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ABSTRACT 
Antenatal depression impacts 7-20% of women globally, and can have 
serious consequences for both the mother and the infant. Preventa-
tive interventions are efective, but are cost-efcient only among 
those at high risk. As such, being able to predict and identify those 
at risk is invaluable for reducing the burden of care and adverse con-
sequences, as well as improving treatment outcomes. While several 
approaches have been proposed in the literature for the automatic 
prediction of depressive states, there is a scarcity of research on 
automatic prediction of perinatal depression. Moreover, while there 
exist some works on the automatic prediction of postpartum depres-
sion using data collected in clinical settings and applied the model 
to a smartphone application, to the best of our knowledge, no previ-
ous work has investigated the automatic prediction of late antenatal 
depression using data collected via a smartphone app in the frst and 
second trimesters of pregnancy. This study utilizes data measuring 
various aspects of self-reported psychological, physiological and 
behavioral information, collected from 915 women in the frst and 
second trimester of pregnancy using a smartphone app designed 
for perinatal depression. By applying machine learning algorithms 
on these data, this paper explores the possibility of automatic early 
detection of antenatal depression (i.e., during week 36 to week 42 
of pregnancy) in everyday life without the administration of health-
care professionals. We compare uni-modal and multi-modal models 
and identify predictive markers related to antenatal depression. 
With multi-modal approach the model reaches a BAC of 0.75, and 
an AUC of 0.82. 
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1 INTRODUCTION 
Depression in the perinatal period can occur during pregnancy (an-
tenatal depression) or within 12 months after birth (postpartum de-
pression) [92]. Antenatal depression impacts 7-20% of women glob-
ally [11], and can have serious consequences for both the mother 
and the infant. It is associated with complications during pregnancy 
and birth, such as preterm birth, preeclampsia, and low birth weight 
[1, 34], as well as a poor perinatal quality of life, sexual dysfunction, 
and difculties in relationship with partner [77]. Furthermore, ante-
natal depression is a key risk factor for postpartum depression [49], 
which extends the consequences to the child’s social, emotional 
and cognitive development [32, 77]. Moreover, it is a leading cause 
of maternal mortality by suicide, both during pregnancy and in the 
postpartum period [63]. 

Despite the profound consequences and public health burden 
associated with antenatal depression, research has historically fo-
cused largely on postpartum depression [11]. Previous studies have 
identifed biological, psychological and sociodemographic corre-
lates for antenatal depression [48, 58], however, early detection 
of those at risk, particularly during pregnancy, continues to be a 
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challenge, with approximately 30-70% of cases being undetected 
and only 15% receiving adequate treatment [14, 23]. An impor-
tant reason for this is that universal screening is carried out in the 
postpartum period [10]. As such, detection in the antenatal period 
largely relies on women reporting symptoms; however, women 
often hesitate doing so because of stigma or shame arising from 
their perinatal experience not meeting their expectations of how 
they perceive pregnancy and motherhood should be. Furthermore, 
it can be difcult to separate symptoms of depression from common 
emotional and somatic changes experienced in the perinatal period 
[11]. 

Preventative and early interventions for antenatal depression are 
efective [88], but are cost-efcient only among those at high risk. 
As such, being able to predict and detect those at risk is invaluable 
for reducing the burden of care and adverse consequences, as well 
as improving treatment outcomes [64]. However, the development 
of mental diseases can be subtle. It is a continuous but fuctuating 
progress. In traditional screening, women only have brief contact 
with clinicians in a controlled healthcare setting with limited time. 
Clinicians will not have access to long-term data collected outside of 
the clinics, and will often rely on women’s retrospective reporting 
to assess the risk. This process is susceptible to recall biases, which 
can afect the integrity of information reported by women and the 
subsequent likelihood of missed cases [76]. 

At the same time, machine learning-based methods have proven 
to be successful in predicting depression using a variety of features, 
from audio-visual behavioural data [44, 73] to mobility patterns 
captured by GPS in smartphones [55]. However, previous work 
on the automatic prediction of perinatal depression is limited [19]. 
Moreover, while there exists some work on the automatic prediction 
of postpartum depression using data collected by interviews in 
clinical settings and applied on smartphone application [42], to the 
best of our knowledge, no previous work investigated the automatic 
prediction of late antenatal depression using data collected via a 
smartphone app in the frst and second trimesters of pregnancy. 

We utilized self-reported data, measuring psychological, phys-
iological and behavioral factors, collected in the frst and second 
trimesters of pregnancy using a smartphone app designed for peri-
natal depression research Mom2b [12]. By applying machine learn-
ing algorithms on these data, this paper explores the possibility of 
automatic early detection of antenatal depression (during week 36 to 
week 42 of pregnancy) in everyday life without the administration 
of healthcare professionals. Furthermore, we identifed predictive 
markers of antenatal depression. We used data collected from 1505 
(915 after selection) women in the frst and second trimesters of 
pregnancy as part of a longitudinal study to compare the applica-
tion of fve machine learning algorithms: Support Vector Machine 
(SVM), Logistic Regression (LR), K-Nearest Neighbour (KNN), eX-
treme Gradient Boosting (XGBoost), and Multi-layer Perception 
(MLP). For each of these machine learning algorithms, we com-
pared the performance of single modality models to multi-modal 
approaches. We also investigated which features were most im-
portant to predict antenatal depression. The results of this work 
provide insights on the feasibility of diferent modelling approaches, 
as well as on which types of data are important to collect at an 
early stage during the pregnancy. 

2 RELATED WORK 

2.1 Smartphone Applications in Mental 
Healthcare 

The emergence of ubiquitous smart devices provides potential new 
methods in healthcare. Mobile health (mHealth) apps based on 
mobile smart devices, such as smartphones, tablets or wearables, 
can be benefcial for symptom monitoring, community support, 
screening and assessment, education, and management [5, 61]. The 
availability of built-in sensors facilitates the collection of large 
amounts of data, and the prevalence of smartphones enables access 
to large populations of users. The advantage of such technologies 
in monitoring has been shown for data collection and transmission, 
but there are still critical issues on data processing, in aspects of 
efcacy, reliability, data security and privacy [5, 84]. 

Unsurprisingly, mHealth technology has also received much 
attention in mental healthcare. By employing multiple tools, e.g. 
surveys, sensors, and voice recordings, clinicians can collect large 
amounts of multi-modal, real-time data regarding a patient’s be-
havioral, psychological, and physiological patterns [85]. The access 
to such data provides an opportunity to address a longstanding 
difculty in psychiatry, i.e., quantifying a disease’s phenotype ac-
curately and reliably. In 2016, the term "digital phenotyping" has 
been introduced as the "moment-by-moment quantifcation of the 
individual-level human phenotype in-situ using data from smart-
phones and other personal digital devices" [83, p.1]. The authors 
also ofered an open-source research application, Beiwe, for multi-
modal data collection purposes, which largely accelerated the de-
velopment of the feld [83]. 

Although the number of studies in the area is growing, we see a 
discrepancy between research and actual smartphone apps available 
in the market. There is still an urgent need of clinical investigation 
on mental health apps. A recent review reported that from 2011 to 
2020, there were seventeen articles identifed as qualifed studies 
on smartphone apps targeting mental health [20]. Among these 
apps, only seven targeted depression or bipolar disorder screening, 
monitoring or intervention [16, 18, 36, 37, 43, 52, 59], and only one 
for perinatal depression [36]. Considering the paucity of studies in 
the feld, the reality is troublesome: although the use of smartphone 
apps in mental health is still an on-going research topic, more 
than 10,000 mental health-related apps are available to download 
in commercial marketplaces, but most do not conform to clinical 
guidelines, are not supported by research data, and are not evidence-
based [8, 84, 86]. In another survey conducted in 2019 on existing 
depression support apps, 553 apps in app stores were identifed out 
of which 216 passed the selection criteria. Among these apps, 52 
were assessment apps providing digital versions of screening ques-
tionnaires, 50 were mood trackers empowered by machine learning, 
and 3 apps were designed specifcally for perinatal depression [81]. 
The efcacy of such AI-based applications and type of data to be 
collected for monitoring or prediction purposes still need further 
investigation, especially for the prediction of perinatal depression. 
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2.2 Automatic Prediction of Depression and 
Perinatal Depression 

An increasingly high number of studies have investigated the au-
tomatic prediction of depression and depression-related states us-
ing machine learning-based methods. Diferent from traditional 
paper-based self-reported questionnaire assessments, data-driven 
approaches provide new opportunities to refne patient screen-
ing and may introduce new paradigms for mental healthcare by 
providing novel ways to identify individuals at risk of developing 
depression [19]. 

The data used in the models available in the literature range 
from bio-markers [28], electronic health records (EHRs) [60], and 
magnetic resonance imaging (MRI), to audio-visual recordings [68], 
social media data [51], and smartphone-based digital phenotyping 
[67]. The latter may include passive data (e.g., sensor data, phone 
usage patterns) [9] and/or active data (e.g., self-reported medical 
history, sociodemographic data) [94]. 

In the multimodal interaction and ubiquitous computing commu-
nities, previous work has shown that it is possible to automatically 
predict clinical depression from audio-visual recording and smart-
phone data. As far as audio-visual data are concerned, previous 
work has proposed computational methods to predict depression 
using non-verbal (i.e., facial, eye and body features) [26, 44, 79] and 
verbal behaviour (i.e., acoustic features) [73, 78]. When it comes 
to the automatic prediction of depression using smartphones data, 
previous work has shown that machine learning methods applied 
to smartphone data can be used to monitor subjects afected by 
depressive states and automatically predict the latter by analyz-
ing their mobility patterns from GPS traces [17, 35, 55] and other 
smartphone interaction features [54]. 

Contrary to the large variety of methods proposed for the au-
tomatic detection of depression, few studies report on machine 
learning approaches used for the purpose of automatically predict-
ing perinatal depression. A recent review surveyed 11 studies on 
postpartum depression prediction [19] and found that sociodemo-
graphic and clinical variables (i.e., psychiatric and gynecological 
factors) seem to be the most reliable. Other studies investigated bio-
logical variables (i.e., blood, genetic and epigenetic features), while 
one study included in the survey discussed the use of smartphone 
apps without actually collecting smartphone data [42]. Another 
review on mHealth for perinatal depression and anxiety found 22 
unique studies including protocols [41], where only four studies 
for screening or treatment included the antenatal period, and none 
of those four used machine learning approaches. 

This work builds on fndings from Andersson et al.’s study, which 
applied machine learning methods to clinical, demographic, and 
psychometric data collected via an online survey four times during 
pregnancy and after birth for the automatic prediction of postpartum 
depression. The authors found that antenatal depression and anxiety, 
as well as factors associated with resilience and personality, were 
important risk factors for postpartum depression. In this paper 
we apply machine learning methods to clinical, demographic, and 
psychometric data collected via a smartphone app for the purpose 
of automatically predicting antenatal depression during week 36 
to week 42 of pregnancy. Compared to Andersson et al.’s use of 

online surveys, the use of a smartphone app allowed us to collect 
data more frequently during pregnancy[4]. 

3 METHODS AND MATERIALS 

3.1 Dataset 
Data for the development of prediction models in this study were 
obtained from the Mom2b cohort study. Mom2b is an ongoing 
population-based prospective cohort study based in Sweden. Data 
are collected through the Mom2b smartphone app that was launched 
in 2019 to App Store and Google Play[12]. All Swedish-speaking 
women who are pregnant or within three months postpartum, 
above the age of 18, and own a smartphone, are eligible to par-
ticipate by downloading the Mom2b app, where they can register 
to the study and provide consent. 1505 women, who are part of 
the existing Mom2b cohort and had completed, at minimum, the 
Edinburgh Postnatal Depression Scale (EPDS) [24] in between week 
36 to week 42 of pregnancy were considered for analysis in this 
study. Data with greater than 80% missing value rate were removed, 
and subsequently, a total of 915 participants were included in our 
analysis. Details regarding how missing values were handled are 
described in Section 3.2.2. 

Survey data collected from the Mom2b app were used to develop 
our models. A diverse combination of validated and self-developed 
instruments are delivered within the Mom2b app at baseline (when-
ever the participant joins the study), and periodically throughout 
the pregnancy and postpartum period. Surveys remain available on 
the app for specifed time windows, and disappear once completed. 
Figure 1 gives an overview of the surveys included in our analysis, 
as well as a timeline for when, how long, and how often each survey 
is available for participants to complete. Surveys were grouped into 
6 categories: sociodemographic information, psychological health, 
general health, behavioral, social, and personality. Surveys com-
pleted by participants in the frst and second pregnancy trimesters 
(up till week 28) were included in our analysis. Additionally, 16 
surveys that we considered time-independent (such as those that 
collected information on sociodemographics, preconception health 
history, or personality traits) were also included from the period 
after week 28. 

The outcome, risk of depression, was assessed using the EPDS, 
available for completion from pregnancy week 36 to week 42 of 
pregnancy. The EPDS is 10-item self-report instrument that has 
been validated as a tool for screening for depression in the peri-
natal period. We considered a cut-of score of 12 as indicative of 
depression, based on the Swedish validation study [91]. 

3.2 Preprocessing 
To handle the diverse data types in our dataset, we apply several 
preprocessing procedures, including encoding, standardization, and 
imputation according to their unique characteristics. 

3.2.1 Encoding and Standardizing. 

• Categorical variables: variables in likert scales, single choices 
and multiple choices are considered as categorical variables. 
For most of the categorical data, we keep the numerical la-
bels. Only for multiple choice variables, we apply one-hot 
encoding for each option. 
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0-12 13-27 28-42 0-6 7-26 27-40 41-52 Pregnancy Postnatal

Sociodemographics Sociodemographic info

Psychiatric history

EPDS* 3

WHO5* 28 (weekly)

DSM-screening* 1

DSM-screening short* 1

PSS* 1

SLE* 1

LITE* 1

FOBS* 2

Stress level 5

Recent stressful life events 2

Substance abuse 1

Impact of coronavirus 2

Medical history

Gynecological health and history

FSFI* 1

Weight 5

Pregnancy complications 2

Diet 1

Breastfeeding experience 1

Medications 1

Impact of coronavirus 2

Physical activity before pregnancy

Lifestyle before preg

LMUP*
IPAQ* 1

ISI* 1

Sleep 3

Impact of coronavirus 2

ECRS* 1 1

Valentine Scale* 1

Violence in close relationships 1

Social support 2

Impact of coronavirus 2

SOC*
RS-14* 1

VPSQ* 1 1

Meaning in life 1

Baseline

Category Survey
Pregnancy weeks Postnatal weeks

Baseline

Baseline

Baseline

Baseline

Baseline

Personality

Social

Behavioral

General health

Psychological health

Baseline

Baseline

Frequency

Figure 1: Timeline, description and frequency of surveys included in the analysis. *Validated instruments. EPDS, Edinburgh 
Postnatal Depression Scale; WHO5, WHO-5 Well-Being Index [82]; DSM-screening, Diagnostic and Statistical Manual of 
Mental Disorders, 5th Edition, criterion for depression; DSM-screening short (shortened version of the DSM-screening); PSS, 
Perceived Stress Scale [29]; SLE, Stressful Life Events [70]; LITE, Lifetime Infuence of Traumatic Experiences [33]; FOBS, 
Fear of Birth Scale [39]; FSFI, Female Sexual Function Index [69]; LMUP, London Measure of Unplanned Pregnancy [6]; IPAQ, 
International Physical Activity Questionnaire [25]; ISI, Insomnia Severity Index [7]; ECRS, Experience in Close Relationships 
Scale [15]; Valentine Scale (relationship with your partner) [3]; SOC, Sense of Coherence [30]; RS-14, Resilience Scale [90]; 
VPSQ, Vulnerability Personality Style Questionnaire [27]. 

• Continuous variables: some questions are in continuous 
scale, such as weight and height. We applied a standard scale 
in which the score of a sample x is calculated as: � = (� −�)/� , 
where � is the mean of the training samples, and � is the 
standard deviation of the training samples. 

• Text-based variables: a few free response questions exist 
in our data. We dropped the free response questions that 
generally have long answers, and label encoded the short 
text variables answering questions like, What other medicines 
do you use? Which region / county do you live in? 

3.2.2 Imputing Missing Values. Missing rates of our dataset are 
generally high, which is another common challenge in mHealth 
and especially when data are collected longitudinally [13, 31]. Our 
dataset likely contains data missing at random (MAR) and missing 
not at random (MNAR) [72]: 

• Missing at random: the missing values before participants 
join the study is the majority missing. With our inclusion cri-
teria, women can join the study during pregnancy or within 
three months postpartum. Surveys that expired before they 

joined the study would never be delivered to them. Mean-
while, since the app is deployed in the wild to collect a mas-
sive amount of features in a long-term and relative loose 
setting, it is easy for participants to miss some surveys due 
to forgotten or other unseen factors. 

• Missing not at random: self-administrated surveys deliv-
ered by the smartphone app give participants great freedom 
to choose to stop answering the surveys anytime. Missing 
data can sometimes be indicative of participants’ mental 
health status. That is, it is tenable that participants may stop 
answering surveys due to symptoms of depressed mood. The 
occurrence of missing values could, therefore, be an inter-
esting predictor in itself when operationalized as a variables 
[50]. Among included participants of the study, 17.5% were 
depressed, while in excluded participants, 26.5% were de-
pressed. The average EPDS score of included participants is 
6.58 and of excluded participants is 8.22. Participants who 
answered less than 20% of mobile surveys during the frst 
two trimesters had signifcantly higher EPDS scores (p < 
0.001 in t-test). However, we didn’t do further analysis on 
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Figure 2: Cumulative number of participants when apply 
diferent inclusion thresholds of missing rate 

the data with high missing rate, as it is out of the scope of 
this current paper. 

Complete case analysis is widely used to combat missing value 
issues, which however may introduce bias and omit some useful 
information [97]. Nevertheless, in this particular study with no 
rigidly controlled experimental setting, complete case analysis is 
not suitable because of the high missing rate of data. As shown in 
Figure 2, we barely have any complete case in the dataset. Therefore, 
we can either use algorithms which can handle missing values, such 
as decision tree ensembles [87], or use imputation to complete the 
dataset. In order to be able to compare diferent algorithms, we have 
imputed missing values. We included most frequent imputation for 
categorical variables; mean imputation and most frequent imputation 
for continuous variables in grid search. 

3.3 Machine Learning Models 
We consider the task as a binary classifcation task for the automatic 
prediction of depression, and compared fve classifers, namely Lo-
gistic Regression (LR), Support Vector Machine Classifer (SVC), 
K-Nearest Neighbours (KNN), eXtreme Gradient Boosting Classifer 
(XGBoost), and Multi-layer Perceptron (MLP) in both uni-modal 
and multi-modal experiments. The efcacy of these algorithms are 
proven in previous studies on depression prediction [19, 74]. All 
the models are trained after the same preprocessing procedures 
mentioned in 3.2, where the data go through encoding, scaling, and 
imputation. 
K-Nearest Neighbours, as a non-parametric supervised learning, 
is used as baseline of the study. K-NN will take k nearest neighbors 
from the known dataset to predict the unknown label of a new 
case, thus it is not sensitive to missing values. With grid search, we 
tested a range of � = 3, 5, 7, ...13. 

Support Vector Machine projects the data into a higher-dimensional 
space by a kernel function and use a separating hyperplane to sep-
arate two groups of samples [62]. Diferent kernels were tested, 
namely linear, poly, sigmoid, and rbf. We also adjusted margin of 
the separating hyperplane and class weight to maximize the perfor-
mance of the model by tuning the parameters � and �����_����ℎ� . 

Logistic Regression is commonly used for a binary outcome. There 
are a wealth of studies using LR for clinical prediction models. In the 
area of clinical predictive models, Christodoulou et al. have done 
a systemic review on the applications of LR and other machine 
learning algorithms and there was no signifcant performance dif-
ference shown. We applied a multivariate logistic regression model 
with the implementation provided in Scikit-learn. Optimization 
algorithms, solver, is searched in (’sag’, ’saga’, ’liblinear’), L1, L2 and 
elastic net regularization were also tested when applicable. Diferent 
�����_����ℎ� and � were also tested for better performance. 

Gradient boosting trees is essentially an ensemble of weak pre-
diction models. As a popular algorithm among the decision tree 
ensembles, the use of XGBoost (eXtreme Gradient Boosting [21]) 
in depression prediction was explored by [74]. Like previous algo-
rithms, to reach better performance, we tuned some parameters 
including booster, learning_rate, max_depth, subsample, reg_lambda, 
n_estimators, scale_pos_weight, min_child_weight. When using DART 
[46] algorithm as booster, we also tuned rate_drop and skip_rate. 

Multi-layer Perceptron is also known as a type of artifcial neural 
network. It has at least one hidden layer between input and out-
put layers. We applied the MLP classifer with stochastic gradient 
descent and Adam optimization algorithm proposed by [45]. The 
size of the hidden layers is determined following [75, 80], with √ 
size �� − 1, (�� × �� ) for three-layer models, and �� + 3 for a2 
four-layer model, where �� is the number of input neurons and �� 
is the number of output neurons. Two activation functions, tanh 
and relu, are examined. Learning rates were set to be constant and 
adaptive separately. As we have a relative big number of features 
considering the number of samples, over-ftting could very likely 
be an issue. Beside a value of 0.0001, we tried a bigger alpha for the 
L2 penalty, 0.05. 

3.4 Class Imbalance 
Clinical predictive models are often dealing with imbalanced classi-
fcation tasks. In practice, the number of positive cases is generally 
less than that of negative cases, which can bias the performance 
of the models towards the negative prediction. Although in our 
dataset we have 17% positive cases (21% before selection), which is 
higher than normal report of perinatal depression ratio, it is still 
problematic. We adjusted class weight parameters for our models 
to reduce the infuence of class imbalance, except for MLP as it is 
not yet supported by Scikit-learn. 

3.5 Uni-modal and Multimodal Experiments 
We conducted uni-modal and multimodal experiments. In both sets 
of experiments, the dataset is randomly divided into a train set and 
a test set with a ratio of 75%:25%. The same random seed is used 
throughout the experiments. Positive cases take 17.28% and 17.98% 
in trian set and test set respectively. The models are frst developed 
and selected within train set using grid search with stratifed 5-fold 
cross validation, then the selected models are retrained with the 
whole train set and tested with test set for a fnal unbiased evalua-
tion. During the design of the methodology, we use the PROBAST 
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(Prediction model Risk Of Bias Assessment Tool) to avoid bias of 
the developed prediction model [93]. 

In the uni-modal experiments, we used the fve classifers de-
scribed above to train models for each individual modality, i.e. Psy-
chological Health, General Health, Behavioral, Social, and Personality. 

In multimodal experiments, considering the distinctive content 
of the fve input streams of our dataset, we applied diferent fusion 
operations to combine the information on both feature-level and 
decision-level for comparison. 

Feature-level fusion: after preprocessing procedures, we em-
ployed the concatenation to combine the fve modalities of data to 
input vectors, as concatenation has been used to combine low-level 
input features in many studies [96]. Then we passed the fused input 
in grid search with cross validation to fnd the better model. 

Decision-level fusion: for decision fusion we trained uni-modal 
models separately for the fve modalities, i.e. Psychological Health, 
General Health, Behavioral, Social, and Personality. Sociodemograph-
ics are added into all modalities to account for potential confound-
ing. Next, we applied prevailing decision level fusions on the predic-
tions of the models, including fxed fusion rules [47] and trainable 
fusion rules [56, 66], i.e., max fusion, average fusion, and median 
fusion (the same as majority vote in our case), and fusion based 
on supervised learning. The uni-modal models were selected using 
grid search with the same set of parameters as feature level fusion. 

Similar to Kuncheva’s defnition [47], let C = {�1, . . . ,�� } be 
the a set of uni-modal classifers. With the fusion algorithms, we 
aim to a better performance than classifers C. As our classifers 
can produce soft class labels, we assume that � �,� (x) ∈ [0, 1] is an 
estimate of the probability � (�� | x) ofered by classifer � � for an 
input x ∈ ℜ�, � = 1, 2, � = 1, . . . , �. There are two possible classes 
Ω = {�1, �2}, and for any x, � �,1 (x) + � �,2 (x) = 1, � = 1, . . . , �. For 
each input point x, label �1 will be assigned if � (�1 | x) = � > 0.5. 

Where for the Average Fusion, Maximum Fusion and Median 
Fusion: 

�̂ (�� | x) = F (� (�� | x)1 , . . . , � (�� | x)�) (1) 

Where F stands for fxed fusion rules used, i.e. average, maxi-
mum, and median. 

While for the Supervised Learning Based Fusion: 

�̂ (�� | x) = S (� (�� | x)1 , . . . , � (�� | x)�) (2) 

Where S represents trainable fusion algorithms. In this work, we 
used several supervised learning algorithms, i.e., Gaussian Naive 
Bayes (GaussianNB), Logistic Regression, and Multi-layer Percep-
tron. 

3.6 Evaluation metrics 
Considering the class imbalance of our case, we take balanced 
accuracy (BAC) = (sensitivity + specifcity) / 2 as our main evaluation 
metric. Area under the curve (AUC), weighted-averaged F1 score, 
sensitivity (SENS), specifcity (SPEC), accuracy (ACC), negative 
predictive values (NPV), and positive predictive value (PPV) are 
reported as the supplementary matrix. 

4 RESULTS 
We investigated the performance of machine learning models on 
unimodal and multimodal data. For uni-modal models, we used 
feature importance ranking provided by XGBoost to further identify 
the predictive items. 

4.1 Uni-modal Models 
Table 1 shows the performance of selected classifers on the test set, 
which reached the highest mean BAC during the cross-validation 
process. In General, XGBoost has the best performance on uni-
modal data, while SVM and LR also show some predictive ability, 
reaching a mean BAC of 0.70 and mean AUC of 0.75 and 0.77, 
respectively. KNN is not suitable for the task, getting a mean BAC 
a little greater than 0.5. 

Psychological health, which is proven to be an important pre-
dictor in previous works [4, 48], outperformed other kinds of data, 
reaching the highest mean BAC (at 0.74) and mean AUC (at 0.81) 
on the validation set during the cross-validation and highest AUC 
(at 0.81) and F1 score (0.79) on the test set. 

Fig. 3 shows the feature importance of XGBoost in fve modalities. 
Although sociodemographic information is added to all modalities 
as a confounder, only age, weight, and height appear at the top of 
the ranks in most uni-modal models. 

In the most predictive modality, psychological health, previous 
EPDS scores, WHO5 scores, stress, anxiety, and fear of birth (as 
measured by FOBS) seem to be the most important. 

Personality is also a relatively strong predictor. In the feature 
importance rank, we see the RS14 total score and certain questions, 
the SOC scores and certain questions, and one ’meaning of life’ 
question: ’to what extent do you have inner peace?’ rank in the 
top ffteen. Age, weight before pregnancy, height, children in the 
household, and place of residence also seem to be informative in 
this aspect. 

In general health features, we fnd that time of trying to get preg-
nancy, weights during pregnancy, diet (fber-rich foods, seafood, 
and sugary drinks), and previous pregnancy times can be strong 
predictors. Particularly, as the study started in 2019, right before 
the COVID-19 pandemic, we see an infuence of COVID-19 related 
factors, e.g. having symptoms similar to description of COVID-19. 
Place of residence, age, weight before pregnancy, and height are 
also used by the model to make decisions. 

Among behavioral features, sleep (i.e., feeling rested and hours 
asleep), and physical activity (IPAQ) before pregnancy and during 
pregnancy are the main predictors. At the same time, the impact of 
the COVID-19 pandemic is not obviously predictive in the behav-
ioral aspects. Many sociodemographic details, namely age, height, 
weight and place of residence are also important bricks constructing 
the model. 

Although social factors are less predictive than others, we still 
see a feature importance ranking compliant with the clinical studies 
[48, 57]. The sociodemographic features, i.e., age, weight, height, 
place of residence, and education, and support from relatives and 
partner rank top on the list. Maternity care and the social infuence 
of the pandemic also contribute to the prediction. Violence in close 
relationships, Experience in Close Relationships Scale (ECSR), and 
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(a) (b) (c) 

(d) (e) 

Figure 3: Top 15 feature importance rank of uni-modal models trained with (a) behavioral data; (b) general health data; (c) 
personality data; (d) psychological health data; (e) social-related data 
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Table 1: Performance of uni-modal models 

Modal Classifer Cross Validation 
BAC AUC BAC AUC F1 

Test Set 
ACC SENS SPEC PPV NPV 

Behavioral KNN 0.51 0.56 0.55 0.57 0.74 0.78 0.17 0.93 0.40 0.81 
Behavioral LR 0.63 0.66 0.58 0.67 0.66 0.63 0.51 0.66 0.28 0.84 
Behavioral MLP 0.57 0.59 0.56 0.62 0.73 0.76 0.21 0.90 0.36 0.81 
Behavioral SVM 0.62 0.65 0.60 0.62 0.56 0.52 0.72 0.47 0.26 0.87 
Behavioral XGB* 0.66 0.66 0.61 0.65 0.62 0.58 0.66 0.56 0.28 0.86 

General health KNN 0.52 0.55 0.50 0.62 0.70 0.78 0.02 0.98 0.25 0.79 
General health LR 0.67 0.69 0.61 0.65 0.65 0.61 0.62 0.61 0.29 0.86 
General health MLP 0.59 0.66 0.52 0.59 0.68 0.67 0.28 0.77 0.24 0.80 
General health SVM 0.66 0.71 0.62 0.61 0.63 0.66 0.59 0.57 0.29 0.87 
General health XGB* 0.68 0.69 0.61 0.64 0.66 0.57 0.63 0.64 0.30 0.85 

Personality KNN 0.52 0.61 0.55 0.58 0.74 0.79 0.13 0.97 0.50 0.81 
Personality LR 0.69 0.74 0.76 0.77 0.78 0.77 0.74 0.77 0.46 0.92 
Personality MLP 0.61 0.70 0.58 0.73 0.76 0.80 0.21 0.95 0.53 0.82 
Personality SVM 0.68 0.74 0.69 0.76 0.74 0.72 0.64 0.74 0.39 0.89 
Personality XGB* 0.69 0.73 0.74 0.76 0.75 0.73 0.74 0.73 0.42 0.92 

Psychological health KNN 0.57 0.64 0.55 0.64 0.74 0.79 0.15 0.96 0.47 0.81 
Psychological health LR 0.70 0.77 0.71 0.79 0.79 0.78 0.60 0.83 0.48 0.89 
Psychological health MLP 0.67 0.75 0.68 0.76 0.78 0.78 0.49 0.86 0.48 0.87 
Psychological health SVM 0.70 0.75 0.66 0.75 0.64 0.60 0.74 0.57 0.31 0.89 
Psychological health XGB* 0.74 0.81 0.73 0.81 0.78 0.77 0.68 0.79 0.46 0.90 

Social KNN 0.52 0.56 
Social LR 0.60 0.63 
Social MLP 0.56 0.60 
Social SVM* 0.61 0.64 
Social XGB 0.61 0.62 

* selected for decision-level fusion 

relationship with your partner (Valentine Scale) do not appear in the 
rank, which could be because of the similarity of the instruments. 

4.2 Multi-modal Models 
The comparison of fusion methods is shown in Table 2. The model 
reaches the highest performance with the Logistic Regression fusion 
rule, getting an AUC of 0.82 and a BAC of 0.75. With Multi-layer 
Perception fusion rule the model gets a highest AUC of 0.83. 

Fig. 4 shows the XGBoost feature importance ranking of feature-
level fusion. Most of the predictive features from the psychological 
health modality rank high, especially previous EPDS scores. Per-
sonality, behavioral patterns, and weights also contribute to the 
prediction. However, the feature-level fusion approach doesn’t show 
a performance improvement. With psychological health features 
only, XGBoost can reach similar BAC and AUC. 

The trainable rule decision fusion have better performance on 
BAC and AUC compared to fxed rule decision fusion, but with 
the maximum fusion rule, we achieved the highest SENS (at 0.91) 
without a dramatic drop in BAC (at 0.63). 

Fig. 5 are the receiver operating characteristic (ROC) curves 
of three best performed multi-modal models. Although the three 
models all get AUC higher than 0.81, the balance of SENS and SPEC 
is diferent at various threshold settings, e.g. when we require at 

0.57 0.53 0.76 0.81 0.17 0.98 0.67 0.82 
0.61 0.68 0.71 0.69 0.47 0.75 0.33 0.84 
0.50 0.65 0.70 0.79 0.00 1.00 0.00 0.79 
0.62 0.69 0.65 0.62 0.64 0.61 0.30 0.87 
0.55 0.60 0.68 0.67 0.34 0.76 0.27 0.81 

least 0.70 of SENS, MLP decision fusion and LR decision fusion get 
better SPEC at around 0.80, while feature-level fusion with XGBoost 
only get SPEC of around 0.70. 

5 CONCLUSION AND DISCUSSION 
Antenatal depression has been linked with poor obstetric outcomes 
and maternal well-being, and problems in the cognitive, social and 
psychological development of the child, and is the biggest predic-
tor of postpartum mental ill-health [95]. However, the focus of 
research largely remains on depression after birth. The results of 
this study highlight the utility of machine learning methods in early 
prediction of symptoms of antenatal depression using survey data 
collected via a smartphone app throughout the frst two trimesters 
of pregnancy. Even with a missing rate as high as 80%, machine 
learning algorithms can still predict future antenatal depression 
with a BAC of 0.75 and an AUC of 0.82, higher than the AUC of 
0.81 reported by Andersson et al. [4]. The best performing model, 
LR fusion, also achieved an overall good balance between between 
sensitivity (0.74) and specifcity (0.78), although the highest sensi-
tivity was achieved by max fusion method (0.91). Achieving a high 
sensitivity may be important for clinicians to avoid missed cases, 
which is one of the most signifcant advantages sought through 
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Table 2: Performance of multi-modal models 

Fusion 
Model/ 

Fusion Rule 
Cross Validation 
BAC AUC BAC AUC F1 

Test Set 
ACC SENS SPEC PPV NPV 

Feature-Level 
Fusion 

LR 
KNN 
SVM 
XGB 
MLP 

0.68 
0.51 
0.63 
0.73 
0.61 

0.74 
0.54 
0.69 
0.81 
0.72 

0.67 
0.50 
0.68 
0.74 
0.67 

0.78 
0.52 
0.75 
0.80 
0.73 

0.81 
0.70 
0.69 
0.79 
0.81 

0.82 
0.77 
0.66 
0.77 
0.82 

0.43 
0.04 
0.72 
0.68 
0.40 

0.92 
0.96 
0.64 
0.79 
0.93 

0.59 
0.20 
0.35 
0.46 
0.59 

0.86 
0.79 
0.90 
0.91 
0.86 

Decision-Level 
Fusion 

Max Fuison 
Mean Fusion 
Median Fusion 
MLP Fusion 
GaussianNB Fusion 
LR Fusion 

0.61 
0.69 
0.71 
0.61 
0.70 
0.75 

0.72 
0.77 
0.77 
0.83 
0.81 
0.82 

0.57 
0.68 
0.75 
0.65 
0.72 
0.76 

0.71 
0.75 
0.78 
0.80 
0.80 
0.80 

0.37 
0.74 
0.77 
0.81 
0.81 
0.79 

0.37 
0.72 
0.74 
0.83 
0.81 
0.78 

0.91 
0.60 
0.77 
0.34 
0.57 
0.74 

0.23 
0.76 
0.74 
0.96 
0.87 
0.78 

0.24 
0.39 
0.43 
0.70 
0.54 
0.47 

0.91 
0.88 
0.92 
0.85 
0.89 
0.92 

Figure 4: Top 30 feature importance rank of feature-level 
fusion 

using machine learning algorithms. However, it is also equally im-
portant to achieve a specifcity level that ensures the model will 
be cost-efective when applied in clinical settings. Using the ROC 

curves in Fig. 5, we can have a better understanding of what is the 
trade of when adjusting threshold for diferent sensitivities. 

Considering the high missing rate of our data, this is a fairly 
good outcome. It shows the efcacy of machine learning-based 
mHealth early prediction of antenatal depression. The explainability 
of the models should also be taken into account. Compared with 
unimodal and feature-level fusion models, the hierarchical structure 
of the decision-level fusion model has better explainability of the 
prediction. The importance of Explainable Artifcial Intelligence 
(XAI) and its practical value in healthcare is well-recognized [2, 53, 
65, 89]. In this work, the necessity of XAI was particularly shown 
in aspects of justifying the predictions, controlling the performance 
and discovering novel predictors. 

The feature importance analysis and uni-modal/multimodal ap-
proaches provide a possible solution for selecting useful surveys 
that can be collected on predictive mHealth apps. By comparing 
model performance and important features of fve modalities in 
our dataset, we investigated the contributions of diferent factors 
to antenatal depression prediction. 

Globally, including in Sweden, antenatal screening for depres-
sion is done in the early postpartum period [14], and this study is 
part of a growing body of evidence supporting the development 
and implementation of early detection and intervention protocols. 
However, before the implementation of these models in clinical 
settings can be done, it is important to analyze predictors in an 
explainable approach to build an unbiased and trustworthy tool for 
clinicians. 

In the study, we use feature importance ranking on both XGBoost 
trained with unimodal features and concatenated multi-modal fea-
tures, providing a better understanding of the contributions of dif-
ferent features. Psychometric scores during pregnancy, i.e., EPDS 
scores, WHO5 scores, anxiety history, physical activity, sleep, and 
weights came out as important predictive factors for antenatal 
depression. This is mostly consistent with previous studies [57]. 
Physical activity and sleep quality are more complex to interpret as 
it can be argued that they are also symptoms of depressive episodes. 
They may be acting as confounders, or might be mediated by other 
risk factors. We did not explore this relationship further, however, it 
would be fruitful for future studies to investigate the link between 
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(a) XGBoost classifer trained with 
Feature-level fusion rule 

(b) Multi-layer perceptron decision 
fusion of fve selected uni-modal 
models 

(c) Logistic regression decision fu-
sion of fve selected uni-modal mod-
els 

Figure 5: Receiver operating characteristic curves 

sleep disturbances and changes in physical activity in early preg-
nancy, with depressive symptoms in the late antenatal period. A 
major advantage of this study was the inclusion of a wide range 
of variables over a longitudinal period that have been shown by 
previous studies to be important risk factors, as well as variables 
that lack research focus such as personality traits, such as life events 
[49]. The majority of previous studies have been cross-sectional in 
nature, which limits our ability to infer the direction of relationships 
[48]. 

This study uses the EPDS as the main outcome measure to quan-
tify the risk of antenatal depression. The EPDS is considered a 
validated tool, with high sensitivity and specifcity for detecting de-
pression in the perinatal period [71]. We included several validated 
surveys with good psychometric properties to measure variables. 
Furthermore, we also included several self-developed surveys, usu-
ally with the intention of keeping surveys focused on the variable 
of choice, and short in length. While these surveys have not been 
validated, the questions were usually inspired from existing vali-
dated surveys. The results proved the feasibility of using shorter 
surveys instead of long surveys that may be validated, as many 
single questions get high importance ranking instead of the total 
score of a survey. 

There are a few limitations in our work to consider. Selection bias 
is an important issue in this study. Data used in our analysis were 
acquired from a domestic cohort study, which excluded women 
who did not speak Swedish. The resulting cohort consists predom-
inantly of women who were born in Sweden and have received 
post-secondary education. This may limit the generalizability of our 
fndings. Another issue to consider in terms of generalizability is 
the use of a smartphone app to collect data. As the smartphone app 
also contains additional features that allow women to track their 
well-being, behavioral activity and receive health-related informa-
tion about their pregnancy frequently, the potential infuence of 
being able to track one’s health and well-being must be kept in mind 
when interpreting our results and considering the implementation 
of such models. 

Prevalence of depression was found to be 21% within the study 
population, which is higher than the Swedish average level reported 
in previous studies [38]. This discrepancy could be attributed to 
COVID-19 pandemic having worsened mental well-being [40], or 

the various cut-of values for the EPDS and sample characteristics 
of studies exploring prevalence. Selection bias was also considered 
as a reason for greater prevalence, such that women with depressive 
symptoms may simply be more inclined to participate in research 
exploring the issue. Furthermore, the ease of participating in re-
search on a smartphone app may have allowed more women with 
depressive symptoms to respond. 
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6 APPENDICES 

Table 3: Parameters setting for grid-search 

LR 
LR 
LR 
LR 
LR 

penalty 
solver 
C 
class_weight 
l1_ratio 

[’elasticnet’], 
[’saga’], 
[0.1,1,100,1000,2000,3000,4000], 
[{1:6},{1:10},{1:14},’balanced’], 
[0.4,0.5,0.6,0.7], 

LR 
LR 
LR 
LR 

penalty 
solver 
C 
class_weight 

[’l2’,’none’], 
[’newton-cg’,’lbfgs’,’sag’], 
[0.1,1,100,1000,2000,3000,4000], 
[{1:6},{1:10},{1:14},’balanced’], 

LR 
LR 
LR 
LR 

penalty 
solver 
C 
class_weight 

[’l2’,’l1’,’none’], 
[’saga’], 
[0.1,1,100,1000,2000,3000,4000], 
[{1:6},{1:10},{1:14},’balanced’], 

LR 
LR 
LR 
LR 

penalty 
solver 
C 
class_weight 

[’l2’,’l1’], 
[’liblinear’], 
[0.1,1,100,1000,2000,3000,4000], 
[{1:6},{1:10},{1:14},’balanced’], 

SVM 
SVM 
SVM 
SVM 
SVM 
SVM 

kernel 
gamma 
C 
class_weight 
degree 
probability 

["linear",’poly’,’sigmoid’,’rbf’], 
[1000,100,10,1,0.1,0.01,’auto’,’scale’], 
[0.1,1,10,100,1000,2000,3000,4000], 
[{1:6},{1:10},{1:14}], 
[2,3,4], 
[True], 

XGB 
XGB 
XGB 
XGB 
XGB 
XGB 
XGB 
XGB 
XGB 
XGB 
XGB 
XGB 
XGB 

booster 
objective 
learning_rate 
max_depth 
subsample 
colsample_bytree 
reg_lambda 
n_estimators 
seed 
use_label_encoder 
eval_metric 
scale_pos_weight 
min_child_weight 

[’gbtree’], 
[’binary’,logistic’], 
[0.001,0.002,0.0001,0.0002,0.01,0.02], 
[9,12,15], 
[0.7,0.6], 
[0.7], 
[0.001,0.0001,0.00001], 
[300,900], 
[42], 
[False], 
[’logloss’], 
[10,12,14], 
[3,9,12], 

XGB 
XGB 
XGB 
XGB 
XGB 
XGB 
XGB 
XGB 
XGB 
XGB 
XGB 
XGB 
XGB 
XGB 
XGB 
XGB 

booster 
objective 
learning_rate 
max_depth 
subsample 
colsample_bytree 
reg_lambda 
n_estimators 
seed 
use_label_encoder 
eval_metric 
scale_pos_weight 
min_child_weight 
rate_drop 
skip_drop 
sample_type 

[’dart’], 
[’binary’,logistic’], 
[0.001,0.002,0.0001,0.0002,0.01,0.02], 
[9,12,15], 
[0.7,0.6], 
[0.7], 
[0.001,0.0001,0.00001], 
[300,900], 
[42], 
[False], 
[’logloss’], 
[10,12,14], 
[3,9,12], 
[0.1,0.2], 
[0.1,0.5], 
[’weighted’], 

Table 4: Parameters setting for grid-search – continued 

MLP hidden_layer_sizes 

MLP activation 
MLP solver 
MLP alpha 
MLP learning_rate 

[(round(N/2+3),2,),(N-1,), 
(round(np.sqrt(N*2)),),(round 
(np.power(1,2)/N)+1,),(100,300,)], 
[’tanh’,’relu’], 
[’sgd’,’adam’], 
[0.0001,0.05], 
[’constant’,’adaptive’], 

KNN n_neighbors [3,5,7,9,11,13], 
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