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Abstract— Fetal hypoxia can cause damaging consequences 

on babies' such as stillbirth and cerebral palsy. Cardiotocography 

(CTG) has been used to detect intrapartum fetal hypoxia during 

labor. It is a non-invasive machine that measures the fetal heart 

rate and uterine contractions. Visual CTG suffers inconsistencies 

in interpretations among clinicians that can delay interventions. 

Machine learning (ML) showed potential in classifying abnormal 

CTG, allowing automatic interpretation. In the absence of a gold 

standard, researchers used various surrogate biomarkers to 

classify CTG, where some were clinically irrelevant. We proposed 

using Apgar scores as the surrogate benchmark of babies' ability 

to recover from birth. Apgar scores measure newborns' ability to 

recover from active uterine contraction, which measures 

appearance, pulse, grimace, activity and respiration. The higher 

the Apgar score, the healthier the baby is.  

 

We employ signal processing methods to pre-process and 

extract validated features of 552 raw CTG. We also included 

CTG-specific characteristics as outlined in the NICE guidelines. 

We employed ML techniques using 22 features and measured 

performances between ML classifiers. While we found that ML 

can distinguish CTG with low Apgar scores, results for the lowest 

Apgar scores, which are rare in the dataset we used, would 

benefit from more CTG data for better performance. We need an 

external dataset to validate our model for generalizability to 

ensure that it does not overfit a specific population. 

 
Clinical Relevance— This study demonstrated the potential of 

using a clinically relevant benchmark for classifying CTG to allow 

automatic early detection of hypoxia to reduce decision-making 

time in maternity units. 

I. INTRODUCTION 

Fetal hypoxia occurs when the baby's continuous oxygen 
supply is disrupted during labor. Fetal hypoxia can cause 
stillbirth, neonatal encephalopathy and developmental 
disabilities [1-3]. During uterine contractions (UC), temporal 
hypoxia is expected due to babies' natural physiological 
responses. However, a small proportion of babies fail to 
recover from constant contractions of the uterus during labor 
[4]. Cardiotocography (CTG) is a non-invasive electronic 
fetal monitoring device that can indicate fetal well-being in  
the uterus during labor. It is attached to the mother's womb 
and measures fetal heart rate (FHR) changes and UC. From 
the CTG, obstetricians will intervene to remedy fetal 
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hypoxia, such as emergency cesarean sections or assisted 
delivery [5]. However, CTG is not discriminatory enough 
and suffers from inconsistencies in the interpretation that can 
cause delayed response [6]. 

 
Furthermore, some decision-making can be subjective and 

ambiguous, which may contribute to discrepancies in CTG 
interpretation [7]. Since the introduction of CTG, there has 
been a five-fold increase in cesarean section rates, while 
cerebral palsy cases remain unchanged. This is a substantial 
number of false positive instances in which it can harm 
babies and women while increasing avoidable medical costs 
[8].  

 
Computerized CTG was introduced to improve decision 

by enhancing interpretations to allow a quicker response to 
compromised fetuses. It works by alerting clinicians when 
there are any changes to the FHR, such as deceleration. 
However, computerized CTG relies on human input which a 
vulnerable towards bias and measurement errors. In addition, 
all changes are not pathological and current computerized 
CTG cannot differentiate between natural and harmful 
changes [9]. In addition, a meta-analysis of six studies 
showed no significant improvement in fetal outcomes 
between visual and computerized CTG during labor [10]. 
 

Machine learning (ML) demonstrated promising results in 
classifying abnormal CTG by reducing interpretation 
variability. Previous studies used varying pH umbilical cord 
blood levels and types of delivery as a benchmark for 
hypoxia [11]. However, pH levels do not reflect their ability 
to recover from birth stress, and some benchmarks used 
were clinically irrelevant [12]. Therefore, we proposed using 
5 minutes Apgar score as the surrogate marker of hypoxia in 
our ML algorithms. Low Apgar scores have shown a high 
association with hypoxic diagnosis and abnormal CTG. It is 
a routine, standardized measurement of babies' physiology 
and condition after birth, such as appearance, grimace, 
activity, pulse and respiration. The scores range from 0 to 
10; the higher the score, the healthier the baby [13]. Apgar 
score taken after birth is a good indicator if babies can 
recover and does not require resuscitation [14]. Therefore, 
we aim to use 5-minute Apgar scores as the benchmark of a 
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newborn's ability to recover from hypoxia during active 
contraction of the uterus. 

II.   METHODS 

A. Dataset 

We used raw CTG from the open-access CTU-UHB 
database with 552 CTG recordings sampled at 4Hz. The 
recording was taken no longer than 90 minutes during labor 
(second stage of labor). CTG records were taken between 
2009 and 2012 at the University Hospital in Brno, Czech 
Republic. This database was approved by the Institutional 
Review Board of University Hospital Brno and all women 
signed the informed consent [15].  

B. Feature Extraction 

Before feature extraction, CTG signals were denoised to 
remove unwanted artefacts and missing recordings due to fetal 
and maternal movements. Missing beats were interpolated, 
and the signal was smoothed with a moving mean of 30 
windows. Pre-processed CTGs were shown below in figure 1. 
For morphological features, we extracted FHR in conjunction 
with UC as recommended by the National Institute for Health 
and Care Excellence guidelines for CTG interpretations 
(NICE, 2014). For the time domain, frequency domain and 
non-linear features, we only used FHR signals. We extracted 
22 features, which were included in the ML models.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

C. Label categories 

Using the same original dataset, we created five different 
subsets with various low Apgar score boundaries to 

investigate how changes in the boundaries affect the 
performance metrics in classifying abnormal CTG. 
Categories of low Apgar scores were: 1) less than ten, 2) less 
than nine, 3) less than eight and 4) less than seven. We also 
classified CTG using pH as a benchmark to compare the 
results between Apgar scores and pH for classifying hypoxia 
using CTG. We set a pH of less than 7.05 as low pH. 

D. Classification 

We used Scikit-learn for modelling the random forest 
(RF) and multi-level perceptron (MLP). The data was split 
into train and test subsets using stratified k fold (k = 3). We 
used the synthetic minority oversampling technique to 
increase the number of samples. We only oversampled the 
training set and the test set remained imbalanced (table 1). 
Grid search with cross-validation (k = 3) (GridsearchCV) 
was used for hyperparameter tuning on the training subset to 
boost the model performances; the best parameter was 
chosen for the final model [16]. The classification model 
was evaluated on a separate test subset. 

E. Performance metrics 

A confusion matrix was used to measure the true positive 
(TP), true negative (TN), false positive (FP) and false 
negative (FN) values. TP represents the correct classification 
of positive samples, TN represents the correct classification 
of negative samples, FP represents the wrong classification 
of positive samples, and FN represents the incorrect 
classification of negative samples (Hicks et al., 2022). Based 
on those values, we calculated the area under the receiving 
operator characteristic (AUROC), precision (P), recall (R) 
and f1 for each classifier. 

III. RESULTS 

A.  Extracted features 

From the signal processing step, we extracted a total of 22 
features from each CTG. The NICE guidelines features were 
the number of accelerations, number of decelerations, longest 
acceleration length, longest deceleration length, average 
baseline, short-term and long-term variability. 

The FHR features extracted were the mean, standard 
deviation, sample entropy, approximate entropy, cross-
entropy, Lempel-Ziv, delta, total delta, number of intrinsic 
mode functions, power spectral density (PSD) of very low 
frequency (0 – 0.03 Hz), PSD of low frequency (0.03-0.15 
Hz), PSD of the medium frequency (0.15-0.5 Hz), PSD of high 
frequency (0.5-1 Hz), the ratio of PSD of low and PSD high 
frequency, the ratio of PSD of low frequency and PSD of 
medium and high frequency.  

B.  Parameter optimization 

By using GridsearchCV, four RF parameters were 
optimized: 1) the number of trees (50), 2) criteria to measure 
the quality of split ('gini'), 3) the depth of the tree (5) and 4) 
the method to select the number of features considered when 
looking for the best split (square root). Other parameters were 
set to default. For MLP, four parameters were optimized: 1) 
the number of hidden layers (350), 2) the method of activation 
of hidden layers (rectified linear unit function), 3) solver 
weight for optimization ('lbfgs' - optimizer in the family of 

(a)  

 

(b)  
 

Figure 1 shows the comparison between pre-processed CTG where 
recordings (a) have high Apgar score and (b) have low Apgar score. bpm 
stands for beats per minute. The top line in blue represents the FHR and 

the bottom line in orange represents the UC. 



  

quasi-Newton methods) and 4) learning rate schedule for 
weight updates (constant). Other parameters were set to 
default. Apgar scores and pH levels resulted in the same 
optimized parameter. 

C. Performance comparisons  

The number of CTG with low Apgar scores changes when 
we change the boundaries as we did not oversample the test 
set (table 1). The best AUROC score for MLP (60.47%) and 
RF (68.12%) was achieved when we categorized low Apgar 
scores as less than 9. When the low Apgar score was set to 
less than 10, our model had the best overall performance: RF 
(P – 68.31%, R – 59.33% and f1 – 63.28%) and MLP (P – 
61.68%, R – 57.78% and f1 – 59.61%). The performances 
were the lowest when a low Apgar was less than 7. When 
compared to pH as the benchmark, the RF classifier had the 
highest AUROC, which can discriminate well between 
CTGs that have low pH (table 2).  
 

Label 
Low Apgar 

Boundary 

Number 

of good 

Number 

of low 

Apgar 

     <10      107      77 

<9 145 39 

<8 168 16 

<7 177 7 

pH <7.05 170 14 

 

Table 1: Distribution of low Apgar and good Apgar scores in the test set 
using different boundaries to define low Apgar scores and distribution of 

low and good pH level. 

 

 
Table 2: Performances of RF and MLP with different boundaries of Apgar 

score and comparison to cord blood pH 

IV. DISCUSSION 

We are the first to use the Apgar score as a benchmark for 
classifying hypoxic CTGs. Our previous study demonstrated 
how oversampling of both training and train subsets 
massively improved CTG classification [17]. However, in 
this study, we only oversampled the training set to mimic 
real-life events, since there is a significantly small number of 
hypoxia cases compared to healthy fetuses.  

 
We showed that the Apgar score defined as less than 10 

showed higher performances in f1, precision and recall, 
among other boundaries of Apgar scores, while the highest 
AUROC was obtained when the low Apgar score is defined 
as less than 9. This is because there were more samples of 
low Apgar scores when “low” was defined as less than 10 or 
less than 9 compared to scores of less than 8 and less than 7 
(table 1). Modelling was challenging because there were so 
few cases of CTG with Apgar scores < 8. P, R and f1 were 
particularly low for Apgar scores of less than 7 as the test set 
was severely imbalanced. There were only 7 CTG in the low 
Apgar group in the test set which provided an insufficient 
number of samples for learning this class.  
 

From the results, it seems ideal to set the low Apgar 
scores of less than 10 as the benchmark of hypoxia, in terms 
of prediction performance.  In clinical practice, however, 
scores between 7 to 10 are considered healthy [18, 19]. This 
means that scores of 7, 8 and 9 will be misclassified as 
hypoxic, increasing the number of cases of false positives 
and exposing mothers and babies to the unnecessary risk of 
cesarean section and other interventions, making the model 
clinically irrelevant.  
 

Compared to pH as a benchmark, results show higher 
discrimination against hypoxic CTG. Compared to previous 
studies that used pH as the benchmark and the same data 
source, their performances were much higher than ours. 
However, due to the lack of a gold standard, these studies 
used various pH range boundaries between pH less than 7.01 
and pH less than 7.20. Other studies also used different 
classifiers and various methods to pre-process and extract 
CTG features [20-22]. Therefore, it is difficult to compare 
those studies with our results. 

 
Our study is limited by its small sample size as we used 

an open-access database with a relatively small number of 
patients. We acknowledge that our dataset is very 
imbalanced, especially when low Apgar scores were less 
than 7. While we used oversampling techniques, the sample 
size is still small to utilize ML algorithms fully. Future 
studies would benefit from a larger sample size and a 
mixture of geographical regions. In addition, this study is not 
externally validated.  We plan to collect CTG data from 
hospitals to enable external validation to improve the quality 
of the study and to increase model generalizability. We also 
plan to investigate cost-sensitive methods to assess 
imbalanced classification in terms of clinical requirements 
and costs. We will explore the use of other deep learning 
methods such as the recurrent neural network and the long-
short term memory to investigate if those methods can 
improve classification performance. FHR and UC 
measurements are time-dependent, and their classification 
would likely benefit from those deep learning methods. 
Lastly, future studies should use relevant techniques to 
determine the important feature of CTG classification. 

Boundary 

for low 
Model 

f1  

(%) 

P  

(%) 

R 

 (%) 

AUROC 

(%) 

Apgar <10 
RF 63.28 68.31 59.33 63.21 

MLP 59.61 61.68 57.78 56.31 

Apgar <9 
RF 41.84 36.7 49.17 68.12 

MLP 34.37 35.93 33.93 60.47 

Apgar <8 
RF 10.62 5.29 11.11 50.23 

MLP 15.41 12.22 8.89 52.91 

Apgar <7 
RF 15.24 6.23 27.78 56.99 

MLP 10.52 2.56 5.56 52.39 

pH <7.05 
RF 62.31 56.75 58.33 76.18 

MLP 34.43 35.50 34.65 75.09 



  

V.    CONCLUSION 

We demonstrated that 5 minutes Apgar score could be used 
to distinguish between hypoxic and healthy CTGs for this 
dataset. We also showed how the degree of data imbalance in 
the test set affects the performance metrics. We highlighted 
the lack of gold standards in benchmarking CTGs. Since 
Apgar scores reflect babies' ability to recover from 
intrapartum hypoxia, it is a more relevant surrogate marker to 
distinguish unhealthy babies compared to pH cord blood, a 
one-off measure. The challenge of modelling healthcare data 
is that the number of diseases or cases is significantly 
imbalanced.  
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