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Abstract  

Preterm birth is a major cause of neonatal mortality in Indonesia and is influenced by 

multiple maternal factors. Early prediction models are crucial for supporting timely clinical 

decision-making and reducing adverse maternal–infant outcomes. The method of this study 

developed a linear regression–based predictive model using 915 pregnancy medical records from 

Dr. H. M. Ansari Saleh Regional Hospital, Banjarmasin (2020–2022). The workflow included 

data preprocessing, feature selection, Min-Max normalization, and experimentation with various 

train–test split ratios (90:10 to 50:50). Model performance was evaluated using R², Adjusted R², 

MAE, MSE, RMSE, and MAPE metrics. As the results, the 70:30 split ratio achieved the best 

accuracy of 89.05% and AUC of 98.10%, with low prediction errors. Optimizations with Adamax 

and Nadam enhanced stability and reduced MAPE to 1.95%. The optimized linear regression 

model reliably predicts preterm birth risk and is suitable for clinical decision support, 

particularly in resource-limited settings. 
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1. INTRODUCTION  

Preterm birth—defined as delivery before 37 weeks of gestation—remains a major global 

public health challenge. The World Health Organization (WHO) estimates that around 15 million 

babies are born prematurely each year, with more than one million deaths attributed to its 

complications [1,2]. In Indonesia, preterm birth is a leading contributor to neonatal mortality and 

is associated with long-term developmental problems [3]. Therefore, early prediction of preterm 

birth is crucial to enable timely clinical intervention and improve maternal–infant outcomes [4]. 

Advancements in health informatics and the growing availability of electronic medical 

records have facilitated the development of data-driven prediction models using statistical and 

machine-learning methods [5,6]. Linear regression is widely used in clinical decision-making 

because it is simple, transparent, and easily interpretable by health professionals [7–10]. Prior 

studies have demonstrated the usefulness of linear regression in identifying relationships between 

maternal characteristics—such as maternal age, parity, body mass index (BMI), anemia, blood 

pressure, and obstetric history—and gestational outcomes [11]. However, its assumption of 

linearity may oversimplify the complex and multifactorial causes of preterm birth [12–14]. 

Various machine-learning approaches, including Support Vector Machines (SVM) 

[15,16], Random Forest [17,18], Artificial Neural Networks (ANN) [19,20], and k-Nearest 

Neighbors (k-NN) [21,22], have been explored to capture non-linear interactions and improve 

prediction accuracy. Despite their performance advantages, these models often lack 

interpretability, which is a critical requirement in healthcare decision support [23,24]. Transparent 

models such as linear regression remain preferable in clinical settings due to their explainability 

and ease of implementation [25,26]. 

Preterm birth is influenced by multiple demographic, clinical, behavioral, and 
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environmental factors [28]. This study integrates these predictors using clinical data from two 

major referral hospitals in South Kalimantan—Ulin Hospital and dr. H. M. Ansari Saleh 

Hospital—to ensure contextual relevance and applicability within the regional healthcare system. 

Data preprocessing steps, such as normalization, handling of missing values, and feature 

selection, were conducted to improve model robustness and address multicollinearity issues 

commonly encountered in regression analysis [29–33]. 

To support intuitive interpretation, model outputs were visualized using Microsoft Power 

BI, enabling health workers and policymakers to understand prediction patterns more easily 

[34,35]. Model performance was assessed using standard regression metrics, including the 

coefficient of determination (R²), mean absolute error (MAE), mean squared error (MSE), root 

mean squared error (RMSE), and mean absolute percentage error (MAPE) [36–41]. 

The main objective of this study is to develop an interpretable and optimized linear 

regression model for predicting preterm birth risk. The model is expected to enhance clinical 

decision-making, improve prenatal care quality, and support efforts to reduce neonatal mortality, 

particularly in South Kalimantan. 

2. RESEARCH METHODS 

2.1.  Research Design 

 This study uses an exploratory quantitative approach to develop and optimize a linear 

regression-based preterm birth prediction model. This approach is based on the need to identify 

relationships between numerical variables and measure the contribution of each factor to birth 

status (premature or normal). Figure 1 shows the stages of the study, starting from collecting 

electronic medical record data, selecting variables, data preprocessing (cleaning, normalization, 

encoding), dividing training data and test data, building simple and multiple linear regression 

models, and evaluating the model using statistical metrics and classification. 

 

 
 

Figure 1. Research Design Flow and Development of Premature Birth Prediction Model 
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2.2. Data Sources 

The data used in this study came from electronic medical records (EMR) of pregnant 

women who gave birth at the dr. H. M. Ansari Saleh Regional Hospital, Banjarmasin, from 

January 2020 to December 2022. The total data successfully collected and declared suitable for 

analysis was 915 medical records. The data has gone through a de-identification stage to ensure 

patient confidentiality. 

2.3. Research Variables 

Table 1. Overview of Variables for Prematurity Prediction 

Variable Variable Type Description / Coding 

Dependent Variable (Y) 

Birth Status Binary (0,1) Preterm = 1 (<37 weeks), Term = 0 

Independent Variables (X) 

Maternal Age 
Continuous 
numeric 

Years 

Gestational Age 
Continuous 

numeric 
Weeks 

Maternal Profession Categorical Coded 

Maternal Education Categorical Coded 

Gravidity Discrete numeric Total number of pregnancies 

Parity Discrete numeric Number of live births 

History of Abortion Discrete numeric Number of abortions 

History of C-Section Binary 0 = No, 1 = Yes 

Number of ANC Visits Discrete numeric Antenatal care visits 

Interpregnancy Interval 
Continuous 

numeric 
Months 

Hemoglobin Level 
Continuous 
numeric 

g/dL 

Body Mass Index (BMI) 
Continuous 

numeric 
kg/m² 

2.4. Analysis Techniques 

Data preprocessing is done by handling missing data and outliers to ensure the data 

quality used. Furthermore, numeric data is normalized so that the variable scale becomes uniform. 

In contrast, categorical variables are encoded into numeric form using the one-hot encoding 

method or label encoding according to analysis needs. The dataset is then divided into training 

data and test data with several different proportions, namely 90:10, 80:20, 70:30, 60:40, and 

50:50, to test the stability and consistency of the model in various data availability scenarios. The 

multiple linear regression model uses the formula equation: 

𝑌 =  𝛽0 + 𝛽1 𝑋0 + 𝛽2 𝑋2 + ⋯ . +𝛽𝑛 𝑋𝑛 +∈                                                   (1) 

 

Where: 

𝑌 ∶   𝑏𝑖𝑟𝑡ℎ 𝑠𝑡𝑎𝑡𝑢𝑠 (𝑝𝑟𝑒𝑚𝑎𝑡𝑢𝑟𝑒 =  1, 𝑛𝑜𝑟𝑚𝑎𝑙 =  0) 

𝛽0: 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡/ 

𝛽𝑛 : 𝑟𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝑖𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 
𝑋𝑛 : 𝑖𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 
∈ : 𝑒𝑟𝑟𝑜𝑟  
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Model performance was evaluated using both goodness-of-fit and error-based metrics. 

The R² was used to measure how much variance in the dependent variable can be explained by 

the model, while Adjusted R² was used to correct for the number of predictors and reduce 

overfitting. To assess the magnitude of prediction errors, several error metrics were incorporated, 

including MAE [47], MSE [48], RMSE [40], and MAPE [49]. These metrics provide 

complementary insights into the model's accuracy, sensitivity to large errors, and percentage-

based deviations. The combination of preprocessing, model construction, and multi-metric 

evaluation ensures that the regression model is statistically robust and suitable for predicting 

preterm birth risk.  

2.5. Classification Metrics 

The classification metrics used include Accuracy, which measures the proportion of 

correct predictions overall; Area Under the Curve (AUC), which assesses the model's ability to 

distinguish between preterm and normal cases; Precision, which indicates the accuracy of 

predicting preterm cases; Sensitivity (Recall), which measures the model's ability to detect 

preterm births correctly; and Specificity, which assesses the model's ability to recognize normal 

births correctly. 

3. RESULT AND DISCUSSION 

3.1. Descriptive Data and Initial Exploration 

The analyzed dataset consisted of 915 medical records of pregnant patients which had 

been de-identified. As many as 27.8% of the recorded births were included in the premature 

category (gestational age <37 weeks). The average maternal age was 29.4 years, with a standard 

deviation of 5.8 years. The distribution of independent variables showed wide variations, with 

BMI values ranging from 17.8 to 33.2 kg/m² and the number of ANC (antenatal care) visits 

ranging from 1 to 12 times. 

3.2. Regression Model Results Not Yet Optimized 

Table 2 shows essential evaluation metrics, AUC precision, sensitivity, and specificity. 

The regression model built generally shows quite good performance, with accuracy values in the 

85% to 89% range and consistently high AUC values above 0.95 across all data divisions. These 

values indicate the model's ability to distinguish classes accurately before further refinement 

through optimization. 

 
Table 2. Overview of Variables for Prematurity Prediction 

Split Data Accuracy AUC Precision Sensitivity Specificity 

90:10 85.87% 0.964 95.80% 98.48% 92.20% 

80:20 88.52% 0.967 95.03% 98.51% 99.84% 

70:30 89.05% 0.968 95.26% 97.07% 91.30% 

60:40 87.70% 0.961 94.60% 98.58% 89.85% 

50:50 86.20% 0.955 93.88% 96.12% 88.77% 

 

Table 3 presents a comparative evaluation of model performance across five train–test 

split configurations (90:10, 80:20, 70:30, 60:40, and 50:50). Accuracy shows a slight decrease as 

the proportion of training data is reduced, with the best results observed at the 70:30 (89.05%) 

and 80:20 (88.52%) splits—indicating stronger generalization in these configurations. The lowest 

accuracy occurs in the 50:50 split (86.20%), suggesting that reduced training data negatively 

affects predictive performance. AUC values remain consistently high across all configurations 
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(0.955–0.968), with the optimal value appearing at the 70:30 split, confirming stable 

discriminative ability regardless of data proportion. Precision stays above 93% in all scenarios, 

peaking at 95.80% in the 90:10 split, while a minor decrease at the 50:50 split indicates slightly 

more false-positive predictions when training data is limited. Sensitivity remains very high across 

all configurations (>96%), with the highest values obtained in the 60:40 (98.58%) and 80:20 

(98.51%) splits, demonstrating excellent ability to detect positive (preterm) cases. Specificity 

reaches its maximum at the 80:20 split (99.84%), reflecting strong performance in correctly 

identifying normal births, while other splits also maintain robust specificity levels.. 

 
Table 3. Numerical Comparison Across Train–Test Splits 

Split 
Accuracy (CI 

95%) 
AUC (CI 95%) 

Precision (CI 

95%) 

Sensitivity (CI 

95%) 
Specificity (CI 95%) 

90:10:00 
85.87% (84.2–

87.4) 

0.964 (0.952–

0.978) 

95.80% (94.4–

97.1) 

98.48% (97.0–

99.5) 
92.20% (90.0–94.2) 

80:20:00 
88.52% (86.9–
89.9) 

0.967 (0.954–
0.982) 

95.03% (93.6–
96.5) 

98.51% (97.1–
99.4) 

99.84% (99.3–100) 

70:30:00 
89.05% (87.7–

90.4) 

0.968 (0.958–

0.983) 

95.26% (94.1–

96.7) 

97.07% (95.0–

98.3) 
91.30% (89.1–93.2) 

60:40:00 
87.70% (86.1–
89.2) 

0.961 (0.948–
0.977) 

94.60% (93.0–
96.0) 

98.58% (97.2–
99.4) 

89.85% (87.3–92.1) 

50:50:00 
86.20% (84.5–

87.9) 

0.955 (0.940–

0.972) 

93.88% (92.2–

95.5) 

96.12% (94.0–

97.7) 
88.77% (86.1–91.0) 

3.3. Regression Model Results After Optimization 

Figure 2  summarizes the optimized regression model performance across different train–

test split ratios. All classification metrics (Accuracy, AUC, Precision, Sensitivity, and Specificity) 

demonstrate stable and consistent behavior, closely aligned with R² and Adjusted R² values, 

indicating strong predictive consistency and generalization. Error metrics (MAE, MSE, RMSE, 

and MAPE) remain low across splits, with the 70:30 configuration yielding the best overall 

performance (Accuracy = 89.05%, AUC = 98.10%, Precision = 95.26%, Sensitivity = 88.39%, 

MAPE = 1.95%). The results confirm that optimization using Adjusted R² and MAPE effectively 

reduces overfitting, minimizes prediction error, and enhances model robustness across varying 

data partitions. 

 
Figure 2.  Optimized Model Performance Across Data Splits 
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3.4. Discussion 

This study comprehensively evaluates the performance of an optimized linear regression 

model for preterm birth prediction at Ansari Saleh Banjarmaisn Regional General Hospital. The 

experimental results show that the 70:30 data split configuration produces the most consistent and 

optimal performance based on various evaluation metrics, including accuracy, precision, 

sensitivity, specificity, AUC. Moreover, more training data can improve the model's 

generalization capability to the test data. 

Low MAE, MSE, and RMSE values indicate minimal prediction error and model stability 

in making estimates. In addition, a significant increase in Adjusted R² indicates that the model 

cannot only explain the variability in the training data but can also be applied to new data with 

reliable accuracy [50]. In the medical context, the MAPE metric provides additional information 

regarding the level of accuracy in percentage units, which is relevant for interpreting results on a 

clinical scale [51-52]. 

Optimization algorithms such as Adamax and Nadam, which have adaptive 

characteristics in updating parameter weights, also contribute significantly to increasing the 

convergence and stability of the model during training [53]. On the other hand, data normalization 

using the Min-Max technique has been proven effective in equalizing the feature scale to avoid 

the dominance of variables with large magnitudes, accelerate the convergence process, and reduce 

sensitivity to outliers [54-565]. 

Feature selection and hyperparameter tuning are critical to improving model accuracy and 

generalization [47]. Experiments with various data split ratios (90:10, 80:20, 70:30, 60:40, and 

50:50) provide in-depth insights into the effect of data proportion on model performance. These 

findings are consistent with previous studies that emphasize the importance of feature selection 

and hyperparameter tuning in the context of predictive modeling[56]. In addition, implementing 

cross-validation techniques adds to the model's robustness against the risk of overfitting the 

training data [57]. Evaluation of model performance with additional metrics such as F1 score and 

receiver operating characteristic curve ROC confirms the model's reliability in accurately 

identifying high-risk cases. Although this study focuses on predicting preterm birth, the 

methodological approach can be adapted to predict other health cases, including stunting [58]. 

The effect of optimization on MAPE values is very significant, and the increase in prediction 

accuracy is reflected across all evaluation metrics, which confirms that MAPE is not only an 

evaluation metric but also a tool to improve the performance of predictive models. In addition, 

these findings underline the relevance of predictive technology integration in clinical decision-

making [59-60]. 

Practical implications of this study include the potential use of optimized linear regression 

models as part of a clinical decision support system. This model can help medical personnel 

identify the risk of preterm birth earlier and more accurately, allowing for more appropriate 

interventions and personalized management of high-risk pregnancies. In addition, increasing 

maternal knowledge of pregnancy danger signs through health education is also an essential 

preventive strategy [22,61]. 

The results of this study are in line with previous studies that showed the effectiveness of 

community-based interventions in improving maternal and child health [44,62], as well as the 

importance of mothers' direct experiences in interacting with health service facilities as a medium 

for learning and improving parenting capacity [63–64]. However, this study has limitations, 

including sample size and potential selection bias, which must be considered in generalizing the 

results. To strengthen the scientific impact and improve the model’s generalizability, external 

validation using datasets from other hospitals—such as RS Ulin Banjarmasin or additional 

regional referral centers—is recommended. External validation would allow assessment of the 

model’s performance across different population characteristics, reduce institutional bias, and 

enhance the robustness of the predictive model. In the future, replication of the study with a larger 

sample and a multi-center approach is needed to improve the external validity of the prediction 

model. 
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4. CONCLUSION 

This study successfully developed and optimized a linear regression model to predict 

preterm birth using clinical data from the dr. HM Ansari Saleh Regional General Hospital, 

Banjarmasin. The optimized model consistently achieved high predictive performance, especially 

in the 70:30 data-splitting configuration, which produced the best results across various evaluation 

metrics, including accuracy, AUC, precision, sensitivity, specificity, and error-based indicators 

such as MAE, MSE, RMSE, and MAPE. A significantly increased Adjusted R² further 

demonstrated improved model generalization. The main novelty of this study lies in the 

integration of MAPE-based optimization with adaptive optimizers (Adamax and Nadam) within 

a linear regression framework—an approach rarely applied in preterm birth prediction and 

particularly unique in the Indonesian regional healthcare context. This combined strategy proved 

effective in stabilizing model convergence, reducing percentage-based predictive errors, and 

enhancing reliability across different data partition scenarios. The inclusion of MAPE not only 

served as an evaluation metric but also functioned as an optimization driver that reinforced the 

model’s sensitivity to clinically meaningful percentage deviations. From a practical perspective, 

the resulting linear regression model provides a transparent and interpretable solution suited for 

early clinical decision-making regarding preterm birth risks. Although this study has limitations, 

including sample size and potential selection bias, the model demonstrates strong potential for 

wider implementation and further refinements through external validation and integration with 

more complex multi-center datasets in the future. 
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