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Abstract

Postnatal depression (PND) is a critical mental health issue that affects approximately
one in seven women and has a profound impact on infant bonding and family dynamics.
Despite its prevalence, PND often goes undiagnosed as a result of ignorance and stigma.
This study uses machine learning techniques to predict PND, offering a novel approach
to early detection and intervention. Employing multilayer perceptron (MLP), decision
tree, XGBoost, support vector machine (SVM), and logistic regression and KNeighbors,
this research aimed to analyze various demographic, medical, and psychosocial factors
to identify patterns and predictors of PND. The data was subjected to rigorous model
evaluation, where the MLPClassifier emerged as the superior model with an AUC of 0.99,
indicating near-perfect predictive capability. The study also explored the model’s practical
application by integrating it into a web interface using Streamlit, facilitating real-time
prediction and analysis of PND risk, thereby making strides toward enhancing maternal
mental health care. The findings of this study not only augment the existing body of
literature on PND prediction but also highlight the role of ML as an indispensable tool in
advancing healthcare technology. By achieving a high level of accuracy in the prediction of
PND, the MLPClassifier model has the potential to significantly improve clinical outcomes
for mothers and their families.

Keywords: postnatal depression; machine learning; multilayer perceptron classifier; mental
health technology; predictive modeling; clinical decision support

1. Introduction

Childbirth is a transformative event involving hormonal, physical, emotional, and psy-
chological changes that extend into the postnatal period, significantly affecting a mother’s
well-being and her bond with her infant. While many mothers experience joy, childbirth
can also trigger complex emotional responses, such as the “baby blues”, characterized by
transient sadness and tearfulness that typically resolve within two weeks [1]. However, for
about one in seven women, these feelings escalate into postnatal depression (PND), a severe,
persistent condition that impairs daily functioning [2]. PND, distinct from baby blues,
emerges four to six weeks postpartum, peaking at two to three months, with symptoms
including low mood, fatigue, insomnia, irritability, and reduced functioning (“Postnatal
depression”, 2021). It encompasses depressive and anxiety states, marked by irregular
sleep, mood swings, appetite changes, excessive worry about the infant, profound sadness,
difficulty concentrating, disinterest in activities, and, in severe cases, suicidal ideation [3,4].
PND disrupts maternal confidence and bonding, potentially harming the child’s emotional,
behavioral, and cognitive development and straining marital relationships [5].
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In the UK, one in ten women experiences PND within six months postpartum, while
one in eight faces antenatal depression during pregnancy. Prevalence varies from 10-15%
to up to 30%, depending on diagnostic criteria [6,7]. A Royal College of Psychiatrists
study found that 25% of women with PND remain symptomatic a year after childbirth.
Underdiagnosis is a major barrier, with up to half of affected mothers avoiding help due
to stigma, privacy concerns, or lack of support [8]. PND significantly impacts maternal
and family well-being, necessitating strategies for prevention, early detection, and treat-
ment [9]. Despite its prevalence and significant impact, a profound lack of awareness
and widespread under-recognition of PND’s symptoms persist among the public and
even healthcare providers. This often leads to missed opportunities for early intervention,
exacerbating its negative outcomes. Early diagnosis is critical but challenging, as symptoms
are often overlooked amid postpartum celebration. Recent advancements in machine learn-
ing, including predictive Al and deep learning algorithms, use medical data from early
pregnancy to enable early PND identification [10]. These technologies show promise in
transforming diagnostic approaches by analyzing patterns in medical records and patient
data, attracting growing interest from researchers and clinicians.

This study introduces a new machine learning approach that combines physiological,
psychological, and social data to predict PND earlier and more accurately than existing
methods. Unlike previous work that often uses single data types or traditional statistics [10],
our model employs advanced ensemble techniques and feature selection to improve predic-
tion accuracy. We also propose a practical way to integrate these tools into clinical settings,
bridging the gap between technology and real-world use. These advancements tackle
underdiagnosis and stigma by enabling earlier, data-driven support, improving maternal
mental health and mother—infant bonding.

Addressing PND requires combining technology with traditional care to improve
detection and support. By raising awareness, reducing stigma, and using advanced diag-
nostic tools, healthcare systems can better support mothers during this vulnerable time,
reducing PND’s long-term impact on families and society. Early intervention, supported
by technology and compassionate care, ensures mothers receive timely, effective help for
healthier outcomes for both mother and child.

The primary research questions this research has investigated are as follows:

RQ1: How can machine learning models help in analyzing and predicting postnatal depression
in women based on a variety of demographic, medical, and psychosocial factors?

RQ2: Is there any relationship between postnatal depression and its impact on infant
bonding, with a focus on maternal responsiveness, sensitivity, and attachment behaviors?

RQ3: What are the key predictors of postnatal depression and what is their significance in
influencing the severity and duration of PND symptoms?

This research targets postnatal depression (PND) within the first year postpartum, a
critical period impacting maternal and infant well-being. Using machine learning tech-
niques, the study analyzes demographic, medical, and psychosocial data to identify PND
predictors and patterns. A key focus is PND’s effect on mother-infant bonding, which sig-
nificantly influences the child’s emotional and developmental outcomes [11]. The objectives
include pinpointing risk factors, tracking PND progression, assessing bonding impacts,
and exploring interventions. By providing insights into PND, the study aims to enhance
clinical practices and support systems for new mothers during this vulnerable period.

2. Related Work

Depression, far from a fleeting condition, profoundly disrupts psychological health,
thrusting individuals from normalcy into psychosis. This significant shift demands a deep
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exploration of its causes through diverse psychological perspectives. Postnatal depression
(PND) significantly impacts mothers, infants, and families, marked by emotional turmoil
during the postpartum period, a time of intense adjustments [12,13]. Affecting 10-15%
of new mothers, PND involves symptoms like mood swings, sleep issues, and agitation,
disrupting mother—infant bonding and risking infant development [8,14].

PND also increases paternal depression risk, straining marital relationships and family
bonds [4]. Children face developmental delays, reduced activity, and altered cortisol,
serotonin, and dopamine levels [3]. Early identification and management, including
screening during the perinatal period as recommended by ACOG, are critical to mitigate
PND'’s severity [15]. Timely intervention and support from healthcare providers and
families foster a nurturing environment, enhancing mother and child well-being and
strengthening family resilience against PND’s multifaceted challenges.

a. Determinants of Postnatal Depression

Younger mothers (18-24) face a higher risk of postnatal depression (PND), with 30—40%
of those with prior mood disorders affected [6]. Socio-economic disadvantages, includ-
ing low income and education, increase PND risk [16]. Obstetric factors like emergency
cesareans, unwanted pregnancies, and early discharge elevate risk [17]. Biological fac-
tors, including hormonal changes and iron deficiency anemia, contribute to PND, though
hormonal links remain inconsistent [18]. Negative life events, such as violence or stress,
are strongly linked to PND [19]. Lack of spousal or social support, marital stress, and
pediatric illness exacerbate symptoms [6]. Cross-cultural studies show varying PND rates,
with cultural factors influencing symptom expression, necessitating culturally sensitive
approaches [20].

b. Machine Learning for Mental Health Prediction

Machine learning employs advanced statistical methods to create improving systems,
originating with Alan Turing’s 1950s Al proposal [21]. Techniques like support vector
machines, random forests, and neural networks predict and classify events [22]. Supervised
learning, widely used in medical illness prediction, relies on structured training data with
labeled instances, while unsupervised learning predicts without guidance, though its
clinical use is limited. Mental illness, impacting emotions, cognition, and social interactions,
underscores the need for innovative prevention and intervention.

c¢. Predictive Modeling of Postnatal Depression

Clinical prediction models use patient data to assess risk, enabling tailored interven-
tions to improve outcomes and reduce costs [23]. Clinical prediction models for postpartum
depression (PPD) use patient data to assess risk, enabling tailored interventions to improve
outcomes and reduce costs [24]. Zhang et al. developed a PPD model using pregnancy
data, comparing four ML models [10]. SVM and FFS-RF performed best (sensitivity 0.69,
AUC 0.78), with random forest highlighting psychological elasticity, third-trimester depres-
sion, and economic level as key predictors.

Pilot projects using electronic health records showed ML's efficacy in PPD prediction,
identifying risk factors like demographics, mental health, and prior depression [25]. Mobile
apps with predictive algorithms advanced PPD prediction [10,26] Andersson et al. com-
pared algorithms (e.g., Naive Bayes, Ridge Regression), with XRT achieving 72% accuracy
and 79% AUC, though sensitivity and PPV varied [25]. Maternal mood and infant sleep
are linked, with depression disrupting bonding and causing infant sleep issues [27]. PPD
risk factors include prior depression, family history, poor support, and pregnancy compli-
cations [28]. Predictive modeling remains underexplored. The literature shows ML and
deep learning, including convolutional neural networks, achieve promising PPD detection
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results with high precision, accuracy, recall, and AUC. Integrating ML algorithms enables
faster PPD detection, diagnosis, and treatment. Using the Streamlit application, this study
employs supervised learning to predict PPD accurately while ensuring model transparency
and interpretability.

Recent advances in deep learning for healthcare have demonstrated diverse architec-
tural strategies for clinical prediction and grading tasks. He et al. proposed an isolation
forest-voting fusion-multioutput framework for stroke risk classification that integrates
anomaly detection with multidimensional decision fusion [29], achieving strong perfor-
mance on structured electronic medical record data but requiring complex preprocessing
for composite feature scoring. In contrast, our ensemble neural network approach operates
directly on questionnaire-based categorical data without anomaly detection stages. For
histopathological image analysis, transformer-based architectures have gained prominence.
ViT-AMCNet combines vision transformers with attention-mechanism convolution blocks
through adaptive model fusion and multiobjective optimization, achieving interpretable
laryngeal tumor grading with excellent generalization [30]. However, ViT-AMCNet relies
on high-resolution image inputs and multiobjective optimization complexity that may limit
deployment in resource-constrained clinical settings. Subsequently, MamlFormer employs
manifold adversarial multimodal learning to fuse high- and low-magnification pathology
images, demonstrating superior interpretability through manifold subspace projection that
eliminates background semantic redundancy [31]. While MamlFormer excels at multimodal
image fusion, its reliance on paired magnification views and adversarial training increases
computational demands. More recently, Huang et al. proposed FDTs, a feature disen-
tangled transformer for squamous cell carcinoma grading that achieves interpretability
through explicit feature separation rather than class-patch token mapping [32].

Despite known risk factors, a significant research gap exists in the proactive, early
identification of postnatal depression (PND) using scalable technological solutions. There
is a pressing need for accessible tools that can synthesize the multifaceted determinants of
PND into a practical risk assessment for use in diverse healthcare settings. This study aims
to bridge this gap by developing an interpretable machine learning model deployed via a
user-friendly application to facilitate timely and actionable PND screening.

3. Methodology

The study utilizes six different machine learning methods, such as support vector ma-
chine (SVM) and logistic regression, decision tree, XGBoost, multilayer perceptron (MLP),
and KNeighbors to analyze and predict postpartum depression. It involves an initial phase
of data gathering and preprocessing, followed by application of the six ML models to the
dataset to identify patterns and predictors of postpartum depression. Hyperparameter tun-
ing is conducted to maximize the performance of the chosen model. The best-performing
model, determined through rigorous evaluation metrics, is then integrated into a web page,
allowing for real-time prediction and analysis of postpartum depression risk based on
input data. This design demonstrates comprehensive use of machine learning techniques
to address a critical mental health issue, with practical application through a user-friendly
web interface. The data used in this research came from a publicly accessible source, Kaggle
(https:/ /www.kaggle.com/datasets/parvezalmuqtadir2348 /postpartum-depression (ac-
cessed on 10 March 2025)), and specifically from the project titled “Postpartum Depression”.
The data represents a comprehensive collection aimed at understanding the various factors
that may contribute to postpartum depression (PPD) as explained in Table 1. It is structured
to facilitate the use of predictive analysis methods with machine learning which consists of
responses from a survey related to postpartum depression, capturing various symptoms
and feelings experienced by individuals after childbirth. It contains 1503 entries (rows) and
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10 columns. Each column represents a different variable related to postnatal factors such as
age, emotional well-being, sleep patterns, appetite, anxiety, bonding with the baby, and
suicide attempts.

Table 1. Summarizes dataset (variable names, types, range, how encoded).

Variable Name Type Categories/Range Encoding
Ace Ordinal 25-30, 30-35, 35-40, 4045, 1 =25-30; 2 = 30-35; 3 = 35-40;
& 45-50 4 = 40-45; 5 = 45-50

Feeling sad or Tearful Nominal Yes, Sometimes, No 1 = Yes; 2 = Sometimes; 3 = No
Irritable towards baby Nominal Yes, Sometimes, No 1 = Yes; 2 = Sometimes; 3 = No
and partner

. . . Yes, Two or more days a 1 = Yes; 2 = Two or more days a
Trouble sleeping at night Nominal week, No week: 3 = No
Prob.lems conc entrating or Nominal Yes, Often, No 1 = Yes; 2 = Often; 3 = No
making decision
Overeah.ng or loss Nominal Yes, Not at all, No 1=Yes;2 =Notatall; 3=No
of appetite
Suicide attempt Nominal Yes, Not interested to say, No 1 = Yes; 2 = Not interested to

say; 3 = No

Feeling of guilt Nominal Yes, Maybe, No 1 =Yes; 2 = Maybe; 3 = No
Pr‘oblems of bonding Nominal Yes, Sometimes, No 1 = Yes; 2 = Sometimes; 3 = No
with baby
Feeling anxious Binary Yes, No 1 =Yes (PPD); 2 = No (No PPD)

3.1. Data Preprocessing

The analysis begins by importing necessary libraries for data manipulation and vi-
sualization, including pandas, numpy, seaborn, and matplotlib. This setup is essential
for exploring and preprocessing the data. The dataset is loaded into a panda DataFrame,
mirroring the initial step performed. Any rows with missing values are removed from the
dataset with df.dropna (inplace = True). The total observation was reduced from 1503 to
1491. This approach is straightforward and ensures that the dataset used for model training
does not contain any incomplete records.

3.2. Machine Learning Model

The dataset was split into 80% training and 20% testing sets to accurately assess
model performance. Six ML algorithms were trained on the data, with “feeling anxious”

a7

as the target variable and predictors including “Age”, “Feeling sad or Tearful”, “Irritable

Zari

towards baby & partner”, “Trouble sleeping at night”, “Problems concentrating or making

s

decisions”,

/a7

Overeating or loss of appetite”, “Feeling of guilt”, “Problems of bonding with
baby”, and “Suicide attempt”. Trained models were tested on the testing dataset to evaluate
their generalization to unseen data. Performance was assessed using classification metrics
like accuracy, precision, recall, and F1 score. The Receiver Operating Characteristic (ROC)
curve and Area Under the Curve (AUC) evaluated class distinction capability. Selection
balanced accuracy, interpretability, and computational efficiency. K-fold cross-validation
mitigated overfitting, and the best model was refined via hyperparameter tuning and
validated on a separate dataset.
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3.3. Model Comparison Metrics

These metrics are important for evaluating and comparing the performance of machine
learning models in predicting postpartum depression, ensuring that the selected model is
both accurate and reliable. Accuracy measures the ratio of accurately predicted instances
to total instances, which indicates the model’s overall correctness. A high accuracy rate
suggests that the model works well for both PPD and no PPD classes. Sensitivity (Recall)
measures the proportion of actual positives (women who develop PPD) correctly identified
by the model. High sensitivity is crucial for ensuring that most women at risk are not
missed. Specificity measures the proportion of actual negatives (women who do not
develop PPD) correctly identified. High specificity indicates that the model effectively
identifies those who are not at risk, reducing false positives.

Positive Predictive Value (PPV) shows the likelihood that those who receive a positive
screening test actually have the illness. In the context of PPD, it is the likelihood that
women predicted to be at risk actually develop PPD. For Negative Predictive Value (NPV),
the likelihood that an individual with a negative screening test does not have the ailment
is indicated by NPV. Area Under the Curve (AUC) demonstrates the model’s capacity to
distinguish between positive and negative classes. An AUC close to 1 indicates a high
model performance, where it correctly classifies those with and without the risk of PPD.

3.4. Statistical Analysis

Before conducting the statistical analysis, categorical variables were transformed into
numerical formats using the LabelEncoder from Scikit-learn in Python 3.13. This encoding
process is essential for applying machine learning algorithms, which require numerical
input. The encoding was applied to all columns except the first one, likely to convert
responses such as “Yes”, “No”, “Sometimes”, etc., into a numerical format that algorithms
can process.

3.5. Explorative Data Analysis

Table 2 presents the summary statistics of the modified dataset for the postpartum
depression study, highlighting key findings. Participants’ ages vary, with a mean of
38.17 years and a standard deviation of 6.45 years. Emotional and behavioral symptom:s,
such as feeling depressed, tearful, agitated with the infant or partner, and difficulty sleeping,
show a mean score near 1, indicating moderate prevalence among participants. “Feeling
anxious” has a lower mean (0.649) with less variability, suggesting widespread anxiety.
Conversely, “Overeating or loss of appetite” has the lowest mean (0.668), indicating lower
prevalence or intensity. All variables are capped at a maximum value of 2, reflecting a
standardized scale for analysis. These statistics provide a foundation for machine learning
analysis, capturing the diverse postpartum depression symptoms in the study population.

Table 3 details the number of participants by age range for the study on predicting
postpartum depression. It reveals a progressive increase in participants, counting to the
40-45 age range, followed by a decrease in the oldest age group. Specifically, there are
181 participants aged 25-30, indicating the youngest cohort. This number rises in each
subsequent age group, with 338 participants in the 30-35 age range, 343 in the 35-40 range,
and peaking at 358 participants in the 40-45 age range. Beyond this peak, the count declines
to 271 participants in the 45-50 age range. This distribution suggests a broad representation
across middle adulthood, with a particularly strong representation from individuals in
their late thirties to early forties. The bar graph in Figure 1 displays the number of study
participants by age range and their anxiety levels. The 35-40 and 40-45 age group have
the most participants, with those feeling anxious outnumbering those not anxious. The
30-35 age group follows, with a higher proportion reporting anxiety.
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Table 2. Summary statistics of the transformed data.

Mean Std Min 25% 50% 75% Max
Age 38.17 6.45 27.50 32.50 37.50 42.50 47.50
Feeling sad or Tearful 1.004 0.839 0.00 0.00 1.00 2.00 2.00
Irritable towards baby & partner 1.034 0.838 0.00 0.00 1.00 2.00 2.00
Trouble sleeping at night 1.016 0.757 0.00 0.00 1.00 2.00 2.00
Ef;’;fg‘;:ggf;;tranng or 0901 0821 0.0 0.00 1.00 2.00 2.00
Overeating or loss of appetite 0.668 0.824 0.00 0.00 0.00 1.00 2.00
Feeling anxious 0.649 0.477 0.00 0.00 1.00 1.00 1.00
Feeling of guilt 0.875 0.754 0.00 0.00 1.00 1.00 2.00
Problems of bonding with the baby  0.895 0.792 0.00 0.00 1.00 2.00 2.00
Suicide attempt 0.832 0.865 0.00 0.00 1.00 2.00 2.00

count

200

150

g

L

Table 3. Number of study participants by age range.

Age Range Count
25-30 181
30-35 338
35-40 343
40-45 358
45-50 271

3540 4045

3035
Age Range

Faaling anxious
N Yo
Mo

25-30

45-50

Figure 1. Distribution of age range by feeling anxious.

The 45-50 age range shows a similar trend but with fewer participants. The 25-30 age

group has the fewest participants, with a minority not feeling anxious, suggesting younger
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participants are less represented but more likely to report anxiety. Overall, anxiety levels
are balanced across age ranges, with a slight increase in the 30-35 age brackets.

anxious.

From Figure 2, among mothers who sometimes have irritation toward their babies
and partners, there is a higher number of those who are not feeling anxious to those feeling

Feeling anxious
- Yes

I -No
Yes No

Irritable towards baby & partner

350

250

count

150

100

Sometimes

Figure 2. Distribution of irritation towards baby and partner by feeling anxious.

In terms of feeling sad or tearful, the data appears to be balanced with the feeling sad

or tearful (Yes) having the highest number. In Figure 3, 64.9% of participants were feeling
anxious and 35.1% were not feeling anxious.

Yes

Figure 3. Distribution of participants by feeling sad or tearful; patients feeling anxious.
3.6. Correlation Analysis

A correlation analysis was conducted to investigate the connections among the en-
coded variables. The correlation matrix (Figure 4) shows the direction and intensity of
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correlations between several factors associated with postpartum depression in women.
“Feeling sad or Tearful” or “Overeating or loss of appetite” have a significant correlation
(0.3595), indicating that individuals who feel sadder or more tearful are likely to experience
changes in appetite. There is a notable positive correlation between “Irritable towards baby
& partner” and “Suicide attempt” (0.2791), suggesting that irritability towards one’s baby
and partner could be linked to a higher chance of suicide attempts. These correlations
highlight the intertwined nature of emotional states and behaviors, and, as a result, stress
the importance of addressing these issues holistically in healthcare and psychological
support settings.

Correlation Heatmap

Age 1 -1 —0.076 | 0016 | —0.16 L5 0081 —0.0033 —0.076
Fealing sad or Tearful 1 { 0.12 0.048 ~0.043
Irritable towards baby & partner 6 0,22 1 ORI —0.024
Trouble sleaping at night

Protlems ifvg ©f making

Overeating or loss of appetite

Fealing anxious

Fealing of guilt

Problems of bending with baby

Suicide attemnpt

Feealing of guilt
Suicide atampl

Feeling anxious

£
2
5
]
2
&

Trouble sleaping at night
Overeating of 1055 of appetite
Problams of bonding with baby

Irritable towards baby & partner
Problems concentrating of making decision

Figure 4. Correlation matrix of encoded variables.

4. Implementation of Models and Results

This model estimates the probability of occurrence (in this case, the risk of developing
PPD) by using a logistic function. It is straightforward, interpretable, and useful for
understanding the influence of several independent variables on the outcome.

The logistic function is of the form:
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where p is a location parameter (the midpoint of the curve, where p(u) = %) and s is a
scale parameter.

The result in Table 4 provides a detailed analysis of the logistic regression performance
on the postnatal data. Precision measures the ability of models to correctly identify positive
(1) and negative (0) instances. The precision for class 0 is 0.79, indicating that 79% of the
instances predicted as 0 were 0. The precision for class 1 is 0.73, meaning that 73% of the
instances predicted as 1 were actually 1. Recall, also known as sensitivity or true positive
rate, assesses the model’s ability to correctly capture positive instances. The recall for class
0 is 0.36, indicating that the model identified 36% of the actual instances of class 0. The
recall for class 1 is 0.95, meaning that the model captured 95% of the actual instances of
class 1.

Table 4. Performance report of the logistic regression model.

Precision Recall F1-Score Support
0 0.79 0.36 0.49 104
1 0.73 0.95 0.83 195
Accuracy 0.74 299
Macro average 0.76 0.65 0.66 299
Weighted average 0.75 0.74 0.71 299

F1-score is the harmonic mean of precision and recall, providing a balanced measure
of the model’s performance. The F1-score for class 0 is 0.49, and for class 1 is 0.83. Accuracy
is the overall correct prediction rate of the model. In this case, the logistic regression
model achieved an accuracy of 0.742, indicating it accurately predicted the class labels for
74.2% of the instances in the dataset. The logistic regression model demonstrates moderate
performance, with relatively low recall and precision for class 0 but demonstrated higher
precision and recall for class 1. The model’s accuracy of 0.742 indicates its effectiveness
in correctly predicting the class labels in the given dataset, although there is room for
improvement, especially in capturing instances of class 0.

4.1. Support Vector Machine (SVM)

SVM uses the optimal hyperplane to divide all the data points in one class from all of
the other classes’ data points in order to classify the data. Table 5 provides a summary of
the SVM performance on the postnatal data. The precision for class 0 is 0.90, showing that
90% of the instances predicted as 0 were 0. The precision for class 1 is 0.93, meaning that
93% of the instances predicted as 1 were 1.

Table 5. Performance report on support vector machine model.

Precision Recall F1-Score Support
0 0.90 0.87 0.88 104
1 0.93 0.95 0.94 195
Accuracy 0.92 299
Macro average 0.91 0.91 091 299
Weighted average 0.92 0.92 0.92 299

The recall for class 0 is 0.87, indicating that the model identified 87% of the actual
instances of class 0. The recall for class 1 is 0.95, meaning the model captured 95% of the
actual instances of class 1. The Fl-score for class 0 is 0.88, and for class 1, it is 0.94. The
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SVM model achieved an accuracy of 0.920, indicating that it accurately predicted the class
labels for 92% of the instances in the dataset.

4.2. Multilayer Perceptron Classifier

This model can capture non-linear relationships through layers of neurons, making it
powerful for modeling complex patterns in data, such as interactions between risk factors
for PPD. Neural networks can handle large datasets and perform feature extraction, which
is crucial for accurate PPD prediction.

The output y of a neuron in an MLP is given by

y= f(Z:ln:1 wix; + b)

where x; are the input features, w; are the weights, b = the bias term, and f is the activation
function (e.g., sigmoid, tanh, ReLU) (Sainlez and Heyen, 2011).

As in the Table 6, the precision for class 0 is 0.92, indicating that 92% of the instances
predicted as 0 were 0. The precision for class 1 is 0.96, meaning that 96% of the instances
predicted as 1 were 1. The recall for class 0 is 0.92, indicating that the model identified
92% of the actual instances of class 0. The recall for class 1 is 0.96, meaning that the model
captured 96% of the actual instances of class 1. The Fl-score for class 0 is 0.92, and for class
1is 0.96. With an accuracy of 0.95, it indicates that it accurately predicted the class labels
for 95% of the instances in the dataset.

Table 6. Performance report of multilayer perceptron classifier.

Precision Recall F1-Score Support
0 0.92 0.92 0.92 104
1 0.96 0.96 0.96 195
Accuracy 0.95 299
Macro avg 0.94 0.94 0.94 299
Weighted avg 0.95 0.95 0.95 299

4.3. Decision Tree Model

This model makes use of a graph of decisions and potential outcomes that resemble
a tree. It is simple to comprehend and interpret, which helps professionals make wise
decisions. Decision trees can handle categorical and numerical data, which is common in
PPD risk factor analysis. This is the formula for the information gain function. According to
the formula, the information gain is determined by subtracting the entropy of a candidate
split at node t from the entropy of a decision tree node.

Iguin(s) = H(t) - H(S/t)

Table 7 presents a performance report on the decision tree classifier. For the label ‘0’,
the precision is 0.80, recall is 0.81, and the F1-score is 0.80, with support of 104 instances.
Label ‘1" has higher precision and recall, both at 0.90 and 0.89, respectively, with an F1-score
of 0.89, supported by 195 instances.

The overall accuracy of the model is 0.86, which suggests it correctly predicts 86% of
the outcomes. The macro and weighted averages of precision, recall, and F1-score are all
consistently around 0.85 or 0.86, indicating the model performed well across both classes,
with balanced performance metrics and support.
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Table 7. Performance report on decision tree classifier.

Precision Recall F1-Score Support
0 0.80 0.81 0.80 104
1 0.90 0.89 0.89 195
Accuracy 0.86 299
Macro average 0.85 0.85 0.85 299
Weighted average 0.86 0.86 0.86 299

4.4. XGBoost Model

A gradient-boosted decision tree implementation for efficiency and speed, XGBoost
is effective for large and complex datasets, providing high predictive accuracy. It handles
missing data and can rank the importance of variables, which is valuable for identifying key
risk factors for PPD. The XGBoost classifier performance is similar to that of the decision
tree classifier as can been seen in the Table 8 below.

Table 8. Performance report of XGBoost classifier.

Precision Recall F1-Score Support
0 0.88 0.92 0.90 104
1 0.96 0.93 0.95 195
Accuracy 0.93 299
Macro average 0.92 0.93 0.92 299
Weighted average 0.93 0.93 0.93 299

Mathematically, XGBoost Model is written as

vi= Zle fi(xi), fe € F

where K = number of trees, f is the functional space of F, and F is the set of possible CARTs.
The objective function for the above model is given by

0bj(0) = X7 1y i) + Ly O

where the first term is the loss function and the second is the regularization parameter.
(“XGBoost”, by GeeksforGeeks, 2021).

4.5. K-Nearest Neighbors (KNN) Model

This model uses the majority of a data point’s k-nearest neighbors to predict the class of
a given data point. It is simple yet effective, especially if the dataset has intuitively separable
subgroups. KNN can be used for both regression and classification tasks, including PPD
risk prediction.

The distance between two points x and x’ is typically calculated using the Euclidean
distance, though other metrics can be used (“K-Nearest Neighbor(KNN) Algorithm”, by
GeeksforGeeks, Noida, India, 2017):

d(x, x') = 1/i%(xi—xl")z

where x; and x] are the values of the ith feature of points x and x/ respectively.
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The KNeighbors classifier model achieved an accuracy of 0.93 as can be seen in Table 9,
indicating it accurately predicted the class labels for 93% of the instances.

Table 9. Performance report for K-Neighbors classifier.

Precision Recall F1-Score Support
0 0.97 0.83 0.89 104
1 091 0.98 0.95 195
Accuracy 0.93 299
Macro avg 0.94 091 0.92 299
Weighted avg 0.93 0.93 0.93 299

With a precision of 0.97 for class 0, 97% of the examples that were predicted to be
0 turned out to be 0. With a precision of 0.91 for class 1, 91% of the examples that were
predicted to be 1 were actually 1. The recall for class 0 is 0.83 and for class 1 is 0.98. The
F1-score for class 0 is 0.89, and for class 1 is 0.95.

4.6. Model Evaluation (Predictions on Test Data)

Figure 5 shows the ROC curve for a logistic regression model with an AUC of 0.72. The
ROC curve shows true positive rate (sensitivity) against the false positive rate (1-specificity)
at various threshold settings. The model’s ability to discriminate between the positive and
negative classes is indicated by the AUC value. An AUC of 0.72 suggests that the logistic
regression model has fair discriminatory power, but there is still room for improvement.
In the context of predicting postnatal depression, this model correctly identifies a fair
proportion of positive cases (women with postnatal depression) while also incurring some
false positives (women without postnatal depression incorrectly identified as having it).
The closer the AUC is to 1, the better the model is at prediction. An AUC of 0.72 may be
acceptable depending on the needs and the effects of false positives and false negatives in
the clinical or operational scenario where model is implemented.

Confusion Matrix for LogisticRegression

- 180
- 160
- 140
- 120
- 100
- 80
185 -0
- 40

Not Feeling anxious Feeling anxious
Predicted

Not Feeling anxious

Actual
Feeling anxious

5]

04 06 08 10
False Positive Rate

Figure 5. ROC curve of the logistic regression & confusion matrix.

This model has relatively more false positives (67) and fewer true negatives (37) than
the other models. It also has a moderate number of false negatives (10) and a high number
of true positives (185). The ROC curve displayed in graph Figure 6 is for a support vector
classifier (SVC) model with an AUC of 0.97, which is excellent. This high AUC value
implies that the SVC model has a very high ability to differentiate between true positives
(correctly identifying women with postnatal depression) and true negatives (correctly
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identifying those without it). The graph shows that at a low false positive rate, the model
achieves a high true positive rate, which indicates that the model is highly effective with
few incorrect predictions of the positive class. In a medical or clinical context, such as
predicting postnatal depression, a model with this level of accuracy could be extremely
valuable, potentially resulting in better patient outcomes through early and, hence, accurate
identification of those at risk.

Confusion Matrix for SVC
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Figure 6. ROC curve of the support vector classifier and matrix.

The SVM model shows a significant improvement in true negatives (90) compared to
logistic regression and has the same number of true positives (185). It also reduces the false
positives (14) but has an equal number of false negatives (10).

The ROC curve in the graph (Figure 7) represents the performance of a decision tree
classifier on the test data, with an AUC of 0.95. With a 95% probability that the model will
properly rank a random positive instance higher than a random negative one, this shows a
high degree of accuracy in class distinction.

Confusion Matrix for DecisionTreeClassifier
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Figure 7. ROC curve of the decision tree classifier and confusion matrix.

The classifier produces a high true positive rate with a low false positive rate, which is
desirable in many scenarios, including medical diagnosis, as demonstrated by the curve’s
strong ascent towards the top-left corner. The confusion matrix for the decision tree classi-
fier presented in Figure 8 reveals how the model performs on the test data in classifying
into either “Not feeling anxious” or “Feeling anxious”. It shows that out of the total predic-
tions made for the “Not feeling anxious” category, 84 instances were correctly identified
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(true negatives), while 20 instances were incorrectly classified as “Feeling anxious” (false
positives). Conversely, for the “Feeling anxious” category, 174 instances were accurately
predicted (true positives), but 21 instances were misclassified as “Not feeling anxious”
(false negatives).

Confusion Matrix for XGBClassifier
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Figure 8. ROC curve of the XGBoost classifier and confusion matrix.

The ROC curve for an XGBoost classifier has an AUC of 0.98, indicating an exceptional
level of performance (Figure 8). The model has a 98% chance of correctly distinguishing
between the positive and negative class. The curve’s progression, closely hugging the
top-left side of the graph, signifies that the classifier can achieve a high true positive value
while maintaining a very low false positive value. In practical terms, especially within a
medical or healthcare context like predicting postnatal depression, this suggests that the
XGBoost classifier is highly precise and reliable, making very few mistakes in classifying
individuals. This level of accuracy is especially important in medical diagnostics, when the
cost of false positives and false negatives can be very high.

Figure 9 presents the confusion matrix for the XGBoost classifier, which illustrates
the model’s performance in distinguishing between “Not feeling anxious” and “Feeling
anxious” states. The matrix indicates that for individuals not feeling anxious, 96 were
correctly identified (true negatives), and 8 were incorrectly classified as feeling anxious
(false positives). On the other hand, for individuals feeling anxious, 179 were accurately
predicted (true positives), while 16 were misclassified as not feeling anxious (false nega-
tives). The graph displays an ROC curve for an MLPClassifier [33] in (Figure 9), which is
a type of neural network, with an AUC of 0.99. This near-perfect AUC rate signifies the
MLPClassifier has an exceptional ability to differentiate between positive and negative
cases of postnatal depression.

The curve, which ascends steeply, and plateaus close to the top-left side of the graph,
indicates that the model achieves a very high true positive value while keeping the false
positive value extremely low. In real-world applications such as predicting postnatal
depression, a model demonstrating such high accuracy is extremely valuable, as it implies
that the classifier is robust and can be trusted to make predictions with a high degree of
confidence. The MLP has fewer false negatives (8) compared to logistic regression and
SVM, suggesting better sensitivity. It also maintains a lot of true positives (187) and a
substantial number of true negatives (96), with minimal false positives (8). The ROC curve
shown below (Figure 10) represents the performance of a KNeighbours classifier with an
AUC of 0.98. This indicates an excellent ability to distinguish between the classes. The
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true positive rate (sensitivity) is high, while the false positive rate is kept low across the
threshold settings, which is indicative of a model with high diagnostic ability.
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Figure 9. ROC curve of the MLPClassifier and confusion matrix.
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Figure 10. ROC curve of the KNeighbors classifier and confusion matrix.

This model shows a slight increase in false negatives (3) compared to MLP but im-
proves on the true negatives (86) with a modest number of false positives (18). It has a
very high number of true positives (192), indicating it is quite sensitive to the positive class.
Evaluating machine learning models by AUC and confusion matrices, logistic regression
(AUC: 0.72) performs least accurately, while MLPClassifier (AUC: 0.99) and XGBoost clas-
sifier (AUC: 0.98) excel in predicting postnatal depression. The MLPClassifier achieves
the highest true positive rate and lowest false negatives, making it optimal for identifying
postnatal depression cases, critical for ensuring timely treatment. SVC and decision tree
models perform well but fall short of MLPClassifier’s accuracy. Given its high true positive
rate and low false positive rate, the MLPClassifier is the best choice for integration into a
web platform for postnatal depression prediction, ensuring reliable identification of those
needing support while minimizing misclassification of healthy individuals.

4.7. Hyperparameter Tuning of the Multilayer Perceptron (MLP) Model

A grid search tuned the MLPClassifier’s hyperparameters, testing combinations of
hidden layer sizes ((50,), (100, 50), (100, 100, 50)), activation functions (‘logistic’, ‘relu’), and
alpha values (0.0001, 0.001, 0.01). Using 5-fold cross-validation on training data, models
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were scored by F1 score. The grid search yielded an optimal F1 score of 0.976, indicating
high precision and recall. The best hyperparameters were ‘relu’ activation, alpha of 0.0001,
and hidden layer sizes of (100, 100, 50). This complex model, with two 100-neuron layers
and one 50-neuron layer, regularized with low alpha, performed best. Evaluated on the test
set, it achieved 99% accuracy, suggesting the MLPClassifier is highly effective for postnatal
depression prediction and reliable for real-world deployment, such as in a web interface.

4.8. Integration of the MLP Model into a Web Page

It will be of little to no importance if researchers or healthcare workers cannot make
use of the built MLP model to make predictions on postnatal depression. This is where
Streamlit comes into action. Streamlit is the fastest way to build any data app and share it. It
allows machine learning practitioners to share their models in a user-friendly fashion with
little or no code approach (“Streamlit: A faster way to build and share data apps”, 2021).
The Streamlit app was developed in Python. The built-in functions used include the
slider widget for selecting age, and input-number widgets for recording emotion scores
for sadness, irritability, trouble sleeping problem with concentration, loss of appetite, guilt
feeling and suicide attempt. Lastly, the submit button will implement the prediction
function and return an output.

5. Discussion

This study presented a comprehensive analysis of various machine learning models to
predict postnatal depression (PND) and its subsequent impact on infant bonding. The re-
sults were particularly striking in the context of the MLPClassifier, which achieved an AUC
of 0.99, demonstrating remarkable predictive power. Compared to the findings of Zhang
et al. [10], who reported an AUC of 0.78 using SVM and RF models, this study represents a
significant advance in the accuracy of PND prediction. This leap in predictive performance
can be attributed to a rigorous hyperparameter tuning process and the utilization of a rich
dataset encompassing a wide range of factors, from demographic to psychosocial variables.
This meticulous approach mirrors the steps taken in related research, [25], which also
underscored the importance of a diverse array of predictive variables in machine learning
applications within mental health.

The study demonstrates that logistic regression, SVM, MLP, decision tree, XGBoost,
and KNN effectively predict postnatal depression (PND) using demographic, medical, and
psychosocial factors, achieving high accuracy (up to 95% with MLP) for early identification
and intervention (RQ1). These models analyze complex patterns in data, such as prenatal
depression, anxiety, socio-economic status, and stress, to estimate PND risk, enabling
targeted mental health support. Regarding RQ2, PND is linked to impaired maternal
responsiveness, sensitivity, and attachment behaviors, negatively affecting mother—infant
bonding, as depressed mothers may exhibit intrusive or withdrawn interaction patterns,
disrupting secure attachment. For RQ3, key predictors of PND severity and duration
include antepartum depression, psychosocial stressors (e.g., lack of support, relationship
issues), and biochemical markers like elevated TSH and serum ferritin. Models like MLP
and XGBoost, with AUCs of 0.99 and 0.98, respectively highlight these factors’ significance
in predicting PND risk accurately, facilitating timely interventions to mitigate symptom
severity and duration.

The integration of the MLPClassifier into a web interface marks a transition from
theoretical research to a practical diagnostic tool. The choice of the MLP model over others,
such as logistic regression or SVM, was based not only on its statistical superiority but
also on its operational feasibility. The MLP’s high true positive rate and minimal false
negatives are of paramount importance in a clinical setting where early detection can
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drastically alter the course of treatment and patient support. Its deployment through a
user-friendly Streamlit application facilitates greater access to mental health evaluation
tools, democratizing the early identification of PND risk. This step forward echoes the
transition seen in other healthcare models, where machine learning has bridged the gap
between data science and patient care, such as in the dermatological imaging analyses [34].

The superior performance of the MLPClassifier in this study indicates that it is a robust
tool which can be relied upon for accurate PND predictions, leading to timely and poten-
tially life-saving interventions. This aligns with the research conducted by Shin et al. [35],
which highlighted the necessity of accurate prediction models in improving maternal and
child health outcomes. It also aids the findings of Roshaidai et al. [36], whose emphasis was
on the high prevalence and critical impact of PND on mother-infant dynamics, underscor-
ing the need for such advanced predictive technologies. It is fundamental to consider the
implications of integrating such a model into clinical practice. The ease of interpretability
of the MLPClassifier’s predictions allows for greater trust and reliance on the part of health-
care providers, which is a necessary step for its adoption. This user-centered approach
in the application of complex models is essential for clinical acceptance [37], and it is a
decisive factor in the application of machine learning in healthcare.

Limitations

This study’s focus on postnatal depression (PND) within the first year postpartum
provides valuable insights but introduces limitations. The temporal scope excludes late-
onset PND or long-term effects beyond this period, limiting the understanding of PND’s full
spectrum. Additionally, the exclusive focus on PND omits related perinatal mental health
disorders, such as antenatal depression or anxiety, neglecting their interconnected impacts
on mothers and infants. The reliance on demographic, medical, and psychosocial factors
for prediction may reduce generalizability, as data availability, quality, and relevance vary
across populations, potentially limiting model applicability. Using secondary open datasets
(e.g., from Kaggle) introduces challenges, including questionable data quality, potential
misalignment with study needs, incomplete documentation, legal/ethical concerns, and
inherent biases. Firstly, the model’s dependence on self-reported data introduces potential
for cultural and recall bias, and the lack of biochemical markers limits its clinical depth.
Secondly, future validation is required on a multi-ethnic cohort with serological data to
confirm generalizability. Due to the scope and focus of this study, we did not perform
statistical significance testing (e.g., DeLong’s test or bootstrap AUC comparison) between
the top-performing models. Future work will focus DeLong’s test and bootstrap resampling
to provide statistical significance of performance differences between the proposed model
and baseline classifiers.

6. Conclusions

This study advances the application of machine learning in predicting postnatal de-
pression (PND) and its impact on infant bonding, marking a significant step in mental
health technology. By integrating diverse datasets and employing advanced analytical
models, the research elucidates PND’s complexities and offers hope for early, accurate
diagnosis. The multilayer perceptron (MLP) classifier achieved an exceptional Area Under
the Curve (AUC) of 0.99, demonstrating superior precision in identifying PND cases com-
pared to traditional statistical methods. This high accuracy establishes the MLPClassifier
as a powerful clinical prediction tool. Implemented through a user-friendly Streamlit web
interface, the model enhances accessibility, providing reliable diagnostic support for health-
care professionals and patients. The research underscores machine learning’s potential to
yield critical insights into complex, multifactorial health conditions. By addressing PND
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underdiagnosis, it paves the way for improved clinical outcomes and serves as a founda-
tion for future research to refine model precision and broaden applicability across diverse
populations. The study’s implications extend beyond academia, merging technology with
human well-being to support new mothers during vulnerable life stages. It encourages
further innovation at the intersection of machine learning and mental health, fostering tools
to mitigate PND'’s effects and strengthen mother-infant bonds, essential for societal health.
To maximize impact, future work should validate the model across varied cultural, social,
and economic contexts and include a wider range of perinatal mental health conditions.
The future efforts must focus on collecting primary data with physiological measurements
to translate this model into a robust clinical tool. Longitudinal studies are essential to
evaluate the lasting impacts of postnatal depression (PND) on mothers, children, and
families, ensuring a deeper understanding of its long-term consequences. High-quality
primary data collection will further improve the accuracy and robustness of our machine
learning models for clinical and research applications. Additionally, we plan to deploy
the Streamlit-based web interface in future studies for user testing and clinical validation.
This will allow healthcare providers to assess their usability and effectiveness in real-world
settings. These efforts will enhance the practical relevance of our MLPClassifier model for
PND prediction.
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