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 Postpartum depression (PPD) is a silent disorder, difficult to detect by the 

mother who suffers from it. In this research project, we propose a 

classification model of PPD using machine learning (ML) techniques, 

following a supervised learning approach. This is model allows the 

prediction of PPD using sociodemographic and medical data through a 

dataset of 100 Zacatecan mothers previously classified with the result of 

Edinburgh Test. We use eight ML algorithms such as adaptative boosting 

classified (ABC), principal component analysis (PCA) boosting, decision 

trees (DT), k-nearest neighbors (KNN), support vector machines (SVM), 

random forests (RF), and boosting. Our results show that the proposed ML 

model based on ABC algorithm can outperform other classifiers yielding a 

precision of 90%, a recall of 90%, a F1-score of 78% and 74% for area 

under curve (AUC), illustrating a correct capability in the prediction of this 

disorder. 
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1. INTRODUCTION 

According to the World Health Organization, depression affects more than 300 million people in the 

world [1]. By 2030 it will be the second cause of the decrease in years of healthy life worldwide and the first 

in developed countries. The results of the National Mental Health Survey in 2018 revealed that 18% of the 

urban population of productive age (15-64 years of age) suffer from some mood disorder such as anxiety, 

depression or phobia [2] conforming to the DSM- IV, perinatal depression or postpartum depression (PPD) is 

like an episode of major depression [3]. In Mexico it is observed that between 12 and 14% of pregnant 

women have depression [4]. PPD is a disorder that affects the physical and mental state of the mother. 

Women with PPD have feelings of sadness, anxiety and fatigue, which makes it difficult for them to carry out 

the daily activities of caring for themselves and for other people [5]. This disorder is a silent disorder, 

difficult to detect by the mother who suffers it. A mother who has suffered PPD has between 10% and 50% 

higher risk to have again this disorder during a new pregnancy [6]. 

In the study "Maternal depressive symptomatology in Mexico: national prevalence, care and 

population risk profiles", headed by Dr. Filipa de Castro, researcher at the Center for Population Health 

Research (CISP) of the National Institute of Public Health (INSP) [7], reported that, the distribution of PPD 

in the state of Zacatecas has reached 20%. Also, Mendez-Cerezo in [8] reports that in Mexico, exists an 

incidence of 13% of PPD, and this percentage is incremented until 22.5% in the fourth weeks of puerperal. 

https://creativecommons.org/licenses/by-sa/4.0/
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The problem of PPD has been approached in a traditionally way from the psychological point of 

view using the Edinburgh postnatal depression scale (EPDS), suggested in 1987 by Cox et al. [9] EPDS is the 

most widely used screening questionnaire for PPD. It incorporates a 10‐item self‐report questionnaire, 

women are asked to rate how they have felt in the previous 7 days. The score of each one of the questions is 

0–3 (resulting range 0–30) and responding takes around 5 min. EDPS are the widely accepted scale to 

classify ‘possible’ and ‘probable’ depression respectively. 

Currently, PPD is a silent disorder, difficult to detect by the mother who suffers from it and is often 

not diagnosed. Furthermore, even if there exist some efforts from different research using a technological 

solution from a proper Diagnosis of PPD, currently, there does not exist a technological tool for a proper 

diagnosis. However, thanks to the technological advances on artificial intelligence (AI) and machine learning 

(ML) techniques, currently it is possible to offer to the woman’s that suffer some type of PPD a technological 

alternative for a prediction and classification of this psychological disorder. Specifically in the City of 

Zacatecas, Mexico where there not exists any research project to predict and prevent PPD. 

Different approaches using ML techniques has been proved to predict PPD, among which we can 

mention, logistic regression (LR) and support vector machines (SVM) in [10] using social network post. 

Naïve Bayes (NB), decision tree (DT), LR, adaptative boosting classifier (ABC) and bagging to predict PPD 

were used in [11]. Adaptative neuro fuzzy was used in [12]. Gradient boosted tree (GBT) was used in [13]. 

SVM, random forest (RF), DT, XGBoost (XGB), and multilayer perceptron (MLP) where used in [14] using 

Twitter (tweets) and Instagram (comments). RF, stochastic gradient boosting (SGB), SVM, recursive 

partitional and regression trees (RT), NB, k-nearest neighbor (KNN), LR, and neural network (NN) were 

used in [15] using data from the pregnancy risk assessment monitoring system. RF and RT were used in [16] 

to explore physical, psychological and social factors to predict postpartum pain and depression. 

Convolutional neural networks (CNN) were used in [17], [18]. Extremely randomized trees (XRT) algorithm 

was used in [19]. Fazraningtyas et al. [20] presented an updated version of ML approaches for DPP, finding 

that RF, SVM, LR, XGB, and ABC show the highest predictive accuracy. DT, XGB, regularized LR, MLP 

were used in [21] with electronic health records to predict PPD. LR, SVM and MLP was used with social 

media text to predict PPD in [22]. LR, SVM, DT, NB, XGB, and RF were used in [23] to predict PPD using 

information related to demographics data, diagnoses and medication data. 

According to previous research in this paper we propose a prediction and classification model for 

PPD using ML techniques, following a supervised learning approach. This proposal will contribute to predict 

and classify PPD, because in our geographical and cultural context there not exist a model that consider some 

specific characteristics of the state of Zacatecas, México, and can be used to a point of comparison with other 

models developed in the region, other states of Mexico, or in other countries. Also, this model could be an 

additional support for EPDS because this scale is based on the certainty of the mother’s responses, and can 

yield false positive (FP) or false negative (FN) results, however, with an appropriate ML model and the 

appropriate data set we are allowed to help in the prediction of DPP with good results. 

On the other hand, the dataset created with this research project could be an important repository for 

Secretary of Salud del Estado de Zacatecas, because currently and not only in the state of Zacatecas, but there 

are also few records and statistics about PPD in Mexico. With this proposal, we can generate statistics about 

PPD that could be analyzed and considering to know the real state of PPD in the City of Zacatecas and 

propose some strategies to reduce the apparition of this disorder. 

 

 

2. METHOD 

The scope of this research project is to propose a new approach to predict and classify PPD using 

ML as a supervised classification problem. For this purpose, we use the dataset obtained from Parga-Anaya 

and Garcia-Sanchez [24]. We create a model based on supervised learning to classify PPD. Our methodology 

includes two main activities: i) identify the supervised learning algorithm which generates the highest 

accuracy in the classification of PPD and ii) evaluate the performance of our model and compare the 

efficiency with other research projects. We follow a ML approach starting with data acquisition, 

preprocessing, classification and evaluation the performance of the model. 

 

2.1.  Data acquisition 

In this study, we used the dataset from Parga-Anaya and Garcia-Sanchez [24] from 2014-2015, 

which include data from 100 women of the Zacatecas, Mexico state. These data were obtained from a 

questionary interview applied in the Clinic 1 of IMSS of Zacatecas City. This questionary contains clinical 

information and socio demographic data. The first criteria to consider is that all women were in a puerperal 

stage, this means that all of them have a baby born in the last one month, and until one year old. With respect 

to gynecological-obstetric clinical features we consider the type of birth (cesarean, natural birth), lactation, 

use of anesthesia, pregnancy planned, pregnancy wanted, primigravida, multigravida, number of children, 
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abortions, neonate illness, and institution where the birth was attended. In relation with socio demographic 

data, the features such as age, marital status, schooling, occupation, monthly income for the family, partner 

support. With respect to PPD, this feature was measured with Edinburgh questionnaire [9] that allows to 

classify the women as healthy or depression. 

Some features of the dataset were described in next paragraphs. For the type of birth 45% have a 

cesarean and 55 have a vaginal birth. A 3.3 month was the mean for lactation, with a maximum of 12 months 

and a minimum of 0 months or without lactation. In the case of the use of anesthesia during childbirth 65% of 

women have using some type of anesthesia in their labor. 54% have a pregnancy planned, while 89% have a 

pregnancy wanted. 31% of women were primigravida, while 69% were multigravida. 31% of women were 

their first child, while 67% have two or more children’s. With respect to abortions only 13% of the sample 

have one abortion, while 10% have two. 8% have a neonate illness such as cardiopathy, lactose intolerance or 

tachycardia. With respect to institution where the birth was attended 51% were on the IMMSS, 29% on 

Hospital de la Mujer Zacatecana, 13% on private hospital and 7% on ISSSTE. With respect to socio 

demographic data the dataset includes a mean of 26.5 years, with a maximum of 43 and a minimum of 16 

years. In the marital status 76% of women are married, 18% have a free union, 5% were single, and 1% were 

widow. In relation with level of schooling 43% have junior high school finished, 30% have high school, 19% 

have a university preparation, 5% have a master or a graduate degree, and only 3% have an elementary 

schooling. With regards to occupation 62% of interviewees are housewives, while 38% were employed. The 

monthly income for the family has a mean of 6,595 Mexican pesos, with a maximum of 30,000 pesos and a 

minimum of 1,000 pesos. 100% of women have a partner support, and only 94% have a family support. With 

respect to PPD, this feature was measured with Edinburgh questionnaire [9] that allows to classify the 

women as healthy or depression, 39% of women were classified with PDD, while 61% were classified as 

healthy. 

 

2.2.  Pre-processing 

To pre-processing our dataset, we follow a series of previous steps, including data cleaning, removal 

observations with missing values, data extraction, normalize and standardize features. Feature extraction 

methods involve removing features with no-linear relationships between independent features or little-to-

none-variance, with the aim to select a subset of prominent features that allow to identify or describe 

symptoms of depression. In the process of cleaning, we review the dataset with 25 features with the purpose 

to identify and establish some empty data or data out of range. Next, we apply a normalize and 

standardization processes proposed by Brownlee [25] who established that normalization scales each input 

variable individually to the range 0-1, is in this range were floating-point values have the highest precision. 

Standardization is the process of scaling each input variable individually by subtracting the mean (called 

centring) and dividing by the standard deviation so that the distribution has a mean of zero and a standard 

deviation of one. These two processes were generated using the sklearn preprocessing Python library [26]. 

Standardization of a dataset is a commonly task for several ML estimators because they might behave badly 

if the individual features do not more or less look like standard normally distributed data. 

 

2.3.  Classification 

For our classification modeling of PPD, we used the pre-processed dataset, which was divided into 

two parts: the first part (70% of the data) will be used to create a classification model using different 

supervised learning algorithms (ABC, principal component analysis (PCA) bosting – PCB, DT, KNN, SVM, 

RF, NB, and LR). The second part (30% of the data) will be used to test the efficiency in the classification of 

the model and thus be able to choose which is the best algorithm that yields the highest accuracy by 

classifying PPD with the aim to generate a PPD prediction model. Once the model is determinate, it will be 

used within the mobile application. The model was generated used Python and its libraries, in a Dell 

processor: intel(R) Core (TM) i3-7130U CPU, @2.70 GHz, RAM 4GB laptop. 

 

2.4.  Evaluation 

To evaluate our classification model, we consider some ML classification metrics used in the 

literature. This metrics shows the ability to predict PPD correctly. The confusion matrix is used to visualize 

the performance of an algorithm, verifying that our ML model is not confusing any class or prediction. In this 

case we have two classes: with PPD (positive) and without PPD (negative). The predicted results must be 

compared with real results, with the aim to provide the true positive (TP), which are the cases that our model 

predict PPD and match with the actual value classified positive previously. True negative (TN), which 

represent the items that do not present PPD and are correctly classified as negative. FP which represents a 

case that the model classified as positive, but the original classification was negative. FN represent cases in 

which the model classified negative, but the actual classification was positive. Seven common ML metrics 
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are used to evaluate the performance of our model, to calculate accuracy, precision, recall, F1-score, 

Specificity and area under curve (AUC). These metrics are described. 

Accuracy: is the proportion of correct prediction out of the total predictions. This is used to analyze 

the classification performance It is computed in (1). 
 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑜𝑡𝑎𝑙 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠 (𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁)
 (1) 

 

Precision: is the proportion of TP out of all positive predictions, it is calculated in (2). 
 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
 (2) 

 

Recall (or sensitivity): is the proportion of actual positives correctly (TP) predicted by the model. A 

low percentage of this metric indicates that the algorithm classifies less FN items. It is computed in (3). 
 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 (3) 

 

F1-score: is the harmonic mean of the precision and recall, balancing both when you need a trade-

off. This is used to assess the classification performance in one measure using the harmonic average. It is 

calculated in (4). 
 

𝐹1 = 2 ∗
𝑃𝑟𝑒𝑐𝑖𝑠𝑠𝑖𝑜𝑛∗𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
 (4) 

 

Specificity: is also known as true negative rate (TNR), is a used to evaluate the performance of a 

ML model, particulary in binary classification tasks. It measures the proportion of actual negative cases that 

are correctly identified by the model, it is computed in (5). 
 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁+𝐹𝑃
 (5) 

 

AUC: measures the trade-off between the TP rate and the FP rate at various thresholds. It provides a 

measure of the model’s ability to distinguish between classes and different thresholds. It is calculated in (6). 
 

𝐴𝑈𝐶 = 𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑅𝑎𝑡𝑒 (𝑇𝑃𝑅) 𝑣𝑠 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑅𝑎𝑡𝑒 (𝐹𝑃𝑅) (6) 

 

 

3. RESULTS AND DISCUSSION 

3.1.  Results 

Based on classification and regression models implemented with the aim to predict the binary class 

of PPD. Figure 1. Presents the performance comparison of various models on the prediction of PPD for our 

research. 
 
 

 
 

Figure 1. Performance comparison of various models of PPD 
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Table 1 presents the performance of the ML metrics with the different implemented algorithms. As 

we can see, for to the accuracy ABC outperforms the rest of classifiers with 75%, followed by KNN with 

65%, and by RF and LR both with 60%. The precision for the ABC with 90% outperforms the other 

classifiers. This is followed by KNN with 75% and by RF with 72%. Recall for the ABC is 86% followed by 

LR with 82%, and PCAB together with SVM with 75%. The F1-score for ABC is 78% followed by KNN 

with 72% and LR with 69%. The specificity for ABC is 85% followed by RF with 58% and KNN with 57%. 

Finally, the AUC for ABC is 74%, which is the highest value, this is followed by KNN with 66% and LR 

with 63%. Our results reports that through metrics associated to the confusion matrix, and analyzing the 

model performance, our ABC model obtained excellent results to predict PPD. 

 

 

Table 1. Performance of the ML metrics with different algorithms 
Measure ABC PCAB DT KNN SVM RF NB LR 

Accuracy 0.75 0.40 0.45 0.65 0.50 0.60 0.55 0.60 

Precision 0.90 0.54 0.58 0.75 0.58 0.72 0.64 0.69 

Recall 0.86 0.75 0.00 0.00 0.75 0.00 0.00 0.82 

F1-score 0.78 0.50 0.56 0.72 0.66 0.66 0.66 0.69 

Specificity 0.85 0.28 0.28 0.57 0.00 0.58 0.28 0.43 
AUC 0.74 0.46 0.41 0.66 0.55 0.54 0.59 0.63 

 

 

3.2.  Discussion 

The results of this research suggest that our model based on sociodemographic data is useful to 

identify PPD. There exist different proposals to predict PDD in the literature. Next paragraphs discuss about 

the obtained results with similar research articles that use same ML algorithms but with different datasets. 

Even it is not a fair comparison, because each research uses different computer resources, different size of 

data, and in some cases other ML algorithms, this comparison only pretends to show that our proposal has 

similar results to those reported in the state of the art. 

For accuracy, our model obtains 75% for ABC, which is 5% less than 80% reported by Fatima et al. 

[22] for SVM, and 7% less than 82% reported by Natarajan et al. [11] for NB. However outperform the 67% 

reported by Shin et al. [15] for NB. This comparison shows that our proposal is close to the reported in state 

of the art. 

In the case of precision, our model achieves 90% for ABC, which is the same result the reported by 

Fatima et al. [22] but with different ML algorithm SVM and LR. Besides, has superior performance that the 

reported by Natarajan et al. [11] and Shin et al. [15] for ABC with 73% and 81%. This comparison confirms 

that our research has good precision detecting PPD. 

For recall, our model obtains 86% ABC, which is like reported by Zhang et al. [21] for DT. But is 

4% less than 90% reported by Wang et al. [23] for SVM and LR, and the percentage is less than 92% 

reported by Shin et al. [15] for KNN. However, outperform the 79% reported by Natarajan et al. [11] for 

ABC. In the same sense as for precision, our proposal has good recall detecting PPD. Even is not the best 

performance for recall, our results are close to the reported by other proposals. 

In the case of F1-score our research achieves 78% for ABC, which is similar to reported by 

Natarajan et al. [11] for ABC and Shin et al. [15] for SVM but is two and 4% less than 80% and 82% for LR 

and SVM reported by Natarajan. However, outperform 76% for ABC and 78% for SVM reported by Shin. 

Same as recall, even though our proposal does not have the best performance, our results are very close to 

those reported in the literature. 

For specificity our model achieves 85% obtaining 1% more than 84% reported by by Zhang et al. 

[21] for the same algorithm ABC and DT. However, is 2% less than 87% reported for RF. Also, is 1% less 

than 86% reported by Shin et al. [15] for RF. Similar as the previous measures, our results obtain same 

performance to other research reported. 

Finally for AUC our research obtains 74% which is 13% less than 87% reported by Shin et al. [15] 

for RF and eleven percent less than 85% for ABC. Also, this measure is 12% less than 86% reported by 

Zhang et al. [21]. Natarajan et al. [11] and Fatima et al. [22] both do not report results for this measure. Even 

though is not the best performance for AUC, our results are close to the reported by other proposals. 

Thus, our ML model implemented with boosting adaptative classifier has demostrated better 

performance that other ML algorithms in some cases, but lower performance in others. However it shown 

that a proper classification of dataset along with correctly process of data collection, cleaning and 

preprocessing process, have improved the classification process with the aim to contribute to a correct 

classification and prediction of PDD, with similar results to those reported in literature. 
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4. CONCLUSION 

In this paper we present a ML model to predict post partum depression for the state of Zacatecas, 

Mexico. The data collected has been classified previously with PPD and without PPD using socio 

demographic data and the result of Edimburgo Test. Our results shows that applying ML algorithms we can 

create a model that classify mothers at risk of PDD. We used eigth ML algorithms to create a predictive 

model for PPD. ABC, PCAB, DT, KNN, SVM, RF, NB, and LR. However, our ABC yielded 75% of 

accuracy, 90% of precision, 86% of recall, 78% of F1-score and 74% for AUC, ilustrating strong predictible 

capabilities to predict PDD correctly. As future work, the creation of new dataset with a large number of 

items, and a Mobile App for predict and classify PDD using our model can be carried on. 
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