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Recent advances in information and communication technologies have led to the widespread use of smart meters, wearable
sensors, and related devices in healthcare, industrial monitoring (e.g., manufacturing and energy systems), and transporta-
tion. These systems generate large volumes of sequential data, yet fully annotating them remains expensive and often
impractical. Consequently, only a small fraction of the data is typically labeled, limiting the applicability of fully super-
vised learning. At the same time, ignoring available labels altogether, as in fully unsupervised approaches, risks discarding
valuable information. This tension has motivated growing interest in semi-supervised methods that learn from both labeled
and unlabeled data. However, many such approaches rely on complex black-box models, making the decision-making pro-
cess opaque, particularly in high-risk domains such as medicine and finance. Explainable Al (XAI) has therefore become
essential for building trust and ensuring accountability in these settings. This review surveys recent advances in explainable
semi-supervised methods for multivariate time-series analysis. We introduce a taxonomy based on how explainability is
integrated, categorizing the approaches as white-box (transparent), post hoc (opaque), and intermediate. Within each cat-
egory, we further classify them by their most distinctive characteristics: the model class for white-box, the interpretability
integration strategy for intermediate, and the explanation technique for post-hoc. We also discuss common practices and
lessons learned in dealing with partial supervision and model interpretability, and highlight key challenges in sequential
data analysis, such as the choice of performance metrics and explanation techniques. We find that, although interest in
explainable semi-supervised time-series methods is growing, the systematic evaluation of explanations remains underde-
veloped and lacks standardized evaluation practices. Nearly 70% of the reviewed works report some form of explainability
validation; however, it is typically indirect, qualitative, or limited in scope. Overall, explainable semi-supervised methods
represent a promising direction for future research, with potential benefits across a wide range of real-world time-series
applications.

Keywords: semi-supervised learning, time series, explainable artificial intelligence, data stream analysis.

1. Introduction To address this gap, we conduct an extensive

) ) ) . literature review focusing on the following three aspects:
In this review, we aim to synthesize the current

landscape of explainable semi-supervised methods for 1. semi-supervised learning (partially labeled learning),
multivariate time series. Given the increasing availability
of sensor data and the practical difficulties of collecting
expert-provided labels across domains (e.g., healthcare
and engineering), semi-supervised approaches are gaining

particular attention. However, many existing methods 3. multivariate time series (data streams, sensor data,

are tailored to tabular (static) data, thereby ignoring the temporal data, time-ordered data, sequential data).
evolving nature of time series.

2. explainability (explainable approaches, interpre-
table, human-consistent, human-centric, hu-
man-in-the-loop),

We conducted the initial search using the Scopus
*Corresponding author database in April 2025, with a final update performed
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Fig. 1. Trichotomous taxonomy of semi-supervised explainable approaches for time series, categorizing methods as white-box (trans-
parent), post-hoc (opaque), or intermediate according to how explainability is incorporated.

in January 2026. The search was limited to journal
articles, book chapters, and conference proceedings
published in English in the fields of computer science,
mathematics, and engineering. The search yielded 123
papers, which underwent in-depth screening, and their
reference lists were also examined to identify additional
relevant works. At this stage, we excluded 72 papers
due to misalignment with the scope of this study. In
particular, we grouped the reasons for exclusion into the
following categories: tailored solely for video/image data
(19 papers), not designed for sequential data (13 papers),
full text unavailable (3 papers), non-generalizable/highly
domain specific (7 papers), no methodological novelty (4
papers), other reasons (e.g., lack of partial supervision,
duplicates, unclear scope) (26 papers).

Finally, during the revision phase, we added three
articles. Consequently, we included 54 papers, which we
discuss in detail in this review. The flowchart is presented
in Fig. 2

When preparing the review, we assess the quality
and novelty of the proposed approaches, paying particular
attention to explainability and interpretability. According
to the Cambridge Dictionary of the English Language,
‘explanation’ is defined as the details or reasons that
someone gives to make something clear or easy to
understand. Barredo Arrieta er al. (2020) define
explainability as the details and reasons provided by
a model to make its functioning clear or easy to
understand for a given audience. Closely related is
the concept of interpretability, which refers to the level
of understanding of how the underlying Al technology
works, whereas explainability concerns understanding
how an Al-based system arrived at a particular result
(ISO, 2020). According to the recent ISO/IEC standard
(IS0, 2025), explainability is a property of an Al system
that enables a specified human audience to understand
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Fig. 2. Flowchart of the paper selection process for this review.

the reasons for the system’s behavior, including how a
particular model outcome is produced. An Al system is
defined as any engineered system that generates outputs
such as content, forecasts, recommendations, or decisions
for human-defined objectives, including both classical
models and more complex approaches such as deep neural
networks (ISO, 2025).

This raises an important question: What does ex-
plainability mean in the context of semi-supervised learn-
ing for temporal data? While the general notion of
explainability can be defined broadly, the form and
scope of explanations depend on the task at hand (e.g.,
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Table 1. Summary of the reviewed papers categorized into white-box (transparent) models, intermediate approaches, and post-hoc
methods, further subdivided by the primary task addressed (e.g., classification, anomaly detection, representation learning).

Task White-box Intermediate Post-hoc  Total
Anomaly detection 1 8 5 14
Classification 8 8 1 17
Clustering 2 1 0 3
Forecasting 0 1 0 1
Other 1 0 2 3
Regression 1 2 0 3
Representation 2 8 2 12
Segmentation 0 1 0 1
Total 15 29 10 54

classification or prediction) and on the methodological
approach used (e.g., the chosen representation or
model). In the following sections, we present
examples of approaches that incorporate explainability or
interpretability. This includes evaluating the presence of
mechanisms that align with human-consistent reasoning
and support human-centric understanding, such as
visualizations, feature attributions, symbolic learning, and
domain-relevant explanations.

We aim to provide a structured overview that
summarizes existing contributions and highlights gaps
and opportunities for future research at the intersection
of explainability, semi-supervised learning, as well as
multivariate time-series and data-stream analysis.

To the best of the authors’ knowledge, no previous
review has systematically examined explainability in
semi-supervised time-series learning yet.  Previous
reviews have explored related aspects of this topic;
however, a comprehensive analysis remains lacking.
For example, Eldele et al. (2024) review strategies
for time-series representation learning under scarce
labeling conditions, while Zhang et al. (2024) provide a
comprehensive survey of recent self-supervised learning
methods for time series.  Other surveys focus on
specific model classes or problem formulations, such as
few-shot learning (Li er al., 2025), anomaly detection
(Saritha and Dhanalakshmi, 2024), and concept drift
(Agrahari and Singh, 2022). We extend these works by
explicitly considering explainability and interpretability in
semi-supervised settings for time-series and data-stream
analysis.

When discussing the explainability of the
state-of-the-art works, we consider a trichotomous
taxonomy (see Fig. [I) which consists of white-box
(transparent) models (Section [2), post-hoc methods
(Section [3) and intermediate approaches (Section ). In
the work of Ali et al. (2023), the intermediate category
is regarded to be gray-box and defined as models that
users can interpret to some degree. Within each category,
we further classify methods depending on the type of
model/reasoning they integrate. Table [Il summarizes

the number of papers considered for each category,
further divided by the main identified problem they
address: classification, forecasting, anomaly detection,
representation, segmentation, clustering, regression,
or other. These tasks represent the primary problems
tackled by the reviewed methods. We provide a detailed
listing of the discussed papers, grouped by primary task
and explainability type, with references in Appendix
(Table[AT).

Finally, in Section 5] we synthesize and discuss
common practices, their advantages, limitations, and the
challenges associated with handling partial supervision
and model interpretability. We place particular focus on
the evaluation of explainability.

2. White-box models

White-box models are designed to be inherently
interpretable, with internal mechanisms and decision
processes that are transparent to humans (Doshi-Velez and
Kim, 2017; Rudin et al., 2022). Their structural design
offers a key advantage: it enables direct explanations
of model decisions without the need for external tools.
In this review, we classify a model as being white-box
when its predictive mechanism can be directly inspected
and understood without resorting to external techniques,
making the relationship between inputs, intermediate
representations, and outputs structurally explicit (Rudin,
2018; Doshi-Velez and Kim, 2017; Lipton, 2017; Molnar
et al., 2020). This makes white-box models particularly
attractive for semi-supervised learning, as their structure
often allows partially labeled data to be incorporated
directly into the learning process, for example, by
modifying rules, constraints, prototypes, or probabilistic
parameters in response to labeled observations.

Within this category, we distinguish several
modeling paradigms that realize interpretability:
rule-based systems, fuzzy logic models, shapelet-based
methods, graphical models, and interpretable neural
architectures. Table[2l summarizes the reviewed white-box
methods.
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Table 2. Summary of the reviewed white-box papers. Paper identifiers follow Table[A2]

ID | Partial supervision Explainability integration/validation Strengths/limitations
[1] | Graph-based label propa- Symbolic representations; logic rules + Handles irrelevant features better via
gation improved distance metric
Indirect validation: predictive performance; - Runtime increases with labeled exam-
qualitative rule examples ples and logical atoms
[2] | Entropy-based selection of Grammar-based description of the temporal + Effective with few labels
unlabeled data event structure
Indirect validation: generalization risk; accu- — Heuristics; no optimality guarantees
racy
[3] | Pseudo-labeling Belief rules; domain knowledge; natural- + Interpretable rule base; improved per-
(self-training model) language explanations; counterfactuals formance via partial supervision
Direct validation: measures (e.g., feature cover- — Validation on a single dataset; expert-
age, relevance, coherence, pragmatism) dependent
[4] | Model trained on anomaly-  Decision tree is used after novelty detection + Hybrid pipeline; physical interpretabil-
free data ity via sensor-location
Indirect validation: sensor-location consistency - Intentional overfitting
[5] | Online active learning Evolving fuzzy system with a shared rule base + Handles multi-label correlations; online
No validation: argued conceptually — Parameter tuning needed
[6] | Rule updating using unla-  Evolving fuzzy rule-based model with Gaussian ~ + Online; evolving; effective with unla-
beled data membership functions; linguistic rules beled data
No validation: interpretability assumed — Domain-specific feature engineering;
heuristic thresholds
[7]1 | Pseudo-labeling Interpretable prototypes and IF-THEN fuzzy + Parameter-free pseudo-labeling; stream-
rules ing data and concept drift
No validation: predictive performance — Prototype optimality not guaranteed
[8] | Dynamic incremental SS- Fuzzy linguistic summaries from semi- + Interpretability; non-stationary data
FCM supervised fuzzy clustering prototypes streams and concept drift
Indirect validation: expert-oriented; consistency — Requires prior domain knowledge;
with clinical observations; usefulness small sample size
[9] | Expert decisions on proto-  Cluster prototypes; rough set decision reducts;  + Prototype-based reasoning; balance be-
types template-based natural language descriptions tween performance and interpretability
Indirect validation: performance, cluster stabil- - LLMs may introduce vagueness
ity
[10] | Constrained K-means Shapelets combined with decision trees + Early online detection
Indirect validation: prediction accuracy; quali- - Requires large simulated offline dataset;
tative domain interpretation of shapelets domain-specific assumptions
[11] | Pseudo-labeling; spectral Inherently interpretable subsequences + Interpretable features; efficient shapelet
regularization learning
Indirect validation: visual inspection of learned - Non-convex optimization; Euclidean
shapelets distance for shapelets only
[12] | Label propagation Inherently interpretable via shapelets and + Efficient candidate selection through
distance-to-shapelet representations salient subsequences
Indirect validation: ablations; visual inspection =~ — Multivariate extension assumes variable
independence
[13] | Pseudo-labeling; Strengthened by diffusion (to resemble real sub-  + Language-shapelet alignment; effective
self-supervised diffu- sequences) and alignment with semantic de- for sparse labels
sion scriptions
Indirect validation: visualizations, t-SNE; abla-  — Univariate; limited if labels lack seman-
tions tic meaning
[14] | Graph-based posterior reg-  KL-based posterior regularization via an exter- + Theoretically justified; scalable; closed-
ularization nal similarity graph form solutions
No validation: only predictive performance — multiple hyperparameters
[15] | Simulated labels (physics-  Explicit mathematical equation; additive, multi-  + Transparent; explicit equations

inspired)

plicative neurons; weights discretization
Indirect validation: prognostic criteria com-
monly used for health indicators

— Training depends on simulated degrada-
tion labels; no uncertainty modeling
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2.1. Rule-based methods. A simple and transparent
category of white-box models comprises rule-based
approaches, which rely on explicit IF-THEN rules to
map inputs to outputs. Due to their logical structure and
interpretability, such models are well-suited to domains
where clarity, explainability, and expert involvement are
important, particularly when the resulting rule set offers a
simpler representation of the decision process than that of
more complex models.

For example, Michelioudakis et al. (2023) present
an online method for learning composite event definitions
from partially labeled data streams, using the event
calculus formalism and an inductive logic programming
framework. The proposed approach infers missing labels
by combining a structural similarity measure, refined
through feature selection, with a mass-based dissimilarity
that reflects the distribution of examples in the data. These
measures are used in a graph-based label propagation
method that incorporates temporal adjacency. The
inferred labels are passed to a structure learner, which
incrementally induces first-order logic rules for complex
events. This enables accurate and scalable learning in
streaming scenarios with limited supervision.

Veeraraghavan et al. (2007) propose a different
approach based on stochastic context-free grammars. A
given event is modeled as a sequence of elementary
actions, each defined by a combination of spatial location
and local motion; together, these sequences serve as
the basis for constructing a grammar that represents
the corresponding event class.  The structure and
parameters of each class-specific grammar are learned
from data using a small set of labeled examples and a
larger pool of unlabeled ones. In an iterative process,
new examples with the lowest conditional classification
entropy (i.e., those most confidently classified) are
incorporated to refine the grammars. Once the model is
learned, classification of a new sequence is performed by
attempting to parse it with each grammar and selecting
the best match. The authors validate their method on
video recordings of traffic intersections. It demonstrates
reliable performance even with limited labeled data and
outperforms spectral clustering, particularly in cases
involving incomplete or partially observed trajectories.

Kabir et al. (2025) propose another approach based
on symbolic knowledge representation, introducing a
self-training framework for predicting building energy
consumption. The method is built on the belief
rule-based expert system (BRBES), a knowledge-driven
symbolic Al model designed to produce interpretable
predictions. The initial BRBES is trained on labeled
data using evolutionary joint optimization of its structure
and parameters, and is refined until it reaches a
predefined accuracy-confidence threshold.  Synthetic
unlabeled data are then generated through weak and
strong augmentation strategies and pseudo-labeled. The

model is subsequently reoptimized with both labeled
and pseudo-labeled data. Its rule-based structure
makes the inference process inherently explainable.
Explanations are derived from the most activated rule
and presented in a human-understandable language, along
with counterfactuals describing how changes to the input
could affect the prediction. On real energy consumption
data, the method outperforms standard semi-supervised
models in both accuracy and explainability.

Rule-based systems may also adopt a data-driven
character. A prominent example of this approach
is decision trees (Quinlan, 1986), which Movsessian
et al. (2020) use in a two-stage method for detecting
and interpreting anomalies in vibration-based structural
monitoring systems. In the first stage, features are
extracted from the covariance matrix of sensor responses
and reduced in dimension using principal component
analysis. ~ Novelty detection is then applied using
the Mahalanobis distance, and anomalies are identified
as observations whose distance exceeded a statistical
threshold. In the second stage, decision trees are used
as a supervised model to classify these anomalies. The
hierarchical tree structure enables identification of the
features and sensors responsible for each classification,
allowing approximate localization of simulated damage
and differentiation between damage levels.

2.2. Granular computing-based methods. A particu-
larly promising subclass of rule-based systems comprises
fuzzy rule-based ones (Zadeh, 1965). Unlike traditional
binary logic systems that operate on strict true/false
values, fuzzy rule-based ones allow rules to be evaluated
to partial degrees of truth, making these systems
especially effective in environments where input data is
uncertain, vague, or imprecise.

Lughofer (2022) proposes a new evolving
Takagi—Sugeno type fuzzy classifier for online multi-label
classification. The model employs a shared fuzzy rule
base in which each rule contains separate regression
consequents for each label, learned online via weighted
least squares with optional L1 regularization. This
formulation enables direct estimation of continuous
output values, which are then thresholded to obtain
a prediction of label presence or absence (0 or 1).
Rule conditions (antecedents) are represented as fuzzy
ellipsoids and are created incrementally by evolving
sample clustering in an expanded space containing
both input features and labels. This approach enables
the creation of rules specific to local regions of the
feature space and accounts for the co-occurrence
of specific labels, which is crucial in multi-label
problems. In addition, the authors introduce local
label correlation learning; rule weights are adjusted
to reflect interdependencies among predicted labels,
thereby improving prediction accuracy when labels are
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not independent. Another important innovation is the
inclusion of an online active learning module, which
allows selective labeling of only those samples that are
new relative to existing rules (outside all ellipsoids),
uncertain (generate predictions with low confidence,
close to the threshold), and statistically informative.
For validation, the authors used five MULAN datasets.
The method outperforms evolving one-versus-rest
and classifier chaining baselines in terms of partial
accuracy and average precision, while maintaining strong
performance even with 90% fewer labeled samples due to
the active learning strategy.

Leite et al. (2020) propose an evolving fuzzy
classifier based on fuzzy decision rules that form its
knowledge base. Each rule describes the relationship
between input values and the class assigned to them.
Such a rule can be exemplified as follows: If the input
features have certain properties, then the object belongs
to the class. These conditions are defined by Gaussian
membership functions, each describing one rule condition
and determining how strongly a given input value fits
into a fuzzy set. The model operates in a streaming
environment and handles partially labeled data. A labeled
sample creates a new rule or updates an existing one
with the corresponding class. Unlabeled samples update
rule parameters if they sufficiently activate a rule. If
a labeled sample later activates an unlabeled rule, it is
assigned the appropriate class. Validation is conducted on
synthetically generated voltage waveforms simulating five
disturbance classes under IEEE standards, with varying
noise levels (20-60 dB) and window lengths (1, 4, 10
cycles). The model is tested in both fully supervised and
semi-supervised scenarios, showing high accuracy and
robustness to noise and unlabeled data.

Gu (2022) also considers data streams and proposes
S30FIS+, a semi-supervised extension of the SOFIS+
model for streaming data with indefinite label delays.
The method uses a C-nearest prototypes pseudo-labeling
strategy, assigning pseudo-labels only when a majority
of the C closest prototypes (one per class) agree on the
label. First, the system is trained on a small labeled
dataset in chunks (priming) to create class prototypes and
IF-THEN fuzzy rules. After priming, unlabeled data
are processed sequentially. For each sample in a new
chunk, distances to existing prototypes are computed and
the C closest prototypes vote for their classes. Finally,
the system retrains using only pseudotagged samples that
satisfy the confidence criterion. As in the priming stage, it
identifies new prototypes representing emerging patterns
and updates the fuzzy rule base. Repeating this cycle for
each data chunk allows the system to evolve over time
without requiring additional labeled data. The method is
validated on 20 benchmark datasets, including stationary,
nonstationary, and image data. It matches or outperforms
state-of-the-art semi-supervised methods in accuracy and

efficiency and shows strong robustness to noise, high
dimensionality, and concept drift.

Another approach employs fuzzy logic combined
with linguistic summarization to provide interpretable
descriptions, as proposed by Kaczmarek-Majer er al.
(2022). Their method builds on the approach introduced
by Casalino et al. (2019), which combines dynamic,
incremental, semi-supervised fuzzy clustering with
linguistic summarization. Clustering is performed
iteratively on consecutive data chunks, and the resulting
clusters are mapped to classes represented by prototypes.
These prototypes are then used to construct fuzzy
membership functions corresponding to linguistic
expressions, enabling the generation of linguistic
summaries. The main contribution is the use of evolving
cluster prototypes to improve the generation of linguistic
summaries. The proposed method is validated for a
particular applied scenario, that is, sensor-based remote
mental health monitoring of bipolar disorder patients.

Another example of granular computing for
reasoning with imperfect time series is presented by
Grzegorowski et al. (2025) in the sales domain. The
authors propose prototype-based clustering for segments
with aggregated historical sales and the use of rough set
theory to explain the clusters obtained from numerical
time-series representations.  Similar historical sales
patterns form granules, and the cluster prototypes are
then considered for decision-making. Experiments show
improved performance, even though individual time
series are not modeled directly. Instead, granulation
enables variance reduction rather than fitting unstable
models to individual series. Experiments confirmed that
this granular computing approach is particularly helpful
for imperfect time series (short, sparse, noisy, seasonal).
Unlike many approaches that rely on feature importance
rankings, the paper considers minimal feature subsets
derived from rough sets, leading to more structural rather
than heuristic interpretations.

2.3. Shapelets. An important direction in explainable
time-series analysis emerged with the introduction of
shapelets (Ye and Keogh, 2009), i.e., interpretable
and discriminative subsequences used for classification,
which offer both strong predictive performance and
interpretability. However, because classical shapelet
discovery methods rely on supervised learning, they
typically require large amounts of labeled data to identify
informative subsequences. This limits their applicability
in real-world scenarios where annotations are scarce
or costly. Consequently, recent work has focused on
adapting shapelet-based approaches to semi-supervised
and unsupervised settings in order to leverage unlabeled
data, which is often more readily available.

Zhu et al. (2016) present one of the earliest
attempts to leverage semi-supervised learning for shapelet
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discovery, addressing the lack of fully labeled data
in online short-term voltage stability assessment for
power systems. A subset of observations that can be
confidently labeled using domain knowledge is used to
define must-link and cannot-link constraints, guiding a
constrained K-means clustering process that assigns labels
to the remaining data. To improve the efficiency of
shapelet discovery, two strategies are employed. One
is sampling search, in which shapelets are extracted
from randomly selected subsets of the dataset to reduce
computational cost. The other is adaptive variable-step
search, in which the shapelet window advances across
segments defined by a piecewise linear approximation,
rather than moving point by point. Distances between
each selected shapelet and the full set of time-series
samples are computed and used to transform the data into
a conventional feature space. A decision tree classifier
is then applied to this representation, offering both
accurate classification and interpretability. Validation on
the real data demonstrates both high predictive accuracy
and computational efficiency, confirming the method’s
suitability for real-time voltage stability assessment.
While Zhu et al. (2016) employ partial supervision as a
preprocessing step to generate labels, Wang et al. (2019)
introduce a more integrated method, semi-supervised
shapelets learning (SSSL), in which unlabeled data are
incorporated through pseudo-labels that are iteratively
updated. The approach formulates a joint optimization
problem with an objective function that combines a
regularized least-squares loss for labeled and unlabeled
data, a spectral regularization term to preserve the
local structure among unlabeled series, and a shapelet
similarity regularization term to discourage redundant
or highly similar shapelets. Shapelets, pseudo-labels,
and classifier weights are learned and optimized using a
coordinate descent algorithm, as the optimization problem
is non-convex. Validation on 13 real-world UCR datasets
indicates strong performance and superiority over other
state-of-the-art methods for time-series classification.

Cai et al. (2023) also explore improved methods for
shapelet discovery. The authors propose SE-shapelets,
a method to address the prevalence of uninformative
subsequences in time-series data. It leverages
a small number of labeled time series and propagates
pseudo-labels to nearby unlabeled instances, thereby
guiding the discovery of representative shapelets. A
salient subsequence chain (SSC) is used to extract salient
subsequences, defined as those that differ most from
their neighbors according to Euclidean distance, thereby
reducing the candidate pool. Then, K-means clustering is
applied to group similar candidates, with cluster centers
forming the final candidate shapelets. Further, a linear
discriminant selection (LDS) procedure selects the most
representative shapelets by integrating a binary selection
matrix with linear discriminant analysis to identify

shapelets that best separate time series from different
classes for clustering. The authors’ validation includes
85 datasets from the UCR archive (Dau et al., 2018),
on which their method outperforms constraint-based,
label-based, and unsupervised shapelet-based clustering
methods, achieving the highest average Rand index and
rank. Ablation studies demonstrate that both the SSC and
LDS have a positive impact on clustering performance.

A method more grounded in deep learning is
DiffShape (Liu et al., 2024). The first core component
is a self-supervised diffusion learning mechanism in
which shapelets are learned from time-series data
using a convolutional layer. The most similar real
subsequences are then identified and used as conditions
in a diffusion model to guide the generation of new
shapelets that resemble real patterns. Second, a
classifier trained on labeled data assigns pseudo-labels
to the unlabeled data, enabling the construction of
natural language descriptions for those samples. In the
contrastive language-shapelet learning stage, both real
and generated shapelets are embedded and aligned with
their corresponding text embeddings via a contrastive loss,
thereby enhancing their discriminability. The authors
perform a thorough validation on 106 datasets from the
UCR time-series archive, comparing DiffShape against
various semi-supervised classifiers and showing that it
outperforms the baselines in both classification accuracy
and interpretability, particularly in low-label regimes.

2.4. Graphical models. Another subclass comprises
graphical models, such as Bayesian networks, where the
conditional dependence structure among random variables
is represented by a graph. These models can incorporate
prior or domain knowledge by explicitly specifying
relationships among variables through the graph structure.
Their interpretability largely depends on the graph’s
complexity and sparsity, with simpler and sparser graphs
generally promoting interpretability, robustness, and
computational efficiency in high-dimensional graphical
models (Friedman et al., 2008).

Motivated by these advantages, Vinzamuri et al.
(2020) propose an anomaly detection framework for
sensor data that leverages sparse Gaussian graphical
models (SGGMs) to capture only the most informative
conditional dependencies among variables. The method
employs partial supervision by leveraging known failure
points to segment the time series into normal and
pre-failure regimes.  Separate graphical models are
then learned for each regime, and statistical distance
measures, such as the Kullback-Leibler divergence and
the Frobenius norm, are used to quantify differences
between them, where large deviations may indicate
anomalies. A key contribution is the incorporation of
domain semantics, represented through semantic graphs,
into model construction to improve interpretability and
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predictive performance. Validation includes benchmarks
on several public tabular datasets, where the method either
outperforms or closely competes with state-of-the-art
baselines. A case study demonstrates high precision and
recall across all turbines, as well as improved anomaly
separation after incorporating semantic knowledge. The
system also leverages modules such as IBM OpenScale to
provide contrastive explanations, supporting diagnostics
for reliability engineers. However, their transparency is
not fully confirmed in the paper.

Libbrecht et al. (2015) introduce the entropic
graph-based posterior regularization (EGPR) method,
a graph-based posterior regularization technique that
encourages similar data points to have similar posterior
label distributions in probabilistic models. Notably,
EGPR does not introduce a new probabilistic model per
se; rather, it acts as a regularization mechanism that can
be integrated into existing models, potentially improving
the consistency and interpretability of their predictions.
The novelty lies in applying posterior regularization based
on KL divergence, using an arbitrary regularization graph
rather than directly modifying the model’s parameters.
Inference and learning are performed with a three-way
alternating optimization (with closed-form updates) that
involves smoothing posteriors over the graph, performing
standard inference, and updating parameters. Validation
on synthetic and genomic data shows that incorporation of
EGPR improves clustering accuracy in simulated settings
and reduces the root mean square error (RMSE) in
genome annotation compared to baseline models.

Although graphical models are inherently
transparent and appealing for illustrating complex
relationships  and semantics, in  real-world
semi-supervised time-series contexts they are often
insufficient on their own to address the full problem.
At the same time, approaches that use graphical
representations alongside other learning mechanisms
have proven effective. We will cover these aspects under
the category of intermediate explainable approaches and
discuss them in more detail in Section BT}

2.5. Interpretable neural networks. Although deep
neural networks have dominated recent developments
in machine learning, shallow architectures still appear
in contexts where interpretability is important. Moradi
et al. (2024) propose an interpretable neural network to
construct health indicators for aircraft engines, aiding
in remaining useful life prediction. They evaluate
it using monotonicity, prognosability, and trendability.
Unlike conventional deep learning models, which often
lack physical interpretability, the proposed architecture
includes additive and multiplicative layers to address this
issue. The integration of these layers within the model
facilitates combining system characteristics through both
multiplicative and divisive processes. Consequently, the

model is designed to capture the system’s properties and
behaviors more accurately. To enhance interpretability,
the model uses a ternary weight discretization method that
converts continuous weights into three discrete categories.
This approach reduces model complexity by lowering
parameter count and simplifying equations. The study
employs a semi-supervised learning approach, using
simulated labels inspired by the physics of progressive
damage. The approach enables the implicit incorporation
of non-differentiable criteria into the learning process.
The methodology is tailored to commercial turbofan
engines, producing interpretable health indicators while
balancing model complexity and explainability.

2.6. Summary. Table[3 provides a qualitative compa-
rison of white-box model families discussed in this
section, highlighting their core design principles,
explainability strengths, typical limitations, and
mechanisms for addressing partial supervision.
White-box models offer a clear and trustworthy alternative
to complex black-box approaches; however, this benefit
often comes at a cost, as they may exhibit lower
predictive performance than black-box models (Vernon
et al., 2024; Fernandez-Delgado et al., 2014; Krizhevsky
et al., 2017). Yet the extent to which this trade-off holds
universally remains an open question (Bell ez al., 2022).
Recent studies suggest that the trade-off between accuracy
and explainability is less pronounced and more nuanced
than previously assumed (Kruschel et al., 2024; Bell
etal., 2022).

White-box models are inherently interpretable and
do not require external explanation tools that may
reduce clarity or be unreliable in some contexts. This
property makes them particularly suitable for high-stakes
applications where trust, accountability, and human
oversight are essential. However, even interpretable
models can become opaque when embedded in complex
preprocessing pipelines or frameworks that involve
extensive data transformations, obscuring the original
meaning of input variables.

3. Post-hoc methods

Designing interpretable models often involves imposing
structural constraints (e.g., sparsity or monotonicity),
which can increase modeling complexity and make
optimization more challenging (Rudin, 2018). As a result,
many machine learning models are not designed to be
inherently explainable and provide only limited insight
into the mechanisms underlying their predictions. This
is particularly common for complex black-box models
such as deep neural networks or ensemble methods. In
such cases, external techniques are required to obtain
insight into the model’s decision-making mechanisms
(Doshi-Velez and Kim, 2017). These techniques are
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Table 3. Comparison of white-box model families discussed in Section 2] showing their core ideas, strengths, limitations, and how

partial supervision is employed.

Model family Core idea Strengths (XAI) Typical limitations Partial supervision

Rule-based meth- | Explicit IF-THEN  Fully transparent; Rule explosion; limited Entropy-based selection; label

ods logic human-readable rules  scalability; vulnerable to  propagation; pseudo-labeling

noise

Granular Soft rules; soft Handles uncertainty; Rule-base growth; pa- Pseudo-labeling; active learn-

computing-based clustering linguistic  explana- rameter tuning ing; evolving rules, constraint-

methods tions based clustering

Shapelets Discriminative Local; time-aware ex-  High computational cost ~ Constraint-based  clustering;
subsequences planations label propagation, pseudo-

labeling

Graphical models Probabilistic de- Causal and relational  Scalability; structure  Co-training; failure-guided par-

pendency graphs interpretability learning complexity titioning

Shallow or con-
strained architec-
tures

Interpretable neural

networks and equations

Interpretable weights

Limited complexity Simulated labels

referred to as post-hoc methods; they are typically not
integrated into the model’s training process, but instead
analyze a trained model’s outputs to infer which features
influence predictions, either locally or globally.

Post-hoc explainability methods have become a
common practical approach for interpreting complex
models. Among these techniques, feature-attribution
methods are particularly widespread in the literature. In
this section, we categorize the reviewed articles according
to the type of post-hoc explanation technique employed,
distinguishing among SHAP, LIME, and other dedicated
approaches. A summary of the analyzed post-hoc
methods, together with their main characteristics, is
provided in Table 4]

3.1. Shapley values. One of the most widely used
post-hoc interpretability approaches is the SHAP (Shapley
additive explanations) framework (Lundberg and Lee,
2017), which is based on cooperative game theory. SHAP
assigns each variable a value representing its contribution
to the model’s prediction. The method relies on Shapley
values (Shapley, 1953), which quantify each feature’s
contribution by averaging its marginal contribution over
all possible feature subsets. SHAP is widely used as a
post-hoc explainer across a range of practical domains
and frequently appears in studies comparing post-hoc
explainability methods (Givisis et al., 2025; Noah and
Pum, 2024; Salih et al., 2025; Nguyen et al., 2021).

Rao and Wang (2024) propose an explainable
semi-supervised learning framework for fault detection
and diagnosis in chemical processes. = The method
integrates three components: a backbone network that
combines multiple pattern representation, multi-head
self-attention, and temporal convolutional networks with
dense connections (DTFCN), a semi-supervised learning
framework based on MixMatch that uses consistency
regularization and entropy minimization, and a post-hoc

explanation module based on SHAP. Here SHAP is
applied to pattern-level representations of windowed
time-series data, and the resulting attributions are
aggregated across temporal and pattern dimensions to
obtain per-variable relevance scores. The approach is
validated on two benchmark processes under supervised,
semi-supervised, and imbalanced conditions. In the
supervised setting, the DTFCN achieves superior mean
fault detection rates compared to other deep learning
models, while the proposed method offers a competitive
performance in semi-supervised and data-imbalance
settings.

SHAP values are also employed as part of an
integrated framework for detecting sensor faults in
structural health monitoring systems.  To increase
interpretability, Martakis et al. (2022) introduce the
concept of decision trajectories, a visualization obtained
by interpolating Shapley attribution values that shows
how successive features affect the final classification of
a sample. The main idea of the presented framework
is to use only data from properly functioning sensors
(healthy sensors). In the first stage, the support vector
machine (SVM) algorithm is used as a one-class classifier
to identify data that deviates from the normal pattern. Data
points that fall between the 90th and the 99th percentile
thresholds are considered uncertain, while predictions
above the 99th percentile threshold indicate abnormal
behavior. The predictions of this model are then used
as labels (“normal”, “uncertain”, and “abnormal”) in the
second stage, where the XGBoost classifier is trained.
Detected anomalies with identical characteristics are
expected to yield similar decision trajectories. To compare
these quantitatively, the authors introduce a measure that
evaluates their consistency against reference benchmarks.
They argue that this modification may become a powerful
tool for fault detection.

Fouzi et al. (2024) and Harrou et al. (2024) provide
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Table 4. Summary of reviewed post-hoc papers. Paper identifiers follow Table[A2]

ID | Partial Supervision Explainability Integration/validation Strengths/limitations
[16] | MixMatch-style learn- SHAP feature attribution over process + Strong empirical performance; broad applica-
ing; pseudo-labeling variables bility
Indirect validation:  agreement with — High training cost; explanations are correla-
known fault mechanisms tional, not causal
[17] | Self-labeling; training Decision trajectories built upon accumu- + Does not require fault labels; application-
on anomaly-free data lated SHAP values agnostic
Indirect validation: visual and quantita- - Limited distinction between similar fault types;
tive consistency of decision trajectories  faults must be observable
within fault classes
[18] | Model trained on nor- SHAP values on a surrogate model, not + Strong empirical performance; handles non-
mal  (no-occupancy) the detector itself Gaussian multivariate data
data
No validation — SHAP applied to a secondary model, not the
anomaly detection model
[19] | Model trained on nor- SHAP values on a surrogate model, not + Strong empirical performance; handles non-
mal  (no-occupancy) the detector itself Gaussian multivariate data
data
No validation — SHAP explains another, supervised model: ex-
planations are not faithful; single dataset for val-
idation
[20] | Contrastive pretraining; SHAP values + Effective use of unlabeled data
supervised fine-tuning
No validation — Limited evaluation; high computational com-
plexity
[21] | Semi-supervised cross- LIME identifies features influencing pre- + Reduced sensor requirements and operational
modal  representation  dictions for visual and audio inputs cost
learning
Indirect validation: visual inspection of — Sequential structure is largely discarded;
LIME masks domain-specific assumptions
[22] | Pseudo-labeling with  Agreement between local and global in- + Model-agnostic; empirical gains in perfor-
double verification terpreters mance
Indirect validation: proxy metrics (fi- — Domain specific; hyperparameters chosen em-
delity, stability, robustness, efficiency, pirically
AOPC)
[23] | SVM-based Five explicit, human-interpretable met- + Multivariate evaluation; visualization of ex-
semi-supervised model  rics that characterize embeddings proper-  plicit temporal metric
ties
Indirect validation: consistency across — Limited interpretability scope (embedding ge-
datasets ometry)
[24] | Pairwise constraints in LinC explains relations in COBRAS by + Clear visual explanation of clustering deci-
COBRAS connecting instances through chains of  sions; helps with stopping decision
constraint- and similarity-based links
Indirect validation: visualization; consis- — Model-specific; depends on quality of distance
tency with ground-truth labels metric
[25] | GraphSAGE; GNN-Explainer; image-level inter- + Leverages graph topology; handles multi-
contrastive pretraining pretability instance data
Indirect validation: subgraphs checked - Performance may degrade with very few known
against known biological pathways; re- interactions; limited datasets
construction quality

additional examples of the use of Shapley values by
proposing complementary approaches based on statistical
and distance-based anomaly detection methods. These
methods employ independent component analysis (ICA),
the Kantorovich distance, and double exponentially

weighted moving averages (DEWMAs) to detect changes
in occupancy and driving behavior.  First, ICA is
used to extract independent latent components from
multivariate signals. The Kantorovich distance quantifies
the difference in the distributions of the baseline and
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test signals. DEWMASs then tracks these differences
over time to identify gradual or sudden anomalies.
A nonparametric, kernel-based thresholding strategy
enables detection under weak supervision. Yet, to apply
SHAP, the authors ignore these advanced representations
and instead explain a completely separate XGBoost model
trained on raw inputs. This creates a disconnect between
the detection model and the explainability analysis,
limiting the relevance of the insights derived from SHAP.
However, the analysis highlights the significance of
different environmental factors.

Sun et al. (2025) propose a semi-supervised learning
framework that combines self-supervised contrastive
learning with a transformer encoder for lithology
classification. The approach first uses unlabeled
sequences in a self-supervised pretraining phase, where
two augmented views of the same sequence are passed
through a shared encoder. A contrastive objective
based on negative cosine similarity, without explicit
negative samples, is employed, with gradient stopping
to prevent collapse. After pretraining, the encoder
is fine-tuned using a limited amount of labeled core
data. For interpretability, the trained model is analyzed
with SHAP, which provides feature-level attributions for
individual lithology predictions and feature interaction
effects. The method is thoroughly validated on two
real-world well-logging datasets, where it demonstrates
strong performance, better than that of state-of-the-art
models in accuracy and other metrics.

3.2 Other local explanations. Another popular
post-hoc explanation method is local interpretable
model-agnostic explanations (known as LIME) (Ribeiro
et al., 2016). LIME approximates the behavior of a
complex model around a particular observation by fitting a
simple local surrogate model (typically linear regression),
enabling the identification of features that most strongly
influence the prediction.

Xie et al. (2025) propose cross-modality knowledge
transfer (CMKT) for in-situ defect detection using audio
and visual sensor data, with explanations generated
with LIME. The aim is to maintain high predictive
performance using only data from a single sensor, thereby
reducing costs. To this end, three CMKT methods are
proposed: semantic alignment, fully supervised mapping,
and semi-supervised mapping. Semantic alignment uses
a shared encoder and classifier across modalities, trained
with losses that encourage alignment of same-class
samples from different modalities while separating
samples from different classes. Fully and semi-supervised
mapping approaches learn to map features from one
modality to another by training a model using either
known labels (fully supervised) or autoencoder-based
unsupervised representations (semi-supervised), followed
by supervised classification on the mapped features.

In a case study, the authors compare the proposed
methods against single-modal and multimodal fusion
baselines.  Semantic alignment CMKT achieves the
highest performance with a single modality at test time,
slightly outperforming full multimodal fusion. LIME
reveals that these models focus on more relevant, shared
features while discarding modality-specific noise.

3.3.  Other. Beyond standard post-hoc explanation
methods such as SHAP and LIME, some studies propose
dedicated explainability approaches designed to better
align with the specific structure or context of the
application.

Yuan et al. (2024) focus on improving the reliability
of anomaly detection explanations by introducing
SADDE, a framework designed to provide reliable
interpretations for anomaly detection and generate
high-confidence pseudo-labels in low-label settings. This
method combines two key components: the global-local
knowledge association mechanism and the two-stage
semi-supervised learning system. The former improves
the trustworthiness of model interpretations by combining
insights from two different interpretability methods: a
local interpreter (e.g., DeepLift (Shrikumar et al., 2019)),
which identifies key features influencing the prediction
for a single instance, and a global interpreter, which
identifies important features at the cluster level. A
similarity score is computed between the key features
identified by the local and global interpreters. If it
exceeds a predefined threshold and both models assign
the same label, the pseudo-label is accepted as reliable
and used for retraining. This double verification
mechanism filters out unreliable pseudo-labels, reducing
false positives and missed detections. The authors validate
SADDE on two public network anomaly detection
datasets using only a small fraction of labeled data for
pre-training. The framework is shown to outperform
eight state-of-the-art interpreters (in fidelity, stability,
robustness, and efficiency) and five semi-supervised
learning baselines. These results demonstrate SADDE’s
effectiveness in producing interpretable and accurate
anomaly detection under limited supervision. An essential
aspect of model interpretability is evaluating the quality of
the explanations produced.

Atitey et al. (2023) propose MIBCOVIS, a ben-
chmarking framework for evaluating dimensiona-
lity-reduction techniques used for dynamic or spatial
visualization and interpretability when ground truth is
unknown. The framework integrates five evaluation
metrics: the occupation index, which measures projection
space coverage; the uniformity index, which quantifies the
spatial uniformity of the embedding; the gradient boosting
classifier index, which assesses classification accuracy in
the reduced space; the separability index, which assesses
cluster separation based on nearest-neighbor consistency;
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and the time order structure index, which evaluates
preservation of temporal or spatial ordering. These
metrics are jointly modeled in a hierarchical Bayesian
framework to compare and rank dimensionality reduction

methods.  The framework is particularly suited for
analyzing large-scale biological data, such as single-cell
analysis.

Lin et al. (2025) propose LinC, a local

post-hoc explanation method for the constraint-based
semi-supervised  clustering  algorithm  COBRAS
(Van Craenendonck et al., 2018a) and its time-series
variant COBRAS-TS (Van Craenendonck et al., 2018b),
designed to help users assess clustering quality and
decide when to stop the interactive process. Instead of
visualizing clusters by overlaying all time series, LinC
explains the relationship between two selected instances
by constructing a chain of intermediate instances linked
by either a user-specified constraint or a high degree of
similarity. The method is qualitatively validated on three
labeled time-series datasets.

Another post-hoc method is MIGGRI (Huang et al.,
2023), a two-stage framework for gene regulatory
networks inference from spatial gene expression images.
First, a neural network is trained with supervised
contrastive loss to learn image embeddings using known
interacting and non-interacting gene pairs. Second, a
multi-instance GraphSAGE model aggregates per-gene
image embeddings and performs semi-supervised link
prediction using partial GRN topology. The framework
leverages the post-hoc explainability tool GNN-Explainer
(Ying et al., 2019), which identifies a compact
subgraph and a small subset of node features that
are most influential for a specific prediction. The
explanation is formulated as an optimization problem
that maximizes mutual information between the model’s
prediction and the selected subgraph and features.
Experiments on Drosophila developmental datasets
demonstrate improved GRN reconstruction performance
compared to image-only baselines.

34. Summary. Some authors propose custom
explainability tools and frameworks that introduce
specialized interpretability approaches, such as SADDE
(Yuan et al., 2024) and quality measures within the
MIBCOVIS framework (Atitey et al., 2023), often tailored
to domain-specific tasks. = These methods combine
multiple sources of information and incorporate additional
mechanisms to assess the reliability of explanations in
complex analytical settings. However, most post-hoc
approaches discussed in this review rely primarily on
SHAP or LIME for interpretation (Rao and Wang, 2024;
Martakis et al., 2022; Harrou et al., 2024; Fouzi et al.,
2024; Xie et al., 2025).

This is most likely due to the popularity and
ease of interpretation of these approaches, as they

are model-agnostic and offer valuable insights into
model decisions. While SHAP values are often
considered more robust across models (Schlegel et al.,
2019), LIME’s reliance on perturbation sampling may
generate out-of-distribution instances, leading to unstable
explanations (Meng et al., 2024). However, the
applicability of these frameworks to sequential data
remains contentious. We further investigate this aspect in
Section[3.3

Ultimately, choosing between white-box and
black-box models depends on the specific goals and
constraints of a given task. No single approach is
universally optimal (Wolpert and Macready, 1997), and
model choice should be guided by the application
domain and the nature of the available data
(Loyola-Gonzalez, 2019). Despite the significant and
growing research interest in white-box approaches
(Vilone and Longo, 2020; Finzel, 2025; Long
et al., 2025; Di Marino et al., 2025), post-hoc methods
remain the most prevalent class of explainability
techniques in the literature, accounting for a substantial
fraction (approximately half) of all explainability
approaches (Nauta et al., 2023). These methods are
frequently applied to deep neural networks, which
achieve state-of-the-art performance on many time-series
tasks (Turbé et al., 2023). However, their opacity
often necessitates post-hoc explanation tools that may
introduce additional risks in sensitive applications
where trust, insight, and accountability are essential
(Rudin, 2018; Linardatos et al., 2020).

4. Intermediate approaches: From
regularization to embeddings

The distinction between inherently transparent white-box
models and purely post-hoc explanations is often overly
simplistic. While white-box models provide structural
clarity, they may lack representational flexibility for
complex multivariate time series. Conversely, post-hoc
explanations applied to opaque models can suffer from
approximation errors, instability, and faithfulness issues
(Rudin, 2018; Slack et al., 2020).

Intermediate approaches aim to bridge this
gap. Rather than restricting the hypothesis space to
fully transparent forms or treating explanations as
external artifacts, they integrate interpretability directly
into the learning process. This is achieved through
structured embeddings, sparsity-inducing regularization,
graph-based modeling, disentanglement objectives,
prototype learning, or domain-informed constraints
(Doshi-Velez and Kim, 2017; Rudin et al., 2022).

The interpretability of such systems relies on
the assumption that the learned representations are
semantically meaningful. Consequently, representation
learning and feature construction are not merely auxiliary
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Table 5. Summary of the reviewed intermediate papers. Paper identifiers (ID) follow Table [A2]

ID Partial supervision Explainability integration/validation Strengths/limitations
[26] | Coarse labels, sub- And-or graph and spatio-temporal + Sensitive to motion changes; interpretable hier-
maneuver discovery LSTM archical representation
No validation: argued conceptually and - Feature engineering required, high data de-
structurally mands
[27] | Pseudo-labeling Interpretable multi-view state-transition  + Interpretable representation
graphs
No validation: conceptual, not empiri- - Discretization sensitivity; domain-specific
cally assessed
[28] | One-class learning Regularized interpretable spatial-  + Interpretable architecture
temporal GCN
Indirect validation: alignment with man- - Offline training only
ual inspection; case studies
[29] | Self-supervision Attention weights in the graph attention + Personalized, adaptive thresholding; intuitive
network graph representations
Indirect validation: illustrated qualita- - Scalability concerns with large numbers of sen-
tively; case studies; heatmaps sors
[30] | Label propagation Graph-based learning as a linear, shift- + Scalable; unique solution; simple, closed-form
invariant graph filter expression
No validation: theoretical and analytical ~ — Unclear role of parameter o; analysis limited to
doubly stochastic graphs
[31] | Physical model con- Physical model; initial model constraints;  + Physics-guided explainability, works well with
straint sparsity regularization limited labeled data
Indirect validation: geological consis- - Domain-dependent; fine-tuning
tency
[32] | Graph-regularized L1-regularized linear SVM + Interpretability via sparsity; temporal feature se-
SVM; transductive lection
SVM
Indirect validation: non-zero weights - Limited performance of TSVM; inconsistent
correspond to specific time points with  performance improvement
known behavior
[33] | Failure-guided data Sparse GGM + semantic knowledge + Interpretable probabilistic structure; context in-
partitioning graph; post-hoc contrastive explanations tegration
(IBM OpenScale)
Indirect validation: expert confirmation - Semantic models require expert knowledge
by reliability engineers
[34] | Medical labels guide Interpretable latent temporal processes + General; supports clustering, forecasting, and
specific latents and disentanglement guided by medical uncertainty quantification
knowledge
Indirect validation: latent trajectory vi- — Weaker than dedicated supervised models; re-
sualization, clustering, and disentangle- quires domain labels
ment comparison
[35] | Cross-entropy regular- Joint training of a classifier and VAE: + Continuous diagnostic map; clinically aligned
izes the latent space cluster separation with semantic meaning latent space
Indirect validation: expert evaluation - Classifier regularization harms generative qual-
on patients; controlled simulations with ity
known parameters
[36] | Graph-based label Latent space structuring, enforced via + Robustness to perturbations; improvement over
propagation compact clustering supervised baseline
Indirect validation: t-SNE visualizations — No interpretability in the input space; evaluation
of the latent space; cluster purity on a single aviation dataset
[37] | Label-aligned su-  Supervised latents reconstruct labels; un- 4+ Combines expert and learned features; improves
pervised latents and supervised latents are orthogonal and en-  downstream tasks
orthogonal residual  couraged to be disentangled
latents

Indirect validation: visual latent traver-
sals; label reconstruction; interpretable
downstream tasks

— Manual, costly hyperparameter tuning; depen-
dence on labeled pose features
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[38]

Centroid-based regular-
ization

Interpretable embedding space and spa-
tial interaction modeling
Indirect validation: t-SNE visualizations

+ Spatio-temporal dynamics; visual interpretabil-
ity of the training dynamics
— No explainability in the input space

[39]

Manifold regularization
on unlabeled data

Explicit feature construction and projec-
tion matrices

Indirect validation: feature separability
visualization (t-SNE)

+ HDC improves performance over raw sensor
features

— HDC representation lacks semantic inter-
pretability

[40]

Self-supervised  pre-
training; supervised
triplet construction

Space structuring with a triplet loss: clus-
ters correspond to fault types

Indirect validation: t-SNE visualization;
Calinsk—Harabasz index

+ No predefined number of clusters; low labeling
cost

— Not suitable for real-time inference; explain-
ability is geometric

[41]

Labels used for classifi-
cation thresholds

Most non-Gaussian components treated
as most discriminative
No validation

+ Improved stability of ICA

— Limited usage of labeled data

[42]

Labels structure the la-
tent space

Label-aligned latent variables encoding
interpretable signal parameters

Indirect validation: signal parameter re-
covery; visual inspection of localized re-
construction errors

+ Interpretable latents; anomaly localization

— Interpretability is limited to a few predefined
latent variables

[43]

Label-guided encoder
fine-tuning

Mapping graph representation to discrim-
inative functional connections and asso-
ciated brain regions

No validation

+ Domain grounded representations; robust fea-
ture learning

— No instance level interpretability

[44]

Labels for fine-tuning
with regularization

Temporal progress embeddings: spatial
attention heatmaps aligned with report
semantics
Indirect validation: comparison of atten-
tion maps and clinically meaningful re-
port terms

+ Alignment with radiology report semantics; no
dense labels required

— No instance-level explanations; reliance on at-
tention mechanisms

[45]

Contrastive pretraining
and gradual unfreezing

Latent representations comparison using
protected attribute conditioned similarity
Indirect validation: correlating represen-
tation similarity gaps with performance
and fairness gaps

+ Reducing fairness disparities across protected
attributes
— Descriptive representation similarity

[46]

Labeled data for dictio-
nary generation

Interpretable signal-processing features;
linear predictive coding
No validation

+ Dictionary-based behavior modeling; adaptive
discovery of novel events
— Manual thresholds, feature engineering

[47]

Ground-truth for hyper-
parameter tuning

Matrix-based semantic segmentation
curves; optimal transport barycenters
Indirect validation: visual alignment of
segmentation curves with known ground-
truth events

+ Handles concept drift and anomalies jointly; ro-
bust multi-sensor pooling

— Multiple preprocessing steps and hyperparam-
eters

(48]

Weakly supervised non
contrastive learning

CNN-based spatial self-attention weight
extraction

Indirect validation: visual inspection of
attention weights vs. threshold baseline

+ Cause-effect link;
threshold-based methods
— Heuristic thresholds; no ground-truth fall labels

improved recall over

[49]

Reconstruction-based
framework

Confidence-aware ~ imputation  and
discriminator-based uncertainty

Indirect validation: confidence and tra-
jectory support analysis; alignment with
historical means

+ Robust to sparse observations; more stable than
GAN-based imputation; scalability

— Confidence-only interpretability;
ture/instance rationale

no fea-

[50]

Unsupervised  discov-
ery;  semi-supervised
tuning

Feature construction based on domain
knowledge and gray-box modeling

Indirect validation: expert inspection and
qualitative alignment with known and
simulated faults

+ Expert knowledge incorporation; detection of
multiple anomaly types

— Tedious feature engineering; false positives
risk; limited scalability
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[51] | Pairwise must/cannot-
link constraints
No validation

Pairwise constraints reflecting user in-
tent; interpretable cluster prototypes

+ No predefined number of clusters; handles sep-
arated components
— Computational cost; prone to noise

[52] | Constrained cluster ex-
pansion cients
No validation

Interpretation of linear regression coeffi-

+ Transferability; physically meaningful parame-
ters
— Heuristic parameters; domain assumptions

[53] | Must/cannot-link con-
straints
No validation

Constrained DTW-preserving shapelets;
shapelet cluster explanation process

+ Integrates expert knowledge; constraints gener-
alize to new data
— Dependence on DTW quality

[54] | Domain adaptation

tions

Explicit Granger-causal graphs
Indirect validation: visualization; abla-

+ Causal interpretability; theoretical guarantees
— Predefined time lag; causal assumption

components but central elements of explainability. The
intermediate approaches examined in this section can
therefore be viewed as mechanisms that constrain
representation learning so that the resulting features align
with domain-relevant structures rather than arbitrary latent
abstractions.

By embedding interpretability into the architecture
or objective function, these methods often preserve
much of the predictive power of deep models while
improving transparency (Bell er al., 2022; Kruschel et al.,
2024). However, the faithfulness and robustness of such
explanations vary considerably and remain active areas of
research (Linardatos et al., 2020).

In this section, we examine how interpretability
is embedded into the learning process. Specifically,
we analyze how structural choices at the level of
representation, objective function, or domain constraints
shape the transparency of semi-supervised models.
Table [5] summarizes the reviewed intermediate methods
individually.

4.1. Graph and structured representations. A
common strategy in intermediate approaches is to embed
structural priors into the model representation. Rather
than relying exclusively on abstract latent features,
these models use graphs, hierarchical structures, or
physically grounded constraints to encode relational,
spatial, or temporal dependencies. Interpretability
is enhanced by aligning the internal representation
with the known data topology or domain structure,
facilitating a correspondence between learned patterns
and real-world relationships. ~ Within this family of
approaches, three recurring design principles emerge: (i)
hierarchical decomposition of behavior into structured
subcomponents, (ii) graph-based encoding of temporal
or spatial dependencies, and (iii) explicit regularization
grounded in physical or topological priors.

Dai et al. (2022) propose a hybrid framework that
integrates spatio-temporal long short-term memory
(LSTM) for trajectory encoding with an and-or
graph probabilistic model representing hierarchical
maneuvering logic. The spatio-temporal LSTM

captures continuous motion dynamics from raw
trajectory sequences, while the semi-supervised and—or
graph decomposes coarse maneuvers into structured
sub-maneuvers governed by rule-based transitions. The
and—-or graph enforces compositional constraints over
possible maneuver sequences, allowing inference to
remain consistent with human-understandable driving
logic even under limited supervision. Similarly, Chen
et al. (2021) propose Semi-Traj2Graph, which transforms
GPS trajectories into three complementary graph views:
a difficulty graph (transition complexity), a probability
graph (transition likelihood), and a time graph (average
transition duration). These structured views are processed
jointly by a graph convolutional network under a
multi-task learning objective, while pseudo-labeling
enables semi-supervised refinement. Interpretability
is achieved through the explicit relational encoding of
driving states, in which classification decisions can be
traced to graph-level transition patterns rather than to
opaque feature activations.

Xu and Li (2024) represent system logs as
spatio-temporal graphs, where nodes correspond to
log events and edges encode temporal or semantic
dependencies. A graph convolutional network aggregates
contextual information across event neighborhoods, while
an attention mechanism assigns adaptive weights to nodes
and edges during message passing. Anomalies are
detected by deviations in learned graph representations,
and interpretability arises from inspecting attention
weights and high-impact subgraphs, which reveal the
event interactions that contributed most to a decision.

Temporal graphs are also applied in the biomedical
domain, as demonstrated by Bijlani ef al. (2024), where a
Graph Barlow Twins architecture models daily household
activities using temporal graphs derived from wearable
and ambient sensors. Self-supervised contrastive learning
enforces invariance between augmented graph views,
producing stable graph-level embeddings. Daily anomaly
scores are calculated using embedding deviations relative
to learned activity distributions. These scores are then
translated into actionable decisions by clinician-defined
alert thresholds. In this approach, interpretability is
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grounded in structural saliency (node/edge influence)
and transparent thresholding, rather than symbolic rule
extraction.

In contrast to neural architectures, several works
incorporate graph priors in a more explicit manner.
Girault et al. (2014) formulate semi-supervised learning
as a graph signal reconstruction problem, where labels are
treated as signals defined over graph nodes. A Wiener
filtering interpretation is derived by minimizing the
reconstruction error under a graph-Laplacian smoothness
prior. This leads to a closed-form solution that propagates
labels according to the graph’s spectral properties.
Interpretability is a direct consequence of the assumption
that connected nodes should exhibit similar signal
values, which makes label diffusion traceable through
graph frequencies. Similarly, Flamary et al. (2015)
incorporate graph-based regularization into support vector
machines for land-cover classification from satellite
image time series. A Laplacian regularizer enforces
temporal smoothness across yearly satellite observations,
coupling classifiers across time and preventing abrupt
label transitions. The graph structure explicitly encodes
temporal dependencies, rendering classification decisions
interpretable as smooth trajectories over time rather than
isolated predictions.

Physics-informed  extensions, such as the
convolutional Bi-LSTM with physical information
and L1 regularization model (Liu et al., 2025), further
incorporate structural priors into deep architectures.
The model integrates the CNN and Bi-LSTM layers
with a physics-guided loss term derived from an initial
physical model, while an L; penalty is employed to
enforce sparsity on reflection coefficients. This dual
constraint stabilizes inversion results and restricts the
hypothesis space to physically viable solutions. In
this case, interpretability is derived from both the
inspection of learned weights and the enforcement of
physically meaningful regularity and sparsity constraints
during the optimization process. The performance
of these constrained models is validated through a
series of comparative experiments on both synthetic
and real seismic data. These experiments demonstrate
that the proposed model exhibits enhanced stability
under degraded initial conditions, improved vertical
resolution, and higher correlation coefficients compared
with traditional model-driven inversion methods and
alternative deep learning baselines.

4.2. Latent space structuring and disentanglement.
A common strategy for improving interpretability in
semi-supervised models is to explicitly structure the latent
space. Rather than allowing representations to emerge
unconstrained, these methods employ architectural
constraints, disentanglement objectives, or guided
supervision to align latent dimensions with semantically

meaningful factors. In this setting, interpretability
does not arise from explicit decision rules but instead
from constraining the geometry of the representation
space. Such constraints encourage task-relevant axes,
spatio-temporal components, or partitioned subspaces to
reflect meaningful distinctions, even when only limited
labeled data are available.

Several studies structure latent spaces through
clinically guided semi-supervision. For example, Trottet
et al. (2024) use a temporal variational autoencoder to
analyze multivariate clinical trajectories. This is achieved
via a latent stochastic process conditioned on the patient
context. In addition to the standard reconstruction
and KL-divergence terms, the model incorporates a
guidance network that predicts sparse clinical labels
from latent variables and injects a supervised loss
into the training process. This additional objective
encourages the latent space to organize along medically
meaningful axes (e.g., disease subtypes or progression
stages), effectively anchoring generative trajectories to
clinically interpretable manifolds. Costa et al. (2021)
employ a related mechanism in their recurrent variational
autoencoder, where bidirectional LSTM layers encode
intracardiac time series and a classification head is trained
jointly with the generative objective. A cross-entropy loss
is added to the evidence lower bound, with the explicit aim
of forcing separation of latent representations associated
with different atrial fibrillation stages. The resulting
two-dimensional latent projections serve as diagnostic
maps, where cluster separation directly corresponds to
clinically distinct arrhythmic patterns.

Memarzadeh er al. (2022) introduce a robust and
explainable semi-supervised deep learning model for
anomaly detection in aviation data. The model is
trained end-to-end and consists of three components:
an encoder—decoder for representation learning and
reconstruction, a classifier trained on labeled data, and a
graph-based compact clustering via a label propagation
term that shapes the latent space. The training objective
combines (i) a supervised cross-entropy loss on labeled
samples, (ii) a compact clustering via label propagation
loss defined as the cross-entropy between a transition
matrix derived from label-propagated class posteriors and
the transition matrix induced by latent-space similarities,
and (iii) a reconstruction loss used to regularize
the learned representations and improve robustness.
Validation is performed on a real dataset, where the
authors compare their model against other baselines. The
evaluation covers (1) classification performance under
varying sizes of the labeled set, (2) the latent-space
structure, assessed via t-SNE visualizations, and cluster
purity, as well as (3) robustness, measured under the fast
gradient sign method adversarial perturbations scheme.
This method consistently outperforms baselines in terms
of accuracy when labels are scarce and yields more
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compact, class-pure latent clusters.

The process of disentanglement can also be enforced
structurally through architectural partitioning. Whiteway
et al. (2021) propose the partitioned subspace variational
autoencoder, which splits the latent space into supervised
and unsupervised subspaces. The supervised subset is
trained to linearly reconstruct user-provided pose labels,
while the unsupervised one captures residual behavioral
variability. Orthogonality and independence constraints
between the two subspaces prevent information leaking,
ensuring that known behavioral factors are separated from
unexplained dynamics. This architectural split means
that hidden dimensions can be directly analyzed as either
labeled pose components or new behavioral features.
Zuo et al. (2021) employ a related structural strategy in
semi-supervised spatio-temporal representation learning
for multivariate time series, achieving disentanglement
using a dual-channel autoencoder. One channel, based
on recurrent units, handles temporal dependencies, while
a separate spatial modeling block captures inter-variable
relationships. The multi-stage regularization procedure
starts by using labeled samples to initialize class centroids,
and then refines them using soft assignments of unlabeled
data. This process promotes class-separable embeddings.
In this work, interpretability is derived from the explicit
separation of temporal and spatial factors, combined with
a centroid-based structure in the embedding space.

Alternative approaches enhance interpretability by
enforcing a strong geometric structure on the embedding
space. For example, Chen er al. (2023) encode raw
multivariate sensor signals using hyperdimensional
computing, producing high-dimensional binary vectors.
Then, they utilize algebraic operations to preserve
semantic similarity. ~ Next, a semi-supervised twin
projection vector machine learns two projection directions
that maximize inter-class separation, leveraging unlabeled
samples to stabilize the decision boundary. Because the
class structure is linked to separable projection geometry,
driving styles become distinguishable via structured
binary representations rather than opaque feature
activations. In a similar vein, SensorDBSCAN (Ivanov
et al., 2025) constructs a structured embedding space
using a triplet-based contrastive loss, which encourages
anchor-positive proximity and anchor-negative separation.
The method combines density-based clustering with
active sample selection, querying labels for clusters with
high uncertainty. This process of refinements makes
compact, easily separable clusters in latent space, making
anomalies easily detectable as separate regions.

Statistical approaches offer an alternative way to
interpret the latent space by explicitly stabilizing or
regularizing the representation structure. Chakrabarty and
Levkowitz (2020) address the instability of independent
component analysis (ICA) by performing multiple
ICA runs to calculate higher-order statistics (4th-order

cumulants), and selecting the most non-Gaussian
components across decompositions. A label-informed
threshold is then learned for classification, thereby
transforming unstable ICA outputs into consistent,
discriminative signal components. On the other
hand, Rajendran et al. (2019) utilize an adversarial
autoencoder to optimize the reconstruction loss,
adversarial regularization to shape the latent distributions,
and a semi-supervised classification loss. Anomalies
are detected through three interpretable signals: the
reconstruction error, deviation in latent representation,
and classification inconsistency. Because latent variables
are limited to encoding spectrum-level characteristics, the
model can localize anomalies in the time-frequency space
rather than merely flagging outliers.

Collectively, these works demonstrate how
architectural design, statistical regularization, and
limited supervision can be used to structure latent
spaces into semantically meaningful representations.
Numerous approaches have been proposed to
disentangle latent factors and improve interpretability in
semi-supervised learning. These include clinically
guided variational autoencoders (VAEs) (Trottet
et al., 2024; Costa et al., 2021), spatiotemporal
disentanglement (Zuo et al., 2021), partitioned
subspaces (Whiteway et al., 2021), binary embeddings
(Ivanov et al., 2025; Chen et al., 2023), stabilized
ICA (Chakrabarty and Levkowitz, 2020), and
reconstruction-based anomaly detection (Rajendran
et al., 2019). Together, these approaches illustrate diverse
strategies for structuring latent representations to improve
interpretability.

4.3. Task-driven self-supervised and contrastive
learning. In this class of approaches, interpretability
arises from the design of the learning objectives
themselves. These typically include contrastive
losses, proxy tasks, and self-supervised alignment
mechanisms that encourage the model to learn structured
representations reflecting properties such as semantic
similarity, fairness constraints, or temporal consistency.

In contrast to latent disentanglement methods,
interpretability here results from alignment constraints
imposed during training rather than from explicitly
factorized latent dimensions.

Some of the methods combine contrastive objectives
with semi-supervised refinement to produce structurally
meaningful representations. For example, Wang et al.
(2025b) convert functional magnetic resonance imaging
time series into functional connectivity graphs, where
brain regions form the nodes and edges encode
correlation-based interactions. A diffusion augmentation
module alters node and edge attributes while preserving
the global graph topology, thereby creating positive pairs
that retain biologically plausible connectivity patterns.
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Two parameter-shared graph isomorphism networks are
trained using a contrastive loss to maximize the agreement
between augmented views, thereby enforcing invariance
to noise while preserving structural dependencies. The
pretrained encoder is then fine-tuned on a limited amount
of labeled data for disorder classification. Interpretability
is enabled by learned embeddings that remain anchored
to the connectivity structure; the discriminative features
correspond to stable interaction patterns between regions,
rather than arbitrary latent correlations.

Contrastive design also supports multimodal and
longitudinal learning settings. For example, Gao et al.
(2025) propose a multimodal longitudinal representation
learning pipeline that combines sequential breast MRI
scans with clinical reports to predict response to
neoadjuvant therapy. The model builds modality-specific
encoders whose embeddings are brought together
through a single-time contrastive loss, encouraging MRI
and textual representations from the same visit to
converge in the latent space. Moreover, a multi-time
contrastive objective enforces temporal consistency
by aligning embeddings across different treatment
stages for the same patient.  This dual alignment
constrains the embedding trajectory to reflect both
cross-modal coherence and disease progression dynamics.
Interpretability arises because treatment response patterns
become geometrically traceable in the latent space,
such that changes in embedding position correspond to
clinically meaningful changes in the patient’s condition,
rather than arbitrary representation drift.

Yfantidou er al. (2024) examine the significance
of fairness and transparency in representation learning.
The authors adapt a variant of simple framework
for contrastive learning of visual representations
to time-series data.  They compare self-supervised
pretraining against a supervised baseline by isolating
encoder representations through a stepwise freezing
protocol.  Specifically, pretrained encoders are frozen,
and only linear classifiers are trained on top, enabling
attribution of downstream fairness effects to the learned
representations rather than to task-specific fine-tuning.
Representation similarity is further analyzed by using
centered kernel alignment, while fairness is quantified
via metrics such as disparate impact and false omission
rate across protected attributes. The results show that
self-supervised pretraining can reduce performance
disparities across demographic groups while maintaining
competitive predictive accuracy. In this setting,
interpretability extends beyond structural transparency,
as the geometry of the learned representation directly
influences the ethical properties of the model.

The efficacy of these self-supervised and contrastive
approaches is demonstrated by their ability to produce
representations that are both robust and interpretable,
thereby serving as a foundation for training objectives.

As demonstrated in the existing literature, SimCLR
adaptations, such as those outlined by Yfantidou
et al. (2024), address the critical issue of fairness
in representation learning. Concurrently, biomedical
frameworks, including RetVes (Ekong et al., 2024)
and GCDA (Wang et al., 2025b), employ contrastive
learning to enhance cross-domain generalization and
interpretability. Multimodal designs (e.g., Gao et al.,
2025) demonstrate the efficacy of contrastive alignment
across time and data types in facilitating meaningful,
interpretable embeddings in clinical prediction tasks.

4.4. Domain-constrained and causality-informed
modeling. This group of approaches achieves
interpretability by incorporating external knowledge,
such as physical laws, expert-defined constraints, or
causal structures, into the model’s assumptions or training
process. Rather than relying solely on architectural
design or learning objectives, these methods guide
model behavior through structured priors, human
feedback, or domain-aligned logic.  Predictions or
internal representations are considered interpretable
when they can be directly linked to known processes,
reliable approximations, or causal relationships. This
enables robust analysis even under sparse or ambiguous
supervision. These approaches can be categorized into
three overarching paradigms: (i) signal-dictionary and
statistical modeling grounded in interpretable descriptors,
(i) constraint-guided clustering and segmentation
informed by expert logic, and (iii) causality-preserving
domain adaptation frameworks.

Several models achieve interpretability by grounding
anomaly detection in an explicit statistical structure rather
than latent neural representations. For instance, Min
and Tewfik (2011) explore the use of skewness and
kurtosis of the frequency distribution, together with linear
predictive coding, to detect self-injurious behavior from
multichannel accelerometer data. Known behavioral
patterns are encoded as autoregressive coefficients and
stored in a dictionary. New segments are matched
using correlation and pole similarity, while recurring
unknown patterns are added to the dictionary. This
progressive pattern-matching framework renders the
recognition of anomalies traceable to interpretable signal
descriptors in the time-frequency domain. Similarly,
Cheema et al. (2023) introduce a structural health
monitoring pipeline that transforms multivariate sensor
signals into frequency-domain subsequences, computes
matrix profiles to detect differences in near-neighbor
similarity, and derives semantic segmentation through the
semantic segmentation curve. Multi-sensor information
is then integrated via optimal transport barycenters,
enabling geometrically grounded comparisons across
distributions. In this context, anomalies are explained
through observable pattern breaks, distributional shifts,
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and misalignment across sensors. This makes deviations
interpretable in terms of structural dynamics rather than
opaque model scores.

El Marhraoui et al. (2023) use a regression model
based on the convolutional neural network (CNN) to
predict a clinical measure of balance performance and
fall risk from inertial sensor data, rather than directly
classifying fall events. Interpretability is introduced
through a self-attention mechanism that computes
query-key similarity maps to weight temporal-spatial
signal fragments according to their contribution to the
regression output. Furthermore, a perturbation-based
consistency module is developed to enforce representation
stability under controlled signal distortions. This module
facilitates the identification of signal regions that exhibit
a significant alteration in prediction stability following
distortion. The resulting attention weights and sensitivity
patterns provide localized, physiologically meaningful
explanations. Qin et al. (2021) enhance interpretability by
explicitly estimating confidence within a reconstruction
framework. A temporal graph convolutional variational
autoencoder (TG-VAE) has been developed to impute
missing traffic states from sparse GPS data. In addition, a
mask discriminative network (MDN) has been designed to
predict the observability mask and estimate reconstruction
reliability. The synergy between the cooperative and
competitive aspects of the TG-VAE and the MDN yields
calibrated confidence scores aligned with data quality.
The model goes beyond the symbolic representation of
predictions by offering a more comprehensive depiction
of uncertainty structures. This enables users to assess
the reliability of each imputed state, facilitating informed
decision-making processes.

Another approach combines human-in-the-loop
clustering with a rule-guided structure. For example,
Michatowska et al. (2021) formulate anomaly detection
as a two-phase procedure that combines unsupervised
feature exploration with expert-driven refinement. Initial
anomalies are identified through exploratory statistics
and visualization (e.g., distribution comparison and
feature ranking). Domain experts then iteratively
relabel false positives and adjust feature selection.
Interpretability is derived from transparent feature-level
reasoning and the traceable incorporation of expert
corrections into subsequent model updates. In a similar
vein, Van Craenendonck er al. (2018b) propose a
semi-supervised clustering framework that integrates
user-provided must-link and cannot-link constraints into
an iterative cluster refinement process. The algorithm
does not implement a prior cluster fixing; rather, it
progressively divides and combines “super-instance” in
response to constraints specified by the user. To achieve
this, time-series-specific similarity metrics are used (e.g.,
dynamic time warping (DTW) or shape-based distances).

Constraint-based interpretability can also be

embedded into clustering dynamics. Ertl et al. (2021)
introduce an extension of the classical density-based
spatial clustering of applications with noise (DBSCAN)),
which incorporates logic-aware expansion rules. These
rules state that a point may only join a cluster if
additional statistical or physical constraints are met
(e.g., preserving regression stability or aligning with
domain-specific guidelines). This process effectively
transforms density-based clustering into semantically
constrained segmentation, such that each resulting
phase corresponds to a behavior that satisfies explicitly
defined conditions.  Interpretability stems from the
fact that cluster membership is justified not only by
distance but also by domain-valid logical rules. Similarly,
El Amouri et al. (2023) incorporate domain knowledge
into representation learning through shapelet-based
representations that preserve dynamic time warping
alignment constraints. The system’s objective function
enforces attraction and repulsion constraints that reflect
expert intuition while preserving the DTW structure. The
learned embedding supports classical clustering, and an
explanation mechanism subsequently links each cluster
to explicit temporal motifs, such as characteristic trends
and discontinuities.

In settings with distribution shift, interpretability
demands reasoning about stable mechanisms rather
than only correlations. Li et al. (2024) introduce
Granger causality alignment, which models causal graphs
in both the source and target domains to address
this issue. It introduces a congruence regularizer
that enforces structural alignment between them. A
causal reconstructor identifies temporal dependencies,
while a domain-sensitive predictor adapts conditional
relationships without violating the preserved causal
structure. Interpretability therefore arises from identifying
invariant Granger-causal relationships that remain stable
across environments, enabling predictions to be linked to
persistent influence structures rather than domain-specific
artifacts.

4.5. Summary. The reviewed intermediate approaches
demonstrate that interpretability can be integrated at
various structural levels of the learning framework.
Table [6] provides their qualitative comparison. Across
graph-based modeling (Dai et al., 2022; Chen et al.,
2021; Xu and Li, 2024), spectral regularization (Girault
et al., 2014; Flamary et al., 2015), physics-informed
constraints (Liu er al., 2025), latent space structuring
(Trottet et al., 2024; Costa et al., 2021; Whiteway
et al., 2021; Memarzadeh et al., 2022), geometry-driven
embedding design (Chen et al., 2023; Ivanov et al., 2025),
contrastive alignment (Wang et al., 2025b; Gao et al.,
2025; Yfantidou et al., 2024), and causality-informed
modeling (Li et al., 2024), interpretability consistently
emerges through the use of structured inductive biases
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Table 6. Comparison of intermediate model families discussed in Sectiond] showing their core ideas, strengths, limitations and how

partial supervision is employed.

Model family Core idea Strengths (XAI) Typical limitations Partial supervision
Graph and structured | Encode spatial/ tem-  Transparent depen- Limited scalability; Pseudo-labeling; graph-
representations poral relations via dency modeling; domain  knowledge based label propagation;

graphs and priors

subgraph inspection;
alignment with do-
main topology

requirements;  inter-
pretability relies on
graph sparsity

physically grounded con-
straints; domain priors

Latent space structur-
ing and disentangle-
ment

Constrain  or di-
vide the latent
space to align di-

Semantically mean-
ingful and inter-
pretable embeddings

Disentanglement and
interpretation in the
input space not guar-

Sparse labels guiding latent
dimensions; supervised sub-
spaces; label propagation

mensions with  and latents; visualiz- anteed

semantic/clinical able latent clusters

factors
Task-driven self- | Use contrastive  Improved robustness; Interpretability Contrastive pretraining and
supervised and | or self-supervised interpretable similar- indirect (via repre- supervised refinement

contrastive learning

objectives to shape
structured represen-
tations

ity structure

sentation geometry);
explanation often
qualitative

Domain-constrained
and  causality -
informed modeling

Incorporation of
physical laws, expert
rules, or causal struc-
ture into learning

Explanations
grounded in  do-
main knowledge;

causal reasoning

Requires reliable prior
knowledge

Constraint-based  training;
human-in-the-loop feed-
back; causal alignment;
label-guided hyperparameter

objectives

tuning

rather than through explicit rule extraction.

A frequently observed design principle is
the restriction of representation geometry. Such
constraints may be imposed through mechanisms
including graph smoothness, subspace partitioning,
clustering constraints, alignment objectives, and causal
regularizers.  These restrictions limit how internal
representations can be organized. As a result, clusters,
trajectories, or dependency structures often correspond to
domain-recognizable patterns such as behavioral phases,
disease progression, temporal motifs, or stable influence
relationships. Interpretability can arise from the topology
of structured representations rather than from transparent
parametrization.

These observations suggest that intermediate models
should be viewed not as a compromise between
white-box and post-hoc paradigms, but as a distinct
class of inductively constrained representation learning
frameworks. Their effectiveness depends on whether the
imposed structural constraints correspond to a meaningful
structure in the underlying data-generating process.

5. Lessons learned and open challenges

This section summarizes the main insights of the
review and discusses the advances, limitations, and open
challenges of current approaches.

5.1. Validation of explainability: Limited and in-
consistent. A recurring observation across the reviewed

literature is that, although explainability is frequently
claimed as a key contribution, it is often insufficiently
validated or not explicitly addressed. This issue is
highlighted by Nauta et al. (2023), who report that one
in three papers relies exclusively on anecdotal evidence,
while only one in five includes user-based evaluation.

In this work, we analyze how interpretability and
explainability are empirically validated in the reviewed
studies. Each article is assigned to one of three validation
levels:

* no validation: interpretability or explainability is
claimed conceptually or architecturally, but no
empirical assessment of explanation quality is
provided;

* indirect validation: interpretability is supported
through downstream performance improvements,
ablation studies, qualitative visualizations (e.g.,
heatmaps, case studies), or alignment with
domain knowledge, without explicit evaluation
of explanation fidelity or robustness;

* direct validation: explanation quality is explicitly
evaluated using quantitative measures of fidelity,
stability, robustness, or structured human-grounded
assessment with defined evaluation criteria.

These validation levels are used in Tables[2] [ and[3

Figure[3lpresents the distribution of reviewed articles
across validation levels within each taxonomy category.
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Fig. 3. Validation of explainability or interpretability: the number of articles in each category of our taxonomy.

Nearly one-third (16/54) of the reviewed articles do
not report empirical validation of interpretability or
explainability. ~ While qualitative and indirect forms
of support are common and diverse (37/54), ranging
from simple visual illustrations to structured ablation
analyses, explicit quantitative evaluation of explanation
quality is reported in only one of the 54 surveyed studies
(Kabir et al., 2025). These findings indicate that formal
evaluation practices are not yet consistently integrated
into current research workflows. One contributing factor
may be the frequent conflation of explainability and
interpretability, distinct yet often ill-defined concepts
(Lipton, 2017; Murdoch et al., 2019; Molnar et al.,
2020). While they serve different purposes, they are
often treated as interchangeable, even though they may
be complementary (Garouani et al., 2024).

A related challenge concerns the absence of
widely accepted evaluation standards. Recent surveys
on explainable Al repeatedly highlight the lack of
generally accepted criteria, measures, thresholds, and
evaluation protocols for explanations (Lofstrom er al.,
2022; Nauta et al., 2023; Liao et al., 2022; Kim
et al., 2024; Dembinsky et al., 2026). Providing an
explanation alone is therefore insufficient (Dembinsky
et al., 2026), yet existing evaluation approaches
remain fragmented and often depend on researchers’
methodological choices (Seth and Sankarapu, 2025).
As a consequence, the quality of explanations can
be sensitive to design decisions such as perturbation
schemes, baselines, aggregation strategies, or similarity
measures. Different evaluation setups may favor
different explanation methods, which complicates reliable
comparison and ranking (Wickstrgm et al., 2024). This is
accompanied by the fact that explanations rarely include
uncertainty quantification (Molnar et al., 2020), and, in
most real-world applications, no ground-truth explanation
is available against which generated explanations could
be objectively assessed (Molnar et al., 2020; Wickstrgm
et al., 2024). This is pronounced in post-hoc frameworks
such as SHAP or LIME, where visual or feature-based
attributions are typically presented without quantitative

assessment of their fidelity, stability, or usefulness. The
studies have shown that the outputs of these methods are
sensitive to the underlying model and data characteristics,
such as feature collinearity (Salih ef al., 2024). Moreover,
explanations produced by different methods, and even by
the same one across different runs, frequently disagree,
as demonstrated by Neely et al. (2021) and Krishna et al.
(2022). This inconsistency is particularly troubling, since
Krishna et al. (2022) also observe that practitioners tend
to rely on ad hoc heuristics to choose between conflicting
explanations, sometimes leading to misleading or harmful
decisions.

Even if a given model is interpretable in a
mathematical or structural sense, with transparent and
well-understood internal mechanisms, this does not
automatically translate into explanations that effectively
support human understanding, decision-making, or trust
in real-world settings (Nauta et al., 2023). This
distinction is crucial: not all explanations are equally
useful or informative in a given context (Doshi-Velez
and Kim, 2017), and their practical value depends
strongly on purpose, audience, design, and robustness
(Hoffman et al., 2023; Parcalabescu and Frank, 2023),
with simple, local explanations often better supporting
end-user understanding (Herm et al., 2023). An
explanation that appears convincing to a model developer
may therefore offer limited benefit to a lay user or
practitioner (Miller, 2018), which highlights the need
to explicitly consider who the explanation is intended
for (Adadi and Berrada, 2018). Moreover, as shown
by Bucinca et al. (2020), user preference or increased
trust does not necessarily translate into improved task
performance, and human ratings of explanations may
not reliably reflect their true effectiveness (Hase and
Bansal, 2020). Finally, visually compelling explanations
can create an impression of clarity, while their actual
faithfulness to the underlying model behavior remains
open to debate (Adebayo et al., 2020).

However, unstructured qualitative examination
yields highly subjective results, as humans struggle to
judge the value of XAI explanations

gamcs



amcsa

E. Wichrowski et al.

As pointed out by Leblanc and Germain (2023),
the literature largely divides into approaches that explain
black-box models post-hoc and inherently interpretable
models that often disregard explainability tools altogether.
However, integrating these perspectives, for example by
ensuring that interpretable models remain transparent in
practice, can lead to more effective outcomes (Garouani
etal., 2024).

For the aforementioned reasons, there is a pressing
need to introduce objective measures that enable
explanations to be compared. For example, a
methodology for computing a standardized evaluation
measure that enables quantitative comparison and ranking
of explanation methods is proposed by Nguyen et al.
(2024). The main goal is to identify the most informative
explainer for a given time-series classification dataset,
and the evaluation is based on the idea that a good
explanation should identify data regions that significantly
influence the model’s predictions. This is assessed
by gradually perturbing increasing percentages of the
most salient points in the time series, as indicated by
the explanation. A larger drop in classifier accuracy
after such perturbations suggests a more informative
explanation. The method uses multiple classifiers and
several perturbation strategies to ensure robustness. The
explanation AUC (area under the accuracy curve during
perturbation) is a key metric, where lower values reflect
higher explanatory quality. A quantitative evaluation
framework for post-hoc interpretability methods for
neural networks in time-series classification is also
proposed by Turbé et al. (2023). The authors introduce
two metrics to assess how well a method identifies the
most and least important time steps without relying on
human judgment, retraining, or causing distribution shifts.
A new synthetic dataset with known time-dependent
features is created for controlled testing. Across three
neural network types and three datasets, Shapley value
sampling consistently performs best.

Overall, the validation of explainability in
semi-supervised time-series models remains fragmented
and inconsistent. This can be attributed to the
absence of a standardized operational definition of
explainability, the diversity of application contexts, and
the inherent difficulty of defining canonical, ground-truth
explanations against which generated explanations can
be compared. Therefore, establishing rigorous and
task-aware evaluation frameworks remains a critical open
problem in the field.

5.2. Ablation studies: Isolating component ef-
fects. Ablation studies systematically remove or disable
individual components of a model to assess their
specific contribution to overall performance. They
are particularly valuable in complex architectures with
multiple interacting modules, as they help identify

which components are responsible for performance
gains (Lipton and Steinhardt, 2018). Despite their
diagnostic value, ablation studies are not yet routine
in machine learning research, partly because they often
require substantial implementation effort and increased
computational resources (Sheikholeslami, 2019).

In our review, ablation studies are reported in only
five papers. Gao et al. (2025) demonstrate through an
ablation study that explainability-enhancing modules,
single-time vision-text alignment, and multi-time
progression modeling consistently improve predictive
performance over the baseline. A similar pattern
is reported by Liu et al. (2024), in whose work
removing the self-supervised diffusion and contrastive
language-shapelets learning mechanisms, designed to
enhance interpretability and exploit limited labeled
data, results in reduced classification accuracy.
Likewise, the salient subsequence chain and linear
discriminant selection components enhance the discovery
of representative shapelets and improve clustering
performance (Cai et al., 2023).

The ablation study by Xu and Li (2024)
evaluates the effects of removing components of the
interpretable  spatial-temporal graph convolutional
network. Eliminating the temporal or spatial modules,
responsible for identifying important events and capturing
similarity-based relationships across events, significantly
degrades predictive accuracy and interpretability.
Removing both modules leads to the most pronounced
performance drop. In contrast, excluding feature selection
modules does not reduce predictive performance but
increases the number of features and parameters, thereby
negatively affecting interpretability.

A similar effect is observed by Li et al. (2024),
in whose work removing interpretability-related
components (e.g., sparsity penalty or causal discrepancy
regularization) or forecasting-related components (e.g.,
a strengthened loss or domain-sensitive latent variables)
impairs model performance.

Gu (2022) evaluate the effectiveness of the
self-training mechanism in S3OFIS+ by comparing
it with the supervised SOFIS+ on 14 benchmark datasets
with varying proportions of labeled data, demonstrating
its ability to leverage unlabeled data to enhance model
performance.

Collectively, these findings suggest a promising
direction:  incorporating explainability modules and
designing model architectures with interpretability in
mind can preserve, and in some cases even improve,
predictive performance. This challenges the common
belief that accuracy and explainability necessarily involve
a trade-off.

5.3. Limitations of post-hoc explainability for time
series. The majority of methods described in Section [3]
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rely on the SHAP or LIME frameworks for post-hoc
explanation. Although these methods are model-agnostic
in their standard formulation, their direct application to
time-series data can be problematic because they typically
operate on independently perturbed input components
and therefore do not explicitly account for sequential
dependencies (Bento et al., 2021; Le Nguyen and Ifrim,
2025). Moreover, when applied to long time-series
sequences, such approaches may incur substantial
computational cost (Le Nguyen and Ifrim, 2025; Nayebi
et al., 2022; Jullum et al., 2021; Utkin and Konstantinov,
2021).

These limitations have motivated the development
of extensions specifically tailored to sequential data.
We identify several such attempts among the reviewed
articles.  For instance, Martakis et al. (2022) use
accumulated SHAP scores to construct decision
trajectories, whereas Rao and Wang (2024) apply
SHAP to windowed, pattern-based representations rather
than to raw time-series data.

Beyond the methods reviewed in detail, Table
provides an overview of the prominent SHAP and LIME
extensions for time-series data that could be beneficial
for future XAl studies, compared with direct applications
of the standard SHAP and LIME. For example, instead
of explaining a single input vector, TimeSHAP (Bento
et al., 2021) computes Shapley values over entire
sequences, assigning attribution to both features and time
steps by perturbing inputs across time, not just across
features, and includes pruning strategies to handle long
sequences efficiently. In principle, the method operates
in a supervised learning setting; however, mechanisms
such as pseudo-labeling enable its applicability in a
semi-supervised setting.

Similarly, WindowSHAP (Nayebi et al., 2022)
extends SHAP to time-series data by grouping
consecutive time steps into windows and computing
Shapley values over these aggregated segments. Instead
of assigning importance to individual time points, it
explains model predictions by attributing importance to
entire windows. TSHAP (Le Nguyen and Ifrim, 2025)
builds on the same windowing idea and considers two
variants: one which computes time-step attributions
from exact sliding-window Shapley values, and one,
which leverages these window attributions to identify
important regions within the time series. Compared to
existing window-based methods, TSHAP substantially
reduces runtime while achieving high attribution quality,
showing strong agreement with ground-truth attributions
on synthetic data and high faithfulness on real datasets.

Another example is C-SHAP (Jutte er al.,
2025), a concept-based extension of SHAP designed
for time-series data. = The method explains model
predictions using high-level temporal concepts defined
as human-interpretable patterns, which are treated as

features in the explanation process. In the illustrative
example, time-series decomposition is used to define
the concepts, including trend, daily seasonality, weekly
seasonality, and a residual other component.

ShaTS (de la Pefa er al., 2025) is a Shapley-based,
model-agnostic explainer that performs prior feature
grouping (e.g., by time steps, sensors/actuators, or
processes), which helps preserve temporal dependencies
and yields more actionable explanations. The method
identifies critical time steps and factors contributing to
anomalies while being more computationally efficient
than KernelSHAP.

As a LIME extension, B-LIME (Abdullah et al.,
2023) uses bootstrapping to improve stability and
segments the input signal into meaningful chunks (such as
heartbeats) rather than perturbing individual time points,
thereby respecting the time structure. In LIMESegment
(Sivill and Flach, 2022), the time series is divided into
meaningful segments instead of treating each time point
as a separate feature. To generate perturbations, it
replaces entire segments with realistic alternatives from
other sequences, avoiding the unnatural noise used in
the standard LIME. It also employs time-series-aware
distance measures, such as dynamic time warping,
to determine which perturbed samples are considered
local. Wang er al. (2025a) introduce TF-LIME, which
extends LIME to the time-frequency domain. It
transforms signals using the short-time Fourier transform
(STFT) and segments the resulting time-frequency matrix
into homogeneous regions corresponding to coherent
frequency patterns over time. These regions are perturbed,
reconstructed via an inverse STFT, and used to fit a local
surrogate model, whose weights indicate the importance
of each region. The method performs well, even under
noisy conditions.

Another related approach is LEFTIST (Guillemé
et al., 2019), which proposes a model-agnostic local
explanation framework for time-series classification,
building on the principles of LIME and SHAP. The
method adapts these frameworks to time series by defining
suitable segmentation and reconstruction functions. A
time series is represented as a set of interpretable
segments, and a local linear surrogate model is learned
by perturbing segments through transformations such as
random background replacement, linear interpolation, or
constant substitution. Experimental results indicate that
LEFTIST achieves high-fidelity local approximations and
produces explanations that are often understandable to
human users.

Overall, these findings suggest that post-hoc
explainability methods, although widely adopted, remain
challenging to be applied reliably in sequential settings.
Their sensitivity to perturbation strategies, temporal
dependencies, and model-specific properties raises
concerns about the fidelity and stability of the generated
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Table 7. Overview of prominent extensions to the SHAP/LIME approaches proposed in the literature for time-series data. Please note
that semi-supervision is not directly incorporated in some of them.

Method Temporal extension Core idea
SHAP TimeSHAP (Bento et al., 2021) Shapley values computed over sequences and attributions assigned to both
features and time steps; perturbing inputs across time, pruning strategies

WindowSHAP (Nayebi et al., 2022) Windowing time steps and computing Shapley values on the aggregated
segments

C-SHAP (Jutte et al., 2025) Construction of high-level temporal, human-interpretable concepts and
treating them as features

TSHAP (Le Nguyen and Ifrim, 2025) Sliding-window grouping of time steps with exact window-level Shapley
values; efficient and faithful; classification and regression

ShaTS (de la Peiia ez al., 2025) A priori feature grouping (by time instants, sensors/actuators, or processes),
preserving temporal dependencies

LIME B-LIME (Abdullah et al., 2023) Bootstrapping for improved stability; input signal segmentation into mean-
ingful chunks (e.g., heartbeats), rather than perturbation of individual time
points

LIMESegment (Sivill and Flach, 2022)  Dividing data into meaningful segments; replacing segments with realistic
alternatives from other sequences to generate perturbations (noise reduc-
tion)

TF-LIME (Wang et al., 2025a) LIME extension to time-frequency domain; uses the STFT as well as its
inverse, segments the time-frequency matrix into homogeneous regions that
are perturbed, reconstructed and used to fit a local surrogate model

Mixed LEFTIST (Guillemé et al., 2019) Model-agnostic, LIME/SHAP-style local explainer that operates on inter-
pretable segments
explanations. This highlights the need for techniques and transparent intervention in the learning process,

specifically tailored to time-series data that can provide
more reliable insights.

5.4. Partial supervision as structural guidance for
explainability. The approaches reviewed in this article
confirm that partial supervision is usually structurally
integrated into the learning process and often closely tied
to the model’s explainability, rather than acting merely as
a source of pseudo-labeled examples.

In many white-box and intermediate models, partial
supervision provides sparse semantic guidance. Labeled
data anchor specific components of the representation,
such as latent dimensions, prototypes, or -cluster
structures, to semantically meaningful concepts, whereas
unlabeled data shape the global geometry of the
representation space (Trottet et al., 2024; Costa et al.,
2021; Liu et al., 2015). This guidance encourages the
representations to remain interpretable.

A similar mechanism arises when partial supervision
is incorporated through external constraints associated
with domain-specific knowledge. By embedding
prior knowledge directly into the learning objective,
such constraints preserve structural assumptions and
make the influence of supervision explicitly traceable
(Grzegorowski et al., 2025; Libbrecht er al., 2015;
El Amouri et al., 2023). This mechanism is particularly
evident in human-in-the-loop approaches, where experts
iteratively inspect and adjust learned representations
(Van Craenendonck er al., 2018b; Michatowska et al.,
2021). In this setting, partial supervision enables direct

linking the representation structure to domain reasoning.

These observations suggest that the explainability
of semi-supervised time-series approaches depends not
only on the task under consideration and the model
type, but also on how supervision is incorporated.
Different strategies for incorporating supervision can
yield fundamentally different representation structures
and, consequently, varying degrees of model transparency.

6. Conclusions

In this article, we reviewed recent advancements in
explainable semi-supervised methods for multivariate
time-series analysis. The rapid growth of this field has led
to a wide range of developments across domains including
healthcare, transportation, industrial monitoring, and
behavioral analysis.

Despite these advances, several challenges remain
to be addressed. @A key issue is the inconsistent
treatment of the data’s spatiotemporal nature. Specifically,
some models are evaluated using metrics that do not
adequately capture the temporal dynamics essential for
time-series analysis. In many cases, authors fail to provide
sufficient justification for their choice of evaluation
metrics. Additionally, they often neglect to consider how
well these metrics align with the problem structure or
the intended use case. This oversight raises concerns
about the comparability and interpretability of reported
results, which could lead to misleading conclusions if not
addressed.
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The assessment of explainability adds another
layer of complexity.  Although post-hoc tools like
SHAP and LIME have gained popularity, their use is
often inconsistent, and many proposed methods lack
standardized evaluation protocols. This issue is even more
pronounced in the context of semi-supervised learning,
where there is a lack of clear ground truth labels and
easily interpretable rationales. As a result, evaluating
explainability in these models remains a challenging and
underdeveloped area.

In the future, developing domain-specific and
temporally aware evaluation metrics will be essential for
assessing both model performance and interpretability. It
is also important to establish best practices for integrating
and evaluating explainability within semi-supervised
learning pipelines. Addressing these challenges is crucial
for ensuring transparency and building trust in this field.
Additionally, these efforts will enable reproducibility and
facilitate meaningful comparisons as the field continues to
evolve rapidly.
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Table Al. Detailed listing of reviewed papers grouped by primary task and explainability type. The column n indicates the number of
papers in each task—type subgroup, while /V indicates the total number of papers for the corresponding task.

Task Type References n N
Anomaly White-box Movsessian et al. (2020) 1 14
detection
Post-hoc Rao and Wang (2024), Martakis et al. (2022), Fouzi et al. (2024), 5
Harrou et al. (2024), Yuan et al. (2024)
Intermediate Xu and Li (2024), Bijlani et al. (2024), Vinzamuri et al. (2020), 8
Ivanov et al. (2025), Rajendran et al. (2019), Min and Tewfik
(2011), Cheema et al. (2023), Michatowska et al. (2021)
Classification White-box Veeraraghavan et al. (2007), Lughofer (2022), Leite et al. (2020), 8 17
Gu (2022), Kaczmarek-Majer et al. (2022), Zhu et al. (2016),
Wang et al. (2019), Liu et al. (2024)
Post-hoc Sun et al. (2025) 1
Intermediate Dai et al. (2022), Chen et al. (2021), Girault et al. (2014), Flamary 8
et al. (2015), Memarzadeh et al. (2022), Chen et al. (2023),
Chakrabarty and Levkowitz (2020), El Marhraoui et al. (2023)
Clustering White-box Cai et al. (2023), Grzegorowski et al. (2025) 2 3
Post-hoc - 0
Intermediate Van Craenendonck et al. (2018b) 1
Forecasting White-box - 0 1
Post-hoc - 0
Intermediate Li et al. (2024) 1
Other White-box Michelioudakis et al. (2023) 1 3
Post-hoc Xie et al. (2025), Lin et al. (2025) 2
Intermediate - 0
Regression White-box Kabir et al. (2025) 1 3
Post-hoc - 0
Intermediate Liu et al. (2025), Qin et al. (2021) 2
Representation | White-box Libbrecht et al. (2015), Moradi et al. (2024) 2 12
Post-hoc Atitey et al. (2023), Huang et al. (2023) 2
Intermediate Trottet et al. (2024), Costa et al. (2021), Whiteway et al. (2021), 8
Zuo et al. (2021), Wang et al. (2025b), Gao et al. (2025),
Yfantidou et al. (2024), E1 Amouri et al. (2023)
Segmentation White-box - 1
Post-hoc -
Intermediate Ertl et al. (2021)
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Table A2. Mapping between paper identifiers (ID column) used in Tables Pl 4] and[3]and the corresponding references.

Explainability type | ID to reference mapping
White-box [1] Michelioudakis et al. (2023) [9] Grzegorowski er al. (2025)
[2] Veeraraghavan et al. (2007) [10] Zhu et al. (2016)
[3] Kabir et al. (2025) [11] Wang er al. (2019)
[4] Movsessian et al. (2020) [12] Cai et al. (2023)
5] Lughofer (2022) [13] Liu er al. (2024)
6] Leite et al. (2020) [14] Libbrecht et al. (2015)
(7] Gu (2022) [15] Moradi et al. (2024)
[8] Kaczmarek-Majer et al. (2022)
Post-hoc [16] Rao and Wang (2024) [21] Xie et al. (2025)
[17] Martakis et al. (2022) [22] Yuan et al. (2024)
[18] Fouzi et al. (2024) [23] Atitey et al. (2023)
[19] Harrou er al. (2024) [24] Lin et al. (2025)
[20] Sun et al. (2025) [25] Huang ef al. (2023)
Intermediate [26] Dai et al. (2022) [41] Chakrabarty and Levkowitz (2020)
[27] Chen eral. (2021) [42] Rajendran et al. (2019)
28] Xu and Li (2024) [43] Wang ef al. (2025b)
[29] Bijlani et al. (2024) [44] Gao et al. (2025)
30] Girault et al. (2014) [45] Yfantidou ef al. (2024)
31] Liu er al. (2025) [46] Min and Tewfik (2011)
[32] Flamary et al. (2015) [47] Cheema et al. (2023)
[33] Vinzamuri et al. (2020) [48] El Marhraoui et al. (2023)
(34] Trottet ef al. (2024) [49] Qin et al. (2021)
[35] Costa ef al. (2021) [50] Michatowska ef al. (2021)
[36] Memarzadeh et al. (2022) [51] Van Craenendonck et al. (2018b)
[37] Whiteway et al. (2021) [52] Ertl et al. (2021)
[38] Zuo er al. (2021) [53] El Amouri et al. (2023)
[30] Chen et al. (2023) [54] Li ef al. (2024)
[40] Ivanov et al. (2025)
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