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Abstract. Machine learning black boxes, exemplified by deep neural networks, often exhibit challenges in interpretability due
to their reliance on complicated relationships involving numerous internal parameters and input features. This lack of trans-
parency from a human perspective renders their predictions untrustworthy, particularly in critical applications. In this paper, we
address this issue by introducing the design and implementation of CReEPy, an algorithm for symbolic knowledge extraction
based on explainable clustering. Specifically, CReEPy leverages the underlying clustering performed by the ExACT or CREAM
algorithms to generate human-interpretable Prolog rules that mimic the behaviour of opaque models. Additionally, we introduce
CRASH, an algorithm for the automated tuning of hyper-parameters required by CReEPy. We present experiments evaluating
both the human readability and predictive performance of the proposed knowledge-extraction algorithm, employing existing
state-of-the-art techniques as benchmarks for comparison in real-world applications.

Keywords: Explainable clustering, Explainable artificial intelligence, Symbolic knowledge extraction, PSyKE

1. Introduction

There has been a growing demand for transparency
in recent years, particularly in critical domains [14/15]].
This demand has led to a lack of trust amongst humans
in predictions obtained from machine learning (ML)
models that lack interpretability. Such models are of-
ten referred to as opaque or black boxes (BBs) due to
their opacity. While complex ML models tend to offer
superior predictive performance, they pose challenges
when it comes to human inspection. Consequently, the
use of opaque models for high-stakes decisions neces-
sitates the derivation of human-intelligible knowledge
to ensure accountability and understanding.

To retain the predictive capabilities of ML mod-
els, many strategies for achieving explainable be-
haviours have been proposed in the literature [2/19].
These include the adoption of interpretable ML predic-
tors [27] and mechanisms designed to reverse-engineer
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the predictors’ behaviour [23]. Symbolic knowledge-
extraction (SKE) techniques play a major role in this
context, operating in a post-processing phase to distill
interpretable knowledge from a BB predictor. Build-
ing upon recent advancements in the SKE field [8], we
present CReEPy, a novel, general-purpose knowledge-
extraction algorithm based on interpretable clustering.
CReEPy applies to any type of BB predictor.

CReEPy is built upon the EXACT and CREAM
clustering algorithms. It pedagogically [1] explains
BBs performing classification or regression tasks
and operating on continuous input features. CReEPy
proves the effectiveness of exploiting explainable clus-
tering to achieve the interpretability of BBs. Indeed,
it enables the extraction of more concise and accurate
explanations compared to analogous state-of-the-art
techniques.

Since to execute CReEPy a set of parameters is re-
quired (e.g., the chosen explainable clustering algo-
rithm and, in turn, the corresponding hyper-parameters),
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we also designed an automated tuning algorithm,
named CRASH.

Accordingly, the paper is organised as follows: Sec-
tion [2] introduces background information on the top-
ics discussed here and related works present in the lit-
erature. Sections [3| and [4] describe the CReEPy and
CRASH algorithms, respectively. Experiments and
benchmark comparisons are discussed in Section[5} Fi-
nally, conclusions are drawn in Section@

2. Related Works
2.1. Symbolic Knowledge Extraction

SKE consists of obtaining human-interpretable rules
out of BB predictors using a surrogate, explainable
model that is capable of mimicking the BB, named in
this context underlying model. The underlying model
may be a classifier, a regressor, a clustering technique,
or any other opaque predictor. The mimicking capabil-
ities of the surrogate model are assessed via the com-
parison of the outputs provided by the underlying and
surrogate models with respect to the same inputs. SKE
techniques are currently applied in a wide range of
contexts [316118120121,421l43/45]].

The construction of the surrogate predictor may
be performed in a decompositional or pedagogical
way [1]. In the former case, the BB kind and inter-
nal structure are considered, so these algorithms are
not general and can be applied only to a subset of
BBs, e.g., RefAnn [44] accepts as underlying predic-
tors only neural networks having a single hidden layer.
On the other hand, pedagogical techniques only con-
sider the underlying BB input/output relationship and
thus they are more general and present no constraints
on the BB type and complexity.

In the following, we provide a brief description of
the SKE algorithms chosen as benchmarks for the ex-
periments presented in this work.

2.1.1. ITER

ITER [22] is a pedagogical knowledge-extraction al-
gorithm explicitly designed for black-box regressors.
It extracts knowledge in the form of rule lists while im-
posing no constraint on the nature, structure, or train-
ing of the underlying opaque model.

To extract rules, the ITER algorithm steps through
the creation and iterative expansion of several disjoint
hypercubes, covering the whole input space the regres-
sor has been trained upon. In other words, ITER ac-

cepts as input a regressor and the data set used for
its training, then iteratively partitions the input feature
space following a bottom-up strategy.

At the end of the process, each partition is converted
into a human-interpretable rule associated with a con-
stant output value.

2.1.2. GridEx and GridREx

The GridEx algorithm [40] is a pedagogical tech-
nique performing symbolic knowledge extraction from
BBs designed for regression tasks. Thanks to the gen-
eralisation proposed in [37U39] it can be also applied
to explain classifiers. In both cases, data sets have to
be described by continuous features. It draws inspi-
ration from ITER, intending to address the challenges
arising from its potential slow convergence and limi-
tations in both input space coverage and fidelity when
applied to high-dimensional data sets. GridEx satisfies
this goal by relying on a top-down partitioning strat-
egy, thus achieving good results in terms of both the
number of extracted rules and corresponding predic-
tive performance with respect to the underlying BB
and the data.

The partitioning strategy adopted by GridEx con-
sists of the recursive input feature space splitting into
smaller subregions according to a similarity threshold.
At the end of the partitioning, each region is translated
into a human-readable rule, having preconditions de-
scribing the region and a postcondition representing
the associated output value, which is a constant ob-
tained by averaging the underlying model predictions
for the samples included in the region.

Unfortunately, in some real-world applications, the
undesired discretisation introduced by the constant
outputs of GridEx may hinder the predictive perfor-
mance of the extractor. GridREx [28]] overcomes this
issue by training a linear model inside each identified
hypercubic region. Linear models are fitted on the in-
stances contained in the corresponding hypercubes and
each cube is associated with a rule having a set of
conditions on the input variables as antecedent part,
equally to ITER and GridEx, and a linear combination
of the input variables (given by the linear model) as
consequent part. As a result, output predictions given
by the extracted rules are no more averaged output val-
ues of the samples contained in the corresponding hy-
percubes, but more accurate linear equations. Given
the nature if its predictions, GridREx only supports re-
gression tasks.

A disadvantage shared by GridEx and GridREx is
that they perform a symmetric partitioning — i.e., dur-
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ing a given iteration, they split each input dimension
in a given number of congruent partitions. Therefore,
this strategy may lead to suboptimal solutions when
applied to real-world data sets.

2.1.3. REAL

Rule-extraction-as-learning (REAL; [11])) is a ped-
agogical SKE procedure to explain BB classifiers op-
erating upon binary input features. However, by per-
forming an upstream feature binarisation, it is possi-
ble to adopt it also for other kinds of input attributes,
e.g., discrete or even continuous. REAL aims at ex-
tracting human-interpretable lists of conjunctive rules
via a learning process based on sampling and queries.
Output rules are mainly if-then rules where the post-
condition is a class label and the pre-conditions are
Boolean predicates over individual input features. Pre-
conditions usually concern a subset of the input fea-
tures, previously generalised by dropping redundant
and/or non-discriminant antecedents.

2.1.4. CART

CART [7] is not properly a SKE technique, since it
is based on the induction of binary decision trees on
data set instances. However, it may be applied as well
to the output of a BB predictor to obtain a decision tree
representing the BB behaviour. Starting from the tree,
it is straightforward to extract human-comprehensible
rules by converting each possible path from the tree
root to the leaves into a logic rule. CART can be utilised
for both black-box classifiers and regressors; neverthe-
less, in this scenario, the output value remains con-
stant. Consequently, predictions may experience unde-
sirable discretisation effects when employed in regres-
sion tasks.

2.2. Explainable Clustering via EXACT and
CREAM

EXACT [31] is an algorithm performing explain-
able clustering. It merges the aggregation strategies
found in traditional clustering techniques with the
cluster assignment approach using decision trees, sim-
ilar to other explainable or interpretable clustering pro-
cedures [4)51217]. For this reason, with EXACT it
is possible to obtain explainable clusters by inducing a
top-down decision tree over the training data accord-
ing to a strictly hierarchical strategy. Indeed, identi-
fied clusters have the peculiarity of being concentric.
The strategy adopted for the tree’s internal nodes is to
use hypercubic splits to separate whole clusters of data

while avoiding the presence of instances from multiple
clusters inside the same hypercubic region.

To partition the input space, EXACT adopts Gaus-
sian mixture models (GMMs; [26]]) to find clusters and
DBSCAN [13124] to remove the outliers from these
clusters, before approximating them with hypercubes.
Explainability is achieved thanks to this approxima-
tion of each identified cluster. The concentric nature
of the EXACT’s hierarchical approximations enables
the creation of a global interpretable clustering in the
form of a rule list, where each cluster is simply ex-
pressed through a rule having a single hypercube in-
clusion constraint, starting from the innermost clus-
ter through the outermost. The same structure may be
used to provide local explanations for single clustering
assignments.

CREAM [32] extends EXACT by providing a more
complex splitting strategy based on the iterative greedy
minimisation of the predictive error measured for each
possible split.

Users may leverage the automated ORCHID pro-
cedure [32] to find optimum values for the hyper-
parameters required by both EXACT and CREAM.

3. SKE via Explainable Clustering with CReEPy

In this section, we introduce the design and imple-
mentation of a novel knowledge-extraction technique,
named CReEPy (Clustering-based REcursive Extrac-
tion as a PYramid; [35]), capable of deriving human-
interpretable rules in Prolog syntax from BB mod-
els of any type and suitable for both classification
and regression tasks. Aligned with the concept pre-
sented in [30l34], CReEPy performs knowledge ex-
traction by employing a preliminary interpretable clus-
tering technique (i.e., EXACT or CREAM) on the
training data. To extract knowledge from a predictive
model, the data set output feature (i.e., the ground
truth) is replaced with the opaque predictions pro-
vided by the BB. CReEPy is also suitable for per-
forming rule induction when directly applied to a data
set. In the first case, CReEPy explains the predictions
through human-interpretable knowledge. Otherwise, it
provides interpretable relationships between the data
set’s input and output attributes.

3.1. The CReEPy Algorithm

CReEPy has been designed to be independent of the
underlying clustering method. Consequently, it can be
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employed in conjunction with various clustering tech-
niques, as long as they offer hypercubic approxima-

Algorithm 1 CReEPy pseudocode tions of the input space. Moreover, there is potential
for future extensions of CReEPYy to support other tree-
Require: predictor P based clustering approaches, as such methods essen-

Require: data set D

Require: underlying clustering technique = tlglly segment the input feature space with cuts perpen-
Require: underlying clustering parameters T dicular to the axes, and each path from the tree root to
Require: input feature relevance set ® a leaf can be translated into a hypercube.

Require: input feature relevance threshold © Being explicitly designed to work seamlessly with
1: function CREEPY(P, D, E, I, ®, ©) EXACT and CREAM, CReEPy generates logic knowl-
2 D’ + CREATEDATASET(P, D) edge in the form of a Prolog theory (examples of which
3: regions « CLUSTERING(Z,II, D') are detailed in the experiment section). The Prolog
4 return U { REGIONTORULE(r, ®,0) }

theory effectively mimics the decision-making process
of the underlying BB model, with each clause cor-

reregions

25 f““?tioi‘ CLUSTE?'NCZ(_E’I% D) responding to an approximated cluster identified by

: wnstance <— INIT =, . ey

7. instance < TRAIN(instance, D) EXACT or CREAM. The 1nte'rpretab1hty of the BB

8:  return CLUSTERS (instance) is enhanced through the transition from completely
opaque outcomes to the generation of classification or

9: function INIT(Z, IT) . .

. - . . regression rules that are both human- and machine-

10: return an instance of = parametrised with IT . . K A
interpretable, describing the rationale behind the pre-

11: function TRAIN(clustering, D) dictions.

12:  return clustering trained upon DD As EXACT and CREAM clusters are structured

13: function CLUSTERS(clustering) as hierarchical cubes and difference cubes — defined

14:  return the clusters identified by clustering through interval inclusions and exclusions — Pro-

log theories are particularly suitable, benefitting from
the inherent ordering of clauses. Consequently, each
clause can be associated only with preconditions refer-
ring to the inclusion in a hypercube, assuming the ex-

15: function CREATEDATASET(P, D)
16: return D with output feature predicted by P

17: function REGIONTORULE(region, ®, ©)

18: for all dim € ion do . . .

19: i R;Z;V Agzg;&?m ®) < © then clusion from all the cubes described by the preceding
20: region < DROP(dim, region) clauses as true. The expressiveness of this semantics is
21:  return TOPROLOG(region) thus exploited at its limit by ordering the Prolog rules

starting from the one associated with the innermost hy-

22: function RELEVANCE(dim, &) percubic region and then following the hierarchy up

23: return relevance of dim according to ¢ . X
to the outermost region—equivalent to the surround-

24: function DROP(dimension, region) ing cube of the data set at hand. The last rule may be
25: drop dimension from the inputs of region extended to a default rule to achieve 100% complete-
26: return region ness [29]
27: function TOPROLOG(region)
28:  head+ U  {nameof dim} 3.2. User-Defined Parameters

dim€Eregion
29: body <+ U {boundaries of dim}

dim€region _ 1:
30:  if current task is classification then The human readablht)./ .extent of the output theory
31 head + head U {output label of region} provided by CReEPy critically depends on the num-
32:  elseif current task is regression with constant output then ber of clauses composing the theory and, in turn, on
33: head < head U {output value of region} the number of preconditions appearing in each clause.
34: else if current task is regression with linear output then The number of clauses can be controlled by users via
35: head < head U {output variable of region} i R R y
36: body « body U {equation describing region} a hyper-parameter tuning phase, considering that these

37 return a Prolog rule described by head and body are produced based on the clusters identified with the
underlying clustering techniques. As a consequence,
pivotal hyper-parameters that must be set by users to
obtain high-quality knowledge with CReEPy, possibly
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with the aid of CRASH, are those required by EXACT
and CREAM, namely:

0 is a predictive error threshold calibrating the trade-
off between predictive performance and human-
readability extent (number of clauses) of the
explainable clustering. Only nodes associated
with predictive errors larger than the user-defined
threshold are further partitioned in the successive
iterations of the algorithm. This parameter should
be set according to the task at hand, e.g., it may
represent an upper-bound for the rate of incorrect
predictions in classification tasks as well as for
the mean squared error in regression tasks;

0 is the maximum allowed depth. Given the recur-
sive nature of EXACT and CREAM, users can
tune this parameter to stop the algorithm’s input
space partitioning after the desired quantity of it-
erations. The maximum depth is not reached if
the tree expansion pre-emptively terminates due
to the absence of further nodes having predictive
error greater than 6,

¢ is an upper-bound for the number of clusters identi-
fiable via GMMs during the execution of EXACT
and CREAM.

It is worthwhile to point out that the clustering algo-
rithm adopted in CReEPy is itself a hyper-parameter
that may be tuned with CRASH.

The set of CReEPy’s hyper-parameters is completed
by an optional input feature relevance set and a corre-
sponding threshold, aimed at limiting the rule precon-
ditions to the only features with relevance greater than
the threshold. Indeed, CReEPy assigns a precondition
to each input dimension, i.e., an interval inclusion con-
straint for each input feature. Therefore, in the default
version of the algorithm, each Prolog clause has n pre-
conditions for n-dimensional data sets. This may be
limiting in terms of human readability when dealing
with high-dimensional data sets.

We highlight here that the input feature relevance
is calculated outside CReEPy, so users are not bound
to a specific method, as far as they provide the fea-
ture relevance set normalised in the [0, 1] interval. A
relevance score for each input feature is mandatorily
required. A suitable and fast solution to obtain these
scores can be found within the Python Scikit-Learn li-
braryF_] It is worthwhile to point out that the feature rel-
evance threshold does not affect the underlying clus-

Ief. https://scikit-learn.org/stable/modules/
classes.html#module-sklearn.feature_selection

tering, but only the translation into Prolog rules per-
formed by CReEPy starting from the tree provided by
EXACT or CREAM (cf. REGIONTORULE procedure
in Algorithm [T)).

The translation into Prolog rules is executed accord-
ing to the following criteria:

— for each leaf of the tree identified via the underly-
ing clustering technique a rule is created;

— individual rules are if-then logic rules where the
conditional part is a conjunction of interval inclu-
sion constraints on the input features and the cor-
responding action is a constant value (e.g., a class
label or a number) or a linear combination of the
input variables;

— constraints are defined in the internal nodes of the
tree;

— actions are described in the leaves of the tree;

— all variables having relevance smaller than the
user-defined threshold are removed from the con-
ditional part of the logic rules;

— the resulting rules are converted into a theory
having Prolog format, both human- and agent-
interpretable.

From a predictive perspective, the quality of rules
provided by CReEPy can be assessed via standard
scores generally adopted for ML classification and re-
gression tasks, e.g., accuracy and F; score for the for-
mer and mean absolute/squared error and R? score
for the latter. Dedicated scoring metrics for symbolic
knowledge evaluation, as (); and FiRe, may be used
as well [3336]], to account simultaneously for fidelity
and readability.

4. Automated Hyper-Parameter Tuning for
CReEPy: The CRASH Optimiser

In this section we provide the details about the op-
timiser algorithm designed to automatise the hyper-
parameter tuning of CReEPy, named CRASH (Clus-
tering-based Rule extraction Automated Selection of
Hyper-parameters) and whose workflow is resumed in
Algorithm 2]

4.1. The CRASH Algorithm

CRASH is based on the iterative exploration of the
hyper-parameter space to highlight the values corre-
sponding to the best CReEPy instances in terms of
both predictive performance and human readability.


https://scikit-learn.org/stable/modules/classes.html#module-sklearn.feature_selection
https://scikit-learn.org/stable/modules/classes.html#module-sklearn.feature_selection
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Algorithm 2 CRASH pseudocode

Require:
Require:
Require:
Require:
Require:
Require:
Require:
Require:

1
2
3:
4
5

13:
14:
15:
16:
17:

18:
19:
20:

21:

22:
23:
24:

25:
26:

27:
28:

29:
30:

predictor P

data set D

maximum depth A, default = 10

max. number of Gaussian components I, default = 10
predictive/readability loss trade-off W, default 0.1
maximum predictive loss increase pymqq, default = 1.2
minimum rule loss decrease 7,5y, default = 0.9
patience value pato, default =5

: function CRASH(P, D, A, T', ¥, pmax, "min, Patienceq)
M+ 0 > set of all configurations
O + (A, Y, Drmaz, Tmin, Pato) > ORCHID param.
for all algorithm € {EXACT,CREAM} do
IT +— IT U SEARCHALGORITHM(
algorithm, D,T', ¥, O
)

: function SEARCHALGORITHM(algorithm, D, T', ¥, O)
M+ 0 > set of all configurations
m* < undefined > best configuration
components < 2 > current number of components
while components < I' do

data < SPLIT(D, components)

11’ + SEARCHCOMPONENT(

D, algorithm, components, O

) > current configurations

7'* < SELECTBEST(II', ¥) > best current config.

if SCORE(7*) < SCORE(7'*) then return II

T 7'*

M+ ouIr
return I1

function SPLIT(D, components)
n <— components - 100
if | D| < n then return D

return n distinct random instances of D

function SEARCHCOMPONENT(D, algorithm, comp, O)
orchid < ORCHID(D, algorithm, comp, O)
return orchid.con figurations

function ORCHID(D, algorithm, c, O)
return an instance of ORCHID (with O hyper-parameters)
to optimise the depth and threshold parameters of
algorithm adopting ¢ Gaussian components

function SELECTBEST(II, W)
return the best configuration 7 € II, considering ¥

function SCORE(7)
return a score associated with the configuration 7

The notion of best instance is defined according to the
following equation:

7 = argmin {error(rn) - [rules(r) - ¥}, (1)
mell

where II is the set of all configurations of CReEPy’s
parameters, 7 is a generic configuration, error () and
rules(m) are the predictive error and the number of
extracted rules, respectively, measured for the config-
uration 7, and 77* denotes the best configuration of pa-
rameters, associated with the best CReEPy instance.
We emphasise here that Equation (1) is subject to the
readability/fidelity trade-off [10], which is controlled
through W. To elaborate, large (small) rule sets tend
to have good (poor) predictive performance, resulting
in small (large) predictive errors. W represents the ex-
tent to which readability (expressed as the number of
rules) predominates over predictive performance (ex-
pressed as predictive error) in assessing the goodness
of a parameter set. A good score can be achieved by
minimising both the quantity of extracted rules and the
predictive error simultaneously.

In CRASH, each parameter is searched individu-
ally, e.g., by fixing all the others and studying how the
predictive error and readability of CReEPy change by
altering the values of that parameter. Some parameters
are searched exhaustively, others with a grid search
or iteratively according to ad-hoc criteria. In more de-
tail, the optimisation is exhaustive for the underlying
clustering algorithm (i.e., currently both EXACT and
CREAM are tested). Numeric parameters are consid-
ered between their minimum values and correspond-
ing user-defined upper-bounds, iteratively increased by
fixed or variable quantities, possibly until a patience
expiration.

CRASH may be summarised as follows:

1. pick a clustering algorithm suitable for CReEPy;

2. identify the clustering hyper-parameters tunable
via automated procedures and those that cannot
be automatically estimated;

3. fix all parameters of the second group to their
minimum accepted values;

4. run the proper optimisation algorithm to find the
best values for the remaining parameters;

5. store the best parameter configuration amongst
those obtained during step 4;

6. increase the value of a parameter amongst those
fixed in step 3 and repeat from step 4 until it
is possible to find better configurations, until the
maximum parameter values are reached, or until
the patience expires;
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7. repeat from step 1 with a different algorithm;
8. return the best configuration according to Equa-
tion (IJ).

Currently, automatically tunable clustering parameters
are the maximum depth § and the error threshold 6
(step 2), which can be estimated via ORCHID (step
4). Steps 3 and 6 concern the maximum amount of
Gaussian components 7. Algorithm [2] reflects the cur-
rent status of CRASH, implemented according to the
workflow mentioned above.

Since the execution time of CReEPy critically de-
pends on the number of training instances (cf. Sec-
tion [5.2), slicing of the training data set is performed
during step 4. In particular, we fixed an upper-bound
to the number of training instances equal to the num-
ber of Gaussian components x 100. This is a reason-
able choice, given that n Gaussian components im-
ply the identification of n clusters. By assuming bal-
anced clusters, 100 training instances per cluster allow
CReEPy to learn the clusters’ peculiarities while re-
maining fast.

4.2. User-Defined Parameters

As mentioned above, to run CRASH users should
define a set of parameters. We point out that the de-
fault values of these parameters are usually suitable
to obtain satisfying results, comparable with or bet-
ter than a manual tuning of CReEPy. The set of pa-
rameters required by CRASH depends on the clus-
tering techniques to be tested. Currently, only the
aforementioned EXACT and CREAM algorithms are
supported by CReEPy. Therefore, both are examined
within CRASH, and its parameters are those needed
to parametrise EXACT and CREAM, tuned via the
automated ORCHID procedure. When other cluster-
ing techniques are supported, we plan to add a hyper-
parameter to specify the set of clustering algorithms
to test with CRASH, along with any other parameters
needed by the new clustering methods. So far, the fol-
lowing optional parameters are required by CRASH:

A is the upper-bound for the estimation of the opti-
mum clustering depth. The search may be pre-
emptively stopped if growing depths result in no
better parameter configurations. This parameter is
used within ORCHID;

I" is the upper-bound for the estimation of the opti-
mum number of Gaussian components to be used
within the explainable clustering. The search may
be pre-emptively stopped if growing numbers of

components result in no better parameter config-
urations;

U is the fidelity/readability trade-off, defining the
importance of the CReEPy’s readability extent
against that of its predictive performance. Small
U values tend to neglect the readability impact.
For instance, if ¥ = 0.1 it is not relevant if a
CReEPy instance produces 2 or 8 rules. Con-
versely, if ¥ = 1 the instance producing 8 rules
is penalised;

paty is the patience to adopt in the absence of bet-
ter parameter configurations when iteratively es-
timating the optimum predictive error threshold
of EXACT and CREAM. This parameter is used
within ORCHID;

Pmaz, Tmin are the maximum predictive error increase
and the minimum readability enhancement, re-
spectively, that are accepted/required during the
estimation of the clustering error threshold. These
parameters are used within ORCHID.

5. Experiments

Experiments to assess the capabilities of CReEPy
applied to classification and regression tasks in com-
parison with state-of-the-art analogous techniques are
described in the following. All the adopted imple-
mentations are included within the PSyKE frame-
workP] [913841]).

5.1. Predictive Performance and Readability
Assessments

To assess the capabilities of CReEPy in explaining
opaque ML predictors we carried out several experi-
ments involving real-world data sets. We selected the
Iris data se [L6] as a case study for classification and
6 data sets from real use cases taken from the StairwAl
EU ProjectE] to test CReEPy in regression tasks.

5.1.1. Classification: The Iris Data Set Case Study
The Iris data set represents a simple classification
task with 4 continuous input features expressing as

2Code available at |https://github.com/psykei/
psyke-python

Jhttps://archive.ics.uci.edu/ml/datasets/
iris

“https://cordis.europa.eu/project/id/
101017142; data sets are publicly available at https:
//zenodo.org/record/5838437
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Figure 1. Symbolic knowledge extraction performed on the Iris data set.
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Listing 1 Rules extracted with CReEPy using EXACT for the Iris data set. Feature relevance threshold = 0.99.

iris (Petallength, PetalWidth, SepalLength,
Petallength in [4.75, 6.90].

iris (PetallLength, PetalWidth, SepallLength,
Petallength in [2.90, 6.90].

iris (PetallLength, PetalWidth, SepallLength,
Petallength in [1.10, 6.90].

SepalWidth, virginica) :-

SepalWidth, versicolor) :-

SepalWidth, setosa) :—

Listing 2 Rules extracted with CReEPy using EXACT for the Iris data set. Feature relevance threshold = 0.80.

iris (PetallLength, PetalWidth, SepallLength,

SepalWidth, virginica) :-

PetallLength in [4.75, 6.90], PetalWidth in [1.55, 2.60].

iris(Petallength, PetalWidth, Sepallength,

SepalWidth, versicolor) :-

PetalLength in [2.90, 6.90], PetalWidth in [0.90, 2.60].

iris (PetallLength, PetalWidth, SepallLength,

SepalWidth, setosa) :-

PetalLength in [1.10, 6.90], PetalWidth in [0.00, 2.60].

many characteristics of iris flowers. The target is the
species of the flowers, which in this specific context
may assume 3 possible distinct values. The data set is
reported in Figure [Ta] In all panels of Figure [T] only
the 2 most relevant input features are shown, i.e., petal
length and width expressed in cm.

Our experiments on this data set are based on a k-
nearest neighbours (k-NN) opaque classifier, having
k = 7. The corresponding decision boundaries are de-
picted in Figure

Decision boundaries identified by CReEPy and
other SKE techniques are reported in the other panels
of Figure[I] The hyper-parameters used for each SKE
technique are listed in the following.

GridEx We adopted 2 different instances of GridEx.
The one corresponding to Figure |Ic| produces 3
output rules (one per possible output class) and
performs 14 slices only along input features hav-
ing importance greater than 0.99—i.e., only along
the most important feature, the petal length. Con-
versely, the GridEx instance shown in Figure
performs 5 slices along each input dimension
having importance greater than 0.80—i.e., petal
length and width. This results in the 5 output rules
depicted in the figure.

CART The decision boundaries shown in Figure
are obtained by growing an unbounded CART de-
cision tree (no constraints on the tree depth, nor
on the leaf quantity).

ITER The ITER instance producing the input space
partitioning depicted in Figure [Tf] has been tuned
with a minimum cube update of 0.2 and an er-
ror threshold of 0.1. The maximum number of
allowed iterations and the minimum quantity
of samples to consider in each cube have been

fixed to 600 and 150, respectively. The algorithm
started from a single random cube.

REAL The input space partitioning obtained with
REAL is depicted in Figure[Ti] No parameter tun-
ing is required for this algorithm.

CReEPy Figures[Ig|and[Th|correspond to CReEPy in-
stances with feature relevance thresholds equal to
0.99 and 0.80, respectively, and exploiting EX-
ACT as underlying clustering technique. The for-
mer implies considering only the most relevant
feature when performing the knowledge extrac-
tion. By relaxing the threshold to 0.80 the sec-
ond most important input feature is considered,
as for GridEx. Analogously, Figures [Ij] and
show CReEPy instances adopting the CREAM
underlying clustering with different parametrisa-
tions of the input feature importance threshold.
The input space partitioning reported in Figure
is equivalent to the Prolog theory shown in List-
ing[T] The Prolog theory corresponding to the de-
cision boundaries of Figure [Th]is shown in List-
ing[2] The values of the other parameters required
by CReEPy have been estimated with CRASH.
As a result, all CReEPy instances rely on under-
lying clusterings using 2 Gaussian components,
an error threshold equal to 0.02 and a maximum
depth of 2.

Table [I] summarises the predictive performance
measured for each SKE technique. The number of ex-
tracted rules is also listed as an index of the human-
interpretability extent. Furthermore, we adopted the
Jaccard index [25] to compare the decision boundaries
of the black-box to those of the knowledge-extraction
techniques. Essentially, the Jaccard index is a measure
of intersection over union, calculated as follows for
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each of the Iris classes (S = Setosa, Ve = Versicolor, Vi
= Virginica):

_ | DenDe|

=1-c ¢ 2
| DY uDe |’ 2)

Jaccard,

where c is the Iris class and DZ, D¢ are the sets of
Iris instances predicted as c by the BB and the extrac-
tor, respectively. It is worth noting that, currently, there
are no quantitative metrics in the literature specifically
designed to assess symbolic knowledge similarity. We
chose the Jaccard index for this purpose because it fo-
cuses on subregions of the input feature space charac-
terised by the existence of data set instances while ig-
noring other subregions characterised by implausible
input feature values.

From the results shown in Table[l] it is evident that
CReEPy, compared to other state-of-the-art analogous
techniques, can achieve comparable or even better pre-
dictive performance. As for the number of extracted
rules, CReEPy provides 3 rules, the optimum result
given that it is applied to a classification task having 3
possible outcomes. The similarity exhibited by the de-
cision boundaries obtained with CReEPy with respect
to the BB aligns with that observed for the other state-
of-the-art competitors (> 90%).

5.1.2. Regression: The StairwAl Case Study

Thanks to the versatility of the underlying cluster-
ing constituting the core of CReEPy, it is possible to
apply this latter to regression tasks as well. All the
data sets used here as case studies are composed of
continuous features; 2 of them have 5 input features,
and the remaining have 1 input feature. A different BB
has been applied to each data set to draw predictions.
A comparison between the knowledge extraction per-
formed on the aforementioned data sets by CReEPy
and other state-of-the-art analogous methods (namely,
GridEx, GridREx and CART) has been reported in Ta-
ble 3] Each measurement has been averaged on 5 dif-
ferent executions run under analogous conditions. Re-
sults provided by different executions are almost iden-
tical or very close, so we omitted the results’ standard
deviation in the table. For each data set, the number of
input variables and the mean absolute error (MAE) of
the corresponding BB model are listed. For each ex-
tractor, the number of output rules (R) and the mean
absolute error with respect to both the actual data (D)
and the BB predictions are shown. For all these ex-
periments we chose EXACT as the underlying cluster-
ing technique and local linear combinations of the in-

put variables as outputs for the regions approximated
by the EXACT instances. Indeed, the adoption of con-
stant outputs resulted in more concise output rules hav-
ing, however, far worse predictive performance.

It is important to note that only the MAE is reported
in Table [3] as a measure of predictive performance,
since other metrics such as the mean squared error
or the R? score were entirely aligned with the MAE
and expressed the same quality ranking. The number
of extracted rules is taken as a readability measure
since readability for humans decreases if the quantity
of rules increases. Another index used to assess and
compare the quality of extractors is the completeness
of the extracted knowledge [36], but in this particu-
lar case study is not relevant, since all the procedures
achieve a level of completeness above 99%.

CReEPy proved to be superior to CART from a
predictive performance perspective since local linear
combinations of input variables better approximate the
data set/BB outputs than constant values. Furthermore,
a readability comparison between the two extractors
shows that CReEPy is able to halve the extracted rule
quantity in 50% of experiments. Analogous consider-
ations hold for the comparison with GridEx, with even
a more evident readability enhancement when consid-
ering CReEPy.

The most interesting comparison is with GridREXx,
able as well to provide local approximations in the
form of linear input variable combinations. By exploit-
ing CReEPy it is possible to achieve approximately the
same predictive performance shown by GridREx with
far better readability (for instance, 2 output rules in-
stead of 5 or 4, by considering experiments on data sets
#2, #5 and #6). In conclusion, our proposed knowledge
extractor performing an upstream interpretable cluster-
ing via EXACT is absolutely competitive with state-
of-the-art SKE algorithms.

5.2. Computational Time Assessments

Our experiments are completed by a quantitative
assessment of the computational time required by
CReEPy to perform the knowledge extraction. Tests
consider regression data set #1, by performing both
row and column slicing on it. In particular, a compar-
ison of the computational time required to handle the
data set with different numbers of input features and
instances has been performed. Results are reported in
Figure 2| Measurements have been averaged upon 100
executions.
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Table 1

Assessments for the SKE techniques applied to a 7-NN performing
classification on the Iris data set.

Model Extracted Predictive performance Similarity (Jaccard score)
rules F; score (data) | Fp score (BB) S ‘ Ve ‘ Vi ‘ All
7-NN - 0.95 \ \
GridEx 3 0.97 0.94 1.00 | 0.89 | 0.89 | 0.92
GridEx 5 0.94 0.92 1.00 | 0.88 | 0.87 | 0.91
CART 3 0.94 0.97 1.00 | 092 | 092 | 095
ITER 3 0.94 0.97 1.00 | 092 | 092 | 095
REAL 3 0.94 0.97 1.00 | 092 | 092 | 0.95
CReEPy + EXACT, feature relevance threshold = 0.99 3 0.95 0.97 1.00 | 0.88 | 0.89 | 0.92
CReEPy + EXACT, feature relevance threshold = 0.80 3 0.94 0.96 1.00 | 0.88 | 0.89 | 0.92
CReEPy + CREAM, feature relevance threshold = 0.99 3 0.90 0.94 1.00 | 0.88 | 0.86 | 0.91
CReEPy + CREAM, feature relevance threshold = 0.80 3 0.97 0.96 1.00 | 0.88 | 0.86 | 091

Table 2

Regression data sets used to test CReEPy and compare it to analogous techniques. For each data set are reported: a unique identifier, the name
of the data set, the number of considered input features, the name of the considered output feature, and the mean absolute error measured for the
BB trained on the data set.

‘ ID ‘ Name Input variables | Output variables | BB MAE
#1 Anticipate 5 cost 0.4
#2 Anticipate 1 memory 4.1
#3 Anticipate 1 time 8.3
#4 | Contingency 5 cost 1.5
#5 | Contingency 1 memory 3.6
#6 | Contingency 1 time 0.8

Table 3

Results of CReEPy applied to the 6 data sets described in Table|2| For each data set the number of extracted rules (R) and the MAE with respect
to the data (D) and the underlying BB model are provided. Results are compared with those of GridREx, GridEx, and CART applied to the same
data sets. Best results are highlighted in bold.

CReEPy GridREx GridEx CART
Data set MAE MAE MAE MAE

R D BB R D BB R D BB R D BB

#1 3 1.5 1.5 5 1.9 2.0 5 146 | 14.6 4 14.7 | 147

#2 2 4.9 33 5 4.9 3.2 5 | 15.0 | 147 4 | 174 | 17.0

#3 3| 115 7.9 4 | 111 6.6 5| 17.7 | 15.0 4 | 16.7 | 129

#4 4 | 266 | 268 4 | 244 | 246 5 | 285 | 28.6 4 | 251 | 25.1

#5 2 | 47 2.3 4 4.5 2.3 4 4.7 2.3 4 4.5 2.3

#6 2 1.0 0.7 5 1.0 0.7 5 3.1 3.1 4 3.9 38
From Figure [2a) it is clear that the execution time able in Figure[2b] showing that the computational time
grows by augmenting the number of training instances. is always smaller than 2, 1 and 0.5 seconds for 10 000,
Clues on the independence of required time with re- 7000 and 4 000 instances, respectively, regardless of
spect to the number of input features may be found in the input feature quantity. In conclusion, we suggest

the same figure. Such independence is clearly notice- fastening CReEPy, when necessary, by reducing the
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Figure 2. Execution time of CReEPy with respect to the number of input features of the domain and the number of instances adopted for the

training.

number of training data points instead of the number
of input features.

6. Conclusions

In this paper, we introduce CReEPy for SKE, appli-
cable to any kind of opaque ML classifier or regres-
sor operating on data sets characterised by continu-
ous input features. CReEPy demonstrates superior per-
formance compared to existing techniques in terms of
predictive accuracy and human interpretability. The al-
gorithm operates in two phases: it applies an explain-
able clustering technique to the training data, followed
by the knowledge extraction phase. The human read-
ability of the extracted knowledge is ensured by pre-
senting it to users in the form of a logic theory adhering
to the Prolog syntax.

We employ two upstream clustering techniques,
namely EXACT and CREAM, specifically designed
for CReEPy. These algorithms exploit GMMs and DB-
SCAN to identify clusters and approximate them with
human-interpretable hypercubic regions described by
interval inclusion constraints on the input features.

Furthermore, we introduce CRASH, a dedicated
procedure aimed at automatically tuning the hyper-
parameters required by CReEPy, along with the under-

lying clustering technique. This ensures that CReEPy
produces high-quality knowledge.

Our future research endeavours will concentrate on
developing more sophisticated and effective cluster-
ing techniques compatible with CReEPy. Specifically,
we aim to enhance the rationale behind region ap-
proximation in EXACT and CREAM, as well as ad-
dress the limitations associated with the application of
GMMs and DBSCAN in the current versions of the al-
gorithms. We also plan to exploit fuzzy rules to modify
the format of the human-interpretable rules presented
to end-users and to separate the outputs provided by
CReEPy from the ordered rule lists currently used, es-
pecially to support local explanations. Our final aim
is to conceive an efficient method to translate the or-
dered rule lists provided by CReEPy into unordered
sets, without noticeable conciseness losses. These ef-
forts will enhance the knowledge interpretability ex-
tent for all users, regardless of their technical back-
ground.
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