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PAPER

Fetal Health Assessment Using Multimodal Time-Series 
Data and Attention Neural Networks

ABSTRACT
To address the issues of high subjectivity in traditional interpretation methods, the widespread 
neglect of gestational age and maternal age in existing research, small dataset sizes, class 
imbalance, and limited model performance, this paper proposes a convolutional long short-
term memory network based on a multimodal attention mechanism (MACLM) to assist in 
the assessment of fetal health status. Based on 22,813 fetal monitoring records, the study 
embeds gestational age information using sinusoidal positional encoding and combines 
an attention mechanism with a convolutional neural network–long short-term memory 
(CNN-LSTM) architecture to achieve multimodal feature fusion and temporal modeling. 
Experimental results show that positional encoding improves the model’s accuracy by 4%–7% 
and reduces the loss by 46%–50%. MACLM ultimately achieved a classification accuracy of 
97.55%, with an interpretation time of only 0.0234 seconds for 100 fetal monitoring cases. 
Its overall performance significantly outperformed other comparison models, with a maxi-
mum improvement of 92.7%.
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fetal health monitoring, multimodal, neural networks, attention mechanisms

1	 INTRODUCTION

Fetal safety has always been the top priority in perinatal care. During preg-
nancy, fetal hypoxia may cause complications such as cerebral palsy and fetal 
growth restriction and, in severe cases, can result in fetal death [1]. According 
to World Health Organization data, as of 2019, the global number of stillbirths 
exceeded two million; half of these deaths occurred during the delivery process [2]. 
The 2022 Statistical Bulletin on the Development of China’s Health and Wellness 
Sector report indicates that the neonatal mortality rate was 1.9‰ in urban areas 
and approximately 3.6‰ in rural areas [3]. It is evident that the uneven distribu-
tion of medical resources, with some regions experiencing a shortage of doctors, 
is also a significant factor contributing to stillbirths. Currently, cardiotocography 
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(CTG) serves as the primary monitoring method for assessing fetal health. Through 
accurate interpretation of CTG tracings, the condition of the fetus within the uterus 
can be promptly evaluated [4]. When interpreting CTG results, physicians rely on 
subjective clinical judgment, which inevitably leads to flaws in interpretation 
and significant individual variation, particularly in pathological cases [5, 6]. This 
has created an urgent need for fetal monitoring technology to enhance physician 
interpretation efficiency and accuracy, enabling timely access to highly accurate 
and objective CTG results.

In recent years, with advancements in deep learning, machine learning, 
computer hardware, and database structures, artificial intelligence has been 
widely applied in the medical field [7, 8]. Research over the past few years has 
demonstrated its significant potential for practical implementation [9]. To enhance 
the reliability of clinical decision-making in fetal heart monitoring, the academic 
community has progressively integrated machine learning with CTG classifica-
tion. Machine learning-based intelligent CTG diagnosis enables rapid and accu-
rate assessment of fetal health status, effectively mitigating subjective errors and 
reducing inter-observer variability. This technology shows broad application 
prospects in the field of fetal heart rate monitoring [10]. Dash et al. extracted fea-
ture sequences from local patterns in fetal heart rate evolution. By integrating 
generative models and Bayesian theory, they achieved 82% specificity and 61% 
sensitivity across 83 fetal heart rate recordings [11]. Georgoulas et al. achieved an 
81.25% classification accuracy for fetal health status by extracting time-domain 
features, frequency-domain features, and morphological features, then applying 
feature dimension reduction methods combined with support vector machines 
(SVM). They noted that classification using fetal heart rate alone is insufficient to 
attain very high model performance [12]. Chamidah et al. performed clustering on 
21 features, including fetal heart rate (FHR) and uterine contractions (UC), using 
the K-means algorithm. They constructed seven fuzzy features through a fuzzy 
membership reconstruction method and fed these fuzzy features into an SVM for 
classification, achieving a fetal health status classification accuracy of 90.64% [13]. 
Feng et al. achieved a fetal health classification accuracy of 96.08% and an average 
F1 score of 0.9336 using a stacked model based on extreme gradient boosting and 
random forest (XGB-RF) feature selection. Simultaneously, XGB-RF demonstrated 
that different features in CTG exhibit varying importance coefficients, with a max-
imum difference of 0.168836 [14]. Zhang et al. employed Principal Component 
Analysis to select five features from 21 in the CTG dataset and used Adaptive 
Boosting, achieving a 98.6% classification accuracy for fetal health status [15]. The 
aforementioned studies have focused on extracting effective features from fetal 
heart rate monitoring data and employing dimension reduction or feature selec-
tion methods to eliminate less significant features. However, the differences in 
importance among various features after extraction have not been given sufficient 
attention or fully utilized. This oversight may result in under-reporting or misre-
porting by models.

The foundation of research based on artificial intelligence and machine learning 
algorithms lies in constructing extensive datasets containing a vast array of diverse 
data, while the determination of categories must be authoritative [16]. Current 
research predominantly utilizes CTG datasets sourced from the UCI Repository, 
categorized into three groups: 1,655 normal cases, 295 suspected cases, and 176 
pathological cases. These datasets suffer from limited sample sizes, insufficient test-
ing capabilities, and imbalanced category distributions, which may compromise 
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model performance and reliability [17]. To address the challenges of limited data 
volume and uneven distribution of data categories, the academic community has 
employed oversampling techniques to augment training data and enhance model 
performance [18, 19]. However, oversampling cannot substitute for authentic clinical 
data. Research by Tarawneh et al. indicates that this sampling technique generates 
samples with an error rate of 40–60%, with some of the generated data belonging to 
the majority group [20]. Therefore, it is crucial to construct a fetal health monitor-
ing dataset that is large in volume, authentic in content, and valuable for practical 
use, while employing various methods to mitigate the impact of imbalanced data 
category distribution.

2	 MATERIALS AND METHODS

2.1	 Data collection and preprocessing

The data for this study were sourced from the China Perinatal Maternal and 
Infant Health Surveillance and AI Risk Early Warning Thematic Scientific Database 
within the data warehouse of the China National Population Health Science Data 
Center [21]. From January 1, 2015, to December 31, 2022, the National Institute of 
Health Science and Technology of the National Health Commission of China collected 
fetal heart rate variation data from 14,000 pregnant women across representative 
administrative regions (Hebei, Liaoning, Shandong, Hubei, Guangdong, Chongqing, 
and Shaanxi) using remote electronic fetal heart rate monitoring devices. The 
dataset includes normal fetal heart rate patterns, monitoring data under different 
maternal conditions, abnormal data from fetuses with varying degrees of hypoxia, 
and post-intervention recovery data, totaling 305,075 cases. Among these, 231,446; 
61,870; 2,275; and 9484 cases were classified as normal, suspicious, pathological, 
and uninterpretable, respectively. The data collection process followed relevant clin-
ical guidelines, such as the ACOG guidelines, and monitoring was performed using 
the eFM-60 Doppler fetal monitor. The data verification and consistency evaluation 
study was conducted by the Center for Maternal and Child Health of the Chinese 
Center for Disease Control and Prevention.

Madow noted that when samples are positively correlated with their neighbor-
ing units, equal-distance sampling can maintain sample representativeness while 
achieving a smaller sample mean variance than simple random sampling of the 
same size [22]. In accordance with the research objectives, this study examined the 
raw data and excluded records with an interpretation result of “uninterpretable,” 
as well as data with missing fields such as maternal age, gestational week, gesta-
tional day, key fetal heart rate monitoring characteristics, interpretation results, 
or UID. Due to the positive correlation between adjacent samples in the original 
data and the presence of numerous similar samples, this issue easily leads to model 
overfitting. Therefore, we employed an equidistant sampling strategy (with a stride 
set to 15) for samples classified as normal, suspicious, and pathological. To maintain 
consistent maternal age and pregnancy duration distributions before and after sam-
pling, the sample underwent calibration: by sequentially comparing the proportions 
of different gestational ages and pregnancy durations in pre- and post-sampling 
data, we supplemented data with significant deviations using equidistant sampling 
with a stride of 5 from the remaining eligible data. A total of 22813 fetal health 
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monitoring data points were ultimately obtained. This corresponds to 3,841 unique 
pregnant women.

Given that a single pregnant woman may have multiple fetal heart rate mon-
itoring records from different examination times, this paper further employs 
UID-based data validation during the dataset splitting process to prevent records 
from the same subject from appearing in both the training and testing sets, thereby 
avoiding potential data leakage. Specifically, multiple records corresponding to 
the same pregnant woman share the same UID identifier; prior to splitting the 
dataset into training and testing sets, samples are first grouped by UID, ensuring 
that all records with the same UID are assigned to only one data subset. After the 
split is complete, the UIDs in the different data subsets are verified one by one 
to ensure that there are no overlapping records of the same pregnant woman 
between the training and testing sets. This approach minimizes the impact of 
data from the same subject on model performance, allowing the test results to 
more accurately reflect the model’s generalization ability to unseen pregnant 
women. Table 1 presents the distribution of individuals by gestational age and 
maternal age.

Table 1. Distribution of gestational and maternal age

Characteristic Range Number Ratio

Maternal Age (Year) 18–23 1261 5.53%

24–29 11640 51.02%

30–35 7781 34.11%

36–41 1946 8.53%

42–46 185 0.81%

Gestational age (Day) 155–187 36 0.16%

188–220 502 2.20%

221–243 3982 17.45%

244–266 11352 49.76%

267–295 6941 30.42%

Based on fetal heart rate monitoring interpretation standards [23] and the poten-
tial effects of gestational age and maternal age, only relevant features were retained 
from the 22,813 data points, as detailed in Table 2.

Table 2. Feature selection results list

Characteristic Description Retain

Data number (Id) Unique Data ID Yes

Individual number (UID) 32-character string; user unique identifier No

Guardianship start time Year-Month-Day-Hour-Minute-Second No

End of custody time Year-Month-Day-Hour-Minute-Second No

Age of the foetus at the time of monitoring Gestational weeks + gestational days No

(Continued)
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Characteristic Description Retain

Gestational week (Mk) Unit: Week Yes

Maternal age (Ma) Unit: year Yes

Gestational day (Md) Unit: Day Yes

Filing hospitals 32-bit string; hospital identification code No

Fetal cardiac monitoring without stress 
test monitoring results (Mr)

Range of values: 1–3. 1: reactive; 2: suspicious; 
3: non-reactive; 4: unreadable.

Yes

Is there a contraction picture Value range 0–1. 0: no contraction picture; 
1: contraction picture.

No

Detailed Data Pictures Image resource No

Type of mutation Range of values: 0–3. 0: unknown; 1: variation 
missing; 2: minor variation; 3: normal variation; 
4: significant variation.

No

Fetal heart rate baseline (Fh) Unit: bmp Yes

Accelerations (Ac) Number of fetal heart rate accelerations Yes

Variable decelerations (Vd) Number of variable decelerations Yes

Late decelerations (Ld) The number of late decelerations detected Yes

Given the scarcity of pathological cases, pathological and suspected cases were 
categorized as abnormal cases. Among the 22,813 data points, the number of normal 
and abnormal cases was 16,491 and 6,322, respectively, represented by 0 and 1. 
Partial data is shown in Table 3. Min–max normalization was performed on features 
(excluding Id, Mk, Md, and Mr).

Table 3. Partial input data

Id Mk Md Mr Ma Fh Ac Vd Ld

jhwgfi… 40 4 1 28 144 6 2 0

kjhkh… 39 1 0 31 135 1 1 0

akfba… 38 2 1 37 135 4 1 0

…. … … … … … … … …

cljdho… 35 6 1 24 148 7 1 0

2.2	 Method

This paper proposes a multimodal temporal attention convolutional long 
short-term memory neural network model (MACLM) for classifying fetal health 
monitoring results during pregnancy. The overall model architecture is shown 
in Figure 1.

Table 2. Feature selection results list (Continued)
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Fig. 1. MTACLM model structure
Note: The model processes multimodal fetal heart rate monitoring features sequentially through gestational age encoding, attention-based 
feature representation, CNN-LSTM temporal feature extraction, and an MLP classification module.

Experimental setup. All model training, testing, and inference time evaluations 
in this study were conducted in a standardized hardware and software environ-
ment. The experimental platform consisted of an Intel® Core™ i7-10750H processor, 
an RTX 2060 graphics card, and 16 GB of RAM. The deep learning frameworks used 
in this study were TensorFlow 2.13.0 and PyTorch 2.4.1.

Time embedding layer. The temporal embedding layer is constructed based 
on the positional encoding method proposed by Vaswani et al. [24], aiming to con-
vert gestational age position information into a gestational age position-time vector 
PE through encoding formula (1), thereby achieving fusion of multimodal features 
across the temporal dimension.
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In equation (1), pos is the position index of gestational age, where i represents 
the dimensional index of the position encoding vector, ranging from 0 to dmodel. 
Here, dmodel represents the model’s dimensionality.

Calculate gestational age using Mk and Md, then sort all gestational ages in 
ascending order to form a one-dimensional ordered array. Insert missing values 
to ensure continuous gestational age. In the array, each unique gestational age is 
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assigned a unique positional index. The encoded vector representing gestational age 
is added to the fetal heart monitoring data matrix F, enabling the model to capture 
changes in fetal heart characteristics over gestational age. This approach overcomes 
the limitations of traditional neural network models constrained by gestational 
age restrictions.

Attention layer. The construction of this layer is based on a multi-head 
self-attention mechanism [24]. Based on formula (2), compute the query(Q), key(K), 
and value(V) vectors for the input features.

	
Q XW

K XW

V XW
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�
�
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�
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�
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	 (2)

Where WQ, WK, and WV represent their respective learnable weight matrices, 
the weighted sum of the value matrix is computed using formula (3). This enables 
MACLM to identify critical time steps that may foreshadow or explain the current 
fetal heart event, thereby adjusting the attention weights of different features to 
enhance the detection capability of abnormal fetal heart conditions.
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Through residual connections and layer normalization (4), the model is made 
more amenable to learning identity mappings and mitigating gradient vanishing.

	 Y = LayerNorm(X + Attention(Q, K, V ))	 (4)

CNN-LSTM layer. The CNN-LSTM layer in MACLM, as shown in Figure 2, consists 
of a fully connected layer, a convolutional layer, a max pooling layer, an LSTM layer, 
and a forget layer.

Fig. 2. Convolutional neural network structure
Note: The CNN module extracts local temporal patterns from the fused fetal heart rate feature sequences 
through convolutional and pooling operations, providing local feature representations for subsequent 
LSTM-based modeling of temporal dependencies.

Projecting the attention mechanism’s output through a fully connected 
layer enhances the expressive power of features. Feature extraction and refine-
ment are achieved using convolutional layers and max-pooling layers based on 
formula (5) [25, 26].

	 C f W G B
k
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i
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Where C
k
l  is the k-th feature of layer l; B

i
l and W

i
l represent the weights and biases 

of the i-th convolution kernel in the l-th layer, respectively; Gl-1 is the output feature 
map of layer l-1th; f denotes the ReLU activation function.

The formula for the maximum pooling layer is formula (6):

	 P Max C
k
l

k
l= ( ) 	 (6)

Where P
k
l is the max-pooling output for region l; C

k
l  denotes the k-th region within 

the l-th feature map; Max represents the max-pooling function.
The output of the pooling layer serves as input to the LSTM. Within the LSTM, the 

memory cell is central to handling long-term dependencies, with its state controlled 
by the input gate, forget gate, and output gate. A dropout layer is introduced after 
each LSTM layer to prevent overfitting [27]. The components of LSTM are computed 
as formula (7) [28]:

	

f s W h x b

i s W h x b

C tanh W h

t f t t f

t i t t

t e t

� � � �

� � � �

� �

�

�

�

( [ ,

[ ( , ]

[ (

] )

)

1

1

11

1

1

,

[ ( ,

(

) ]

) ]

x b

C f C i C

o W h x b

h o tanh C

t e

t t t t t

t o t t o

t t

�

� � � �
� � �

� �

�

�

tt
)

�

�

�
�
��

�

�
�
�
�

	 (7)

Where ft is the output vector for the forgetting gate; ht-1 is the previous input; 
xt is the current input; bf is the gated bias vector; s is the sigmoid activation function; 
it is the input gate; C

t
 is the new candidate vector generated by the tanh layer; ct is the 

time step memory state; ot is the activation vector for the output gate; and ht is the 
output result.

Multi-layer perceptron layer. A multi-layer perceptron (MLP) is introduced, 
utilizing the LSTM output h as input. Through three linear transformations and a 
nonlinear activation function, higher-order features are progressively extracted, 
yielding the classification result y via the equation (8).

	 y s W ReLU W ReLU W h b b b
t

� � � �( ( (( ( )) )) )
3 2 1 1 2 3

	 (8)

Where W1, W2, and W3 are linear transformations; b1, b2, and b3 are bias terms.
Parameter learning. In the proposed MACLM, the trainable parameters of all 

components are learned using a custom binary cross-entropy loss function (9). The 
dataset used in this study has a ratio of approximately 2.6:1 between normal and 
abnormal samples, which may adversely affect classifier performance. Therefore, 
greater weights are assigned to abnormal cases in the loss function to minimize 
missed diagnoses.

	 Loss
N

d y logy d y log y� � � � � � � � � � � �1
1 1 1( ( )) (( ) ( ) ( )) 	 (9)

In the loss function, d is a hyperparameter real number between 0 and 1 used to 
define the relative weight of predictions; y represents the true value; ′y  represents 
the predicted value; N represents the total number of samples. In this study, d is 
set to 0.7. For the optimization process, training is performed using the Adaptive 
Moment Estimation (Adam) optimizer [29] with a default learning rate of 0.001.
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2.3	 Evaluation metrics

To validate the effectiveness of MACLM classification, this study introduces accu-
racy (Acc), precision (Pre), recall, specificity (Spe), normal category F1 score (NF1), 
abnormal category F1 score (AF1), and Matthews correlation coefficient (MCC) based 
on the confusion matrix to evaluate model performance. The calculation methods 
for these indicators are function (10) [30]:
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The area under the curve (AUC) is introduced to intuitively reflect the model’s 
classification capability. AUC represents the area under the receiver operating char-
acteristic curve (ROC). The ROC curve is defined by the false positive rate (FPR) and 
true positive rate (TPR), with FPR on the horizontal axis and TPR on the vertical axis. 
The calculation formula is function (11):
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	 (11)

To more intuitively quantify the model’s interpretation efficiency, the Average 
Processing Time (APT) required to process 100 data points is calculated. APT calcu-
lation formula such as formula (12). Timetotal represents the total time required to 
compute all test sets (in seconds), and Sum represents the total number of data.

	 APT
Time

Sum
total� �100 	 (12)

3	 RESULTS

3.1	 Sensitivity analysis of the d-value and analysis of attention weights 
for different features

Given that the dataset contains more normal samples than abnormal ones, if 
the weights are set improperly, the model may favor the majority class or unduly 
increase the weights of the minority class, thereby affecting the overall classification 
stability. Therefore, this study compared the impact of different d values on model 
performance while keeping other training parameters constant. In the experiments, 
d was set to 0.4, 0.5, 0.6, 0.7, 0.8, and 0.9, and the model was evaluated using metrics 
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such as accuracy, recall, precision, specificity, F1-score, MCC, and AUC. The experi-
mental results are shown in Table 4. The experimental results indicate that d = 0.7 
achieves a good balance between the ability to identify anomalous samples and the 
ability to distinguish normal samples, and the model achieved the best overall per-
formance. Therefore, this paper ultimately selects d = 0.7 as the weight parameter in 
the weighted loss function.

Table 4. Comparison of MACLM performance at different d values

d Acc (%) Recall (%) Pre (%) Spe (%) NF1 (%) AF1 (%) MCC (%) AUC

0.4 91.56 91.35 96.89 92.12 94.22 85.82 83.40 0.7951

0.5 93.77 94.21 97.18 92.66 95.63 89.19 85.36 0.8582

0.6 96.14 97.25 97.45 93.23 97.3 92.98 91.31 0.9285

0.7 97.55 98.61 97.71 95.46 96.91 95.06 93.27 0.9689

0.8 96.22 97.85 96.95 91.97 97.4 93.17 91.28 0.9363

0.9 80.17 92.87 82.14 47.22 87.12 56.89 46.26 0.7144

To further improve the interpretability of the MACLM model’s classification 
results, this paper conducts a statistical analysis of the attention weights within 
the model. After model training is complete, the weights corresponding to different 
input features in the attention layer are extracted to analyze the relative contribu-
tions of each input feature to the model’s classification process. The results of the 
attention weight analysis are shown in Table 5. Notably, the weights of indicators 
directly related to fetal heart rate monitoring are all higher than those of maternal 
age, indicating that the model’s classification process primarily relies on the fetal 
heart rate monitoring signal itself, while maternal age serves as a background factor 
providing supplementary discriminative information. The weight of the number of 
accelerations is the highest, suggesting that the model focuses more on fetal reactiv-
ity information during classification; indicators related to fetal heart rate baseline 
and decelerations also have high weights, indicating that the model is capable of 
monitoring the baseline fetal heart rate status as well as potential abnormal decel-
eration information.

Table 5. Feature importance weights

Feature Importance Weight

Ac 0.2980

Fh 0.2228

Ld 0.2128

Vd 0.1747

Ma 0.0917

3.2	 Comparison of classification results for fetal health monitoring 
data across different models

To validate the performance of the proposed model and its advantages over 
other models, comparisons were conducted with SVM, random forest (RF), 
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LSTM, gated recurrent units (GRU), InceptionTime (IT), and MultiROCKET (MRT). 
Simultaneously, we constructed an Attention-CNN-LSTM model (ACNNLSTM) 
with gestational age encoding removed and a CNN-LSTM model with both atten-
tion mechanisms and gestational age encoding removed. These formed ablation 
experiments to validate the performance of the ensemble model. All models were 
trained and tested under identical conditions. Quantitative results are presented 
in Table 6. Each model employed a series of evaluation metrics based on confu-
sion matrices to calculate diagnostic efficiency, with optimal results highlighted in 
bold black.

Table 6. Comparison of results from different models

Model Acc Recal Pre Spe NF1 AF1 MCC AUC APT

MACLM 97.55% 98.61% 97.71% 95.46% 96.91% 95.06% 93.27% 0.9689 0.0234

LSTM 85.15% 96.12% 82.75% 92.95% 89.23% 78.31% 69.05% 0.8781 0.0209

SVM 75.04% 85.63% 78.70% 65.46% 82.43% 59.42% 41.89% 0.7208 0.2073

RF 88.25% 93.88% 89.54% 84.99% 91.58% 80.26% 72.11% 0.8726 0.0011

DNN 68.15% 79.05% 73.47% 56.81% 76.24% 52.67% 29.21% 0.6514 0.0041

GRU 84.06% 93.83% 83.26% 86.13% 88.18% 75.48% 65.23% 0.8469 0.0106

IT [31] 89.84% 95.21% 88.74% 88.52% 92.76% 82.20% 76.33% 0.9150 0.0461

MRT [32] 92.77% 95.81% 89.53% 88.60% 93.11% 83.06% 79.51% 0.9225 0.0714

CNN-LSTM 86.61% 97.86% 84.02% 94.52% 90.45% 77.96% 71.00% 0.8926 0.0156

ACNNLSTM 89.93% 97.44% 88.92% 92.93% 92.97% 82.08% 76.10% 0.9091 0.0188

Comparative experiments demonstrate that the MACLM model achieved 
outstanding performance on the test set: accuracy of 97.55%, recall of 98.61%, 
precision of 97.71%, specificity of 95.46%, NF1 score of 96.91%, AF1 of 95.06%, 
MCC of 93.27%, AUC of 0.9689, and ATP of 0.0234 seconds. The results conclu-
sively demonstrate that the proposed model not only achieves exceptionally high 
classification accuracy in fetal health monitoring data but also exhibits strong 
recognition capabilities for both positive and negative categories. Its overall dis-
crimination ability is remarkably robust, proving that MACLM possesses strong 
generalization capabilities and robustness in practical applications. Both preci-
sion and recall rates remain at high levels, further demonstrating that MACLM 
can reduce false positives and false negatives while accommodating samples 
across different categories, ensuring the reliability, practicality, and speed of 
classification results.

3.3	 Comparison of fetal health monitoring data classification results 
across different models using gestational age position coding

Gestational age positional encoding is applied to two traditional machine learn-
ing models, RF and SVM, as well as three deep learning models—LSTM, DNN (Deep 
Neural Network‌), and GRU—to validate the impact of positional encoding on model 
classification performance. The results are shown in Figure 3.
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Fig. 3. Comparison of accuracy with or without position coding

To further validate the feasibility of incorporating positional encoding into deep 
learning models, we computed the loss for each deep learning model. The results are 
shown in Table 7.

Table 7. The performance improvement effect of position coding in different models

Model Position Code Loss Decline in Losses

GRU No 0.3927
46.05%

Yes 0.2119

LSTM No 0.3991
45.97%

Yes 0.2156

DNN No 0.6425
50.75%

Yes 0.3165

4	 DISCUSSION

This study proposes a multi-modal attention neural network model for classifying 
fetal health status and constructs a multimodal dataset comprising 22,813 samples 
for model training and validation. We proposed embedding gestational age into 
fetal heart rate characteristics through positional encoding. However, the scarcity 
of abnormal category data remains an urgent issue that artificial intelligence must 
address in applications for monitoring fetal health status.
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The results of the comparative tests show that MACLM significantly outperforms 
other models in the confusion matrix-based performance evaluation index. This 
overall advantage stems from the introduction of the maternal age, gestational age 
coding mechanism, and self-attention mechanism in the model design to dynami-
cally regulate the different importance of multimodal features so that the model can 
more adequately capture the pattern of change of fetal heart features with gesta-
tional age and the differences in maternal age. The median time for a physician to 
confirm an electrocardiogram (ECG) is 2.8 minutes [33]. An experienced radiologist 
takes an average of 30 seconds to interpret a chest X-ray [34]. These benchmarks indi-
cate that even with rapid interpretation, human analysis of fetal health monitoring 
data requires tens of seconds to several minutes. The MACLM model proposed in 
this study requires only 0.0234 seconds to interpret 100 fetal health monitoring data 
points. MACLM demonstrates that its efficiency far surpasses manual interpreta-
tion, significantly reducing labor costs and improving diagnostic timeliness for fetal 
health monitoring.

Evaluate the contribution of each component in the MACLM model using abla-
tion experiments. Compared to CNN-LSTM, the introduction of the attention mech-
anism resulted in improvements across all metrics except specificity. It is evident 
that the attention mechanism enables the model to focus on more significant fetal 
heart rate features, overcoming the limitation of the CNN-LSTM network architec-
ture that disregards the varying importance of features. This enhancement signifi-
cantly improves model performance. This result validates the application potential 
and practical value of attention mechanisms in analyzing fetal health status. Due 
to the predominance of normal samples in the dataset, the model prioritized iden-
tifying healthy fetuses, resulting in a decrease in specificity to 92.93%. After incor-
porating gestational age position encoding, the model’s performance achieved a 
significant improvement. The accuracy rate improved from 89.93% to 97.55%, the 
AUC increased from 0.9091 to 0.9689, and key metrics such as F1 score and MCC 
also showed significant progress. This enhancement primarily stems from incor-
porating gestational age as supplementary physiological background information. 
This enables the model to dynamically adjust feature calculations based on varying 
gestational ages, thereby better distinguishing samples with different health sta-
tuses and yielding more accurate and reliable classification results. This result also 
demonstrates that the synergistic interaction between fetal age position encoding 
and attention mechanisms further enhances the model’s discriminative power and 
generalization capability.

As shown in Figure 3, after introducing positional encoding, the performance 
of the traditional machine learning model SVM declined significantly, while RF 
remained largely unaffected. This is because SVM treats each sample as a static 
point in feature space, assuming no temporal relationships exist between features 
by default. When position encoding is applied to SVM, the originally approximately 
separable dataset is infused with complex nonlinear features, disrupting the origi-
nal feature distribution. RF, however, does not rely on linear relationships between 
features. When constructing decision trees for node splitting, each tree seeks only 
the optimal splitting feature. This characteristic makes it difficult for RF to accurately 
capture dynamic patterns over the temporal dimension. Position encoding disperses 
gestational age information across multiple feature dimensions, causing each indi-
vidual encoded feature to exhibit neither linear growth nor monotonic variation. 
Consequently, the newly added gestational age encoding features neither introduce 
significant patterns into the original data nor effectively enhance the information 
gain capacity of decision tree nodes. Thus, they fail to substantially impact the 
overall model performance.
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In contrast, deep learning models demonstrated further improvements in clas-
sification accuracy after incorporating positional encoding. This phenomenon indi-
cates that for data processing tasks involving temporal characteristics, positional 
encoding of gestational age provides models with richer, more dynamic temporal 
information. This enables models to more accurately capture changes in fetal heart 
characteristics during the developmental process.

As shown in Table 7, the results indicate that after incorporating gestational age 
position encoding, the training loss of all deep learning models decreased signifi-
cantly. This was particularly evident in temporal models such as GRU and LSTM, 
which exhibited lower loss values. Even models such as DNN, lacking time series 
modeling capabilities, were able to effectively capture information differences 
corresponding to different gestational ages after adding position encoding. This 
enabled them to learn more complex nonlinear relationships, significantly improv-
ing performance.

The results indicate that when MACLM is applied to interpreting fetal health status 
monitoring data, it demonstrates high accuracy and reliability. At present, although 
artificial intelligence diagnostic technology has not yet been widely adopted, devel-
oping a neural network model capable of comprehensively considering multiple 
characteristics and promptly assessing fetal health status is of great significance. 
In actual clinical practice, the assessment of fetal health status often relies on special-
ists for interpretation. This leads to situations where timely and accurate informa-
tion about fetal health cannot be obtained in areas with scarce medical resources or 
when pregnant women are at home. Therefore, MACLM has important applications 
in assisting physicians with fetal status interpretation and in telemedicine.

Neural network models hold broad application prospects in fetal health mon-
itoring; gestational age information is crucial for the model’s assessment of fetal 
health status. Future research may consider incorporating more multimodal data to 
develop more comprehensive models for fetal health monitoring.

For the first time, a CNN-LSTM network-based time series modeling approach 
was applied in fetal health monitoring, jointly extracting local temporal patterns and 
long-term dependencies from fetal health monitoring data. Additionally, an atten-
tion mechanism was applied to process multimodal features. Moreover, fetal age is 
encoded into fetal heart rate characteristics using position-based coding, enabling 
the model to detect changes in fetal heart rate characteristics caused by fetal age. 
This study also has some limitations. For example, factors such as the mother’s med-
ical history (e.g., gestational diabetes, previous adverse pregnancy outcomes, hyper-
tension, etc.) were not included. Furthermore, despite efforts to enhance the model’s 
recognition capability for minority classes by assigning higher weights to outlier 
cases in the loss function, data imbalance remains a significant challenge.

The MACLM model proposed in this study is primarily intended as a decision- 
support tool for physicians in fetal heart rate monitoring analysis, rather than as 
a substitute for physicians in making final diagnoses. In the future, the model can 
be integrated into clinical workstation software, hospital local server interfaces, or 
web-based auxiliary interpretation modules, enabling physicians to obtain auxil-
iary classification results after fetal heart rate monitoring data is uploaded. It holds 
potential for future deployment on standard clinical workstations, hospital local 
servers, secure cloud platforms, or general-purpose edge devices. It should be noted 
that this study has not yet conducted real-world clinical deployment testing. Further 
validation is required when applying the model to actual medical settings, in accor-
dance with medical data security, privacy protection, access control, ethical review, 
and relevant medical software regulatory requirements. At the same time, this study 

https://online-journals.org/index.php/i-joe


iJOE | Vol. 22 No. 10 (2026)	 International Journal of Online and Biomedical Engineering (iJOE)	 175

Fetal Health Assessment Using Multimodal Time-Series Data and Attention Neural Networks

primarily focuses on evaluating model performance based on electronic fetal heart 
rate monitoring data from pregnant women in China. Therefore, the results pre-
sented here primarily reflect the classification performance of the MACLM within 
this specific data context. Validation of the model’s generalizability and clinical val-
idation across other regions, populations, and healthcare systems—which involve 
differences in data sources, collection conditions, and population distributions—will 
be addressed in future research.

5	 CONCLUSIONS

This study proposes a MACLM model for classifying fetal health status and con-
structs a multimodal dataset comprising 22,813 samples. We innovatively propose 
embedding gestational age into fetal heart rate features via positional encoding. 
Model comparison experiments demonstrate that this method can increase the 
accuracy of time-series neural network models by up to 7%. Ablation studies show 
that combining attention mechanisms with convolutional neural networks for 
feature enhancement and extraction effectively improves model performance. By 
accounting for the effects of gestational age and maternal age, the MACLM model—
which employs attention mechanisms, a CNN-LSTM architecture combined with 
an MLP—achieved an accuracy of 97.55%, a recall of 98.61%, a precision of 
97.76%, a specificity of 95.46%, and F1 scores of 96.91% and 95.06% for normal 
and abnormal cases, respectively, an MCC of 93.27%, and an AUC of 0.9689, with a 
processing time of just 0.0234 seconds for 100 data points. This demonstrates that 
MACLM offers strong classification performance and inference efficiency and can 
serve as a useful reference for physicians interpreting fetal heart rate monitoring 
results. Future work will further refine the model and evaluate the operational 
efficiency, stability, and clinical applicability of MACLM on cloud platforms and 
edge AI devices.
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8	 APPENDIX

8.1	 Model parameters

Model parameters as shown in Table A:

Table A. Model parameter

Structure Name Parameters

First CNN layer Number of filters = 64; convolution kernel size = 2; activation 
function = relu

First maximum pooling layer Pooling window size: 2

Second CNN layer Number of filters = 32; convolution kernel size = 2; activation 
function = relu

Second-largest pooling layer Pooling window size: 2

First LSTM layer Number of units: 32; Regularizer = 0.01;

Second LSTM layer Number of units:16; Regularizer = 0.01;

First and second Drout layers The forgetting rates were all 0.2

Batch 10

first full connectivity layer Number of units: 16; Activation function: relu.

The second fully connected layer Number of units: 4.

Output layer Activation function: sigmoid
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