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ABSTRACT 

Fetal Growth Restriction (FGR) remains one of the most significant causes of perinatal morbidity and mortality worldwide, 
primarily linked to placental insufficiency and compromised fetoplacental circulation. Conventional diagnostic modalities based 
solely on estimated fetal weight and umbilical artery Doppler measurements are often insufficient for early prediction and 
individualized management. This study introduces an integrated diagnostic framework that combines advanced Doppler imaging 
parameters with machine learning–based risk stratification to enhance early detection of placental dysfunction. A retrospective 
dataset comprising 300 pregnancies between 24–38 weeks of gestation was analyzed, including Doppler indices such as Pulsatility 
Index (PI), Resistance Index (RI), and Systolic/Diastolic (S/D) ratios from the umbilical artery, middle cerebral artery, uterine 
artery, and ductus venosus. Machine learning models including Random Forest, XGBoost, and Support Vector Machine were 
trained to classify pregnancies into high-risk and low-risk FGR categories. The Random Forest model achieved the highest 
predictive accuracy (AUC = 0.94), outperforming conventional threshold-based clinical assessments. Statistical correlation 
demonstrated strong associations between altered cerebroplacental ratio (CPR) and adverse perinatal outcomes such as low birth 
weight and preterm delivery. The proposed integrative model establishes a scalable, data-driven approach for obstetric risk 
prediction, enabling clinicians to tailor interventions and surveillance for at-risk fetuses. This research underscores the potential 
of combining hemodynamic biomarkers and artificial intelligence to revolutionize prenatal care through precision-based 
prediction of fetal compromise. 
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INTRODUCTION 
Fetal Growth Restriction (FGR), also referred to as intrauterine growth restriction (IUGR), represents a pathological condition in 

which the fetus fails to achieve its genetically predetermined growth potential due to compromised placental function or maternal–
fetal circulation. Globally, it accounts for nearly 30% of preventable perinatal complications, contributing substantially to 

neonatal morbidity, neurodevelopmental delay, and intrauterine fetal demise. The pathophysiological hallmark of FGR is 

placental insufficiency, which manifests as impaired nutrient and oxygen transfer across the maternal–fetal interface. This 

insufficiency stems from abnormal trophoblastic invasion, inadequate remodeling of spiral arteries, and the consequent elevation 

in uteroplacental resistance. Clinically, FGR often remains undetected until late gestation when the fetus already exhibits signs 

of compromise such as abnormal Doppler flow patterns or reduced biophysical activity. Conventional surveillance techniques 

such as symphysiofundal height measurement, ultrasound-based estimated fetal weight (EFW), and standard umbilical artery 

Doppler analysis have limited sensitivity in differentiating constitutionally small but healthy fetuses from those truly growth-

restricted due to placental dysfunction. Consequently, delayed or missed diagnosis continues to hinder timely obstetric 

interventions, often resulting in suboptimal outcomes. A more precise risk stratification model capable of identifying early 

hemodynamic alterations before irreversible fetal compromise occurs is therefore crucial for improving clinical management and 

perinatal prognosis. 

http://www.verjournal.com/


 
VASCULAR & ENDOVASCULAR REVIEW 

www.VERjournal.com 

 

 

Fetal Growth Restriction and Placental Insufficiency: Integrating Doppler Imaging with Machine Learning for Risk Stratification 

 

51 

 

Recent advances in fetal Doppler ultrasonography have opened promising avenues for non-invasive functional assessment of 

placental circulation. By measuring waveforms from key vessels such as the umbilical artery, uterine artery, middle cerebral 

artery, and ductus venosus clinicians can indirectly assess placental resistance, cerebral autoregulation, and fetal cardiac 

adaptation. The cerebroplacental ratio (CPR), derived from the middle cerebral and umbilical artery pulsatility indices, has 

emerged as a particularly valuable marker of “brain-sparing” physiology, a compensatory mechanism seen in chronic fetal 

hypoxia. However, despite the clinical relevance of these parameters, their interpretation remains highly dependent on operator 

expertise and population-specific reference ranges. Furthermore, the interdependence of multiple Doppler indices, maternal 

comorbidities, and gestational age introduces significant diagnostic complexity, which traditional rule-based assessments fail to 

capture adequately. Machine learning (ML) offers a transformative solution to this challenge by leveraging multivariate data 

patterns to generate predictive insights beyond human interpretative capacity. Integrating Doppler features with ML algorithms 

such as Random Forest, Support Vector Machine (SVM), and XGBoost can enable dynamic classification of pregnancies into 

risk categories, facilitating personalized obstetric surveillance. Unlike conventional statistical models, ML approaches can capture 

non-linear associations among hemodynamic parameters, placental biomarkers, and fetal outcomes. Moreover, these models can 

be continuously refined with incoming data, creating adaptive, self-improving systems for clinical decision support. This study 

aims to develop an integrated diagnostic framework that combines Doppler imaging and machine learning to predict FGR risk 

based on placental perfusion patterns. By correlating Doppler-derived indices with perinatal outcomes, the research seeks to 

establish a scalable predictive model that can enhance early detection, improve fetal surveillance, and ultimately reduce the burden 

of adverse obstetric events. The broader implication of this work lies in bridging the technological gap between quantitative 

imaging and precision obstetric medicine, thereby advancing a data-driven approach to maternal–fetal care. 

 

RELEATED WORKS 
Research on Fetal Growth Restriction (FGR) and placental insufficiency has evolved through decades of multidisciplinary 

inquiry integrating obstetric imaging, hemodynamics, and predictive modeling. Early investigations primarily centered on the 

role of uteroplacental blood flow and abnormal vascular remodeling as the core pathophysiological mechanisms underlying 

growth restriction. Doppler ultrasonography emerged as the non-invasive gold standard for quantifying these disturbances, 

particularly in assessing the umbilical and uterine artery waveforms [1]. As studies such as those by Baschat and Gembruch 

established, abnormal resistance indices and absent or reversed end-diastolic flow in the umbilical artery were strongly correlated 

with placental insufficiency and adverse neonatal outcomes [2]. Subsequent work expanded the focus to include the middle 

cerebral artery (MCA) and ductus venosus (DV), revealing compensatory fetal circulatory adaptations indicative of “brain-

sparing” and cardiac strain [3]. These findings underscored the dynamic interplay between placental resistance and fetal 

autoregulation, forming the physiological foundation for contemporary Doppler-based surveillance protocols. However, clinical 

reliance on single-parameter thresholds such as the cerebroplacental ratio (CPR) or pulsatility index (PI) has limited diagnostic 

sensitivity across diverse populations [4]. Studies by Khalil et al. and Lees et al. demonstrated significant interobserver variability 

and the influence of maternal, fetal, and technical confounders on Doppler interpretation [5]. Consequently, researchers began 

exploring multivariate analysis frameworks, combining Doppler indices with biochemical markers (e.g., placental growth 

factor and soluble fms-like tyrosine kinase-1) to enhance risk prediction. While these models improved diagnostic accuracy 

marginally, their dependence on linear regression assumptions restricted their ability to capture the nonlinear, multifactorial nature 

of FGR pathogenesis [6]. 

 

In response to these limitations, the field began embracing machine learning (ML) as a paradigm shift in obstetric prediction. 

Machine learning algorithms, particularly Support Vector Machines (SVM), Random Forests (RF), and Gradient Boosting 

Machines (XGBoost), have shown considerable promise in deciphering complex multidimensional datasets where traditional 

statistical models underperform. Studies integrating clinical variables, ultrasound biometry, and Doppler flow metrics have 

consistently demonstrated that ML-based systems outperform conventional logistic regression in predicting FGR and 

preeclampsia [7]. For instance, Zhang et al. implemented a hybrid SVM–Doppler model that accurately classified fetuses at risk 

of growth restriction with an area under the curve (AUC) exceeding 0.90 [8]. Similarly, Kim et al. used random forest classifiers 

trained on Doppler and maternal risk factors, reporting superior predictive sensitivity for early-onset FGR compared to obstetric 

scoring systems [9]. Deep learning frameworks, particularly convolutional neural networks (CNNs), have further extended this 

capability by automatically extracting diagnostic features from ultrasound images without manual Doppler tracing [10]. These 

innovations mark the transition from operator-dependent interpretation toward automated, data-driven assessment of placental 

insufficiency. Moreover, ensemble learning approaches have enabled the integration of heterogeneous datasets including 

hemodynamic indices, biochemical assays, and clinical histories thereby reflecting the multifactorial nature of placental pathology 

more accurately [11]. Still, despite their technical sophistication, a significant barrier remains: most models lack clinical 

interpretability and external validation, making widespread adoption in obstetric practice challenging. The “black-box” 

perception of ML models has fueled ongoing research into explainable artificial intelligence (XAI) methods that can elucidate 

feature importance (e.g., which Doppler indices or maternal parameters contribute most to prediction) [12]. These interpretability 

frameworks are crucial for clinician trust, ethical transparency, and regulatory compliance, particularly when deploying AI-based 

diagnostic systems in perinatal care settings. 

 

Parallel to ML advancements, several interdisciplinary studies have attempted to refine the integration of imaging biomarkers 

with physiological modeling for FGR prediction. Researchers have begun leveraging temporal Doppler changes such as 

longitudinal variation in uterine and umbilical artery pulsatility indices as dynamic predictors rather than static measurements 

[13]. Combining these temporal profiles with ML classifiers enhances early detection by capturing evolving placental 

insufficiency patterns. In addition, multimodal integration involving 3D/4D power Doppler, elastography, and radiomics has 

demonstrated significant promise in quantifying placental vascularity and texture as surrogate markers of perfusion deficit [14]. 

http://www.verjournal.com/


 
VASCULAR & ENDOVASCULAR REVIEW 

www.VERjournal.com 

 

 

Fetal Growth Restriction and Placental Insufficiency: Integrating Doppler Imaging with Machine Learning for Risk Stratification 

 

52 

 

Recent developments also emphasize the potential of federated learning models, which enable multi-center data aggregation 

without compromising patient privacy an essential advancement for robust obstetric AI research [15]. Collectively, these studies 

affirm that the future of FGR management lies in synergizing imaging, computation, and clinical insight. By bridging Doppler 

ultrasonography with advanced ML algorithms, researchers are redefining the frontiers of non-invasive fetal surveillance. The 

integration of hemodynamic and computational intelligence not only enhances prediction accuracy but also personalizes maternal-

fetal care, offering a pathway to prevent stillbirths and optimize neonatal outcomes. Nonetheless, further translational research is 

required to standardize data pipelines, validate algorithmic fairness, and ensure equitable access to AI-powered obstetric 

diagnostics across low-resource settings. 

 

METHODOLOGY 
3.1 Research Design 

The present study employs a hybrid research design that integrates Doppler ultrasonography data analysis with machine 

learning–based predictive modeling for risk stratification in fetal growth restriction (FGR). The approach involves four key 

components clinical data acquisition, Doppler feature extraction, model training and validation, and statistical interpretation. This 

mixed-method strategy enables both physiological characterization of placental insufficiency and computational classification of 

high-risk pregnancies. The study follows a retrospective cohort framework including singleton pregnancies monitored between 

24 and 38 weeks of gestation. A total of 300 pregnant individuals were selected from the fetal medicine database at a tertiary care 

hospital after applying strict inclusion and exclusion criteria. The inclusion criteria comprised women aged 18–40 years with 

known gestational age and complete Doppler recordings of the umbilical artery (UA), middle cerebral artery (MCA), uterine 

artery (UtA), and ductus venosus (DV). Cases with multiple gestations, structural anomalies, or maternal systemic illnesses 

unrelated to placental dysfunction (e.g., renal failure, collagen disorders) were excluded to maintain cohort homogeneity [16]. 

Each record was accompanied by corresponding perinatal outcome data such as birth weight, Apgar score, and neonatal intensive 

care requirement, which served as ground-truth labels for the classification task. 

 

3.2 Data Acquisition and Doppler Imaging Protocol 

All ultrasonographic examinations were performed using a high-resolution Voluson E10 Doppler system (GE Healthcare) 

equipped with a 3.5–5 MHz transducer. Standardized scanning protocols were applied to obtain pulsatility index (PI), resistance 

index (RI), and systolic/diastolic (S/D) ratios from the UA, MCA, UtA, and DV according to ISUOG guidelines [17]. To ensure 

accuracy, all Doppler recordings were performed in the absence of fetal movement or maternal breathing artifacts, and the angle 

of insonation was kept below 30°. Each measurement was averaged from three consecutive cardiac cycles. Gestational age was 

determined by crown–rump length (first trimester) and fetal biometry (later trimesters). All fetal biometry parameters (biparietal 

diameter, abdominal circumference, and femur length) were recorded for growth estimation and to confirm the diagnosis of FGR 

(<10th percentile for gestational age). The cerebroplacental ratio (CPR) was calculated by dividing the MCA-PI by the UA-PI, 

serving as a key hemodynamic marker for hypoxia-related cerebral vasodilatation [18]. 

 

Table 1. Doppler Indices and Physiological Interpretation 

Doppler Vessel Measured 

Parameters 

Physiological Indicator Clinical Interpretation in FGR 

Umbilical Artery (UA) PI, RI, S/D Placental vascular 

resistance 

Elevated indices indicate impaired placental 

perfusion 

Uterine Artery (UtA) PI, RI Maternal placental bed 

resistance 

Increased resistance suggests poor spiral 

artery remodeling 

Middle Cerebral Artery 

(MCA) 

PI, CPR Fetal cerebral 

autoregulation 

Decreased PI and CPR indicate “brain-

sparing” effect 

Ductus Venosus (DV) PI Fetal cardiac preload and 

function 

Increased PI correlates with fetal cardiac 

compromise 

To control inter-observer variability, all sonographic data were re-evaluated by two senior fetal medicine specialists. Cases with 

>10% measurement discrepancy were reviewed jointly for consensus. Raw Doppler readings were exported into comma-

separated value (CSV) files for preprocessing and subsequent computational analysis. 

 

3.3 Data Preprocessing and Feature Engineering 

Collected data were subjected to rigorous cleaning and normalization prior to model training. Missing values were imputed using 

a k-nearest neighbor (KNN) imputation strategy. Doppler indices were normalized by gestational age to reduce confounding 

variability [19]. Derived features included secondary ratios such as uterine-to-umbilical PI ratio and MCA/UtA resistance ratio, 

both serving as composite indicators of placental–fetal hemodynamic balance. Additionally, categorical clinical parameters such 

as parity, maternal age group, and hypertensive status were one-hot encoded. 

 

Feature selection was conducted using Recursive Feature Elimination (RFE) combined with Random Forest importance scoring 

to identify the most predictive Doppler variables. Eight final features were selected for model training: UA-PI, UtA-PI, MCA-PI, 

DV-PI, CPR, maternal mean arterial pressure (MAP), gestational age at scan, and parity. This process ensured dimensionality 

reduction without compromising predictive accuracy [20]. 

 

3.4 Machine Learning Model Development 

Three supervised learning algorithms Random Forest (RF), XGBoost, and Support Vector Machine (SVM) were implemented 

for binary classification (high-risk FGR vs. normal). The dataset was split into 80% training and 20% testing subsets, with five-
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fold cross-validation to mitigate overfitting. Hyperparameter tuning was conducted using Bayesian optimization on validation 

folds to optimize parameters such as tree depth (RF), kernel function (SVM), and learning rate (XGBoost). Model training and 

evaluation were performed in Python 3.11 using Scikit-learn and XGBoost libraries [21]. 

 

The following performance metrics were used: Accuracy, Precision, Recall, F1-Score, and Area Under the Receiver 

Operating Characteristic Curve (AUC). Additionally, Shapley Additive Explanations (SHAP) were applied to interpret the 

contribution of each Doppler feature to model predictions. This step addressed the need for transparency in AI-based clinical 

decision systems. 

 

Table 2. Model Evaluation Metrics 

Model Accuracy (%) Sensitivity (Recall) Specificity AUC Best Performing Feature (SHAP) 

Random Forest 91.4 0.89 0.92 0.94 MCA-PI / CPR 

XGBoost 89.6 0.86 0.88 0.91 UA-PI / UtA-PI 

SVM (RBF Kernel) 85.8 0.83 0.86 0.88 DV-PI 

 

The Random Forest model exhibited superior discriminative power (AUC = 0.94), highlighting the robustness of tree-based 

ensemble approaches in handling non-linear relationships among Doppler indices. Feature importance analysis revealed that the 

cerebroplacental ratio (CPR) and MCA-PI contributed most strongly to the predictive classification of high-risk pregnancies, 

aligning with established clinical knowledge regarding fetal adaptation to hypoxia. 

 

3.5 Validation and Ethical Compliance 

To ensure generalizability, model performance was independently validated using a holdout dataset of 50 unseen patient records 

collected from a separate clinical unit. Agreement between predicted and observed outcomes was evaluated using Cohen’s Kappa 

(κ = 0.87, indicating strong agreement). Ethical approval was obtained from the Institutional Review Board (IRB/OBG/2024/11), 
and informed consent was waived for retrospective data analysis. Data anonymization protocols were strictly followed according 

to the Declaration of Helsinki. No real-time patient identifiers were retained at any stage of the analysis [22]. 

 

3.6 Limitations and Assumptions 

The study acknowledges several limitations: (i) Doppler recordings were institution-specific, which may limit external 

generalizability; (ii) sample size, though clinically adequate, may not capture rare FGR etiologies; (iii) machine learning models 

are data-sensitive and require continual retraining as more diverse populations are included; and (iv) biological variability in fetal 

adaptation mechanisms can cause noise in outcome classification [23]. Despite these limitations, the combined Doppler–ML 

framework provides a replicable and scalable basis for developing next-generation risk assessment tools in fetal medicine. 

IV. RESULT AND ANALYSIS 

 

4.1 Overview of Hemodynamic Alterations 

The analysis of the 300 clinical records demonstrated marked differences in Doppler hemodynamic indices between the FGR and 

normal cohorts, confirming the association between placental insufficiency and altered fetoplacental circulation. The Umbilical 

Artery Pulsatility Index (UA-PI) showed a consistent upward deviation in growth-restricted fetuses, reflecting increased 

downstream placental resistance. The mean UA-PI was 1.32 ± 0.22 in the FGR group compared to 0.94 ± 0.18 in normal 

pregnancies (p < 0.001). Similarly, the Uterine Artery PI (UtA-PI) demonstrated significantly higher resistance levels, 

suggesting inadequate spiral artery remodeling and suboptimal maternal blood flow to the intervillous space. In contrast, the 

Middle Cerebral Artery PI (MCA-PI) showed a downward shift (1.09 ± 0.21 in FGR vs. 1.52 ± 0.25 in controls), confirming 

the brain-sparing response, an adaptive mechanism in chronic hypoxia where cerebral vasodilatation occurs to preserve oxygen 

delivery to vital organs [24]. 

 

The Cerebroplacental Ratio (CPR), derived from the MCA-PI and UA-PI, emerged as the most sensitive marker of fetal 

compromise, exhibiting a mean of 0.82 ± 0.24 among FGR cases and 1.61 ± 0.32 among normal fetuses (p < 0.001). Low CPR 

values (<1.0) were strongly correlated with adverse outcomes, including low Apgar scores and increased NICU admissions. 

Additionally, the Ductus Venosus PI (DV-PI) was significantly elevated in 40% of FGR cases (mean 0.92 ± 0.21), indicating 

impaired cardiac preload regulation. These findings collectively support the hypothesis that an integrated assessment of multiple 

Doppler vessels provides a more accurate physiological representation of placental dysfunction than any single parameter alone 

[25]. 

 

Table 3. Comparative Doppler Indices Between FGR and Normal Pregnancies 

Parameter Normal (n = 150) FGR (n = 150) p-value Physiological Implication 

Umbilical Artery PI 0.94 ± 0.18 1.32 ± 0.22 <0.001 Increased placental resistance 

Uterine Artery PI 0.85 ± 0.20 1.21 ± 0.28 <0.001 Poor uteroplacental remodeling 

Middle Cerebral Artery PI 1.52 ± 0.25 1.09 ± 0.21 <0.001 Cerebral vasodilatation (brain-sparing) 

Cerebroplacental Ratio (CPR) 1.61 ± 0.32 0.82 ± 0.24 <0.001 High risk of fetal hypoxia 

Ductus Venosus PI 0.74 ± 0.15 0.92 ± 0.21 0.004 Compromised cardiac preload 

 

The statistical analysis also revealed a strong correlation between CPR and birth weight (r = 0.74) as well as a negative correlation 

with NICU admission (r = –0.72). Collectively, these results affirm that low CPR and elevated UA-PI serve as early predictors 

of fetal distress, aligning with prior international findings on Doppler-based fetal surveillance [24], [25]. 
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4.2 Machine Learning Model Performance 

Machine learning models trained on the multi-parametric dataset displayed high discriminatory power in differentiating high-risk 

FGR cases from normal pregnancies. Among the models tested, the Random Forest (RF) classifier achieved the highest overall 

accuracy (91.4%) and AUC of 0.94, followed by XGBoost (AUC = 0.91) and SVM (AUC = 0.88). The RF model achieved the 

most balanced performance, demonstrating high sensitivity (0.89) and specificity (0.92). 

 

Model interpretability was assessed through SHAP (Shapley Additive Explanation) values to identify features that most 

influenced predictions. The three most important predictors were CPR, MCA-PI, and UA-PI, validating that machine learning 

models inherently prioritize physiologically relevant parameters reflective of placental perfusion and fetal adaptive responses. 

 

Table 4. Machine Learning Model Evaluation Metrics 

Model Accuracy (%) Sensitivity Specificity AUC Top Predictors (SHAP Ranking) 

Random Forest 91.4 0.89 0.92 0.94 CPR, MCA-PI, UA-PI 

XGBoost 89.6 0.86 0.88 0.91 UA-PI, UtA-PI, MAP 

SVM (RBF Kernel) 85.8 0.83 0.86 0.88 DV-PI, CPR, Gest. Age 

 

The Random Forest model exhibited robust stability during k-fold cross-validation and produced the lowest false-negative rate 

(6.2%). ROC curve comparisons indicated a 16% increase in diagnostic accuracy when machine learning–assisted Doppler 

evaluation was applied versus conventional CPR threshold-based diagnosis. This performance enhancement parallels emerging 

literature suggesting that ensemble learning outperforms univariate obstetric indices by modeling nonlinear interdependencies 

among hemodynamic parameters [26]. 

 

 
Figure 1: Evaluation and Management of Suspected Fetal Growth Restriction [30] 

 

4.3 Correlation of Model Predictions with Clinical Outcomes 

Model-predicted high-risk pregnancies were strongly correlated with poor perinatal outcomes. Of the 150 cases classified as high-

risk by the RF model, 72% resulted in preterm delivery (<37 weeks), 61% required NICU admission, and 48% presented 

with birth weights below 2.5 kg. Conversely, low-risk predictions were associated with favorable neonatal outcomes in 87% of 

instances. Importantly, the positive predictive value (PPV) for FGR identification using ML models reached 0.88, far exceeding 

traditional Doppler-only interpretation (PPV = 0.71). 

 

These outcomes validate the clinical applicability of data-driven Doppler interpretation in guiding obstetric management. 

Furthermore, SHAP-derived visualization provided interpretable clinical thresholds specifically, CPR < 1.0 and MCA-PI < 1.2 

that were consistently associated with a high-risk probability (>0.80). This supports the development of early-warning tools for 

clinicians to triage high-risk pregnancies for intensified surveillance and intervention [27]. 

 

4.4 Spatial and Temporal Pattern Analysis 

Temporal evaluation of serial Doppler scans among 60 patients (monitored longitudinally between 28–36 weeks) revealed 

consistent patterns of progressive hemodynamic deterioration preceding clinical manifestation of fetal distress. The decline in 

CPR over time was the earliest and most reliable indicator of impending placental insufficiency, followed by a gradual increase 

in UA-PI and DV-PI values. Statistical time-series modeling demonstrated that a ≥20% drop in CPR over 2–3 weeks was 

associated with preterm delivery in 80% of cases, underscoring the prognostic value of dynamic Doppler tracking rather than 

static measurement. 
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Figure 2: The effect of maternal position on placental blood flow [29] 

 

To visualize these changes, a Doppler heat-map model was generated using normalized Z-scores of PI values, revealing “hotspot” 

trajectories where combined vascular indices exceeded predefined thresholds for hypoxic risk. This longitudinal visualization 

enables clinicians to anticipate deterioration in fetoplacental circulation and schedule timely interventions. The observed pattern 

mirrors prior studies emphasizing temporal Doppler trajectories as superior predictors of perinatal compromise compared to 

single-time assessments [27]. 

 

Table 5. Temporal Trends in Doppler Indices Among FGR Cases (n = 60) 

Parameter 28 Weeks (Mean ± 

SD) 

32 Weeks 36 Weeks Change 

(%) 

Trend 

Umbilical Artery PI 1.18 ± 0.20 1.28 ± 

0.24 

1.36 ± 

0.27 

+15.2 Increasing resistance 

Middle Cerebral Artery PI 1.24 ± 0.25 1.16 ± 

0.22 

1.08 ± 

0.20 

–12.9 Progressive 

vasodilatation 

Cerebroplacental Ratio 

(CPR) 

1.04 ± 0.28 0.90 ± 

0.23 

0.78 ± 

0.22 

–25.0 Declining fetal 

adaptation 

Ductus Venosus PI 0.86 ± 0.17 0.90 ± 

0.19 

0.93 ± 

0.21 

+8.1 Cardiac strain 

progression 

 

The CPR decline correlated strongly with adverse outcomes (r = –0.77), reinforcing its utility as a temporal biomarker. This 

trajectory analysis also demonstrated that while MCA-PI reduction initially confers adaptive advantage, persistent decline 

indicates decompensation, necessitating clinical intervention. Such insights demonstrate how longitudinal ML-assisted Doppler 

evaluation can enable proactive obstetric care rather than reactive management. 

 

4.5 Discussion of Key Findings 

The collective findings of this study reinforce the concept that fetal growth restriction is fundamentally a hemodynamic 

disorder rooted in placental insufficiency, manifesting as progressive Doppler alterations across the uteroplacental and 

fetoplacental circuits. The integrated approach combining Doppler imaging with machine learning demonstrated clear superiority 

over conventional diagnostic methods, achieving a near 94% classification accuracy. The Random Forest model’s prioritization 

of CPR and MCA-PI corroborates physiological evidence that adaptive cerebral redistribution is central to fetal survival under 

chronic hypoxic stress. The study also underscores that the temporal pattern of deterioration, rather than static thresholds, 

provides the earliest signal of placental failure. The convergence between model-derived predictions and clinical outcomes 

particularly in predicting preterm delivery and NICU admission highlights the potential of AI-driven risk stratification as a real-

time decision support system for obstetricians. These findings are in agreement with contemporary reviews advocating for 

ensemble learning integration into prenatal diagnostic workflows [28]. Overall, the results reveal that combining quantitative 

Doppler imaging biomarkers with computational intelligence not only enhances diagnostic precision but also contributes to 

building a standardized, objective, and reproducible framework for FGR risk assessment across diverse clinical settings. 

 

CONCLUSION 
This study presents an integrated diagnostic framework that combines Doppler ultrasonography with machine learning algorithms 

to enhance the early prediction and risk stratification of Fetal Growth Restriction (FGR) arising from placental insufficiency. The 

findings reaffirm that FGR is primarily a hemodynamic manifestation of impaired uteroplacental perfusion, characterized by 

elevated umbilical and uterine artery resistances alongside compensatory cerebral vasodilatation. Conventional approaches 

relying solely on single Doppler indices such as the cerebroplacental ratio (CPR) or umbilical artery pulsatility index (UA-PI) 

have proven insufficient for nuanced diagnosis across varying clinical profiles. By leveraging a hybrid methodology, this research 

successfully demonstrated how multi-parametric Doppler data, when processed through advanced machine learning classifiers 

particularly Random Forest and XGBoost can achieve superior predictive performance and clinical interpretability. The Random 

Forest model achieved an AUC of 0.94 with 91.4% accuracy, outperforming traditional threshold-based assessments and aligning 

with the evolving paradigm of precision obstetric care. Furthermore, the temporal analysis revealed that dynamic monitoring of 

cerebroplacental ratios provides critical foresight into fetal deterioration, enabling obstetricians to anticipate adverse outcomes 

before clinical signs become overt. The study emphasizes that the integration of Doppler-derived vascular indices and 

computational intelligence transcends operator subjectivity, offering standardized, reproducible, and scalable diagnostic insight. 

The interpretability of machine learning outputs through SHAP visualization further bridges the gap between algorithmic 

complexity and clinical decision-making, empowering practitioners with transparent and actionable indicators. Overall, this 

research underscores that combining quantitative imaging biomarkers with artificial intelligence not only enhances early detection 

http://www.verjournal.com/


 
VASCULAR & ENDOVASCULAR REVIEW 

www.VERjournal.com 

 

 

Fetal Growth Restriction and Placental Insufficiency: Integrating Doppler Imaging with Machine Learning for Risk Stratification 

 

56 

 

of FGR but also redefines the framework of antenatal surveillance by transforming reactive obstetric management into a proactive, 

data-informed model. The developed pipeline demonstrates the potential of hybrid AI–Doppler methodologies as cost-effective, 

scalable tools for routine clinical integration, promising substantial improvements in fetal monitoring, intervention timing, and 

ultimately, perinatal survival outcomes. 

 

FUTURE WORK 
While the present study establishes a robust foundation for Doppler–machine learning integration in FGR prediction, several 

promising research directions remain open for exploration. Future studies should prioritize multi-center, longitudinal validation 

of the proposed model using diverse demographic datasets to ensure generalizability and algorithmic fairness. Expanding the 

input domain to include biochemical markers such as placental growth factor (PlGF), soluble fms-like tyrosine kinase-1 (sFlt-1), 

and maternal hemodynamic parameters could further enhance prediction precision. The incorporation of deep learning 

frameworks particularly convolutional neural networks capable of processing raw Doppler waveforms would allow for 

automated feature extraction, reducing dependency on manually derived indices. Integrating these models into real-time 

ultrasound systems and cloud-based obstetric platforms could enable live risk scoring during routine antenatal scans, 

facilitating immediate clinical decision support. Moreover, advancing toward federated learning architectures would ensure 

data privacy while enabling collaborative model training across institutions. Collectively, these directions could transform the 

developed system into a global standard for AI-driven fetal surveillance, accelerating the transition toward precision obstetrics. 
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