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Context & Background

Context & Motivation

Explainable clustering
it is gaining momentum for cognitive agents[Arrieta et al., 2020]

e.g. human users
e.g. AI systems
it offers several advantages
e.g. clustering results in a comprehensible and interpretable manner
→ humans and AI systems can discern the rationale behind the results
→ efficacy and transparency of the clustering process[Rahman et al., 2023]

Basic idea
Exploiting the benefits of explainable clustering algorithms to augment the
capabilities of cognitive agents
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Context & Background

Background I

ML-based predictors detect patterns and relationships buried in data
the acquired knowledge is reused in similar applications

However, their knowledge is not explicitly represented
→ lack of interpretability
→ models described as black boxes[Lipton, 2018]

→ need of more interpretable predictors[Rudin, 2019]

→ need of inspection techniques[Guidotti et al., 2018]
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Context & Background

Background II

Some intuitive definitions[Ciatto et al., 2020]

interpretability property of a system which is easily contemplable for humans
explanation a more interpretable model of a poorly-interpretable object
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Context & Background

Background III

ML OOP frameworks
make ML solutions easily available
provide abstractions for BB models
provide various utilities
→ data set pre-processing
→ feature engineering
→ predictive performance measurements
→ data visualisation

e.g. SciKit-Learn for Python, Smile for JVM
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Context & Background

Background IV

The PSyKE OOP framework
PSyKE is a general-purpose platform for Python[Sabbatini et al., 2022]

dedicated to symbolic knowledge extraction
supporting supervised ML tasks
e.g. classification and regression
implementing many pedagogical algorithms

Rule-extraction-as-learning (REAL)[Craven and Shavlik, 1994]

Trepan[Craven and Shavlik, 1996]

Iter[Huysmans et al., 2006]

GridEx[Sabbatini et al., 2021] and GridREx[Sabbatini and Calegari, 2022]

Cart[Breiman et al., 1984]

CReEPy[Sabbatini and Calegari, 2023c]

providing logic rules as output
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Context & Background

Contribution of the paper

New design for PSyKE

PSyKE framework generalisation and extension
version 0.5

explainable clustering support
via 2 different algorithms

→ ExACT[Sabbatini and Calegari, 2023a]

→ CREAM[Sabbatini and Calegari, 2023b]

goal: enhance the capabilities of cognitive agents
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PSyKE design

New PSyKE design
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PSyKE design

Supported Algorithms I

Knowledge extraction Clustering

Iter
Algorithm REAL Trepan Cart GridEx CReEPy ExACT CREAM

GridREx

Translucency
Pedagogical × × × × ×
Decomp.

Task
Classification × × × × × × ×
Regression × × × × ×
Clustering × ×

Input feature
Binary × × × ×∗ ×∗ ×∗ ×∗

Discrete ×‡ ×‡ × ×† ×† ×† ×†

Continuous × × × × ×
∗ Only if binary values are encoded as numbers, e.g., 0 and 1
‡ Only if discrete values are binarised, e.g., via one-hot encoding
† Only if discrete values are numeric
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PSyKE design

Supported Algorithms II

Knowledge extraction Clustering

Iter
Algorithm REAL Trepan Cart GridEx CReEPy ExACT CREAM

GridREx

Output
String label × × × × × × ×
Constant × × × × ×
Linear eq. × × × ×
Cluster id × ×

Knowledge
Rule list × ×
Decision tree ×§ ×§ ×§ ×§ ×§

Interpretation
Global × × × × × × ×
Local ×⋄ ×⋄ ×⋄ ×⋄ ×⋄ ×⋄ ×⋄

§ Decision trees may be linearised into an ordered list of rules
⋄ Local interpretability may be achieved by considering individual items of the explanation
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PSyKE design

ExACT
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PSyKE design

CREAM
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PSyKE design

Example: CREAM

Fundamental steps
1 find the surrounding cube associated with the tree root
2 set the root as the current node
3 apply GMM clustering to the current node and identify n clusters
4 apply DBSCAN to the n clusters for outlier removal
5 approximate each cluster with a minimal hypercube
6 create n pairs of cubes and corresponding difference cubes

! difference cube = current node - approximating cube
7 calculate the predictive error e for each pair, select the best pair
8 expand the current tree node

right child → best pair’s approximating cube
left child → best pair’s difference cube

9 repeat from 3. for every child of the current node having e > threshold
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Experiments & Results

Case study

We tested PSyKE in a simple scenario (Iris data set)
classification task
4 continuous input features
1 output label (3 distinct classes)
150 instances split into training and test sets (75% + 25%)

We trained 2 different explainable clustering algorithms
ExACT
CREAM

ExACT and CREAM hyper-parameters:
optimum depth set with OrCHiD[Sabbatini and Calegari, 2023b]

optimum error threshold set with OrCHiD
number of Gaussian components = 3 (number of distinct classes)
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Experiments & Results

Results I

(a) ExACT. (b) CREAM.
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Experiments & Results

Results II

Classification rules obtained with ExACT for the Iris data set.�
1 Class Virginica if
2 PetalWidth in [1.6, 2.5] and
3 PetalLength in [4.8, 6.9] and
4 SepalWidth in [2.5, 3.8] and
5 SepalLength in [5.7, 7.9].
6

7 Class Versicolor if
8 PetalWidth in [0.9, 2.5] and
9 PetalLength in [3.0, 6.9] and

10 SepalWidth in [2.2, 3.8] and
11 SepalLength in [4.9, 7.9].
12

13 Class Setosa otherwise.
� �
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Experiments & Results

Results III

Classification rules obtained with CREAM for the Iris data set.�
1 Class Versicolor if
2 PetalWidth in [0.9, 1.7] and
3 PetalLength in [3.0, 5.2] and
4 SepalWidth in [2.0, 3.4] and
5 SepalLength in [5.0, 7.0].
6

7 Class Setosa if
8 PetalWidth in [0.0, 0.7] and
9 PetalLength in [0.9, 2.0] and

10 SepalWidth in [2.3, 4.4] and
11 SepalLength in [4.3, 5.8].
12

13 Class Virginica otherwise.
� �
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Conclusion

Summing Up

What we did
extension of the PSyKE framework’s design
added support to explainable clustering

→ augmented capabilities for cognitive agents

What we will (probably) do
development and integration of new explainable clustering algorithms
testing explainable clustering within cognitive agents

simulation of real-world scenarios
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