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Abstract
Concept drift in machine learning refers to changes in the underlying data distribution over time, which can lead
to a degradation in the performance of predictive models. Although many methods have been proposed to detect
and adapt to concept drift, effective methods to explain it in a human-understandable manner remain lacking.
To address this, we propose the use of neuro-symbolic rules to explain the reason for drift. We applied recent
rule extraction methods to convolutional neural networks (CNNs) to shed light on the model’s internal behavior
and promote interpretability of the outputs, while also proposing two novel automated approaches for semantic
kernel labeling. We conducted preliminary experiments to assess the applicability and effectiveness of these rules
in explaining concept drift, and the efficacy of the kernel labeling strategies. Under the optimality assumption,
our method was able to extract rules that can facilitate the identification of the causes of drift, through either rule
inspection or antecedents activation frequencies analysis. Moreover, the proposed strategies for kernel labeling
offer a more reliable and scalable alternatives to the state-of-the-art solutions.
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1. Introduction

Artificial Intelligence (AI)-based models are increasingly integrated into various aspects of our daily
lives, serving as automated decision-making systems across many domains. These models are trained
to predict the future based on historical data. However, since the world is dynamic and constantly
evolving, the patterns and relationships learned during training can become outdated, resulting in a
degradation of the model’s performance over time. This phenomenon is known as concept drift [1].

To ensure production models remain reliable and robust even in changing environments, continuous
monitoring for concept drift is essential for building trustworthy AI systems over time [2, 3, 4]. This
encompasses detecting whether and when concept drift occurs, explaining the underlying changes that
caused it, and adapting the model to maintain its performance [5, 6].

As we will discuss in Section 2, substantial research has been devoted to developing techniques for
detecting concept drift—identifying whether and when drift occurs. Once a drift is detected, effective
and human-readable explanations can enhance understanding and support adaptation [6]. However,
comparatively less research has focused on explaining the underlying causes of drift.

Previous research on drift explanation has shown the potential of Explainable Artificial Intelligence
(XAI) techniques for this purpose. Unlike traditional XAI methods that explain why a model makes
specific predictions [7, 8, 9, 10], drift explanation approaches adapt XAI techniques to explain why drift
has been detected [6, 11]. However, prior work has not explored the use of rule extraction from neural
networks to produce drift explanations that are both interpretable and scalable, particularly for expert
users. In this paper, we address this gap by proposing and evaluating the use of logic rules to explain
concept drift. In doing so, we make two main contributions:

1. Methodology (Section 3): We propose the use of neuro-symbolic rules to explain the reasons for
concept drift. By applying rule extraction methods to Convolutional Neural Networks (CNNs),
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we derive an interpretable set of rules that can be leveraged to formulate hypotheses regarding
the causes of drift. We also introduce two scalable approaches for semantic kernel labeling which
aim at mitigate the key limitations of the current systems.

2. Experiment (Section 4): We conducted a preliminary experiment using a deep learning classifier
trained to predict the gender of individuals from input images. To simulate drift, we removed
samples of male individuals wearing earrings from the training data and then introduced such
images during inference. This drift led to a noticeable decrease in classifier performance on
the drifted samples (accuracy drop = 0.09). Our method successfully extracts human-readable
explanations in the form of logical rules, which explain the cause of the classifier’s drift and its
performance degradation (e.g., 𝑖𝑓 Wearing Earrings ∧ ¬Wearing Lipstick ∧ ¬No Beard → Drift).1

We conclude this work by discussing the limitations of our current approach and experiments, as
well as outlining directions for future research (Section 5).

2. Background and Related Work

In this section, we first provide background on concept drift and review prior work in the field, with a
particular focus on drift explanation (Section 2.1). We then discuss how to extract rules from neural
networks, as we propose the use of these rules to explain concept drift (Section 2.2).

2.1. Concept Drift

Concept drift in machine learning refers to a change in the underlying data distribution over time,
which can lead to a degradation in model performance [1]. Formally, concept drift can be defined as
a change in the joint distribution over time, and occurs when: 𝑃𝑡(𝑋, 𝑦) ̸= 𝑃𝑡+𝑤(𝑋, 𝑦), where 𝑋 are
the feature vectors, 𝑦 is the target variable, 𝑡 is a given time point, and 𝑤 is the time window over
which the distribution shift takes place [12]. Several sub-terms have been defined under concept drift,
such as real drift (changes in 𝑃 (𝑦/𝑋)), and virtual or data drift (changes in 𝑃 (𝑋)) [5]. Notice that,
although concept drift is related to out-of-distribution detection (OOD) [13], there is a key distinction:
OOD detection is primarily concerned with identifying individual samples that do not conform to the
training feature distribution 𝑃 (𝑋). In contrast, concept drift operates at the distribution level, often
over a temporal window, and is not strictly related to changes in 𝑃 (𝑋) only. In this paper, however, we
adopt the general term concept drift as a collective term encompassing all such cases.

Concept drift detection Drift detectors aim to identify whether (and when) drift occurs, and quantify its
severity [5]. Drift detection techniques can be categorized into two macro-categories: (i) supervised [1]
and (ii) unsupervised [14, 15]. Supervised drift detection techniques assume the availability of ground-
truth labels in the production data stream. They usually compute error rate-based measures or use
ensemble models to monitor and detect performance decrease over time, such as an accuracy drop
(e.g., [16, 17, 18, 19]). However, these techniques have limited applicability in real-world scenarios
since ground-truth labels are usually unavailable. In contrast, unsupervised drift detection techniques
do not require ground-truth labels to detect drifts. They usually apply statistical methods between
two distributions [20, 21, 22, 23], or exploit model loss functions [24, 25, 26, 27], or train virtual
classifiers [28, 29, 30] to detect drift. These techniques are generally more widely applicable, as newly
processed data often lack ground-truth labels. However, they tend to be more resource-intensive, since
they involve complex statistical tests and the training of additional models.

Concept drift localization Drift localization or segmentation techniques aim to identify the drift
data points in the data space (where)–whether a given data point is affected by drift [6, 31]. This is
usually obtained by quantifying the amount of drift in some regions of the data space or in each single
data point by performing drift detection on a local scale, or by training virtual classifiers to distinguish
between samples with or without drift.

1The code repository is available at: https://github.com/grecosalvatore/neurosymbolic-explainable-concept-drift

https://github.com/grecosalvatore/neurosymbolic-explainable-concept-drift


Concept drift explanation Some recent efforts have aimed to explain in human-readable terms the
reasons for concept drift [6]. Some works provide a simpler form of drift visualization as feature-wise
change intensity or change in correlation [32, 33, 34, 35, 36], or cause-effect analysis [35]. However, all
these techniques provide more visualization than explanation of drift. Moreover, they usually struggle
with high-dimensional data or non-semantic features, such as those in unstructured data like texts and
images. In contrast, only a few works investigated the use of more advanced and readable Explainable
Artificial Intelligence (XAI) [7, 8, 9, 10] techniques for explaining concept drift. [37, 38] proposes the use
of SHAP [39] to characterise data drift. [40] proposes the identification of relevant prototype examples
to explain the reasons for drift. Finally, [11] proposes training a classifier to differentiate between
samples with and without drift, and then applying explainable AI (XAI) techniques—such as feature
importance or counterfactual generation—to the classifier to explain the nature of the drift.

Concept drift adaptation Some techniques also propose methods to adapt to concept drift or make
incremental changes to the model [41, 42, 43]. However, automatic drift adaptation remains particularly
challenging [5, 6], especially in data streams with large volumes of unstructured data, such as images,
that often lack ground-truth labels. In such cases, effective drift explanation and characterization can
assist experts in annotating new samples to better adapt to drift.

In this paper, we focus on drift explanation only, assuming detection and localization have been
completed. We target concept drift in CNN for image classification, aiming to provide effective, human-
readable explanations by extracting rules that explain the reasons for changes.

2.2. Rule extraction from neural networks

Deep convolutional neural networks (CNNs) have achieved remarkable performance in computer
vision tasks, yet their internal decision-making remains largely opaque. To enhance transparency
and accountability, research on explainable AI seeks methods that translate complex model behavior
into human-understandable forms. One promising direction is rule extraction, which approximates
network logic with a set of global, interpretable if–then rules. In contrast to local attribution meth-
ods that highlight individual/groups of pixels or neurons [44, 45, 46, 47], rule extraction provides a
holistic description of the features and conditions driving model predictions. These rules serve as an
interpretable surrogate for the original CNN, enabling practitioners to assess whether the model relies
on semantically meaningful patterns or spurious correlations [48]. Early rule-extraction frameworks
introduced taxonomies such as pedagogical (treating the network as a black box) and decompositional
(leveraging internal structures), along with surrogate algorithms like the C4.5 decision tree [49]. More
recent approaches extend these ideas to deep CNNs by training decision trees on the network’s logits
or feature activations to derive high-fidelity logical rules. For example, Padalkar et al. [50] present
NeSyFOLD, a neurosymbolic architecture that replaces the final CNN layers with a response schedule of
interpretable rules. Similarly, symbolic rule extraction has been applied to Vision Transformers (ViTs),
where sparse attention maps and concept-level features yield human-readable rule sets [51].

3. Methodology

In this section, we describe the proposed concept drift explanation method, tailored to CNNs for image
classification. We consider the original CNN model as-is and build upon the most recent advances in
the field of neuro-symbolic rule extraction from neural networks [48, 50]. We assume that concept drift
has already been detected and that the samples responsible for it have been identified—drift detection
and localization are considered completed. Our objective is to extract neuro-symbolic rules that explain
why such drifted samples differ from the normal data distribution, causing a drift.

3.1. Problem formulation

Consider an image 𝑥 ∈ 𝒳 with 𝒳 ⊂ R3×𝐻×𝑊 and a label 𝑦 ∈ {0, 1} for a binary classification
problem. We assume 𝑥, which represents the main concept 𝑦, as a composition of multiple concepts
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Figure 1: Our framework’s architecture. (a): The full architecture adopted for the rule extraction. Starting from
the feature maps of the CNN encoder to be analyzed, the Concept extractor builds a Concept presence table by
inferring the presence of concepts in the input images, which is used by the Rule extractor to derive the final rules.
(b): The architecture of the Correlation-based Concept extractor. It exploits the correlations between Oracle and
kernel norms distributions to derive the Concept presence table. (c): The architecture of the MLP-based Concept
extractor. It employs a new trainable concept head to detect the presence of concepts from the feature maps.

𝐶 : {𝑐𝑖}𝑛𝑖=1 → 𝑦. For instance, in a problem of gender classification, some concepts that may imply
the gender Male are the presence of beard, absence of makeup or lipstick (see Section 4). From these
concepts, it is possible to derive classification rules that are easily interpretable by humans, such as:

𝑖𝑓 Beard ∧ ¬Makeup ∧ ¬Lipstick → Male

Similarly, the approach extends to other tasks, such as scene classification, where a given class (e.g.,
camping) is generally correlated to specific concept presence (e.g., tent, lawn, woods, mountains, etc.).

Pre-trained models, such as CNNs, may demonstrate unpredictable behavior when exposed to out-of-
distribution inputs and data drift, leading to significant performance degradation. From this perspective,
we focus on identifying the rule set {𝑟𝑗}𝑚𝑗=1 that mimics the behavior of the model, and can highlight
in a more interpretable way changes in predictive patterns caused by concept or data drift.

Each rule 𝑟𝑗 :
⋀︀𝑛

𝑘=1 𝑎𝑘 → 𝑦𝑖 is satisfied if all antecedents, expressed as positive 𝑎𝑘 or negative ¬𝑎𝑘,
evaluate true. In our setting, antecedents represent the presence (or absence) of a specific concept 𝑐𝑖 in
the image, while the consequent 𝑦𝑖 is the final predicted class. Therefore, given a pre-trained model
𝑀 , we aim to extract an interpretable rule-based model 𝑀̂ : {𝑟𝑗}𝑚𝑗=1 → 𝑀̂ ≈ 𝑀 . This enables the
identification of the satisfied rule that guides the model’s final decision, and facilitates the detection of
potentially failing antecedents–highlighting the corresponding parts of the network.



3.2. Model architecture

As stated above, the method considers the original CNN as-is and, starting from the feature maps from
the last convolutional layer, it tries to infer the presence or absence of predefined concepts 𝑐𝑖 within
the original image, producing a binarized concept presence table. Then, a rule extractor algorithm uses
the sparse information of this table, pre-computed for the whole training dataset, to derive the rules
that approximate the original model behavior. The complete architecture is shown in Figure 1a.

Concept extraction and labeling The extraction of concepts is performed using the feature maps from
the last convolutional layer of the original CNN. We select this layer because it yields a more semantically
rich representation. Typical approaches consist in binarizing the feature maps by computing the norms
for all input samples and then applying a specific threshold for each kernel, defined as the mean [48] or
the weighted sum of the mean and standard deviation [50] of the kernel norms distribution. A label is
ultimately attributed to each kernel reflecting the most prominent concept among the images it responds
to, by means of visual inspection [48] or by employing a semantic segmentation model [50] to detect the
most relevant concept in the image. We propose two alternative approaches for concept extraction and
labeling that leverage an external source of knowledge—an Oracle—defining the presence of predefined
concepts in the training images. The Oracle can be manually annotated by humans or synthetically
generated through pre-trained task-specific models for object detection, semantic segmentation, Visual
Question Answering (VQA), or Vision Language Models (VLMs).

The first method (Figure 1b) is inspired by existing approaches, but introduces two major variations in
the choice of thresholds for binarization and in the kernel labeling procedure. Specifically, starting from
the feature maps {𝑓𝑗}𝑘𝑗=1, we extract the kernel activations using the 𝐿1-norm {𝑎𝑗}𝑘𝑗=1 = {||𝑓𝑗 ||1}𝑘𝑗=1,
where 𝑘 is the number of kernels. We then compute the point-biserial [52] correlation coefficient
𝑟𝑝𝑏 = 𝐶𝑜𝑟𝑟(𝑌𝑂, 𝑌𝑃 ) between the dichotomous variable 𝑌𝑂 from the Oracle and the continuous variable
𝑌𝑃 representing the kernel norms, pre-computed for the whole training set. We repeat the process for
all combinations and then select the pairs of concepts-kernels that exhibit the highest correlation:

{(𝑐, 𝑎)𝑖}𝑑𝑖=1 = {argmax
𝑐𝑖,𝑎𝑗

(𝑟𝑝𝑏)}𝑑,𝑘𝑖=1,𝑗=1

where 𝑑 is the number of concepts in the Oracle. In this way, we find the most representative kernel for
each concept while, at the same time, achieving the kernel labeling. Binarization was finally achieved
using per-concept percentiles computed on the Oracle to take into account the concept imbalance in the
training data, and then the thresholds {𝜃𝑖}𝑑𝑖=1 were selected to segment the bimodal norm distributions
in a way that preserves the original cardinalities of each split.

The second method (Figure 1c) employs an MLP to infer the presence of concepts from feature maps,
in a pure data-driven approach. Specifically, the results of the global average pooling were fed to the
new concept head, which outputs binary values, one for each of the predefined concepts. The network
was trained to match the Oracle using a BinaryCrossEntropy objective. Although the correlation-based
extractor appears to be a viable solution, the second one is generally more accurate.

Rule extraction Once the binary concept presence table is available, the set of predicted concepts 𝐶
that define the antecedents, can be used to derive the prediction rules. Similar to [48], we employ a
tree-based extraction algorithm, near to C4.5 [49], to derive rules that outline the conditions driving the
model decisions. Specifically, to obtain an approximation 𝑀̂ of the original model 𝑀 , the algorithm
was fitted to follow its predictions 𝑌 = 𝑀(𝑋). Although, as proposed in [48], the rule extraction could
be expanded to multiple layers, we limited the analysis to the final classifier of the CNN, which only
exploits the high-level features of the final convolutional layer, as in [50]. In addition to the original
model, we explored generating drift explanations by extracting rules that explain the behavior of a drift
location model, which differentiates between drifted and non-drifted samples (see Section 4.2).

Inference Inference is straightforward, as it consists of extracting the feature maps using the original
CNN, identifying the concepts using the Concept extractor module, and finding the satisfied rule based
on the combination of activated antecedents.



Table 1
Accuracy drop caused by drift.

Acc ↑

Drift simulation Data stream (0% drift) Data stream (100% drift)

Male, Wearing Earrings .98 .89

1 ¬Wearing_Lipstick & ¬No_Beard & ¬Wearing_Earrings & ¬Blurry & ¬Big_Nose → Male (conf=1.00)

2 ¬Wearing_Lipstick & ¬No_Beard & ¬Wearing_Earrings & ¬Blurry & Big_Nose → Male (conf=1.00)

3 ¬Wearing_Lipstick & ¬No_Beard & ¬Wearing_Earrings & Blurry & ¬Big_Nose → Male (conf=0.98)

4 ¬Wearing_Lipstick & ¬No_Beard & ¬Wearing_Earrings & Blurry & Big_Nose → Male (conf=1.00)

5 ¬Wearing_Lipstick & ¬No_Beard & Wearing_Earrings → ¬Male (conf=1.00)

6 ¬Wearing_Lipstick & No_Beard & ¬Wearing_Earrings & ¬Wearing_Necktie & ¬Big_Nose → Male (conf=0.69)

7 ¬Wearing_Lipstick & No_Beard & ¬Wearing_Earrings & ¬Wearing_Necktie & Big_Nose → Male (conf=0.91)

8 ¬Wearing_Lipstick & No_Beard & ¬Wearing_Earrings & Wearing_Necktie & ¬Big_Nose → Male (conf=1.00)

9 ¬Wearing_Lipstick & No_Beard & ¬Wearing_Earrings & Wearing_Necktie & Big_Nose → Male (conf=1.00)

10 ¬Wearing_Lipstick & No_Beard & Wearing_Earrings → ¬Male (conf=1.00)

11 Wearing_Lipstick & ¬Heavy_Makeup & ¬Wearing_Earrings & ¬Bushy_Eyebrows & ¬Bangs → ¬Male (conf=0.98)

12 Wearing_Lipstick & ¬Heavy_Makeup & ¬Wearing_Earrings & ¬Bushy_Eyebrows & Bangs → ¬Male (conf=0.93)

13 Wearing_Lipstick & ¬Heavy_Makeup & ¬Wearing_Earrings & Bushy_Eyebrows & ¬Bangs → ¬Male (conf=0.87)

14 Wearing_Lipstick & ¬Heavy_Makeup & ¬Wearing_Earrings & Bushy_Eyebrows & Bangs → ¬Male (conf=0.58)

15 Wearing_Lipstick & ¬Heavy_Makeup & Wearing_Earrings → ¬Male (conf=1.00)

16 Wearing_Lipstick & Heavy_Makeup & ¬Wearing_Earrings & ¬Black_Hair & ¬Arched_Eyebrows → ¬Male (conf=1.00)

17 Wearing_Lipstick & Heavy_Makeup & ¬Wearing_Earrings & ¬Black_Hair & Arched_Eyebrows → ¬Male (conf=1.00)

18 Wearing_Lipstick & Heavy_Makeup & ¬Wearing_Earrings & Black_Hair & ¬Wearing_Necktie → ¬Male (conf=0.99)

19 Wearing_Lipstick & Heavy_Makeup & ¬Wearing_Earrings & Black_Hair & Wearing_Necktie → Male (conf=0.82)

20 Wearing_Lipstick & Heavy_Makeup & Wearing_Earrings → ¬Male (conf=1.00)

Listing 1: Rule extracted to approximate the gender classifier (optimal case). For visualization purposes,
the maximum depth of the decision tree was set to 5, ensuring a fidelity of about 90%.

1 ¬Wearing_Earrings → ¬Drift (conf=1.00)

2 Wearing_Earrings & ¬Wearing_Lipstick & ¬No_Beard → Drift (conf=1.00)

3 Wearing_Earrings & ¬Wearing_Lipstick & No_Beard & ¬Brown_Hair & ¬Bangs → Drift (conf=0.97)

4 Wearing_Earrings & ¬Wearing_Lipstick & No_Beard & ¬Brown_Hair & Bangs → Drift (conf=0.81)

5 Wearing_Earrings & ¬Wearing_Lipstick & No_Beard & Brown_Hair & ¬Smiling → Drift (conf=0.91)

6 Wearing_Earrings & ¬Wearing_Lipstick & No_Beard & Brown_Hair & Smiling → Drift (conf=0.56)

7 Wearing_Earrings & Wearing_Lipstick & ¬Bushy_Eyebrows & ¬Pointy_Nose & ¬Attractive → ¬Drift (conf=0.78)

8 Wearing_Earrings & Wearing_Lipstick & ¬Bushy_Eyebrows & ¬Pointy_Nose & Attractive → ¬Drift (conf=0.96)

9 Wearing_Earrings & Wearing_Lipstick & ¬Bushy_Eyebrows & Pointy_Nose → ¬Drift (conf=1.00)

10 Wearing_Earrings & Wearing_Lipstick & Bushy_Eyebrows & ¬Pointy_Nose & ¬Wavy_Hair → Drift (conf=0.80)

11 Wearing_Earrings & Wearing_Lipstick & Bushy_Eyebrows & ¬Pointy_Nose & Wavy_Hair → ¬Drift (conf=1.00)

12 Wearing_Earrings & Wearing_Lipstick & Bushy_Eyebrows & Pointy_Nose & ¬Oval_Face → ¬Drift (conf=0.50)

13 Wearing_Earrings & Wearing_Lipstick & Bushy_Eyebrows & Pointy_Nose & Oval_Face → ¬Drift (conf=1.00)

Listing 2: Rule extracted to approximate the drift classifier (optimal case). For visualization purposes,
the maximum depth of the decision tree was set to 5, ensuring a fidelity of about 97%.

4. Experiments

In this section, we first introduce the experimental setting (Section 4.1). Then, we discuss the drift
explanation results obtained by rules extraction (Section 4.2).

4.1. Experimental settings

Dataset We conduct our experiments using the CelebA dataset [53], which consists of about 202k
images and provides human-annotated labels for 40 facial attributes, that can serve as the concept
Oracle in the proposed framework.

Task definition and drift simulation We define the main task as a gender classification problem by
choosing the attribute Male as the target. We simulate a drift by isolating all instances from the class
Male that wear earrings and then injecting them into the data stream. In particular, the dataset was
divided into 4 splits preserving the original distribution: Historical train of about 156k samples (used
for training the CNN), Historical test of about 19k samples (used for testing the CNN), Datastream of
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Figure 2: Rule fidelity (optimal case) as a function of the tree depth for the two considered settings.

Table 2
Antecedents activation frequencies on samples in the first experimental setting. The highest value highlights the
most likely causes of the drift, which induces erroneous behavior in the model.
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Table 3
Antecedents activation frequencies in the second experimental setting. The highest value highlights the most
likely causes of the drift, which induces erroneous behavior in the model.
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about 19k samples (used to simulate non-drifted data), Datastream drift of about 1.4k samples (used to
simulate drifted data). Table 1 highlights the model performance degradation caused by drift in this
configuration, resulting in a 0.09 drop in accuracy. Similarly, other drifts can be simulated by isolating
instances with a specific concept or combination of concepts.

CNN model and training details We use the ResNet-50 architecture for our experiments. We train
the model from scratch on the Historical data split for the gender classification task, using BCE loss for
5 epochs. We use the SGD with momentum optimizer with learning rate 1e-2, step decay of 0.1 after 3
epochs, and a batch size of 128. The MLP-based concept extractor is instead trained on top of the frozen
CNN encoder, on the same split for the attribute recognition task, using BCE loss for 15 epochs. We use
the AdamW optimizer, with learning rate 1e-3, step decay of 0.1 every 5 epochs, and a batch size of 256.

4.2. Rule extraction and drift explanation

To understand the expressiveness of the rules and their utility for the problem of drift explanation, we
evaluate the rule extraction under the assumption of a perfect Concept extractor (i.e., Concept presence
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Figure 3: Correlation analysis on attributes and kernels. (a): Attribute correlation patterns in the CelebA
dataset [53]. (b): Correlation patterns between top-1 binarized kernels and attributes.

Table 4
Concepts extraction accuracies. Results are calculated against historical data (1), data stream with 0% of drift
samples (2), and data stream with 100% of drift samples (3).
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Acc ↑ AUC ↑

Corr1 .88 .75 .71 .75 .95 .77 .68 .75 .69 .84 .90 .72 .82 .90 .92 .90 .91 .92 .84 .65 .57 .94 .80 .84 .65 .92 .67 .87 .89 .92 .60 .69 .69 .76 .92 .88 .81 .89 .75 .80 -
Corr2 .88 .75 .70 .75 .96 .78 .70 .74 .70 .83 .91 .70 .82 .90 .92 .89 .91 .91 .84 .64 .56 .93 .83 .85 .65 .92 .67 .87 .88 .91 .60 .71 .70 .76 .93 .88 .80 .88 .73 .80 -
Corr3 .79 .79 .84 .61 .89 .91 .43 .51 .49 .98 .91 .95 .74 .69 .83 .69 .69 .93 .97 .56 .46 .75 .67 .52 .66 .91 .94 .67 1.0 .89 .56 .64 .93 .00 .74 .96 .87 .87 .60 .74 -
MLP1 .91 .79 .77 .81 .98 .90 .77 .81 .86 .93 .95 .82 .88 .95 .96 .97 .95 .96 .88 .82 .76 .97 .88 .91 .74 .96 .73 .93 .94 .95 .85 .79 .75 .83 .96 .91 .88 .93 .84 .88 .87
MLP2 .91 .79 .76 .81 .98 .90 .86 .79 .87 .92 .95 .80 .89 .95 .95 .97 .95 .96 .88 .82 .76 .96 .92 .91 .74 .96 .73 .93 .93 .94 .85 .80 .76 .83 .96 .90 .88 .93 .81 .88 .87
MLP3 .83 .79 .86 .73 .91 .96 .43 .60 .67 .98 .98 .96 .80 .73 .87 .90 .76 .98 .97 .75 .72 .76 .86 .70 .66 .99 .95 .76 1.0 .88 .80 .90 .93 .00 .85 .96 .87 .91 .70 .81 .76

table = Oracle) to avoid antecedent labeling mistakes that may compromise the rule assessment. We
then evaluate the performance of the two proposed methods for Concept extraction and labeling to get
an estimate of the gap with respect to the optimal case.

Starting from the optimal Concept presence table we extract the rules considering two different settings:
(i) we fit the tree-based extraction algorithm to match the original model predictions and obtain an
approximation of its behavior; (ii) we proceed with the assumption that drift has been successfully
detected and localized (e.g., through established drift detectors [1, 5, 6]) and fit the extraction algorithm to
predict whether individual samples are affected by drift. In both cases, we assume a perfect classification.

We aim to provide two complementary perspectives on model behavior: (i) Human interpretability:
We extract interpretable rules that enable direct inspection to identify problematic associations that
degrade model performance on concept drift and out-of-distribution samples (e.g., the model incorrectly
relies on the presence of Earrings to predict that gender is not Male), and identify the specific responsible
network component (kernel); and (ii) Automated diagnosis: We analyze antecedent activation frequen-
cies to systematically identify faulty antecedents driving incorrect predictions, under the assumption
that the most frequently activated antecedent is most likely responsible for the observed drift.

Listings 1 and 2 show the rules extracted in the two considered settings under the optimality as-
sumption. Their interpretability facilitates an understanding of the antecedents primarily influencing
the decision process. For instance, in Listing 1, two of the most critical rules are Rule 5 and 10, which
state that the presence of earrings, regardless of the presence of beard, is sufficient to predict that the
gender is not Male. In Listing 2, instead, one of the most informative is Rule 1 which states that in
absence of earrings no drift is detected while, in the other case, the presence of drift depends on other
factors that exhibit correlation with the gender class. For instance, Rule 2 states that the presence of
earrings and beard, along with the absence of lipstick, is a sufficient condition to identify a drifted subset.



Figure 2 illustrates how the extracted rules approximate the original models for varying tree depths
in the evaluated settings under the optimal assumption. In both cases, the rule fidelity remains high,
ensuring a close representation of the original model’s behavior with minimal degradation. Tables 2
and 3 present the activation frequencies of antecedents on data streams containing 0% and 100% drift
samples, in both experimental settings. The results indicate that the satisfied rule leading to the final
prediction consistently includes the antecedent Wearing Earring—the concept used to simulate the drift.

Finally, we evaluate the effectiveness of the Concept Extractor with respect to both concept sensitivity
and concept labeling. Figure 3 shows the correlation in the CelebA dataset (a) and the correlation levels
between Oracle concepts and kernels (top-1 pairs) in the correlation-based solution (b). The heatmap in
Figure 3b highlights the problem of the polysemantic nature of kernel activations, which, in general, are
sensitive to different correlated concepts. We attribute this problem to the lower performance of the
correlation-based solution with respect to the MLP-based solution, which can leverage all the kernels
and learn to weight them effectively to further reduce the error. Table 4, instead, shows the accuracies
of the two proposed methods. Although generally both methods appear to be more reliable on larger
concepts, results highlight the difficulties on very small concepts represented with few pixels—such as
male earrings, which are typically much smaller than their female counterparts. Such fine details can
easily be lost during convolutional operations.

5. Discussion

Our preliminary results show the potential relationship between model interpretability and concept
drift explanation in the context of trustworthy AI systems. Through neuro-symbolic rule extraction, the
proposed approach clarifies the model decision pathway and helps pinpoint the origin of mispredictions,
with traceability down to the responsible network component (kernel). Under the optimality assumption,
the extracted rules appear highly informative, making it easier to formulate hypotheses about the
possible causes of drift. However, in a real scenario, the interpretability of those rules may be affected by
the concept extraction and naming procedure due to the inherent flaws still present in these systems. We
proposed two effective automated approaches to address the problem of concept labeling, which is one
of the most challenging and still open problems of rule extraction systems, and provide an estimation
measure of their reliability. By considering the annotations (Oracle) previously extracted on the whole
training set, they not only allow to avoid the search for the top-k images to which each kernel reacts
most and the visual inspection phase for the labeling process, but they also enable to enlarge the set of
samples considered for the kernel-concept association, resulting in a more reliable and scalable solution.

Limitations and future works The efficacy of the method is inherently constrained by the a priori
selection of concepts, which may obscure the true cause of the drift. Those systems can be susceptible to
errors in the kernel labeling procedure, which can produce erroneously named antecedents that make the
rule unreasonable, although the final classification is correct. The issue becomes more pronounced when
small concepts are present in the images, as kernels in the final layers may lack sufficient sensitivity to
detect them. Moreover, since the encoder was originally trained for a different objective, individual
feature maps may not necessarily be sensitive to a single concept, a challenge only partially mitigated
by the proposed naming strategies. In future work, we plan to (1) enhance the robustness of the
rule extraction process for drift explanation, including the exploration of automatic concept labeling
methods, (2) extend the methodology to additional data modalities (e.g., text, audio), and (3) conduct a
more comprehensive experimental evaluation across diverse drift scenarios, models, and data types.

Declaration on Generative AI
During the preparation of this work, the author(s) used ChatGPT and Grammarly in order to: Grammar
and spelling check.
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