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Abstract: This research paper highlights the transformative role of Big Data Analytics (BDA) in enhancing women's health,
with a particular focus on Postpartum Depression (PPD). Focusing on the field of FemTech—an abbreviation for Female
Technology—this study emphasises technology's potential to address women's specific healthcare needs. The global FemTech
market, anticipated to reach its peak in 2024, encompasses applications, devices, wearables, and diagnostics tailored to women's
health. This research emphasises the importance of leveraging big data derived from sources such as FemTech and the Internet
of Things (1oT) to predict and manage health conditions, such as PPD. It introduces a novel framework integrating data from
FemTech apps, smartwatches, and Electronic Medical Records (EMRs) to identify women at risk of PPD with unprecedented
accuracy and efficiency. The paper argues that this predictive capacity could dramatically alter healthcare delivery for women,
ensuring more personalised and proactive care. By harnessing advanced machine learning models, the research aims to
revolutionise the early detection of PPD, ultimately enhancing the wellbeing of mothers and families worldwide. It advocates
interdisciplinary collaboration to explore further the intersections of technology, healthcare, and big data analytics.
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1. Introduction

Despite women constituting at least half of the global population, the number of technology vendors catering to their healthcare
needs represents only a tiny segment of the worldwide technology market. The FemTech industry is just beginning to develop,
and experts suggest it will reach its peak by 2024. The term “FemTech” is an abbreviation of “Female Technology” and was
coined by Ida Tin, the Danish founder of the Clue ovulation-tracking app, which launched in Germany in 2013 [1]. Femtech is
a new and emerging industry that develops innovative technology solutions such as apps, devices, wearables, diagnostic
software, services, or any combination thereof, specialising in the health needs of women. A research report by the Bank for
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International Settlements (BIS) estimated the value of big data in healthcare at $14.27 billion in 2017, with projections that this
would increase to $68.75 billion by the end of 2025.

In 2017, North America led as the largest market for healthcare big data. It introduced the PreManage Emergency Department
system, which enables practitioners to share patient records and reports, thereby reducing time and saving money. Sharing
patient records is pivotal for efficient disease management. Accessing information from shared patient databases enables the
prediction of various types of cancer and the identification of suitable treatment options. Consequently, focusing on data
generated by FemTech and applying advanced analytics will yield valuable insights and models relevant to women's health. In
this study, researchers concentrate on women's health by exploring a critical and sensitive area: postpartum depression (PPD).
PPD is a prevalent and severe mood disorder impacting women after childbirth, carrying significant implications for the mother,
infant, and family [2]. Early detection and intervention can enhance outcomes; however, PPD frequently remains
underdiagnosed and undertreated due to obstacles such as stigma, a lack of awareness, and constrained resources [3].

A promising method to overcome these barriers involves using big data analytics to identify the women most at risk of PPD,
thereby directing preventive measures and support interventions to them. Big data analytics (BDA) is pivotal in the healthcare
sector, enabling significant advancements in patient care, operational efficiency, and medical research. It also aids in early
detection of disease spread and in preemptive prediction of illnesses. Additionally, it assists in monitoring clinical performance,
underscoring its essential role in improving patient care and outcomes. In the following sections, researchers will delve into the
background of big data in the healthcare industry, including its analysis, and into postpartum depression and the application of
the Internet of Things (10T) in healthcare, as detailed in Section Il. Section I11 will outline the proposed framework for predicting
women most at risk of developing PPD. To wrap up, researchers will provide a summary and discuss potential future directions.

2. Background
2.1. Big Data
2.1.1. Big Data in General

Big data refers to large, complex datasets that pose challenges for traditional database management systems in processing and
handling. ZDNet.com describes big data as encompassing the tools and techniques for generating, utilising, and storing vast
amounts of data using storage devices. Every individual continuously generates substantial amounts of data. All computer
systems and social networking sites produce big data. Digital systems, sensors, cameras, wearable devices, smartphones, and
their applications distribute it [4]. Big data arrives with unparalleled velocity, encompassing a vast array of data from diverse
sources. Deriving meaningful insights from such extensive datasets requires significant computing power, analytical power,
and specialised expertise. This explosion of data is prompting a reevaluation of all aspects related to big data. Notably,
transaction data, database information, sensor data, and electronic medical records are expanding rapidly, reflecting the
evolving landscape of data generation and utilisation [5]. This data can be categorised into several types, including web data,
sensor-based data, demographic data, transactional data, and machine-generated data, as detailed below:

o Web Data: Gathered from social networking platforms like Facebook, Twitter, and blogs.
¢ Machine-Generated Data: Collected by sensors installed on various devices and gadgets.
e Transactional Data: Derived from biometrics, vital signs, radiology, and other medical imaging sources.
¢ Human-Generated Data: Includes emails, doctors' prescriptions, and scanned copies of medical reports.

2.1.2. Characteristics of Big Data
The following attributes often summarise the fundamental characteristics of big data:

e Volume: Represents the immense size of data, typically measured in terabytes (TB, 10121012 bytes), petabytes (PB,
10151015 bytes), zettabytes (ZB, 10211021 bytes), etc.

o Velocity: Indicates the rapid rate at which data is generated and needs to be processed.

e Variety: big data encompasses three different types of data, including structured, semi-structured, and unstructured
formats.
Veracity: Concerns about the reliability and accuracy of the data.
Value: Reflects the valuable insights and significance one can derive from the data.

Beyond these foundational characteristics, the definition and features of big data have evolved to encompass additional
dimensions as technology, data storage, processing speeds, and other capabilities have advanced [6]; [7]. Various frameworks
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and scholars have expanded the concept beyond the initial 3Vs or 4Vs to include 5Vs, 10Vs, and even more [8]. As of 2017,
42 distinct dimensions of big data were identified, a number expected to increase as the field continues to expand [9]. These
dimensions underscore the multifaceted nature of big data and its growing importance across sectors, underscoring the need for
sophisticated tools and methodologies to harness its full potential [10] (Figure 1).

Volume

N
 Bigdata )

Veracity

Figure 1: Generic concept of big data [11]
2.1.3. Healthcare Big Data

The healthcare sector is undergoing a significant transformation, driven by vast amounts of health data generated by
technological advancements and the digitisation of medical records. Recent developments in Health Information Technologies
(HIT) have enabled the electronic generation, storage, and global transmission of data in mere seconds, offering the potential
to significantly enhance the efficiency and quality of health services. This innovation permits each healthcare provider to
maintain a digital database of patient records. Consequently, the healthcare sector has amassed substantial data from medical
records, regulatory approvals, requirements, and patient care [12]. This collective data constitutes a vast health dataset,
specifically referred to as Big Health Data. Big Health Data is characterised by Electronic Medical Records (EMRs) that
encompass a patient's medical history, doctors' notes, clinical reports, biometric information, and other health-related data,
along with contributions from social media such as blog posts, tweets, Facebook news alerts, and medical journal entries [12].

This change in healthcare includes not only more data, but also a faster rate of data production and a wider range of sorts of
medical data being created. Sensor systems, cameras, and cellphones are just a few examples of technology that are moving
quickly and are very important for collecting healthcare data. As new data sources come out every day, it gets harder for
traditional database management solutions to analyse and analyse healthcare big data. By properly recording, storing, and
analysing large amounts of healthcare data, you may make better decisions that lead to better service results and lower
healthcare expenditures. To do this, though, you need advanced analytical tools and methods, as well as strong computer
systems.

Healthcare Big Data Analytics (BDA) has emerged as a critical tool for addressing challenges across multiple healthcare
domains. Additionally, a data analyst's responsibilities include mining big data to uncover relationships and understand trends
and patterns in healthcare data. This process not only improves individual health and quality of life but also enables the
provision of early-stage treatments at reduced costs. The rapidly growing volume of data in the healthcare sector has
significantly heightened interest in big data's capabilities. With an extensive pool of data ready for analysis, a key goal of
leveraging big data is to improve healthcare services. Nations worldwide are motivated to improve healthcare facilities and
reduce medical expenses. However, the huge amount of data in healthcare is still a big problem that makes it hard to reach
these goals. In 2012, it was thought that there were 500 petabytes of electronic health data around the world.

By 2020, that number had grown to 25 petabytes [13]. So, healthcare is a broad term that refers to the many services that
medical professionals offer to individuals, families, or communities to help them stay healthy, improve their health, or get back
to good health. The quality of the healthcare system is important because it affects how well a hospital can grow over time and
how well patients can stay healthy. In some cases, the quality of healthcare services is very good, which makes them more
expensive for patients. So, it's important to focus on the most important healthcare procedures and the quality measures that go
along with them. This will help produce the best results for patients while keeping expenses down.

2.1.4. Sources of Healthcare Big Data

Healthcare big data has different forms, as shown in Figure 2. Structured, semi-structured, and unstructured data are forms of
big data. Structured healthcare big data can be represented as clinical data, such as EMR data. However, semi-structured data
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are claims data and laboratory data. Moreover, the majority of healthcare data is unstructured, represented in imaging data and
other text, such as physician notes.

Healthcare big data types

i ¥ ;Y
Structured data Semistructured data Unstructured data
Examples Examples Examples
(i) Clinical data (i) Claims data (i) Imaging data
(ii) EMRs (ii) Lab reports (ii) Physician notes

Figure 2: Types of healthcare big data [11]
2.1.5. The 5Vs of Healthcare Big Data Characteristics

In this section, the five key characteristics that have been found in most literature to define healthcare big data are discussed as
follows [14]; [15]:

e Volume: Based on the broader discussion of big data, healthcare data is a prime example. The volume of large
datasets can reach 44 zettabytes [16]. Compared with many other sectors, the healthcare industry generates a large
volume of data, including electronic medical records (EMRS), biometric data, clinical information, X-ray images,
genomic data, and more, collectively known as Big Health Data [17]-[19].

e Velocity: Velocity refers to the rate at which data is generated and acquired from different healthcare systems [20].

e Variety: In the context of big data, it refers to the diversity of data types and sources, highlighting the heterogeneity
of the data collected and analysed. The healthcare sector is generating and collecting data rapidly from various
sources, such as social media, sensors, cameras, and smartphones. However, this health data can be in any structured,
unstructured, or semi-structured form. An example of structured data is clinical data. In contrast, data such as doctors'
notes, images, social media data, mobile data, and X-ray videos are unstructured or semi-structured, as shown in
Figure 2.

e Veracity: Veracity characteristics of health data refer to data reliability, which in this context corresponds to data
quality assurance. This gives health knowledge a certain degree of authenticity.

e Value: The most important and distinctive characteristic of Big Data in 5V healthcare is its ability to transform
healthcare data into valuable information. This concept fits perfectly with the concept of health data.

2.1.6. Types of Healthcare Big Data Analytics (BDA)

BDA does three main types of analysis: descriptive, predictive, and regulatory. Descriptive analytics facilitate the examination
of information and assist clinicians in comprehending the dynamics of a certain situation [21]; [22]. In the realm of health data,
descriptive analytics examines gathered data to interpret, comprehend, condense, and represent pertinent health information
visually. On the other hand, predictive analytics helps doctors figure out what services to offer and how to answer patient
questions. It also lets doctors make decisions about patients based on predictions from the system [21]; [22]. Predictive analytics
includes a number of statistical methods for looking at large datasets and getting useful information from them. [6]. One of the
most common ways to make predictive models of healthcare systems is to use Hadoop/MapReduce. Prescriptive analytics is a
newer sort of analytics that blends descriptive and predictive analytics [23]. Predictive analytics tells us what will happen in
the future, whereas prescriptive analytics tells healthcare practitioners what they should do [21]; [22]. Prescriptive Analytics
integrates clinical and genetic data to continually forecast healthcare outcomes and enhance prediction accuracy, hence enabling
healthcare providers to offer more suitable diagnoses and treatments [24]; [25].

2.1.7. Healthcare Big Data Analytics Tools

Several Big Data Analytics (BDA) techniques and tools have been developed to support distributed processing within the
Hadoop ecosystem [28]; [29]. Hadoop Common provides a set of core libraries and utilities that support other Hadoop modules
and is considered a fundamental component of the Apache Hadoop platform alongside HDFS, YARN, and MapReduce. It is
often referred to as Hadoop Core and offers essential services required for the proper functioning of the Hadoop framework
[26]. Apache HDFS, or Hadoop Distributed File System, is designed to store and process large volumes of unstructured data
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on standard hardware. It divides files into fixed-size blocks and distributes them across multiple nodes in a cluster. HDFS
follows a master—slave architecture consisting of a NameNode that manages metadata and multiple DataNodes that store actual
data, ensuring scalability, fault tolerance, and high availability [30]; [31].

Hadoop MapReduce is a distributed programming model that enables parallel processing of massive datasets across clusters. It
consists of two primary phases: the map phase, which processes input data and generates intermediate key—value pairs, and the
reduce phase, which aggregates and summarizes the results after the mapping phase is completed [27]; [32]; [33]. Apache Hive
is a data warehouse framework built on Hadoop that facilitates querying and analyzing large datasets stored in HDFS. It
provides an SQL-like language known as Hive Query Language (HiveQL) and supports Extract, Transform, and Load (ETL)
operations, allowing efficient data analysis for users familiar with SQL [34]. Apache Pig is a high-level parallel computing
platform that operates on Hadoop and uses the Pig Latin scripting language. Pig Latin is similar to SQL but is more flexible
and capable of handling semi-structured and unstructured data, making it suitable for complex data processing tasks [30]; [35].

Apache HBase is an open-source, distributed, multi-dimensional NoSQL database that runs on HDFS. It is designed to store
very large datasets ranging from terabytes to petabytes and provides fast read and write access, although it does not support
traditional SQL queries [30]. Apache Mahout is an open-source distributed framework for big data analytics and machine
learning built on Hadoop. It supports scalable algorithms for tasks such as classification, clustering, collaborative filtering,
association analysis, and statistical modeling using MapReduce-based processing [30]; [36].

2.2. Postpartum Depression

Postpartum depression (PPD) is regarded as the most frequent complication associated with childbirth, affecting one in seven
women [37]. It is estimated that over 20% of women worldwide suffer from PPD [38]. PPD usually occurs 6-8 weeks after
birth [39]. Mothers often face discomfort related to physical changes, poor sleep quality, and various insecurities related to the
newborn in the postpartum period [39]. A study developed predictive models for PPD using various risk factors, including
medical and psychiatric history, as well as factors related to childbirth and pregnancy. These models were validated using
logistic regression and assessed for their reproducibility and transportability. The models showed good performance in
predicting PPD within six months after birth [40]. Another study explored machine learning methods to predict postpartum
depressive symptoms. Various algorithms, including Ridge Regression, LASSO Regression, Distributed Random Forests, and
Extremely Randomised Trees, were evaluated. The Extremely Randomised Trees model showed the highest accuracy and a
good balance in sensitivity and specificity. The study also looked at the stratification of results based on previous depression,
showing varied performance based on women's past depression history [41].

Besides, a study by Saqib et al. [42] synthesised the literature on machine learning (ML) and big data analytics for maternal
mental health, particularly for predicting PPD. The authors identified 14 studies that used supervised learning techniques to
predict PPD. The most commonly used algorithms were Support Vector Machine, Random Forest, Naive Bayes, regression,
artificial neural networks, decision trees, and XGBoost (Extreme Gradient Boosting). The study concluded that ML algorithms
can significantly improve the early detection of PPD. Furthermore, a study conducted in Lebanon used the Edinburgh Postnatal
Depression Scale (EPDS) to predict PPD. They conducted a statistical analysis to determine the likelihood of developing PPD
based on EPDS scores and identified potential risk factors for PPD. Their findings suggest the effectiveness of EPDS in early
detection and the importance of considering various factors, including personal and family history, in predicting PPD [43].

2.3. Internet of Things

The Internet of Things (1oT) refers to “the interconnected network of physical objects, or 'things,” that are equipped with
sensors, software, and other technologies, aiming to connect and share data with other devices and systems across the internet.
This network includes a wide array of devices, from simple household items to advanced industrial machinery [44]. These
devices span from everyday household items to complex industrial equipment. Accordingly, 10T in healthcare manifests
primarily through asset monitoring, offering numerous advantages to the industry. Medical staff, including doctors, nurses, and
orderlies, frequently require precise information about the location of patient-assistance tools, such as wheelchairs.

By outfitting hospital wheelchairs with 10T sensors, their locations can be monitored via an 10T asset-monitoring application,
enabling anyone seeking a wheelchair to easily locate the nearest available one. This method of tracking can be applied to
various hospital assets, facilitating efficient use and financial accounting of physical resources across different departments
[45]. Besides monitoring health and environmental conditions, 10T wearables empower individuals to gain a deeper
understanding of their health and enable doctors to monitor patients remotely. This technology also allows companies to oversee
the health and safety of their workforce, proving particularly beneficial for employees working under dangerous conditions.
Accordingly, in this research, we leverage big data generated by 10T devices to achieve our goal.
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3. Methodology

This research proposes a new framework that leverages the strengths of each data source to provide a holistic, predictive view
of potential PPD cases. The framework's primary objective is to integrate diverse data sources, including FemTech applications,
smartwatches (wearable devices), and electronic medical records (EMRS), to predict and identify women at risk of developing
Postpartum Depression (PPD) with high accuracy and efficiency.

3.1. Framework Components

3.1.1. Data Collection Module

¢ FemTech Data Collection: Leverage APIs to gather data from FemTech apps focusing on menstrual cycle tracking,
fertility, and pregnancy monitoring.

e Smartwatch (wearable devices) Data Integration: Collect health metrics from smartwatches and wearable devices,
including sleep patterns, heart rate variability, physical activity levels, and stress markers.

¢ Medical Data Aggregation: Securely access EMRs for clinical history, pregnancy, childbirth details, and postnatal
check-ups.

3.1.2. Data Processing and Integration Engine

¢ Preprocessing and Normalisation: Standardise data formats, handle missing values, and normalise data scales across
different sources.

e Feature Engineering: Extract and select features that strongly correlate with PPD risk, including hormonal changes
(from FemTech data), sleep disturbances (from smartwatches), and a history of mental health issues (from EMRs).

o Data Integration: Merge data from all sources into a unified data model, ensuring privacy and compliance with data
protection regulations.

3.1.3. Analytics and Prediction Module

¢ Machine Learning Models: Develop and train machine learning models on the integrated dataset. Models such as
Random Forests, Gradient Boosting, and Neural Networks could be evaluated for their predictive accuracy and
sensitivity.

e Predictive Analytics: Implement algorithms that can analyse the data in real-time or near-real-time to predict the
likelihood of developing PPD.

e Model Evaluation and Optimisation: Continuously assess predictive model performance using metrics such as
accuracy, precision, recall, and F1 score. Adjust and refine models based on feedback loops and updated data (Figure

Data Collection Module Data Progessing and Integration Engine . -
e * . Analvtics and Prediction Module.
Module ’
FemTech Smartwach Smarmuaich Freprcessing. Festwe Data el
[ D [ = s b
Coll - I o Enginecring [ Laarng Mokch Ay Optmicsion

Figure 3: System architecture of the health data analysis pipeline

The development of this comprehensive framework is crucial, particularly in fields where data is scarce and must be
meticulously gathered from a variety of sources. This approach is not commonly addressed in the existing literature,
highlighting the innovative nature of this framework. By consolidating disparate data into a single, coherent structure, it
becomes possible to uncover patterns and insights that would otherwise remain hidden. Furthermore, the efficacy of predictive
analytics is heavily reliant on the application of machine learning techniques and the availability of big data. Machine learning
algorithms require vast amounts of data to learn from, to make accurate predictions and uncover meaningful trends. The
proposed framework facilitates the aggregation and processing of large datasets, enabling these algorithms to function
optimally. In essence, the framework serves as the foundation for predictive analytics, leveraging big data to drive innovation
and decision-making in the healthcare sector.
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4. Conclusion

In conclusion, this research highlights the important role of big data analytics and emerging technologies, such as FemTech
and loT devices, in advancing women's health, specifically in the early prediction of Postpartum Depression (PPD). The
integration of diverse data sources, including data from FemTech applications, wearable devices, and electronic medical records
(EMRSs), offers a novel approach to understanding and predicting PPD. This condition significantly impacts the well-being of
mothers and their families globally. Our proposed framework leverages the strengths of big data analytics to process and analyse
the vast, multifaceted datasets derived from these technologies. By employing advanced machine learning models, we aim to
predict the likelihood of PPD with greater accuracy and efficiency than ever before. This predictive capability could
revolutionise the way healthcare providers approach the diagnosis and treatment of PPD, offering a more proactive and
personalised healthcare experience for women.

The integration of data from FemTech and wearable devices with traditional medical records presents a promising avenue for
uncovering hidden patterns and indicators of PPD. It is a testament to the transformative power of big data analytics in
healthcare, particularly in areas where early detection can lead to improved outcomes. Moreover, this approach emphasises the
importance of interdisciplinary collaboration between technologists, healthcare professionals, and researchers to address
complex health issues. As researchers look to the future, the continued evolution of big data technologies and their applications
in healthcare holds immense potential to enhance patient care and health outcomes. The ongoing development and refinement
of frameworks like the one proposed in this research will be crucial in harnessing the full potential of big data analytics for the
betterment of women's health and beyond.

4.1. Future work (Recommendations)

Researchers are planning to implement the proposed framework in future research, as well as some recommendations listed
below:

e Study the effect of demographic variations on women's health using femTech analytics.
e Study women's psychological health using data from the femtech application.
o Discuss the variations in demographics and education level for women who develop PPD.

The exploration of demographic variations, psychological health, and educational impacts on PPD through FemTech analytics
as part of our future work will further contribute to the body of knowledge in this field. Our commitment to implementing and
testing the proposed framework in real-world settings will not only validate its effectiveness but also pave the way for its
adoption in healthcare practices worldwide, marking a significant step forward in the fight against Postpartum Depression.
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