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Abstract. Machine learning models are becoming increasingly
complex and widely adopted. Interpretable machine learning allows
us to not only make predictions but also understand the rationale
behind automated decisions through explanations. Explanations are
typically characterized by their scope: local explanations are gener-
ated by local surrogate models for specific instances, while global
explanations aim to approximate the behavior of the entire black-
box model. In this paper, we break this dichotomy of locality to ex-
plore an underexamined area that lies between these two extremes:
meso-level explanations. The goal of meso-level explainability is to
provide explanations using a set of meso-level interpretable mod-
els, which capture patterns at an intermediate level of abstraction. To
this end, we propose GROUX, an explainable-by-design algorithm
that generates meso-level explanations in the form of feature impor-
tance scores. Our approach includes a partitioning phase that iden-
tifies meso groups, followed by the training of interpretable models
within each group. We evaluate GROUX on a collection of tabular
datasets, reporting both the accuracy and complexity of the resulting
meso models, and compare it against other meso-level explainability
algorithms. Additionally, we analyze the algorithm’s sensitivity to its
hyperparameters to better understand its behavior and robustness.

1 Introduction

Explainable Artificial Intelligence (XAI) and Interpretable Machine
Learning have become an integral component of automated decision
making pipelines [5, 34]. Whether the application is in financial [16],
medical [37], judiciary [51], or commercial [23], XAI models pro-
vide explanations that empower a large set of stakeholders. Model
developers are able to understand and thus improve the models. Au-
ditors are able to understand the compliance of the model with cur-
rent regulations, e.g., GDPR [39]. Users are able to understand if the
model is behaving fairly and reasonably with respect to them.

Central to XAI are explanations [5]. While initial efforts in this re-
search area have focused on post-hoc explainability, which provides
explanations for black-box models, here we focus on explainability
by-design, i.e., models which provide explanations built-in. Explana-
tions are either local, or global. The former aim to understand model
behavior locally, i.e., in a small neighborhood of it domain, while the
later aim to understand it globally, i.e., over its entire domain.

Local explanations provide a local approximation of a model, and
generally aim to approximate it with a local interpretable surrogate.
∗ Corresponding Author. Email: mattia.setzu@unipi.it

In other words, they provide a point estimate of a model. Constrain-
ing the approximation locality eases the problem, and tends to im-
prove the accuracy of the explanation algorithm [40]. Point estimates
also enable a large set of families of explanations, both factual, and
counterfactual [40, 29, 54, 24, 49]. Factual explanations define the
what and why of a model, providing evidence of its behavior. Coun-
terfactual explanations instead define the why not and what if of a
model, providing conditional evidence of its behavior. Each explana-
tion family has its own properties, and elucidates different interpreta-
tions and reasoning in its user [21] both according to its (counter)fac-
tual nature, and its form. Saliency explanations [40, 29], also referred
to as feature importance, mark relevant features, highlighting where
a model focuses its attention. Rule explanations [18, 41] instead con-
ditionally define the behavior of a model, and describe under what
circumstances a model behaves in one or another way. As such,
both families they provide factual explanations. On the other hand,
counterfactual explanations [24] provide rules triggering a change in
model behavior, and as such, are contrastive explanations. Due to
their variety and accuracy, local explanations are usually favored.

Global explanations, instead, aim to provide a complete approxi-
mation of the model, thus providing an interpretable surrogate for the
model itself [10, 12]. For this, they face significantly a harder chal-
lenge, often due to the difference in model capacity and complexity.
Moreover, global explanations must rely on a smaller set of expla-
nation families [45]. Counterfactuals, which often find success and
clear interpretation as local explanation, are inherently local, thus
lose significance when applied on a global scale [17]. Saliency ex-
planations are inadequate as well, either due to their reliance on a
reference instance, or due to the heterogeneity of the data itself [56].

Still, locality is a false dichotomy, as locality exists on a spec-
trum. As humans, we may reason on different layers of generaliza-
tion, from a local, gradually to a global one [7]. As such, it is natural
for explanations to follow along the same line. Rather than under-
stand the models on a single prediction, or on average, it would be
beneficial to understand it on an intermediate, i.e., meso, level. Fig-
ure 1 provides a visual interpretation of the spectrum. On the one end,
local explanations focus on a local understanding of the model, and
provide a single model to understand the prediction on a single infer-
ence – see Figure 1a. On the other end, global explanations provide
a single model to holistically understand a model – see Figure 1c. In
between the two, the meso level provides a sweet spot between the
precision of local explanations, and the holistic view of global ones,
allowing us to identify behavioral patterns of the model at different
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Figure 1: Locality of different explanations. Local explanations address a single instance with a single model. Global explanations address
all instances with a single model. In between the two, meso explanations instead address each meso group of instances with a single model.
Color-filled instances are explained by models of the same color.

(a) Local (b) Meso (c) Global

scales. This allows for finer-grain understanding and control of the
complexity of the explanation.

To accommodate this view, in this paper, we propose GROUX

(GROUp eXplainability), an algorithmic framework for by-design
meso-level explainability. GROUX relies on a three-step pipeline
which first encodes the data in a suitable space, then identifies groups
within the data, and finally learns meso-level explainable by-design
models on each of group. The encoding step facilitates the discovery
of meso-level groups, and the generation of meso-level explanations
by encoding relationships between instances. In particular, among
several possible approaches, we propose using Piecewise Linear Ap-
proximation (PLA) [35] to encode each feature during the encoding
step. This choice introduces an inductive bias into the subsequent
clustering process, under the assumption that instances approximated
by similar linear models should be grouped together. In addition to
standard clustering algorithms [53, 19], we also adopt fair clustering
methods [27, 44] to ensure a more balanced distribution of instances
across different classes. Experiments conducted on benchmark tabu-
lar datasets for classification tasks reveal that, as a global inference
model, GROUX exhibits high variance. Although it generally under-
performs compared to other interpretable global models, it can out-
perform them when hyperparameters are carefully tuned.

In Section 2 we review the existing literature while highlighting
relevant background notions useful for the definition of our proposal.
In Section 3 we formalize the problem and we introduce GROUX and
its hyperparameters. In Section 4 we compare GROUX with a set of
baselines and competitors, and analyze its performance as both an
inference and explanation model. Finally, we conclude in Section 5.

2 Related Work and Background

Our proposal relates to three main research areas: local and global
explainability, linear separability, and linear representations. In this
section we briefly illustrate these three aspects, and illustrate their
state of the art approaches.

Local vs Global Explainability. We can place the roots of meso-
level explainability in local to global explainability algorithms,
which introduce the locality spectrum [36]. Such algorithms rely on
generalizing local explanations to global ones, thus creating a spec-
trum of locality. Generalization is highly coupled with the family
of local explanations. Feature importance and saliency implement
vectorial merging of explanations, often averaging them [4, 43, 30].
Decision rules instead follow a more sophisticated approach, often
requiring rule selection [2, 42, 45, 48, 57], or rule inference [1, 8, 20,
46]. Intermediate solutions of this process, of which the literature is
currently lacking, yield meso-level explanations.

Local to global explainability is typically limited as it needs a set
of local explanations, requiring a costly and unstable preprocessing

step of local explanation generalization [46]. Instead, meso-level ex-
plainability aims to directly infer meso-level explanations the prob-
lem. On this line, there are several algorithms of interest.

MUSE [26] models the problem on two levels, and induces sets
of decision rules on each: one on the “meso-level”, and one on the
local level. The first level is comprised of decision rules acting as
descriptors, and defining a meso-level subspace. These define the
meso groups by partitioning the space in an explainable by design
fashion, thus providing an explanation of the meso-level groups out
of the box. The second level is comprised of sets of decision rules,
each set locally explaining a meso group. The two sets are learned
jointly through submodular optimization.

ε-maps [9] instead applies a top-down approach, and induces fea-
ture importance scores, rather than decision rules. Starting from a
set X of instances, it first induces an approximate convex hull, and
then generates a set of local explanations for each of its vertices. If
they have a variance below a predefined threshold ε2, then the set is
deemed consistent, and a “meso”-level group is identified. If instead
the explanations are sufficiently different, X is bi-partitioned with
the hyperplane yielding maximum explanation difference, identify-
ing two candidate meso-level groups. Much like in top-down deci-
sion tree induction, the process is recursively repeated until meso-
level groups of variance below ε2 are found. Finally, local explana-
tions of instances in each meso group are averaged, yielding a set of
meso-explanations. Unlike MUSE, ε-maps only induce explanations
at meso level, without any descriptors.

PARTREE [19] and FPARTREE [27] also follow the top-down ap-
proach. They induce an unsupervised decision tree whose nodes are
optimized to yield cohesive and well-separated clusters. Notably,
FPARTREE regularizes for balanced clusters. Like in MUSE The
result is a set of “meso-level groups” defined by a set of descriptors.

Instead, APE [11] adopts bottom-up approach. Indeed, unlike the
other approaches, it does not generate “meso-level groups” for a
whole dataset, rather it identifies the largest meso group for a given
instance x. APE first identifies x′, an adversarial point to x, through
Growing Spheres [28], then generates a neighborhood of x on such
basis, and finally estimates the quality of a linear explanation built
on such local dataset through linear separability tests. Then, either a
linear or rule-base meso-level explanation is induced. Unlike MUSE
and ε-maps, APE only induces one meso scope, and requires a start-
ing instance to do so, thus only offering partial explanations.

Unlike MUSE, PARTREE and FPARTREE, our proposal does not
provide meso-level descriptors. Also, unlike all methods in the lit-
erature, it provides meso-level explanations as feature importance
scores. Then, unlike APE, GROUX automatically discovers meso-
level groups, and provides meso-level, rather than local, explana-
tions. Finally, GROUX also encodes the data to a suitable representa-
tion to boost the efficacy of meso-level explanations.
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Linear Models and Linear Separability. When it comes to in-
terpretability, linear models are of major interest. By design, linear
models learn feature saliency, have convergence guarantees, and are
highly flexible [38]. Thus, they are often employed both as stan-
dalone interpretable models, or as local surrogates for uninterpretable
models [40]. Linear models are defined as

f(x) = θx+ θ0,

and parametrized by θ ≡ 〈θ1, . . . , θm〉 and θ0. In such a family, the
parameters offer an explanation of the impact of each feature in the
model.

Linear models are a subset of a more abstract set of models, Gen-
eralized Additive Models (GAMs) [33], which define a model family

f(x) = θ0 +
m∑

θmfm(xm)

parametrized by θ ≡ 〈θ1, . . . , θm〉, θ0, and arbitrary complex shape
functions f1, . . . , fm−1. Trivially, for shape functions implementing
the identity function, we have linear models. Additive models find
ample use in interpretability, Shapley values [47] and their imple-
mentations and derivations [3, 15, 29, 50, 55] being the most note-
worthy case.

Thanks to solid theoretical work and empirical results, linear sep-
arability is a solved task for two linearly separable sets. Yet, linear
separability is a much more complex problem. Generally, given a set
of non-linearly separable instances in a vector space, finding linearly
separable subsets is nontrivial. If we then look to find maximally
large subsets, this degenerates in an NP-complete problem [52]. A
handful of approximation algorithms tackle this problem, but they
lack theoretical guarantees [14], and are highly randomized [31, 32].

In our proposal, we tackle this issue by encoding the linear rela-
tionships between instances directly in the data representation.

Linear Relationships and Data Encoding. Linear models also
find application in data approximation and transformation, wherein a
dataset X in a domain X , e.g., Rm, is mapped to a dataset Z in a do-
main Z , e.g., Rp. Such transformation is, by design, linear, and thus
a linear model. Principal Component Analysis (PCA) [22] achieves
the transformation with an orthogonal basis that removes collinearity
between features. Least Squares instead defines linear models glob-
ally approximating the data with a linear model. Both model families
learn a single linear model for the whole dataset, and are thus global.
Piecewise-Linear Approximation (PLA) [35] refines this approach
for a finer grain modeling, and learns a set of local models. For an
univariate dataset X , a PLA of X partitions X into a set of segments,
each approximated by a linear model, ultimately yielding a set of lin-
ear models parametrized by {θ1, . . . , θn}. Such parameters define
the encodings {z1, . . . , zn} of {x1, . . . , xn}. Scaling to multivariate
datasets, either through univariate-PLA on each feature, or z-order
approximation of multiple features [13], we achieve a linear encod-
ing Z ∈ R

n×m of the dataset X ∈ R
n×m. Notably, PLA and PLA-

derived approximations have strong theoretical guarantees, and allow
to bound both the number of linear models, and their approximation
error [35]. We highlight that PLA is in stark contrast with complex
nonlinearl encodings, e.g., deep autoencoders [25] on several fronts.
Computationally, PLA is much more efficient. The learned represen-
tations, which are linear in nature, are of much easier interpretation,
and preserve locality, unlike typical variational encoders which in-
stead leverage a mean field, i.e., global, approach [25].

In GROUX, we rely on linear encodings of the data to inject an
inductive bias in the learning algorithm, and favor linearly separable
meso-level groups.

Algorithm 1 GROUX. First, it maps the given dataset X to a linear
approximation Z (Line 1) in a space Z . Then, it clusters instances in
such space (Line 2). Finally, a linear model is learned on each cluster
(Line 3).
Input: Data and labels X,Y , clustering hyperparameters θ
Output: Interpretable models f1, . . . , fk

1: function GROUX(X,Y )
2: Z ← fε

Ω(X) � Linear data-encoding
3: C ← fC(Z, Y, θ) � Induce meso groups
4: f1, . . . , fk ← fM (c1, . . . , ck) � Learn interpretable models
5: return f1, . . . , fk

3 Method

In this section we introduce GROUX, a meso-level explanation frame-
work. Let X,Y be the feature matrix, and labels, respectively. We in-
dicate with θ the hyperparameters of the training algorithm, with f· a
learned meso-level model, and with Z and C the encoded representa-
tion of X and its clustering. GROUX creates meso-level explanations
with a three-steps pipeline, which we illustrate in Alg. 1.

First, the data is mapped to an encoded representation with a func-
tion fΩ. fΩ is designed to yield representations {z1, . . . , zn} which
already encode linear relationships between instances. This step pro-
vides a representation Z = {z1, . . . , zn}, which is then fed to the
following clustering step. Secondly, the clustering step clusters Z,
learning clusters C1, . . . , Ck which define the meso groups. Finally,
a linear model f i is learned on each meso-level group. To preserve
the explainability of the model, the models are learned on the original
data encoding.

At inference time, given a test instance x, GROUX follows a
proximity-based approach, and assigns instances to the meso-level
group at minimum distance, i.e., the one with the closest centroid.
Then, the meso-level model of that group performs the prediction
and the associated meso-level explanation. Formally, for an instance
x, inference is implemented as:

f(x) = f i(x)

s.t. ĉi argmin
c∈{c1,...,ck}

||c− x||2 (1)

Rather than a single algorithm, GROUX introduces a general al-
gorithmic framework for meso-level explainability, wherein encod-
ings, clustering algorithm, and meso-level learning algorithms can
be tuned to specific applications. Here, we focus on a specific imple-
mentation, and provide some hyperparameter and ablation studies in
the experimental section.

Encoding the Data: fΩ. The encoding step aims to create a repre-
sentation which is amenable to both clustering and linear separabil-
ity. As such, we apply PLA encoding on each feature, resulting in a
dataset Z of the same dimensionality of X (Line 1 of Algorithm 1).
We bind the PLA to an error ε given by the standard deviation of
each feature. Z thus encodes linear relationships between instances,
and similar instances will end up having similar encodings. By con-
structing a linear representation, we aim to inject a simple inductive
bias in the downstream clustering step: instances approximated by
similar linear models should be clustered together.

An instance xi is encoded by linear models parametrized by
{θ1a, θ1b}, . . . , {θma , θmb }, each pair of parameters θ·a, θ·b encoding the
slope and intercept of the linear model, and learned on each of x’s
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Table 1: Datasets used in the study.
Dataset Size Dimensionality Dataset Balance

Adult 48842 7 .23
Arhythmia 68 279 .30

Credit 690 7 .33
Bank 45211 7 .11
Breast 683 10 .34

Compas 4534 10 .16
Heart failure 299 8 .32

Heloc 10459 24 .48
Magic 19020 11 .35
Nbfi 8308 19 .07
Pima 768 9 .34

Speeddating 1048 58 .17

features. The encoding fω(xi) of xi is thus comprised of a concate-
nation of such parameters:

fω(x) ≡ 〈θ1a, θ1b , . . . , θma , θmb 〉.
Then, the dataset encoding is simply the set of its encoded instances:

fΩ(X) ≡ 〈fω(x1), . . . , fω(xn)〉.
When binding the PLA to a given error ε, we overload the nota-
tion with fε

Ω. This step aims to inject an inductive bias in the model,
which is not encoded in other meso-level approaches in the literature.

Clustering: fC . The clustering step is implemented through a fair
clustering algorithm. Indeed, vanilla clustering is oblivious to the la-
bel of the data, thus clustering may yield clusters of homogeneous or
highly unbalanced labels [53, 27]. In such a setting, any downstream
linear models are bound to fail, thus we tackle the problem at its
source, and leverage CLUSTERLETS [44], a state-of-the-art fair clus-
tering algorithm. CLUSTERLETS provides clusters with label distri-
bution close to the overall data distribution, thus reducing the impact
of label unbalance, and label-homogeneity of the resulting clusters.

CLUSTERLETS first clusters instances on a class-by-class ba-
sis, creating single-label clusters named clusterlets. Then, it applies
matching algorithms to aggregate clusterlets them into balanced clus-
ters {c1, . . . , ck}. CLUSTERLETS relies on three hyperparameters:

• Matcher: The matching algorithm clustering the clusterlets.
• k: Defines the number of clusterlets per class.
• hops: Defines the maximum number of merging steps across sets

of clusterlets.

The Matcher can follow different strategies, and cluster clusterlets
according to the label distribution of the resulting clusters (Balance
Pinball Matcher), their cohesion (Distance Pinball Matcher), or an
approximate mix of the two (Centroid Matcher). k and hops allow us
to tune the size of the GROUX model: the larger the set of initial clus-
ters, the more the extracted clusters, and thus the more the meso-level
groups. Much like in vanilla clustering, these parameters can also be
tuned to optimize cluster cohesion, at the cost of label unbalance.

Meso-level Models. For the meso-level models, we rely on logistic
regressors. While in principle any model can be used at this level,
linear models are in line with the linear encoding that we developed
in step 1 of GROUX.

4 Experiments

In the evaluation of GROUX, we focus on the following research
questions (RQs):1

1 A public implementation is available at https:github.com/msetzu/groux

Table 2: Hyperparameter space for the tested models.
Description Domain

Groux

k Number of initial clusterlets {3, 5, 20, 50}
Encoding Encoding applied to the data { PLA, Identity }
Matchers Clusterlet matching algorithms { B-PB, D-PB, C }

Decision Tree, ParTree, FParTree

d Maximum tree depth {2, 3, 4, 8}
Table 3: Performance of meso-level models of GROUX across differ-
ent matchers, encoders, and initial number of clusters (k). Includes
number of meso-level models (Size), ROC AUC, balanced accuracy
(BAC) and f1 score (F1).

ROC AUC ↑ BAC ↑ F1 ↑ Size ↓
Matcher

B-PB .896± .120 .896± .120 .900± .118 26.4± 28.7
C .742± .150 .742± .150 .746± .155 2.3± 0.8
D-PB .801± .142 .801± .142 .806± .143 23.4± 24.8

Encoder

Identity .839± .149 .839± .149 .843± .150 24.4± 27.3
PLA .835± .140 .835± .140 .839± .140 20.4± 25.0

k
3 .784± .149 .784± .149 .790± .150 3.4± .725
5 .810± .147 .810± .147 .810± .148 5.6± 1.6
20 .862± .132 .862± .132 .867± .131 22.8± 10.5
50 .891± .125 .891± .125 .895± .124 57.8± 27.8

• RQ 1. What hyperparameters impact GROUX’s performance?
• RQ 2. How effective are the learned meso-level models?
• RQ 3. How complex are the learned meso-level models?
• RQ 4. Can meso-level models predict on a global-level scale?

We separately analyze meso-level (RQ 1, 2, 3) and global-level (RQ
4) inference. The former addresses the performance of meso-level
models in their own meso-level groups,while the latter addresses the
performance of the whole model, following the inference schema of
Eq. 1. Experiments to answer these research questions have been run
on 10 randomized runs, and 11 benchmark datasets, indicated in Ta-
ble 1, on a 80 − 20 hold-out train-test split. Grid searches have ex-
plored a wide range of hyperparameters for each algorithm. The full
list can be found in Table 2. Unless otherwise stated, results are av-
eraged across runs.

Competitor algorithms include three model families:

• Clustering models. Provide a baseline for meso-level models by
identifying a meso-level group per cluster, allowing us to address
RQ 2. We first cluster the data, e.g., with k-means, which provides
a set of clusters {c1, . . . , ck}. Each cluster is treated as a meso-
level group. Then, we simply follow the third step of GROUX, and
learn a linear meso-level model on each such cluster. Inference
then follows the same process of GROUX instances are associated
to the closest cluster, and the meso-level model associated is used
as a meso-level model. For this family, we leverage k-means.

• Explainable clustering models. Provide meso-level and global-
level models, allowing us to address RQ 2, RQ 3, and RQ 4.
Specifically, we leverage PARTREE [19] and FPARTREE [27].
Both algorithms learn decision tree-induced clusterings. As such,
we can again leverage the same inference schema as for clustering
models: each cluster defines a meso-level group, and a meso-level
model is learned on each such group.

• Interpretable global models. Provide an upper-bound on the
global-level inference of the meso-level models, thus allowing us
to address RQ 4. We leverage Logistic Regression, Decision Trees

M. Setzu et al. / Group Explainability Through Local Approximation 955



Table 4: Performance of meso-level models of GROUX and competi-
tors. Model selection by f1-score on each dataset. Results averaged
across datasets.

ROC AUC ↑ BAC ↑ F1 ↑ Size ↓
k-means .701± .129 .701± .129 .703± .139 7.0± 6.1
PARTREE .695± .151 .695± .151 .693± 160 5.0± 3.6
FPARTREE .759± .173 .759± .173 .762± .178 21.1± 54.7
GROUX .837± .173 .837± .173 .841± .178 22.4± 54.7

(DT) [6], and Linear Trees (LinearDT) [58]. Linear Trees are de-
cision trees whose splits are univaritate but in the last node before
a leaf: in this case, they are multivariate instead.

Neither MUSE [26] nor ε-maps [9] provide an implementation of
their algorithm, thus they are not compared against.

How do hyperparameters impact GROUX? We start by study-
ing how different hyperparameters impact meso-level model perfor-
mance, addressing RQ 1 and RQ 3. Table 3 reports the impact of dif-
ferent hyperparameters on the performance and size, i.e., the number
of meso-level models.

Concerning matchers, meso-level balance appears to be a deter-
mining factor: the Balance Pinball Matcher (B-PB), which optimizes
meso-level groups per label balance, yields by far the best results,
followed by the Distance Pinball Matcher (D-PB), and the Centroid
Matcher (C). The results are consistent across metrics. Still, both
B-PB and D-PB yield larger models, on average with 25.9 ± 29.3
and 22.7 ± 23.8 meso-level models, respectively. The Centroid
Matcher instead yields far more compact models, with on average
2.3± 0.6 meso-level models. As expected, increasing the model ca-
pacity yields better performance.

A less marked performance difference appears when considering
the data encoding (fΩ). While a base identity encoding yields bet-
ter performances (≈ +.13 on all metrics), the PLA encoding yields
more compact models (≈ −3.7 meso-level models). Thus, higher-
capacity models once again yield better performances.

The number of starting clusterlets (k) also confirms the trend. As
k grows, so does the model size, and thus capacity, and performance
of the model, which grows of ≈ 10% points across all metrics.

How do meso-level models perform? Table 4 reports perfor-
mances of a F1-score based model selection of GROUX against its
meso-level competitors k-means, PARTREE and FPARTREE, and ad-
dresses RQ 2. Results are averaged across dataset.

For k-means, we have leveraged the identified clustering, and
trained a meso-level logistic regressor on each cluster. Notably, k-
means and PARTREE are not explicitly designed to identify balanced
meso-level groups, and thus may yield highly unbalanced – or single-
class – meso-level groups, which would impair learning a meso-level
model. Thus, we have excluded such unsuccessful “single-class” fail-
ures from the results.

As a baseline, k-means yields meso-level models with relatively
low performance, but of small size. This is due to the large number of
single-class failures, which tend to happen with a large k. A similar
behavior is found in PARTREE, which has similar performances and
model size. FPARTREE and GROUX, which instead balance classes,
fare far better. GROUX outperforms FPARTREE of ≈ 7% across met-
rics, at a moderate cost of ≈ 1.3 more meso-level models. Thus,
GROUX is able to yield more accurate meso-level explanations than
FPARTREE, at a similar complexity cost.

Can meso-level models infer at a global-level? Finally, we study
how meso-level models perform in global-level inference, addressing
RQ 4. Table 5 reports performance of meso-level and global-level

models in global-level inference. Scores are averaged across datasets,
randomized runs, and hyperparameters configuration. As expected,
on average global models retain higher performance, with a marked
difference separating meso-level and global-level models.

This difference significantly reduces when performing model se-
lection. Table 6 reports scores averaged across datasets of models of
each family, selected by best F1-score. Global-level models hardly
have any improvement, with Decision Trees gaining ≈ .03 across
metrics. Meso-level models on the other hand varied improvements
across metrics: PARTREE gains ≈ .15, FPARTREE ≈ .35, and
GROUX ≈ .1. Thus, meso-level algorithms show higher variance,
and a high potential for global-level inference. This is to be expected
particularly for GROUX, which is designed to provide meso-level ex-
planations, rather than global-level inference.

Qualitative example. We report an example from a run on the
Adult dataset, in which GROUX has discovered 3 meso-level groups.
The dataset comprises of 7 features: Age, Capital Gain,
Capital Loss, Education Level, Adjustment
Weight, and Weekly Hours. The task is binary classifica-
tion: instances are classified according to their expected future
income, either below or above a predefined threshold of 50k$. The
groups differ, among others, by average age (35.8, 38.7, 44.8),
capital gain (4440.0, 153.3, 692.7), and education
level (11.6, 9.4, 10.0). Table 7 reports importance scores of each
group – features not reported have negligible importance or do not
sufficiently discriminate between groups.

Interestingly, features importance vary significantly across groups.
Group 0, with lower mean age and higher capital gain, shows high
importance in age and education level. This indicates that for younger
people, age and education are strong determining factors in predict-
ing future income. It stands to reason that this is a key factor: among
young workers, work experience is scarce, thus predetermined fac-
tors such as education may well play a strong role. The same goes
for education, as highly educated young workers are unlikely to have
garnered enough experience to climb the ladder, thus their starting
job, which varies a lot according to their education, is a factor as well.
Group 1 and 2 instead, show lower coefficients across the board.
Still, there is a marked difference. Group 1 comprises of middle-
age, lower-educated, and low-capital gain people for which age and
workload appear not to impact their income prospects. For this group,
high importance comes to education. Thus, this constitutes a group of
workers which have stabilized their career, and are unlikely to climb
the ladder and thus increase their earnings. Group 2, the oldest of the
three, shows an increased importance on age and weekly workload,
and near null importance of education level. This indicates a group of
older workers which are likely to already be in managerial positions,
thus their work contributions are likely to outweigh their education.

5 Conclusions

In this paper, we have introduced GROUX an interpretable model
for meso-level explainability. Unlike local or global models, GROUX

tackles explanation on a meso level: by providing feature importance
on a group-level, GROUX fills a gap between local and global ex-
plainability approaches. Meso-level models show high accuracy, and
outperform baseline and competitors. As a pure inference model,
GROUX shows high variance, and while in general underperforms
w.r.t. other interpretable global models, it is able to outperform them
when hyperparameters are carefully tuned.

The algorithm has several avenues for improvement. The encoding
function offers lower model complexity, but does not yield largely
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Table 5: Inference performance of meso-level and global-level models. Results averaged across datasets, randomized runs, and hyperparameter
configurations. Size indicates number of meso-level models, or number of nodes for global DT and LinearDT.

ROC AUC ↑ BAC ↑ F1 ↑ Size ↓
Meso-level models

k-means .643± .097 .643± .097 .645± .109 7.0± 6.1
PARTREE .640± .087 .640± .087 .645± .097 5.0± 3.6
FPARTREE .648± .107 .648± .107 .641± .111 21.1± 54.7
GROUX .628± .128 .628± .128 .616± .142 22.4± 26.3

Global-level models

DT .670± .119 .670± .119 .669± .122 59.5± 97.4
LinearDT .688± .129 .688± .129 .690± .133 11.7± 3.54
Logistic .674± .123 .674± .123 .676± .130

Table 6: Global-level inference performance of meso-level and global-level models. Model selection per dataset.
ROC AUC BAC F1 Size

Meso-level models

k-means .663± .103 .663± .103 .668± .112 9.4± 4.9
PARTREE .655± .079 .655± .079 .663± .086 4.2± 3.2
FPARTREE .683± .118 .683± 118 .683± 119 8.7± 6.4
GROUX .729± .114 .729± .114 .738± .112 16.2± 23.2

Global-level models

DT .717± .119 .717± .119 .723± .114 133.5± 149.0
LinearDT .688± .135 .688± .135 .690± .139 11.7± 3.71
Logistic .674± .128 .674± .128 .676± .135

improved model performance. The learning algorithm shows high
variance, thus an automatic tuning of its parameters is also of interest
as future research. Finally, although this work focuses on features
importance, the flexibility of the framework also allows to use other
meso-level models, which we plan on studying in further research.
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