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Abstract

Addressing and predicting degenerative phenomena in domains such as health care and engineering, two fundamental
fields of vital importance for society, offers valuable insights into early warning steps and critical event forecasting,
leading to far-reaching implications for safety and resource allocation. By harnessing the power of data-driven
insights, prognostics becomes the principal component of predicting such phenomena. Developing clustering
techniques as feature extractors acts as an intermediate step between the raw incoming data and prognostics and
provides the opportunity to unveil hidden relationships within complex datasets. However, when limited, noisy, and
multimodal data are available in a label-free format, extensive preprocessing, and unreliable, complicated models are
required for extracting meaningful features. This prohibits the development of adaptable methods in diverse domains
that are in favor of robustness and interpretability. In this regard, this study introduces a novel unsupervised deep
clustering model for feature extraction in degenerative phenomena. The model innovatively extracts prognostic-
related features from raw data via clustering analysis, characterized by an increasingmonotonic behavior representing
system deterioration. This monotonicity is partial rather than complete, to incorporate the potential occurrence of
oscillations in the degradation trajectory of the system or noise-related data, reflecting real-world scenarios. Its
performance, robustness, generalizability, and interpretability are evaluated across diverse domains utilizing three
datasets from health care and engineering featuring limited, noisy, high-dimensional, and multimodal raw signals.
Results show that the model extracts meaningful prognostic-related features in both domains and all datasets, without
a significant alteration in its architecture and independently of the chosen prognostic algorithm.

Impact Statement

Extracting meaningful features from raw data is essential for developing reliable prognostic algorithms,
especially when dealing with degenerative phenomena. These cases often involve label-free, multimodal, and
noisy data, making preprocessing complex and limiting generalizability. This manuscript introduces a deep
monotonic feature extraction model that automatically derives interpretable, deterioration related features from
raw data. By focusing on monotonic trends, the model supports robust, domain-adaptable predictions in critical
areas such as health care and engineering, where early warnings can significantly impact safety and resource
planning.
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1. Introduction

In today’s interconnected world, the significance of comprehending and addressing degenerative phe-
nomena across diverse domains remains crucial to the advancement of humanity as awhole. In every facet
of our lives, from health care to transportation, from energy production to manufacturing, systems
deteriorate over time. The ability to anticipate and proactively address this deterioration has far-reaching
implications for enhancing safety, optimizing resource allocation, and improving the overall quality of life
(Hobbs, 2001). In particular, for healthcare and engineering applications, understanding and mitigating
deterioration becomes even more crucial. The recognition and understanding of deterioration in medical
applications, defined as clinical deterioration, hold paramount importance as it enables timely interven-
tion and proactive management, ultimately safeguarding patient well-being and improving healthcare
outcomes (Churpek et al., 2013; Malycha et al., 2022). Simultaneously, the significance of detecting and
addressing deterioration in engineering applications cannot be overstated, as it facilitates proactive
maintenance and optimization of operations, leading to enhanced productivity, cost-efficiency, and
reliability (Wang, 2002; Frangopol et al., 2015).

Advancements in technology, such as the Internet of Things and data analytics, have further facilitated the
monitoring andmanagement of deteriorating systems. Prognostics—a discipline that strives to anticipate the
future behavior of systems based on their current conditions—is the principal component of understanding
and predicting future deterioration. By harnessing the power of data-driven insights, prognostic models
enable the identification of early warning signs, predict critical events, and facilitate real-time decision
making to prevent failures. However, the intrinsic challenges associated with this discipline, including the
unsupervised nature of the task, constraints imposed by limited data availability, and the complex nature of
understanding deterioration, collectively serve as significant impediments that must be addressed to achieve
accurate and predictive outcomes. Thereby, the extraction of features from raw data represents a crucial
intermediate step with the potential to facilitate the development of an efficient prognostic framework.
Effective feature extraction simplifies the complexity of raw sensor data by reducing noise and identifying the
most relevant signals for predicting deterioration. Additionally, it enhances interpretability and reduces
computational complexity, thus simplifying the process of constructing prognostic models.

Currently, most prognostic frameworks are designed for specific fields, making them less adaptable to
different areas of study. Yet, an increasing demand exists for versatile models capable of functioning
across diverse disciplines, driven by the interconnectedness prevalent inmodern times.Whether the focus
is on healthcare, engineering, or other sectors, systems often overlap. Creating versatile prognostic
models that can handle these interdisciplinary challenges is essential. It can provide valuable insights,
enhance decision making, and contribute to greater efficiency and resilience in diverse fields. Moreover,
there exists an imperative demand for these models to exhibit user-friendliness, enabling individuals who
lack expertise in the specific field to employ them without necessitating the creation of individual models
on each occasion. This would save both valuable time and resources, making the development of
adaptable and accessible models a significant step in addressing complex real-world issues. Clustering
techniques have the potential to serve as a solution to this multifaceted problem by enabling the
identification of common patterns and behaviors across different domains.

Despite the emerging contribution of machine learning (ML) and deep learning (DL) models con-
cerning predicting degenerative phenomena via feature extraction and clustering techniques to medical
and engineering applications, they come upwith significant barriers to being easily applicable, adaptable,
and transferable to diverse domains. First, it is challenging to extract informative features from noisy raw
data (data sparsity) under limited availability (data scarcity) and in an unsupervised manner. On the first
hand, the complexity and heterogeneity of medical datasets pose a significant challenge in extracting
actionable knowledge from data (Roberts et al., 2021; Sapoval et al., 2022). On the other hand,
engineering systems often consist of datasets with diverse parameters such as vibration patterns,
temperature fluctuations, and acoustic emissions. The complexity of those systems, coupled with the
vast amounts of data generated by sensors and monitoring devices, presents a significant challenge in
extracting relevant information for prognostics.
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Second, one of the primary challenges encountered in the clustering process within the context of
comprehending the pattern of system deterioration for prognostic applications lies in the extensive
preprocessing steps necessary prior to feeding the data into a clustering model (Agarwal et al., 2011).
These preprocessing steps involve the arduous tasks of noise removal, exclusion of irrelevant information,
data fusion, and dimensionality reduction, requiring not only considerable time and computational
resources, but also domain knowledge (Ezugwu et al., 2022). This barrier restricts the generalizability
of themodel to other domains, necessitating a similar exhaustive preprocessing effort and another training
process for the new task.

Third, currently, feature extraction models are being developed jointly with the selected prognostic
algorithm. Consequently, their efficiency in extracting relevant features is not guaranteed if used with a
different prognostic algorithm. In essence, feature extraction is not agnostic to the underlying prognostic
algorithm, thus significantly constraining the model’s generalizability.

Finally, current feature extraction models predominantly rely on unimodal inputs (Li et al., 2019a;
Deng et al., 2019; Zhao et al., 2021), overlooking the immense potential that multimodal data fusion holds
for prognostic-related tasks. Health care and engineering benefit substantially from the integration of
diverse data streams encompassing clinical, laboratory, and demographic data (health care) (Salvi et al.,
2024), and a mix of time-series and image sensory data (engineering) (Qiu et al., 2023). However,
integrating diverse data modalities often requires addressing issues related to data heterogeneity, varying
scales, disparate formats, and inherent noise across different sources. Additionally, it requires specialized
expertise, and robust methodologies for alignment and fusion ensuring harmonization among varying
data sources (Gravina et al., 2017; Zou et al., 2020; Nazarahari and Rouhani, 2021).

The aforementioned challenges are not only detected in healthcare and engineering fields, but they are
actively limiting the development of suchmodels to any scientific field related to degenerative phenomena.
Hence, creating robust models capable of extracting meaningful patterns and features automatically from
any data source is essential for improved performance, generalizability, and robustness. In this regard, the
current work introduces a novel unsupervised deep soft monotonic clustering (DSMC) model based on
artificial neural networks (ANN) as a fundamental process for feature extraction via clustering analysis in the
generic context of deteriorating systems and is showcased on multidisciplinary fields including health care
and engineering. The proposed DSMCmodel is generalizable and agnostic of the chosen prognostic model
developed after the clustering process, hence exhibiting promising potential for broader application across
various domains beyond those examined in this study. Notably, the novelty of the model lies in its unique
capability to extract prognostic-related features, that is, increasing monotonic features as time increases,
directly from raw and multimodal data, in an unsupervised and end-to-end manner. The selection of
prognostic-related features in the proposed approach aims to capture partial (soft) monotonicity rather than
complete (hard) monotonicity. This choice is made to incorporate the potential occurrence of oscillations in
the degradation trajectory of the analyzed system.As a result, theDSMCmodel has the capability to identify
certain timestamps within a given trajectory where a substantial recovery may arise, thereby reflecting real-
world systems and enabling a certain level of data comprehension.

The proposed model is applied to three carefully selected datasets from distinct scientific domains
including health care and engineering, both of significant importance to humanity. The first dataset,
known as Medical Information Mart for Intensive Care III (MIMIC-III) (Johnson et al., 2016), pertains to
the field of health care and encompasses numerous subsets representing diverse life-threatening condi-
tions. For the purpose of this study, the sepsis subset within the MIMIC-III dataset was specifically
chosen, given its intricate syndrome nature, substantial healthcare costs, and high mortality rates. In
particular, sepsis contributes to 6% of hospitalizations and 35% of in-hospital deaths (Rhee et al., 2017)
(approximately 30% of patients do not survive longer than 6 months; Buchman et al., 2020) and
corresponds to more than $27 billion annually in the United States (Arefian et al., 2017). The diverse
multimodal characteristics inherent in this dataset serve as a testament to the challenges encountered by
our model in handling and effectively leveraging multiple modes of information. It consists of vital signs,
treated as one-dimensional time-series data, and laboratory and demographic data, treated as tabular data.
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The second dataset employed in this study is NASA’s Commercial Modular Aero-Propulsion System
Simulation (C-MAPSS) (Saxena and Goebel, 2008), which is associated with the engineering domain.
The utilization of this dataset facilitates the development of prognostic models, contributing to techno-
logical advancements, enhanced safety measures, minimized costs, and reduced environmental impact
(Vollert and Theissler, 2021). This dataset consists of multivariate time-series data and is a proper
candidate for comparing the outcomes with different standard techniques.

While these two datasets are recognized for highlighting not only the presence of multimodality (time-
series, static data), but also demonstrating the generalizable and robust nature of our model, an additional
validation to ascertain the model’s proficiency in handling multimodal information involves the selection
of a third dataset from the engineering domain. This dataset concerns an experimental campaign of a
structure under fatigue loading (Eleftheroglou, 2020) and comprises one-, two-, and three-dimensional
data concurrently (time series and sequences of images), thereby surpassing the complexity of the
C-MAPSS dataset. For the remainder of this article, the third dataset will be named F-MOC (which
stands for Fatigue Monitoring of Composites) (Komninos et al., 2024). It is worth mentioning that the
F-MOCdataset includes real data from the engineering field, unlike the C-MAPSS dataset, which consists
of simulated data.

To sumup, the novelty of thiswork is performing deep softmonotonic feature extraction via clustering in
an end-to-end and unsupervised manner with the introduction of the time feature inside the ANN
architecture. As such, the monotonic clustering results make the DSMC model agnostic of the chosen
prognostic algorithm, ensuring robustness. Additionally, the objectives of this work contain the following:

• Extracting soft monotonic features from raw data that could be directly fed as input to any prognostic
model.

• The soft monotonic feature extraction method should adeptly handle multimodal data.
• Application in multidisciplinary domains including degenerative phenomena in a fully automatic
fashion. Extensive preprocessing of the data should be avoided, thus a similar architecture can be
reproduced, enabling generalizability.

• Interpretability of the proposed model to effectively understand its learning process and predicting
capabilities.

Each of these datasets achieves one or more of our desired objectives. Particularly, the soft monotonic
feature extraction outcomes and the model’s generalizability and interpretability are showcased by all of
the datasets. The model’s prognostic algorithm agnosticism is established via the C-MAPSS dataset by
demonstrating consistent prognostic outcomes across three distinct ML prognostic models. The evalu-
ation of the proposed model’s performance across multidisciplinary domains is illustrated by utilizing the
MIMIC-III dataset. This evaluation involves a comparative analysis of survivability probabilities using
various healthcare scoring systems. The handling ofmultimodal data for softmonotonic feature extraction
is majorly validated by the F-MOC dataset. Regarding interpretability, in detail, the flow of the time
gradients is illustrated to validate the acceptance of the proposed technique concerning soft monotonicity.
Simultaneously, the extracted hidden features are depicted before and after training the DSMC model to
justify their role in both capturing the time constraint and performing appropriate clustering.

In summary, the model’s increased versatility and usability highlight its potential for broader appli-
cation and utility, rendering it capable of effectively tackling substantial challenges that prevent the
advancement of humanity and technology.

2. Related work

2.1. Feature extraction for prognostic-related tasks in health care and engineering

In the field of health care, prognostics play a pivotal role in enhancing patient care, optimizing treatment
strategies, and allocating healthcare resources effectively (Ling and Huang, 2020; Jiang et al., 2023).
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In-hospital clinical deterioration may relate to existing or emerging diseases, or a complication of the
health care provided. Undoubtedly, by utilizing data-driven techniques, mainly through ML and its
subfield, DL, prognostic models can identify new possible biomarkers (Åkesson et al., 2023), detect
anomalies (Lee et al., 2022; Shin et al., 2023), predict disease progression (Ali et al., 2020; Chao et al.,
2021; Li et al., 2023;Mei et al., 2023;Weiss et al., 2023; Zhao et al., 2023; Zhong et al., 2023), and enable
personalized treatment plans (Verharen et al., 2018; Habib et al., 2019; Nakamura et al., 2021).
Additionally, prognostics also hold immense value in the domain of engineering systems (Jones et al.,
2022; Peng et al., 2022; Kerin et al., 2023; Lu et al., 2023) as they play a vital role in enhancing system
performance and optimizing maintenance strategies.

Prognostic algorithms have great potential, but they face significant challenges, such as working with
unlabeled data, limited data availability, and understanding deterioration complexities. Overcoming these
obstacles is crucial for accurate predictions. Extracting features from raw data is a key step that could help
improve prognostic algorithms in terms of accuracy and robustness. Having this step simplifies the
available data, makes it easier to understand, and reduces complexity, making the development of
predictive models more versatile.

A comprehensive literature review on state-of-the-art feature extraction techniques for prognostics
using deep learning in health care and engineering reveals significant advancements and diverse
methodologies. In health care, deep learning models such as convolutional neural networks (CNN)
(Ismail et al., 2020; Zhao et al., 2021) and recurrent neural networks (RNN) (Choi et al., 2016; Rajkomar
et al., 2018) have been extensively utilized to extract complex features from medical images and time-
series data, respectively, aiding in the prediction of disease progression and patient outcomes. Similarly, in
engineering, deep learning techniques are employed to analyze sensor data and identify critical patterns
indicative of system health and impending failures. Hybridmodels combiningCNNswith long short-term
memory (LSTM) networks have shown remarkable performance and have been currently the state-of-the-
art approaches in capturing both spatial and temporal dependencies, enhancing prognostic accuracy (Zhao
et al., 2017; Lei et al., 2018). Autoencoders, known for their capability to learn efficient representations of
data, can be combined with these approaches to further refine feature extraction by reducing dimension-
ality and denoising input data, thereby improving the robustness and accuracy of prognostic models
(Junbo et al., 2015; Lu et al., 2015; Jia et al., 2016). Additionally, attention mechanisms are increasingly
being integrated to refine feature extraction and improve model generalization across different datasets
(Li et al., 2019b; Chen et al., 2020). These advancements underscore the critical role of deep learning in
transforming prognostics by providing robust, data-driven insights in both healthcare and engineering
domains.

Clustering techniques can offer valuable insights and improve feature extraction in prognostics by
grouping similar data points, thereby uncovering inherent structures within the data. This unsupervised
learning approach enables the identification of patterns and anomalies that might not be evident through
traditional methods. Clusteringmodels have significant potential as feature extractors, serving as a crucial
preliminary step preceding the prognostic phase. Model-agnostic feature extraction methods that utilize
data-driven clustering can categorize and extract relevant information allowing the development of
adaptable and accessible prognostic tools that transcend disciplinary boundaries (Jain et al., 1999).

In the context of prognostics, clustering serves as a powerful tool for reducing dimensionality,
enhancing interpretability, and improving the accuracy of prognostic models (Warren Liao, 2005).
Considering health care, this process can unravel patient subgroups with distinct disease trajectories
(Al-Fahdawi et al., 2024), thus enabling tailored interventions and personalized healthcare delivery. For
instance, predicting the mortality rate of patients afflicted with sepsis, a life-threatening condition arising
from the body’s response to infection, can be achieved through the utilization of clustering and prognostic
methodologies (Jang et al., 2022). By identifying clusters within the patients’ population, it becomes
possible to uncover distinct patterns and subgroups that may have different mortality risks. The unique
trends and characteristics observed by the clustering analysis can facilitate the development of prognostic
models that are able to predict mortality rates with more accurate risk stratification.
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Similarly, in the field of engineering systems, clustering techniques can reveal inherent patterns
and relationships within sensor data (Gutierrez-Osuna, 2002), enabling the identification of distinct
operational regimes (Wang et al., 2019; Xu et al., 2022), detection of anomalies (Li et al., 2021; López
et al., 2023), and optimization of maintenance strategies (Santos et al., 2020; Bousdekis et al., 2021).
By integrating clustering techniques into the prognostics workflow, researchers or human experts can
leverage the underlying pattern within engineering data, extract representative features, and develop
accurate prognostic models easily transferable to varying engineering applications (Diez-Olivan
et al., 2019).

2.2. Multimodal deep clustering

Numerous clustering techniques have been proposed in the literature in the past decades. Deep clustering,
an extension of the typical clustering algorithms for tasks with increased data complexity utilizing ANN,
has shown promising results in fusing multisensory data and learning useful and interpretable represen-
tations. For instance, Xu et al. (2023) proposed a unified framework based on ANN with disentangled
representation learning that learns interpretable representations by performing multiview clustering, thus
achieving multiview information fusion without requiring label supervision. This was accomplished by
constructing multiple autoencoders (AEs) for handling each unique kind of information. Then, the
embeddings were fused in the disentangled representation phase to keep the meaningful information
for clustering. Another work aimed at deep multimodal image fusion and clustering with an application in
neuroimaging (Dimitri et al., 2022). The key novelty was the combination of deep AE for creating
embeddings that were combined with other demographic data extracted from typical ML techniques to
cluster the examined patients into subgroups based on the severity of brain damage. Finally, an algorithm
that simultaneously learns feature representations and cluster assignments based on ANN was suggested
by Xie et al. (2015) and evaluated on two image-related and one text-related public datasets.

This study incorporates multimodal data by combining either time-series and static data or a
combination of time-series, static data, and sequential images. The novel and distinctive structure of
the model confronts the unique challenges posed by multimodality, integrating soft monotonicity within
its architecture.

2.3. Monotonic neural networks

The literature on integrating monotonicity within the layers of an ANN has a longstanding history.
However, this field came up with significant barriers due to the significant constraints imposed on the
parameter space. This resulted in the optimization process being prone to converging toward local optima
(Mariotti et al., 2023). Nevertheless, the fundamental research in Sill (1998) demonstrated that the
universal approximation capabilities of an ANN remain valid under the condition of constraining weights
to be positive by leveraging an unconstrained continuous function. Subsequently, building upon this
proposition, researchers in Zhang and Zhang (1999) illustrated that the backpropagation algorithm retains
its functionality when unconstrained weights are transformed into their exponential counterparts, and all
activation functions are assumed to be positive across their entire domain. Activation functions such as the
Rectified Linear Unit (ReLU), Sigmoid, or Softmax have been identified as suitable candidates for this
purpose. Consequently, weights can assume any real value while their exponential transformation ensures
their confinement within the positive domain. Subsequently, numerous studies have adopted similar
methodologies to enforcemonotonicitywithin their ANNarchitectureswithout constraining the exploration
space of parameters (Wehenkel and Louppe, 2019; Liu et al., 2020; Runje and Shankaranarayana, 2022).

3. Methodology

In this section, we present the methodology of the current study in detail. Our approach builds on the
integration of two prior works: the study by Xie et al. (2015)), which performs unsupervised clustering
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directly from raw data using an ANN, and the study by Zhang and Zhang (1999), which incorporates
monotonicity constraints within an ANN architecture. The combination of these two ideas forms the
foundation of our proposed ANN design, which we further extend for time-series data and enhance with
mechanisms that automatically determine the network architecture, thereby improving robustness.

Figure 1 shows the general concept of this work, beginning from the correct shaping of the data where
the time feature is inserted and the technique of slidingwindows is applied to the time-series signals. Next,
the model construction takes place where the AE extracts the monotonic features to the output of the
Z-space used to perform clustering analysis. The training of this model is performed iteratively by
utilizing the Bayesian optimization (BO) algorithm (Victoria andMaragatham, 2021)with a customizable
objective function for the tuning of the hyperparameters. Finally, the prognostic algorithms are applied to
estimate the reliability and survivability curves.

3.1. Datasets and data shaping

The purpose of this study is to present a generalized monotonic clustering model that can be applied in
multidisciplinary domains, can identify deterioration in systems, and prepare monotonic features ready to
be fed to any prognostic model in an unsupervised manner with limited training data (5–90 trajectories
depending on the dataset). In this regard, two publicly available datasets are examined from entirely
different scientific fields. Additionally, a third dataset representing an experimental case study has been
chosen for this work. Those datasets were carefully chosen due to their unique characteristics, difficulties,
and contributions to health care and engineering.

The MIMIC-III database is a publicly available and widely used database that incorporates patient
information from patients hospitalized and stayed in an Intensive Care Unit (ICU) at Beth Israel
Deaconess Medical Center (Bowers, Massachusetts, USA) between 2001 and 2012. It contains data
about patients’ demographics, vital signs, lab tests, and treatment assignments. From these data, we
focused on adult patients fulfilling the international consensus Sepsis-3 criteria (Singer et al., 2016) who
passed away from sepsis and stayed at the ICU for more than 10 h. Hence, patients who stayed 9 h or less
were excluded, as proposed in a previous work (R. Liu et al., 2023), due to potentially unreliable
measurements. Thus, we extracted data from 62 patients that included nonmissing values for demo-
graphics, vital signs, and lab tests. This is the total number of patients who met up with a death event,
showcasing a challenging dataset in terms of data scarcity. Vital signs contain the time-series data and
demographics, and lab tests contain the supplementary data with the abovementioned time feature
included. The unique challenge of this dataset is that it includes both time-series and static input data

Step 1: Data ShapingStep 1: Data Shaping Step 2: Model ConstructionStep 2: Model Construction

Step 3: TrainingStep 3: TrainingStep 5: PrognosticsStep 5: Prognostics

Hyperparameter tuning

t=1 t=2 t=3 …

…
…

…

Forward pass

Backward pass

AEAE ZZ ClusteringClustering
Step 4: Bayesian 

Optimization
Step 4: Bayesian 

Optimization

Objective function

Survivability - Reliability

Signals

(a)

Figure 1. The concept of the proposed methodology.
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that should be combined effectively to cluster the severity of the sepsis in terms of mortality rate in an
unsupervised manner with a soft monotonic behavior.

Table 1 summarizes the list of patients’ statistics (mean, standard deviation, maximum, minimum, and
mode). Two features related to demographics can be identified: the patient’s gender and age. Additionally,
similarly to a previous study (R. Liu et al., 2023), 15 lab test features are included. From these samples, we
kept 52 for training and 10 for testing. To cover patients in the test set from the entire range of staying hours
in the ICU, the data were sorted based on these staying hours, and one sample in every six was excluded
from the training set. Each sample contains seven input time-series features representing the vital signs
and is divided into windows with Lwindow ¼ 10 h and step size S¼ 1 h, thus creating overlapping windows
with 90% overlap. Those samples were normalized feature-wisely to the range [0,1] with min–max
normalization according to the training samples. Then, the same statistical values were applied to the
testing ones to avoid data leakage. It is noteworthy that any other required preprocessing step does not
exist.

The second examined dataset is NASA’s C-MAPSS dataset which concerns propulsion systems
(engines) and represents engineering applications with multivariate time-series sensor data. The
C-MAPSS tool is responsible for generating this dataset. This tool models various engine fleet deteri-
oration occurrences from an initial condition (baseline) to the point of failure, concerning the training data
and a time period prior to the end of life (EOL) in the test data. Each time series comes from a different
engine thus the data can be considered from a fleet of engines of the same type. There are three operational
settings (altitude, Mach number, and throttle resolver angle) that have a substantial effect on engine
performance. These settings are also included in the data. The data are contaminated with sensor noise.

Table 1. List of variables extracted by the MIMIC-III dataset

Category Name Mean SD Max Min Mode Unit

Demographics Age 72.21 32.68 100 28 83 years
Gender 44% Female – – – – –

Lab test Anion gap 13.55 1.13 21.0 13.0 13.35 mEq/L
Bicarbonate 25.65 5.27 31.23 20.13 25.65 mEq/L
Bilirubin 3.36 6.41 16.26 1.05 3.36 mg/dL
Creatinine 2.24 1.78 8.60 0.60 1.5 mg/dL
Chloride 105.20 6.55 121.0 86.00 104.0 mEq/L
Glucose 145.03 62.26 376.0 62.00 134.0 mg/dL
Hematocrit 32.59 5.90 49.0 22.30 27.5 %
Hemoglobin 10.49 2.16 15.90 5.40 8.5 g/dL
Lactate 2.44 2.14 3.12 1.75 2.44 mmol/L
Platelet 235.05 155.28 311.12 178.13 235.0 103=μL
Potassium 4.23 0.90 7.60 2.10 4.08 mEq/L
PT 18.49 5.88 39.30 12.0 17.76 seconds
Sodium 138.14 4.83 152.0 122.00 138.84 mEq/L
BUN 36.97 20.71 108.0 11.00 29.85 mg/dL
WBC 14.47 11.70 60.20 0.40 11.23 103=μL

Vital signs Heart rate 89.11 18.62 179.67 0.0 80.0 bpm
Arterial BP (systolic) 115.86 23.58 240.0 0.0 0.0 mmHg
Arterial BP (diastolic) 58.50 13.61 151.0 0.0 0.0 mmHg
Respiratory rate 21.56 7.40 75.11 0.0 0.0 bpm
Temperature 37.46 0.92 41.15 34.6 37.0 °C
SpO2 97.08 5.11 100.0 89.13 100.0 %
GCS total 10.44 3.67 15.0 3.0 15.0 –

Note. Vital signs represent the time-series inputs. Demographics and lab tests represent the supplementary data.
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Each engine operates normally at the start of each time series and develops a fault at some point during the
series. In the training set, the fault grows in magnitude until system failure. In the test set, the time series
ends prior to system failure. Since our focus is on systems that reach the EOL, we consider only the
training set as our dataset to be split into train/test samples.

The subset named FD001 is used without excluding any of the sensor signals. The first two columns
contain each engine’s ID and deterioration time steps, the next three columns include the three engine’s
operational conditions, and the rest 21 columns carry the sensor signals. We kept only the raw sensory
information, thus excluding the first 2 columns. The remaining signals can give an increasing, decreasing,
or constant trend during the engine’s deterioration which makes it tricky for the model to effectively
cluster the severity of the damage in an unsupervised manner. Table 2 summarizes the mean, standard
deviation, maximum, minimum, and mode of each sensor.

In subset FD001, there are 100 samples where the fault grows in magnitude until system failure. These
samples are split into 90 training and 10 test trajectories. To test varying trajectory lengths, the data were
sorted and 1 sample in every 10was excluded from the training set and kept in the testing set. Each sample
contains 21 input time-series representing the sensors and they are divided into overlappingwindowswith
Lwindow ¼ 10 cycles and step size S¼ 1 cycle (90% overlap). Similarly toMIMIC-III dataset, the data were
normalized using min–max normalization according to the training samples to the range 0,1½ �, feature-
wisely, and the same statistical valueswere applied to the testing samples. In this dataset, there are no other
supplementary data besides the time feature.

The third dataset is the F-MOC dataset, that is, an experimental campaign developed in Eleftheroglou
(2020). This experiment investigates the fatigue behavior of a unidirectional prepreg tape Hexply®

Table 2. List of variables extracted by the C-MAPSS dataset

Name Mean SD Max Min Mode Unit

Sensor 1 (operational setting 1) �0.0 0.0 0.01 �0.01 �0.0 kft:
Sensor 2 (operational setting 2) 0.0 0.0 0.0 �0.0 �0.0 Mach
Sensor 3 (operational setting 3) 100.0 0.0 100.0 100.0 100.0 °
Sensor 4 518.67 0.0 518.67 518.67 518.67 °R
Sensor 5 642.68 0.5 644.53 641.21 642.5 °R
Sensor 6 1590.52 6.12 1616.91 1571.04 1589.7 °R
Sensor 7 1408.89 9.0 1441.49 1382.25 1400.6 °R
Sensor 8 14.62 0.0 14.62 14.62 14.62 psia
Sensor 9 21.61 0.0 21.61 21.6 21.61 psia
Sensor 10 553.37 0.89 556.06 549.85 554.36 psia
Sensor 11 2388.1 0.07 2388.56 2387.9 2388.11 rpm
Sensor 12 9065.15 22.07 9244.59 9021.73 9046.19 rpm
Sensor 13 1.3 0.0 1.3 1.3 1.3 -
Sensor 14 47.54 0.27 48.53 46.85 47.47 psia
Sensor 15 521.41 0.74 523.38 518.69 521.66 pps/psi
Sensor 16 2388.1 0.07 2388.56 2387.88 2388.1 rpm
Sensor 17 8143.73 19.03 8293.72 8099.94 8138.62 rpm
Sensor 18 8.44 0.04 8.58 8.32 8.42 –

Sensor 19 0.03 0.0 0.03 0.03 0.03 –

Sensor 20 393.2 1.55 400.0 388.0 393.0 –

Sensor 21 2388.0 0.0 2388.0 2388.0 2388.0 rpm
Sensor 22 100.0 0.0 100.0 100.0 100.0 rpm
Sensor 23 38.82 0.18 39.43 38.14 38.86 lbm/s
Sensor 24 23.29 0.11 23.62 22.89 23.42 lbm/s
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F6376CHTS(12K)-5-35 laminate. The laminate is first manufactured and then cured in an autoclave as
per manufacturer recommendations and specimens of standardized dimensions are obtained. Fatigue
loading is applied using a Mechanical Testing System (MTS) controller on a bench fatigue machine.
Images during pause intervals were captured using specialized cameras. The loading protocol involves
cyclic loading with specified intervals and load transitions to analyze the laminate’s fatigue behavior
under varying stress conditions. The sensor system consists of two cameras for Digital Image Correlation
(DIC) measurements and an acoustic emission system with a sampling rate of 2 MHz. The measurements
were taken until the specimen’s failure point. The acoustic emission low-level features were extracted by
an AMSY-6 Vallen Systeme GmbH. From these features, the ones summarized in Table 3 were
considered. The threshold value is defined at 50 dB, that is, the acoustic emission signals that have an
amplitude less than 50 dB (≈ 3:16 μV ) were discarded.

In this dataset, there are seven trajectories of acoustic emission and DIC data representing seven
specimens, respectively. The lifetime, the number of images used, and the size of the acoustic emission
and DIC data of each specimen are summarized in Table 4. To overcomememory issues, we kept only the
data from the first camera and discarded the rest. Furthermore, we scaled down the image dimensions from
a resolution of 2048× 1024½ � to 128× 64½ � via an average pooling filter. The synchronization process of
the images and acoustic emission data is described in Appendix B.2. According to this process, it was
chosen Lwindow ¼ 6 images with S¼ 3 images. The corresponding variables for the acoustic emission are
calculated based on the synchronization. Similarly to the previous datasets, the only preprocessing step is

Table 3. The low-level features that are considered and extracted by the AMSY-6 Vallen Systeme
GmbH

Feature
name Unit Description

Threshold Decibel (dB) Values below this threshold are discarded.
Amplitude Volts (V ) The amplitude of the corresponding signal.
Duration Seconds (s) The duration that a signal constantly remains above the threshold.
Energy 10�14V 2s (eu) Energy is the integral of the squared acoustic emission-signal over time
Counts – The number of positive threshold crossings of a hit.
Hit time Seconds (s) The absolute time when a hit is above the threshold.
Rise time Seconds (s) The time between the first threshold crossing and the maximum

amplitude.

Table 4. General characteristics of the F-MOC dataset

Name No. kept images Lifetime (s)

Size of data (GB)

DIC Acoustic

Specimen 1 1011 56,520 1.97 0.75
Specimen 2 168 14,380 0.39 0.21
Specimen 3 1073 59,600 2.09 0.79
Specimen 4 846 48,250 1.65 0.77
Specimen 5 480 29,950 0.96 0.41
Specimen 6 1257 68,810 2.45 0.97
Specimen 7 1384 75,160 2.70 1.08
Total 12.21 4.98
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normalization to the range 0,1½ �. For the gray-scale image, this normalization is simply a division with the
value 255 which corresponds to a pixel with a white color. For the acoustic emission signals, each sample
was normalized feature-wisely, similarly to the two aforementioned datasets.

There are three types of data examined in this study: time series, static data, and time frames. Each
trajectory is split into short overlapping windows of length Lwindow and step size S. Since the F-MOC
dataset requires synchronization of the inputs as there is a conflict between active (DIC) and passive
(acoustic emission) testing methods, the value of Lwindow is determined based on the sampling rate of the
DIC process, which is 50 sec. More details about synchronization can be found in Appendix B.2.
Following the synchronization process, a configuration was established where six sequential images
were integrated into a time frame, and concurrently, each acoustic emission signal was standardized to a
length of 300 s. This pairing of a time frame and its corresponding acoustic signal signifies a single
window. The determination of subsequent windows involved an overlapping scheme, with the fourth
image of the preceding window aligning with the first image of the succeeding window (thus, S¼ 3).
Consequently, the initial window comprised images 1–6, while the subsequent window included images
4–9, and so forth. Based on the synchronization process, a similar overlap is applied to the acoustic
emission signals. The same procedure of overlapping windows is followed for the C-MAPSS and
MIMIC-III datasets, without the synchronization step as only one-dimensional signals exist. It is
noteworthy that the hyperparameters Lwindow and S of the C-MAPSS and MIMIC-III datasets are not
required to match those within the F-MOC dataset.

For each dataset, the percentage of overlapping can be calculated by the formula Lwindow�Sð Þ=
Lwindowð Þ100%. Depending on the position of thewindow into the trajectory, a value is assigned to the time
feature. These values can be defined in any range with the only constraint of increasing monotonically
with the constructed windows of the corresponding trajectory. A straightforward approach to defining the
range of time feature values is to simply count the current number of windows that have been constructed
and assign that value to t starting from t¼ 0 for the first window of the trajectory, t¼ 1 for the second, and
so on. Unfortunately, this setup may give an unbalanced learning process if the trajectory lengths vary
seriously. To mitigate this pitfall, an alternative approach is to calculate the average trajectory length Lavg
given all the lengths of the training trajectories, and then apply a linear spacing for t depending on each
trajectory length. In this regard, for each trajectory, the time feature is bounded in the range of 0,Lavg

� �
.

The intermediate values are then linearly spaced between those extremes according to the current
trajectory length. In detail, for each trajectory of length L, the time feature array is constructed to be

t¼ 0, LavgL , 2LavgL ,…,Lavg
h i

.

In summary, each sample should contain awindow consisting of time series data and the corresponding
scalar value of the time feature which constitutes one feature of the static data. Additional static data are
considered for the MIMIC-III dataset, that is, demographic and lab test data, defined as supplementary
data. The F-MOC dataset consists of overlapping windows of synchronized time series and frames (three-
dimensional data).

3.2. Model architecture

The concept of employing end-to-end feature extraction and then clustering utilizing a raw input data
space X requires a transformation of those inputs into anD-dimensional embedding space ZD, whereD is
typically much lower than the dimension of X , with a nonlinear mapping f θ Xð Þ¼ Z, where f is a
function approximator and θ its parameters. The extraction of valuable information from raw data entails
the utilization of a complex function that involves intricate mathematical operations. ANN naturally
emerges as a suitable choice for this purpose due to their theoretical function approximation properties and
their demonstrated feature learning capabilities (Hornik, 1991). In the context of deteriorating systems,
the input data typically comprises trajectories, predominantly in the form of time series. The first layer of
the ANN should be responsible for extracting time-related information, thereby making the LSTM
(Hochreiter and Schmidhuber, 1997), that is, a recurrent layer an appropriate candidate. Subsequently,
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the remaining layers can consist of stacked fully connected (FC) layers. Notably, supplementary data, that
is, nonsequential data that give additional unique information for each sample, can be introduced into one
of these FC layers, enabling their integration into the DSMCmodel and tackling the unique challenges of
multimodal data.

The DSMC model is ultimately a modified encoder that simultaneously extracts prognostic-related
features and clusters those features accordingly. Training the DSMC model requires a two-stage training
process: a pretraining of the encoder via a deep AE, and a following training process of the encoder that
enables its output, namely, the Z-space, to assign cluster labels to the incoming input data. In the first
stage, the AE setup is shown at a high level in Figure 2a. It consists of two modules stacked with multiple
layers each. The first module, the feature extractor module, hiddenly extracts information from the input
data via a set of LSTM layers, as shown in Figure 2b. It is possible to cover any kind of sequential data
(time series, frames, etc.) by adapting the first layer(s) of the feature extractor module according to the
examined domain. For instance, if the input contains one-dimensional time series data, then a typical
LSTM layer is enough to capture the temporal hidden features of the sequence. If the input contains image
sequences, such as sequential CT scans (Brugnara et al., 2023) or time-resolved segmentations (Müller
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Figure 2. (a) Module-level architecture of the proposed AE model. (b) Detailed architecture of the
proposed AE model. (c) Detailed architecture of the DSMC model used for soft monotonic clustering.

e4-12 Panagiotis Komninos et al.

https://doi.org/10.1017/dce.2025.10031 Published online by Cambridge University Press

https://doi.org/10.1017/dce.2025.10031


et al., 2021), then a Convolutional LSTM or a three-dimensional CNN (CNN3D) could be used.
Importantly, a mix of one-, two-, and three-dimensional sequential data could be provided at once by
combining the abovementioned types of layers inside the feature extractor module. This efficiently
enables the applicability of the proposed model to any kind of sequential input data.

The second module, referred to as the monotonic module, comprises a stacked configuration of FC
layers with an incorporated monotonic modification, serving as a pivotal factor in extracting monotonic-
related features. To establish this monotonicity, it is important to apply a hard constraint between the time
feature t and the output z. For each sample i, we want the gradients of zi with respect to ti to be non-
negative, that is, ∂zi

∂ti
≥ 0,∀xi ∈X . For an MLP, it is proven in Zhang and Zhang (1999) that the output is

increasing (decreasing) monotonically with respect to input, if and only if the weights and the activation
functions of input, output, and intermediate layers are always increasing (decreasing). The corresponding
biases can have any real value since they do not affect the outputs’ gradients. In this regard, by employing
an exponential operation on the weights of each neuron in every layer, ranging from the input layer to the
output layer of the monotonic module (see Figure 2a), we ensure the desired monotonicity. This approach
to enforcing monotonous constraints allows the weights to assume any real value during the learning
process, without imposing any limitations on the weight space. Since these constraints are applied inside
the structure of the network during the forward pass, the typical backpropagation algorithm can be used by
satisfying the converging properties of the ANN. Consider the typical formulation of a neuron to be:

rv ¼ bvþ
X
u
wuvg ruð Þ, (1)

where b is the bias, w the weights that come from neuron u of the previous layer and contribute to the
current layer’s neuron v, and g :ð Þ the activation function, hence g ruð Þ is the output of the neuron u that
comes from the previous layer (i.e., the input of the current layer v). By applying the desired non-negative
monotonic constraints to the neurons we have:

rv ¼ bvþ
X
u

ewuvg ruð Þ, g≥ 0, g0 ≥ 0 everywhere: (2)

The gradients with respect to the bias remain the same,while the gradients concerning theweights used for
backpropagation are transformed by the partial derivative of rv with respect to wuv as:

∂rv
∂wuv

¼ g ruð Þewuv : (3)

By the chain rule, the gradient of the loss with respect to wuv becomes:

∂Loss

∂wuv
¼ ∂rv
∂wuv

�∂Loss
∂rv

: (4)

Substituting the expression for ∂rv
∂wuv

gives:

∂Loss

∂wuv
¼ g ruð Þewuv

∂Loss

∂rv
: (5)

There are two crucial advantages of using this approach for achieving monotonicity. First, monoton-
icity can be optionally applied in a sub-group of FC layers. Consequently, the rest of the ANN architecture
which may contain other kinds of layers than FC could remain unchanged. Second, it is possible to have
soft monotonicity between inputs and outputs, simply by applying an exponential operation only to the
weights concerning the input which is under the examined constraint. For input variables such constraints
are not required, thus the weights may remain unchanged to allow more flexibility. Both of the
aforementioned attributes are desirable for our architecture since we need monotonic constraints only
with respect to the time feature which, simultaneously, should be inserted into an intermediate layer. As a
result, monotonic relationships are exclusively attained within the monotonic module, specifically within
the neurons influenced by the time feature for generating the output. This clarifies why, despite the
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existence of a hard monotonic constraint between Z and t, a soft monotonic behavior between Z and X is
observed, ultimately leading to the desired soft monotonic clustering.

Except for the main contributing layers of the DSMC model shown in Figure 2b and c, between each
layer, dropout and parametric batch-normalization (BN) layers are involved. An important observation is
that the gradient outputs of BN layers can have a heavy impact on the monotonic constraints during
backpropagation. To address this issue, we applied the same exponential function to the weights of each
BN layer as applied similarly to the rest of the layers of the monotonic module described in Equation 2,
without affecting the corresponding biases. After the final LSTM layer of the feature extractor, a flattening
layer without any trainable parameters was applied to transform the array into one-dimensional before
inputting it to the FC layers. The activation function used after the LSTM layers corresponded to Tanh,
while a Softplus function was used after every FC layer to ensure a positive monotonic increase. It should
be noted that the FC layers that are applied before the monotonic module can be followed by any kind of
activation function. The same layers are applied to the decoder.

Together, these two modules form both the encoder and decoder components. The decoder progres-
sively increases the dimensionality through its layer-by-layer construction and is responsible for simul-
taneously reconstructing the input sequential data, the supplementary data, and the time feature. Once the
data exits the monotonic module, the time feature is no longer required and is subsequently removed from
the decoder. Given the vital role played by the supplementary data in the learning process, we allow the
AE to utilize this information implicitly, without any modifications.

Having the encoder pretrained via the AE setup, the deep clustering part which is based on Xie et al.
(2015) is taking place. In this approach, deep clustering seeks to cluster the input data points into K

clusters by simultaneously learning the parameters θ of the ANN and the cluster centers μj ∈Z
n oK

j¼1
. In

this regard, each output z∈ZD of the encoder is fed to a k-means clustering algorithm for initializing the
centroids μdj ,d ∈ 0,1,…,D½ �. The process of centroid initialization is applied only once for the entire

training dataset. Subsequently, the encoder undergoes additional training with the objective of bringing
the encoder output z and the corresponding centroid μ closer to each other. This is achieved through the
computation of a soft assignment probability distribution q that establishes the relationship between them
and by the utilization of an auxiliary target distribution p. By minimizing the Kullback–Leibler
(KL) divergence between q and p, the goal is to make these distributions similar to each other. The
probability distribution q corresponds to the Student’s t distribution which measures the similarity
between z and μ as follows:

qij ¼
1þ zi�μj
�� ��2=ν� ��νþ1

2

P
j’ 1þ zi�μj’

�� ��2=ν� ��νþ1
2

, (6)

where ν is the degrees of freedom of the Student’s t distribution and in an unsupervised setting should
be fixed to ν¼ 1. Similarly to Xie et al. (2015), the target distribution is chosen to be:

pij ¼
q2ij=
P

iqijP
j0q

2
ij0=
P

iqij0
: (7)

Then the loss function (KL-loss) for training the deep clustering is:

LossDSMC ¼
X
i

X
j

pij log
pij
qij

: (8)

The primary concept behind this setup is to adopt a self-learning framework for the model, allowing it
to autonomously learn the assignments to clusters with both high and low confidence. The model then
focuses on enhancing the assignments that exhibit low confidence. The optimization proceeds by jointly
optimizing the ANN’s parameters θ and the cluster centroids μj using the stochastic gradient descent
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algorithm with momentum and applying a standard backpropagation with respect to θ. The gradients are
computed as:

∂LossDSMC

∂zi
¼ νþ1

ν

X
j

1þ zi�μj
�� ��2

ν

 !�1

× pij�qij

� �
zi�μj
� �

, (9)

∂LossDSMC

∂μj
¼�νþ1

ν

X
i

1þ zi�μj
�� ��2

ν

 !�1

× pij�qij
� �

zi�μj
� �

: (10)

During the evaluation of the model, each sample xi from the input data space X is transformed by the
model into the embedding space zid which in turn is assigned to a cluster as follows:

clusteri ¼ max
d ∈D

arg min
j

μijd

n oK

j¼1
� zid

� � !
, (11)

where

zid ¼ f θ xsð Þ,d ∈ 0,1,…,D½ �: (12)

In the expression before, the inner operation is D-dimensional representing D cluster assignments for
the same sample i. This should be reduced to one cluster assignment. To prioritize safety, we have opted to
select the maximum assignment (outer operation) as the final prediction. As a result, although there may
be an overestimation of the deterioration, the approach significantly mitigates the risk of reaching the end
of life (adopting a risk-averse policy; Kahneman and Tversky, 1984; Cao et al., 2023).

3.2.1. Adaptation of the model’s architecture for the F-MOC dataset
The general architecture of the model remains the same, with the only alternation being in the feature
extractor module of the AE. Since there are both time-series (acoustic emission) and three-dimensional
(sequences of images) data, the LSTM layers do not suffice to produce the inputsHenc

in which are fed to the
monotonic module. Consequently, a stack of CNN3D layers is added parallel to the LSTM layers from
which hidden features Henc

in,image related to the sequential images are extracted and fused with the hidden
featuresHenc

in,acoustic related to the acoustic emission signals. An alternative to the CNN3D layers could be a
Convolutional LSTM layer (Chao et al., 2018), that is, a combination of CNN and LSTM layers.
However, due to the layer’s increased computational power that emerged from its recurrent nature, the
CNN3D layer remains the best option. Then, those features are concatenated and passed through an FC
layer to produce the required dimensionality of Henc

in .
This process is depicted in Figure 3. The feature extractor of the decoder performs the reverse process

of the encoder, thus having the same number of layers and dimensions. This time the input of the encoder
and the reconstructed input (output of decoder), X and X 0, respectively, is a set of sequential images
representing a time frame and a window of acoustic emission data. Subsequent to minor adjustments in
both the clustering process and the prognosticmodel, the number of clusters has been expanded from 10 to
30, reflecting the increased trajectory lengths. This modification aims to enhance themodel’s capability to
capture more extensive information pertaining to the progression of damage in the structure. Table 5
summarizes the hyperparameters related to LSTM and CNN3D. The hyperparameters of LSTM remain
unchanged for all datasets except Henc

in , which is optimized by the BO algorithm per dataset.

3.3. Training the DSMC model

To train the AE according to the proposed architecture, we modified the typical reconstruction loss
(original and reconstructed input) with two additional terms: the reconstruction of time and the recon-
struction of the monotonic module. Consider the outcome of the input layer of the encoder’s monotonic
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module and the outcome of the output layer of the decoder’s monotonic module to be Oenc
in and Odec

out ,
respectively. Then the loss function used for training the AE is given as follows:

LossAE ¼MSE X ,X 0ð Þþα � MSE t, t0ð ÞþMSE Oenc
in ,Odec

out

	 
� �
, (13)

whereMSE :ð Þ is themean squared error,α is a tunable hyperparameter, andX 0, t0 are the reconstructed input
and time, respectively. Ultimately, the hyperparameter αweights the importance that should be given to the
monotonic behavior of the clustering. When the AE is trained, we keep only the encoder as a pretrained
module, initialize the centroids, and further train it using a combination of LossAE and LossDSMC as follows:

Loss¼LossDSMCþβ ∗LossAE, (14)

where β is another tunable hyperparameter weighting the contribution of the LossAE. The reason for
reusing the LossAE for the clustering process is that we need to keep the soft monotonic nature of the
embedding space, which would have gradually vanished otherwise.

3.4. Bayesian optimization for hyperparameter tuning

Pretraining the encoder via the AEmodel and then further training it inside the DSMCmodel in an end-to-
end manner poses significant challenges due to the unsupervised learning nature and the presence of
multiple loss terms. The effectiveness of these models heavily relies on the setting of their hyperparameters.
Manually tuning these hyperparameters can be a time-consuming and labor-intensive task, demanding

LSTM layers

, ′ + ( ,

, ′

Feature extractor module Monotonic module

…

Input layer

…

ZZ

FC layers

X

…

…

X’

…
(-)

time feature (t)

Encoder Decoder

…++

…

…
(+)

(+)

time feature (t)

…
…

… …

(-)

FC layers

… --
…

…

…

Feature 
extractor
module

Feature 
extractor
module

FC layer

FC layer

(a)

Figure 3. Redesigned architecture of the model regarding the F-MOC dataset.

Table 5. Hyperparameters’ values for the LSTM and CNN3D layers

ANN type Name Value

LSTM No. layers 2
Hidden size (for both layers) Henc

in
Bidirectional No

CNN3D No. layers 3
Hidden channels (per layer) [48, 96, 48]
Kernel size (3, 3, 3)
Strides (1, 2, 2)
Padding 1

Note. The LSTM layers remain unchanged for all datasets with the corresponding values of Henc
in .
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substantial effort. In this regard, the BO algorithm is chosen as the optimization algorithm for tuning the
most important hyperparameters of the two models. BO requires a target function, namely the objective
function, to be maximized during the optimization process. This framework is well suited for ANN as it
relaxes the constraint of solely relying on continuous loss functions for training purposes. Consequently, the
ANN can be trained with its own continuous loss function and its hyperparameters could be tuned with a
more efficient, noncontinuous objective function.

Instead of utilizing the proposed Loss (in its negative form, as the optimization process involves
maximization), we have the flexibility to choose any function related to the clustering task that exhibits
favorable maximization properties as the objective function for the BO algorithm. In our study, manual
hyperparameter tuning revealed two consistent behaviors: (i) substantial transitions from lower clusters to
higher ones and (ii) long sequences of values remaining in the ultimate cluster (particularly in larger
trajectories). Both observations reflect the trade-off between the time feature and the input time-series data
when forming cluster predictions.

To encode these observations into an optimization criterion, the BO algorithm must evaluate hyper-
parameters using an objective function that (i) rewards smooth progression across clusters, (ii) penalizes
excessive jumps between clusters, (iii) penalizes staying indefinitely in the ultimate cluster, and
(iv) allows occasional backward transitions to preserve soft monotonicity (i.e., avoiding the trivial
solution where the model relies only on the time feature).

Formally, this is expressed as follows. For each trajectory j, and for each time step i within the
trajectory, let

dci ¼ ci� ci�1 (15)

denote the difference between the predicted labels at consecutive time steps. Then the objective function
optimized by BO is:

argmax
h

PNtraj

j¼0

PLj
traj�1

i¼1 0:6 ∗ 1dci < 0� 1 dcij j> 1þ1 dci ¼ 0

ci ¼K�1

0
BB@

1
CCA

2
664

3
775

Ntraj

0
BBBBBBBBBB@

1
CCCCCCCCCCA
, (16)

where Ntraj is the number of the training trajectories and 1condition is equal to one if the condition is
satisfied. Here, the reward term 0:6 �1dci < 0 promotes occasional backward transitions (soft monotonicity).
The penalty 1∣dci ∣ > 1 discourages cluster jumps larger than one step. The penalty 1dci¼0,ci¼K�1 prevents
long stationary sequences in the ultimate cluster. The coefficient 0:6 was selected empirically to
balance the trade-off between promoting backward transitions and preventing degenerate behavior. A
lower weight (e.g., < 0:5) made backward transitions too rare, leading to overly strict monotonicity,
while a higher weight (e.g., close to 1) allowed too many reversals, undermining the sequential
progression. The value 0:6 thus represents a compromise: it permits occasional reversals without
overwhelming the primary monotonic trend. Optimization is happening on hyperparameters
h¼ Lwindow,S,Z,Henc

in , lrAE, lrDSMC ,epochsAE,epochsDSMC ,α,β,drrate
� �

. The hyperparameter Henc
in cor-

responds to the number of neurons of the last hidden layer of the encoder’s feature extractor module,
and drrate is the dropout rate.

Thus, Eq. (16) directly encodes the desired balance; it promotes mostly monotonic progression while
still allowing controlled flexibility. All of the hyperparameters h used in the BO algorithm plus four
additional ones that were manually decided, including Lwindow, S, batch

AE, and batchDSMC , are stored in
Table 6 for each case study. These values were optimized after 100 iterations. The rationale for selecting
these search ranges is grounded in trial-and-error, initially informed by the default values used in previous
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studies related to theMIMIC-III (Scherpf et al., 2019; Zebin et al., 2019) and C-MAPSS (Asif et al., 2022;
Fu et al., 2022) datasets. For the F-MOC dataset and the newly introduced hyperparameters in this work,
only a trial-and-error approach was followed. Each range was deemed appropriate as long as the BO
algorithm identified a hyperparameter that was not positioned near one of the extremes.

3.5. Prognostics

Although this study focuses onmonotonic feature extraction and clustering to produce simple expressions
that can be easily fed to any prognostic model tomake predictions, for comprehensiveness, we utilized the
Hidden Semi-Markov Model (HSMM) (Kont et al., 2025) for the prognostic task assuming Gaussian
distributions for the observations. Particularly, seven hidden states were chosen and themodel was trained
for a maximum of 100 iterations or until the convergence tolerance of 0:5 is met.

4. Results

In this section, first, the results concerning the MIMIC-III and C-MAPSS datasets are presented and
compared. Next, we justify that the model’s behavior is compatible with the aforementioned theory and
interpret its behavior. Finally, the results of the F-MOC dataset, which represents a more complicated
dataset, are discussed.

The DSMC model was trained on a single GPU (NVIDIA GeForce RTX 2080). The entire training
process alongside the hyperparameter tuning via the BO algorithm is approximately 8 h for the MIMIC-III
andC-MAPSSdatasets, while the computational time is increased substantially for the F-MOCdataset up to
approximately 110 h. This arises because BO involves conducting 100 iterations over the hyperparameter
space, necessitating the training of themodel anew in each iteration.Modifying the number of iterations has
the potential to reduce computational effort, but it may concurrently result in a decrease in accuracy.

4.1. Clustering results and survivability analysis of the MIMIC-III and C-MAPSS datasets

Running the DSMCmodel without BO takes approximately 20 min for each of the first two datasets. The
convergence of the training and validating loss corresponding to the reconstruction and time losses,

Table 6. Hyperparameter search ranges and final values optimized by the Bayesian optimization
algorithm for each dataset

Bayesian
optimization Hyperparameter Search range

Optimized value

MIMIC-III C-MAPSS F-MOC

Yes Z [3, 32] 8 4 9
Henc

in [32, 128] 116 123 48
lr AE [10�4, 10�3] 1:2∗10�3 5∗10�4 5∗10�3

lrDSMC [5∗10�5, 10�3] 6∗10�4 3∗10�4 9∗10�4

epochsAE [50, 200] 179 105 112
epochsDSMC [10, 30] 26 23 17
α [0.7, 2.2] 1.795 0.772 2.0
β [0.01, 5.0] 1.720 2.756 0.964
drrate [0.1, 0.4] 0.2 0.3 0.14

No Lwindow - 10 10 6
S - 1 1 3
batchAE - 128 32 128
batchDSMC - 128 32 128

Note. Both the automatically and manually tuned hyperparameters are included.
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respectively, is shown in the first four subfigures of Figure A3. Running the training process with different
weight initialization may produce a variety of loss values. Therefore, we present the reproducibility of our
training process via Table A1which depicts themean and standard deviation of the training and validating
losses. These statistics were produced by running the entire training process 10 times after initializing the
ANN’s weights via a Uniform distribution.

After pretraining the encoder at the first stage of the DSMC model’s training, we proceed to the
clustering process, the second stage of training. The clustering results for each of the test trajectories are
presented in Figure 4 for the two underlying datasets. It should be highlighted that a higher cluster
prediction within the context of this study corresponds to a state that is more proximate to the most severe

(a) (b)

(c) (d)

Figure 4. (a) Clustering results for the MIMIC-III dataset. (b) Kaplan–Meier curves for the MIMIC-III
dataset (“h” stands for “hours”). (c) Clustering results for the C-MAPSS dataset. (d) Kaplan–Meier

curves for the C-MAPSS dataset (“c” stands for “cycles”).
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condition. This is due to the introducedmonotonicity based on timewhich is ever-increasing, thus a higher
cluster value is associated with a larger timestamp. Specifically, in the case of the MIMIC-III dataset, a
higher cluster indicates a state that is closer to a 100%mortality rate. Similarly, for the C-MAPSS dataset,
a higher cluster assignment signifies a state that is closer to the structure’s EOL. In the context of both
datasets, a deliberate selection of 10 clusters has beenmade, each associated with labels ranging from 0 to
9. This strategic choice has been made with the primary intention of elucidating the inherent soft
monotonicity present within the cluster assignments. The rationale behind opting for precisely 10 clusters
lies in the desire to avoid excessive complexity that would render the resulting clustering solution less
comprehensible and interpretable. The introduction of a greater number of clusters would inadvertently
introduce additional fluctuations that could potentially obscure the underlying patterns, diminishing the
clarity of the analysis. Another cluster label equal to 10 is added at the end of each trajectory indicating the
last data point of that trajectory. This is to explicitly provide a physical meaning to the last value
representing the EOL and, by no means, is used during the testing phase where the last data points are
unseen and unknown.

In relation to the MIMIC-III dataset, it is observed in Figure 4a that the labels assigned to the clusters
exhibit a monotonic increase, with few exceptions in specific instances where there is an observed
improvement in the patient’s health. Given that the model is correctly trained, this decrease in cluster
labels can be attributed solely to changes in the corresponding vital signs. From a data-centric perspective,
the observed anomaly in the cluster labels can be attributed to irregularities in one or more of the provided
input values corresponding to vital signs. Such anomalies may arise from either the presence of noisy data
within the dataset or specific treatments administered to the patients. The latter scenario aligns with
medical reasoning, as certain treatments can introduce anomalies in the monotonic behavior of the
clusters. Consequently, by assuming that the input data is devoid of noise, we posit that a sudden decrease
in cluster labels is closely associated with potential self-recovery or temporary improvement in a patient’s
condition resulting from a given treatment. However, establishing a direct correlation between the
treatment and vital signs measurements is challenging. In preceding research (Moss and Prescott,
2019), it was observed that the prompt initiation of antibiotic treatment could potentially result in
significant adverse effects, including elevated mortality rates. Nevertheless, even if such a correlation
could be identified, the accurate determination of the specific time delay required for the effects of the
treatment to manifest in the patient under examination remains uncertain.

The prognostic results are presented by the Kaplan–Meier curve (Kaplan and Meier, 1958), shown in
Figure 4b for the true survivability of the testing population and the corresponding 0, 42, 79, 121,
160, 200, 283, 352, 392, and 812 h predicted survival plots of the same population, respectively. These
hours correspond to the time each patient stayed in the ICU until mortality. Hence, these curves indicate
the prediction improvement toward the ground truth as more information is available with the elapsed
time. Notably, except at 0 h where no information is available and the predictions for all the patients are
based only on themeanmortality of the training set, every other survival curve becomes increasinglymore
informative. Even though the right outlier is not predicted accurately, the prediction provided is mildly
conservative and thus not harmful to the model’s overall safety. Since these plots are interconnected based
on time, the corresponding p values (log-rank test) are expected to be high, thus being unable to reject the
null hypothesis that these plots are similar. This phenomenon is occurring as expected, and for the sake of
thoroughness, the p values between the ground truth and each of the other plots are provided, respectively.

In contrast to themajority of related studies (Islam et al., 2019; Kong et al., 2020; Lauritsen et al., 2020;
Wu et al., 2023) that approach mortality prediction as a classification problem and assess their model’s
performance using receiver operating characteristic curves as diagnostic tools, we maintain its inherent
nature and consider it as a regression process. Consequently, we show in Figure A1 the survivability rates
at 0%, 25%, 50%, and 75% of the corresponding trajectory lengths for four of the test patients, notably for
patients 6, 7, 8, and 9. These curves alongside the corresponding reliability curves discussed next
concerning the C-MAPSS dataset are derived from the utilization of the HSMM outcomes as described
in Kont et al. (2025).
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Regarding the clustering outcomes obtained from the C-MAPSS dataset, Figure 4c reveals the
presence of significant fluctuations in the assignments of clusters. These fluctuations are observed in a
reasonable manner. The presence of noisy sensor measurements within the C-MAPSS dataset, coupled
with the challenge of effectively integrating sensor values that exhibit constant, monotonically increasing,
andmonotonically decreasing trends, accounts for the observed fluctuations in cluster assignments. Given
that the model is trained in an unsupervised manner, it does not explicitly learn to disregard nonrelative
information as in supervised learning setups. Instead, it learns to leverage the entirety of the available
information while adhering to the initial soft monotonic constraint in order to solve the task. As a result,
themodel’s predictions should rationally include such fluctuations since, in some cases, the noisy raw data
by no means reflect any actual increase in the system’s health, which mirrors real-case scenarios.

Additionally, the prognostic results produced by HSMM are presented for the C-MAPSS dataset via
the survival function estimated by the Kaplan–Meier method in Figure 4d. Similarly to the MIMIC-III
dataset, the corresponding 0, 130, 157, 170, 187, 195, 201, 210, 217, and 236 cycles predicted survival
plots of the testing population are presented representing the lifespan of each testing engine. Because there
are no outliers in this dataset, the predictions are herein much closer to the ground truth. This finding
provides evidence that the presence of various fluctuations in the clustering results does not hinder the
prediction of reliability. On the contrary, the satisfactory outcomes can be attributed to the incorporation of
soft monotonicity, which effectively captures the true information inherent in the input data rejecting the
apparent measurement noise. Finally, in engineering, the effort is given to the reliability of the predictions,
therefore the reliability curve extracted by the HSMM is utilized and shown in Figure A2 for the 0%, 25%,
50%, and 75% of the corresponding trajectory lengths for four of the test engines (engines 6, 7, 8, and 9).

4.2. Benchmarking

In this section, we provide a comprehensive benchmarking analysis to evaluate the (a) performance and
(b) robustness of our proposed DSMC model, via the MIMIC-III and C-MAPSS datasets, correspond-
ingly. Concerning the MIMIC-III dataset, comparing the results with other works is challenging since a
part of the dataset is utilized accordingly for each specific case study. Indeed, as highlighted in Johnson
et al. (2017), there exists a large heterogeneity in studies that makes it hard to compare and reproduce
results. Additionally, in light of the authors’ comprehensive review and as mentioned in previous survey
works (Purushotham et al., 2018; Harutyunyan et al., 2019), it is evident that none of the prevailing
methodologies has hitherto addressed the present dataset in the context of a regression paradigm. More
importantly, to the best of the authors’ knowledge, no prior work exists on feature extraction specifically
related to prognostics, as existing methodologies primarily focus on directly predicting mortality rates
(Li-wei et al., 2014; Data and Pirracchio, 2016; Lee et al., 2017; Purushotham et al., 2018; Kong et al.,
2020; Lauritsen et al., 2020;Wu et al., 2023), which is not the primary objective of theDSMCmodel. As a
corollary, it becomes imperative that the outcomes of the regression-oriented task be transmuted into a
classification format solely for the purpose of benchmarking via well-known deterministic scoring
systems. Consequently, the dataset has been streamlined into a classification framework, wherein patients
are categorized based on the binary outcome of survival or mortality within a predetermined horizon. This
horizon conventionally encompasses a span of 8 days (192 h), reflecting the survivability duration within
the confines of the ICU for 50% of the examined population, thus having a perfectly balanced binary
classification to evaluate.

The resultant classification outcomes are juxtaposed against the evaluations rendered by three widely
recognized scoring systems routinely employed by healthcare practitioners, including Sepsis-related
Organ Failure Assessment (SOFA) score (Vincent et al., 1996), Simplified Acute Physiology Score
(SAPS III) (Moreno et al., 2005), and APACHE II (KNAUS et al., 1985) score. All of these scores can be
used for an estimation of the risk of mortality during the ICU stay. Figure 5 shows for different time steps
(1, 25, 50, and 70 h after each patient’s entrance to the ICU) the comparison between the receiver operating
characteristic (ROC) curves of each benchmark with the DSMCmodel. Table 7 presents the correspond-
ing area under receiver operating characteristic (AUROC) scores alongside the precision, recall, and
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F1-score metrics. It becomes evident that the performance of the DSMCmodel exhibits challenges during
the initial time steps, primarily attributable to the insufficient data acquisition for generating precise
predictions. In contrast, the APACHE II scoring system demonstrates a more natural aptitude in these
early stages of prediction. Notably, both the SOFA and SAPS III scoring systems fail to yield substantial
predictive value. This outcome can be attributed to the utilization of unprocessed and noisy data, factors
that notably impede the efficacy of these deterministic scoring systems. Clearly, though, theDSMCmodel
prognostic capabilities outperform those benchmarks by far when enough data are available, with
AUROC, precision, recall, and F1 score being 0.80, 0.71, 1.0, and 0.83, respectively, after 50 h of stay
in ICU. Impressively, after 70 h of data acquisition, our model achieves the ultimate performance in all of
the metrics, that is, all of the patients are classified correctly, highlighting its superior performance.

Furthermore, the robustness of our model is substantiated in the C-MAPSS dataset by demonstrating
that the soft monotonic features can serve as viable inputs for any prognostic model, thereby yielding
equivalent predictive performance. In pursuit of this validation, we proceeded to deploy two additional
prognostic models derived from the realm of ML, namely gradient boosted decision trees (GBDT)
(Natekin and Knoll, 2013) and support vector regression (SVR) (Drucker et al., 1996) algorithms. These
models are developed utilizing Python’s Scikit-learn package with default hyperparameters. The predic-
tions correspond to the remaining useful life (RUL), which signifies the critical time prior to the engine’s
failure.

Figure 6a and b illustrate the comparative performance of each prognostic model when provided with
the monotonic features as input, using two distinct testing samples. The first sample is derived from the
average trajectory lengths, while the second originates from the right outliers, characterized by large
trajectory lengths. These samples are namely the testing engines 5 and 10, respectively. In both figures, the
mean predicted RUL is shown alongside the corresponding 95% confidence intervals for the HSMM and
GBDT prognostic models. Due to the deterministic nature of the SVR model, only the mean values of
RUL are available. Although root mean squared error (RMSE) exhibits variations among the prognostic
models, it is worth noting that existing literature claims that the engine degradation is detected at
approximately 100–150 operating cycles (Huang et al., 2019; Laredo et al., 2019; Yu et al., 2019; Cai
et al., 2020; Deng et al., 2020; Li et al., 2020). This assertion finds support in the clustering outcomes
depicted in Figure 4c, where the cluster assignments stay close to zero until a crucial point in the
performed cycles is reached. This implies that it becomes possible to initiate meaningful predictions from
that point onward. Consequently, the RUL’s uncertainty and inconsistency are rationally large at initial
time steps, while all of the models converge toward the ground truth values as time progresses,
enlightening that the cluster assignments, and hence, the DSMC model are agnostic of the chosen
prognostic model.

Subsequently, except for validating DSMC’s robustness, a comparative study has been performed
against a state-of-the-art AE architecture, namely the long short-termmemory convolutional autoencoder
(LSTMCAE) (Ye and Yu, 2021), that outputs health indicators (HIs) to assess the engines’ health status
based on reconstruction errors. These HIs are shown in Figure 7a. To validate the performance of those
two feature extraction models, the corresponding prognostics produced by HSMM are illustrated in
Figure 7b and c for the test engines 5 and 10, respectively. It is evident that the DSMC model slightly
outperforms the LSTMCAE model and this can be further observed via the RMSE over each test engine
stored in Table 8. Especially for the test engines 1, 2, 3, and 8, DSMC significantly outperforms
LSTMCAE.

4.3. Interpretability of DSMC model

In this subsection, the interpretability of the developed DSMC model is illustrated, validated, and
discussed extensively. Achieving this involves the interpretation of the time gradients that should be
strictly non-negative to perform a monotonic increase of the outcomes of Z space. Subsequently, the
extracted features of Z space are depicted before and after the second stage of the training process that
concerns clustering to demonstrate how the DSMC model learns to assign clusters accordingly.
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4.3.1. Time gradients flow
The proposed architecture introduces a key novelty and enables its application to various types of
sequential data requiring a monotonic output. This novelty stems from the inclusion of a stringent
monotonic constraint between the time feature and the encoder’s output layer. As per this proposed
constraint, it is required that the gradient of each output in the Z space, concerning the time feature, strictly
maintains a non-negative value. Indeed, Figure 8 provides a visual representation of these gradients for
both datasets as the time variable progresses within the trajectories, effectively confirming their persistent
non-negative nature. It should be noted that in this figure the samples of the entire training set are put in an
increasing time order to sequentially reflect the output gradients with respect to time. Obviously, this was
only applied for visualization purposes, after finishing the training process. To enhance clarity, a moving
average window with a size of one is applied, and shaded areas around the mean values are generated

(a) (b)

(c) (d)

Figure 5. ROC curves after 1, 25, 50, and 80 h after each patient’s entrance to the ICU.
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using the standard deviation. Notably, the gradients exhibit strikingly similar trends with only shifts in
their positions on the y-axis. This observation suggests the existence of a common underlying pattern or
relationship between the time feature and the Z-space. The similarity in these gradients indicates that the
network’s output neurons respond (soft) monotonically with the time feature, revealing a shared and
unified sensitivity of the Z-space to the time feature. Consequently, any potential decrease in cluster
assignments is relatively reliant on the time-series inputs.

4.3.2. Interpreting Z-space and its relation to soft monotonic clustering
In certain instances, the utilization of k-means clustering alone proves adequate for generatingmeaningful
clustering outcomes. This is particularly applicable to datasets that already exhibit indications of
monotonicity within the input time-series data, thereby suggesting that the embedding space is inherently
constructed to align with the desired monotonic behavior.

A notable example of this scenario is observed in the C-MAPSS dataset, where several sensors
demonstrate strictly increasing or decreasing monotonic patterns. Consequently, the AE model is

Table 7. Comparison table for the MIMIC-III dataset based on standard metrics between our proposed
DSMC model and three widely used in healthcare scoring systems, including SOFA, SAPS III, and

APACHE II

Model

Metric

AUROC Precision Recall F1

SOFA 0.50 0.0 0.0 0.0
SAPS III 0.60 0.56 1.0 0.71
APACHE II 0.70 0.67 0.80 0.73
DSMC 0.80 0.71 1.0 0.83

Note. These metrics are calculated based on the 50 h of stay in ICU.

Figure 6. RUL prediction of different prognostic models for one inner and one outlier trajectory.
(a) Testing engine 5, whose length is close to average. (b) Testing engine 10, representing the right outlier.

e4-24 Panagiotis Komninos et al.

https://doi.org/10.1017/dce.2025.10031 Published online by Cambridge University Press

https://doi.org/10.1017/dce.2025.10031


naturally compelled to create the Z-space in a manner that effectively incorporates these existing
monotonic behaviors. Figure 9a and b, which represent the results prior to and following the DSMC
model’s second stage of training, provide evidence supporting the assertion that visualizing the Z-space
with samples arranged in a sequential manner based on their respective time (same ordering of the training
set as in Figure 8) yields meaningful insights. To enhance visual clarity, the presented results are obtained
using a moving average windowwith a window size of 30. The mean values are employed and the shaded
areas represent the standard deviation. It is evident that the encoder’s predictions exhibit an increasing
trend as the engine’s damage severity progresses, evenwithout the second stage of training. After training,

Figure 7. (a) Constructed HIs utilizing the LSTMCAE model. (b) Comparison of RUL curves between
DSMC and LSTMCAE for test engine 5. (c) Comparison of RUL curves between DSMC and LSTMCAE

for test engine 5.
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the model manages to capture additional details, leading to improved feature extraction, particularly
noticeable in the z1 output.

Furthermore, although the trends of the outputs are increasing, there are several oscillations indicating
the desired soft monotonic behavior. An important observation to note is that unlike the time gradients
depicted in Figure 8, which are required to strictly maintain non-negative values for the application of the
monotonic constraint, the Z-space is not subject to such constraints and can assume any real value.
However, as expected, it is shown that there exists a soft monotonic increase within the Z-space as we
progress toward the end of each trajectory length.

Moreover, Figure 9c and d enlighten how this embedding space is grouped into the 10 clusters before
and after the DSMCmodel’s final stage of training, respectively, given a 2D space created by the method
of t-distributed stochastic neighbor embedding (t-SNE) (van der Maaten and Hinton, 2008). The
popularity of this method lies in its capacity to probabilistically uncover nonlinear connections or
similarities within the data. Evidently, in both figures, the model’s cluster assignments correspond to

Table 8. RMSE for each test engine calculated by the HSMM model (ours) and the LSTMCAE model

Engine no. RMSE (DSMC) RMSE (LSTMCAE)

1 15.78 36.83
2 34.64 44.93
3 19.84 35.42
4 49.89 50.00
5 30.39 31.66
6 29.14 29.80
7 36.65 41.40
8 52.77 64.25
9 20.57 22.48
10 22.59 22.61
Average 31.23 37.94

(a) (b)

Figure 8. Time gradients (gradients of each encoder’s output with respect to the time feature). (a) Time
gradients for theMIMIC-III dataset. The time gradients for z1 are zoomed in for clarity. (b) Time gradients

for the C-MAPSS dataset. The time gradients for z2 are zoomed in for clarity.
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adjacent regions, suggesting that the encoder’s output following the AE model training can be employed
directly for clustering purposes without proceeding to the next training stage of the DSMC model. It is
important to note that the disparity between the two representations does not arise from training the
DSMC model but rather from the inherently stochastic nature of the t-SNE method. Consequently, the
precise positioning of each cluster in the 2D space is of lesser concern, as long as neighboring samples
consistently exhibit the same cluster assignment, which seems to be the case for the proposed model.

For the C-MAPSS dataset, a notable contradiction becomes apparent when comparing the clustering
results (Figure 4c) with the clustering performance of the DSMC model (Figures 8b and 9). While the
clustering results come up with several fluctuations, the AE model has successfully learned softly

(a) (b)

(c) (d)

Figure 9. (a) Z-space visualization for the C-MAPSS dataset before training the DSMC model.
(b) Z-space visualization for the C-MAPSS dataset after training the DSMC model. (c) t-SNE graph with
two principal components for the C-MAPSS dataset before training the DSMC model. (d) t-SNE graph

with two principal components for the C-MAPSS dataset after training the DSMC model.
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monotonic and distinguishable features even without the final training of the DSMC model. This
occurrence can be attributed to the application of a soft monotonic constraint rather than a learnable
monotonic behavior that would eliminate these fluctuations. For instance, in Figure 9a and b, the feature z2
demonstrates averagely monotonic behavior over time, but it occasionally exhibits temporary decreases,
potentially resulting in lower cluster assignments. If the monotonic behavior was learnable by the model,
it would be expected for z2 to consistently exhibit a monotonic increase. However, this is not the case as it
is necessary to capture potential instances of recovery that may be concealed within the input time-series
data. Consequently, the DSMCmodel acknowledges the presence of these fluctuations as normal, yet still
adeptly captures and groups them accurately.

While it can be argued that the DSMC model marginally enhances the clustering performance in the
C-MAPSS dataset, its impact is transformative for the MIMIC-III dataset. This is primarily due to the
absence of any inherent pre-existing monotonic behavior in the input time sequences of the MIMIC-III
dataset. In such a case, the DSMC model proves to be a game-changer, as it effectively incorporates the
necessarymonotonicity to improve the clustering outcomes. Indeed, in both Figure 10a, b and Figure 10c, d
sets, noticeable distinctions in the Z-space and cluster assignments are evident when comparing the results
before and after finishing the second stage of DSMCmodel’s training. In Figure 10a, it is observed that the
encoder’s output z0 exhibits an oscillated trend as the time feature increases. This suggests that the vital
signs, supplementary data (demographic and laboratory data), or a combination of both may potentially
confuse the encoder part of the AE model, which strives to adhere to the monotonic constraint between its
outputs and the time featurewhile simultaneously incorporating the information provided by the inputs. This
observation is further supported by the t-SNE graph presented in Figure 10c, where the cluster assignments
appear to be more disordered, that is, clusters are not homogenous and can be interrupted by others,
compared to the C-MAPSS dataset. However, after finishing the entire training of theDSMCmodel, each of
the encoder’s outputs consistently and satisfactorily demonstrates an upward trend (Figure 10b), while the
cluster assignments exhibit greater similarity to their neighboring values (Figure 10d).

4.4. Toward multimodal feature extraction and clustering: evaluating the F-MOC dataset

This subsection presents the results obtained from the F-MOC dataset. Given that the capabilities of the
DSMC model have been thoroughly discussed in previous instances with the use of other datasets, the
focus here is solely on evaluating and discussing the model’s outputs and performance. Without the BO
algorithm, the computational time required to train the DSMC model is approximately 1.1 h.

The two test specimens under examination correspond to one chosen from the average and another
from the right outliers in terms of trajectory lengths. Given the inherently challenging nature of this
dataset, characterized by its multimodal and high-dimensional data, an anticipated drop in performance is
expected. However, surprisingly, the cluster assignments, as illustrated in Figure 11a, come up with a
better monotonic behavior despite some potential fluctuations that are rationally detected due to the
induced soft monotonicity. This improvement can be verified by the constructed Z-space shown in
Figure 11b. Clearly, the monotonicity of the extracted features surpasses that of the previous datasets,
resulting in a more distinct monotonic clustering. This observation can be attributed to the continual
accumulation of damage observed in the image data, making the DIC measurements a perfect candidate
for predicting degenerative phenomena. Hence, the limited fluctuations present can be solely associated
with the occasional noninformative and noisy nature of the acoustic emission data (Ciaburro and Iannace,
2022) and, by no means, to an increase in the structure’s health. At the same time, the constant values
regarding Z-space at the start of each trajectory affirm the corresponding flat region in the initial cluster
assignments, indicating the absence of detected damage in the structure.

The reproducibility of the training process for this dataset is presented in Table A1. The convergence of
the training and validating loss corresponding to the reconstruction and time losses is depicted in
Figure A3e and f, respectively. Notably, our model adeptly captures the intricate dynamics underlying
fatigue, enabling accurate prediction of RUL under uncertainty, as illustrated in Figure 12. Again, the
HSMM prognostic model was chosen. However, drawing inspiration from Eleftheroglou (2020), the
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present dataset employs four hidden states in the prognostic model, instead of seven. These states are
selected to mirror diverse levels of damage accumulation within the composite structure’s lifespan,
encompassing phenomena such as matrix cracking, crack coupling, delamination, and fiber localized
breaking (Eleftheroglou and Loutas, 2016).

4.5. Qualitative analysis of number of clusters hyperparameter

As already mentioned, the number of clusters was chosen to be relatively small for easier interpretation
of the outcomes. Nevertheless, it is yet to be discussed how this number affects the accuracy of prognosis.

(a) (b)

(c) (d)

Figure 10. (a) Z-space visualization for the MIMIC-III dataset before training the DSMC model.
(b) Z-space visualization for the MIMIC-III dataset after training the DSMC model. (c) t-SNE graph for
the MIMIC-III dataset before training the DSMC model. (d) t-SNE graph for the MIMIC-III dataset after

training the DSMC model.
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In this regard, a qualitative analysis is performed for each dataset related to this hyperparameter.
Particularly, the normalized RMSE between the true and predicted RUL is calculated after training the
DSMC and HSMMmodels with varying numbers of clusters ranging in 10,50½ � and taking every second
value, that is, 10, 12, and so on. The results of this analysis are depicted in Figure 13 for each dataset and
each test trajectory correspondingly. Interestingly, increasing the number of clusters does not improve the
accuracy of prognostics for the MIMIC-III and C-MAPSS datasets. However, as expected, for a small
number of clusters the accuracy is lower concerning the F-MOCdataset which contains more complicated

(a) (b)

Figure 11. (a) Clustering results for the F-MOC dataset. (b) Z-space visualization for the F-MOC dataset
after training the DSMC model.

(a) (b)

Figure 12. (a) Stochastic RUL predictions of the first test specimen. (b) Stochastic RUL predictions of the
second test specimen.

e4-30 Panagiotis Komninos et al.

https://doi.org/10.1017/dce.2025.10031 Published online by Cambridge University Press

https://doi.org/10.1017/dce.2025.10031


high-dimensional data. Nonetheless, having more than 20 clusters is enough for keeping a stable optimal
performance.

5. Conclusion

The proposed DSMC model effectively achieves the objectives of this work through its distinctive
architecture. By employing a two-stage training process and incorporating a monotonic constraint, the
model successfully extracts soft monotonic features and simultaneously clusters them based on the
system’s level of deterioration. Unlike conventional approaches that train the model to strictly adhere to a
monotonic behavior (Pathak et al., 2015; You et al., 2017; Liu et al., 2020), the proposed model was
compelled to establish a strict monotonic relationship between its outputs and the integrated time feature.
Moreover, the ability to automatically fine-tune the hyperparameters through customizing the objective
function of the BO algorithm not only streamlines the adaptation process, but also enhances the model’s
overall performance and applicability across different domains.

Three datasets from distinct scientific domains were selected to evaluate the performance and
capabilities of the DSMC model including MIMIC-III, C-MAPSS, and F-MOC datasets. Concerning
the MIMIC-III dataset, notably, our model exhibited impressive performance by providing useful soft
monotonic features to the prognostic model, effectively surpassing the performance of SOFA, SAPS III,
andAPACHE II score systems, which arewidely used in health care. Ourmodel’s robustness is verified on
the C-MAPSS dataset by showing similar prediction capabilities over three different prognostic models,
including HSMM, GBDT, and SVR. This implies that the DSMCmodel produces expressive monotonic
features that are highly correlated to the prognostic task, hencemaking it agnostic to the chosen prognostic
algorithm. Furthermore, the interpretability of the model can be seen from those two datasets. In the
context of the F-MOC dataset, our model’s performance remained at high levels despite the inherent
challenges posed by the multimodality of the dataset and the intricate task of sensor fusion. Successfully
navigating the complexities associated with multimodal information, the model showcased its efficacy in
feature extraction and subsequent clustering. This accomplishment is notable given the intricacies
involved in integrating diverse sensory data sources, including one passive and one active testing
technique, that is, acoustic emission and DIC measurements, respectively.

While the DSMC model is trained exclusively on trajectories that reach a definitive target, hence
signaling their final value, running this in real-time makes the trajectory’s last value remain unknown.
Notably, if this last value occurs considerably later in terms of time compared to the training trajectories, it
results in an extended duration within the penultimate cluster. This could also be observed by the inability
of the prognostic model to accurately predict the survivability of the patient corresponding to the largest
time of staying in ICU until mortality (see Figure 4b), representing the right outlier of the MIMIC-III

(a) (b) (c)

Figure 13. Qualitative analysis of the number of clusters hyperparameter for (a) MIMIC-III dataset,
(b) C-MAPSS dataset, and (c) F-MOC dataset.
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dataset. Nevertheless, this discrepancy does not pose a concern as it signifies an overestimation of risk,
thus providing valuable support to human experts in making more cautious decisions concerning their
corresponding field of expertise.

Despite theDSMCmodel having demonstrated its ability to capture potential recoveries within the soft
monotonic clustering process, signifying a substantial correlation between the input sequences and the
corresponding predictions, the specific mechanisms by which the input timestamps influence this
monotonic behavior remain unclear. This aspect represents a crucial next step in our research, as gaining
an understanding of these relationships can yield valuable insights. For instance, in the context of sepsis
threat, such an understanding could provide patterns illuminating how treatments impact a patient’s
current condition or identify the noisy sensors within the C-MAPSS dataset responsible for the observed
fluctuations in the monotonic clustering. Additionally, it could be possible to correlate noisy measure-
ments from the acoustic emission system or potential undetected damage in the structure via the cameras
within the F-MOC dataset. Investigating and comprehending these underlying factors would enhance the
physical understanding and practical application of the model, enabling better-informed decision making
and tailored interventions in real-world applications.

Abbreviations
AE Autoencoder
ANN Artificial neural network
APACHE II Acute physiology and chronic health evaluation II
AUC Area under the curve
AUROC Area under the receiver operating characteristic
BO Bayesian optimization
BP Blood pressure
BUN Blood urea nitrogen
C-MAPSS Commercial modular aero-propulsion system simulation dataset
CI Confidence interval
CNN Convolutional neural network
CNN3D 3D convolutional neural network
DIC Digital image correlation
DL Deep learning
DSMC Deep soft monotonic clustering
EOL End of life
F-MOC Fatigue monitoring of composites
FC Fully connected (layer)
GBDT Gradient boosted decision trees
GCS Glasgow Coma Scale
HSMM Hidden semi-Markov Model
ICU Intensive care unit
KL Kullback–Leibler divergence
LSTM Long short-term memory
LSTMCAE Long short-term memory convolutional autoencoder
MIMIC-III Medical Information Mart for Intensive Care III
ML Machine learning
MTS Mechanical testing system
ReLU Rectified linear unit
RMSE Root mean squared error
ROC Receiver operating characteristic
RUL Remaining useful life
SAPS-III Simplified Acute Physiology Score III
SpO2 Peripheral capillary oxygen saturation
SVR Support vector regression
t-SNE t-Distributed stochastic neighbor embedding
WBC White blood cell count
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A. Extended data

(a)

Figure A1. Survivability rates of a test subset of the patients at different time steps. The time steps are
chosen at 0%, 25%, 50%, and 75% of the corresponding patient’s true time of stay in the ICU until

mortality.
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(a)

Figure A2. Reliability curves of a test subset of the engines at different time steps. The time steps are
chosen at 0%, 25%, 50%, and 75% of the corresponding engine’s true lifespan.

Table A1. Reproducibility of the training process

Loss type

MIMIC-III C-MAPSS F-MOC

Mean SD Mean SD Mean SD

Train reconstruction loss (first scale of Eq. 13) 0.0461 0.0023 0.0123 0.0002 0.1315 0.0084
Validation reconstruction loss 0.0448 0.0094 0.0159 0.0083 0.1421 0.0093
Train time loss (second scale, first part of Eq. 13) 0.0008 0.0 0.0032 0.0002 0.0421 0.0014
Validation time loss 0.0002 0.0002 0.0006 0.0002 0.0474 0.0023
Clustering loss (Eq. 14) 0.2485 0.0497 0.1917 0.0136 0.2923 0.0536
Validation clustering loss 0.2632 0.0502 0.2013 0.0507 0.3147 0.0619

Training and validation losses. The means and standard deviations were produced by training the DSMCmodel 10 times with random (uniform) weight
initialization.
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(a) (b)

(c) (d)

(e) (f)

Figure A3. The convergence of train and validation losses, including the reconstruction loss of the input
and reconstruction loss of the time feature, for the three datasets after the first stage of training of the
DSMC model (AE training). (a, b) MIMIC-III dataset. (c, d) C-MAPSS dataset. (e, f) F-MOC dataset.
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B. Implementation details of the F-MOC dataset

B.1. Experimental setup
The setup comprises a 100 kNMTS controller connected to a benchmachine, an acoustic emission system, and two cameras used for
DIC measurements. The cameras are capturing images of the specimen periodically every 50 s. To capture the acoustic emission
signals generated during fatigue, an AMSY-6 Vallen Systeme GmbH, an 8-channel AE system with a sampling rate of 2 MHz, was
utilized. A single broadband single-crystal piezoelectric transducer was affixed to the side of specimens using a clamping device
situated between the lower grip of the fatigue machine and a safety aluminum cylinder. Ultrasound gel was applied for optimal
acoustical coupling between the sensor and specimen surfaces. To ensure proper connectivity, a standard pencil lead break procedure
verified the specimen–sensor connection before the fatigue test. Finally, the threshold was set at 50 dB.

The material at hand is a unidirectional prepreg tape Hexply F6376CHTS(12K)-5-35. The laminate is manufactured using a
hand lay-up of 0=45=90=�45½ �2s and is cured in an autoclave at a temperature of 180°C and pressure of 9bar for 120min as
recommended by the manufacturer. The laminate is consequently cut to obtain specimens of 400mmx45mm with an average
thickness of 2:28mm. Two examples of specimens can be found in Figure B1 representing a healthy (Figure B1a) and a damaged one
(Figure B1b). These examples correspond to the DIC part. In Figure B2, an example of a specimen’s low-level features from the
recorded acoustic emissions across its lifetime is illustrated. Additional details about the used materials and the experimental setup
can be found in Eleftheroglou (2020).

B.2. Synchronization of acoustic emission and DIC data

Considering a trade-off between memory efficiency and training accuracy, the decision was made to compose each time frame
from 6 (Lwindow ¼ 6) sequential images captured at 50-s intervals by one camera. Considering that no damage is detected in any of the
specimens during the initial approximately 8000 s, emphasis is directed toward images captured after 6000 s and beyond, with the
preceding ones being disregarded, to face potential memory issues.

Opting for a 50% overlap, each successive frame incorporates the last three images from the preceding frame along with the
subsequent three new ones, resulting in a step size of S¼ 3. To synchronize these images with the acoustic emission signals, a
window technique was employed based on the duration of each time frame. By determining the timestamps of the initial and final
images within each frame, we matched these timestamps with the corresponding points in the acoustic emission signal to establish
the signal’s duration. Subsequently, a synthetic constant length for the signals was set as a baseline, which is the average of the
corresponding signal lengths representing each frame. This baseline length is valued at 755 data points for each frame. Utilizing this
baseline, a moving average filter was applied to adjust all signals to this standardized length. This filter was applied independently to
each low-level feature extracted from each signal. If the length of one signal exceeds the baseline, the filter selectively eliminates
data points; conversely, it interpolates data points when the signal length is shorter.

(a) (b)

Figure B1. Two examples of image snapshots taken from a camera representing one specimen subject to
fatigue loads. (a) Healthy. (b) Severely damaged.
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(a)

Figure B2. An example of a specimen’s low-level features representing amplitude, duration, and energy,
as extracted from the AMSY-6 Vallen SystemeGmbHacross its lifetime. These features are displayed along
the y-axis, while the hit time feature is depicted along the x-axis. Details of each low-level feature can be

found in Table 3.
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