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Abstract

Cardiotocography (CTG) is the continuous recording of
the fetal heart rate (FHR) using ultrasound transducers
placed on the mother’s abdomen. The signal obtained ex-
hibits characteristic patterns that allow for the assessment
of the fetus’s well-being, behavioral states, and nervous
system development. Information on the gestational age
(GA) is crucial in fetal state and development evaluation.

The objective of this work is to train a model to pre-
dict the GA from the FHR in healthy pregnancies, and as-
sess whether the same model can identify deviations from
normal development due to Intra Uterine Growth Restric-
tions (IUGR). The chosen AI model is based on a mod-
ified ResNet architecture and was trained with FHR sig-
nals from healthy subjects. The model is then tested on
both Healthy and IUGR fetuses. This paradigm offers ad-
vantages such as eliminating the need for class balancing
and opens up potential applications in various pathologi-
cal conditions. The use of these AI methods was enabled by
the NAPAMI database, from which we used 63342 signals
over more than 80000 available.

Preliminary results (R2: 0.50 in healthy and R2: 0.16
in IUGR) show that the proposed method is capable of de-
tecting deviations from normal fetal development. We are
working to improve robustness, interpretability, and per-
formance to contribute to its applicability in real-world
clinical settings.

1. Introduction

Cardiotocography (CTG) is a standard clinical exam
used to monitor the fetal well-being during pregnancy by
recording the continuous fetal heart rate (FHR) trace [1].
The interpretation of this signal allows understanding fe-
tal well-being states, possible signs of pathological com-
plications, and the level of autonomic maturation. In-
trauterine growth restriction (IUGR) is a common preg-
nancy complication defined by the failure of the fetus to
fulfill its growth potential. Clinically, the IUGR term refers
to fetuses whose estimated fetal weight is lower than the
10th percentile for the identified Gestational Age (GA) and

show alterations in the flow of the umbilical artery [2]. The
antepartum diagnosis of IUGR is inherently uncertain, and
requires confirmation at birth.

Research conducted in recent years in cardiotocogra-
phy has led to the development of a series of quantitative
indices derived from the FHR, which have demonstrated
good ability to classify the condition of the fetus in utero
at various gestational weeks [3, 4]. Several of these fea-
tures have been shown to correlate with the GA [4–7].

Other works tried to estimate the GA from FHR traces
[8,9]. Among them, Hoyer and colleagues [8] used magne-
tocardiographic recordings, which require very expensive
and cumbersome instrumentation inadequate for clinical
practice, and manually annotated fetal behavioral states,
thus severely limiting the model’s applicability. On the
other hand, Gu et al. [9] attempted to predict GA from stan-
dard CTG recordings but, despite using over 7,000 CTG
traces for model training, only a moderate correlation be-
tween real and predicted GA was found (Pearson r: 0.434,
mean absolute error: 10.91 days).

Being able to predict the GA from the FHR has one log-
ical application [8, 9]: use the prediction (and its devia-
tion from the actual GA) to assess whether the fetus is lag-
ging behind the normal development. This would provide
a functional biomarker for the presence of Intra-Uterine
Growth Restriction and its severity.

Our work exploits the availability of a very large semi-
annotated database of antenatal CTG recordings, called
NAPAMI, representing a promising opportunity for the use
of Deep Learning (DL) techniques to predict the GA from
the CTG signals, and to infer possible developmental de-
lays.

The intent is to evaluate whether the model is able to
characterize the normal development and detect deviations
in abnormal cases. The DL technique is expected to learn
to predict the GA of healthy fetuses and consequently pro-
vide a measure of possible growth impairments. This could
increase the support given to clinicians to make better-
informed decisions.



2. Methods

2.1. Data

NAPAMI is a very large database of antepartum CTG
recordings, which has been described in its preliminary
form in [10]. Currently, NAPAMI contains 81531 unique
recordings from 33208 distinct pregnancies. Exams were
performed in Naples, Italy as part of routine clinical prac-
tice. All recordings consist of the FHR trace, along with
uterine contractions and fetal movements (which are not
used in this work), sampled at 2 Hz and obtained using
cardiotocographs from the Philips Avalon family. More-
over, recordings are associated with a free-text note, which
is used by clinicians to annotate fetal and maternal patholo-
gies and other relevant clinical information.

CTG signals underwent basic preprocessing [7] and all
signals with more than 20% of low-quality samples were
excluded. Based on clinical annotations, the following
groups were extracted:
• Healthy. N = 12433
• Confirmed IUGR. N = 1285
• Unknown. N = 49624

Pregnancies are denoted as Healthy when no fetal or
maternal pathologies were identified by the clinical team,
and the weight of the newborn was higher than the 10th
percentile for the GA. Confirmed IUGR presented an es-
timated fetal weight lower than the threshold in the an-
terpartum period, had alterations in the umbilical artery
flow and were born with a weight below the 10th per-
centile for the GA. Unknown presented no clinical anno-
tation. Twin pregnancies and those not belonging to the
specified groups were excluded from the analysis.

A hold-out test set composed of 150 Healthy and 150
Confirmed IUGR pregnancies with the same, and approx-
imately uniform, distribution with respect to the GA was
first sampled. More in detail, 9 bins uniformly spaced be-
tween 160 and 310 days of gestation were defined, and
from each, the same number of signals for healthy and
IUGR was sampled. Any additional recordings associated
with pregnancies represented in the hold-out test set were
excluded from the training set.

Since the final goal is to develop a normative model
which can identify deviations from expected development,
only Healthy and Unknown cases have been used in train-
ing (with the latter being assigned a lower weight, as will
be discussed in the next paragraph). These were divided
into train and validation using a 90:10 split.

All signals were then divided into windows of 30 min-
utes with a maximum overlap of 50%. In total, 65130 30-
minute windows are used for training and 6931 for vali-
dation. In testing, predictions performed on different win-
dows of the same signal were averaged to obtain a unique
prediction per recording.

2.2. Model Development

A ResNet-based architecture (hereafter simply called
”ResNet”), similar to the one described in [11], was used.
The model is composed of three residual blocks with con-
volutional kernels of sizes 8, 5, and 3, respectively. The
initial block is configured with 32 feature maps, while the
subsequent two blocks utilize 64 feature maps. Each block
integrates batch normalization, ReLU activation, a resid-
ual shortcut connection, and a squeeze-and-excitation re-
calibration block, which models interdependencies across
channels [12]. The convolutional encoder is followed by a
global average pooling layer and a dropout layer (p = 0.3).
The resulting feature vector is processed by a coarse-to-
fine regression head that first estimates logits over four GA
bins and subsequently predicts a within-bin residual, yield-
ing the final continuous GA estimate. This strategy was
adopted to prevent regression towards the mean.

During training, each window was assigned a compos-
ite sample weight to (1) emphasize reliable windows, (2)
prioritize healthy cases, (3) down-weight unknown cases,
and (4) increase the contribution of under-represented GA
ranges.

Thus, the sample weight is equal to the product of three
terms: (1) a quality weight, (2) a status weight, and (3) a
GA density weight. The quality weight (1) was defined
as the fraction of samples in the window marked as good
quality. The status weight (2) was used to down-weight
uncertain labels, assigning weight 1.0 to healthy windows
and 0.2 to unknown-status windows. As previously dis-
cussed and illustrated in Figure 1, the target variable GA
exhibits a heavily left-skewed distribution. To mitigate this
imbalance, we applied an inverse-density weight (3) cal-
culated across four uniformly spaced bins. The per-bin
probability p was converted to a weight proportional to
wi raw = (pb(i) + 10−8)−0.6, normalized to unit mean,
and clipped to the range [0.5, 2.5].
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Figure 1. Gestational age (GA) distribution in the NA-
PAMI database.



3. Results

Figure 2 shows the scatterplot of the true versus pre-
dicted GA values for both healthy and IUGR cases in the
hold-out test set.

Figure 3 presents the Bland-Altman plot, and relevant
numerical values are summarized in Table 1.

As can be seen in Figure 2, the ResNet model identi-
fied a moderate relationship between the FHR and the GA
target, with an R2 of 0.501 and a Pearson correlation coef-
ficient r of 0.743. The mean absolute error was 13.6 days.
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Figure 2. Scatterplot illustrating the relationship between
true and predicted gestational age (GA) for Healthy (green
dots) and IUGR (orange crosses) cases using ResNet.
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Figure 3. Bland-Altman plot assessing the prediction bias
and limits of agreement between true and predicted gesta-
tional age (GA) using ResNet.

Table 1. ResNet performance metrics.

Condition Pearson r R2 MAE p-value
Healthy 0.743 0.501 13.6 0.0171IUGR 0.601 0.161 17.3

As reported in Figure 3, the Bland-Altman plots reveal
that the prediction errors are consistently distributed, even
though the Healthy cohort presents a small positive bias.
This is likely due to the training set being more severely
skewed than the test set, which was sampled to be as uni-
form as possible with respect to the target.

The model showed higher prediction error on the IUGR
cohort. As can be seen in Fig 3, the ResNet model shows a
tendency to predict lower GA values for the IUGR cohort,
which aligns with the expectations. The distributions of the
prediction errors (not normalized) were also compared be-
tween Healthy and IUGR by means of the Wilcoxon rank-
sum test, resulting in a p-value of 0.0019.

4. Discussion

The correlation values obtained clearly show that the
model has learned a relationship between FHR character-
istics and GA in the healthy population, with a Pearson r
of 0.743 and a mean absolute error of 13.6 days.

While the error value can appear high, it must be consid-
ered that the reference for the gestational age itself has an
intrinsic level of uncertainty, since in NAPAMI the GA is
based on the last menstrual period. At present, there are no
robust references in the literature regarding what a reason-
able predictive value might be. Therefore, the model’s in-
dication should be considered a data-driven starting point.

The ResNet model shows a significant tendency to pre-
dict lower GA values for IUGRs, even though the mag-
nitude of this difference is relatively small. This may
be a consequence of sub-optimal model performance, or
it could be related to the fact that in many cases IUGR
is poorly described as a simple delay in maturation, but
includes more complex pathophysiological adaptations
which may differ radically according to the etiology of the
condition.

Comparing the results with other works is complicated
by the heterogeneity of the data used in fetal monitor-
ing. In particular, magnetocardiography seems to pro-
vide cleaner signals and better results [8], but is infeasi-
ble in clinical practice and limits the usefulness of the re-
sults. Additionally, Shirazi and colleagues [13] addressed
the task of predicting GA using as input to the model the
1-dimensional Doppler ultrasound signal recorded with a
low-cost device and achieved impressive results, with a
MAE lower than a week, which is in line with the error of



conventional biometry-based methods in early pregnancy.
While promising, this type of data is not part of clinical
practice.

To the best of our knowledge, the only work that used
standard CTG recordings with a comparable number of
cases is the one by Gu and colleagues [9], who nonethe-
less achieved lower performances than those presented in
this work.

This suggests that, for this application, the quality of
the input signal is crucial to the final performance. It is
also possible that the obtained estimation could be im-
proved only by adding additional information from differ-
ent sources. For example, Shirazi et al [13] used the ultra-
sound signal directly, which includes information on the
maternal heart rate and respiration, thus providing other
inputs that are not typically considered in standard fetal
monitoring.

Based on the results presented in this paper, the goal
is to strengthen and improve classification by refining the
models and incorporating additional information. We be-
lieve that integrating different signals and methods is the
approach we should pursue and develop.

Acknowledgments

The authors would like to acknowledge the entire team
that over the years contributed to the creation of the NA-
PAMI database and the development of the computational
methods for FHR quantitative analysis.

References

[1] ACOG Practice Bulletin, Number 229. Antepartum
fetal surveillance. Obstetrics Gynecology June 2021;
137(6):e116–e127.

[2] Gordijn SJ, Beune IM, Thilaganathan B, Papageorghiou A,
Baschat AA, Baker PN, Silver RM, Wynia K, Ganzevoort
W. Consensus definition of fetal growth restriction: a delphi
procedure. Ultrasound Obstet Gynecol 9 2016;48(3):333–
339.

[3] Signorini M, Pini N, Malovini A, Bellazzi R, Magenes
G. Integrating machine learning techniques and physiol-
ogy based heart rate features for antepartum fetal moni-
toring. Computer Methods and Programs in Biomedicine
2020;185:105015.

[4] Signorini MG, Fanelli A, Magenes G. Monitoring fe-
tal heart rate during pregnancy: Contributions from ad-

vanced signal processing and wearable technology. Com-
putational and Mathematical Methods in Medicine 2014;
2014(1):707581.

[5] Van Leeuwen P, Cysarz D, Edelhäuser F, Grönemeyer D.
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