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 Postpartum depression (PPD) is a significant mental health concern affecting 

mothers worldwide, irrespective of demographic factors. Detecting and 

managing PPD at an early stage is crucial for effective intervention. In the 

context of mental health, intelligent predictive models based on machine 

learning (ML) have emerged as valuable tools. However, there remains a 

relative scarcity of research specifically targeting postpartum mental health 

due to several prominent factors that collectively impede the widespread 

adoption and practical implementation of ML in the field of PPD. This paper 

provides an updated overview of ML approaches for PPD prediction. A 

systematic search across IEEE Xplore, PubMed, Science Direct, and Scopus 

yielded 1,074 relevant articles. The performance of ML algorithms varies 

depending on the dataset and the problem being addressed. Notably, the 

findings reveal that the random forest (RF) algorithm consistently 

demonstrates the highest predictive accuracy, followed by support vector 

machine (SVM), logistic regression (LR), XGBoost, and AdaBoost. The 

development of advanced data techniques in PPD has encouraged 

interdisciplinary collaboration between researchers in psychiatry and 

computer science that holds great potential for refining the accuracy and 

reliability of PPD predictive models, ultimately resulting in improved 

outcomes for mothers and their families through early detection, 

intervention, and support. 
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1. INTRODUCTION  

Maternal mortality is a pressing issue due to the combined impact of physiological and 

psychological changes experienced by women during childbirth [1], [2]. Postpartum psychological 

adjustment encompasses a spectrum of psychological changes that women undergo after giving birth. While 

many women effectively adapt to their new role as mothers, some may encounter emotional, behavioural, and 

cognitive challenges during the postpartum period. Maternal mental health disorders significantly contribute 

to adverse morbidity and mortality for both mothers and newborns [3]. These disorders can manifest during 

pregnancy and continue into the postpartum period [4]. Postpartum depression (PPD) alone affects a 

substantial proportion of the global population, with an estimated prevalence of 17.22% [5]. However, it is 

important to note that the true incidence of PPD may be even higher than reported [6]. 

https://creativecommons.org/licenses/by-sa/4.0/
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PPD has far-reaching effects on various aspects of individuals' lives, including children and families. 

It can negatively influence the mother-infant relationship, potentially leading to the baby’s developmental 

delays. Furthermore, untreated PPD can have detrimental effects on maternal health, impacting sleep, 

appetite, and daily functioning [7], [8]. However, with timely and effective treatment, both the mother and 

the baby can experience significant benefits. Thus, healthcare providers must prioritize screening for 

perinatal mental health disorders during pregnancy and the postpartum period, enabling the provision of 

appropriate treatment. 

Early detection is crucial for ensuring timely and appropriate treatment for mothers at risk of mental 

health disorders, including PPD [9]-[12]. The utilization of an effective predictive model can assist healthcare 

workers in identifying and managing patients who are at a heightened risk of developing PPD [13]. Machine 

learning (ML) has emerged as a valuable tool in the field of mental health. ML techniques enable more 

accurate and confident predictions at the individual patient level [14]. Timely intervention plays a vital role 

in reducing the burden of mental disorders. Clinical models can be implemented immediately after delivery 

to identify high-risk cases of PPD, allowing for individualized follow-up and cost-effectiveness [15]. The 

performance of ML models can be enhanced by incorporating a comprehensive set of features to estimate 

robust model parameters [16]. 

ML models have demonstrated exceptional performance in various domains [17]-[19]. In the realm 

of mental health, ML algorithms have shown promise in predicting depression. Random forest (RF) achieved 

the highest area under curve (AUC) of 0.70, followed by support vector machine (SVM) with an AUC of 

0.65 when predicting depression in social media users [20]. Similarly, Shin et al. [13] found that RF yielded 

an impressive AUC of 0.884, with SVM closely behind at 0.864. RF, SVM, and AdaBoost have been 

consistently identified as the top-performing algorithms in the field [8], [13]. Additionally, Naive Bayes (NB) 

has been widely utilized in mental health contexts [9], [13], [15], 20]. 

However, there remains a relative scarcity of research specifically targeting postpartum mental 

health using ML. The ML application is hindered by limitations in real-world clinical settings, the absence of 

representative datasets, challenges in achieving model transparency, and the need for replicating findings. 

These factors collectively impede the widespread adoption and practical implementation of ML in the field of 

PPD. Thus, this study aims to provide an overview of ML studies in mental health while identifying gaps and 

opportunities for further research. Specifically, it will elucidate the use of ML in mental health, highlight the 

best-performing ML algorithms, and explore the screening tools and data sources worthy of investigation.  

 

 

2. METHOD 

The review protocol was implemented as a reference basis for selecting articles in this study. It 

involved conducting a systematic search of previous research following the preferred reporting items for 

systematic reviews and meta-analyses (PRISMA) method approach [21], [22]. The process included defining 

sources, criteria, data collection procedures, and study results. 

 

2.1.  Search strategy  

The search began by determining the keywords for obtaining research articles. The keywords 

"postpartum depression or postnatal repression" and "artificial intelligence (AI) or machine learning" were 

used to search for relevant articles. Subsequently, four prominent databases, namely IEEE Xplore, PubMed, 

Science Direct, and Scopus were utilized as sources for the literature search. These databases provided a 

diverse range of research articles, enabling a comprehensive exploration of the topic at hand. 

 

2.2.  Study selection  

To ensure a systematic literature review, clear selection criteria were established to guide the 

selection process, aligning with the research objectives. Search queries using the following predefined 

criteria were employed to identify relevant articles: 

a. Articles published from 2017 to 2022 were included to capture the most recent research. 

b. Only articles written in the English language were considered for inclusion. 

c. The articles were sourced from reputable scientific journals and conference proceedings. 

The article selection was conducted in three stages. Stage 1 involved filtering articles based on the following 

criteria: 

a. Availability of the full version (full text) of the articles. 

b. Only the journal version was considered if studies had both conference and journal versions. 

c. Only the most complete and recent version was included for duplicate publications of the study. 

Stage 2 screening was done by assessing the titles and abstracts of articles. Stage 3 further refined 

the article selection by applying inclusion and exclusion criteria. The inclusion criteria include studies 
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focused on mental health, depression, and PPD, specifically those utilizing ML techniques. Conversely, the 

exclusion criteria encompassed studies that did not primarily focus on mental health, depression, and PPD in 

the context of ML. The stringent application of these inclusion and exclusion criteria ensured that the 

selected articles were highly relevant to the research objectives, enhancing the quality and coherence of the 

literature review. The research flow is illustrated in Figure 1.  

 

 

 
 

Figure 1. Research flow and the results of the studies at each stage 

 

 

2.3.  Data extraction and analysis plan 

The comprehensive analysis of the collected articles followed a structured approach that 

meticulously scrutinized various key criteria. To ensure a robust evaluation, these criteria encompassed 

multiple dimensions. The analysis was based on several key criteria, including; i) paper characteristics, such 

as the country of the first author, the year of publication, and the research focus; ii) the specific ML 

techniques employed; iii) the datasets utilized in the studies; and iv) the PPD screening tools applied. 

Through a systematic examination of these aspects, valuable insights were derived to identify gaps in the 

existing literature and uncover potential opportunities for future research. The data analysis followed a 

systematic review methodology, enabling a comprehensive examination of the articles and facilitating the 

identification of trends, patterns, and areas that warranted further investigation. This analysis forms a pivotal 

part of the insights necessary for advancing and enhancing research in the realm of postpartum depression 

and the utilization of machine learning in mental health sectors. 

 

 

3. RESULTS AND DISCUSSION 

As depicted in Figure 1, a total of 1,074 articles have been identified based on keywords assigned to 

4 databases. The articles obtained are then selected for stage 1 by filtering duplications, the origin of the 

journal, and the completeness of the journal. In the first stage of selection, 687 articles were excluded, 

leaving 387 articles to proceed to the next stage. The selection continued with stage 2 selection, where 286 

titles and article abstracts were found to be irrelevant to the expected research objectives. As a result, 101 

articles were chosen to move on to the next stage. The final step in the article selection process involved 

determining articles based on inclusion and exclusion criteria. A total of 37 articles were excluded because 

they did not meet the inclusion criteria. Therefore, a total of 64 articles were deemed eligible for this study. 

However, among the eligible articles, 14 of them employed a literature review design, which included meta-

analysis, systematic review, scoping review, and bibliometric study. Literature reviews are used to justify the 

proposed research [23]. Consequently, research with a literature review approach is essential as a foundation 

for conducting further research.  

 

3.1.  Characteristics of publication 

The study assesses research quality based on article characteristics, including publication year, first 

author nationality, and research focus. Figure 2 shows a consistent increase in mental health research with 

ML from 2017 to early 2022, indicating a growing interest in using technology for mental health. Publication 

year provides crucial information for tracking advancements and identifying trends in mental health research. 

in Figure 3, the United States leads in research articles (9), followed by China (8) and Australia (5). Limited 
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research in Southeast Asian countries presents an opportunity for technological health sector development. 

Table 1 outlines research focuses on ML for mental health, with 22 articles on depression, while women's 

mental health research remains limited (2 on antenatal depression, 2 on perinatal mental health, and 16 on 

PPD). Challenges in obtaining diverse women's mental health data contribute to this scarcity. ML in mental 

health research poses ethical concerns related to data security, confidentiality, biases, and accurate 

interpretation of results. Technical skills in data processing, statistical analysis, and programming are 

required, serving as a limitation for researchers entering ML-based mental health studies. 

 

 

 

 

Figure 2. Publication count by year Figure 3. Publication count by countries of the first author 

 

 

Table 1. Publication count by the research focus and years 

Research focus 
Years of publication 

2017 2018 2019 2020 2021 2022 

Depression  - 1 1 5 10 5 

Emotional status of pregnant women - - - - - 1 

Mental disorder - - - 1 1 1 
Postpartum depression 1 - 3 5 5 2 

Antenatal depression - - - - 1 1 

Perinatal mental health - 1 - 1 - - 
Post-traumatic syndrome disorder - - - 1 - 1 

Schizophrenia  - - - 1 - - 

Stress - - - - 1 - 
Total 1 2 4 14 18 11 

 

 

3.2.  Machine learning methods 

AI in the health sector has rapidly developed in the last five decades, providing a potential solution 

to clinical health problems [24]–[26]. Traditionally, statistical methods have been used to establish these 

patterns and associations for evidence-based practice. However, with technological advancement, computers 

can learn the art of diagnosing and making decisions. AI can complement clinical decisions by increasing 

diagnostic accuracy, supporting clinical reasoning processes, and advancing understanding of the 

pathophysiology of mental illness [27].  

The field of AI still requires further development to address issues and problems in its application. 

Navarro et al. [28] reported that a significant proportion of studies focusing on predictive models 

demonstrate poor methodological quality and are associated with a high risk of bias. Dhiman et al. [29] 

argued that ML-based prognostic models in the oncology domain demonstrate poor quality and a high risk of 

bias. Factors contributing to the risk of bias include small study sizes, inadequate handling of missing data, 

and failure to address overfitting. Efforts to enhance the design, execution, reporting, and validation of such 

studies are necessary to encourage the application of ML-based predictive models in clinical practice [27]–

[30]. Few studies have focused on the development and testing of ML algorithms for the detection and 

prediction of PPD. In contrast, other studies have concentrated on comparing the effects of various ML 

algorithms to predict PPD and exploring the most significant factors in the model for PPD prediction. 

Table 2 describes the ML techniques used to predict the incidence of PPD. According to the results 

of the systematic literature review, all articles employ a supervised learning approach to predict the 

occurrence of PPD. The majority of the articles (n=11) included in the analysis adopted a multi-algorithm 
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approach to address the problem at hand and attain optimal performance. The commonly used algorithms for 

PPD prediction include RF (n=9), logistic regression (LR) (n=6), SVM (n=5), NB (n=4), and extreme 

gradient boosting (XGBoost) (n=4). The RF algorithm shows the best performance in most cases, with five 

articles identifying RF as the top-performing algorithm. The algorithms demonstrating optimal performance 

mostly utilize RF, achieving an accuracy of approximately 78-79%. RF is derived from the development of 

decision trees (DTs) and can be seen as a combination of several DTs. Additionally, RF is well-suited for 

classification and regression problems involving large datasets. By employing multiple trees, RF enhances 

accuracy compared to using a single tree. In classification tasks, the final class is determined based on the 

"most votes" or the collective votes of each tree. Conversely, in regression tasks, the prediction results are 

determined based on the average value of each tree [31]. Moreover, it is possible to further improve the level 

of accuracy achieved by the ML techniques used in the case of PPD to obtain optimal performance. 

 

 

Table 2. Machine learning methods involved in the PPD study 
Author (Year) Methods Best algorithm 

Fischbein et al. (2022) [32] k-NN; stepwise LR; RF; bagged classification and regression tree; stochastic 

gradient boosting (SGB); conditional RF; NN; Bayesian additive regression 

trees. 

RF; SGB 

Gopalakrishnan et al. (2022) 

[33]  

A sequential subject selection method; LR; multiple imputation by chained 

equation; mean decrease in impurity; NB; RF; extreme randomized trees 

(XRT); ridge regression; selection operator regression; stacked ensemble; 
gradient boosting. 

XRT (79%) 

Andersson et al. (2021) [15] Ridge regression; Lasso regression, gradient boosting machine; distributed 

RF; XRT; NB; stacked ensemble. 

XRT (73%) 

Park et al. (2021) [10] LR; RF; XGBoost; 3-fold cross validation (CV); disparate impact; equal 

opportunity difference 

LR (73%) 

Zhang et al. (2021) [7] Systematized nomenclature of medicine codes; observational medical 
outcomes partnership; LR; RF; DT; XGBoost; multilayer perceptron (MLP); 

sequential forward selection; 5-fold CV 

LR with L2 
regularization (93%) 

Amit et al. (2021) [34] Gradient boosting; McNemar test; Ensemble of DT Ensemble of DT (84%) 
Hochman et al. (2021) [35] XGBoost XGBoost (90%) 

Shin et al. (2020) [13] RF; SGB; SVM; recursive partitioning and regression trees (RPART); NB; k-

NN; LR; NN; AdaBoost; 10-fold CV 

RF (79%) 

Valavani et al. (2020) [36] Relief-F; RF; Boruta; 10-fold CV RF 

Trifan et al. (2020) [37] Scikit learn; the Reddit Self-reported Depression Dataset (RSDD) RSDD trained model 

Shatte et al. (2020) [38] SVM; 10-fold CV SVM (66%) 
Zhang et al. (2020) [39] RF; SVM; RF-based filter feature selection [FFS-RF]; 5-fold CV; expert 

consultation method 

SVM; FFS-RF (78%) 

Cai et al. (2019) [11] RF; C4.5; 10-fold CV RF 
Wang et al. (2019) [40] SVM; RF; NB; L2 regularized LR; XGBoost; DT; 10-fold CV SVM (79%) 

Fatima et al. (2019) [41] Lasso regression; LR; SVM; MLP; 10-fold CV LR (83.81%) 

Natarajan et al. (2017) [12] NB; decision-trees (J48); LR; AdaBoost; bagging; functional-gradient 
boosting; synthetic minority oversampling technique; 5-fold CV 

Gradient boosting 

 

 

In Weill Cornell Medicine and NewYork-Presbyterian Hospital's EHR data, LR was the best 

algorithm with an AUC of 0.937 [7]. Shin et al. [13] found RF to be the top performer, achieving 0.791 

accuracy in predicting PPD. For PPD cases in the pregnancy risk assessment monitoring system (PRAMS) 

dataset, RF, SVM, GBM, and AdaBoost excelled. Conversely, NB was noted as one of the least effective 

models [9]. Only eight studies used cross-validation (3-fold, 5-fold, and 10-fold), a crucial ML technique for 

model evaluation, selection, and performance estimation. Cross-validation ensures reliability, and accuracy 

on new data, and facilitates model comparison or hyperparameter tuning by evaluating multiple training and 

validation iterations [42]. 

 

3.3.  Dataset 

Datasets play a pivotal role in predicting PPD using ML techniques. They serve as the basis for 

training and evaluating predictive models, enabling the identification of patterns, relationships, and indicators 

associated with PPD. The quality and comprehensiveness of the datasets significantly impact the accuracy 

and reliability of the models developed. The datasets encompass a wide range of information, including 

demographic data, medical history, psychological assessments, social factors, and other relevant variables. 

These datasets help uncover potential risk factors and protective factors associated with the condition.  

Table 3 describes the datasets used in predicting PPD events using ML. All the studies demonstrated the 

effectiveness of ML models in predicting PPD using various types of data, including surveys, electronic 

health records (EHR), population data, and data from social media platforms. The studies consistently 

indicated that the ML approach is more useful than traditional statistical approaches. However, the acceptable 
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level of accuracy, sensitivity, or specificity varied depending on the study objectives and dataset. No studies 

explicitly compared the performance of ML models with other traditional statistical analyses. 

 

 

Table 3. Dataset and screening tools used in the PPD study 

Author (year) Screening tools Data source 
Sample 

size 

Fischbein et al. (2022) [32] PRAMS questionnaires Pregnancy risk assessment monitoring 
system (PRAMS) 

1,920 

Gopalakrishnan et al. (2022) 

[33]  

Edinburgh postnatal depression scale (EPDS); 

Patient health questionnaire-2 (PHQ-2); 
Postpartum depression screening scale (PDSS) 

SRM medical college and research center in 

Chennai, India 

217 

Andersson et al. (2021) [15] EPDS Biology, affect, stress, imaging and 

cognition during pregnancy and the 
puerperium (BASIC) 

4,313 

Park et al. (2021) [10] - IBM MarketScan medicaid database 573,634 

Zhang et al. (2021) [7] - EHR from Weill Cornell medicine and 
NewYork Presbyterian hospital 

15,141 

Amit et al. (2021) [34] EPDS EHR data from IQVIA medical research 

Data (IMRD) 

266,544 

Hochman et al. (2021) [35] - The Clalit health services EHR 214,359 

Shin et al. (2020) [13] PHQ-2 PRAMS 28,755 

Valavani et al. (2020) [36] EPDS A longitudinal study conducted at the Royal 
Infirmary of Edinburgh 

144 

Trifan et al. (2020) [37] - The Reddit API - 

Shatte et al. (2020) [38] - Reddit  365 
Zhang et al. (2020) [39] EPDS Two maternity centers in Changsha and 

Yiyang in the Hunan Province  

508 

Cai et al. (2019) [11] PDSS PDSS questionnaires collected from a 
county in North Carolina 

586 

Wang et al. (2019) [40] - EHR from Weill Cornell Medicine and 

NewYork Presbyterian Hospital 

9,980 

Fatima et al. (2019) [41] - Python Reddit API Wrapper (PRAW) 3,176 

Natarajan et al. (2017) [12] The postpartum depression predictors inventory 

(PDPI-R) 

A survey questionnaire 173 

 

 

Sample sizes in the studies varied from 144 to 573,634. Larger datasets, as shown by Kokol et al. 

[43] demonstrated, generally leading to better ML results. The ideal sample size depends on factors like 

problem complexity, features, algorithm type, and data variability. Poor or unrepresentative data can result in 

biased outcomes [44]. To enhance information from available data, cross-validation techniques can be 

employed. Feature selection and dimensionality reduction help reduce model complexity and avoid 

overfitting. 

 

3.4.  Screening tools 

Table 3 describes the instruments used in the conducted study to obtain data. The table reveals that 

the majority of the articles utilize the EPDS as a screening tool. This EPDS preference stems from its 

extensive testing and demonstrated validity and reliability in identifying depressive symptoms among 

postpartum mothers. The instrument has been validated across diverse populations [45], [46]. The EPDS 

evaluates emotional experiences over the preceding seven days using a ten-item Likert scale that corresponds 

to various symptoms of depression. Given its versatility, EPDS can be employed in a variety of clinical 

settings, including the utilization of postnatal surveillance, and maternal health services [47], [48]. 

Collaboration of such clinical studies with ML has also proven fruitful, producing more efficient and accurate 

analysis of medical data [49], [50]. 

 

 

4. CONCLUSION 

The utilization of ML for predicting PPD has demonstrated remarkable advancements in recent 

years. Compared to traditional statistical methods, ML algorithms exhibit the capability to analyze larger 

datasets and perform more sophisticated computations. ML has the potential to greatly enhance the early 

detection of PPD. However, this field of research is still in its emerging stage, and further investigations are 

required to fully understand the benefits of ML in maternal mental health. The effectiveness of ML 

techniques and model performance may vary depending on factors such as data type, content, quality, and 

accuracy. As ML tools become increasingly accessible, there is hope for continued development in the realm 

of mental health, particularly for women. As the ML algorithms continue to be refined and improved, they 
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can assist healthcare workers in identifying mental health issues in women at an earlier stage, enabling more 

effective interventions and appropriate treatments.  

 

 

REFERENCES 
[1] L. M. Howard and H. Khalifeh, “Perinatal mental health: a review of progress and challenges,” World Psychiatry, vol. 19, no. 3, 

pp. 313–327, Oct. 2020, doi: 10.1002/WPS.20769. 
[2] J. H. Park, W. Karmaus, and H. Zhang, “Prevalence of and risk factors for depressive symptoms in Korean women throughout 

pregnancy and in postpartum period,” Asian Nurs. Res. (Korean. Soc. Nurs. Sci)., vol. 9, no. 3, pp. 219–225, Sep. 2015, doi: 

10.1016/J.ANR.2015.03.004. 
[3] T. Nuryati and Y. Amir, “Mental Health Problems of Pregnant Women, the Causes, and the Need for Social Support,” J. 

Biometrika dan Kependud., vol. 11, no. 1, pp. 80–88, 2022, doi: 10.20473/jbk.v11i1.2022.80-88. 

[4] T. S. Handini and N. Puspitasari, “Differences in Postpartum Maternal Depression Levels Based on Characteristics of Maternal 
Age and Husband Support,” Indones. J. Public Heal., vol. 16, no. 1, p. 124, 2021, doi: 10.20473/ijph.v16i1.2021.124-133. 

[5] Z. Wang et al., “Mapping global prevalence of depression among postpartum women,” Transl. Psychiatry, vol. 11, no. 1, pp. 1–

24, 2021, doi: 10.1038/s41398-021-01663-6. 
[6] K. M. Moss, N. Reilly, A. J. Dobson, D. Loxton, L. Tooth, and G. D. Mishra, “How rates of perinatal mental health screening in 

Australia have changed over time and which women are missing out,” Aust. N. Z. J. Public Health, vol. 44, no. 4, pp. 301–306, 

2020, doi: 10.1111/1753-6405.12999. 
[7] Y. Zhang, S. Wang, A. Hermann, R. Joly, and J. Pathak, “Development and validation of a machine learning algorithm for 

predicting the risk of postpartum depression among pregnant women,” J. Affect. Disord., vol. 279, pp. 1–8, Jan. 2021, doi: 
10.1016/j.jad.2020.09.113. 

[8] M. S. Zulfiker, N. Kabir, A. A. Biswas, T. Nazneen, and M. S. Uddin, “An in-depth analysis of machine learning approaches to 

predict depression,” Curr. Res. Behav. Sci., vol. 2, Nov. 2021, doi: 10.1016/j.crbeha.2021.100044. 
[9] Y. E. Alharahsheh and M. A. Abdullah, “Predicting Individuals Mental Health Status in Kenya using Machine Learning 

Methods,” in 2021 12th International Conference on Information and Communication Systems, ICICS 2021, May 2021, pp. 94–

98, doi: 10.1109/ICICS52457.2021.9464608. 
[10] Y. Park et al., “Comparison of Methods to Reduce Bias from Clinical Prediction Models of Postpartum Depression,” JAMA Netw. 

Open, vol. 4, no. 4, Apr. 2021, doi: 10.1001/jamanetworkopen.2021.3909. 

[11] M. Cai, Y. Wang, Q. Luo, and G. Wei, “Factor analysis of the prediction of the postpartum depression screening scale,” Int. J. 
Environ. Res. Public Health, vol. 16, no. 24, Dec. 2019, doi: 10.3390/ijerph16245025. 

[12] S. Natarajan, A. Prabhakar, N. Ramanan, A. Baglione, K. Connelly, and K. Siek, “Boosting for Postpartum Depression 

Prediction,” in The Second IEEE/ACM Conference on Connected Health: Applications, Systems and Engineering Technologies, 
2017, pp. 232–240, doi: 10.1109/CHASE.2017.82. 

[13] D. Shin, K. J. Lee, T. Adeluwa, and J. Hur, “Machine learning-based predictive modeling of postpartum depression,” J. Clin. 

Med., vol. 9, no. 9, pp. 1–14, Sep. 2020, doi: 10.3390/jcm9092899. 
[14] Y. Liu, J. Hankey, B. Cao, and P. Chokka, “Screening for major depressive disorder in a tertiary mental health centre using 

EarlyDetect: A machine learning-based pilot study,” J. Affect. Disord. Reports, vol. 3, Jan. 2021, doi: 10.1016/j.jadr.2020.100062. 

[15] S. Andersson, D. R. Bathula, S. I. Iliadis, M. Walter, and A. Skalkidou, “Predicting women with depressive symptoms postpartum 
with machine learning methods,” Sci. Rep., vol. 11, no. 1, Dec. 2021, doi: 10.1038/s41598-021-86368-y. 

[16] H. Zogan, I. Razzak, X. Wang, S. Jameel, and G. Xu, “Explainable depression detection with multi-aspect features using a hybrid 

deep learning model on social media,” World Wide Web, vol. 25, no. 1, pp. 281–304, Jan. 2022, doi: 10.1007/s11280-021-00992-
2. 

[17] B. Rahmatullah and J. A. Noble, “Anatomical Object Detection in Fetal Ultrasound: Computer-Expert Agreements,” Commun. 

Comput. Inf. Sci., vol. 404 CCIS, pp. 207–218, 2014, doi: 10.1007/978-3-642-54121-6_18/COVER. 
[18] B. Rahmatullah, “Comparative analysis of automated applications using fetal ultrasound images,” Indian J. Public Heal. Res. 

Dev., vol. 10, no. 4, pp. 1271–1276, 2019, doi: 10.5958/0976-5506.2019.00887.8. 

[19] B. Rahmatullah, A. T. Papageorghiou, and J. Alison Noble, “Image analysis using machine learning: Anatomical landmarks 
detection in fetal ultrasound images,” Proc. - Int. Comput. Softw. Appl. Conf., pp. 354–355, 2012, doi: 

10.1109/COMPSAC.2012.52. 

[20] J. Liu and M. Shi, “A Hybrid Feature Selection and Ensemble Approach to Identify Depressed Users in Online Social Media,” 
Front. Psychol., vol. 12, Jan. 2022, doi: 10.3389/fpsyg.2021.802821. 

[21] B. Zhang, B. Rahmatullah, S. L. Wang, A. A. Zaidan, B. B. Zaidan, and P. Liu, “A review of research on medical image 

confidentiality related technology coherent taxonomy, motivations, open challenges and recommendations,” Multimed. Tools 
Appl. 2020 8214, vol. 82, no. 14, pp. 21867–21906, Aug. 2020, doi: 10.1007/S11042-020-09629-4. 

[22] N. A. Ghafar et al., “Systematic Literature Review on Digital Courseware Usage in Geography Subjects for Secondary School 

Students,” J. ICT Educ., vol. 10, no. 1, pp. 26–39, 2023, doi: 10.37134/jictie.vol10.1.3.2023. 
[23] M. Young, “Quality of literature review and discussion of findings in selected papers on integration of ICT in teaching, role of 

mentors, and teaching science through science, technology, engineering, and mathematics (STEM),” Educ. Res. Rev., vol. 12, no. 

4, pp. 189–201, 2017, doi: 10.5897/err2016.3088. 
[24] J. Bajwa, U. Munir, A. Nori, and B. Williams, “Artificial intelligence in healthcare: Transforming the practice of medicine,” 

Futur. Healthc. J., vol. 8, no. 2, pp. e188–e194, 2021, doi: 10.7861/fhj.2021-0095. 

[25] G. Briganti and O. Le Moine, “Artificial Intelligence in Medicine: Today and Tomorrow,” Front. Med., vol. 7, Feb. 2020, doi: 
10.3389/fmed.2020.00027. 

[26] V. Kaul, S. Enslin, and S. A. Gross, “History of artificial intelligence in medicine,” Gastrointestinal Endoscopy, vol. 92, no. 4. pp. 

807–812, Oct. 2020, doi: 10.1016/j.gie.2020.06.040. 
[27] E. E. Lee et al., “Artificial Intelligence for Mental Health Care: Clinical Applications, Barriers, Facilitators, and Artificial 

Wisdom,” Biological Psychiatry: Cognitive Neuroscience and Neuroimaging, vol. 6, no. 9. Elsevier Inc., pp. 856–864, Sep. 01, 

2021, doi: 10.1016/j.bpsc.2021.02.001. 
[28] C. L. A. Navarro et al., “Risk of bias in studies on prediction models developed using supervised machine learning techniques: 

Systematic review,” BMJ, vol. 375, 2021, doi: 10.1136/bmj.n2281. 

[29] P. Dhiman et al., “Risk of bias of prognostic models developed using machine learning: a systematic review in oncology,” 

Diagnostic Progn. Res., vol. 6, no. 1, 2022, doi: 10.1186/s41512-022-00126-w. 



                ISSN: 2302-9285 

Bulletin of Electr Eng & Inf, Vol. 13, No. 4, August 2024: 2729-2737 

2736 

[30] Q. Yang et al., “Reporting and risk of bias of prediction models based on machine learning methods in preterm birth: A 

systematic review,” Acta Obstet. Gynecol. Scand., no. June 2022, pp. 7–14, 2022, doi: 10.1111/aogs.14475. 
[31] G. Louppe, “Understanding Random Forests: From Theory to Practice,” arXiv, 2014, doi: 10.48550/arXiv.1407.7502. 

[32] R. Fischbein, H. L. Cook, K. Baughman, and S. R. Díaz, “Using machine learning to predict help-seeking among 2016–2018 

Pregnancy Risk Assessment Monitoring System participants with postpartum depression symptoms,” Women’s Heal., vol. 18, 
Jan. 2022, doi: 10.1177/17455057221139664/ASSET/IMAGES/LARGE/10.1177_17455057221139664-FIG1.JPEG. 

[33] A. Gopalakrishnan, R. Venkataraman, R. Gururajan, X. Zhou, and G. Zhu, “Predicting Women with Postpartum Depression 

Symptoms Using Machine Learning Techniques,” Mathematics, vol. 10, no. 23, pp. 1–26, 2022, doi: 10.3390/math10234570. 
[34] G. Amit et al., “Estimation of postpartum depression risk from electronic health records using machine learning,” BMC 

Pregnancy Childbirth, vol. 21, no. 1, Dec. 2021, doi: 10.1186/s12884-021-04087-8. 

[35] E. Hochman et al., “Development and validation of a machine learning-based postpartum depression prediction model: A 
nationwide cohort study,” Depress. Anxiety, vol. 38, no. 4, pp. 400–411, Apr. 2021, doi: 10.1002/da.23123. 

[36] E. Valavani et al., “Data-driven insights towards risk assessment of postpartum depression,” in BIOSIGNALS 2020 - 13th 

International Conference on Bio-Inspired Systems and Signal Processing, Proceedings; Part of 13th International Joint 
Conference on Biomedical Engineering Systems and Technologies, BIOSTEC 2020, 2020, pp. 382–389, doi: 

10.5220/0009369303820389. 

[37] A. Trifan, D. Semeraro, J. Drake, R. Bukowski, and J. L. Oliveira, “Social Media Mining for Postpartum Depression Prediction,” 
in Studies in Health Technology and Informatics, Jun. 2020, vol. 270, pp. 1391–1392, doi: 10.3233/SHTI200457. 

[38] A. B. R. Shatte, D. M. Hutchinson, M. Fuller-Tyszkiewicz, and S. J. Teague, “Social media markers to identify fathers at risk of 

postpartum depression: A machine learning approach,” Cyberpsychology, Behav. Soc. Netw., vol. 23, no. 9, pp. 611–618, Sep. 
2020, doi: 10.1089/cyber.2019.0746. 

[39] W. Zhang, H. Liu, V. M. B. Silenzio, P. Qiu, and W. Gong, “Machine Learning Models for the Prediction of Postpartum 

Depression: Application and Comparison Based on a Cohort Study,” JMIR Med. Informatics, vol. 8, no. 4, Apr. 2020, doi: 
10.2196/15516. 

[40] S. Wang, J. Pathak, and Y. Zhang, “Using electronic health records and machine learning to predict postpartum depression,” in 
Studies in Health Technology and Informatics, Aug. 2019, vol. 264, pp. 888–892, doi: 10.3233/SHTI190351. 

[41] I. Fatima, B. U. D. Abbasi, S. Khan, M. Al-Saeed, H. F. Ahmad, and R. Mumtaz, “Prediction of postpartum depression using 

machine learning techniques from social media text,” Expert Syst., vol. 36, no. 4, pp. 1–13, 2019, doi: 10.1111/exsy.12409. 
[42] S. Bates, T. Hastie, and R. Tibshirani, “Cross-validation: what does it estimate and how well does it do it?,” arXiv, pp. 1–38, 

2021, doi: 10.1080/01621459.2023.2197686. 

[43] P. Kokol, M. Kokol, and S. Zagoranski, “Machine learning on small size samples: A synthetic knowledge synthesis,” Sci. Prog., 
vol. 105, no. 1, pp. 1–16, 2022, doi: 10.1177/00368504211029777. 

[44] C. Buchanan, M. L. Howitt, R. Wilson, R. G. Booth, T. Risling, and M. Bamford, “Nursing in the age of artificial intelligence: 

Protocol for a scoping review,” JMIR Research Protocols, vol. 9, no. 4. JMIR Publications Inc., Apr. 01, 2020, doi: 
10.2196/17490. 

[45] F. Oktamurdiantri and J. I. Saragih, “Use of the Edinburgh Postnatal Depression Scale to Detect Postpartum Depression Risk,” 

Int. J. Progress. Sci. Technol. (IJPSAT, vol. 19, no. 1, pp. 31–34, 2020. 
[46] K. Matsumura et al., “Factor structure of the Edinburgh Postnatal Depression Scale in the Japan Environment and Children’s 

Study,” Sci. Rep., vol. 10, no. 1, pp. 1–10, 2020, doi: 10.1038/s41598-020-67321-x. 

[47] J. Cox, “Thirty years with the Edinburgh Postnatal Depression Scale: Voices from the past and recommendations for the future,” 
Br. J. Psychiatry, vol. 214, no. 3, pp. 127–129, 2019, doi: 10.1192/bjp.2018.245. 

[48] V. Sharma and P. Sharma, “Postpartum Depression: Diagnostic and Treatment Issues,” J. Obstet. Gynaecol. Canada, vol. 34, no. 

5, pp. 436–442, May 2012, doi: 10.1016/S1701-2163(16)35240-9. 
[49] T. Richter, B. Fishbain, G. Richter-Levin, and H. Okon-Singer, “Machine learning-based behavioral diagnostic tools for 

depression: Advances, challenges, and future directions,” Journal of Personalized Medicine, vol. 11, no. 10. MDPI, Oct. 01, 2021, 

doi: 10.3390/jpm11100957. 
[50] A. Garg and V. Mago, “Role of machine learning in medical research: A survey,” Computer Science Review, vol. 40. Elsevier 

Ireland Ltd, May 01, 2021, doi: 10.1016/j.cosrev.2021.100370. 

 

 

BIOGRAPHIES OF AUTHORS 

 

 

Winda Ayu Fazraningtyas     received her Bachelor's degree in Nursing Science 

from Lambung Mangkurat University, Banjarmasin, South Kalimantan, Indonesia. She has a 

strong interest in women's health, which led her to pursue a post-graduate program in the 

Master of Science in Nursing at St. Paul University Philippines. Currently, she is a Ph.D. 

student at the Graduate Program Faculty of Computing and Meta-Technology in Tanjung 

Malim, Perak, Malaysia. In addition to her academic pursuits, she serves as an Assistant 

Professor at the Department of Maternity Nursing, Faculty of Health, Sari Mulia University. 

She is also actively involved as a reviewer for indexed international journals. She can be 

contacted by email: windaayu@unism.ac.id.  

 

  

https://orcid.org/0009-0003-4986-6737
https://scholar.google.com/citations?user=elr6-zMAAAAJ&hl=en
https://www.webofscience.com/wos/author/record/ABP-1784-2022


Bulletin of Electr Eng & Inf  ISSN: 2302-9285  

 

Recent advancements in postpartum depression prediction through machine … (Winda Ayu Fazraningtyas) 

2737 

 

Bahbibi Rahmatullah     is currently an Associate Professor in the Department of 

Software Engineering and Smart Technology, Faculty of Computing and Meta-Technology, 

Sultan Idris Education University, Malaysia. Having received a B.Eng. (Electrical) from 

Vanderbilt University, USA, a MengSc from Multimedia University, Malaysia, and a DPhil. in 

Eng. Science from the University of Oxford, UK. She is keen to apply the technical and 

research skills gained to improve the quality of research and education in Malaysia. She has 

authored a wide range of publications and has been invited to review articles for high-impact 

journals and conferences. Current research interests include image and signal processing, 

pattern recognition, machine learning, learning analytics, child development, ICT, and 

education. She can be contacted by email: bahbibi@meta.upsi.edu.my. 

 

  

 

Desilestia Dwi Salmarini     holds a Bachelor of Applied Science degree from the 

Health Polytechnic in Surabaya, Indonesia and pursued a Master's degree in Health at Respati 

Indonesia University, Jakarta. She currently serves as a Lecturer in Midwifery at Sari Mulia 

University, Banjarmasin, Indonesia. She currently serves as a Lecturer in Midwifery Program 

at Sari Mulia University, Banjarmasin, Indonesia focused in maternal, neonatal, and infant 

health, as well as the growth and development of toddlers and preschoolers. Demonstrating her 

expertise, she was part of a team that received a Community Service grant from the Ministry 

of Education in Indonesia in 2023. Furthermore, she secured a grant from the Ministry of 

Education, Research, and Technology of Indonesia, focusing on the intersection of Midwifery 

and Machine Learning in 2018 and 2020. Additionally, she chairs the Quality Assurance 

Institute at Sari Mulia University. She can be contacted by email: 

desilestiadwisalmarini@gmail.com. 

  

 

Shamsul Arrieya Ariffin     is the Head Researcher of the Special Interest Group 

(SIG) for Educational Usability Testing, Consortium of Excellent for Creative Industry & 

Culture. He is an associate professor at Universiti Pendidikan Sultan Idris (UPSI), from the 

Department of Computer Science and Digital Technology, Faculty of Computing and Meta-

Technology, Tanjong Malim, Perak, Malaysia. He has more than twenty-five years of 

experience in the IT field including working seven years in private IT international companies 

as an analyst programmer, software engineer, system engineer, and IT instructor. His research 

specializes in IT such as in the field of mobile learning and human-computer interaction to 

assist users in bridging the digital gap. He can be contacted by email: 

shamsul@meta.upsi.edu.my. 

 

  

 

Azniah Ismail     is an accomplished academician with 23 years of experience at 

Sultan Idris Education University, Malaysia. She received a Ph.D. in Computer Science in 

2013 from the University of York, UK. She holds a Master's degree in Information 

Technology from the National University of Malaysia, and a Bachelor's degree in Information 

Technology from the Northern University of Malaysia. Her research interests include software 

requirements and design, computational thinking, and machine learning. She can be contacted 

by email: azniah@meta.upsi.edu.my. 

 

 

 

 

 
 

https://orcid.org/0000-0002-6920-8112
https://scholar.google.com/citations?hl=en&user=tjj1XxYAAAAJ
https://www.scopus.com/authid/detail.uri?authorId=53164836000
https://www.webofscience.com/wos/author/record/1836338
https://orcid.org/0009-0000-4291-0887
https://scholar.google.com/citations?hl=en&user=1Dse6swAAAAJ
https://orcid.org/0000-0001-6266-6797
https://scholar.google.com/citations?hl=en&user=VFICOQcAAAAJ
https://www.scopus.com/authid/detail.uri?authorId=56579961800
https://www.webofscience.com/wos/author/record/1504628
https://orcid.org/0000-0002-9696-9072
https://scholar.google.com/citations?user=mxbAmxQAAAAJ&hl=en&oi=ao
https://www.scopus.com/authid/detail.uri?authorId=35752941600
https://www.webofscience.com/wos/author/record/907036

