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Abstract. The accuracy of Non-Invasive Prenatal Testing (NIPT) relies heavily on sufficient fetal Y
chromosome concentration in maternal blood. ldentifying key influencing factors is critical for
optimizing testing timing and improving diagnostic reliability. This study employed multiple linear and
polynomial regression models to explore relationships between Y concentration, gestational age,
and maternal BMI. To address repeated measurements and significant individual variations, a linear
mixed-effects model was introduced, incorporating fixed effects for population-level trends and
random effects for individual-specific variations. Gestational age demonstrated a significant positive
effect on Y chromosome concentration (p < 0.001), while BMI showed a weak negative correlation
(p < 0.05). However, all models exhibited low goodness-of-fit (R?=~0.04—-0.07), indicating substantial
unexplained individual variability. Discussion and Innovation: The study highlights the necessity of
personalized approaches in NIPT timing, as population-level factors alone are insufficient for
accurate prediction. The application of a mixed-effects model provides a robust framework for
handling hierarchical data and isolating individual differences, offering a methodological foundation
for future personalized prenatal testing strategies.
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1. Introduction

Non-invasive prenatal testing (NIPT) has revolutionized the screening for fetal chromosomal
abnormalities by analyzing cell-free fetal DNA in maternal blood [1-2]. The clinical accuracy of this
technique is critically dependent on achieving a sufficient fetal DNA concentration, with a key
threshold being a fetal Y chromosome fraction of >4% for male pregnancies [3]. However, significant
inter-individual variation exists among pregnant women in factors such as gestational age, body mass
index (BMI), and maternal age, which directly influence this concentration. A uniform testing
protocol applied to this heterogeneous population can lead to inaccurate results or delayed diagnosis,
potentially missing critical therapeutic windows and posing substantial health risks. Consequently,
there is an urgent clinical need to move beyond a one-size-fits-all approach and develop personalized
NIPT strategies that determine the optimal testing timepoint based on individual maternal
characteristics.

The primary objective of this study is to quantitatively analyze the correlation between fetal Y
chromosome concentration and two pivotal maternal factors: gestational age and BMI. We aim to
construct and validate a robust mathematical model that accurately describes these relationships,
thereby providing a foundational analytical framework for tailoring NIPT protocols to individual
differences [4].

To achieve this, our research first employed traditional multiple linear and polynomial regression
models to explore potential linear and non-linear associations. Recognizing a major limitation of these
approaches—their inability to account for the repeated measurements from the same individual and
the substantial inherent inter-individual variability that violates the assumption of independence—
this study introduces a key methodological innovation. We developed a linear mixed-effects model
to specifically handle this hierarchical data structure. This model incorporates fixed effects to estimate
the population-average trends of gestational age and BMI on Y concentration, while simultaneously
integrating random effects to capture subject-specific variability in baseline concentration and rate of

Content from this work may be used under the terms of CC BY-NC 4.0 licence (https://creativecommons.org/licenses/by-nc/4.0/).
e Published by Warwick Evans Publishing.



change [5-6]. This approach ensures more robust parameter estimation and reliable statistical
inference, providing deeper insights into both population trends and individual differences, which is
a crucial step towards truly personalized prenatal care.

2. Establishment and Solution of the Y-Chromosome Concentration Relationship Model

2.1. Exploratory Analysis of Linear and Nonlinear Relationships

Based on exploratory data analysis, this study first assumed a potential relationship between fetal Y-
chromosome concentration, gestational age [7], and maternal BMI, and initially constructed a
multiple linear regression model to quantify their associations:

Y =00+ PG+ BB +e (1)

Where Y represents the fetal Y-chromosome concentration (unit: %),G denotes the gestational age
(unit: weeks), B stands for maternal Body Mass Index (BMI, unit: kg/m?), By, 31,3, are regression
coefficients to be estimated, € is the random error term, assumed to follow a normal distribution € ~
N(0,02) (where o2 is the error variance).

To capture potential nonlinear associations (e.g., quadratic trends of gestational age or BMI on Y-
chromosome concentration, or interactive effects between variables), a polynomial regression model
with higher-order terms and interaction terms was further established [8-10]:

Y = By + B1G + B,G + B3 B + BB + BsG X B + € )

The ordinary least squares (OLS) method was adopted to estimate the regression coefficients. The
core principle is to minimize the sum of squared residuals between the observed values and predicted
values of Y-chromosome concentration:

min¥L, (¥ - 7)° 3)

Y, = Bo + B1G; + B,B; (for the linear model) or Y; = By + B1G; + B,GZ + B3B; + B4B? + BsG;B;
(for the polynomial model) represents the predicted Y-chromosome concentration of the i-th sample,
and n 1is the total number of samples.

2.2. Model Testing and Significance Analysis
(1) Overall Model Significance Test (F-test)

The F-test was used to verify whether the established regression model has overall explanatory power
for Y-chromosome concentration, i.e., whether at least one of the independent variables (gestational
age, BMI) has a significant linear relationship with the dependent variable.

Null Hypothesis (Hy): 1 = B, = -+ = f = 0 (all regression coefficients of independent variables
are zero, meaning the model is invalid),

Alternative Hypothesis (H;): At least one f; # 0 (the model has overall explanatory power).

The F-statistic was calculated as the ratio of the mean square regression (MSR, reflecting the variation
of Y-chromosome concentration explained by the model) to the mean square error (MSE, reflecting
the unexplained variation):

MSR ¥ (7:-V)’/p

F = =
MSE 3 (Yi—?i)z/(n—p—l)

(4)
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Where: p is the number of independent variables (e.g., p = 2 for the linear model, p = 5 for the
polynomial model with quadratic and interaction terms),Y is the average of the observed Y-
chromosome concentration values, n —p — 1 is the degrees of freedom of the error term. The F-
statistic follows an F-distribution with degrees of freedom df; = p and df, = n —p — 1 under H,.
If the calculated F-value is greater than the critical F-value (or the corresponding p-value <0.05), H,
is rejected, indicating the model is statistically significant.

(2) Individual Coefficient Significance Test (t-test)

The t-test was used to evaluate whether each independent variable (gestational age, BMI, or their
higher-order/interaction terms) has a significant individual effect on Y-chromosome concentration.

For each regression coefficient ; (e.g., 3, for gestational age, B3 for BMI), the test hypotheses are:
Null Hypothesis (Hy): Bj = 0 (the j-th independent variable has no significant effect on Y-
chromosome concentration), Alternative Hypothesis (H;): Bj # 0 (the j-th independent variable has
a significant effect on Y-chromosome concentration).

The t-statistic was calculated as the ratio of the estimated coefficient to its standard error:

fg.

Where SE(ﬁj) is the standard error of the estimated coefficient Gj, reflecting the sampling variability
of the coefficient estimate. The t-statistic follows a t-distribution with degrees of freedom df = n —
p — 1 under Hy. If the absolute value of the t-statistic is greater than the critical t-value (or the
corresponding p-value < 0.05), Hy is rejected, indicating the j-th independent variable has a
statistically significant effect on Y-chromosome concentration.

(3) Model Goodness of Fit Evaluation

24j) were used to

measure the proportion of variation in Y-chromosome concentration explained by the regression
model, thereby evaluating the model’s goodness of fit.

The coefficient of determination (R?) and adjusted coefficient of determination (R

The formula for R? is:

X (7))’

R?=1 —
¥ (v;-Y)

(6)
Where:

nHy (Yl. — Yl)z is the sum of squared residuals (unexplained variation),

)y (yl. — 7)2 is the total sum of squares (total variation of Y-chromosome concentration).

Scatter Plot Matrix of Variable Relationships is shown in figure 1. The value of R? ranges between
0 and 1. A larger R? indicates that the model explains more variation in Y-chromosome
concentration, i.e., a better fit. However, R? tends to increase with the number of independent
variables (even for irrelevant variables), so the adjusted R%; (which corrects for the number of

adj
variables and sample size) was further used for evaluation:

X (vi=%)*/(n-p-1)
S (vi=7)"/(n-1)
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Figure 1. Scatter Plot Matrix of Variable Relationships

2.3. Mixed-Effects Model for Repeated Measurement Data
(1) Rationale for Adopting the Mixed-Effects Model

In the analysis of Y-chromosome concentration, the dataset often contains repeated measurement
structures: multiple Y-chromosome concentration measurements (at different gestational age) were
collected from the same individual. Traditional OLS regression assumes that all sample observations
are independent, but repeated measurements from the same individual are inherently correlated (e.g.,
genetic background, basal metabolic level, and other time-invariant individual characteristics lead to
similar Y-chromosome concentration trends for the same individual at different time points).
Violating the independence assumption will cause biased estimates of standard errors of regression
coefficients, thereby distorting the results of significance tests (e.g., overestimating the significance
of variables) and reducing the reliability of conclusions.

The linear mixed-effects model is a specialized statistical tool for handling hierarchical or repeated
measurement data. By introducing fixed effects (reflecting the average effect of population-level
variables, such as the average effect of gestational age on Y-chromosome concentration across all
individuals) and random effects (reflecting individual-specific deviations from the population average,
such as individual differences in baseline Y-chromosome concentration or the rate of change with
gestational age), the model can effectively separate and quantify population-level trends and
individual variability, ensuring unbiased parameter estimates and reliable statistical inference.

(2) Structure of the Mixed-Effects Model

A two-level linear mixed-effects model was constructed, with "measurements at different gestational
age" as the within-individual level (Level 1) and "individuals" as the between-individual level (Level
2).

Level 1 (Within-individual regression equation):

This level describes the relationship between Y-chromosome concentration and gestational age/BMI
for a single individual:

Yij = Boi + B1i X Gijj + B2 X B; + € ®)

Where: Yj; is the Y-chromosome concentration of the i-th individual at the j-th measurement, Gj; is
the gestational age of the i-th individual at the j-th measurement, B; is the BMI of the i-th individual
(treated as a time-invariant variable), By; 1s the individual-specific intercept (baseline Y-chromosome
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concentration of the i-th individual), B;; is the individual-specific slope (the rate of change of Y-
chromosome concentration with gestational age for the i-th individual), {3, is the population-level
fixed slope (the average effect of BMI on Y-chromosome concentration across all individuals), €;; is
the within-individual random error, assumed to follow € ~ N(O, 02).

Level 2 (Between-individual regression equation):

This level models the individual-specific intercept (¢;) and slope (8,;) as functions of population-
level parameters and individual random effects:

Boi = Yoo + Soi )
B1i = V10 + Cui (10)

Where v, is the population-level average intercept (average baseline Y-chromosome concentration
across all individuals), y;, is the population-level average slope (average rate of change of Y-
chromosome concentration with gestational age across all individuals), {,; is the individual random
effect on the intercept (deviation of the i-th individual’s baseline concentration from the population
average), (;; is the individual random effect on the slope (deviation of the i-th individual’s
concentration change rate from the population average).

The individual random effects {,; and ;; are assumed to follow a bivariate normal distribution:

Soi 0
AREA(H DY (i
Where . is the covariance matrix of random effects:
6t o
_ {0 {0(1 (12)

- 2
0204 a¢,

In the matrix: 0%0 is the variance of the intercept random effect (reflecting individual variability in
baseline Y-chromosome concentration), 0%1 is the variance of the slope random effect (reflecting
individual variability in the rate of concentration change with gestational age), oz, is the
covariance between the intercept and slope random effects (reflecting whether individuals with higher
baseline concentration have faster or slower concentration increases with gestational age).
Combined model equation:

Substituting the Level 2 equations into the Level 1 equation, the final form of the mixed-effects model
1s:

Yiji =Yoo+ Y10 X Gij + B2 X Bi + {oi + {1 X Gyij + €5 (13)
Fixed Effects Random Effects

2.4. Model Solution, Results, and Interpretation
(1) Model Parameter Estimation and Testing

The mixed-effects model was solved using maximum likelihood estimation (MLE), and the linear
and polynomial regression models were solved using the OLS method. Detailed parameter estimates,
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standard errors, t/F statistics, and p-values are provided in the supporting technical documentation
(including calculation code, output reports, and result tables).

(2) Key Results
Correlation Analysis
The correlation matrix between Y-chromosome concentration, gestational age, and BMI showed:

Y -chromosome concentration was weakly positively correlated with gestational age (r = 0.110, p <
0.001)—statistically significant but with a small correlation coefficient, indicating a mild positive
trend of concentration increasing with gestational age,

Y-chromosome concentration was weakly negatively correlated with BMI (r = —0.156, p <
0.001)—also statistically significant but weakly correlated, suggesting that higher BMI may be
associated with slightly lower Y-chromosome concentration,

Gestational age and BMI were weakly positively correlated (r = 0.138, p < 0.001), indicating no
severe multicollinearity between the two independent variables.

Linear Regression Model

Goodness of fit: R? = 0.042, adjusted R? = 0.040—the model explained only about 4% of the
variation in Y-chromosome concentration, indicating limited explanatory power,

Coefficient estimates:

Gestational age: £, = 0.0011 (p < 0.001)—each additional week of gestation was associated with
an average increase of 0.0011% in Y-chromosome concentration,

BML: B, = —0.0022 (p < 0.001)—each unit increase in BMI was associated with an average
decrease of 0.0022% in Y-chromosome concentration,

Overall significance: F =22.91, p = 1.82 X 1071% —the model was statistically significant,
though with low explanatory power.

Polynomial Regression Model

Compared with the linear model, the polynomial model (including quadratic terms of gestational age
and BMI, and their interaction term) showed:

Goodness of fit: R? = 0.068, adjusted R? = 0.063—explanatory power improved slightly but
remained low,

Coefficient estimates:

BMI first-order term: S, = 0.0267 (p < 0.001),

BMI second-order term: B, = —0.000429 (p < 0.001)—indicating a quadratic relationship
between BMI and Y-chromosome concentration (increasing first and then decreasing),

Gestational age second-order term: ,éz = 0.000131 ( p =0.072 )—marginally significant,
suggesting a potential weak quadratic trend,

Model comparison: F =9.65 (p = 2.76 X 107° )—the polynomial model was significantly
superior to the linear model, but multicollinearity between higher-order terms and original variables
was observed.

Mixed-Effects Model
Fixed effects:
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Gestational age: 7,7 = 0.003 (p < 0.001)—the population-level average effect of gestational age
on Y-chromosome concentration was positive and significant, consistent with the linear/polynomial
models,

BMI: [?2 = —0.001 (p = 0.033)—the population-level average effect of BMI was negative and
significant, with a smaller absolute coefficient than the linear model,

Random effects:
Intercept random effect variance: 0}20 =0.0012 (p < 0.001),

Slope random effect variance: 6621 = 0.0008 (p < 0.001)—both variances were significantly

greater than zero, confirming substantial individual variability in baseline Y-chromosome
concentration and its rate of change with gestational age.
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Figure 2. Partial Dependence Plot (PDP) of Gestational Age and BMI on Y Chromosome
Concentration

Partial Dependence Plot (PDP) of Gestational Age and BMI on Y Chromosome Concentration is
shown in figure 2.

(3) Practical Implications and Conclusions

Key role of gestational age: All three models consistently confirmed that gestational age has a
significant positive effect on Y-chromosome concentration (p < 0.001). This is biologically
plausible: as gestation progresses, the placenta expands, increasing the release of fetal cell-free DNA
into the maternal bloodstream, thereby raising the proportion of fetal-derived Y-chromosome
concentration.

Weak but non-negligible effect of BMI: BMI has a significant negative effect on Y-chromosome
concentration (p < 0.05), though the effect size is small. This may be because higher maternal BMI
is associated with increased plasma volume, diluting the concentration of fetal cell-free DNA, or
because adipose tissue metabolism affects the clearance of fetal DNA in maternal blood.

Dominance of individual variability: The mixed-effects model revealed that individual-specific
random effects (intercept and slope) account for a large proportion of the variation in Y-chromosome
concentration. This explains why the linear and polynomial models have low goodness of fit—Y-
chromosome concentration is not only affected by gestational age and BMI but also by individual-
specific factors (e.g., genetic background, placental function, metabolic status).

Methodological value: The mixed-effects model effectively addresses the correlation of repeated
measurements, providing more reliable parameter estimates than traditional OLS regression. It not
only quantifies population-level trends but also captures individual differences, laying a foundation
for personalized analysis of Y-chromosome concentration-related research (e.g., optimizing detection
timing in non-invasive prenatal testing).
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3. Conclusion

This study undertook a comprehensive statistical analysis to investigate the influence of maternal
gestational age and BMI on fetal Y chromosome concentration, a critical factor for the accuracy of
Non-Invasive Prenatal Testing (NIPT). The research workload encompassed extensive exploratory
data analysis, the establishment and validation of multiple regression models (linear and polynomial),
and the innovative application of a linear mixed-effects model to address the complex, hierarchical
structure of the data involving repeated measurements from the same individuals.

Our analysis robustly confirms that gestational age exerts a significant positive fixed effect on Y
chromosome concentration, a finding consistent across all employed models and supported by
biological plausibility. Conversely, maternal BMI demonstrates a significant but comparatively weak
negative effect. The most critical finding, however, is the identification of substantial and statistically
significant inter-individual variability, as captured by the random effects in the mixed model. This
variability, manifesting in both baseline concentration and the rate of change with gestational age, is
the primary reason for the consistently low goodness-of-fit (R?) in traditional regression models,
indicating that these two factors alone are insufficient for precise individual prediction.

The practical application of this research is highly feasible. The mixed-effects model provides a
robust methodological framework that can be integrated into clinical practice to move beyond a one-
size-fits-all NIPT protocol. By acknowledging and quantifying individual differences, our findings
strongly advocate for and provide the foundation for developing personalized testing strategies.

For future directions, research should focus on personalized grouping studies that incorporate a wider
array of individual-specific factors (e.g., genetic background, placental function markers) to build
more accurate predictive models. Furthermore, clinical implementation research is needed to translate
these models into practical guidelines for determining patient-specific optimal testing timepoints
based on their unique characteristics, ultimately balancing the critical needs of diagnostic accuracy
and timely intervention.
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