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Summary 
Objective: The main goal of this paper is to 
obtain a classification model based on feed-
forward multilayer perceptrons in order to 
 improve postpartum depression prediction 
during the 32 weeks after childbirth with a 
high sensitivity and specificity and to develop 
a tool to be integrated in a decision support 
system for clinicians.  
Materials and Methods: Multilayer percep-
trons were trained on data from 1397 women 
who had just given birth, from seven Spanish 
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general hospitals, including clinical, environ-
mental and genetic variables. A prospective 
cohort study was made just after delivery, at 
8 weeks and at 32 weeks after delivery. The 
models were evaluated with the geometric 
mean of accuracies using a hold-out strategy. 
Results: Multilayer perceptrons showed 
good performance (high sensitivity and spe-
cificity) as predictive models for postpartum 
depression.  
Conclusions: The use of these models in a 
decision support system can be clinically 
evaluated in future work. The analysis of the 
models by pruning leads to a qualitative inter-
pretation of the influence of each variable in 
the interest of clinical protocols. 
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1. Introduction 
Postpartum depression (PPD) seems to be a 
universal condition with equivalent preva-
lence (around 13%) in different countries [1, 
2] which implies an increase in medical care 
costs. Women suffering from PPD feel a con-
siderable deterioration of cognitive and emo-
tional functions that can affect mother-infant 

attachment. This may have an impact on the 
child’s future development until primary 
school [3]. The identification of women at 
risk of developing PPD would be of signifi-
cant use to clinical practice and would enable 
preventative interventions to be targeted at 
vulnerable women. 

Multiple studies have been carried out on 
PPD. Several psychosocial and biological risk 

factors have been suggested concerning its 
etiology. For instance, social support, partner 
relationships and stressful life events related 
to pregnancy and childbirth [4], as well as 
neuroticism [5] have all been pointed out as 
being important. With respect to biological 
factors, it has been shown that inducing an 
 artificial decrease in estrogen can cause de-
pressive symptoms in patients wih PPD 
antecedents. Cortisol alteration, thyroid hor-
mone changes and a low rate of prolactin are 
also relevant factors [6]. Treloar et al. con-
clude in [7], a comparative study with twin 
samples, that genetic factors would explain 
40% of variance in PPD predisposition. In 
Ross et al. [8], a biopsychosocial model for 
anxiety and depression symptoms during 
pregnancy and the PPD period has been de-
veloped using structural equations. However, 
most of the research studies involving genetic 
factors are separate from those involving 
 environmental factors. There is a remarkable 
exception that explains that a functional 
polymorphism in the promoter region of the 
serotonin transporter gene seems to moder-
ate the influence of stressful life events on 
 depression [9]. 

An early prediction of PPD may reduce 
the impact of the illness on the mother, and it 
can help clinicians to give appropriate treat-
ment to the patient in order to prevent de-
pression. The need for a prediction model 
rather than a description model is of para-
mount importance. Thus, artificial neural 
networks (ANN) have a remarkable ability to 
characterize discriminating patterns and de-
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rive meaning from complex and noisy data 
sets. They have been widely applied in general 
medicine for differential diagnosis, classifi-
cation and prediction of disease, and con-
dition prognosis. In the field of psychiatric 
disorders, few studies have used ANNs de -
spite their predictive power. For instance, 
ANNs have been applied to the diagnosis of 
dementia using clinical data [10] and more 
recently for predicting Alzheimer’s disease 
using mixed effects neural networks [11]. 
EEG data from patients with schizophrenia, 
obsessive-compulsive disorder and controls 
has been used to demonstrate that an ANN 
was able to correctly classify over 80% of the 
patients with obsessive-compulsive disorder 
and over 60% of the patients with schizo-
phrenia [12]. In Jefferson et al. [13], evolving 
neural networks overcome statistical meth-
ods in depression prediction after mania. Ber-
dia and Metz [14] have used an ANN to pro-
vide a framework for understanding some of 
the pathological processes in schizophrenia. 
Finally, Franchini et al. [15] have applied 
these models to support clinical decision 
making for the treatment of psychophar-
macological therapy. 

One of the main goals of this paper is to 
obtain a classification model based on feed-
forward multilayer perceptrons in order to 
predict PPD with high, well-balanced sensi-
tivity and specificity during the 32 weeks after 
childbirth and using pruning methods to ob-
tain simple models. This study is part of a 
large research project about the environment 
genetic interaction in postpartum depression 
[16]. These models can be used later in a deci-
sion support system [17] to help clinicians in 
the prediction and treatment of PPD. A sec-
ondary goal is to find and interpret the quali-
tative contribution of each independent vari-
able in order to obtain clinical knowledge 
from those pruned models. 

2. Materials and Methods 

Data from postpartum women were collected 
from seven Spanish general hospitals, in the 
period from December 2003 to October 2004 
on the second to third day after delivery. All 
the participants were Caucasian, none of 
them were under psychiatric treatment dur-
ing pregnancy, and all of them were able to 
read and answer the clinical questionnaires. 

Women whose children died after delivery 
were excluded. This study was approved by 
the Local Ethical Research Committees, and 
all the patients gave their informed written 
consent. 

Depressive symptoms were assessed with 
the total score of the Spanish version of the 
Edinburgh Postnatal Depression Scale 
(EPDS) [18] just after delivery, at week 8 and 
week 32 after delivery. Major depression epi-
sodes were established using first the EPDS 
(cut-off point of 9 or more) at 8 or 32 weeks, 
and then probable cases (EPDS ≥  9) were 
evaluated using the Spanish version of the 
Diagnostic Interview for Genetics Studies 
(DIGS) [19, 20] adapted to postpartum de-
pression in order to determine if the patient 
was suffering a depression episode (positive 
class) or not (negative class). All the inter-
views were conducted by clinical psycholo -
gists with previous common training in the 
DIGS with video recordings. A high level of 
reliability (K >  0.8) was obtained among in-
terviewers. 

From the 1880 women initially included 
in the study, 76 were excluded because they 
did not correctly fill out all the scales or ques-
tionnaires. With these patients, a prospective 
study was made just after delivery, at 8 weeks 
and 32 weeks after delivery. At the 8-week 
 follow-up, 1407 (78%) women remained in 
the study. At the 32-week follow-up 1397 
(77.4%) women were evaluated. We com-
pared the loss of follow-up cases with the re-
mainder of the final sample. Only the lowest 
social class was significantly increased in the 
loss of follow-up cases (p = 0.005). A total of 
11.5% (160) of women at baseline, 8 weeks 
and 32 weeks had a major depressive episode 
during the eight months of postpartum fol-
low-up. Hence, from a total number of 1397 
patients, we had 160 in the positive class and 
1237 in the negative class. 

2.1 Independent Variables 

Based on the current knowledge about PPD, 
several variables were taken into account in 
order to develop predictive models. In a first 
step, psychiatric and genetic information was 
used. These predictive models are called sub-
ject models. Then, social-demographic vari-
ables were included in the subject-environ-
ment models. For each approach, we used 

EPDS (just after childbirth) as an input vari-
able in order to measure depressive symp-
toms. �Table 1 shows the clinical variables 
used in this study. 

All participants completed a semistruc-
tured interview that included socio-demo-
graphic data: age, education level, marital 
status, number of children and employment 
during pregnancy. Personal and family his-
tory of psychiatric illness (psychiatric ante -
cedents) and emotional alteration during 
pregnancy were also recorded. Both are bi-
nary variables (yes/no). 

Neuroticism can be defined as an enduring 
tendency to experience negative emotional 
states. It is measured on the Eysenck Person-
ality Questionnaire short scale (EPQ) [21], 
which is the most widely used personality 
questionnaire, and consists of 12 items. For 
this study, the validated Spanish version [22] 
was used. Individuals who score high on 
neuroticism are more likely than the average 
to experience such feelings as anxiety, anger, 
guilt and depression. 

The number of experiences are the num -
ber of stressful life events of the patient just 
after delivery, at an interval of 0–8 weeks and 
at an interval of 8–32 weeks using the St. Paul 
Ramsey Scale [23, 24]. This is an ordinal 
 variable and depends on the patient’s point of 
view. 

Depressive symptoms just after delivery 
were evaluated by EPDS. It is a 10-item, self-
report scale, and it has been validated for the 
Spanish population [18]. The best cut-off of 
the Spanish validation of the EPDS was 9 for 
postpartum depression. We decided to prove 
its initial value (i.e., at the moment of birth) 
as an independent variable because the goal is 
to prevent and predict postpartum depres -
sion within 32 weeks. 

Social support is measured by means of the 
Spanish version of the Duke UNC social sup-
port scale [25], which originally consists of 11 
items. This questionnaire is rated just after 
delivery, at 6–8 weeks and at week 32. For this 
work, the variable used was the sum of the 
scores obtained immediately after childbirth 
plus the scores obtained in week 8. Since we 
wanted to predict possible depression risk 
during the first 32 weeks after childbirth, the 
Duke score at week 32 was discarded for this 
experiment. 

Genomic DNA was extracted from the 
 peripheral blood of women. Two functional 
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polymorphisms of the serotonin transporter 
gene were analyzeda. For the entire machine 
learning process, we decided to use the com-
bination genotypes (5-HTT-GC) proposed 
by Hranilovic in [26]: no low-expressing ge-
notype at either of the loci  (HE); low-express-
ing genotype at one of the loci (ME); low-
 expressing genotypes at both loci (LE). 

The  medical perinatal risk was measured 
as seven dichotomous variables: medical 
problems during pregnancy, use of drugs dur-
ing pregnancy (including alcohol and to-
bacco), cesarean, use of anesthesia during de-
livery, mother medical problems during de-
livery, medical problems with more admission 
days in hospital, and newborn medical prob-
lems. A two-step cluster analysis was done in 
order to explore these seven binary variables. 
This analysis provides an ordinal variable with 
four values for every woman: no medical peri-
natal risk, pregnancy problems without de-
livery problems, pregnancy problems and de-
livery mother problems, and presence of both 
other and newborn problems. 

Other psychosocial and demographic var -
iables were considered in the subject-envi -
ronment model such as age, the highest level 
of education achieved rated on a 3-point scale 
(low, medium, high), labor situation during 
pregnancy, household income rated on a 
4-point scale (economical level), the gender 
of the baby, or the number of family members 
who live with the mother. 

Every input variable was normalized in the 
range [0, 1]. Non-categorical variables were 
represented by one input unit. Missed vari-
ables were replaced by their mean, if they were 
continuous, or by their mode, if they were 
discrete. A dummy  representation was used 
for each categorical variable, i.e., one unit 
represents one of the possible values of the 
variable, and this unit is activated only when 
the corresponding variable takes this value. 
Missed variables were simply represented by 
not activating any of the units. 

2.2 ANNs Theoretical Model 

ANNs are inspired by biological systems in 
which large numbers of simple units work in 
parallel to perform tasks that conventional 

Table 1 There are 160 cases with postpartum depression (PPD) and 1237 cases without it. The sec-
ond column shows the number of missing values for each independent variable, where ’–   ’  indicates no 
missing value. The last two columns show the number of patients in each class. For categorical variables, 
the number of patients (percentage) is shown. For non-categorical variables, the mean ± standard devi-
ation is presented. 

a 5-HTTLPR in the promoter region and STin2 with-
in intron 2

Input Variable No. miss. No PPD PPD 

Psychiatric antecedents  76   

   No   790 (90.3%)  85 (9.7%) 

   Yes   374 (83.9%)  72 (16.1%) 

Emotional alterations during pregnancy  –   

   No                   73 (81.1%)  17 (18.9%) 

   Yes  1164 (89.1%) 143 (10.9%) 

Neuroticism (EPQN)                  6                            3.25 ± 2.73   5.68 ± 3.55 

Life events after delivery                   2                            0.99 ± 1.06   1.40 ± 1.09 

Life events at 8 weeks 176                            0.88 ± 1.09   1.69 ± 1.33 

Life events at 32 weeks  64                             0.87 ± 1.07   1.95 ± 1.53 

Depressive symptoms (Initial EPDS)  –                             5.64 ± 3.97   8.96 ± 4.85 

Social support (DUKE)  10                      88.06 ± 56.27 138.63 ± 82.45 

5-HTT-GC  79   

   ME, Low-expressing genotype at one locus 

   LE, Low-expressing genotype at both loci 

Medical Perinatal Risk 

   No problems 

   Pregnancy problems 

   Mother problems 

   Mother and child problems 

Age 

Educational level 

   Low 

   Medium 

   High 

Labor situation during pregnancy 

   Employed 

   Unemployed 

   Student/Housewife 

   Leave 

Economical level 

   Suitable income 

   Enough income 

   Tight income 

   Economical problems 

Gender of the baby 

   Male 

   Female 

Number of people living together 

 

 

 – 

 

 

 

 

 – 

  2 

 

 

 

  4 

 

 

 

 

 17 

 

 

 

 

 18 

 

 

 31 

 664 (87.5%) 

 408 (91.1%) 

 

 376 (88.1%) 

 426 (86.1%) 

 117 (89.3%) 

 318 (92.4%) 

  36.12 ± 4.42 

 

 324 (85.5%) 

 518 (88.5%) 

 393 (91.2%) 

 

 879 (91.1%) 

 136 (86.1%) 

 103 (85.1%) 

 116 (77.9%) 

 

 830 (90.9%) 

 311 (85.9%) 

  73 (79.3%) 

   7 (53.8%) 

 

 599 (89.7%) 

 623 (87.6%) 

   2.67 ± 0.96 

 95 (12.5%) 

 40 (8.9%) 

 

 51 (11.9%) 

 69 (13.2%) 

 14 (10.7%) 

 26 (7.6%) 

 31.89 ± 4.96 

 

 55 (14.5%) 

 67 (11.5%) 

 38 (8.8%) 

 

 86 (8.9%) 

 22 (13.9%) 

 18 (14.9%) 

 33 (22.1%) 

 

 83 (9.1%) 

 51 (14.1%) 

 19 (20.7%) 

  6 (46.2%) 

 

 69 (10.3%) 

 88 (12.4%) 

  2.66 ± 0.77 

   HE, No low-expressing genotype    93 (83.8%)  18 (16.2%)
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computers have not been able to tackle suc-
cessfully. These networks are made of many 
simple processors (neurons or units) based 
on Rosenblatt’s perceptron [27]. A percep-
tron gives a linear combination, y, of the val -
ues of its D inputs, xi  , plus a bias value, 
 
 
y =   x  i   wi + θ. (1) 
 
 
The output, z = f (y), is calculated by applying 
an activation function to the input. Generally, 
the activation function is an identity, a logis-
tic or a hyperbolic tangent. As these functions 
are monotonic, the form f (y) still determines 
a linear discriminant function [28]. A single 
unit has a limited computing ability, but a 
group of interconnected neurons has a very 
powerful adaptability and the ability to learn 
non-linear functions that can model complex 
relationships between inputs and outputs. 

Thus, more general functions can be con-
structed by considering networks having suc-
cessive layers of processing units, with con-
nections running from every unit in one layer 
to every unit in the next layer only. A feed-
 forward multilayer perceptron consists of an 
input layer with one unit for every indepen-
dent variable, one or two hidden layers of 
 perceptrons and the output layer for the de-
pendent variable (in the case of a regression 
problem), or the possible classes (in the case 
of a classification problem). We call a fully 
connected feed-forward multilayer percep-
tron when every unit of each layer receives an 
input from every unit in its precedent layer 
and the output of each unit is sent to every 
unit in the next layer. 

Since PPD is considered in this work as a 
binary dependent variable, the activation 
function of the output unit was the logistic 
function, while the activation function of the 
hidden units was the hyperbolic tangent. 

As a first approach, fully connected feed-
forward multilayer perceptrons were used 
with one or two hidden layers. The learning 
algorithm backpropagation with momentum 
was used to train the networks. The connec-
tion weights of the network were updated 
 following the descent gradient rule [29]. 

Although these models, and ANNs in gen-
eral, exhibit a superior predictive power com-
pared to traditional approaches, they have 
been labeled as “black box” methods because 

they provide little explanatory insight into 
the relative influence of the independent vari-
ables in the prediction process. This lack of 
explanatory power is a major concern in 
achieving an interpretation of the influence 
of each independent variable on PPD. In 
order to gain some qualitative knowledge of 
the causal relationships about depression 
phenomena, we used several pruning algo-
rithms to obtain more simple and interpret -
able models [30, 34]. 

2.2.1 Pruning Algorithms 

Based on the fundamental idea in Wald sta -
tistics, pruning algorithms estimate the im-
portance of a parameter (or weight) in the 
model by how much the training error in-
creases if that parameter is eliminated. Then, 
it removes the least relevant one and con -
tinues iteratively until some convergence 
condition is reached. These algorithms were 
initially thought of as a way to achieve a good 
generalization for connectionist models, i.e., 
the ability to infer a correct structure from 
training examples and to perform well on fu-
ture samples. A very complex model can lead 
to poor generalization or overfitting, which 
happens when it adjusts to specific features of 
the training data rather than to the general 
ones [31]. But pruning has also been used for 
feature selection with neural networks [32, 
33], making their operation easier to under-
stand since there is less opportunity for the 
network to spread functions over many 
nodes. This is important in this critical appli-
cation where knowing how the system works 
is a major concern. The algorithms used here 
are based on weight pruning. The strategy 
consists in deleting parameters with small 
 saliency, i.e. those whose deletion will have 

the least effect on the training error. The Op-
timal Brain Damage  (OBD) algorithm [30] 
and its descendant, Optimal Brain Surgeon 
(OBS) [34], use a second-order approxima -
tion to predict the saliency of each weight. 

Pruned models were obtained from fully 
connected feed-forward neural networks 
with two hidden units, i.e., there was initially 
a connection between every unit from a layer 
and every unit of each consecutive layer. In 
order to select the best pruned architecture, a 
validation set was used to compare the net-
works. Then, when the best model was ob-
tained, the interpretation of the influence of 
each variable was done in the following way: 
if an input unit is directly connected to the 
output unit, then a positive weight means that 
it is a risk factor as it increases the probability 
of having depression. Thus, a negative weight 
means that the variable is a protective factor. 
Let a hidden unit be connected to the output 
unit with a positive weight. If an input unit is 
connected to this hidden unit with a positive 
value, then the variable represented by this 
unit is a risk factor. If its weight is negative, 
then it is a protective factor. On the contrary, 
if the weight between the hidden unit and the 
output unit is negative, then a positive value 
in the connection between the input and the 
hidden unit means that the variable is a pro-
tective factor. Thus, a negative value in the 
weight that connects the input to the hidden 
unit means that it is a risk factor. �Table 2 
summarizes these influences. This interpre-
tation is justified because the hidden units 
have a hyperbolic tangent as an activation 
function which delimits its output activation 
values between –1 and 1. 

2.2.2 Comparison with Logistic 
 Regression 

The significant variables obtained by the 
pruned models were compared to the ones 
obtained by logistic regression models. The 
latter models are used when the dependent 
variable is categorical with two possible val -
ues. Independent variables may be in numeri-
cal or categorical form. The logistic function 
can be transformed using the logit trans-
formation into a linear model [35]: 
 
 
g  (x) =   βi    x  i + β0  . (2) 
 

Table 2 Summary of the nature of the variables 
as being a risk factor or a protective factor de-
pending on the sign of the weights of the input-
hidden connection (I-H) and the hidden-output 
connection (H-O). 

I-H  H-O Factor 

+ + Risk 

+  – Protective 

– + Protective 

– – Risk
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The log-likelihood is used for estimating re-
gression coefficients (βi) in the model. Thus, 
the exponential values of the regression coef-
ficients give the odds ratio value, which re-
flects the effect of the input variables as a risk 
or a protective factor. To assess the signifi-
cance of an independent variable, we com-
pare the value of the likelihood of the model 
with and without the variable. This compari-
son follows a chi-square distribution with 
one degree of freedom, so it is possible to find 
the associated p-value. 

Thus, we have the statistical significance 
and the character of each factor as being a 
protective one or a risk one. A noteworthy 
fact is that the logistic regression models are 
limited to linear relationships between de-
pendent and independent variables. The neu-
ral network models can overcome this restric-
tion. Thus, the linear relationships between 
independent variables and the target should 
be found in both models. While non-linear 
interactions will appear only in the connec-
tionist model. 

2.3  Evaluation Criteria 

The evaluation of the models was made using 
a hold-out validation where the observations 
were chosen randomly to form the validation 
and the evaluation sets. In order to obtain a 
good error estimation of the predictive 
model, this database had to be split into three 
different datasets: the training set with 1006 
patients (72%), the validation set with 112 
patients (8%), and the test set with 279 pa-
tients (20%). Each partition followed the 
prevalence of the original database (�see 
Table 3). The best network architecture and 
parameters were selected empirically using 
the validation set and then evaluated with the 
test set. Overfitting was avoided using the 
validation set to stop the learning procedure 
when the validation medium square error 
function reached its minimum. Section 3 
shows that using a single hidden layer was 
enough to obtain a good predictive model. 

There is an intrinsic difficulty in the na-
ture of the problem: the dataset is imbalanced 
[36, 37], in the sense that the positive class is 
underrepresented compared to the negative 
class. Thus, with this prevalence on the 
negative examples (89%), a trivial classifier 
consisting in assigning the most prevalent 

class to a new sample would achieve an accu-
racy of around 89%, but its sensitivity would 
be null. 

The main goal is to obtain a predictive 
model with a good sensitivity and specificity. 
Both measures depend on the accuracy on 
positive examples,  a+, and the accuracy on 
negative examples,  a–. Increasing  a+ will be 
done at the cost of decreasing  a–. The relation 
between these quantities can be captured by 
the ROC (Receiver Operating Characteristic) 
curve [38]. The larger the area under the ROC 
curve (AUC), the higher the classification po-
tential of the model. This relation can also be 
estimated by the geometric mean of the two 
accuracies, G = √a+ · a– , reaching high val -
ues only if both values are high and in equi -
librium. Thus, if now we use the geometric 
mean to evaluate our trivial model (which 
 always assigns the class with the maximum a 
priori probability) we see that G = 0, which 

means that the model is the worst we can 
 obtain. 

3. Results 

�Table 4 shows the results of the best con-
nectionist models obtained from the first ap-
proach. Two models were trained based on 
differential input variables: the subject model 
(SUBJ) and the subject-environment model 
(SUBENV). Both models included psychi-
atric antecedents, emotional alterations, 
neuroticism, life events, depressive symp-
toms, genetic factors, social support and 
medical perinatal risk. The SUBENV also in-
cluded social and demographic features, such 
as age, economical and educational level, 
family members and labor situation. 

The best model (SUBJ with no pruning) 
achieved 0.82 of G and 0.81 of accuracy (95% 
CI: 0.76- 0.86) with 0.84 of sensitivity and 
0.81 of specificity. In general, SUBENV and 
non-pruned models tend to have a better be-
havior than SUBJ and pruned ones, but a χ2 
test with Bonferroni correction shows that 
there is no statistical significance. Also, notice 
that the accuracy confidence intervals are 
overlapped (�see Table 4). On the other 
hand, the use of pruning methods leads to a 
more understandable model at the expense of 
a small loss of sensitivity. 

A logistic regression has been done for the 
SUBJ and SUBENV sets of variables to com-
pare and confirm the significant influence of 
the pruned selected features. It is expected 
that the linear relationships between indepen-
dent variables and the target should be found 

Table 3 Number of samples per class of each 
partition of the original database. The prevalence 
of the original dataset is observed in each one: 
11% for the positive class (major postpartum 
 depression) and 89% for the negative class (no 
 depression). 

Table 4 Results for the best models with the subject feature models (SUBJ) and the subject-environ-
ment feature models (SUBENV). We show the G-mean, the accuracy of the model with its confidence in-
tervals at 5% of significance and its sensitivity and specificity. Varying the threshold of the classifier we 
obtain a continuous classifier for which the AUC value is shown. The architecture points out the number 
of input units, hidden units and the output unit. When pruning a network, we see that some input vari-
ables were discarded because their connections towards any hidden unit were eliminated. Thus, these 
pruned models are simpler than the original ones and may be more interpretable, although they might 
lose some sensitivity. 

Dataset  No  
depres- 
sion  

Major  
depres- 
sion  

Total 

Training  891 115 1006 

Validation  99  13  112 

Evaluation  247  32  279 

Total 1237 160 1397

Model  Pruning Architecture  G Acc (95% CI) Sen Spe 

SUBJ No 16–14–1 0.82 0.81 (0.76, 0.86) 0.84 0.81 

SUBENV No 31–3–1 0.81 0.84 (0.80, 0.88) 0.78 0.85 

SUBJ Yes  9–1–1 0.77 0.78 (0.73, 0.83) 0.75 0.78 

SUBENV Yes 13–2–1 0.80 0.84 (0.80, 0.88) 0.75 0.84 

AUC 

0.82 

0.84 

0.80 

0.84
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in the logistic regression as well as in the neu-
ral network models. In the best pruned SUBJ 
model the most relevant features appear as 
statistically significant (α = 0.05) in the logis-
tic regression model. Neu roticism, life events 
from week 8 to week 32, social support and de-
pressive symptoms are considered risk factors. 
Moreover, the influence of the 5-HTT-GC 
combination of low-expressing genotypes, 
LE, is also significant and appears as a protec-
tive factor. The rest of the input variables in 
the logistic regression model: emotional alter-
ations, psychiatric antecedents, pregnancy 
problems and the 5-HTT-GC combination of 
no low-expressing genotype, HE, are not sig-
nificant, but in the pruned model, these four 
variables are seen as risk factors. The differ-
ence between significant factors of the pruned 
models and logistic regression may be ex-
plained by non-linear interactions of a higher 
order between variables because the indepen-

dent variables interact with each other as ex-
plained in Section 2.2. 

Considering the SUBENV model, most of 
the relevant features appear as significant 
input variables in the logistic regression: so-
cial support, neuroticism, life events from 
week 8 to week 32, depressive symptoms, 
leave labor situation and female baby are risk 
factors in both models. Pregnancy problems 
for the mother and the baby appears as a pro-
tective factor, which is explained by the pro-
portion of mothers with postpartum depres -
sion in the observations (see Table 1). On the 
other hand, the age and the number of people 
that the patient lives with appear as protective 
factors in both models, but they have no sta -
tistical significance in the regression model, 
whereas psychiatric antecedents is a risk fac-
tor without statistical significance. Again, we 
find these differences due to the interactions 
between variables as explained before. 

In �Table 5, the SUBJ model shows that 
neuroticism, social support, life events and 
depressive symptoms are the most outstand-
ing features and that they are risk factors in 
the prediction of PPD. In the SUBENV model 
these variables are also main risk factors, but 
the variable age and the number of people 
that the patient lives with are both protective 
factors although in the regression model they 
have no statistical significance. 

4. Discussion 

The main objective of this study was to fit a 
feed-forward ANN classification model to 
predict PPD with a high sensitivity and spe-
cificity during the first 32 weeks after the de-
livery. The predictive model showing the best 
G was selected ensuring a balanced sensitivity 
and specificity, as Table 4 shows. With this 
model, we achieved around 81% of accuracy. 
From our results, SUBENV models did not 
significantly improve SUBJ models for pre-
diction. 

The major concern for the medical staff is 
how the PPD is influenced by the variables. 
These independent variables have different 
influences on the output of the classification 
model and they depend on the connections 
between nodes. While logistic regression 
models detect only linear relationships be-
tween the independent variables and the de-
pendent variable, the neural network models 
can also detect non-linear relationships. 
Thus, the comparison with logistic regression 
aims to confirm that the neural network 
model is not inferring wrong linear in-
fluences between independent variables and 
the dependent variable. We expect that if a 
linear relationship is found to be significant 
in the logistic regression model then it should 
be also considered by the neural network 
pruned model. But non-linear relationships 
are only going to be detected by the neural 
network model since logistic regression can-
not detect these relations. In the case where 
the logistic regression finds an independent 
variable as significant but the neural network 
fails to detect it, then it would be an evidence 
of a wrong trained model. But this situation 
was not found in this work as Table 5 shows. 
In future work, some quantitative techniques 
will be used in order to achieve a numeric 
measure of the influence of each input feature 

Table 5 Independent variables selected for the SUBJ pruned model and the SUBENV pruned model 
for PPD. risk: risk factor; protect: protective factor; pruned: pruned variable. The table shows which vari-
ables were significant for the pruned models and for the logistic regression. If a variable is pruned in the 
neural network, then it is not considered significant. In the case of a logistic regression, a variable is sig-
nificant if and only if the p-value  <  0.05. As expected, every significant variable in logistic regression was 
also significant in the neural network model. 

Variable SUBJ SUBENV 

Pruned  
Net 

Log Reg 
(p-value) 

Pruned  
Net 

Log Reg 
(p-value) 

Neuroticism (EPQN) risk risk (= 0.004) risk risk (= 0.004) 

Social support (DUKE) risk risk (< 0.001) risk risk (< 0.001) 

Depressive symptoms  
(Initial EPDS) 

risk risk (< 0.001) risk risk (< 0.018) 

5-HTT-GC, HE risk not significant pruned not significant 

5-HTT-GC, LE protect protect (= 0.041)  pruned not significant 

Emotional alteration risk not significant pruned not significant 

Psychiatric antecedents risk not significant risk not significant 

Pregnancy problems risk not significant pruned not significant 

Life events at 32 week risk risk (< 0.001) risk risk (< 0.001) 

Life events at 8 week risk not significant risk not significant 

Gender girl – – risk risk (< 0.007) 

Labor leave – – risk risk (< 0.008) 

Mother-child problems 

Age 

No. of people living together 

– 

– 

– 

– 

– 

– 

protect 

protect 

protect 

protect (= 0.008) 

not significant 

not significant 

Labor active – – protect protect  (< 0.026)
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and its interactions following rule extraction 
methods [39] or numeric methods [40] for 
ANNs. Therefore, these prevention models 
would give the clinicians a tool to gain knowl -
edge on the PPD. 

A classification model with this good per-
formance, i.e., high accuracy, sensitivity and 
specificity, may be very useful in clinical set-
tings. In fact, the ability of neural networks to 
tolerate missing information could be rel-
evant when part of the variables are missing 
thus giving a high reliability in the clinical 
field. Since no comparison was established 
with other machine-learning techniques, it 
could be interesting to try Bayesian network 
models as they can also deal with missing 
 information, find probabilistic dependencies 
and show good performance [41]. 

However, our models provided better re-
sults than the work done by Camdeviren et al. 
in [42] on the Turkish population. Although 
the number of patients was comparable, our 
study included more independent variables 
than Camdeviren’s study, where a logistic re-
gression model and a classification tree were 
compared to predict PPD. Based on logistic 
regression, they reached an accuracy of 65.4% 
with a sensitivity of 16% and a specificity of 
95%, which means a G of 0.39. With the opti-
mal decision tree, they obtained an accuracy 
of 71%, a sensitivity of 22% and a specificity 
of 94%, which gives a G of 0.45. As they ex-
plained, there is also a maximal tree that is 
very complex and overfitted, thus the general-
ization of this tree is very limited. 

In the best model achieved, neuroticism, 
life events, social support and depressive 
symptoms just after delivery were the most 
important risk factors for PPD. Therefore, 
women with high levels of neuroticism, de-
pressive symptoms during pregnancy and 
high HTT genotype are the most likely to 
suffer from PPD. In this subgroup, a careful 
postpartum follow-up should be considered 
in order to improve the social support and 
help to cope with the life events [43]. In a long 
term, the final goal is the improvement of 
clinical management of patients with possible 
PPD. In this sense, ANN models have been 
shown to be valuable tools by providing deci-
sion support, thus reducing the workload on 
clinicians. The practical solution to integrate 
the pattern recognition developments in the 
clinical routine workflows is the design of 
clinical decision support systems (CDSSs) 

taking into account also clinical guidelines 
and user preferences [44].There are relatively 
few published clinical trials and they need 
more rigorous methodologies of evaluation, 
but the general conclusion is that CDSSs can 
improve practitioners performances [45, 46]. 

In conclusion, four models for predicting 
PPD have been developed using multilayer 
perceptrons. These models have the ability to 
predict PPD during the first 32 weeks after 
delivery with high accuracy. The use of G as a 
measure for selecting and evaluating the 
models yields to a high, well-balanced sen -
sitivity and specificity. Moreover, pruning 
methods can lead to simpler models, which 
can be easier to analyze in order to interpret 
the influence of each input variable on PPD. 
Finally, the models achieved should be incor-
porated, integrated and clinically evaluated in 
a CDSS [17] to give this knowledge to clini-
cians and improve the prevention and pre-
mature detection of PPD. 
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