3; we refer to features in F,
and F_ resp. as positive and negative reasons.

It is easy to see that existing explanation methods can be regarded as pro-
ducing bipolar explanations when those methods return features accompanied
by additional positive or negative information: in these settings, as in the case
of unipolar explanations, bipolar explanations disregard the additional informa-
tion, and amount to (a subset of) the set of features with their polarity (e.g. the
k features with the highest positive importance as positive features and the k
features with the lowest negative importance as negative features).

Taking into account the distinction between positive and negative reasons,
we introduce a property requiring that the role assigned to features is justified:

Property 2. A bipolar explanation (F,,F_, C,x) satisfies dialectical descriptive
accuracy iff for every X; e F, UF_, for every x’ € X with x'(X;) = x(X;) for all
X; # X; and x'(X;) # x(X;), letting w = PC(Cx), it holds that

if X; eF, then P(C =w|x)> P(C =w|x');
if X; e F_ then P(C =wl|x) < P(C =w|x').
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In words, if a feature is identified as a positive (negative) reason for the result-
ing value for a class variable, given the input, the feature variable’s value leads
to increasing (decreasing, resp.) the posterior probability of the class variable’s
resulting value (with all other feature values unchanged).

For illustration, in the running example with PC in Table 1, the bipolar expla-
nation ({d,n},{h},c,x), given input x as in the table’s caption does not sat-
isfy dialectical DA. Indeed, d is a positive reason in the explanation but, for
x’ agreeing with x on all features other than d (with x/'(d) = —), we obtain
P(c=+]x) =.60 <P(c=+|x')=.60. Instead, it is easy to see that the bipolar
explanation ({n},{h},c,x), satisfies dialectical DA.

In general, unipolar explanations can be directly obtained from bipolar expla-
nations by ignoring the distinction between positive and negative reasons, and
the property of naive DA can be lifted:

Definition 3. A bipolar explanation (F.,F_, C, x) satisfies naive descriptive
accuracy iff the unipolar explanation (F. UF_ C,x) satisfies naive descriptive
accuracy.

It is then easy to see that dialectical DA strengthens naive DA:!

Proposition 1. If a bipolar explanation (F.,F_ C x) satisfies dialectical DA
then it satisfies naive DA.

4.3 Relational Unipolar Explanations and Naive DA

Moving towards a richer explanation notion, we pursue the idea of providing
a detailed view of the relations between variables of a probabilistic classifier,
reflecting influences possibly occurring amongst the variables. To this purpose
we first introduce relational unipolar explanations as follows.

Definition 4. Given xe X and the resulting value w =PC(C|x) for C e C given
x, a relational unipolar explanation (for C' =w, given x) is a triple (R,C,x)
where RSV x V.

In words, a relational unipolar explanation includes a set R of pairs of vari-
ables (i.e. a relation between variables) where (V;, V;)€R indicates that the value
of V; has a role in determining the value of Vj, given the input.

For illustration, for PC in Table1, ({(s,e), (c,e)},e,x) may be a relational
unipolar explanation for x in the table’s caption, indicating that s and ¢ both
influence (the value of) e. Note that relational unipolar explanations admit
unipolar explanations as special instances: given a unipolar explanation (F, C, x),
it is straightforward to see that (F x {C},C,x) is a relational unipolar expla-
nation. However, as demonstrated in the illustration, relational unipolar expla-
nations may include relations besides those between feature and class variables
found in unipolar explanations.

The notion of naive DA can be naturally extended to relational unipolar
explanations:

1 All proofs are omitted due to space limitations.
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Property 3. A relational unipolar explanation (R, C,x) satisfies naive descrip-
tive accuracy iff for every (V;,V;) e R, letting v; = PC(V;|x) and v; = PC(Vj|x),
there exists v} € 2y, v} # v;, such that P(V; = vj|x) # P(V; = v;|x, set(V; = v})).

For illustration, for PC in Tablel, ({(s,e),(n,e)},e,x) satisfies naive DA
for x in the table’s caption, but ({(s,e), (d,e)}, e, x) does not, as changing the
value of d to — (the only alternative value to +), the probability of e =+ remains
unchanged.

It is easy to see that, for relational unipolar explanations (F x {C}, C,x),
corresponding to unipolar explanations (F, C,x), Property 3 implies Property 1.

4.4 Relational Bipolar Explanations and Dialectical DA

Bipolar explanations and dialectical DA can also be naturally extended to accom-
modate relations, as follows:

Definition 5. Given an input € € X and the resulting value w = PC(C|x)
for class C' € C given x, a relational bipolar explanation (RX) is a quadru-
ple (R+,R-,C, x) where:

R+ SV xV, referred to as the set of positive reasons;

R_cV xV, referred to as the set of negative reasons;

R,NnR_=g.

Property 4. An RX (R, R_,C,x) satisfies dialectical descriptive accuracy iff for
every (V;,V;) e Ry UR_, letting v; = PC(Vi|x), v; = PC(V;|x), it holds that, for
every v} € 2y, ~ {v; }:

if (Vi,V;) € Ry then P(V; = vj|z) > P(V; = vj|x, set(V; =v}));
if (Vi,V;) e R_ then P(V; = vj|x) < P(V; = v;|x, set(V; = v})).

An RX can be seen as a graph of variables connected by edges identifying
positive or negative reasons. Examples of RXs for the running example are shown
as graphs in Fig.1 (where the nodes also indicate the values ascribed to the
feature variables in the input x and to the class variables by any of the toy
classifiers in Tables 1 and 2). Here, (iii) satisfies dialectical DA, since setting to
— the value of any variable with a positive (negative) reason to another variable
will reduce (increase, resp.) the probability of the latter’s value being +, whereas
(ii) does not, since setting d to — does not affect the probability of ¢'s value being
+ and (i) does not since setting d to — does not affect the probability of e’s value
being +.

Similarly to the case of unipolar/bipolar explanations, relational unipolar
explanations can be obtained from RXs by ignoring the distinction between
positive and negative reasons, and the property of dialectical DA can be lifted:

Definition 6. An RX (R.,R_,C, x) satisfies naive DA iff the relational unipo-
lar explanation (R, UR_,C, x) satisfies naive DA.

It is then easy to see that dialectical DA strengthens naive DA:
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Fig.1. Example RXs (shown as graphs, with positive and negative reasons given by
edges labelled + and —, resp.) with input x such that x(s) = x(d) = x(h) = x(n) = +
(represented as s+ , d+ , h+ , ny ) and (resulting) class values ¢ =+ (represented as c;)
and e = + (represented as e,) .

iii.

Proposition 2. If an RX (R.,R_,C, x) satisfies dialectical DA then it satisfies
naive DA.

Note that bipolar explanations (F,, F_, C,x) can be regarded as special cases
of RXs, i.e. ({(X,C)|XeF,}L{(X,C)]| XeF_},C,x) (indeed, the RX in Fig. 1(i)
is a bipolar explanation). Thus, from now on we will often refer to all forms of
bipolar explanation as RXs.

4.5 Relational Bipolar Explanations and Structural DA

When a classifier is equipped with a structural description, one can require that
the relations used for explanation purposes in RXs are subsets of those specified
by the structural description, so that the RXs correspond directly to (parts of)
the inner working of the model. This leads to the following additional form of
DA:

Property 5. Given a probabilistic classifier PC with structural description SD:

— a relational unipolar explanation (R,C,x) satisfies structural descriptive
accuracy iff R € SD; and
— an RX (R4, R-, C, x) satisfies structural descriptive accuracy iff R,UR_cSD.

For instance, suppose that SD is the structural description in Table2(c).

does not, since the relations from d, h and n to e are not present in the structural
description.

5 Achieving DA in Practice

Here, we study the satisfaction of the proposed properties by explanation meth-
ods. We focus in particular on two existing methods in the literature (LIME [24]
and SHAP [15]). After showing that these methods do not satisfy the properties
introduced in Sect. 4, we introduce a novel form of explanation guaranteed to
satisfy them. Thus, this novel form of explanation can be seen as a “champion”
for our proposed forms of DA, showing that they can be satisfied in practice.
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We start with LIME and SHAP. The explanations they produce (given an
input x and a classifier, computing C'=w, given x) basically consist in computing,
for each feature X; € X, a real number w(x, X;, C) indicating the importance of
X, which has assigned value x(X;) in the given input x, towards the probability
of the class variable C being assigned value w=PC(C|x) by the classifier, in the
context of x.2 The absolute value of this number can be interpreted as a measure
of the feature importance in the explanation, while its sign, in the context of
explaining probabilistic classifiers, indicates whether the feature has a positive or
negative role wrt the classifier’s resulting value for the explained instance. Fea-
tures which are assigned a value of zero can be regarded as irrelevant. Clearly,
such explanations correspond to bipolar explanations (F,,F_, C,x) as in Defi-
nition 2, with

- F, = {Xz eX | w(x,Xi,C) >0} and
- F_-= {Xz eX | ’w(X,Xi,C) <O}

In the remainder, with an abuse of terminology, we call these bipolar expla-
nations LIME/SHAP explanations, depending on whether w is calculated using,
resp., the method of LIME/SHAP. For illustration, consider the classifier in
Table1 and x such that x(s) = x(d) = x(h) = x(n) = +, as in the caption of
Fig.1, for which the classifier computes e = +. In this simple setting, SHAP
computes w(x, sy, ey) = —0.20, w(x,dy,e;) = 0.03, w(x,hy,er) = —0.05, and
w(x, ny,e;) = 0.25 (adopting here the same conventions on variable assignments
as in the caption of the figure). This results in the SHAP explanation in Fig. 1(i).
Thus features d and n (with their current values) are ascribed positive roles and
s and h are ascribed negative roles in determining the outcome PC(e|x) = +.
However, as stated earlier, for feature d this is in contrast with the property of
naive DA. In fact, by inspection of Table 1, it can be noted that in changing the
value of this variable individually we would still have P(e = +|x) = 1. To put it
in intuitive terms, assigning a positive importance to this variable suggests to
the user that its current value (namely +) has a role in determining the outcome
e =+ (though minor), which is misleading. The following proposition generalizes
these considerations:

Proposition 3. In general, LIME and SHAP explanations are not guaranteed
to satisfy naive nor dialectical DA.

The illustration above proves this result for SHAP explanations, by provid-
ing a counterexample to naive (and hence dialectical) DA in the context of the
classifier in Table 1. As to LIME, we built counterexamples by introducing spu-
rious features within trained probabilistic classifiers and showing that they are
assigned non-null importance.

Concerning structural DA, LIME and SHAP explanations may in general
satisfy it only if X x C € 8D, i.e. if the structural description includes all the

2 We omit the formal definitions of how these well-known methods compute w, as not
essential for the considerations on property satisfaction drawn in this paper.
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possible relations from feature variables to class variables. This is for instance
the case for naive BCs [16], but not for more general BCs or CCs.

To guarantee the missing properties too, we define novel dialectically accurate
relational explanations (DARXs):

Definition 7. Given a probabilistic classifier with structural description SD,
a dialectically accurate relational explanation (DARX) is a relational bipolar
explanation (R.,R_,C, x) where, letting v, = PC(V;|x) for any V, e V:

- Ry ={(V},V;) € SDIVv} € 2y, \ {v;} it holds that P(V; = vj|x) > P(V; =
vylx, set(V; = vj))};

- R-={(V;,V}) € SD|Vv; € 2y, ~ {v;} it holds that P(V;
vj|x, set(V; = vf))}.

vjlx) < P(V; =

Proposition 4. DARXs are guaranteed to satisfy naive, structural and dialec-
tical DA.

For illustration, suppose SD corresponds exactly to the links in Fig. 1(iii).
Then, this figure shows the DARX for e given the input in the figure’s cap-
tion and the classifier in Table1 (or Table2). Here, the satisfaction of naive
DA ensures that no spurious reasons, i.e. where the corresponding variables do
not, in fact, influence one another, are included in the DARX. Note that, when
explaining e with the same input, SHAP may draw a positive reason from d to e
(as in Fig. 1(i)) when, according to SD, d does not directly affect e. Further, the
satisfaction of dialectical DA means that each of the reasons in the DARX in
Fig. 1(iii) is guaranteed to have the desired dialectical effect. Note that DARXs
are local explanations, meaning that they are meant to explain the behaviour of
the classifier given a specific input, not the behaviour of the classifier in general.
In other words, they assign a positive or negative role to variables with reference
to the specific input considered and it may of course be the case that, given a
different input, the same variable has a different role.

6 Empirical Evaluation

As mentioned in Sect. 3, we experiment with (chains of) BCs as well as chains (in
the form of trees) of tree-based classifiers (referred to as C-DT's below). As far
as BCs are concerned, we experiment with different types, corresponding to dif-
ferent restrictions on the structure of the underlying Bayesian network and con-
ditional dependencies: naive BCs (NBC) [16]; tree-augmented naive BCs (TAN)
[7]; and chains of BCs [29], specifically in the form of chains of NBCs (CNBC)
and of the unrestricted BCs suggested in [22] (CUBC). We choose C-DTs and
(chains of ) BCs as they are endowed with a natural structural description, allow-
ing us to evaluate structural DA, while they are popular methods with tabular
data, e.g. in the case of BCs, for medical diagnosis [14,17].3

3 We use several datasets or (pre-computed) Bayesian networks, and deploy the best-
performing type of the chosen type of classifier for each. As structural descriptions,
we use those described in Sect. 3. When training classifiers on datasets, we split them
into train/test sets (with 75/25% ratio) and optimise the hyper-parameters.
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Table 3. Average percentages of reasons (over 100 samples) wviolating DA (i.e.
{(V;,V;) e R-UR. such that(V;, V;) violates DA}|/|R- UR.|) for several instantiated
RXs. (*) NBC (Naive BC), TAN (Tree-Augmented NBC), CUBC (Chain of Unre-
stricted BCs), C-DTs (Chain of Decision Trees); (1) results must be 0.0% due to the
BC type.

Dataset Source | Classifier* | SHAP LIME
Naive |Structural|Dialectical | Naive |Structural|Dialectical

Shuttle [28] |NBC 0% 0% 16.43% 0% 0% 17.14%
German [28] |NBC 0% 0% 54.56% 0% 0% 49.55
California  |[11] | TAN 0% 0% 16.75% 0% 0% 16.75%
Child [3] CUBC 0% 70.97%  |75.35% 63.74% 89.59%  |91.16%
Insurance [3] CUBC 0% 67.07% |78.77% 59.56% 89.26% | 93.07%
HELOC [5] C-DTs 51.77% | 100% 94.42% 62.21% | 100% 97.87%
LendingClub | [4] C-DTs 16.19% | 100% 94.47% 72.95% | 100% 98.57%

Our experiments aim to evaluate the satisfaction/violation of structural and
dialectical DA empirically for various concrete RXs (i.e. LIME, SHAP and their
structural variants) when they are not guaranteed to satisfy the properties, as
shown in Sect. 5. The main questions we aim to address concern actual DA and
efficiency, as follows.

Actual DA. While some approaches may not be guaranteed to satisfy DA in
general, they may for the most part in practice. How much DA is achieved in
the concrete settings of SHAP, and LIME explanations? We checked the average
percentages of reasons in LIME and SHAP explanations which do not satisfy
our notions of descriptive accuracy. The results are in Table3. We note that:
(1) LIME often violate naive descriptive accuracy, e.g. in the Child and Insur-
ance BCs, whereas SHAP does not; (2) LIME and SHAP systematically violate
structural descriptive accuracy; (3) LIME and SHAP often violate dialectical
descriptive accuracy.

Efficiency. We have defined DARXs so that they are guaranteed to satisfy struc-
tural and dialectical DA. Is the enforcement of these properties viable in practice,
i.e. how expensive is it to compute DARXs? Formally, the computational cost
for DARXs can be obtained as follows. Let ¢, be the time to compute a pre-
diction and its associated posterior probabilities.* The upper bound of the time
complexity to compute a DARX is Tparx (£2)=0 (tp - >y, oy |92v;]), which is lin-
ear with respect to the sum of the number of variables’ values, making DARXs
efficient, while the time required by LIME is exponential with respect to the
number of variables’ values for discrete variables, while it requires a large (by
default 5000) number of sample in the case of continuous variables.

4 In our experiments, using a machine with Intel i9-9900X at 3.5 Ghz and 32 GB
of RAM (no GPU acceleration) t, ranges from 3us to 436ms depending on the
classifier.
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7 Discussion and Conclusions

We have introduced a three-fold notion of DA for explanations of probabilistic
classifiers, which, despite its intuitiveness, is often not satisfied by prominent
explanation methods, and shown that it can be satisfied, by design, by the novel
explanation concept of DARXs.

A variety of approaches devoted in particular to the explanation of Bayesian
networks exist in the literature [12,18]. At a high level these approaches can be
partitioned into three main families [12]: explanation of evidence (which concerns
explaining observations by abducing the value of some unobserved variables),
explanation of model (which aims at presenting the entire underlying model to
the user), and explanation of reasoning. Explanation of reasoning is the closest
to our approach and, according to [12] is in turn divided into: (i) explanation
of the results obtained by the system and the reasoning process that produced
them; (ii) explanation of the results not obtained by the system, despite the
user’s expectations; (iii) hypothetical reasoning, i.e. what results the system
would have returned if one or more given variables had taken on different values
from those observed. Our approach is mainly related to point (i), even if it may
support some form of hypothetical reasoning too. We remark anyway that the
spirit of DARX is not advancing the state of the art in explanations for Bayesian
networks but rather providing a concrete example of a method satisfying the DA
properties we introduced and showing that even with this baseline approach we
can get improvements with respect to popular model-agnostic methods.

Our work opens several avenues for future work. It would be interesting
to experiment with other forms of probabilistic classifiers, including (chained)
neural networks, possibly in combination with methods for extracting causal
models from these classifiers to provide structural descriptions for satisfying
structural DA. It would also be interesting to study the satisfaction of (suitable
variants of) DA by other forms of explanations, including minimum cardinality
explanations [25] and set-based explanations [6,9].
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