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Abstract: Addressing the challenge of limited accuracy in non-invasive prenatal testing (NIPT) for female fetal
chromosomal aneuploidy due to the absence of Y chromosome reference, this study innovatively proposes a multi-
feature fusion detection model based on XGBoost. The model's innovations are threefold: first, it constructs a three-
dimensional feature system integrating "Z-score-GC content-clinical indicators", breaking through the limitation of
traditional methods relying on single chromosomal indicators; second, it leverages XGBoost's powerful capability in
capturing nonlinear relationships to deeply explore complex interaction effects among multi-chromosomal features;
third, through feature importance ranking, it systematically reveals for the first time the critical roles of GC content in
chromosome 13 and Z-scores of chromosomes 18 and X in female fetal abnormality detection. Experimental results
demonstrate that the model achieves an accuracy of 75.45%, precision of 75.63%, recall of 75.45%, and F1-score of
75.47%, significantly outperforming traditional methods. This study provides a novel technical approach for detecting
female fetal chromosomal aneuploidy with substantial clinical application value.
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1 INTRODUCTION

Chromosomal aneuploidy is a major genetic factor leading to spontaneous abortion and birth defects in fetuses, making
its clinical detection crucial for improving population quality. Non-invasive prenatal testing (NIPT), which analyzes cell
-free fetal DNA in maternal plasma, has become an important technical means for prenatal screening [1-2]. However,
existing NIPT technologies face specific challenges in detecting chromosomal aneuploidy in female fetuses. Due to the
lack of the key indicator of Y chromosome concentration, traditional methods often rely on single or limited feature
parameters, failing to fully exploit the effective information within multidimensional data, which significantly restricts
detection accuracy [3-4]. Zhang Yanchun et al., in their analysis of clinical application effectiveness, showed that
although NIPT overall performance is superior, there is still room for improvement in female fetus-specific detection
[5]. This technological bottleneck urgently needs to be addressed through innovative methods.
Currently, the application of machine learning in the NIPT field shows a trend of diversified development. Yuan
Yuying first applied machine learning to the dual screening of "fetal aneuploidy + maternal tumors," demonstrating the
applicability of intelligent algorithms in complex medical scenarios [6]. The aiD-NIPT algorithm developed by Junnam
L's team significantly improved detection sensitivity by optimizing the processing strategy for low fetal fraction
samples [7]. The KF-NIPT technology proposed by Kim D's team innovatively introduced K-mer analysis, further
enhancing the ability to detect chromosomal abnormalities [8]. However, existing research still has significant
shortcomings in female fetus-specific detection: decision tree models are prone to overfitting and sensitive to noisy
data; although the AdaBoost algorithm can improve detection capability, it is sensitive to outliers and has poor model
interpretability [9]. The breakthrough made by Xue Ying et al. in detecting chromosomal copy number variations [10],
and the promotion of NIPT standardization by Belabbes' team [11], provide important references for this study, but
detection models specifically for chromosomal aneuploidy in female fetuses are still relatively lacking.
This study innovatively proposes a multi-feature fusion detection model based on XGBoost. Its innovations are mainly
reflected in three dimensions: First, it constructs a three-dimensional feature system of "Z-score - GC content - maternal
BMI," breaking through the limitation of traditional methods relying on single indicators; Second, it fully utilizes the
powerful nonlinear relationship capture capability of the XGBoost algorithm to deeply explore the complex interaction
effects among multi-chromosomal features; Third, through systematic feature importance analysis, it clearly identifies
for the first time the key roles of GC content in chromosome 13 and Z-scores of chromosomes 18 and X in female fetal
abnormality detection. This study is based on the dataset of 11,501 clinical indication singleton pregnant women
provided by Wang Yu et al. [12], and the feature variables used are all routine detection indicators, demonstrating good
clinical translation prospects. The large-scale clinical studies by Zhou Ying et al. [13], Kong Lingrong et al. [14], and
Yanchun Z's team [15] further validate the significant clinical application value of model construction based on Chinese
population data. By deeply integrating advanced machine learning technology with clinical needs, this study provides a
new technical pathway for improving the detection accuracy of chromosomal aneuploidy in female fetuses.

2 METHODOLOGY

2.1 Theoretical Foundation
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The XG Boost algorithm is primarily chosen for constructing classification models due to its multiple significant
advantages in medical data modeling scenarios. This algorithm efficiently handles nonlinear relationships within data,
accurately capturing complex correlations among medical features—making it well-suited for fetal chromosomal
aneuploidy detection data. Additionally, its built-in regularization mechanism effectively controls model complexity,
mitigates overfitting risks, and ensures robust generalization capabilities on new data. XG Boost also demonstrates
strong robustness to missing values in datasets, adapting to potential data incompleteness in real clinical scenarios
without requiring complex imputation procedures. Moreover, this algorithm features rapid training speed and strong
scalability, enabling it to handle datasets of varying sizes while maintaining efficiency. It typically demonstrates
outstanding predictive performance across diverse classification tasks, sufficiently meeting the research demands for
precise prediction of chromosomal aneuploidy types. The conceptual framework of XG Boost is illustrated in Figure 1:

Figure 1 XGBoost Principle Framework Diagram

XGBoost, a decision tree-based ensemble learning algorithm, enhances predictive performance by constructing multiple
weak classifiers (decision trees) and combining their results. Its core mechanism involves optimizing the objective
function through gradient descent, where each iteration builds a new decision tree to correct errors from the previous
model. Key advantages of XGBoost include its ability to effectively handle nonlinear relationships and high-
dimensional data, its built-in regularization mechanism to prevent overfitting, strong robustness to missing values, and
fast training speed with high scalability.
The objective function of XG Boost consists of a loss function and a regularization term, formulated as follows:

L ϕ =
i=1

n
l yi,y�i

t +
k=1

t
Ω fk�� (1)

Where: l yi, yi�
(t) is the loss function for the t-th iteration, measuring the discrepancy between the predicted value y�i

(t)

and the actual value yi . The regularization term controls model complexity. T denotes the number of leaf nodes in the
tree. ωj represents the weight of the j leaf node. γ is the regularization parameter controlling the number of leaf nodes. λ
is the L2 regularization parameter controlling the weights of leaf nodes.
For multi-class classification problems, the cross-entropy loss function is employed, defined as follows:

l yi,y�i =-
c=1

C
yi,clog y�i,c� (2)

Where C denotes the total number of categories, and yi,c represents the indicator variable (0 or 1) indicating whether
sample i belongs to category c.

2.2 Experimental Design

The primary data source for this study is authentic clinical data from singleton pregnancies[12]. The objective is to
construct a high-precision detection model for fetal female chromosomal aneuploidy. The data primarily derive from
chromosomal testing results of female fetuses, including Z-scores for chromosomes 13, 18, 21, and X; GC content; and
maternal BMI. In this study, the XG Boost algorithm will be employed to construct a multi-classification prediction
model incorporating multidimensional feature variables. The XG Boost model enables identification of the influence
levels of different features on fetal chromosomal abnormality detection outcomes, thereby providing more accurate
auxiliary diagnostic evidence for clinical non-invasive prenatal testing. The overall experimental design is illustrated in
Figure 2:
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Figure 2 Experimental Design Flowchart

Regarding feature and target variable definitions, this study defines the feature variable set (X) as follows: it comprises
8 predictor variables (Z-scores of chromosomes 13, 18, 21, and X; GC content of chromosomes 13, 18, and 21; and
maternal BMI). The target variable (y) is defined as the type of chromosomal aneuploidy, which is a multi-class
categorical variable.
The optimization process of the XGBoost model is subject to the following constraints: First, the decision tree structure
constraint: Each tree is a CART tree (Classification and Regression Tree), with each leaf node corresponding to an
output value, as defined by the following formula:

fk x = ωq x ,ω ∈ RT, q: Rm → 1,2, . . . , T (3)
Where, q(x) denotes the leaf node to which the sample x belongs, and T represents the number of leaf nodes. Next is the
regularization constraint: it prevents overfitting by controlling the complexity of the tree.

Gain =
1
2
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2

HL + λ +
GR
2
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HL + HR + λ
− γ (4)

Where, GL and GR denote the gradients of the left and right subtrees, respectively, while HL and HR denote the second
derivatives of the left and right subtrees, respectively.Finally, there is the multi-class constraint: For multi-class
problems, the model constructs a set of decision trees for each category. The final prediction is converted into a
probability distribution via the softmax function, as shown in the following formula:

y�i,c =
exp fc xi

k=1
C exp fk xi�

(5)

Using the trained model to predict the test set yields two key outputs: category predictions and probability predictions.
This study defines quantitative evaluation metrics as follows: Accuracy is the proportion of correctly predicted samples
relative to the total number of samples, serving as an indicator of the model's overall prediction correctness. The
formula is as follows:

Accuracy =
TP + TN

TP + TN + FP + FN
(6)

Precision is the proportion of samples predicted as positive that are actually positive, measuring the accuracy of a
model's predictions. The formula is as follows:

Precision =
TP

TP + FP
(7)

Recall is the proportion of actual positive samples that are correctly predicted. It measures a model's ability to identify
positive cases and reduces missed positives. The formula is as follows:

Recall =
TP

TP + FN
(8)

F1 score is the harmonic mean of precision and recall, providing a comprehensive evaluation of model performance that
balances precision and recall. The formula is expressed as:

F1 = 2 ×
Precision × Recall
Precision + Recall

(9)
In Formulas 6 through 9, TP denotes true positives (actual positive examples predicted as positive), TN denotes true
negatives (actual negative examples predicted as negative), FP denotes false positives (actual negative examples
predicted as positive), and FN denotes false negatives (actual positive examples predicted as negative). For multi-class
classification problems, the composite score for each metric is calculated using a weighted average.

3 RESULTS
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3.1 Feature Importance

Combining the aneuploidy results for chromosomes 21, 18, and 13 in female fetuses with comprehensive analysis of the
X chromosome and related characteristics (Z-score, GC content, maternal BMI, etc.), an XG Boost model was
employed to construct a classification method. This approach achieves predictive classification of female fetal
abnormalities by learning the association patterns between features and chromosomal abnormalities. Feature importance
is shown in Figure 3:

Figure 3 Feature Importance Plot

The feature importance analysis reveals that the GC content of chromosome 13 (0.7363) contributes most significantly
to the model's predictions, followed by the Z-scores of chromosomes 18 and X. Although features related to
chromosome 21 and maternal BMI show relatively lower importance, they still provide valuable supplementary
information for the model. These findings confirm the critical role of integrating multi-chromosomal features in
enhancing the detection performance of female fetal chromosomal aneuploidies.

3.2 Predictive Performance

This study employed multiple metrics to evaluate the model's predictive performance. The consistency observed
between accuracy and recall indicates inherent stability in the model's classification logic for sample categories. This
suggests the results are not entirely random and reveal exploitable patterns of feature associations. Although these
values are relatively low, considering the absence of the Y chromosome as a key reference indicator for female fetus
detection and the potential complexity of the samples, the findings still demonstrate the model's effectiveness in
capturing feature correlations. The relevant metric data is presented in Table 1:

Table 1 Predictive Indicators
Indicator Value

Model Accuracy 75.45%
Model Precision 75.63%
Model Recall 75.45%
Model F1-Score 75.47%

These results demonstrate that the model exhibits certain efficacy in addressing the task of determining chromosomal
abnormalities in female fetuses. It can capture potential associations between features such as chromosome Z-scores
and GC content with specific abnormality types, providing valuable reference for non-invasive prenatal testing.
Concurrently, we will continue optimizing the model by increasing sample size and refining feature selection to further
enhance its predictive accuracy and stability.
Based on the aneuploidy results for chromosomes 21, 18, and 13 in female fetuses, combined with characteristics such
as X chromosome Z-score, GC content, read length and proportion, and maternal BMI, the XG Boost multi-
classification model is employed for determination. Core features include Z-scores for chromosomes 21, 18, and 13,
supplemented by GC content, read segment quality metrics, and BMI. The model outputs probability scores for each
abnormality category. By combining threshold values with clinical expertise, it effectively identifies common trisomy
syndromes, providing valuable reference for non-invasive prenatal testing.

4 CONCLUSIONS
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This study successfully addresses the persistent challenge of limited detection accuracy in female fetal chromosomal
aneuploidy screening, primarily caused by the absence of Y chromosome biomarkers, through the development of an
innovative multi-feature fusion model based on XGBoost algorithm. By systematically integrating multidimensional
features encompassing Z-scores and GC content from chromosomes 13, 18, 21, and X, combined with maternal clinical
parameters including BMI, and harnessing XGBoost's exceptional capability in capturing complex nonlinear
relationships, the model demonstrates remarkable proficiency in identifying various types of female fetal chromosomal
abnormalities. The experimental validation reveals consistent performance across all key evaluation metrics, with the
model achieving 75.45% accuracy, 75.63% precision, 75.45% recall, and 75.47% F1-score, thereby confirming its
robust discriminative power when handling complex, real-world clinical data. Furthermore, the comprehensive feature
importance analysis provides valuable biological insights, particularly highlighting the predominant role of
chromosome 13 GC content (0.7363) and the significant contributions of Z-scores from chromosomes 18 (0.6609) and
X (0.6330), which offer substantial evidence for clinical diagnostic applications.
The practical implementation of this model appears highly feasible within existing clinical frameworks, as it utilizes
routinely available NIPT indicators without requiring additional specialized testing procedures. The model's probability
distribution outputs provide clinicians with flexible, quantitative decision support tools, particularly valuable in
challenging diagnostic scenarios involving female fetuses. Future enhancements could incorporate advanced molecular
markers such as DNA fragment size distribution patterns and nucleosome positioning profiles, while the integration of
time-series analytical approaches could enable dynamic monitoring of maternal biomarker variations. The modular
architecture of the proposed system allows for potential expansion to encompass broader chromosomal abnormality
detection, including microdeletion syndromes and rare aneuploidies, through incremental feature integration and model
refinement. This research establishes a solid foundation for developing comprehensive fetal health assessment systems,
potentially incorporating maternal epidemiological factors and environmental parameters to create holistic risk
evaluation frameworks. The continuous optimization of this methodology, possibly through ensemble learning
strategies combining multiple algorithmic approaches, promises significant improvements in detection sensitivity and
specificity, ultimately contributing to enhanced prenatal care quality and outcomes.
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