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Abstract. This study aims to clarify the quantitative association patterns between maternal biological
indicators and fetal Y chromosome concentration in male fetuses. First, comprehensive
preprocessing was performed on 549 male fetal detection datasets, including key missing value
deletion, Z-score outlier handling, and construction of derived features such as BMI grouping and
gestational age segmentation, to ensure data quality and applicability for modeling. Spearman's rank
correlation analysis confirmed a significant monotonically negative relationship between maternal
BMI and Y chromosome concentration. Subsequently, a random forest regression model was
established to capture the nonlinear relationship between features and Y concentration. Model
parameters were optimized via grid search and 5-fold cross-validation, ultimately determining the
number of decision trees T=800. On the test set, the model demonstrated excellent performance
with a coefficient of determination R? and a mean absolute error MAE of 0.0183 ng/mL. Further
SHAP interpretability analysis quantified feature contributions, revealing that X chromosome
concentration, number of blood draws, and Y chromosome Z-score were the top three factors
influencing Y concentration prediction. Additionally, SHAP dependency plots clearly demonstrated a
sharp increase in the positive contribution of gestational age during weeks 12—-15, while high BMI
systematically reduced Y concentration.
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1. Introduction

Non-invasive prenatal testing (NIPT) is a vital clinical diagnostic tool that analyzes fetal cell-free
genetic material in maternal blood to detect fetal chromosomal abnormalities early. In NIPT practice,
test accuracy is closely linked to fetal cell-free DNA concentration [1-2], with male fetal Y
chromosome concentration reaching or exceeding 4% serving as a fundamental criterion for assessing
test reliability. However, fetal Y chromosome concentration is not constant; it is influenced by
complex interactions among multiple biological indicators such as gestational age, BMI, and maternal
age. Given this, the objective of this study is to establish quantitative associations between maternal
gestational age, BMI, and fetal Y chromosome concentration using NIPT data from a high-BMI
pregnant population, and to develop predictive models based on these findings [3-4].

To achieve this objective, a data-driven modeling approach was adopted. First, rigorous preprocessing
and feature engineering were performed on the raw data to ensure data integrity and extract key
derived features. Subsequently, a Random Forest regression model was established, leveraging its
ensemble learning capabilities to effectively capture nonlinear relationships between indicators and
Y concentration [5-6]. Finally, model performance was validated using metrics such as R? and MAE,
and SHAP explainability analysis was introduced to quantify each feature's contribution to prediction
outcomes, thereby enhancing the model's clinical interpretability and scientific rigor.SHAP
explainability analysis was introduced to quantify each feature's contribution to prediction outcomes,
enhancing the model's clinical interpretability and scientific rigor[7].
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2. Establishment and Solution of the Model

2.1. Design Idea of the Preprocessing Scheme

For the male fetal detection data (including 549 records and 31 features), the research focuses on
three core modules: missing value handling, outlier detection and handling, and feature
transformation. In combination with data types (numerical/categorical), modeling objectives (random
forest regression for predicting Y-chromosome concentration), and clinical backgrounds (high-BMI
pregnant women group, prenatal testing stage), scientific and reasonable processing methods are
selected to ensure that the preprocessed data meets the modeling assumptions (data integrity, no
abnormal interference, and feature scale adaptability), laying a foundation for the subsequent random
forest + SHAP interpretability analysis[8-9].

2.1.1. Missing Value Handling

Missing value analysis is a crucial step in data preprocessing, aiming to identify missing data in the
dataset and assess its potential impact on the analysis results. Missing values may arise from various
reasons such as data entry errors, sampling issues, or inaccurate measurements. The specific
implementation steps are as follows [10]:

Step 1: Missing value statistics: Calculate the missing proportion of each feature and screen out fields
with a missing proportion > 0.

Step 2: Handling of key features: Delete records with any missing values in Y-chromosome
concentration, pregnant woman's BMI, or numerical value of gestational age at testing.

Step 3: Handling of secondary features: Fill in missing values of chromosome aneuploidy with "no
abnormality".

Step 4: Verification: Re-statistic the missing proportion of each feature after processing to ensure that
the missing rate of key features is 0. The specific missing value analysis is shown in the following
table 1:

Table 1. Data Processing Table

Variable Number of Missing Values
Last Menstrual Period 12
Chromosome Aneuploidy 956
Numerical Value of Gestational Age at Testing 113

2.1.2. Outlier Detection and Handling

Outlier analysis is a process in data analysis used to identify observations that are significantly
different from most of the data. Outliers may be caused by data entry errors, measurement errors, or
may represent important information in the data. The presence of outliers can have a significant
impact on model training and prediction, so appropriate methods need to be used for detection and
handling.

Z-Score reflects the number of standard deviations by which a data point deviates from the mean. For
a data point x, its Z-Score is calculated by the formula:
X—p

- (1)

Where: x is the value of the data point, p is the mean of the dataset, and o is the standard deviation
of the dataset. Generally, when the absolute value of Z-Score is greater than 3, the data point is
considered an outlier, meaning it deviates from the mean by more than 3 standard deviations.

/ =

Z-Score Criterion: When |Z| > 3, the data point is regarded as an outlier. The specific
implementation steps are as follows:
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a) Outlier detection: Calculate Q1, Q3, IQR, and boundaries for all numerical features (such as
pregnant woman's BMI, Y-chromosome concentration, GC content, etc.).

b) Outlier classification: Label outliers of each feature and distinguish between logical errors, group
characteristics, and measurement errors.

¢) Outlier handling: Perform operations such as deletion, retention, or correction.
d) Visual verification: Use box plots to show changes in outliers before and after handling.

2.1.3. Feature Transformation Handling

The core purpose of feature transformation is to eliminate the impact of feature scale differences on
the model and mine potential correlation information through feature engineering. The specific
implementation steps are as follows:

a) Core feature screening: Retain 25 core features (such as age, height, BMI, gestational age,
chromosome Z-value, GC content, etc.) and eliminate irrelevant fields (such as pregnant woman code,
testing date).

b) Feature engineering:

BMI grouping: Divide BMI into 5 groups (< 28, 28-32, 32-36, 36-40, > 40) according to clinical
standards to analyze the impact of BMI stratification on concentration.

Gestational age segmentation: Divide gestational age into 3 stages (early stage < 12 weeks, middle
stage 13-27 weeks, late stage > 27 weeks) according to clinical risks to match clinical testing scenarios.
Derived features: Calculate the "weight-height ratio" (weight/height) to assist in verifying the
correlation between BMI and concentration.

2.1.4. Data Visualization

To scientifically explore the monotonic correlation between Y-chromosome concentration and
various indicators, and considering the characteristics of clinical data such as non-normal distribution
and vulnerability to outlier interference, Spearman's rank correlation coefficient is adopted:
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Figure 1. Spearman Correlation Coefficients

According to figure 1, figure 2, figure 3 and figure 4, the Spearman correlation coefficient between
BMI and Y-chromosome concentrationis p = —0.151* ( p = 0.032 < 0.05 ), which confirms that
"an increase in BMI is significantly negatively correlated with a decrease in Y-chromosome
concentration" and rules out the interference of random fluctuations.
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Figure 2. Spearman Correlation Between Key Features and Y Chromosome Concentration
Relationship Between Maternal Age and Y Chromosome Concentration
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Figure 3. Fitted Plot of Maternal BMI and Y Chromosome Concentration
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Figure 4. Additional Plots of Relationships with Chromosome Concentration

2.2. Construction of Random Forest Regression Model

Random forest regression [7] is an "ensemble model of multiple CART regression trees". It generates
different training sets through Bootstrap sampling, trains each tree using a random subset of features,
and finally takes the average of the predictions of all trees as the result. Its core is to "reduce
overfitting through randomness and improve stability through ensembling".

2.2.1. Construction of a Single CART Regression Tree

A CART regression tree recursively splits nodes to minimize the Mean Squared Error (MSE), and
finally uses the mean value of samples in leaf nodes as the predicted value. The specific steps are as
follows:
Step 1: Node splitting criterion: For a feature x, select a splitting threshold t to divide the node
sample set S into Sier (X < t) and Spjgh¢(x > t). The goal is to minimize the total MSE after
splitting:

|Sleft| |Sright|
Total MSE = g1~ X MSE(Ster) + ¢ X MSESrignt) )

Where: MSE(S)=$ZES (yi —Vs)?> (MSE of node S); ys is the mean Y-chromosome

concentration of node S; |S| is the number of samples in node S.

By weighting based on the proportion of samples in child nodes, the degree of dispersion of the data
after splitting is measured to ensure that the splitting result maximally reduces the uncertainty of the
data.

Step 2: Calculation of the predicted value of leaf nodes
The mean Y-chromosome concentration of a node is:

_ 1
YStear(x) = m Yi 3)

i€Sieqr(x)
Where Sje.¢(X) is the leaf node sample set to which sample x finally belongs in the t-th tree.

2.2.2. Ensemble Prediction of Random Forest

Generate T different training sets through Bootstrap sampling (each training set has the same sample
size as the original training set, and samples can be repeated). Train one CART tree for each training
set (when training each tree, randomly select p features for node splitting). The final predicted value
of the model is the arithmetic average of the predicted values of the T trees:
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Where: T is the number of decision trees (a model parameter), and h.(x) is the predicted value of
the t-th tree.

Physical Meaning: Reduce the variance (overfitting risk) of a single tree through "ensembling
multiple weak learners", and use the randomness of different trees to cover more feature combinations,
thereby improving the prediction stability and generalization ability.

2.3. Construction of SHAP Interpretability Model

The SHAP value is an "interpretability index that quantifies the contribution of features to the
prediction result". Based on the game-theoretic Shapley value, it decomposes the model's predicted
value into "a baseline value + the contributions of various features". A positive contribution increases
the predicted value, while a negative contribution decreases the predicted value. TreeExplainer is an
efficient calculation version for tree models.

To quantify the contribution of each feature to the prediction result of Y-chromosome concentration,
the game-theoretic SHAP (Shapley Additive Explanations) method is introduced, and the
TreeExplainer module is used to adapt to the random forest model. It mainly includes three parts:
definition of the baseline value, additive decomposition of SHAP values, and efficient calculation.

2.3.1. SHAP Baseline Value (Reference Point)

Define the average predicted value of all training samples as the baseline value for SHAP analysis,
which represents the "average prediction level without any feature information":

N
1
$o = NZ y(x;) (3)

Where: N is the number of samples in the training set, and y(x;) is the random forest predicted value
of the i-th training sample.

2.3.2. Additive Decomposition of SHAP Values

The predicted value of any sample x can be decomposed into the linear sum of the baseline value
and the SHAP values of all features, realizing the interpretable expression of "prediction result =
baseline + feature contributions":

9() = o + Z $i(x) ©

Where: ¥M, ¢;(x) is the total prediction deviation of sample x, and ¢;(x) is the SHAP value of
feature x;.

2.3.3. Calculation of SHAP Values by TreeExplainer

TreeExplainer optimizes the calculation efficiency for tree models and calculates SHAP values
through "path-dependent contribution decomposition". The specific steps are as follows:

Step 1: Calculation of feature contributions for a single tree

SHAP contribution of a single tree: For the t-th tree, the splitting path of sample x is "root node —
leaf node". The contribution of the k-th split (feature x;) is defined as the difference between the
mean value of the parent node and the mean value of the child node:

162



At,k (X) = ysparent - yschild(x) (7)

Where: §s . ., 1S the mean Y-chromosome concentration of the parent node before splitting, and
VSenuq() 18 the mean value of the child node to which sample x belongs after splitting.

Step 2: Calculation of global SHAP values

Global SHAP value: The global SHAP value of feature x; is the average of its splitting contributions

in all trees:
T
1
¢ = TZ z Apr(x) (®)

t=1 K:Xi ysed in split ¥ of tree ¢

2.4. Solution of the Model

Step 1: Initialization and Training of the Random Forest Model

Optimize the core parameters on the validation set with the goal of maximizing the generalization
ability, so as to determine the parameters for model training.

Step 2: Model Parameter Tuning (Grid Search)

Adopt 5-fold cross-validation combined with grid search to optimize parameters, and finally
determine the optimal parameter combination:

Number of decision trees T = 800;
Minimum number of samples for node splitting s = 5;
Number of randomly selected features for each tree p = 25;

At the same time, additional tree model regularization parameters are set to control overfitting and
improve generalization.

Step 3: Model Training and Prediction

Divide the preprocessed data into a training set (384 records) and a test set (165 records) in a ratio of
7:3. Use the training set to train the random forest model with optimal parameters, and predict the Y-
chromosome concentration on the test set.

Step 4: Model Performance Evaluation

Verify the generalization ability of the model using the test set. Three indicators, namely R?, MAE,
and MSE, are used to evaluate the prediction accuracy of the model. The calculation formulas are as
follows:

Mean Absolute Error (MAE): Measures the average absolute deviation between the predicted values
and the true values (resistant to extreme values):

M
1
MAE = MZ 195 — vl )

j=1

Mean Squared Error (MSE): Penalizes large deviations (reflects the overall error level):

M
1
MSE = MZ @ —v)? (10)
j=1

Coefficient of Determination ( R?): Measures the proportion of the variance of Y-chromosome
concentration explained by the model (the closer to 1, the better):
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_ 2%1 (JA’j - J’j)z

R?=1 -
9‘4=1 y; —y)?

(11)

Where: M is the number of samples in the test set, §; and y; are the predicted value and true value
of the j-th test sample respectively, and y is the mean concentration of the test set.

By substituting the test set data into the calculations, the following results are obtained: R? = 0.5975,
MAE = 0.0144 ng/mL, MSE = 0.0195 (ng/mL)?, indicating that the model has good goodness of
fit and small prediction errors.

Step 5: Spearman Correlation and Significance Test
2.4.1. Calculation of SHAP Values for Test Set Samples
Table 2. Significance Tests

Spearman Correlation p- .

Feature Coefficient Value Significance
X-Chromosome Concentration 0.4633 0.0000 Ext@mely
Significant

. Extremely

Weight -0.1640 0.0000 Significant

Pregnant Woman's BMI -0.1525 0.0000 Ext@mely
Significant

Y-Chromosome Z-Value 0.1191 0.0001|  Cxtremely
Significant

Extremely

Age -0.1064 0.0005 Significant

) Extremely

Height -0.0947 0.0021 Significant

Numerical Value of 'Gestatlonal Age at 0.0755 0.0142 Significant

Testing
GC Content -0.0248 0.4217] Not Significant

Significance tests are shown in table 2.
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2.4.2. Global Feature Importance Ranking

SHAP Feature Importance Ranking (Key Factors Affecting Y Chromosome Concentration)
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Figure 5. SHAP Importance Ranking of Features for Y Chromosome Concentration

The SHAP feature importance ranking (figure 5) is as follows (in descending order of importance):
X-chromosome concentration, number of blood draws for testing, Y-chromosome Z-value, numerical
value of gestational age at testing, pregnant woman's BMI, proportion of alignment to the reference
genome, 18th chromosome Z-value, proportion of duplicate reads, weight, proportion of filtered reads,
X-chromosome Z-value, 13th chromosome Z-value, height, GC content, number of raw reads, GC
content of 18th chromosome, number of pregnancies, GC content of 21st chromosome, 21st
chromosome Z-value, age.

The top 3 key features are: X-chromosome concentration > number of blood draws for testing > Y-
chromosome Z-value; the importance of basic features such as height and weight is relatively low
(SHAP value <0.011), indicating that Y-chromosome concentration is more affected by the maternal
metabolic state (BMI) and pregnancy stage (gestational age).

2.4.3. Analysis of Nonlinear Patterns of Gestational Age

Investigate the dependency between gestational age values and SHAP values (color represents maternal BMI)

Figure 6. SHAP Dependency Analysis of Gestational Age on Y Chromosome Concentration
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According to figure 6, when the gestational age at testing is between 12 and 15 weeks, the SHAP
value rapidly increases from -0.02 to 0.03, indicating that the positive contribution of this stage to Y-
chromosome concentration increases sharply; after the gestational age exceeds 15 weeks, the SHAP
value tends to be stable, which shows that the impact of gestational age on Y-chromosome
concentration weakens after 15 weeks, which is consistent with the clinical rule that fetal chromosome
concentration tends to be stable in the second trimester of pregnancy.

Dependence of maternal BMI on SHAP values (directly affecting Y chromosome concentration)
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Figure 7. SHAP Dependency Analysis of BMI on Y Chromosome Concentration

According to figure 7, there is a negative correlation between BMI and Y -chromosome concentration:
for every 1 kg/m? increase in BMI, the SHAP value decreases by an average of 0.003, indicating that
pregnant women with high BMI have lower Y-chromosome concentration, and attention should be
paid to the selection of testing time points.

2.5. Analysis of the Results

It can be seen from Table 3 that the R? of the model on the test set is 0.5726, which indicates that
the model can explain 60% of the variation in Y-chromosome concentration, and the goodness of fit
meets the clinical prediction needs; the MAE is 0.0183 ng/mL and the MSE is 0.0232 (ng/mL)?,
which indicates that the average deviation between the predicted values and the true values is small,
and extreme errors are effectively controlled, so the model has good robustness. Among them,
OOBR? is the out-of-bag error, and the closer it is to the test set R?, the better the performance.

Table 3. Model Evaluation Results (Y Chromosome Concentration Prediction)

Evaluation Indicator Result Value
Training Set R? 0.9167
Test Set R? 0.5726
OOB R? 0.5902
Training Set MAE 0.007216 ng/mL
Test Set MAE 0.018268 ng/mL
Training Set MSE 0.009542 (ng/mL)?
Test Set MSE 0.023170 (ng/mL)?
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Y Chromosome Concentration: Comparison of Actual and Predicted Values
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Figure 8. Comparison of True vs. Predicted Y Chromosome Concentration Values

According to figure 8, the trends of the true values and predicted values of the training set
(blue/orange) and the test set (red/green) are highly consistent without obvious deviation; the test set
R? = 0.5726 indicates that the model still has good prediction ability on unseen data, and no serious
overfitting occurs.

3. Conclusions

Addressing the quantitative association between fetal Y chromosome concentration and maternal
biomarkers, this study successfully constructed a **random forest regression (RFR)** model and
employed SHAP for in-depth mechanism interpretation.

Prior to modeling, data preprocessing rigorously implemented deletion of critical missing values and
imputation of minor missing values (e.g., “chromosomal aneuploidy’), while outliers were removed
via Z-Score method. The RFR model determined optimal parameter combinations (e.g., decision tree
count T=800) through grid search, achieving a high goodness-of-fit on the test set while maintaining
a low mean absolute error, validating the model's stability and predictive accuracy.

Through SHAP value analysis, this study identified the top three key features influencing Y
chromosome concentration as: X chromosome concentration, number of blood draws for testing, and
Y chromosome Z-score. Furthermore, the model quantitatively reveals a negative correlation between
maternal BMI and Y chromosome concentration, providing critical quantitative evidence for adjusting
testing strategies in high-BMI pregnant women in clinical practice. The RFR+SHAP framework
effectively captures nonlinear relationships between features and Y concentration while offering
strong interpretability.
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