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Infants Sucking Pattern
Identification Using
Machine-Learned Computational
Modeling

Breastfeeding involves a complex coordination of swallowing, breathing, and sucking, with
the infant’s sucking proficiency being crucial for adequate nutrient intake. However, real-
time assessment of milk intake is difficult, and issues with sucking often become apparent
after the infant shows signs of nutrient deficiency. Traditional assessments by clinicians rely
on the expertise and subjective judgment of healthcare professionals, enabling personalized
evaluations. In this research, we introduce a novel approach to identifying sucking patterns
by leveraging data collected from infants during breastfeeding sessions. This method utilizes
artificial nipple-based sensors to capture the tongue forces exerted by infants, generating
valuable clinical data. In the analysis of the collected time-series data, we applied machine-
learned computational modeling (MLCM) algorithms to extract pertinent features and
identify distinctive sucking patterns. The best-performing model demonstrated an accuracy
of 90%, an 80% recall score, a perfect 100% precision score, a 0.90 fl-score, and an area
under the curve (AUC) of 0.80. The proposed classification system has the potential to serve
as a reliable decision-support tool for clinicians, offering valuable insights into infants’
sucking behaviors. By integrating machine learning (ML)-based computational modeling
into clinical practice, we aim to enhance the early identification of unhealthy sucking
patterns, allowing for timely interventions and pro-active healthcare management.

[DOI: 10.1115/1.4066459]
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1 Introduction

Breastfeeding is a complex and dynamic process that requires a
finely tuned coordination of several key actions: sucking, swallow-
ing, and breathing. Newborns come equipped with these related
reflexes, enabling them to initiate feeding shortly after birth. The
complex sucking mechanism involves the elevation of the jaw,
pressing the tongue against the nipple’s front tip, and a subsequent
peristaltic action that effectively extracts milk. This roller-like
tongue movement, akin to peristalsis, facilitates the efficient
expression of milk from the nipple [1]. However, premature and
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low birth weight infants, or those with oral motor dysfunction, may
face feeding challenges due to underdeveloped primitive reflexes.
Understanding the feeding behavior of infants becomes paramount
to address such challenges.

Various scientific methodologies, including ultrasonic tomogra-
phy and intra-oral video cameras, have been deployed in research
endeavors aimed at comprehending the nuanced peristaltic-like
actions of the tongue during feeding [2-9]. This exploration not only
enhances our understanding of infant feeding patterns but also paves
the way for tailored interventions to support the unique needs of
premature and low birth weight infants in their breastfeeding
capabilities.

Machine learning (ML) is a subfield of artificial intelligence that
enables learning from and making predictions based on data.
Advances in computational power and algorithm design have led to
efficient training of these models from large quantities of data, and
have improved their accuracy. In biology and medicine, ML can be
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applied to analyze complex biological data and enhance the
accuracy and speed of medical diagnoses. Vast amounts of
information can be processed in an efficient and reproducible
manner, including genetic sequences, medical images, and patient
records [10-13].

The integration of machine-learned computational modeling
(MLCM) techniques is becoming increasingly prevalent in the
realm of healthcare [14—16], with studies focusing on assessing and
intervening in various aspects of infant and children care [17-20].
Quality improvement initiatives in healthcare are supported by the
predictive capabilities of MLCM and the explanatory insights
offered by explainable artificial intelligence techniques [21].

The application of MLCM in the realm of infant care is evolving.
Elgersma et al. [22] employed ML to identify factors influencing
human milk feeding and direct breastfeeding for infants with single
ventricle congenital heart disease, demonstrating the versatility of
the technique in addressing complex healthcare dynamics. Addi-
tionally, ML techniques have been successfully utilized to identify
various factors affecting breastfeeding behaviors, both positively
and negatively, leveraging insights derived from social media data
[23].

In alignment with recent advancements, our project focuses on
utilizing MLCM to develop a robust classification system for infant
sucking patterns. In this area, MLCM techniques offer a strong
impact in assessing neonatal health, feeding issues, and early
developmental problems. In particular, MLCM algorithms can
analyze large datasets of infant suckling sounds, pressures, and
rhythms to identify patterns that are indicative of healthy versus
problematic suckling behaviors. These patterns might include the
frequency, strength, and consistency of suckling, which are crucial
for diagnosing issues such as poor latch or insufficient milk transfer.

With enough training data, MLCM algorithms can potentially
attain previously unavailable levels of accuracy. Further, MLCM
models can detect subtle abnormalities in suckling patterns that
might be missed by human observation, leading to early diagnosis of
potential feeding disorders or neurological issues that affect feeding.
MLCM-powered devices can provide real-time feedback to parents
and healthcare providers about an infant’s suckling efficiency,
allowing for immediate interventions if necessary. This is
particularly useful in neonatal intensive care units or at home for
premature infants.

Our approach leverages artificial nipple-based sensors to capture
the tongue forces exerted by infants during breastfeeding sessions.
These sensors collect precise clinical data, which is then used to
develop a system capable of identifying and classifying sucking
patterns in real-time. By providing objective, data-driven insights,
our system aims to enhance the accuracy and consistency of infant
sucking assessments, ultimately improving the diagnosis and
management of feeding challenges in infants, particularly those
who are premature, have low birth weight, or exhibit oral motor
dysfunction.

2 Data Extraction and Preparation

For the purpose of data collection and better understanding of the
complex dynamics of infant feeding, a measurement sensor device
embedded in artificial nipple designed to capture the peristaltic-like
movement of an infant’s tongue during sucking. This device is
equipped with two sensors attached to a baby bottle nipple, offering
a perspective into the forces generated during the sucking activity.
The force sensor integrated into the artificial nipple uses a cantilever
structure, utilizing a thin stainless-steel plate as a beam. A strain
gauge, strategically affixed to its surface, facilitates precise force
measurement. The two sensor channels are positioned at the tip and
base of the nipple to measure forces at the root and tip of the tongue,
respectively. Channel 1 (ch. 1) captures forces at the root, while
Channel 2 (ch. 2) measures forces at the tip of the tongue as depicted
in Fig. 1(a).

The experimental protocols used in this study were reviewed and
received ethical clearance by the “Research Ethics Committee for
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Fig. 1 Device and experiment setup: (a) schematic diagram of
the artificial nipple with integrated force sensor and (b) the
experimental setup demonstrating sensor device positioning on
an infant

Human Subjects” at Setsunan University (approval number
2015-006) [24,25]. Before commencing the measurements, the
aims and methods of the study were thoroughly explained to the
infants’ parents. Written informed consents were acquired from
the parents to confirm their understanding of and consent to their
infants’ participation in the study. During the experiments, the
examiner cradled each infant and carefully positioned the sensor
device in their oral cavity, mimicking the typical posture observed
during breastfeeding, as illustrated in Fig. 1(b).

To translate these force measurements into usable data, the output
signal undergoes A/D conversion through a bridge circuit and an
amplifier before being transmitted to a personal computer via
universal serial bus. Operating at a sampling frequency of 100 Hz
with a quantization resolution of 12 bits, this system ensures detailed
and accurate representation of the peristaltic-like tongue movements.
Figure 2 describes the workflow used in this study. The collected data
reveal force waveforms generated by tongue movements that closely
resemble sine waves, incorporating an offset component. By identifying
peak values on a period, we can effectively quantify the maximum force
exerted during the peristaltic movement of the tongue. This information,
derived from the force sensors embedded in the artificial nipple, opens
avenues for MLCM algorithms to analyze and classify these waveforms,
contributing to a deeper understanding of infant feeding dynamics and
potentially aiding in interventions for feeding challenges. Figure 3
represents a force profile of a healthy sucking, characterized by regular,
rhythmic patterns and an unhealthy sucking, with irregular and less
defined patterns, as measured by sensors on channels 1 and 2.

The data preparation process commenced by addressing several
key aspects. Initially, a low-pass filter was applied to reduce noise
and enhance the important signal components in the force data. This
was followed by systematically cleaning the data to handle missing
values, outliers, redundant, and duplicate entries. Subsequently,
input and output variables were separated; the force data measured
in Newtons and time in seconds were identified as crucial inputs,
while the output involved classifying the sucking patterns as healthy
or unhealthy. Label encoding was employed to convert categorical
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Fig. 3 Comparative force-time plots for infant sucking patterns as measured by sensors on channels 1 (solid line)
and 2 (dashed line): (a) healthy sucking, characterized by regular, rhythmic patterns and (b) unhealthy sucking, which

show irregular and less defined patterns

variables into a format compatible with the MLCM model. The
dataset was then divided into training and test sets to ensure model
generalization, comprising a total of 40 subjects, with 18 infants
categorized under unhealthy sucking and 22 under healthy sucking.
This categorization laid the groundwork for subsequent analyses.
Finally, normalization was performed using the Standard Scaler to
ensure uniform scaling of features. This meticulous data preparation
process ensures that the models receives clean, standardized, and
properly formatted input, setting the stage for robust and reliable
analysis of infant sucking patterns.

2.1 Determination of Ground Truths. The methods used to
establish the clinical ground truths in our dataset, essential for
validating the accuracy of our computational models in predicting
infant sucking patterns, are outlined here. Criteria such as a birth
weight under 2500 g, weight under 3000 g at 30days postbirth,
gestational age shorter than 35 weeks, and the presence of palatal
anomalies were identified as potential markers for developmental
challenges. These parameters are important as they can be early
indicators of developmental issues and were verified and compre-
hensive evaluated by qualified healthcare professionals [24].

In the specific context of this study, which focuses on analyzing
sucking potential, we narrowed our analysis to the mechanical force
profiles generated during the sucking process. While factors like
birth weight, gestational age, and palatal issues could influence an
infant’s sucking ability, the exact impact of these variables remains
uncertain. There are maternal factors like nipple shape, mammary
gland count, and milk secretion, that may also influence the efficacy
of breastfeeding [26]. To eliminate any potential bias in our
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computational analysis and ensure the reliability of our findings, we
excluded these broader developmental factors. This targeted
approach allows us to focus exclusively on the mechanical aspects
of sucking behavior, providing a clear, objective basis for our study
of infant sucking patterns.

3 Machine-Learned Computational Model
Development

In this study, four computational models were developed. Two
classical ML and two deep learning models were developed to
classify infants sucking behavior based on time series force data.
Detailed descriptions of the algorithms are presented in this section.

3.1 Support Vector Classifier. A support vector classifier
(SVQO), also known as a support vector machine (SVM), is a
supervised ML algorithm used for classification and regression
tasks. The primary goal of an SVM is to find a hyperplane that best
separates different classes in the feature space. In the case of a binary
classification problem, this hyperplane aims to maximize the margin
between the two classes while minimizing the classification error.
The margin is the distance between the hyperplane and the nearest
data point (support vector) from either class. SVM can handle
nonlinear decision boundaries by transforming the input features
into a higher-dimensional space. The optimization problem involves
finding the optimal weights (coefficients) for each feature and the
bias term. The objective function includes a regularization term,
which penalizes the misclassification of data points. The tradeoff
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Fig. 4 SVM classification surface for infant sucking patterns.
Classification is performed on the force data, which has two kinds
of subjects represented by triangle and square, respectively.

parameter (C) controls the balance between maximizing the margin
and minimizing the misclassification.

Support vector machine include key parameters such as the kernel
choice and the regularization parameter (C), which can be finely
tuned to enhance the model’s efficacy on a particular time series
dataset. Given their proficiency in managing both linear and
nonlinear decision boundaries, Support Vector Classifiers are highly
effective for time series classification. This capability underpinned
our decision to employ them in analyzing sensor data collected
during our breastfeeding experiment. Their successful application in
numerous sensor-based studies further validates this choice [27,28].

In the present study, the implementation of the SVM is based on
the strategy employed by Ref. [29]. Three kernels were considered:
Radial basis function (rbf), linear and polynomial kernels. The C
parameter was also tuned until the best performance was achieved.
The classification surface for the SVM classifier with rbf kernel is
depicted in Fig. 4.

3.2 Gradient Boosting Classifier. Gradient Boosting (GB) is
an ensemble learning technique that builds a predictive model in a
stage-wise fashion, optimizing for errors made by the previous
models in the ensemble. Specifically, the GB Classifier is designed
for classification tasks. The primary idea behind GB involves
creating a strong predictive model by combining the outputs of
several weak models, typically decision trees. At each stage, a new
weak model is trained to correct the errors made by the combined
ensemble of existing models. The learning process focuses on
minimizing a cost function, such as the logistic loss for classification
problems. The loss function quantifies how well the model is
performing.

Applying GB to time series data involves adapting the algorithm
to handle the temporal nature of the data. Some GB libraries allow
for handling time dependencies explicitly. GB can capture complex
nonlinear relationships in time series data, making it suitable for a
wide range of tasks. The iterative nature of GB allows it to be robust
to outliers and noise in the data. It also automatically performs
feature selection by assigning higher importance to features that
contribute more to reducing the loss function. The ensemble nature
of Gradient Boosting helps in reducing overfitting, which is
particularly important in time series modeling.

We harnessed the power of the GB Classifier to adeptly manage
nonlinear relationships and automatically select features, resulting
in the development of accurate models that effectively capture
complex temporal patterns within our data. Our model development
involved the exploration of numerous hyperparameter combina-
tions. Among these, the best model performance was attained with
the following hyperparameters: Learning Rate: 0.01, Maximum
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Depth of Trees: 3, Minimum Samples for a Leaf: 1, Minimum
Samples for a Split: 5, Number of Trees: 50.

3.3 Convolutional Neural Network. One-dimensional con-
volutional neural network (1D-CNNs), is a type of neural network
architecture specifically designed for processing one-dimensional
sequences of data. While traditional convolutional neural network
(CNNs) are commonly used for image-related tasks, 1D-CNNs are
well-suited for tasks involving sequential data, such as time series
analysis and natural language processing.

The hierarchical feature learning of 1D CNNs allows them to
capture patterns in both short and long sequences, making them
versatile for different time series datasets. 1D-CNNs are also
capable of learning from relatively small datasets, making them
suitable for applications where labeled time series data is limited.
The shared weights and hierarchical feature learning help in
reducing overfitting, especially in scenarios with limited training
data. 1D CNNs have proven to be effective and efficient for time
series classification tasks. Their ability to automatically extract
relevant features, capture local and global patterns, and handle
varying sequence lengths makes them a valuable tool for a wide
range of applications, including signal processing, health monitor-
ing, and financial forecasting.

Convolutional neural network model architecture was designed
using the Keras library in TensorFlow [30], an open source ML
platform, to develop an appropriate 1D-CNN model. We applied the
developed 1D-CNN model to our complex data, and obtained a very
good result after several tuning of parameters. Our model is made up
of many layers: three convolution layers that apply convolutional
operations to input sequences, allowing the network to learn local
patterns and features; three pooling layers for downsampling the
output of the convolution layers in order to reduce the dimension-
ality of the learned features while retaining their essential
information; ReLU (Rectified Linear Unit) [31] activation function
was used to introduce nonlinearity to the model, enabling it to
capture complex patterns in the data; Flatten layer for reshaping the
output into a one-dimensional vector, preparing it for fully
connected layers; Fully Connected Layers with a sigmoid [32]
activation function for processing the flattened features, combining
them to make classifications. We also employed ADAM optimizer
[33] to train the neural networks because of its robustness and proven
ability in neural network training. The loss function used by the
model is “binary cross entropy.” The purpose of this loss function is
to penalize the model more when it confidently predicts the wrong
class. The model’s architecture is shown in Fig. 5(a).

3.4 Long Short-Term Memory. Long short-term memory
(LSTM) is a type of recurrent neural networks architecture designed
to address the challenges of learning long-range dependencies in
sequential data. Traditional recurrent neural networks often struggle
to capture and retain information over extended time intervals due to
issues like vanishing gradients. LSTMs, introduced to mitigate these
problems, feature memory cells and gating mechanisms that enable
them to selectively retain or discard information, making them well-
suited for processing sequential data.

Our decision to utilize LSTM networks stems from the time-
sensitive nature of the sensor data. LSTMs are particularly adept at
handling data from sensors due to several reasons: Sensor data
frequently display temporal dependencies, meaning current read-
ings are influenced by previous ones. This characteristic makes
LSTMs an ideal choice for processing and analyzing such data.
LSTMs, designed for sequential data, can capture and learn these
dependencies effectively; Sensors may provide information with
long-term dependencies, and LSTMs excel at handling such
scenarios. The memory cells and gating mechanisms in LSTMs
enable the model to selectively store and retrieve relevant
information over extended periods; Sensors may produce data at
irregular intervals, and LSTMs can naturally adapt to variable-
length input sequences, making them suitable for real-world
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convid 3 input | input: | [(None, 1400, 2)]
InputLayer | output | [(None, 1400, 2)]

convid 3 input: | (None, 1400, 2)
Conv1D l relu | output: | (None, 1398, 16)

max_poolingld_3 | input: | (None, 1398, 16)
MaxPoolinglD | output: | (None, 699, 16)

convid 4 mput: | (None, 699, 16)
ConviD | relu | output: | (None, 697, 64)

max_poolingld 4 | input: | (None, 697, 64)
MaxPoolnglD | output | (None, 348, 64)

convid_5 mput: | (None, 348, 64)
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flatten 1 | input | (None, 173,32) Istm_1 input: | (None, 1400, 2)
Flatten | output: | (None, 5536) LSTM | tanh | output | (Nane, 64)

dense_1 mput: | (None, 5536) output input: | (None, 64)
Dense l sigmoid | output: | (None, 1) Dense l sigmoaid | output: | (None, 1)

(a) (b)

Fig. 5 Architectural diagrams of DL models used in the study:
(a) 1D-CNN model architecture, detailing the sequence of
convolutional and max-pooling layers leading to a dense output
layer and (b) LSTM model architecture, which starts with an input
layer followed by an LSTM layer and culminates in a dense layer
with a sigmoid activation function

scenarios where data collection is not strictly periodic; LSTMs can
automatically learn hierarchical features from sensor data [34],
capturing both short-term fluctuations and long-term patterns. This
relieves the need for manual feature engineering, a common
requirement in traditional signal processing methods. Sensor data is
often subject to noise and variations. LSTMs are robust to noisy
inputs and can learn to filter out irrelevant information, enhancing
their performance in noisy environments.

The first layer of our model is the input layer, which consists of
force data on the subject’s mother’s nipple during breastfeeding.
The second layer consists of LSTM node with hyperbolic tangent
activation function. Inputs from the LSTM layer are fed into a fully
connected dense layer with sigmoid activation that gives the
probability of the event (healthy or unhealthy sucking). The
architecture is as shown in Fig. 5(b). We also applied binary cross
entropy as the loss function because of its proven effectiveness in
binary classification.

3.5 Hyperparameters Optimization. Hyperparameter opti-
mization is the process of selecting the best set of hyperparameters
for a ML model. Hyperparameters are configuration settings that are
not learned from the data but are set prior to the training process.
Examples of hyperparameters include the learning rate, the number
of hidden layers in a neural network, and the regularization term.

The goal of hyperparameter tuning is to find the hyperparameter
values that result in the best model performance on a validation set or
through cross-validation. The process typically involves searching
through a predefined hyperparameter space, evaluating different
combinations, and selecting the set that optimizes a chosen
performance metric. For all our models, we defined an
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Table 1 Five-fold cross-validation experiment results

Classification rate (%)

Model Training Cv Testing
SVC (“lin”) 100.0 42.5 50.0
SVC (“rbt™) 76.7 60.0 70.4
SVC (“poly”) 66.7 60.0 60.0
GBC 100.0 75.6 80.0
LSTM 80.0 83.3 90.0
1D-CNN 90.0 90.0 90.0

hyperparameter space, selected the scikit-learn’s “GridSearchCV”
as a search method and, five-fold cross-validation (CV) as the
validation scheme to achieve our optimization objective.

4 Results

Thirty subjects’ data are used for training and cross-validation
while ten subjects’ data are used for testing. Summarized in Table 1
is the five-fold cross validation experiment results. Neural networks
models outperformed classical MLCM models. In terms of
accuracy, the CNN model with around 90% for training, cross-
validation and testing, performed better than all other models. It was
closely followed by the LSTM model with around 80%, 83%, and
90% for training, cross-validation and testing, respectively. The
excellent performance of CNNs and LSTM models in finding
complex relationships in our data may be attributed to their ability to
automatically extract relevant features, capture local patterns and
dependencies, and handle noise inherent in experimental data.

The best performing classical MLCM algorithm in this study in
terms of accuracy is the GB Classifier. After hyper-parameters
tuning, it achieved around 100%, 76%, and 80% accuracy for
training, cross-validation and testing, respectively. The robustness
of the model to handle noisy features and explore nonlinear
relationships in time series data could be responsible for its better
performance. It outperforms the best Support Vectors Classifier with
the radial basis function (rbf) kernel which achieved around 70%
accuracy.

4.1 Further Performance Evaluation. Accuracy is not
always the best metric for evaluating the performance of a
classification model. To this end, our analysis focused on three
metrics: recall, precision, and the F1-score, as outlined in Table 2.

A confusion matrix is commonly used in MLCM to assess how
well a model is performing in terms of classifying instances into
different categories. It provides a tabular summary of the predictions
made by a model compared to the actual ground truth. The confusion
matrices for the models are shown in Fig. 6. The confusion matrices
for each model reveal that the 1D CNN (see Fig. 6(a)) and LSTM
models exhibited the highest accuracy, each correctly identifying
90% of the cases. These models demonstrated a strong ability to
discern unhealthy patterns with minimal false negatives, indicating
only one unhealthy infant misclassified as healthy. This high level of
accuracy and low rate of false negatives suggest that both 1D CNN
and LSTM are reliable for use in clinical settings where accurately
detecting unhealthy conditions is crucial. In contrast, the SVC

Table 2 Results from performance evaluation

Model Recall (%) Precision (%) F1-score
SVC (“poly”) 20.0 100.0 0.52
SVC (“lin”) 60.0 50.0 0.49
SVC (“rbf”) 40.0 100.0 0.67
ID-CNN 80.0 100.0 0.90
GBC 60.0 100.0 0.79
LSTM 80.0 100.0 0.90
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Fig. 6 Confusion matrices of models for classifying infant sucking patterns: (a) 1D-CNN model, (b) support vector
classifier (SVC), (c) gradient boosting (GB) classifier, and (d) long short-term memory (LSTM) model. Each matrix
displays the number of true positive, true negative, false positive, and false negative predictions.

(Fig. 6(b)) and GB Classifier (Fig. 6(c)) models showed lower
accuracies of 70% and 80%, respectively, with a higher incidence of
false negatives, which could pose risks of underdiagnosing
unhealthy conditions.

The 1D CNN and LSTM (Fig. 6(d)) models outperformed others
across other metrics, both achieving an impressive 80% recall and
100% precision, leading to the highest F1 scores of 0.90. This
indicates their robustness in correctly identifying unhealthy sucking
patterns while minimizing false positives. The GBC model also
performed well, with a recall of 60% and precision at 100%,
resulting in a commendable F1 score of 0.79. In contrast, the SVC
models displayed varied results; the “rbf”” kernel showed a moderate
recall of 40% but a perfect precision, culminating in an F1 score of
0.67, while the “poly” kernel had a notably low recall of 20%,
although with perfect precision, and the “linear” kernel demon-
strated a balanced recall of 60% but lower precision of 50%,
reflecting in their respective F1 scores of 0.52 and 0.49.

These results underscore the effectiveness of 1D CNN and LSTM
in ensuring accurate diagnosis and reducing the likelihood of false
diagnoses, which is crucial in clinical applications where early
detection and accurate categorization of health conditions can
significantly influence outcomes. The variability in performance
among the SVC models suggests that while certain kernels may
yield high precision, their practical application could be limited by

031003-6 / Vol. 8, AUGUST 2025

lower recall, highlighting a tradeoff between identifying most
unhealthy cases and maintaining accuracy in predictions.

We also used the receiver operating characteristic (ROC) curve
and the area under the ROC curve (AUC) to evaluate the
performance of our models. The AUC serves as a measure of the
models’ ability to distinguish between healthy and unhealthy
sucking patterns, with a value closer to 1.0 indicating higher
diagnostic accuracy. The ROC curve for the 1D CNN model shows
an AUC of 0.80, indicating good model performance in distinguish-
ing between the classes (see Fig. 7(a)). This curve, staying
significantly above the diagonal line of no-discrimination, suggests
that the 1D CNN is reliable in classifying the sucking patterns with a
reasonable balance between sensitivity and specificity.

The SVC exhibits an AUC of 0.84, which is the highest among the
four models. The ROC curve shows several steps, reflecting distinct
thresholds where the sensitivity of the model increases at specific
false positive rates (see Fig. 7(b)). This model demonstrates an
excellent ability to differentiate between the two sucking patterns,
possibly due to effective feature separation enabled by the kernel
method used. Like the 1D CNN, the GB Classifier achieves an AUC
of 0.80. Its ROC curve is a smooth curve approaching the top-left
corner, indicating that it also maintains a good balance between
detecting true positives and minimizing false positives, although it
may not reach the sensitivity peaks of the SVC (see Fig. 7(c)). The
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Fig. 7 ROC curves for different models. This figure displays the ROC curves for four models: (a) 1D-CNN, (b) SV
classifier, (c) GB classifier, and (d) LSTM. Each curve plots the true positive rate against the false positive rate, with the
area under the curve (AUC) indicated, demonstrating each model’s effectiveness in distinguishing between healthy

and unhealthy sucking patterns.

LSTM model’s ROC curve also displays an AUC of 0.80, which
suggests that it performs comparably to the 1D CNN and GB
Classifier in terms of overall accuracy in distinguishing healthy from
unhealthy patterns (see Fig. 7(d)). The smoothness of the curve
suggests consistent performance across different thresholds.

The variance in performance between the training and testing
phases for some models, particularly the SVC with a linear kernel,
underscores the problem of overfitting, suggesting that while some
models excel on training datasets, they falter on unseen data. In
contrast, the GBC and SVC models with “rbf”” and “poly” kernels
show better, though not optimal, generalization capabilities. Future
research could explore combining these models or integrating
additional physiological data to further improve diagnostic accuracy
and reliability.

The findings suggest that leveraging these models, healthcare
providers could detect sucking issues earlier than traditional
methods allow, potentially leading to better health outcomes for
infants.

5 Conclusion

Our study introduces an advanced identification system for
analyzing infant sucking patterns, utilizing artificial nipple-based
sensors that measure the tongue forces exerted by infants. This
technology generates crucial clinical data that is instrumental in
understanding newborn feeding behaviors. We have rigorously
evaluated MLCM models for classifying these sucking patterns,

Journal of Engineering and Science
in Medical Diagnostics and Therapy

with a particular focus on the performance of 1D-CNN and LSTM
networks. These models have shown excellent performance in terms
of consistency during training, testing, and cross-validation phases,
as well as superior ROC curve analysis.

The robustness of the 1D-CNN and LSTM models is evidenced by
their high accuracy, recall, precision, and F1 scores. Such metrics
underscore their reliability and potential for widespread clinical
application. Furthermore, this study not only confirms the
effectiveness of sophisticated computational modeling techniques
in pediatric healthcare but also paves the way for their practical
deployment. This represents a significant advancement in medical
diagnostics and child welfare, promising to enhance the standard of
care and intervention strategies in neonatal settings.
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