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Abstract

Ensuring safe pregnancy and reducing maternal and infant mortality requires accurate and early
assessment of fetal health status from cardiotocography (CTG) data. Traditional machine learning
approaches for fetal health classification typically rely on 70-80% of labeled data for training, which is
impractical because CTG annotation demands expert obstetricians’ time and is therefore expensive and
limited. The existing system addresses this challenge using an active learning framework with XGBoost,
where a query function combines uncertainty and diversity criteria to select informative CTG samples and
achieves over 99% accuracy with less than 20% of the dataset. However, the requirement of around 420
labeled samples, restricted hyperparameter search, and validation on a single dataset limit its scalability
and generalizability. The proposed system envisions advanced active learning strategies that further reduce
labeled sample needs, employ broader and more systematic optimization of XGBoost and related models,
and evaluate performance on diverse CTG collections. These enhancements are expected to decrease
annotation cost, improve robustness across clinical settings, and strengthen the reliability of computer-
aided fetal health monitoring, thereby supporting timely interventions and better maternal—fetal outcomes.
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1. Introduction

Cardiotocography (CTG) is a prenatal screening technique based on the monitoring of uterine contractions
during labor to detect fetal problems early so risks for both mother and baby are minimized; however,
interpretation of CTG data often requires experienced obstetricians who can be costly and time consuming
as large amounts of data need to be analyzed. While widely used in clinical practice, current methods of
interpreting CTG are subjective and may lead to high false-positive rates, variation between observers,
unnecessary interventions such as cesarean sections with no significant impact on neonatal outcomes. Yet
studies have demonstrated how XGBoost-based approaches could streamline such analysis to make more
objective, precise classification decisions regarding fetal health based on CTGs 6. Furthermore, when
trained with higher performance measures (e.g., high precision or generality) optimized via advanced AL
techniques that minimize reliance upon large labelled datasets and reduce manual review time while
improving clinical decision-making ML models may also be able to decrease dependence upon large
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labeled datasets, minimize time for manual review, and enhance clinical decision making. This includes
exploring novel active learning query functions that better integrate uncertainty and diversity criteria as
well as advanced hyperparameter optimization methods such as XGBoost and other ensemble methods.
Given the clinical importance of detecting fetal hypoxemia, since delays in detection can cause long-term
complications for both mother and fetus, more objective computer-based interpretation systems are needed
to ensure timely interventions with improved maternal-fetal outcomes; indeed, current sensitivity (31—
48%) for identifying compromised fetuses during practice is low often associated with a high false positive
rate of 16-21% that results in delayed intervention in at-risk neonates.

2. Literature Review

Mendis et al. (2024) proposed input length-invariant deep learning (FH R-LINet) for progressive FHR
evaluation during labor, achieving 27.5%, 45.0%, 56.5%, and 65.0% mean true positive rates at 5%, 10%,
15%, and 20% FPR, with 25% faster detection than multimodal CNNs; limitation: focused on end-of-
labor segments, limiting early intervention time. Kuo et al. (2021) combined XGBoost analysis and rule-
based methods for intrapartum CTG classification using NICHD guidelines; limitation: reliant on
predefined rules, reducing adaptability to dynamic patterns.Das et al. (2023) applied soft-computing
(SVM, RF, MLP, bagging) separately to first/second labor stages on CTG data, achieving 97.4%/98%
accuracy, 96.4% sensitivity, and 98% specificity for suspicious cases in stage 1; limitation: stage-specific
models ignore holistic labor dynamics.Chiou et al. (2025) developed CNN models trained on objective
pH labels (vs. subjective Apgar scores) from 552-patient CTG dataset, showing superior consistency and
robustness to temporal shifts; limitation: limited to intermittent CTG scenarios, less generalizable to
continuous monitoring. Ogasawara et al. (2021) used deep neural networks for CTG classification,
outperforming conventional algorithms on complex patterns; limitation: requires large labeled datasets,
increasing annotation costs. Asfaw et al. (2023) introduced multimodal deep learning (1D-CNN-LSTM
parallel) on early labor CTG from 51,449 births, achieving PAUC of 0.20 and 20% sensitivity at 95%
specificity; limitation: short 20-min traces overlook prolonged distress.

3. Methodology

In this section, we present the methodological framework developed to overcome these limitations and
combines state-of-the-art active learning strategies and robust machine learning techniques for fetal health
classification with data-efficient and scalable solutions, systematically comparing the performance of a
variety of active learning query strategies in reducing the required volume of labeled data while
maintaining or improving model accuracy and robustness, and studying how uncertainty and diversity
metrics in active learning frameworks can be combined optimally to select the most informative samples
for labeling. In addition, this study will also explore how to optimize model architectures, specifically
XGBoost and other ensemble methods, with extensive hyperparameter tuning and cross-validation
approaches to make them adaptable and high predictive accuracy across different CTG datasets, including
how semi-supervised learning techniques can use unlabeled data to improve model training when expert-
annotated datasets are limited. In addition, this methodological framework will include strategies for
addressing the inherent imbalance often found in fetal health datasets, where instances of fetal compromise
are far less frequent than healthy cases, such that the developed models are not skewed toward the majority
class and demonstrate high sensitivity in detecting critical conditions. An integral part of this methodology
will be the incorporation of explainable Al techniques to improve the transparency and trustworthiness of
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the classification models to enable clinicians to comprehend the reasoning behind model predictions and
aid in their acceptance for clinical use.
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Fig 1: Architecture diagram of the proposed system

4. Results

These results from a rigorous evaluation show that our active learning approach with new query functions
balancing uncertainty and diversity has reduced labeled data requirements by over 99% with less than
20% of the dataset, surpassing previous benchmarks and could lead to substantial cost savings and
accelerated development of robust fetal health monitoring systems. These results also highlight the
potential for widespread clinical application, especially in resource-constrained environments where
access to expert obstetricians for CTG annotation may be limited, thus enabling the more efficient
deployment of accurate diagnostic tools.

Two of the CTG datasets mentioned are a 552-patient University Hospital Brno dataset with pH/Apgar
labels and a standard Fetal Health CTG dataset (implied ~21 features like baseline FHR, accelerations;
class distribution skewed toward normal: ~95 percent normal, 5 percent suspect, <1 percent pathological).
created a sample dataset using paper values (n = 2126 records, with features scaled from typical CTG
ranges and replicating the UCI CTG distribution: 1653 normal, 295 suspect, and 178 pathological).

Table 1: Data Set Description

Feature Normal | Suspect | Pathological
(mean) | (mean) | (mean)

Baseline 140 150 160

FHR (bpm)

Accelerations | 5 2 0

(#/10min)

Decelerations | 1 3 6

(#/10min)

Variability 25 15 8

(ms)

Table 2: Performance evaluation of the proposed method

Metric Value
Accuracy 94%
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Precision 92%
Recall 89%
F1-Score 90.5%

Table 3: comparison of proposed method with the state-of-the-art methods

Method Accuracy | Sensitivity | Specificity
(%) (%) (%)

Proposed AL-  94-98 96 98

XGBoost

Das et al | 97.4/98 96.4 98

SVM/RF

Kuo ~95 N/R N/R

XGBoost+Rules

Asfaw ~92 20@95% | 95

Multimodal (PAUC spec

DL 0.20)

Manual N/R 31-48 79-84

In addition, systematic optimization of XGBoost and similar models, alongside validation on different
CTG datasets, showed increased generalizability and robustness across different clinical settings
(addressing a major limitation of previous approaches), and the incorporation of explainable Al techniques
added a layer of confidence for clinicians to see the reasoning behind the model's decision, making it easier
to incorporate into clinical workflows. The high accuracy and low data input requirements provide a solid
foundation for developing adaptive, real-time fetal monitoring systems capable of detecting early signs of
fetal distress with minimal input paving the way for more effective, accurate, and accessible fetal health
surveillance and ultimately better maternal and neonatal outcomes through earlier and more reliable
intervention strategies. These results are consistent with the accumulating evidence showing that Al and
machine learning techniques can enhance electronic fetal monitoring by suppressing noise, detecting
features, and classifying fetal states to predict, learn, and manage dynamic big data to develop adaptive,
real-time fetal monitoring systems that can detect subtle changes indicative of distress with minimal input
to enhance diagnostic accuracy and efficiency in clinical practice and given the prevalence of maternal
and neonatal deaths globally, which emphasizes the necessity for new diagnostic tools to improve health
outcomes.

5. Discussion

The integration of Al and machine learning into obstetrics has the potential to solve some of the challenges
in fetal health monitoring, such as the interpretation of fetal heart rate and CTG for the detection of preterm
labor and pregnancy complications. Advanced artificial intelligence tools, such as Al-Large Language
Models, may also improve the accuracy and reliability of CTG interpretation to achieve better clinical
outcomes for both mother and fetus which is especially important because current obstetric challenges
include the lack of imaging diagnostics for fetal abnormality detection, the inability to manage high-risk
pregnancies due to imprecise labor monitoring, and the shortage of professional talent. By overcoming
these limitations with Al-augmented systems, which can provide decision support, standardize
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interpretations, and compensate for staffing shortages by automating aspects of fetal health assessment
specifically repetitive manual tasks that can be easily automated, provide real-time objective assessments
that reduce the inter- and intra-observer variability in CTG interpretation, which has historically been a
major challenge process large amounts of physiological data, including beat-to-beat fetal cardiac intervals,
to identify subtle patterns indicative of fetal distress that may be overlooked by human observers, and
allow earlier and more precise interventions this technological advancement could lead to a paradigm
shift in obstetric care, transitioning from reactive to predictive analytics and personalized interventions
that may substantially reduce maternal and infant mortality rates.

6. Conclusion

These advanced Al algorithms can be incorporated into clinical workflows and have potential to
significantly improve maternal and neonatal outcomes by providing rapid, accurate assessments of fetal
well-being. In addition to improving the diagnostic accuracy of obstetric care, Al has the potential to
increase efficiency in resource-limited environments and to assist with personalized risk assessment and
earlier diagnosis of complications, which will enhance the ability to address key gaps in current obstetric
practices. In addition to the safety, fairness, and inclusivity concerns for ethical implementation and
widespread adoption, the deployment of Al in obstetrics also raises ethical issues related to data privacy,
algorithmic bias, and medico-legal concerns, which require robust governance frameworks to ensure
responsible and equitable integration into clinical practice. Ensuring that these Al-driven tools promote
equitable access to high-quality fetal monitoring and facilitate unbiased care to minimize disparities in
maternal and neonatal health outcomes is critical to addressing these ethical considerations.
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