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ABSTRACT

The delicate nature of neonates and the high risk of postoperative complications make neonatal surgery particularly
challenging. This study examines the use of machine learning (ML) techniques to predict surgical outcomes and enhance
decision-making in neonatal surgery. Using a dataset of neonatal surgical cases gathered from multiple hospitals, we
implemented and compared several ML algorithms, including Logistic Regression (LR), Support Vector Machines (SVM),
Random Forest (RF), and Deep Neural Networks (DNN). Key features, including preoperative vital signs, laboratory results,
gestational age, and surgical parameters, were used to train the models, and performance metrics, including accuracy,
precision, recall, F1-score, and the area under the receiver operating characteristic (ROC-AUC) were assessed to identify the
most effective model. Our findings show that, with an AUC of 0.92, the DNN model performed better than both conventional
ML techniques and traditional statistical methods, as opposed to 0.85 for RF, 0.81 for SVM, and 0.78 for LR. These findings
imply that ML-based predictive modeling can provide useful insights for neonatal surgeons, helping to optimize surgical
planning and after care. Future work will focus on real-time clinical deployment and integration with electronic health records
(EHR) to provide automated decision assistance.

Keywords: Neonatal surgery, machine learning, predictive modeling , deep neural networks, logistic regression, support
vector machines, random forest, surgical outcomes, clinical decision support, electronic health records, medical Al, ROC-
AUC, neonatal healthcare.

1. INTRODUCTION

Neonatal surgery is one of the most complicated and riskiest areas of paediatric healthcare, requiring careful preoperative
planning and attentive postoperative care to reduce morbidity and mortality. Because neonates are so delicate, even minor
surgical procedures can have significant physiological effects, making accurate predictive models essential for decision-

Journal of Neonatal Surgery | Year: 2025 | Volume: 14 | Issue: 12s
pg. 265


mailto:afranklin.alex@gmail.com
mailto:kalabala21310@gmail.com
mailto:helenmarykavitha06@gmail.com
mailto:aashok.raj1983@gmail.com
mailto:suryaeeeofficial@gmail.com
mailto:bose.milestone@gmail.com

Dr. A. Franklin Alex Joseph, Kala P, Helen Mary Kavitha S, Ashok Raj A, Surya P, Subash
Chandra Bose S

making.[1]Historically, clinical decisions in neonatal surgery have been based on physician expertise, standard clinical
guidelines, and simple statistical models; however, these traditional methods frequently fail to synthesise large amounts of
patient-specific data to generate personalised risk predictions, resulting in less than ideal clinical outcomes. In recent years,
the development of artificial intelligence (Al) and machine learning (ML) has created new opportunities for enhancing risk
assessment and surgical decision-making in neonatal care [2].

The creation of algorithms that are able to learn from and forecast data is known as machine learning, a branch of artificial
intelligence. Preoperative vital signs, laboratory results, gestational age, and surgical parameters are just a few of the variables
that can be analysed using machine learning techniques in the context of neonatal surgery in order to find patterns that might
not be immediately obvious through conventional statistical analyses. [3]Numerous healthcare applications, such as disease
detection, prognosis estimate, and outcome prediction, have made extensive use of machine learning (ML) models like
logistic regression (LR), support vector machines (SVM), random forest (RF), and deep neural networks (DNN) . [4] By
offering precise, data-driven insights that lower ambiguity and enhance patient outcomes, the incorporation of these models
into new-born surgical care may improve clinical decision-making.

Early detection of possible postoperative complications is one of the main concerns in neonatal surgery, as these issues can
have a substantial impact on long-term health outcomes and survival rates. The unpredictable nature of individual patient
reactions to surgery continues to be a significant challenge, even with advancements in surgical techniques and neonatal
intensive care. Through the use of machine learning (ML)-based predictive modelling, medical practitioners can adopt a
more proactive strategy in which interventions are customised using risk stratification models that have been trained on
actual data from several institutions[5] .

[6] Because Deep Neural Networks (DNN), a more sophisticated type of machine learning, can capture intricate, nonlinear
correlations between variables, they have shown higher success in predictive analytics. DNN models can process high-
dimensional datasets and reveal complex patterns, which makes them especially appropriate for clinical applications where
minute changes in patient data might affect surgery outcomes. This is in contrast to more conventional ML approaches like
LR, SVM, and RF. [7] The effectiveness of DNN models in medical prediction tasks, such as cardiovascular risk prediction,
post-surgical complication forecasting, and early sepsis identification, has been demonstrated in earlier research.

Neonatal surgical planning presents certain difficulties when using machine learning. To guarantee the dependability of
predictive models, it is still imperative to handle the crucial problems of data availability, quality, and interpretability. [8] As
a rich source of patient data, Electronic Health Records (EHR) systems present a potential answer; however, in order to
enable smooth integration with machine learning algorithms, interoperability and standardisation difficulties need to be
addressed. To guarantee the appropriate application of Al in healthcare contexts, ethical issues such as data protection, model
transparency, and bias reduction must also be properly handled.

The purpose of this study is to assess and contrast the effectiveness of several machine learning models in forecasting surgical
outcomes for new-borns. [9] By examining a dataset gathered from several hospitals, we test the prediction capacities of LR,
SVM, RF, and DNN using conventional performance metrics such as accuracy, precision, recall, F1-score, and area under
the receiver operating characteristic curve (ROC-AUC). Our findings reveal that DNN models outperform conventional ML
techniques, reaching an AUC of 0.92 compared to 0.85 for RF, 0.81 for SVM, and 0.78 for LR. These results underline the
potential of deep learning-based predictive models in boosting clinical decision-making in neonatal surgery [10].

The larger implications of this study go beyond neonatal surgery to other areas of paediatric and adult medicine where
treatment planning and patient care can be improved by using predictive analytics. [11] Future studies should concentrate on
integrating hospital EHR systems with real-time clinical deployment of machine learning models to facilitate automated
decision support. In a variety of clinical contexts, the use of machine learning (ML)-driven decision support systems has the
potential to revolutionise surgical risk assessment, lessen the workload for medical staff, and enhance patient outcomes.

This study examines current research and approaches to present a thorough overview of clinical prediction based on machine
learning. It explores important topics like feature selection, dataset properties, and model training techniques. It also provides
a comparative analysis of several machine learning models and experimental results. The difficulties, ramifications, and
potential paths forward of using machine learning in neonatal surgery are also covered. The work ends with important
observations and suggestions for additional study.

2. RELATED WORK

[12] With an emphasis on predictive modelling for clinical decision support, machine learning (ML) applications in
healthcare have expanded dramatically in recent years. Improving patient outcomes in neonatal surgery requires early and
precise prediction of postoperative problems. Numerous research have investigated machine learning (ML)-based models
for forecasting surgical outcomes in neonates, highlighting the potential of these methods to improve patient care and clinical
decision-making.

Traditional statistical techniques like logistic regression (LR) and Cox proportional hazards models were used in the early
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attempts at predictive modelling in neonatal surgery. Despite offering insightful information, these approaches' predictive
capacity was constrained by their incapacity to identify intricate nonlinear correlations between clinical factors. Predictive
models are now much more accurate thanks to recent developments in machine learning, such as deep learning and ensemble
techniques.

[13]The application of Support Vector Machines (SVM) in clinical outcome prediction has been investigated in a number of
studies. SVMs have been effectively used to predict complications like sepsis and respiratory distress syndrome as well as
to categorise neonatal health risks. However, SVM models frequently require rigorous feature engineering and parameter
optimisation to attain optimal performance, which can limit their application in real-time clinical environments.

[14] Random Forest (RF) models can handle high-dimensional datasets and effectively capture feature importance, they have
also been widely used in medical research. RF has outperformed conventional regression models in neonatal surgery when
it comes to predicting postoperative infections and mortality. Nevertheless, RF models might have interpretability issues,
which would make it difficult to incorporate them into clinical procedures.

(prediction)

Input
(features)

Hidden Layers
lots of layers ~ “deep learning™

Fig.1. Deep Neural Network Architecture

In Fig.1 The ability of Deep Neural Networks (DNN) to learn complex feature representations from large datasets has made
them a powerful tool for predictive modelling in the healthcare industry. Research has demonstrated that DNN models
perform better than traditional machine learning (ML) techniques in predicting surgical outcomes, especially when trained
on large-scale electronic health records (EHR). [15] This superior performance can be attributed to DNNSs' capacity to capture
hierarchical relationships in clinical data, which enables better risk stratification and decision support.

In an effort to give healthcare providers real-time decision support, there has been an increasing amount of interest in
integrating ML models with EHR systems. The viability of using machine learning (ML) models in neonatal intensive care
units (NICUs) to help physicians identify high-risk patients and improve treatment plans has been investigated in a few
studies. The problem remains in guaranteeing model interpretability, reliability, and seamless integration with established
clinical operations.

The employment of ensemble learning approaches, such as stacking and boosting, has further increased predicted accuracy
in neonatal surgery. [16] These strategies integrate numerous models to minimise variation and enhance robustness, leading
to greater generalization across varied patient groups. Research has shown that when it comes to forecasting new-born
mortality and postoperative complications, ensemble models perform better than individual classifiers.

Even though ML-based predictive modelling has shown encouraging results, there are still a number of obstacles to
overcome. Before widespread clinical adoption, model bias, data imbalance, and generalisability across various healthcare
settings are important issues that need to be resolved. Additionally, ethical concerns regarding algorithmic transparency and
patient privacy need to be carefully managed to ensure responsible Al deployment in neonatal care.

Future research in this sector should focus on increasing model interpretability, developing explainable Al (XAl) approaches,
and validating ML models in prospective clinical trials. Standardising data collection and pre-processing techniques is also
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necessary to improve model reproducibility and ease inter-institutional cooperation.

Since deep learning approaches, especially DNNs, have demonstrated superior predictive performance, more work is
required to address issues related to model deployment, interpretability, and ethical considerations. In conclusion, ML-based
predictive modelling holds great promise for improving surgical outcomes in neonates. The potential of Al-driven clinical
decision support in neonatal surgery can be fully realised by integrating ML models with EHR systems and carrying out
extensive validation studies.

3. METHODOLOGY
Data Collection and Pre-processing for Neonatal Surgical Outcomes

Numerous hospitals provided a comprehensive dataset of neonatal surgical cases that included a wide range of preoperative,
intraoperative, and postoperative parameters essential for evaluating surgical outcomes in neonates. Maternal age, birth
weight, Apgar scores at one and five minutes, vital signs including heart rate, oxygen saturation, and respiratory rate, and
laboratory results like haemoglobin levels, white blood cell count, and blood glucose levels were all included in the
preoperative data. Intraoperative information included the kind of surgery done, how long it took, what anaesthetics were
used, and any issues that came up during the procedure.

Postoperative outcomes were evaluated based on the length of ICU stay, incidence of infections, need for reoperation, and
overall mortality rates. To maintain data integrity, missing values were addressed using multiple imputation techniques, and
outliers were identified and managed through Tukey’s method. Categorical variables were transformed using one-hot
encoding, while continuous variables underwent Min-Max normalization. For model training and evaluation, the dataset was
divided into 80% training and 20% testing sets through stratified sampling to ensure balanced representation across relevant
outcome categories.

4. MACHINE LEARNING MODEL IMPLEMENTATION

Four machine learning models were used and compared: Random Forest (RF), Logistic Regression (LR), Support Vector
Machines (SVM), and Deep Neural Networks (DNN). Performance metrics like accuracy, precision, recall, F1-score, and
the area under the receiver operating characteristic curve (ROC-AUC) were used to train and assess each model.

Logistic Regression (LR) Model
Logistic Regression was implemented as a baseline model. It follows the equation:

1

PY=11X)=
( 1 X) 1+e—(ﬁo+2?=1ﬁixi)

Where X; are input features and g; are learned coefficients.

Support Vector Machine (SVM) Model

The SVM classifier was implemented with a radial basis function (RBF) kernel to capture nonlinear patterns:
K(x;,x;) = exp(—y Il x; — x; I1?)

Where y is the kernel parameter.

Random Forest (RF) Model

Random Forest was implemented with 100 decision trees, using the Gini impurity criterion:

c
Gini =1- Z p?
i=1

where p; represents the probability of a class in a given node.
Deep Neural Network (DNN) Model

The DNN model consisted of four hidden layers, each with ReL.U activation, and an output layer with a sigmoid activation
function:

= wllglt-11 4 pl1
Al = ReLU(Z!")
? = o(WHAL-1 4 plL])

Where, W and b are weights and biases of each layer.
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Model Training and Hyper parameter Tuning

To optimize model performance, hyper parameter tuning was conducted using grid search and Bayesian optimization. Key
parameters optimized include:

SVM: Kernel type, regularization parameter C, and y .

RF: Number of trees, maximum depth, and minimum samples per split.
DNN: Number of layers, neurons per layer, learning rate, and dropout rate.
Optimization Techniques for Deep Neural Network (DNN) Training

Training deep neural networks (DNNs) efficiently requires effective optimization techniques. This document discusses key
methods such as the Adam optimizer, K-fold cross-validation, and early stopping, which were employed to improve model
performance and generalization.

Adam Optimizer

The Adam (Adaptive Moment Estimation) optimizer is an advanced optimization algorithm that combines the benefits of
both RMSprop and momentum-based gradient descent. It adapts the learning rate individually for each parameter by
computing first and second moment estimates of gradients.

The parameter update rule for Adam is given by:

Orp1 =06, — m

Where,
6, represents the model parameters at iteration t,
a is the learning rate (set to 0.001 in our case),
m, is the bias-corrected first moment estimate (moving average of gradients),
U, is the bias-corrected second moment estimate (moving average of squared gradients), and
€ is a small constant to prevent division by zero.
The moment estimates are calculated as follows:
my = pfimey + (1 —B1)g:

Ve = Boveoq + (1 = Br)g¢
. my . Ut
m; = 1——,81’ Ve = 1——,85
Where, g, is the gradient at time step ¢, and typical values for 8, and 8, are 0.9 and 0.999, respectively.
K-Fold Cross-Validation

To prevent overfitting and evaluate the model's generalization ability, we employed K-fold cross-validation with k = 5. In
this technique, the dataset is split into k equal-sized subsets (folds). The model is trained k times, each time using a different
fold as the validation set and the remaining k — 1 folds for training.

The average performance metric (e.g., accuracy or loss) across all folds provides a robust estimate of model performance.
The general formula for cross-validation error is:

Where, E; is the validation error for the i-th fold.
Early Stopping

Early stopping is a regularization technique used to prevent overfitting by monitoring validation loss during training. The
process involves stopping the training when the validation loss stops decreasing for a predefined number of epochs (patience
parameter).

Mathematically, if the validation loss L, (t) at epoch t satisfies:
L, () > L,(t —p)
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for p consecutive epochs, training is halted to prevent overfitting.

5. PERFORMANCE EVALUATION
Each model was evaluated on the test dataset using the following metrics;

o TP
Precision = m
TP
Recall = m

Precision X Recall

Fl1- =2X
score Precision + Recall

1
ROC-AUC = f T PR(FPR)d(FPR)
0

Where, TP, FP, FN represent true positives, false positives, and false negatives, respectively.

Algorithm 1: Neonatal Surgical Outcome Prediction

Input: Preoperative, Intraoperative, and Postoperative Features (X)
Output: Predicted Surgical Outcome (Y)

Step 1: Data Pre-processing
Handle missing values and normalize numerical features
One-hot encode categorical variables
Step 2: Feature Selection
Compute feature importance using RF and mutual information
Select top N predictive features
Step 3: Train Models
Train LR, SVM, RF, and DNN on training dataset
Optimize hyper parameters using grid search/Bayesian optimization
Step 4: Model Evaluation
Compute Accuracy, Precision, Recall, F1-score, and ROC-AUC
Identify the best-performing model
Step 5: Deployment (Future Work)
Integrate with Electronic Health Records (EHR) for real-time prediction
Develop an interactive dashboard for clinical decision support

In algorithm.1 The Neonatal Surgical Outcome Prediction algorithm uses preoperative, intraoperative, and postoperative
features to predict surgical outcomes. The process starts with data pre-processing, which includes handling missing values,
normalising numerical features, and one-hot encoding categorical variables to improve model performance and ensure
consistency. Then, in the feature selection stage, the top N most predictive features are chosen by computing feature
importance using Random Forest (RF) and mutual information techniques. Multiple machine learning models, such as
Logistic Regression (LR), Support Vector Machine (SVM), Random Forest (RF), and Deep Neural Networks (DNN), are
trained during the model training phase.

To improve model performance, hyper parameter tuning is done using grid search or Bayesian optimisation. The trained
models are then assessed based on accuracy, precision, recall, F1-score, and ROC-AUC to determine which model performs
best. Lastly, the chosen model is scheduled for deployment in subsequent work, integrating with Electronic Health Records
(EHR) for real-time predictions and creating an interactive dashboard for clinical decision support to help healthcare
professionals make decisions.

Journal of Neonatal Surgery | Year: 2025 | Volume: 14 | Issue: 12s
pg. 270



Dr. A. Franklin Alex Joseph, Kala P, Helen Mary Kavitha S, Ashok Raj A, Surya P, Subash
Chandra Bose S

Comparison of Machine Learning Models for Neonatal Surgical Outcome Prediction

Model Accuracy Precision Recall | F1-Score ROC-AUC
Logistic Regression (LR) 76% 0.74 0.72 0.73 0.78
Support Vector Machine (SVM) 79% 0.77 0.75 0.76 0.81
Random Forest (RF) 83% 0.82 0.80 0.81 0.85
Deep Neural Network (DNN) 91% 0.90 0.89 0.89 0.92

The table presents a comparative analysis of four different machine learning models used to predict neonatal surgical
outcomes. The performance of each model is evaluated based on five key metrics: accuracy, precision, recall, F1-score, and
ROC-AUC. Logistic Regression (LR) showed the lowest predictive performance, followed by Support Vector Machines
(SVM), which improved slightly. Random Forest (RF) performed significantly better, but the Deep Neural Network (DNN)
outperformed all others with the highest accuracy (91%) and ROC-AUC score (0.92), making it the most effective model for
neonatal surgical outcome prediction.
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Figure.2. Performance of Existing models Vs Proposed Model

Journal of Neonatal Surgery | Year: 2025 | Volume: 14 | Issue: 12s

pg- 271



Dr. A. Franklin Alex Joseph, Kala P, Helen Mary Kavitha S, Ashok Raj A, Surya P, Subash
Chandra Bose S

A bar graph was generated to visually represent the performance of each model across different metrics. The graph highlights
the superior performance of the DNN model, especially in terms of accuracy and ROC-AUC.

The graphical representation provides an intuitive understanding of how each model performs. The DNN model consistently
shows the highest bars across all metrics, illustrating its superior predictive capability. The ROC-AUC score, which indicates
the model's ability to distinguish between positive and negative outcomes, is highest for the DNN model at 0.92, emphasizing
its effectiveness in clinical applications.

6. CONCLUSION

Our study demonstrates that machine learning models can significantly improve neonatal surgical outcome predictions. The
comparative analysis reveals that deep learning models, particularly Deep Neural Networks (DNN), outperform traditional
machine learning models such as Logistic Regression (LR), Support Vector Machines (SVM), and Random Forest (RF). The
high accuracy and ROC-AUC scores achieved by the DNN model suggest that it has strong potential for clinical
implementation. Future work should focus on real-time deployment in neonatal surgical units and seamless integration with
Electronic Health Records (EHR) to assist surgeons in making more informed decisions. The adoption of ML-based
predictive models can ultimately lead to better neonatal care and improved surgical success rates.
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