
Analyzing Fetal Heart Rate Patterns via Latent Representations with
Sequential Variational AutoEncoder (SeqVAE)

Mahdi Shamsi1, Aditi Lahiri2, Yvonne Wu3, Lawrence Gerstley2, Michael Kuzniewicz2, Cornet
Marie-Coralie3, Emily Hamilton1,4, Robert Kearney1, Philip Warrick1,4

1 McGill University, Montreal, Canada
2 Kaiser Permanente Northern California, Oakland, USA

3 University of California, San Francisco, USA
4 PeriGen Inc., Montreal, Canada

Abstract

Fetal heart rate (FHR) monitoring is a non-invasive
method for assessing fetal well-being during labor, provid-
ing vital insights into potential fetal distress and the risk of
hypoxic-ischemic encephalopathy (HIE). However, tradi-
tional clinical methods for interpreting FHR signals are
often subjective. In this paper, we propose a novel Sequen-
tial Variational Autoencoder (SeqVAE) model, inspired
by the Variational Recurrent Neural Network (VRNN), to
learn latent representations of FHR signals. The SeqVAE
model is designed to capture the temporal dependencies
within the FHR signals while maintaining a probabilis-
tic framework, resulting in smoother and more informative
latent representations compared to the VRNN. These la-
tent representations are then utilized for the classification
of FHR signals into healthy and HIE cases. Our exper-
iments demonstrate that the SeqVAE model outperforms
the VRNN in generating latent representations that align
closely with significant physiological events in FHR sig-
nals.

1. Introduction

Hypoxic-ischemic encephalopathy (HIE) is a severe
neonatal condition caused by insufficient oxygen and
blood flow to the infant’s brain during the perinatal period.
This condition can lead to neonatal death or long-term
neurodevelopmental impairments. Early detection and in-
tervention are essential to mitigate the severity of HIE.
Cardiotocography (CTG) records fetal heart rate (FHR)
and maternal uterine pressure (UP) for continuous non-
invasive monitoring of intrapartum fetal well-being dur-
ing labor. Clinicians use FHR monitoring as a standard
of care to assess fetal distress, which can signal hypoxia
and the potential for subsequent HIE. Fetal heart rhythm
and variability, usually described in terms of events such

as baseline, accelerations and decelerations, provide valu-
able insight about the fetus’s response to labor, which is
driven by maternal uterine contractions [1]. Specific FHR
patterns, such as late decelerations and reduced variabil-
ity, have been linked to hypoxic events [2]. However, the
subjective nature of FHR interpretation leads to significant
variability among clinicians in assessing CTG recordings,
and inter- and intra-observer agreement is low. Addition-
ally, these evaluations often tend to be very unspecific,
making it difficult to draw precise conclusions about fetal
health. Machine-learning approaches have recently gained
significant attention for processing and analysis of FHR
signals. Machine-learning and deep-learning algorithms
can detect patterns and information in biomedical signals
that are not visually apparent [3]. In this context, unsuper-
vised algorithms for learning latent representations of time
series data have been extensively explored and applied
across various domains, including biomedical informatics
[4]. These algorithms are designed to learn meaningful,
compact representations of the input data that capture es-
sential features and underlying patterns within the time
series. These can be used for downstream tasks such as
classification, anomaly detection and clustering [5]. Vari-
ational Autoencoders (VAEs) [6] are unsupervised algo-
rithms that introduce a probabilistic framework for learn-
ing latent representations in a latent space parameterized
by mean and variance vectors. Building on the VAE foun-
dation, Variational Recurrent Neural Networks (VRNNs)
introduce a dynamic advancement that enables VRNNs to
model the evolving nature of time-series data. [7]. VRNNs
extend the capabilities of VAEs by incorporating the tem-
poral dependencies inherent in biomedical signals, provid-
ing a more comprehensive encoding of the evolving pat-
terns in the FHR signal. This paper proposes a Sequential
VAE (SeqVAE) model that used a modified VRNN archi-
tecture to improve the learning of time-series latent rep-
resentations. The SeqVAE architecture, depicted in Fig-
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Figure 1: Sequential VAE model architecture with classification head shown within the blue dashed box.

ure 1, enhances the architecture of encoder, decoder and
RNN blocks to improve the capture of temporal dynamics
in the latent representation while maintaining the proba-
bilistic framework of VAEs. In this work, we apply Seq-
VAE to FHR signals to learn robust latent representations
that capture informative features. These learned represen-
tations are used to train a supervised classifier of healthy
and HIE records.

2. Methods

Data This study used a comprehensive fetal monitor-
ing database constructed for the investigation of peri-
natal hypoxic-ischemic encephalopathy (HIE) [8]. This
database includes over 250,000 de-identified electronic fe-
tal monitoring (EFM) records linked to rich clinical data
about the infant, mother, pregnancy, labor, and birth out-
comes. The database covers births from 15 Kaiser Perma-
nente hospitals in Northern California between 2011 and
2019. The subset of the dataset used in this paper com-
prised two groups: 1) 24,295 singleton vaginal births with
healthy outcomes determined with blood pH > 7 and a
base deficit of < 10 mmol/L; 2) 418 infants who devel-
oped HIE, characterised by the presence of acidosis along
with neurological signs of encephalopathy. Each FHR
recording, sampled at 4Hz, was segmented into 20-minute
epochs. We used 101,369 high-quality epochs from 24295
healthy records to pre-train the SeqVAE model to learn the
latent representation of FHR signals. 418 HIE records and
a subset of 418 healthy records excluded from pre-training,
were used for training the classifier.

Preprocessing Step To extract robust features from
raw FHR signals, we apply the wavelet scattering trans-
form, which provides representations that are translation-
invariant and stable to deformation [9]. The zeroth-order
and first-order scattering coefficients were extracted and
used as the input features to the SeqVAE model. SxT

de-
notes the wavelet scattering transform of the multi-channel

input signal with sampling rate of 4 Hz, xT, with length T .
After the scattering transform, the resulting coefficients,
xt, are decimated by a factor of 16, reducing the sampling
rate to 0.25 Hz, while retaining the higher-frequency band
information in the lower scales. In Figure 1, xt denotes
the scattering transform coefficients at time step t at the
reduced sampling rate.

SeqVAE Model This model incorporates a VAE at each
time step. The latent representation at time step t, de-
noted as zt, is conditioned on the input at that time xt,
as well as the previous hidden state ht−1. This allows
the model to capture both the current input characteris-
tics and the temporal dependencies encoded in the RNN’s
hidden state. Prior to the encoder block, the linear neu-
ral networks φx

τ (xt) and φh
τ (ht−1) extract features from

the current input sample and the previous hidden state, re-
spectively. These extracted features are then combined and
passed to the encoder block, which learns the parameters
of the latent distribution, mean µenc

t and standard deviation
σenc
t vectors. These parameters define the Gaussian distri-

bution from which the latent variable zt is sampled. The
distribution of the latent variable zt conditioned on the in-
put up to time step t is:

q(zt | x≤t) ∼ N (µend
t ,diag((σenc

t )2)) (1)

[µenc
t , σenc

t ] = φenc
τ (φx

τ (xt), φ
h
τ (ht−1)), (2)

Unlike the original VRNN model, the SeqVAE hidden
state at time t is computed as a function of both the features
extracted from the current input data, φx

τ (xt), and those de-
rived from the previous hidden state, φh

τ (ht−1). This mod-
ification isolates the RNN block from the decoder. There-
fore, the hidden state updated as:

ht = f(φx
τ (xt), φ

h
τ (ht−1), ht−1) (3)

SeqVAE model decouples the RNN from the latent repre-
sentation, and the hidden state is only updated with respect
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to the current time step and the history of the input se-
quence. Moreover, the prior of the latent random variable
is a function of current time step and previous hidden state:

p(zt|x≤t) ∼ N (µ0,t,diag(σ
2
0,t)), (4)

[µ0,t, σ0,t] = φpr
τ (φ

x
τ (xt), φ

h
τ (ht−1)), (5)

where φpr
τ , is also a linear neural network. The prior dis-

tribution p(zt|x≤t) represents the model’s belief about the
latent variable zt before observing the current input and
enables the model in a generative mode. Before feeding
the zt to the decoder, a linear neural network, φz

τ (zt), ex-
tracts the features of the latent representation. The Seq-
VAE decoder also differs from the VRNN model. The Se-
qVAE posterior distribution is not directly influenced by
the hidden state of the RNN; instead, it relies only on the
latent representation vector zt. Consequently, SeqVAE de-
couples the decoder from the RNN, thereby encouraging
a smoother latent space for improved stability and tempo-
rally coherent representations. The outputs of the decoder
µdec
t and σdec

t are the mean x̂t and variance σ̂xt
(i.e., uncer-

tainty) of the reconstruction at time step t, respectively.

xt | zt ∼ N (µdec
t ,diag((σdec

t )2)) (6)

[µdec
t , σdec

t ] = φdec
τ (φz

τ (zt)), (7)

Consequently, the loss function of the SeqVAE is:

Eq(z≤T |x≤T )

[
T∑

t=1

(−βKL(q(zt | x≤t) ∥ p(zt | x≤t))

+ log p(xt | zt))] (8)

where hyperparameter β regularizes the Kullback–Leibler
(KL) divergence term, to balance two competing model
objectives: encoder effectiveness in conditioning the latent
space on the input in p(z|x) vs. decoder reconstruction
fidelity in x̂t.

Classification The classification head (Figure 1) feeds
the concatenated latent representations into a depth-wise
and point-wise convolutional block with a kernel size of
1. This block output is passed to a four-layer LSTM with
progressively decreasing hidden state sizes of 36, 27, 18,
and 9. Finally, a linear layer produces the logits for each
class. The model was trained using cross-entropy loss.

3. Results

VRNN vs. SeqVAE Both models were trained un-
der identical conditions, using the same hyperparameters.
Specifically, both models utilized an LSTM with four lay-
ers with hidden state dimension 90, and a latent dimension
of 9. The β was set to 0.0001. As shown in Figure 2, which

presents a raw FHR signal alongside its scattering trans-
form, SeqVAE provides a more informative latent repre-
sentation that aligns with significant FHR events. For each
model, Table 1 compares the VAF [10] mean and standard
deviation for each scattering transform coefficient, calcu-
lated across all test samples. The results demonstrate that
both models are able to reconstruct the scattering trans-
form accurately; however the SeqVAE model achieves
marginally better VAF. Notably, the VRNN model exhibits
a significant drop in fidelity for coefficients 3 and 4, which
correspond to the important FHR variability bands at 0.5
Hz and 0.25 Hz. These bands are meaningful for clini-
cians as they are indicative of FHR variability. In contrast,
the SeqVAE model shows less severe drops in these coeffi-
cients. While both models achieve accurate reconstruction
of the scattering transform, SeqVAE’s latent representa-
tion is better correlated with the physiological events in the
FHR signal. In contrast, the reconstruction performance of
the VRNN model is primarily driven by the RNN block on
the decoder side.

Classification Results Figure 3 illustrates the test-
set performance of the classification model over the last
six hours before birth across 10 folds of 10-fold cross-
validation. The folds are carefully partitioned to ensure
a balanced representation of both healthy and HIE record-
ings within each fold. These accuracy curves show the
model’s average performance with confidence bounds in
classifying FHR signals as either healthy or HIE. The con-
fidence bounds are determined with respect to the mini-
mum and maximum accuracy across all folds. The accu-
racy for healthy cases generally remains higher and more
stable, with values fluctuating between approximately 0.6
and 0.9 across folds. In classification, it is crucial to main-
tain a low false positive rate to avoid unnecessary Cesarean
sections, which can increase costs and pose additional risks
to both mother and infant. In contrast, the accuracy for HIE
cases is lower and exhibits greater variability. Notably,
there is a trend for improved HIE detection as the time
approaches birth. In some folds, this accuracy reaches 0.8
in the final hour before birth. This suggests that the model
becomes more effective at identifying HIE as the critical
time window approaches birth.

4. Conclusion

In this work, we introduced the Sequential Variational
Autoencoder (SeqVAE) model, a novel approach designed
to learn latent representation of FHR signals and cap-
ture the temporal dynamics for the detection of hypoxic-
ischemic encephalopathy (HIE). Our comparative analysis
demonstrated that SeqVAE outperforms VRNN in gener-
ating meaningful latent features. The classification results
indicated a reasonable level of discriminative power, par-
ticularly with an increase in accuracy for detecting HIE
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Table 1: Reconstruction mean %VAF (± standard deviation) per scattering coefficient for SeqVAE and VRNN models.

Coefficient 0 1 2 3 4 5 6 7 8 9 10

SeqVAE
99.4

(0.860)
97.3

(0.077)
97.8

(0.0215)
95.9

(0.0245)
97.8

(0.0191)
99.3

(0.0047)
99.7

(0.0010)
99.8

(0.0006)
99.8

(0.0008)
99.8

(0.0014)
99.8

(0.0021)

VRNN
99.3

(0.0106)
95.0

(0.0406)
95.1

(0.0292)
91.1

(0.0583)
91.7

(0.0440)
95.0

(0.0260)
99.1

(0.0050)
99.6

(0.0032)
99.6

(0.0045)
99.5

(0.0069)
99.5

(0.0076)
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Figure 2: (a) FHR signal (b) True scattering transform (c) SeqVAE latent representation (d )VRNN latent representation.

Figure 3: Test set AUROC and accuracy for healthy and
HIE classes over time before birth.

cases as the epochs approach the time of birth. Future re-
search should focus on improving the overall model archi-
tecture, particularly the classification head, to enhance the
model’s accuracy and robustness in detecting HIE cases.
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