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Abstract—Explainable Artificial Intelligence (XAI) is emerging
as an enabler of trustworthy and human-aligned decision making
in next-generation IoT ecosystems. As 6G envisions a highly
distributed Global Internet of Things paradigm, embedding
explainability of AI models at the network edge will be es-
sential for supporting critical emerging domains such as the
Internet of Medical Things (IoMT). In this paper, we explore
a practical integration of XAI methods at the edge of 6G IoT
architectures and propose novel explainable feature selection
and adaptive sample selection strategies that allow low-cost IoT
devices to improve data acquisition, on-device processing, and
communication efficiency in large-scale deployments. Through a
practical case study using an experimental IoMT dataset and
comparing different learning models, we show how SHapley
Additive exPlanations (SHAP) can be used to interpret patient-
related data, improve clinical insight, and significantly boost key
performance and value indicators such as learning accuracy,
energy consumption, and bandwidth utilization, outperforming
traditional dimensionality-reduction techniques.

Index Terms—6G, Explainable Artificial Intelligence (XAI),
Resource management, Edge Intelligence, Internet of Medical
Things (IoMT), SHapley Additive exPlanations (SHAP)

I. INTRODUCTION

The evolution from 5th Generation (5G) toward 6th Gener-
ation (6G) is expected to bring a profound shift in the way
intelligence is embedded into large-scale Internet of Things
(IoT) ecosystems. Whereas Artificial Intelligence (AI) in 5G
mainly enhanced selected network operations, 6G envisions
a fully data-driven Global Internet of Things (GIoT) where
billions of heterogeneous devices continuously sense, process,
and exchange information. In such a scenario, AI becomes a
native component of the IoT architectures, enabling unprece-
dented levels of intelligence and adaptability across dynamic
and resource-constrained IoT environments [1]. However, as
AI-driven mechanisms proliferate at the network edge, namely
close to sensors, wearables, and medical devices, a lack of
understanding about how AI (black-box) models reach their
decisions raises concerns about trust and safety. These issues
are critical in domains such as the Internet of Medical Things
(IoMT), where clinical decisions, patient monitoring, and early
diagnosis must be both transparent and accessible to patients,
while also meeting strict standards of privacy.

To contravene the concept of black-boxes characterizing
traditional AI mechanisms, Explainable Artificial Intelligence
(XAI), i.e., white-box techniques, is emerging as a promising
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solution to be integrated into upcoming 6G IoT architectures
[2]. On the one hand, XAI offers human-interpretable insights
into how AI models prioritize features, classify events, or
trigger network actions. On the other hand, the explainability
offered by XAI can be fruitfully exploited to conceive new
strategies and algorithms to improve data-centric tasks per-
formed by low-cost IoT devices. For instance, at the network
edge, XAI can help IoT devices identify which sensed features
are truly relevant, thereby reducing the volume of data that
must be collected, processed locally, or offloaded to the
cloud. These capabilities address several pressing challenges
of future 6G IoT systems, which must meet significantly
more demanding and stringent Key Performance Indicators
(KPIs) and Key Value Indicators (KVIs) than 5G networks,
especially in terms of energy efficiency, privacy preservation,
and long-term operations [3], [4]. As 6G moves toward the
GIoT paradigm, scalable mechanisms capable of deploying
and adapting AI models close to the sensing layer become
essential. Among the domains in the 6G-enabled GIoT, the
IoMT stands out as highly sensitive and mission-critical [5].
Integrating XAI at the edge thus offers a promising blend
of interpretability and performance efficiency, both essential
pillars for reliable IoMT applications [6].

While the importance of XAI for 6G systems has been
widely acknowledged [7]–[10], most existing works primarily
address explainability at the AI model level or propose new
XAI techniques. In contrast, practical studies that embed es-
tablished XAI methods into 6G IoT architectures and quantify
their impact on system-level KPIs remain limited. This work
aims to provide a contribution in this direction, by leveraging
the output metrics produced by established, model-agnostic
XAI techniques, e.g., SHapley Additive exPlanations (SHAP),
that can be applied to a wide range of AI models, to enable
intelligent data management directly at the edge of 6G IoT
architectures. Specifically, we propose two novel XAI-driven
strategies: i) explainable feature selection, which identifies
the most impactful features influencing the outcomes of the
learning task and, consequently, reduces the data collected
through the low-cost IoT devices to these essential features
only, and ii) adaptive sample selection, which performs a
horizontal reduction of the data by dynamically discarding (or
deprioritizing during transmission) samples whose dominant
features fall below adaptive importance thresholds, for which
we provide an automatic setting rule based on the median of
the SHAP scores. In addition, we analyze how the proposed
strategies impact KPIs and KVIs, with particular emphasis
on energy consumption at the low-cost IoT devices and on
communication overhead across the 6G IoT network. The
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proposed strategies are validated through a practical IoMT case
study based on an experimental diabetes dataset and multiple
AI models. Results reveal that the proposed XAI-driven feature
and sample selection can significantly reduce sensing tasks,
transmission load, and energy consumption, while preserving
high classification accuracy and outperforming conventional
dimensionality-reduction techniques such as LDA and PCA.

The remainder is organized as follows. Sec. II reviews the
role of XAI in 6G IoT systems; Sec. III presents the proposed
XAI-driven feature and sample selection strategies; Sec. IV
validates them through a 6G IoMT case study and analyzes
their impact on KPIs and KVIs; Sec. V concludes the paper.

II. AN OVERVIEW OF XAI FOR 6G IOT
The interest in integrating XAI within 6G IoT architectures

arises from networking challenges that differ from traditional
AI domains. 6G IoT systems operate over highly dynamic
conditions, under stringent resource constraints, and on het-
erogeneous data, making explainability essential for both trust
and adaptive decision-making.

The role of XAI in future 6G technologies and use cases,
including IoMT applications, has been extensively discussed
in [2], together with the open challenges surrounding its
practical deployment. Although it is widely recognized that
XAI permeates all layers of 6G network architectures, studies
that apply established XAI methods and quantitatively assess
their impact on KPIs in practical 6G use cases remain limited.

From an IoT perspective, existing work has mainly focused
on security and anomaly detection, for example by using
XAI to identify influential features in IoT traffic [7]. Recent
work has explored XAI in 6G IoT systems, for example
by integrating Federated Learning (FL) and XAI to improve
accuracy and privacy [8].

In the IoMT domain, XAI has been primarily explored for
event detection, anomaly mitigation, and medical data pro-
tection, for instance to strengthen anomaly detection against
adversarial threats [9] or to provide interpretable insights for
medical event detection [10]. These studies confirm the impor-
tance of XAI in enhancing the transparency, interpretability,
and trustworthiness of AI models for supporting reliable
clinical decisions in IoMT contexts. However, they mainly
focus on data analytics and cybersecurity aspects, but do not
explicitly address the stringent communication and system-
level challenges characterizing emerging 6G IoMT systems,
such as ultra-low latency, energy efficiency, and scalable data
transmission. Our preliminary work [11] provides evidence
that integrating XAI into a 6G IoMT application can reduce
data volumes while preserving accuracy. However, the impact
of embedding XAI on 6G IoT KPIs and KVIs is not quantified.

Overall, existing XAI contributions for 6G IoT systems
remain largely focused on security and anomaly detection,
with limited emphasis on their implications for communication
and system-level performance. In this work, instead, we seek
to jointly analyze learning performance together with key 6G
KPIs and KVIs in practical XAI-enabled 6G IoT scenarios.

III. 6G IOT ARCHITECTURE WITH INTEGRATED XAI
This section describes the integration of XAI within the

6G layered IoT architecture, emphasizing its impact on edge

learning and cross-layer interactions. It then focuses on the
IoMT domain to illustrate the benefits on fundamental 6G
KPIs and KVIs.

A. Description of 6G IoT Architecture with Integrated XAI

The 6G IoT architecture integrated with XAI, illustrated in
Fig. 1, follows a forward-thinking approach to next-generation
data-centric IoT systems, designed to integrate XAI with
traditional network functions seamlessly. Each of the four 6G
key layers envisioned [1], [2] supports more efficient data
handling, smarter resource use, and greater trust in AI-assisted
decisions across heterogeneous IoT deployments.

Intelligent Sensing Layer: this layer bridges the phys-
ical environment and the IoT system, gathering data from
heterogeneous devices, such as wearables, medical sensors,
smartphones, UAVs, and smart city infrastructure. Because IoT
sensing devices are typically low-cost and energy-constrained,
XAI plays a key role in guiding what data should be collected
and transmitted. Through an XAI-driven feedback channel
from the edge, sensing devices can identify which features
and samples have the highest relevance for ongoing learning
tasks. As a result, they transmit only the most meaningful
information, reducing bandwidth usage and extending their
lifetime. This selective data transmission is critical in 6G
GIoT, where massive connectivity and data heterogeneity are
inherent. Moreover, embedding explainability at this layer
enhances transparency: operators can understand why certain
data streams are prioritized or suppressed, which is essential
in critical domains like IoMT.

Intelligent Edge/Fog Layer: the edge layer acts as an
intermediary between the raw data sources and the core net-
work, providing real-time, localized processing closer to where
the data is generated. Data aggregation and pre-processing
are key functions, and AI models are widely deployed to
perform different learning tasks, which can then be assisted
and updated by XAI methods. For instance, AI models based
on Reinforcement Learning (RL) can support XAI-aided task
scheduling, deciding which tasks to execute locally and which
to offload to the cloud (i.e., XAI-aided data offloading). FL at
the edge further promotes privacy through distributed training.

At this layer, XAI enables two key functions: explainable
feature selection and adaptive sample selection. These opera-
tions are driven by established XAI methods, namely SHAP
and Local Interpretable Model-agnostic Explanations (LIME),
depending on the global or local explainability of AI models,
respectively, although other XAI techniques could also be em-
ployed. An explainable feature selection leverages the metrics
provided by SHAP and LIME to identify the most impactful
features influencing the outcomes of the learning task. By
reducing the datasets collected through the sensing layer to
these essential features, i.e., columns (vertical cut), the edge
can perform periodic AI model updates that optimize resource
utilization while minimizing degradation in learning perfor-
mance (e.g., accuracy for the classification task) and offering
interpretability of the decision-making. An adaptive sample
selection leverages the same XAI metrics to dynamically set
importance threshold values for the most dominant features.
This process further reduces the horizontal dimensionality of
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Fig. 1. 6G IoT architecture with integrated XAI enabling i) explainable feature and sample selection at the edge; ii) more efficient data collection at the
sensing layer; iii) optimized offloading to the cloud.

the dataset by excluding samples, i.e., rows, whose dominant
features fall below the importance thresholds (horizontal cut).
By adaptively adjusting these thresholds based on the SHAP
or LIME explanations, the edge significantly improves both
communication efficiency and computational load.

Introducing XAI at the edge enables, as a byproduct, the
creation of valuable feedback for the sensing layer, guiding
IoT sensing devices in adopting more efficient XAI-aided
data collection strategies. By utilizing both XAI-driven feature
and sample selection, devices can focus on gathering and
transmitting only the most critical features. Collected data
with critical features below the importance thresholds are
either discarded or deprioritized in transmission (data collec-
tion becomes XAI-aided), reducing unnecessary sensing and
increasing IoT devices’ energy saving.

Intelligent Core Layer: the core layer is the decision-
making hub of the 6G IoT architecture, handling resource
allocation, network slicing, and traffic management. XAI en-
hances transparency by explaining resource usage and priori-
tization, for example by favoring real-time patient monitoring
in IoMT scenarios. By analyzing network conditions and
service demands, XAI supports adaptive and energy-efficient
resource optimization. In this respect, XAI-driven feature and
sample selection, combined with more informed XAI-aided
data sensing through the feedback channel, improve resource
allocation by balancing performance and efficiency, while
preserving KVIs like security and privacy, especially given
the sensitive nature of data in domains like IoMT.

Intelligent Application Layer: at the top of the stack,
IoT and IoMT applications benefit from optimized data flows
and explainable decision mechanisms. In smart healthcare
and telemedicine, XAI-enabled feature and sample selection
ensures that only clinically meaningful measurements (e.g.,
abnormal heart rate sequences) are processed, enabling effi-
cient remote monitoring with reduced bandwidth and energy

consumption. By exposing the reasoning behind decisions,
XAI increases clinicians’ trust in AI-supported diagnostics and
alerts, essential factors when human lives are at stake.

B. Impact on 6G IoT KPIs and KVIs
6G IoT systems are driven by the ambitious goal of meeting

increasingly more challenging requirements. While 6G builds
upon KPIs already established in 5G (e.g., data rate and
latency), they aim for significantly more demanding targets.
These KPIs are expected to improve by factors of 10-100
compared to 5G, underscoring the transformative potential of
6G [3]. Furthermore, certain KPIs as energy efficiency, intro-
duced in 5G but not yet fully specified, have emerged as a key
parameter for sustainable GIoT infrastructures with billions
of battery-powered devices, in line with the ongoing global
energy transition (e.g., see EU Directive 2023/17911). Beyond
standard KPIs, the pivotal role of AI in 6G has introduced
a new class of KPIs and KVIs supporting the shift toward
computation-oriented communication networks, such as the
reliability of decisions made by intelligent network nodes
and the time required to make decisions [3]. In this context,
XAI enhances Key Values (KVs) like the interpretability and
explainability of AI-based outcomes, helping to bridge the gap
with 6G KPIs. The proposed XAI-driven feature and sample
selection directly improve some KPIs and KVIs in 6G IoT:

Aggregate Data Rate: XAI-driven feature and sample
selection optimize the aggregate data rate. By prioritizing
only the most relevant features and, possibly, by selecting
samples exceeding the importance thresholds, the volume of
data transmitted from the edge to the cloud is significantly
reduced. This enables a more reliable support for dense IoT
deployments and real-time IoTM applications, where timely
and accurate data delivery is essential.

1https://eur-lex.europa.eu/eli/dir/2023/1791/oj/eng
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Transmission Delay: by minimizing data volume, XAI-
driven strategies reduce transmission delay and enable faster
delivery of critical information, which is vital for latency-
sensitive applications like telemedicine. For example, wear-
ables collect only clinically relevant features, and only trusted
data samples from patients requiring monitoring are offloaded
to the cloud.

Energy Efficiency: by transmitting only features and sam-
ples exceeding the XAI-driven importance thresholds, IoT
devices avoid collecting and forwarding unnecessary data.
This results in substantial energy savings, which is critical for
battery-powered IoMT devices such as wearables, implantable
sensors, or portable diagnostic tools.

Privacy Preservation: beyond energy efficiency, the pro-
posed XAI-driven strategies also improve privacy, as only the
features and samples deemed relevant by the explainability
analysis are shared, while unnecessary or non-informative data
remain local to the sensing devices. This selective offloading
reduces the exposure of sensitive medical information and
strengthens privacy guarantees in IoMT scenarios.

IV. A PRACTICAL IOMT CASE STUDY

This section explores a practical IoMT use case to assess the
benefits of applying XAI-driven feature and sample selection
in 6G for telemedicine. Specifically, XAI is applied at both
the network edge and to inform patient sensing devices, by
identifying key features for explainable monitoring, enabling
efficient data transmission and reduced model complexity. The
same approach can be extended to other application domains.

A. Experimental IoMT Dataset, AI Models, and XAI Methods
Without loss of generality, we use a publicly available

IoMT dataset on diabetes provided by the Applied Physics
Laboratory of Johns Hopkins University2. The adopted dataset
includes 50000 samples, each with nine medical and lifestyle
features commonly acquired through IoMT sensors and de-
vices and patient health records. Specifically, there is HbA1C,
i.e., the average blood glucose level from the A1C test, and
the instantaneous glucose level, both collected by simple
biomedical wearable devices. Moreover, there is personal
information, such as gender (male/female) and age, along
with a history of diabetes-related conditions and diseases. The
features also include smoking history, Body Mass Index (BMI),
hypertension, and heart disease, with the latter two given as
binary features for absence (0) or presence (1) of hypertension
and heart disease. The final column represents the diabetes
class, indicating whether a patient is diagnosed with diabetes
(1) or not (0). The dataset has been pre-processed by removing
outliers, by normalizing the samples, and by applying standard
techniques, i.e., Synthetic Minority Over-sampling TEchnique
(SMOTE)3, to mitigate the skew toward the healthy class and
to avoid altering clinically relevant patterns.

Regarding the AI algorithms employed, we conducted a
thorough comparison among various learning models, i.e.,

2“Diabetes Prediction Dataset,” Kaggle, publicly avail-
able dataset, accessed Feb. 2026. [Online]. Available:
https://www.kaggle.com/datasets/iammustafatz/diabetes-prediction-dataset

3https://imbalanced-learn.org/stable/references/generated/imblearn.over s
ampling.SMOTE.html

TABLE I
CLASSIFICATION PERFORMANCE OF LEARNING MODELS [12]

Learning Model Parameters Accuracy [%]

Decision Tree max depth = 50; min samples leaf = 1 96.31criterion = gini; min samples split = 5

Random Forest max feature = 10; n estimators = 150; max depth = 50 98.70bootstrap = True; min samples leaf = 10; criterion = gini

Logistic Regression max iter = 1000; C = 0.1; penalty = l2 89.99

Multi-layer Perceptron

optimizer = ADAM; loss = MSE 95.40n epochs = 200; n neurons = [300, 200, 100]
optimizer = ADAM; loss = MSE 78.32n epochs = 200; n neurons = [200, 100, 50]

HbA1C level
glucose

age
BMI

hypertension
gender

smoking history
heart disease

mean (|SHAP value|) 

Class 0 (no diabetes)
Class 1 (diabetes)

0,0           0,1     0,2  0,3         0,40.0  0.1  0.2  0.3  0.4

Fig. 2. SHAP variable importance plot for the diabetes dataset and RF.

Decision Tree, Random Forest (RF), Logistic Regression, and
different DL models like neural networks with multiple hidden
layers based on Multi-Layer Perceptron [12]. Table I summa-
rizes the classification performance of the main tested learning
models. Specific hyperparameters and accuracy (which is
selected as the metric for classification performance) of each
learning model are reported. As can be noticed, RF emerged
as the best-performing model for diabetes classification, with
an accuracy percentage of about 99%. Thus, in our compar-
isons, RF surpasses DL models and, remarkably, offers both
high explainability [6] and strong classification performance,
combining the strengths of ML and DL approaches.

As to the XAI methods, we employ two well-established
techniques, SHAP and LIME, which are model-agnostic and
can interpret any AI model. SHAP is a global interpretable
method that analyzes the entire inferential capacity or overall
behavior to formulate explanations. Conversely, LIME is a lo-
cal interpretable method that focuses on individual samples (or
small groups), explaining specific predictions or classification
outcomes [2], [13].

B. XAI-Driven Feature and Sample Selection with Importance
Threshold Setting

In this section, we apply SHAP and LIME to perform XAI-
driven feature and sample selection using the experimental di-
abetes dataset and the RF learning model. The results will then
be used to optimize operations at the edge and enhance data
collection and communication at the IoT (sensing) devices.

To provide explanations about the RF model when operating
with the diabetes dataset, we analyze the Shapley values
returned by SHAP, quantifying how much each feature influ-
ences the final learning outcome based on cooperative game
theory principles [13]. To this aim, in Fig. 2 we report the
variable importance plot for the conducted diabetes analysis.
This plot shows the mean of the Shapley values (x-axis) for

https://imbalanced-learn.org/stable/references/generated/imblearn.over_sampling.SMOTE.html
https://imbalanced-learn.org/stable/references/generated/imblearn.over_sampling.SMOTE.html
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Fig. 3. SHAP dependence plot (left) and LIME results for a single sample (right), with setting of importance thresholds for adaptive sample selection.

each feature of the dataset (y-axis), sorted in ascending order
according to their relevance for the output of the RF model
(the higher the mean Shapley value, the more impactful the
feature). HbA1C, glucose, and age represent the features with
the overall greatest impact on diabetes classification. Addi-
tionally, Fig. 2 quantifies the contribution of each individual
feature to the classification of both non-diabetes (class 0) and
diabetes (class 1) cases. It can be noted that each feature
exhibits red and blue segments contributing to half of the total
mean Shapley value for each class, indicating that each feature
has an equal influence on the outcomes of the learning task.
From this analysis, it can be concluded that HbA1C is the most
relevant feature and the triplet HbA1C, glucose, and age can
be considered a suitable XAI-driven feature selection (BMI
could be included as well, but we anticipate that these three
features are indeed sufficient to achieve high accuracy).

To complement the variable importance plot (and hence
the XAI-driven feature selection), SHAP also provides depen-
dence plots showing the relationship between each feature and
the predicted outcome for each sample. This analysis allows
for the gain of more granular information about the relevance
of the considered features and to determine importance thresh-
olds according to the values assumed by the features. In Fig.
3 we report the dependence plot for the three most relevant
features HbA1C, glucose, and age. Patients with values of
HbA1C lower than 5% exhibit a negative Shapley value (blue
points in the leftmost figure). For HbA1C greater than 5%,
SHAP values start to increase (points in the leftmost figure
start turning red), indicating an increasing correlation between
the samples and the positive (diabetes) class. According to this
trend explained by SHAP, we propose an automatic rule to set
the importance threshold based on the median of the SHAP
feature contributions, translating for this specific case into a
threshold for the HbA1C level equal to 5.7%. Interestingly,
this value is in line with the medical evidence4, confirming
the validity of the proposed strategy. Analogous steps can be
followed for the dependence plots of the glucose and age,
leading to an importance threshold of 125 mg/dL for the
former (again in good adherence with medical indications4),
and of 30 for the latter.

To conclude the analysis, in Fig. 3 we also report the
outcomes of LIME for one sample of the dataset (we recall that
LIME provides local explanations). The three most impactful
features are again HbA1C, glucose, and age, with correspond-
ing importance thresholds in line with SHAP results.

4https://www.diabetes.org.uk/guide-to-diabetes/managing-your-diabetes
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Fig. 4. (a) Learning accuracy vs. energy efficiency and (b) F-score analysis
for diabetes (class 1) for the proposed XAI-driven feature selection and LDA-
and PCA-based dimensionality reduction.

C. Benefits on 6G IoT KPIs and KVIs

In this section, we adopt the XAI-driven explainable feature
selection and adaptive sample selection based on the identified
importance thresholds and investigate their impact on some
relevant 6G KPIs and KVIs. The performance of the proposed
XAI-aided strategies is also compared with that of Linear Dis-
criminant Analysis (LDA) and Principal Component Analysis
(PCA), commonly used methods for dimensionality reduction.
While LDA is a supervised method that leverages class labels
to enhance class separability, PCA performs unsupervised
dimensionality reduction by maximizing variance [14].

Explainable Feature Selection. We first consider the adop-
tion of XAI at the network edge to assess the trade-offs
between the accuracy of the learning task (performed with RF)
and the energy efficiency of the network (which represents a
critical KPI and KV enabler for 6G), the latter quantified as
the energy consumed by the edge to offload data to the core
network. We consider 1 pJ/bit as energy/bit consumption and
100 Mbps as data rate, respectively, following the specifica-
tions on eHealth and telemedicine in 6G [3], [15].

Fig. 4a highlights the trade-off between learning accuracy
and energy efficiency when the edge processes and offloads to
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the core: i) the full-dimensional dataset, labeled as Baseline;
ii) the dataset reduced to only the first explainable feature
(HbA1C), labeled as SHAP1; iii) the dataset reduced to only
the three explainable features, labeled as SHAP3; iv) the
dataset reduced to the LDA component; v) the dataset reduced
to only the minimum number of Principal Components (PCs)
needed for PCA to capture 95% of the variance of data,
labeled as PCA2 (since 2 PCs prove enough for the considered
dataset); vi) the dataset reduced to the three most dominant
PCs (capturing 98% of the variance), labeled as PCA3, so that
the dimensionality of the PCA-reduced dataset matches that of
the dataset reduced via SHAP3. Regarding the latter, it is worth
noting that while SHAP and PCA lead to the same number
of columns, their nature differs: SHAP selects a subset of the
features in the original dataset, whereas PCA identifies the
dominant PCs in the transformed data space.

First, we observe that Baseline achieves an accuracy of
approximately 99% (confirming the effectiveness of the RF
model), but requires the edge to consume about 98.50 µJ
of overall energy to offload all data. In contrast, SHAP3

attains an accuracy of approximately 95%, but with an energy
consumption of around 43 µJ, which is dramatically lower, i.e.,
about 56% less, compared to the Baseline. By using LDA, an
accuracy similar to SHAP3 (i.e., around 95%) is obtained, but
with a higher energy consumption (i.e., around 53 µJ). As for
PCA2, it achieves an accuracy about 1% higher than SHAP3,
but at the expense of roughly 28% more energy. Notably,
although PCA2 uses fewer columns than SHAP3, it still
exhibits higher energy consumption due to the larger number
of bits required to represent the PCs (real-valued floating-point
numbers) compared to the features selected via XAI. Using
PCA3 increases accuracy by less than 1% compared to PCA2

(and less than 2% compared to SHAP3), but comes with a
significant rise in energy consumption, i.e., about 22% higher
than PCA2 and 56% higher than SHAP3. Additionally, we
also present the results using only the first relevant feature,
SHAP1: this case yields about 75% accuracy, but halves the
energy consumption relative to SHAP3. Overall, results in
Fig. 4a reveal that the proposed XAI-driven strategies lead to
better trade-offs between accuracy and energy consumption,
in addition to enabling an explainable selection of the most
relevant features impacting the learning task, both aspects that
are not possible using LDA or PCA.

To complement the above analysis, in Fig. 4b we report
a comparative evaluation in terms of the F-score for the
diabetes class (class 1). The F-score is particularly suitable
in the considered IoMT scenario, as it jointly accounts for
false positives and false negatives [12] and is therefore more
informative in the presence of class imbalance, where the
reliable detection of clinically critical cases is of utmost
importance. As shown in Fig. 4b, the proposed XAI-driven
feature selection consistently outperforms both LDA and PCA
methods. In particular, the SHAP3 strategy achieves an F-
score of approximately 94%, closely approaching the Baseline
performance (about 96%) despite relying on a substantially
reduced feature set, and improving the F-score by more than
20% with respect to LDA and by about 15% compared to PCA.
Remarkably, even the extreme reduction achieved by SHAP1

results in an F-score of about 88%, which remains superior to

TABLE II
JOINT FEATURE AND SAMPLE SELECTION AND IMPACT ON 6G KPIS.

Metrics Original
dataset

Proposed XAI-driven
feature and sample selection
SHAPth

1 SHAPth
3

Samples [#]
Total 50000 39659 [79.32%] 32460 [64.92%]

Diabetes 25000 25000 [100%] 24699 [98.80%]
No diabetes 25000 14659 [58.64%] 7761 [31.04%]

Aggregate data rate [Gbps] 5000 3965.90 [20.68%↓] 3246 [35.08%↓]
Transmission delay [s] 1.12 0.91 [18.42%↓] 0.75 [33.23%↓]
Energy consumption [µJ] 98.55 16.47 [83.29%↓] 31.17 [68.37%↓]

both LDA and PCA, even when these methods exploit more
than one feature.

Joint Feature and Sample Selection. We now shift our
focus to the sensing layer to explore the advantages of utilizing
XAI-driven feedback from the edge for XAI-assisted data
collection, and assess its impact on a set of 6G KPIs and KVIs
that are particularly crucial for resource-constrained IoT and
IoMT environments. More specifically, we consider that the
diabetes dataset is collected by low-cost IoT devices and apply
the joint XAI-driven feature and sample selection to both i)
identify a reduced number of features to be collected; ii) select
samples to be priorly or solely transmitted based on whether
their relevant features exceed the importance thresholds.

In Table II we report the obtained results in terms of
aggregate data rate, transmission delay, and energy consump-
tion when either the first or the first three relevant features
identified via SHAP are used and tested against their corre-
sponding importance thresholds for sample selection. In the
following, we label the former and latter strategies as SHAPth

1

and SHAPth
3 , respectively. It can be noticed that SHAPth

3 allows
to strongly reduce the volume of collected data to about 65%,
while preserving about 98.80% of the samples corresponding
to patients affected by diabetes (true positives). This finding
confirms the effectiveness of the explanations provided by XAI
and the efficacy of the proposed automatic rule for setting
the importance thresholds to correctly identify critical medical
situations. Remarkably, SHAPth

3 leads to a reduction of the
aggregate data rate (and therefore advantages in traffic capac-
ity) of about 35%, a decrease of about 33% in transmission
delay, and a 68% reduction in energy consumption on IoT
devices. Adopting SHAPth

1 results in a slightly smaller data
reduction to approximately 79%, but ensures identification of
100% of diabetes patients. In terms of KPIs, SHAPth

1 provides
even greater energy savings of around 83%, as only the first
feature is collected and transmitted. Additionally, the overall
transmission delay is reduced by approximately 18%, while
the aggregate data rate decreases by about 21%.

A similar approach can be applied at the edge: after focusing
on the relevant XAI features, only samples exceeding their
importance thresholds are selected and offloaded to the cloud.
Regarding the KVIs, beyond energy efficiency, the proposed
XAI-driven strategy also enhances privacy by ensuring that
only features and samples identified as relevant by the ex-
plainability analysis are transmitted.

V. CONCLUSIONS AND FUTURE RESEARCH DIRECTIONS

We presented a practical integration of established XAI
methods within 6G IoT architectures at the edge. We discussed
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effective strategies for explainable feature selection and adap-
tive sample selection, emphasizing their influence on critical
6G KPIs and KVIs in dynamic and resource-constrained IoT
environments. An IoMT experimental case study on diabetes
monitoring, conducted in a simulation-based setting using real-
world medical data, demonstrated that the proposed XAI-
driven methods enhance IoT tasks across both edge and
sensing layers. Specifically, at the edge, the proposed XAI-
driven methods achieve a more favorable trade-off between
the accuracy of learning tasks and energy efficiency compared
with traditional dimensionality-reduction techniques such as
LDA and PCA. At the sensing layer, we observe substantial
improvements in aggregate data rate, transmission delay, and
energy consumption, confirming the benefits of applying the
proposed XAI-driven strategies in low-cost IoT devices.

Interesting future research directions could extend this work
by combining XAI and LDA or PCA, with the aim of
leveraging the distinctive peculiarities of both techniques.
Moreover, the adoption of emerging XAI techniques, possibly
in combination with FL and Zero-touch network and Ser-
vice Management (ZSM) and Network Digital Twin (NDT)
paradigms, could be considered. Part of the results could also
be used at the core layer to support the design of adaptive
schedulers for data transmission.
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