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ABSTRACT

Patient—ventilator interaction plays a critical role in assisted respiratory therapy, where synchronization between the
subject’s natural breathing cycle and the mechanical airflow delivered by the ventilatory system determines treatment
effectiveness and safety. Mismatch events, commonly referred to as patient—ventilator asynchrony, can lead to
increased work of breathing, patient discomfort, prolonged ventilation duration, and adverse clinical outcomes.
Existing detection approaches rely on manual waveform inspection, rule-based algorithms, or machine learning
techniques; however, these methods often struggle with pseudo-periodic respiratory signals, noise contamination,
and variability in breathing patterns. To address these limitations, this study proposes a respiration-phase guided
partitioning method designed to improve the identification of mismatch events between assisted airflow systems and
subjects through precise segmentation of breathing cycles and phase-aware analysis.

The proposed method introduces a structured partitioning framework that separates respiratory signals into
physiologically meaningful phases, including inspiration, expiration, and transition intervals, allowing mismatch
detection to be performed within phase-specific contexts rather than on entire signals. The approach integrates
pseudo-period extraction techniques, dynamic time alignment, and feature-based classification to improve robustness
against waveform variability and irregular breathing behavior. By incorporating phase-guided segmentation, the
method enhances sensitivity to subtle timing inconsistencies that traditional global analysis methods fail to detect.
A theoretical foundation based on time-series segmentation, pseudo-periodic signal processing, and machine
learning-based classification is developed to support the proposed framework. The method is evaluated using
representative respiratory waveform scenarios, including normal synchronization, delayed triggering, premature
cycling, and flow mismatch conditions. Experimental analysis demonstrates that respiration-phase guided
partitioning enables more reliable detection of mismatch events compared with conventional waveform-level
detection approaches.

The findings indicate that phase-aware analysis provides improved interpretability, higher detection accuracy, and
better adaptability to variable breathing patterns. The proposed framework contributes to the development of
intelligent monitoring systems for assisted airflow devices and supports the advancement of automated
synchronization assessment in respiratory care. This work establishes a methodological basis for future research on
adaptive ventilatory control, real-time monitoring, and data-driven respiratory signal analysis.

Keywords: Respiratory signal analysis, assisted ventilation, mismatch detection, pseudo-period segmentation, time-
series partitioning, airflow synchronization, mechanical ventilation monitoring, signal classification, biomedical
signal processing.

INTRODUCTION
Effective synchronization between the subject and the

Assisted airflow systems are widely used in clinical assisted airflow system is essential for ensuring

environments to support subjects who experience
impaired respiratory function. Mechanical ventilators,
non-invasive ventilation devices, and other assisted
breathing systems are designed to deliver airflow in
coordination with the subject’s natural respiratory cycle.

https://aimjournals.com/index.php/corr

physiological stability, minimizing discomfort, and
preventing complications associated with improper
ventilation support. When synchronization fails,
mismatch events may occur, leading to inefficient
ventilation, increased respiratory workload, and potential
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deterioration of the subject’s condition (Bailey, 2021).

Mismatch events between assisted airflow systems and
subjects, commonly referred to as patient-ventilator
asynchrony, represent a significant challenge in
respiratory care. These events can occur when the timing,
duration, or magnitude of the delivered airflow does not
correspond to the subject’s breathing effort. Examples
include delayed triggering, premature cycling, ineffective
effort, and flow starvation, each of which can negatively
affect treatment outcomes (Mirabella et al., 2020).
Clinical studies have shown that frequent mismatch
events are associated with longer ventilation duration,
increased sedation requirements, and higher risk of
complications (Colombo et al., 2011).

Traditional detection of mismatch events relies heavily
on manual interpretation of airflow, pressure, and volume
waveforms. Although experienced clinicians can identify
synchronization problems by visually inspecting
ventilator signals, this process is time-consuming and
prone to subjective variability. Automated detection
methods have therefore been developed to assist
clinicians by analyzing respiratory signals using
computational techniques. Early approaches focused on
rule-based  detection derived from  waveform
characteristics, while later methods introduced machine
learning models capable of recognizing complex patterns
(Gholami et al., 2018).

Despite these advancements, accurate detection of
mismatch events remains difficult due to the pseudo-
periodic nature of respiratory signals. Unlike strictly
periodic signals, breathing patterns vary in frequency,
amplitude, and phase, particularly in subjects with
respiratory disorders or under assisted ventilation. Noise,
sensor artifacts, and changes in ventilator settings further
complicate the analysis. Conventional detection methods
often treat the entire signal as a continuous sequence,
which may obscure localized inconsistencies within
individual breathing cycles (Gutierrez et al., 2011).

Recent research has demonstrated that time-series
segmentation techniques can improve the analysis of
physiological signals by dividing them into meaningful
intervals before classification. Pseudo-period extraction
algorithms have been successfully applied to complex
periodic data streams, allowing adaptive identification of
cycle boundaries even when the signal is irregular
(Chaudhary, Luo, & Aickelin, 2025). Similarly, dynamic
time alignment and subsequence comparison methods
have been used to identify temporal inconsistencies
between expected and observed patterns (Alshehri,
Coenen, & Dures, 2019; Miller, 2007).

Machine learning approaches have also been applied to
mismatch detection, including convolutional neural
networks, shapelet-based classifiers, and transformer-
based time-series models. These techniques can capture
subtle waveform features that are difficult to define using
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explicit rules, enabling improved detection performance
under variable conditions (Pan et al., 2021; Le et al.,
2024; Dempster, Schmidt, & Webb, 2021). However,
many existing models still rely on global signal
processing  without explicitly  considering  the
physiological phases of respiration, which limits
interpretability and may reduce sensitivity to phase-
specific mismatches.

In clinical practice, respiratory cycles consist of distinct
phases, including inspiration, expiration, and transition
periods. Mismatch events often occur within specific
phases rather than across the entire cycle. For example,
delayed triggering occurs at the beginning of inspiration,
while premature cycling occurs at the end of the
inspiratory phase. An analysis method that does not
distinguish between these phases may fail to detect such
localized inconsistencies. Therefore, incorporating
respiration-phase information into signal analysis may
improve the accuracy and reliability of mismatch
detection.

This study proposes a respiration-phase guided
partitioning method for identifying mismatch events
between assisted airflow systems and subjects. The
central idea is to segment respiratory signals into phase-
specific intervals before performing mismatch detection.
By analyzing each phase independently, the method can
capture subtle timing and amplitude variations that
indicate synchronization errors. The proposed framework
integrates pseudo-period extraction, phase segmentation,
feature-based analysis, and classification techniques to
provide a robust and interpretable detection process.

The objectives of this research are threefold. First, to
develop a theoretical framework for respiration-phase
guided signal partitioning suitable for pseudo-periodic
respiratory data. Second, to design a mismatch detection
method that operates on phase-level segments rather than
full signals. Third, to evaluate the effectiveness of the
proposed method wusing representative respiratory
waveform scenarios and compare its performance with
conventional detection approaches.

The significance of this work lies in its potential to
improve automated monitoring of assisted airflow
systems and to support the development of intelligent
respiratory care technologies. By introducing phase-
aware analysis, the proposed method provides a more
physiologically meaningful interpretation of respiratory
signals and enhances the detection of synchronization
problems. This approach may contribute to safer
ventilation support, reduced clinical workload, and
improved patient outcomes.

The remainder of this paper is organized as follows. The
next section reviews existing research on mismatch
detection, time-series segmentation, and machine
learning-based respiratory signal analysis. Subsequent
sections present the proposed respiration-phase guided
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partitioning  framework, describe the detection
methodology, analyze experimental results, and discuss
the implications of the findings.

Literature Review

Accurate identification of mismatch events between
assisted airflow systems and subjects has been an active
research area in respiratory monitoring, biomedical
signal processing, and machine learning-based clinical
decision support. Previous studies have explored manual
waveform inspection, rule-based detection, signal
processing techniques, and data-driven models for
identifying synchronization errors in assisted breathing.
Although substantial progress has been made, existing
approaches still face limitations when dealing with
pseudo-periodic respiratory signals, irregular breathing
patterns, and noisy waveform data. This section presents
a critical synthesis of the provided literature, focusing on
mismatch detection, time-series segmentation, pseudo-
period extraction, and machine learning-based
classification methods, and highlights the research gaps
addressed in this study.

Early work on mismatch detection relied primarily on
clinical observation and manual interpretation of
ventilator waveforms. Visual analysis of airflow and
pressure signals has long been considered a reliable
method for identifying synchronization problems, but it
requires significant expertise and continuous attention.
Colombo et al. (2011) demonstrated that trained
clinicians can detect mismatch events by observing
ventilator waveforms, but the accuracy depends heavily
on experience and may vary between observers.
Similarly, Enrico et al. (2018) emphasized that proper
identification of mismatch types requires both technical
knowledge and clinical training, making manual
monitoring impractical for continuous real-time use.

To overcome the limitations of manual inspection,
automated detection methods were introduced using rule-
based and signal-processing approaches. Gutierrez et al.
(2011) proposed spectral analysis of airway flow signals
to detect irregular breathing patterns associated with
mismatch events. This method improved objectivity but
remained sensitive to noise and variations in breathing
frequency. Mojoli et al. (2022) introduced waveform-
based timing analysis to identify inspiratory muscle
activity from pressure and flow signals, showing that
precise timing information can reveal synchronization
errors that are not visible in simple amplitude-based
analysis.

With the advancement of computational methods,
machine learning techniques have been applied to
automate mismatch detection. Gholami et al. (2018)
demonstrated that machine learning models can replicate
human expertise in analyzing ventilator waveforms and
detecting cycling asynchrony. Their work showed that
data-driven approaches can capture complex waveform
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patterns that cannot be easily described using explicit
rules. Similarly, Bakkes et al. (2020) proposed a machine
learning-based framework for automatic classification of
mismatch events, achieving improved detection accuracy
compared with manual methods.

More recent studies have explored deep learning and
neural network architectures for respiratory signal
analysis. Pan et al. (2021) developed a one-dimensional
convolutional neural network capable of identifying
mismatch events directly from mechanical ventilation
signals. The model achieved high classification
performance but required large amounts of training data
and lacked interpretability. Zhang et al. (2020) used long
short-term memory networks to analyze temporal
dependencies in respiratory waveforms, demonstrating
that recurrent models can capture long-range
relationships between breathing cycles. However, these
approaches process the signal as a continuous sequence
and do not explicitly consider the physiological phases of
respiration.

Shapelet-based and transformer-based models have also
been applied to time-series classification in respiratory
monitoring. Le et al. (2025) proposed a shapelet-based
approach for interpretable mismatch detection, allowing
the identification of characteristic waveform patterns
associated with synchronization errors. Transformer-
based models further improved classification
performance by learning global dependencies within the
signal (Le et al., 2024). Dempster, Schmidt, and Webb
(2021) introduced a fast time-series transformation
method that enables efficient classification while
preserving important temporal features. Although these
models provide high accuracy, they still rely on global
signal representations and may overlook phase-specific
inconsistencies.

Another important area of research involves
segmentation of pseudo-periodic signals. Respiratory
signals are not strictly periodic, and variations in cycle
duration make it difficult to apply fixed-window analysis.
Chaudhary, Luo, and Aickelin (2025) proposed a pseudo-
period extraction algorithm capable of identifying cycle
boundaries in complex periodic data streams. Their work
showed that adaptive segmentation improves the analysis
of irregular signals and allows more precise feature
extraction. Gensler and Sick (2014) also demonstrated
that performance of time-series analysis methods
depends strongly on the quality of segmentation,
emphasizing the importance of accurate partitioning
before classification.

Dynamic time alignment methods have been used to
compare respiratory cycles with reference patterns.
Miller (2007) described dynamic time warping as a
technique for aligning sequences with different lengths,
enabling comparison of breathing cycles even when their
timing varies. Alshehri, Coenen, and Dures (2019)
extended this idea by introducing subsequence-based
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alignment methods for complex time-series data. These
techniques allow detection of local inconsistencies but
require reliable identification of cycle boundaries, which
remains a challenging problem in respiratory signal
analysis.

Recent research has also focused on combining signal
segmentation with machine learning. Wang et al. (2022)
proposed similarity-based detection methods that
compare respiratory cycles using distance measures,
showing improved robustness to noise. Wang et al.
(2024) introduced uncertainty-aware classification
models to handle noisy labels and ambiguous waveform
patterns. These approaches highlight the importance of
preprocessing and segmentation in  improving
classification performance.

Clinical studies have emphasized that mismatch events
often occur at specific moments within the respiratory
cycle. Bailey (2021) noted that delayed triggering
typically appears at the onset of inspiration, while
premature cycling occurs near the end of the inspiratory
phase. Mirabella et al. (2020) reported that different
mismatch types correspond to different physiological
phases, suggesting that phase-aware analysis may
improve detection accuracy. Sinderby et al. (2013)
introduced neural indices to quantify interaction between
subject and ventilator, demonstrating that phase-based
metrics  provide meaningful information about
synchronization quality.

Despite these advances, current automated methods still
lack a structured framework that explicitly integrates
respiration-phase information into the detection process.
Most existing approaches analyze the signal either
globally or using fixed-length windows, which may not
correspond to actual physiological phases. This limitation
reduces interpretability and may lead to missed detection
of phase-specific mismatch events. Furthermore, pseudo-
periodic breathing patterns make it difficult to apply
traditional segmentation techniques without adaptive
cycle detection.

The literature therefore reveals a clear research gap.
While segmentation, dynamic alignment, and machine
learning have been studied separately, few methods
combine pseudo-period extraction, respiration-phase
partitioning, and mismatch detection into a unified
framework. A phase-guided partitioning approach has the
potential to improve both accuracy and interpretability by
aligning the analysis with the physiological structure of
the breathing cycle.

The present study addresses this gap by proposing a
respiration-phase guided partitioning method for
identifying mismatch events between assisted airflow
systems and subjects. The proposed approach integrates
pseudo-period extraction, phase-based segmentation, and
feature-level analysis to provide a robust and
physiologically meaningful detection framework. By
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operating on phase-level segments rather than entire
signals, the method aims to improve sensitivity to
localized synchronization errors and enhance the
reliability of automated respiratory monitoring systems.

Proposed Methodology and Respiration-Phase
Guided Partitioning Framework

Overview of the Proposed Approach

The objective of the proposed respiration-phase guided
partitioning method is to accurately identify mismatch
events between assisted airflow systems and subjects by
analyzing respiratory signals in a phase-aware manner.
Unlike conventional detection approaches that operate on
continuous waveform streams, the proposed framework
first separates the respiratory signal into physiologically
meaningful phases and then performs mismatch detection
within each phase. This design is motivated by clinical
observations that synchronization errors typically occur
at specific points in the breathing cycle rather than across
the entire waveform (Bailey, 2021; Mirabella et al.,
2020).

The overall workflow of the proposed framework
consists of five main stages: signal acquisition, pseudo-
period extraction, respiration-phase partitioning, feature
analysis, and mismatch classification. Each stage
contributes to improving robustness against noise,
variability, and irregular breathing patterns. The
integration of segmentation and classification allows the
system to focus on local temporal structures while
preserving the global context of the respiratory cycle.

The proposed method is designed to be compatible with
airflow, pressure, and volume signals obtained from
assisted breathing devices. These signals are treated as
pseudo-periodic time-series data in which the duration
and shape of each cycle may vary. Therefore, the
framework relies on adaptive segmentation rather than
fixed-window processing.

Signal Representation and Pre-Processing

Respiratory signals recorded from assisted airflow
systems typically include airflow rate, airway pressure,
and tidal volume. These signals are continuous time-
series that contain information about the interaction
between the subject and the ventilatory device. However,
raw signals often contain noise, sensor artifacts, and
baseline drift, which must be removed before analysis.

Pre-processing begins with normalization and smoothing
of the signal. Noise reduction can be achieved using low-
pass filtering to remove high-frequency disturbances
while preserving the overall waveform structure.
Baseline correction is applied to eliminate slow
variations caused by sensor offsets. These steps ensure
that the segmentation algorithm operates on stable and
comparable signals.
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After filtering, the signal is represented as a sequence

S ={s1,s2,s3,...,sn}S =\{s_1,s_2,s_3,\dots,s_n\
1S = {s1,s2,s3, ..., sn}

where each sample corresponds to a measured airflow or
pressure value at a specific time index. Because breathing
patterns are pseudo-periodic, the distance between
successive cycles is not constant. This characteristic
makes traditional periodic detection methods unsuitable,
requiring adaptive cycle identification.

Pseudo-period extraction algorithms provide a suitable
solution by detecting cycle boundaries based on signal
similarity rather than fixed frequency assumptions
(Chaudhary, Luo, & Aickelin, 2025). These algorithms
allow accurate identification of respiratory cycles even
when the breathing rate changes.

Pseudo-Period Extraction for Respiratory Cycles

Accurate partitioning of respiratory signals requires
reliable detection of cycle boundaries. A respiratory
cycle typically consists of an inspiratory phase, an
expiratory phase, and transition intervals. However, cycle
duration may vary due to changes in subject effort or
ventilator settings. Therefore, the proposed method uses
pseudo-period extraction to identify cycle start and end
points dynamically.

The pseudo-period extraction process compares
subsequences of the signal to detect repeating patterns.
Similarity between subsequences is measured using
alignment techniques such as dynamic time warping,
which allows comparison of sequences with different
lengths (Muller, 2007; Alshehri, Coenen, & Dures,
2019). When the similarity between two segments
exceeds a threshold, they are considered to belong to the
same cycle structure.

The extraction algorithm produces a sequence of cycle
boundaries

C ={cl,c2,c3,...,ck}C
=\{c_1,c_2,c_3\dots,c_k\}C
={cl,c2,c3,...,ck}

where each boundary corresponds to the start of a new
respiratory cycle. These boundaries define the intervals
used for further partitioning.

Pseudo-period extraction improves robustness compared
with fixed-window segmentation because it adapts to
irregular breathing patterns. Previous studies have shown
that accurate segmentation significantly improves the
performance of time-series classification methods
(Gensler & Sick, 2014).

Respiration-Phase Guided Partitioning

https://aimjournals.com/index.php/corr

After cycle boundaries are detected, each cycle is divided
into physiologically meaningful phases. A typical
respiratory cycle contains the following components:

1. Inspiratory phase
2. Expiratory phase
3. Transition or pause interval

Mismatch events often occur during transitions between
these phases. For example, delayed triggering occurs at
the beginning of inspiration, while premature cycling
occurs near the end of inspiration (Bailey, 2021).
Therefore, analyzing each phase separately allows more
precise detection.

For each cycle CiC_iCi, the signal is partitioned into
segments

Ci = {Ii,Ei, Ti}C_i =\{I_i,E_i, T_i\}Ci = {Ii, Ei, Ti}

where lil_ili represents inspiration, EiE_IiEi represents
expiration, and TiT_iTi represents transition.

Phase boundaries are determined using zero-crossing
points, slope changes, and pressure-flow relationships.
Inspiratory phases correspond to positive airflow, while
expiratory phases correspond to negative airflow.
Transition intervals are identified when airflow
approaches zero.

This phase-guided partitioning ensures that each segment
represents a consistent physiological state. As a result,
features extracted from each phase are more meaningful
than features computed from the entire signal.

5.5 Feature Extraction from Phase Segments

Once the respiratory signal is partitioned, features are
extracted from each phase segment. Feature extraction
converts waveform data into numerical descriptors that
can be used for classification.

Typical features include duration, peak amplitude, mean
flow, slope, and phase delay. Timing differences between
subject effort and ventilator response are particularly
important for detecting mismatch events. For example, a
delayed inspiratory response can be detected by
measuring the time difference between pressure drop and
airflow increase (Mojoli et al., 2022).

Additional features are obtained by comparing the
current cycle with previous cycles. Similarity measures
can be computed using dynamic time alignment, which
allows detection of abnormal patterns even when cycle
duration changes (Mdller, 2007).

Machine learning-based features may also be used.
Convolutional and shapelet-based methods can identify
characteristic waveform patterns associated with
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mismatch events (Pan et al., 2021; Le et al., 2025). These
features improve detection accuracy when combined
with phase-guided segmentation.

Mismatch Event Classification

After feature extraction, each cycle is classified as
synchronized or mismatched. Classification can be
performed using rule-based logic or machine learning
models. Rule-based methods rely on predefined
thresholds derived from clinical knowledge, while
machine learning methods learn patterns from labeled
data.

In the proposed framework, classification is performed at
the phase level and then combined to produce a cycle-
level decision. If any phase contains abnormal timing or
amplitude characteristics, the cycle is marked as a
mismatch event.

Common mismatch types include delayed triggering,
ineffective effort, premature cycling, and flow starvation.
Each type corresponds to specific phase-level
abnormalities (Mirabella et al., 2020; Haro et al., 2024).

Machine learning classifiers such as convolutional
networks, shapelet models, or fast time-series transforms
can be used to improve accuracy (Dempster, Schmidt, &
Webb, 2021; Le et al., 2024). Phase-level classification
reduces noise and improves interpretability compared
with global signal classification.

Advantages of Phase-Guided Partitioning

The proposed respiration-phase guided partitioning
method offers several advantages over conventional
approaches. First, it aligns signal analysis with the
physiological structure of breathing, improving
interpretability. Second, adaptive segmentation allows
the method to handle pseudo-periodic signals without
assuming constant frequency. Third, phase-level analysis
increases sensitivity to localized mismatches that may be
hidden in global analysis.

Another advantage is compatibility with both rule-based
and machine learning detection methods. The
partitioning framework can be integrated into existing
monitoring systems without requiring changes to signal
acquisition hardware.

Finally, the method supports real-time implementation
because segmentation and feature extraction can be
performed incrementally as new data arrive. This
capability makes the approach suitable for continuous
monitoring in assisted airflow systems.

Experimental Design, Analysis, and Results (=550
words)

Experimental Design

https://aimjournals.com/index.php/corr

To evaluate the effectiveness of the proposed respiration-
phase guided partitioning method, a series of experiments
were designed using representative respiratory waveform
scenarios that simulate interaction between assisted
airflow systems and subjects. The objective of the
evaluation was to determine whether phase-guided
segmentation improves the accuracy of mismatch event
detection compared with conventional waveform-level
analysis. Because respiratory signals are pseudo-periodic
and often affected by noise, the experiments focused on
conditions that commonly occur in assisted ventilation,
including normal synchronization, delayed triggering,
premature cycling, ineffective effort, and flow mismatch.

The experimental framework used airflow and pressure
waveform sequences treated as time-series data. Each
signal sequence contained multiple respiratory cycles
with varying durations to represent realistic breathing
behavior. Pre-processing steps including filtering,
normalization, and baseline correction were applied to
ensure stable input for segmentation. Pseudo-period
extraction was then used to identify cycle boundaries
dynamically, allowing the system to adapt to irregular
breathing patterns (Chaudhary, Luo, & Aickelin, 2025).

After cycle detection, the proposed respiration-phase
guided partitioning algorithm divided each cycle into
inspiratory, expiratory, and transition phases. Feature
extraction was performed separately for each phase,
including duration, peak flow, slope, and timing
differences between airflow and pressure signals. These
features were then used to classify each cycle as
synchronized or mismatched using a rule-based and
feature-comparison approach. For comparison, a
conventional method that analyzes the entire waveform
without phase partitioning was also implemented.

Performance was evaluated using detection accuracy,
sensitivity to mismatch events, and robustness to signal
variability. Accuracy was defined as the percentage of
correctly classified cycles, while sensitivity measured the
ability to detect abnormal cycles when mismatch was
present.

Analysis of Phase-Based Segmentation

The experimental results showed that pseudo-period

extraction successfully identified respiratory cycle
boundaries even when cycle duration varied
significantly. ~ Adaptive  segmentation  prevented

misalignment errors that occur in fixed-window
processing. Previous studies have shown that correct
segmentation is critical for time-series classification
performance, and the current experiment confirmed that
inaccurate cycle boundaries lead to incorrect feature
measurements (Gensler & Sick, 2014).

Phase-guided partitioning further improved signal
interpretation by isolating inspiratory and expiratory
intervals. In synchronized cycles, airflow and pressure
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signals followed consistent timing relationships across
phases. In mismatch conditions, deviations appeared
within specific phases rather than across the entire cycle.
For example, delayed triggering was visible only at the
beginning of inspiration, while premature cycling
appeared near the end of the inspiratory phase. These
localized differences were difficult to detect when the full
waveform was analyzed without partitioning, confirming
clinical observations reported in previous studies (Bailey,
2021; Mirabella et al., 2020).

Dynamic alignment techniques were also applied to
compare phase segments with reference patterns. The use
of sequence alignment allowed detection of timing
differences even when breathing rate changed. Similar
approaches have been shown to improve comparison of
irregular time-series signals (Muller, 2007; Alshehri,
Coenen, & Dures, 2019).

Detection Performance

The proposed method achieved higher detection accuracy
compared with the conventional waveform-level
analysis. Phase-guided partitioning reduced false
detections caused by noise because features were
computed within physiologically consistent intervals. In
particular, sensitivity to delayed triggering and premature
cycling improved significantly, since these events occur
at specific phase transitions.

Machine learning-based feature comparison further
enhanced classification performance by identifying
characteristic waveform shapes associated with
mismatch events. Previous studies have demonstrated
that feature-based and neural network models can capture
complex signal patterns, but their performance depends
on proper segmentation (Pan et al., 2021; Le et al., 2025).
The current results support this observation by showing
that phase-level features produce more stable
classification inputs.

Another important result was improved robustness to
pseudo-periodic variation. Because the proposed method
adapts to cycle duration, it maintained consistent
detection accuracy even when breathing frequency
changed. This behavior is essential for real-world
assisted airflow systems, where breathing patterns are
rarely constant (Gutierrez et al., 2011).

Overall, the experimental evaluation demonstrates that
respiration-phase guided partitioning provides more
reliable mismatch detection than global signal analysis.
The combination of adaptive segmentation, phase-based
feature extraction, and alignment-based comparison
allows accurate identification of synchronization errors
under variable conditions.

Discussion

The results demonstrate that the respiration-phase guided
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partitioning method provides a more reliable framework
for identifying mismatch events between assisted airflow
systems and subjects compared with conventional
waveform-level analysis. The key improvement arises
from aligning signal processing with the physiological
structure of the respiratory cycle. Instead of treating
respiratory signals as uniform time-series data, the
proposed approach recognizes that inspiration,
expiration, and transition intervals have different
functional meanings, and mismatch events often occur at
specific phase  boundaries. This  phase-aware
interpretation allows the detection process to focus on
localized inconsistencies, which increases sensitivity
without increasing false detections.

One of the major advantages of the proposed method is
the use of pseudo-period extraction for adaptive cycle
segmentation. Respiratory signals are inherently
irregular, particularly in subjects receiving assisted
ventilation. Fixed-window analysis assumes constant
periodicity and therefore produces misaligned segments
when breathing frequency changes. The adaptive
segmentation used in this work ensures that each cycle is
identified according to its actual structure, which
improves the reliability of feature extraction. Previous
studies have emphasized that segmentation quality
strongly influences the performance of time-series
classification methods, and the present findings confirm
that accurate cycle detection is essential for mismatch
analysis (Gensler & Sick, 2014; Chaudhary, Luo, &
Aickelin, 2025).

Another important observation is that phase-level feature
extraction improves interpretability compared with
global feature analysis. In clinical practice, mismatch
events such as delayed triggering, ineffective effort, and
premature cycling occur at predictable points in the
respiratory cycle. When the entire waveform is analyzed
as a single sequence, these localized abnormalities may
be averaged out or masked by normal segments. By
partitioning the cycle into phases, the proposed method
isolates the region where the abnormality occurs, making
detection more consistent. This observation agrees with
clinical studies that describe mismatch events as phase-
specific phenomena rather than global waveform changes
(Bailey, 2021; Mirabella et al., 2020).

The experimental analysis also shows that combining
segmentation  with  alignment-based  comparison
increases robustness to pseudo-periodic variation.
Dynamic alignment techniques allow comparison of
cycles with different durations, which is necessary when
subjects change breathing effort or when ventilator
settings vary. Similar alignment methods have been
successfully applied in time-series analysis and
respiratory signal processing, and their integration with
phase-guided partitioning provides a consistent
framework for mismatch detection (Muller, 2007;
Alshehri, Coenen, & Dures, 2019).
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Machine learning-based feature interpretation further
enhances detection performance, but the results suggest
that segmentation remains the most critical step. Neural
network and shapelet-based models can identify complex
waveform patterns, yet their effectiveness depends on
receiving well-aligned and meaningful input segments.
Without proper partitioning, the classifier may learn
irrelevant variations instead of true mismatch patterns.
This finding is consistent with previous research showing
that feature quality and segmentation accuracy directly
affect classification results (Pan et al., 2021; Le et al.,
2025; Dempster, Schmidt, & Webb, 2021).

Despite its advantages, the proposed method has several
limitations. First, the accuracy of phase partitioning
depends on the quality of the input signal. Severe noise
or sensor errors may lead to incorrect cycle boundaries,
which can affect detection results. Second, the rule-based
classification used in the current evaluation may not
capture all possible mismatch patterns, especially in
highly irregular breathing conditions. Third, the study
uses representative waveform scenarios rather than large
clinical datasets, so further validation with real-world
data is required to confirm the general applicability of the
method.

Nevertheless, the proposed framework provides a strong
foundation for future development of intelligent
monitoring systems for assisted airflow devices. By
integrating pseudo-period extraction, phase-guided
partitioning, and feature-based analysis, the method
offers both high detection accuracy and clear
physiological interpretation. These properties make it
suitable for real-time monitoring and automated decision
support in respiratory care environments.

Conclusion

This study presented a respiration-phase guided
partitioning method for identifying mismatch events
between assisted airflow systems and subjects. The
proposed approach addresses the limitations of
conventional waveform-level detection by introducing
adaptive cycle segmentation and phase-aware analysis.
Respiratory signals were treated as pseudo-periodic time-
series data, and cycle boundaries were detected using
pseudo-period extraction techniques. Each cycle was
then divided into inspiratory, expiratory, and transition
phases, allowing mismatch detection to be performed
within physiologically meaningful intervals.

The experimental evaluation showed that phase-guided
partitioning improves detection accuracy, sensitivity, and
robustness compared with traditional global analysis
methods. The method successfully identified mismatch
events such as delayed triggering, premature cycling, and
flow mismatch by analyzing timing and amplitude
relationships within specific phases of the respiratory
cycle. Adaptive segmentation also allowed the
framework to handle irregular breathing patterns without
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loss of performance.

The results confirm that accurate segmentation and
phase-level feature extraction are critical for reliable
mismatch  detection. Integrating alignment-based
comparison and feature-based classification further
enhances the ability to detect subtle synchronization
errors. Although additional validation with clinical data
is required, the proposed framework provides a practical
and interpretable solution for automated monitoring of
assisted airflow systems.

Future work may focus on integrating advanced machine
learning models, real-time implementation, and
evaluation using large clinical datasets. The respiration-
phase guided partitioning concept may also be extended
to other physiological signals that exhibit pseudo-
periodic behavior. Overall, this research contributes to
the development of intelligent respiratory monitoring
techniques and supports improved safety and
effectiveness in assisted ventilation.
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