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Abstract 
 

This paper presents the design, development, and testing of MAVATI, a mobile health application focused on perinatal monitoring for 

ex-expectant mothers and healthcare professionals. The system includes real-time monitoring of biomedical parameters, alert generation 

(both manual and automatic), and a personalized recommendation module. Developed as a minimum viable product (MVP) for both 

patient and physician interfaces, the application was evaluated through usability testing and load testing to validate its performance and 

user-friendliness. Usability tests demonstrated intuitive navigation and effective interaction with key functionalities, while load testing 

using Apache JMeter confirmed the system's scalability and reliability under concurrent access. The results indicate that MAVATI is a 

responsive and user-centered solution capable of supporting maternal healthcare monitoring. Further clinical validation is recommended 

to assess its real-world effectiveness and potential for data-driven research. 

 
Keywords: Perinatal Monitoring; Maternal Healthcare; Mobile Application; Real-Time Alerts. 

1. Introduction 

Maternal health is a fundamental pillar of public health, particularly during the prenatal and perinatal periods when both the mother and 

the developing fetus are vulnerable to a wide range of risks. Effective prenatal and perinatal care is essential to protect and enhance the 

well-being of both the expectant mother and her unborn child. Numerous studies have shown that a mother’s health during pregnancy 

significantly affects fetal development and can have lasting impacts on the child’s future health. Furthermore, complications such as 

hypertensive disorders, gestational diabetes, and other maternal health problems that arise during pregnancy can often be predictive of 

similar chronic conditions later in the mother’s life (Shafqat et al., 2021). 

In this context, pregnancies deemed to be high-risk—defined by Khaire & Dhanalakshmi (2022) as those with potentially suboptimal 

maternal and/or fetal prognoses compared to a normal pregnancy—require special attention. These pregnancies account for approximate-

ly 20% of all cases but are responsible for over 80% of negative perinatal outcomes. These statistics emphasize the critical need for early 

detection, continuous monitoring, and timely medical intervention to mitigate complications and reduce maternal and fetal morbidity and 

mortality. 

Maternal Mortality (MM), as defined by the World Health Organization (WHO, 2024), refers to the death of a woman during pregnancy, 

childbirth, or within 42 days following the end of pregnancy due to pregnancy-related causes. The global community, through the Sus-

tainable Development Goals (SDGs), has committed to reducing the global maternal mortality ratio to less than 70 per 100,000 live births 

http://creativecommons.org/licenses/by/3.0/
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by the year 2030. Achieving this target necessitates the implementation of effective strategies and systems that facilitate the timely iden-

tification of risks and appropriate medical care, particularly in resource-limited or socially vulnerable populations. 

In India, maternal mortality remains a pressing public health issue. Socioeconomic inequality, barriers to healthcare access, and systemic 

shortcomings contribute to a high incidence of complications during pregnancy that often go undetected or untreated. According to data 

from the National Department of Statistics (DANE, 2021), the leading causes of maternal death include obstetric conditions not else-

where classified (O95-O99), hypertensive disorders in pregnancy (O10-O16), and complications during labor and delivery (O60-O75). 

Alarmingly, a large proportion of maternal deaths are attributed to unspecified obstetric causes, highlighting a critical gap in the classifi-

cation and understanding of maternal mortality, an issue that could be improved with more robust and continuous health monitoring sys-

tems. 

To address these challenges, it is essential to implement a comprehensive, continuous, and accessible maternal health monitoring system 

that enables healthcare professionals to detect and respond to risk indicators in a timely and effective manner. As suggested by (Rostami 

et al., 2021; Choi et al., 2020; Alam et al., 2020; Allahem & Sampalli, 2020), such systems should integrate real-time biomedical moni-

toring, clinical data analysis, and communication tools to support proactive maternal care. 

This proposal introduces a software-based solution aimed at improving the monitoring and care of high-risk pregnancies. The solution 

consists of a mobile application for healthcare professionals and patients, integrated with a smartwatch-based Internet of Things (IoT) 

device for the real-time collection of biomedical data. This system facilitates seamless, two-way communication between patients and 

providers and supports data-driven decision-making for prenatal care (Saarikko et al., 2020; Machorro-Cano et al., 2024; Al Khatib et al., 

2024; Gong et al., 2023). 

The proposed solution also aligns with national healthcare strategies such as the Maternal-Perinatal RIAS (Integral Health Care Routes), 

reinforcing existing frameworks through enhanced monitoring and patient engagement. It promotes early detection of complications, 

adherence to health programs, increased access to medical guidance, and comprehensive monitoring throughout pregnancy and postnatal 

care (Pilosof et al., 2021). 

Ultimately, the implementation of this mobile monitoring system as a healthcare innovation can significantly contribute to reducing ma-

ternal mortality in India. It empowers healthcare professionals with timely data and strengthens the healthcare system’s capacity to deliv-

er targeted, individualized care to those most in need. 

2. Literature review 

Recent progress in wearable technology has greatly aided the creation of non-invasive systems for detecting fetal movement, designed to 

enhance prenatal supervision. Xu et al. (2022) developed a dual-accelerometer wearable device utilizing machine learning techniques 

like Support Vector Machines and Random Forests to effectively differentiate fetal movements from maternal actions, achieving high 

detection precision and showcasing the system’s feasibility for a real-time, home-based application. In a similar vein, Qin et al. (2023) 

developed a compact and energy-efficient wearable gadget intended for expectant mothers, incorporating sophisticated signal processing 

methods to minimize noise from breathing and maternal movement, and utilizing a cloud-based system for remote observation. So-

mathilake et al. (2022) broadened their research by employing passive inertial sensors, like accelerometers and gyroscopes, to concur-

rently evaluate the well-being of both the fetus and the mother. Their system showed the ability to gather long-term data with little inter-

ference, employing statistical and machine learning models for precise classification. 

In a wider scope of physiological tracking, Georgieva-Tsaneva et al. (2025) introduced an IoT-driven cardio monitoring system that, 

although not solely focused on fetal movement detection, is pertinent because it combines various biosignals, edge computing for instant 

analysis, and secure remote access—elements that are increasingly vital in maternal-fetal health systems. Simultaneously, acoustic-based 

detection has become more significant, as shown by Ouypornkochagorn et al. (2023), who created a wearable acoustic device utilizing 

signal processing methods such as spectral subtraction to separate fetal sounds from abdominal noise, resulting in enhanced detection 

sensitivity. Ghosh et al. (2024) advanced this method by integrating various sensor types—acoustic, inertial, and gyroscopic—into one 

wearable device, employing data fusion algorithms to enhance reliability and minimize false alarms, particularly in intricate settings with 

maternal movement. 

Ultimately, advancing their research on acoustics, Ouypornkochagorn et al. (2025) introduced a convenient and portable acoustic system 

tailored for residential use. The system included enhanced sensor sensitivity and wireless communication features for transmitting data 

remotely to clinicians, emphasizing the significance of accessibility and usability for users without technical expertise. 

Wang et al. (2024) used machine learning models, including random forest and gradient boosting, to predict pregnancy complications in 

women undergoing assisted reproduction. Their results showed that ML-based approaches outperformed traditional statistical methods in 

identifying risk factors such as gestational hypertension and diabetes, increasing the ability of data-driven risk prediction in obstetrical 

contexts. 

Rahman et al. (2024) used Support Vector Machine (SVM) to classify pregnant women into risk categories based on vital signs and clin-

ical indicators. Their work has shown that even simple models can effectively support maternal health screening, particularly in rural or 

resource-limited settings. 

Khadidos et al. (2024) proposed an ensemble learning framework that combines multiple classifiers (e.g., XGBoost, Random Forest) to 

improve the prediction of maternal health risks. Their model achieved high accuracy and showed strong potential for real-time clinical 

decision support when integrated with wearable or cellular systems. 

Dimitrov (2016) discussed the role of the Medical Internet of Things (MIoT) in healthcare with an emphasis on the technologies used 

and real-time monitoring. He highlighted issues such as data privacy, infrastructure, and collaboration – critical considerations for large-

scale deployment of smart maternal health systems. 

According to the WHO 2023 report, approximately 287,000 women died globally due to pregnancy and childbirth, with 94% of these 

deaths occurring in low- and middle-income countries. This highlights the need for AI-based maternal health solutions, such as those 

described in these studies, especially in line with Sustainable Development Goal 3 (SDG 3). 
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3. Solution design 

3.1. Solution modeling 

The solution modeling for the high-risk pregnancy monitoring application was carried out using a UML class diagram, which illustrates 

the core structure and interactions among the system’s main components. At the heart of the design is the abstract class User, which de-

fines common attributes shared by all system participants. This class is inherited by two key roles: Patient, representing pregnant indi-

viduals registered in the system, and Doctor, representing healthcare professionals providing prenatal care. Each Patient is associated 

with a PregnancyProfile, which captures relevant clinical and biomedical information throughout the pregnancy. To define care relation-

ships, the Care association class links Doctors to Patients, allowing the system to manage which doctors are responsible for which pa-

tients. 

The system incorporates an Alert mechanism through another abstract class, which branches into ManualAlert—created by users when 

they identify symptoms of concern—and AutomaticAlert, which is generated automatically when biometric measurements exceed de-

fined thresholds. In response to alerts, a PatientRecommendation may be issued by the doctor, offering specific advice or instructions. 

The system also includes a FetalMovement class, enabling patients to log instances of perceived fetal activity. Additionally, enumera-

tions (shown in Figure 1) are used to model specific data types such as user roles, alert severity, and monitored parameters. The complete 

structure and relationships among these classes are illustrated in the class diagram in Figure 2, forming a solid foundation for a scalable, 

responsive, and user-centered application architecture. 

 

 
Fig. 1: Enumeration Steps for Core Application Types. 

 

 
Fig. 2: Class Diagram for Maternal Health Monitoring System. 

 

Since non-relational databases (NoSQL) were also used to store the patients' biomedical measurement data, it was necessary to model the 

documentary data. This model can be seen in Figure 3: 
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Fig. 3: Modeling the Documentary Data Structure. 

 

As can be seen, the measurement value is binary because it is stored in an encrypted form. The date and time describe when the meas-

urement was taken by the IoT device, or when it was added manually, the type of measurement stored (heart rate, blood oxygen percent-

age, etc.), and the patient's ID number. 

3.1.1. Component model 

The application components were modeled based on the functionalities required and the user stories gathered during development. The 

design emphasized identifying core architectural connectors and assigning responsibilities to each component. Six primary components 

were identified: User Manager, Monitoring Manager, Health Integration Manager, Persistence Manager, Biomedical Measurement Man-

ager, and Graphical Interface (UI). Some of these components encapsulate smaller subcomponents, and their exposed and consumed 

interfaces were also modeled. The Health Integration Manager plays a vital role by enabling the application to interact with standard 

mobile health platforms, such as Apple Health, Google Fit, or Google Health Connect, to retrieve data from IoT devices like smartwatch-

es. The Biomedical Measurement Manager oversees the creation and management of biomedical measurements and provides an interface 

used by the Alert Manager to generate automatic alerts based on abnormal health data. The User Manager handles user account opera-

tions, including registration and authentication, and exposes an interface utilized by the Biomedical Measurement Manager and the Mon-

itoring Manager to verify user credentials. The Monitoring Manager coordinates all tasks related to monitoring, such as alert generation, 

issuing recommendations, and managing patient pregnancy profiles and related risk factors. Finally, the Persistence Manager oversees 

handling database operations, ensuring that other components can reliably access and store the data required for their functions. 

3.2. Selected technologies 

3.2.1. Data layer technologies 

For the data layer, two complementary data management strategies were chosen to meet the intended purposes. 

1) First, for data that required ACID structure and transactionality, such as user profiles, alerts, recommendations, pregnancy risks, and 

medications, the open-source relational database PostgreSQL was chosen. Since a high number of requests to the database is ex-

pected, the "Read Committed" isolation strategy was chosen for the PostgreSQL database configuration, considering its ability to of-

fer an adequate balance between consistency and performance. According to Saarikko et al. (2020), this isolation level prevents dirty 

reads, meaning that a transaction will never read data written by an uncommitted transaction, which is crucial for maintaining data in-

tegrity without incurring a significant performance penalty. 

2) Second, for data requiring high volume and continuous use, such as patient biomedical measurements, a NoSQL database called 

MongoDB was chosen. MongoDB is a document database that allows flexible and scalable data storage, which is essential for han-

dling large volumes of information generated in real time by health monitoring devices. 

Specifically, a data cluster was chosen on MongoDB's database-as-a-service (DBaaS) platform, called Atlas. MongoDB Atlas provides a 

managed solution that simplifies the configuration, operation, and scalability of MongoDB. Furthermore, this cluster is optimized to han-

dle data received from IoT devices efficiently and with low latency in the capture and processing of biomedical data. IoT devices, such as 

the smartwatches used in the solution, generate data continuously and in large quantities. MongoDB Atlas can handle these demands 

thanks to its ability to distribute data across multiple servers and its horizontal scaling architecture. 

Therefore, MongoDB Atlas was chosen to store patients' biomedical measurements due to its ability to scale horizontally, its flexibility in 

handling unstructured data, and the advanced security and management features it offers, all optimized for the specific needs of IoT de-

vices in the healthcare environment. 

3.2.2. Backend technologies 

The key technologies used to develop the application's backend were: 

1) FastAPI: The FastAPI library was used to implement the application's backend API in Python. FastAPI is known for its superior 

performance and support for creating modern, efficient APIs. This library implemented backend security features, which were man-

aged using OAuth 2.0 and JSON Web Tokens (JWT) to secure API endpoints and manage user sessions. 

2) SQL-Alchemy: An extremely popular Python library that functions as a programming model manager, allowing the mapping of rela-

tional database structures to Python objects. This functionality, known as Object Relational Mapping (ORM), significantly simplifies 

database operations. 

3.2.3. Frontend technologies 

Based on the decisions made regarding the development strategy, the decision was made to create a mobile application for both doctors 

and patients. The most relevant technologies and libraries used to achieve this goal were: 

1) Flutter: A software development kit (SDK) maintained and developed by Google to facilitate the development of cross-platform mo-

bile applications. This technology was chosen because it is very versatile when it comes to developing mobile applications that can 

be used on most current devices, as it works on both iOS and Android operating systems. 
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2) background_fetch: This Flutter library (background_fetch | Flutter package (pub.dev)) allows actions to be performed in the back-

ground. It works for both iOS and Android devices. Using Isolates in Dart, it is possible to create this concurrent task through multi-

threading. This library was chosen to allow reading of patients' biomedical measurements, even when the application is not actively 

being used. However, it has several limitations that will be explained in more detail later. 

3) flutter_secure_storage: This Flutter library (flutter_secure_storage | Flutter package (pub.dev)) allows you to store sensitive data, 

such as biomedical measurements or session tokens, in encrypted form. It can be used for both Android and iOS. For Android devic-

es, the AES algorithm is used, where the AES secret key is encrypted with RSA, and the RSA key is stored in KeyStore. Similarly, 

for iOS, Keychain is used to securely store data. 

4) get: With this popular Flutter package (get | Flutter package (pub.dev)), you can optimize your application, make it more productive, 

and implement your chosen MVC model more efficiently, as a context is not required to navigate between routes or access the appli-

cation's controllers. 

3.2.4. Integration technologies 

Among the integration technologies used for the implementation of the application, the following stand out: 

1) fastapi-sqlalchemy: This is a Python library (FastAPI-SQLAlchemy • PyPI) that acts as a middleware, providing simple integration 

between FastAPI and SQLAlchemy in the application's backend. It offers useful features to facilitate common integration tasks be-

tween these two libraries. 

2) Health: This is a Flutter package (health | Flutter package (pub.dev)) that allows connection to the main health application on mobile 

devices. In the case of Android, it connects to Google Fit, and in the case of Apple, to Apple Health. This library was chosen for its 

versatility in reading data on both platforms, allowing it to do so in real time, on demand, and efficiently. However, the choice of this 

library entails some limitations in the development of the application, which will be explained in more depth later. 

3.3. Application design 

3.3.1. Description of the architecture pattern 

A service-oriented architecture (SOA) was implemented, as defined by Qin et al. (2023), which is defined as a set of distributed compo-

nents that provide and/or consume services. In an SOA architecture, the components that offer services and those that consume them can 

use different programming languages and platforms. Services are largely autonomous: service providers and service consumers are typi-

cally deployed independently. 

Therefore, this architecture was chosen as the appropriate one for developing the monitoring application. Development was focused on 

this approach, and the following independent services were developed: 

• Backend: Implements services that encapsulate the logic and operations of the monitoring application based on the database. Each 

service is autonomous and can be deployed, updated, and scaled independently. 

• API: Serves as the service exposure layer, allowing other components (such as the mobile application) to interact with the backend 

services through HTTPS calls. The API is designed following REST principles. 

• Mobile Application (Client): Consumes the services exposed by the API to obtain, manipulate, and display data. The mobile applica-

tion communicates with the API for all necessary operations. 

Regarding the architectural pattern chosen for the development of the mobile application, a Model-View-Controller (MVC) architecture 

was chosen, as this pattern fits well with the chosen technology (Flutter SDK). 

Regarding the architecture chosen for the deployment of the application and the backend, a microservices architecture was chosen using 

a serverless infrastructure focused on the "compute-as-back-end" architecture, which is described as an approach where a serverless 

computing service such as AWS Lambda and third-party services are used to build a backend for web, mobile, and desktop applications 

(Shafqat et al., 2021). 

3.3.2. Quality attributes 

To meet the implementation of the non-functional requirements explained in Chapter 2, several design strategies were addressed. 

1) Performance: A microservices architecture was chosen because it allows individual services to be scaled and optimized. This is be-

cause more resources can be allocated to critical microservices, or those that require more resources, to meet latency and perfor-

mance requirements. 

In addition, an application load balancer was implemented to balance incoming traffic to each backend microservice and thus effectively 

manage concurrency. Therefore, the AWS Application Load Balancer service was used to balance traffic. 

Additionally, it is important to consider that caching is a computing technique used to temporarily store data in a cache, allowing for 

faster retrieval for future requests for the same data. This technique can be implemented directly by hardware components or program-

matically within a software system's architecture. The benefits of caching include improved application performance in terms of latency, 

response time, and IOPS (input/output operations per second), reduced power consumption, and reduced backend load. The key to effec-

tive caching lies in having a temporary cache that is significantly faster than recalculating the data. 

Thus, for the mobile application, several forms of optimization and performance improvement were implemented, such as the use of 

caching strategies to reduce the computational cost of accessing data. In this regard, a caching strategy was implemented using the 

SQLite database, where user data, alert data, recommendation data, and assurance system data are stored. This reduces the number of 

requests required to the backend and the database, lowering computational costs and improving application performance. 

2) Security: Data security and privacy are very important to comply with legislation; therefore, robust encryption strategies were used to 

encrypt sensitive data. However, it is also important to consider the impact of encryption on application performance, making a bal-

anced trade-off between security and performance. Thus, for this case, information security was considered in its three possible 

states: 

• In transit: When data is in transit, for example, from the application to the backend, or in transit from one microservice to another, the 

HTTPS protocol is used to encrypt this communication. Additionally, TLS mutual authentication is used, where both the client and 

the server must authenticate each other. 
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• At rest: Since data travels encrypted via the HTTPS protocol from the application to the backend, it was decided to encrypt the aver-

age value in the backend. Therefore, it was decided to use a library that provided encryption algorithms, as these play a vital role in 

protecting data from unauthorized access, and there are many available. 

To choose the best option, the robustness of the encryption and the performance, understood as the time it takes the algorithm to encrypt 

the information, were considered. Thus, considering the arguments given by (Shafqat et al., 2021), the Advanced Encryption Standard 

(AES) 256-bit algorithm was chosen, as it is one of the most efficient algorithms and is widely supported and adopted in hardware and 

software. Likewise, AES's shorter encryption time is notable compared to other popular algorithms, as evidenced in Figure 4. 

 

 
Fig. 4: Performance Comparison – Encryption Algorithms. 

 

As can be seen, compared to other encryption algorithms, AES has outstanding performance for different input data sizes. The Python 

cryptography library (cryptography • PyPI) was used to implement this encryption. 

• In use: For biomedical data used in mobile applications for patients and doctors, a cache was used to temporarily store data while it is 

used by different functionalities. This cache is securely stored using the Flutter Secure Storage library and is automatically purged af-

ter being sent to the database. 

To manage user sessions, the OAuth 2.0 strategy is used, in which user sessions are managed through JSON Web Tokens (JWT) session 

tokens. These tokens are also stored securely, as are biomedical measurements, and this cache is also cleared after the tokens expire. 

3) Scalability: To ensure the application's scalability, the AWS Fargate service was used, as explained above, as it is a serverless service 

that allows scaling on demand with an automatic auto-scaling group. This is how AWS documentation explains it: “AWS Fargate, 

the serverless computing engine for Amazon Elastic Container Service (ECS) and Amazon Elastic Kubernetes Services (EKS), ena-

bles customers to scale applications faster, improve performance, and reduce wait times. We've made several improvements over the 

past year to scale applications up to 16 times faster, making it easier to build and run larger-scale applications on Fargate” (Amazon 

Web Services Inc., n.d.). 

4) Availability: To meet this quality attribute, we aim to minimize technological downtime as much as possible. When analyzing the 

deployment view, elements were identified that could represent single points of failure, such as registering microservice containers in 

Amazon ECS and not using any self-managed serverless services like EC2. Therefore, a better and more resilient solution was pro-

posed: using fault-tolerant, highly available AWS cloud services, also ensuring replication to ensure high availability and self-

management. For these reasons, Amazon Fargate was also chosen as the appropriate service. 

In addition, leveraging the features provided by the AWS cloud, the concept of availability zones was used. These zones are data centers 

distributed within the same AWS region, physically separated from each other but connected by highly redundant networks. This concept 

was used to deploy containers in different availability zones and ensure greater availability. 

5) Maintainability: A development strategy was chosen to ensure loose coupling and high cohesion. The model-view-controller (MVC) 

architecture style also implements a logical and modular separation of the system. Additionally, serverless services in the AWS 

cloud, such as the Fargate cluster, were used, eliminating the need to worry about the infrastructure layer or server maintenance. 

6) Usability: By implementing an intuitive user interface, it was possible to ensure that users could easily manage the applications and 

complete the required tasks in a fluid and consistent manner. To this end, the applications for doctors and patients were designed fol-

lowing a general framework, but adapting the graphical interfaces to the specific needs of each role. This enabled a personalized and 

efficient user experience, suitable for both medical professionals and patients. 

7) Portability: To meet this quality attribute, it was decided to use Docker containers to run the application backend, as explained above. 

These containers are deployed using AWS Fargate serverless clusters. However, if migration to another cloud provider or different 

infrastructure is necessary, this type of container deployment offers the advantage of minimizing platform dependencies on the soft-

ware, as the dependencies are isolated and containerized in well-identified locations. This allows for easy migration to another sys-

tem without significant hassle. 

3.3.3. Deployment 

The deployment was carried out considering the chosen architectural pattern, the design and architectural decisions made, as well as the 

quality attributes considered. Therefore, it was decided to deploy the application using the cloud services offered by Amazon Web Ser-

vices. As can be seen in the deployment diagram, there is an API Gateway that acts as the gateway to the application infrastructure. 

This approach was implemented following a Legacy API Proxy architecture, which, as described by Shafqat et al. (2021), consists of "an 

innovative use case of the Amazon API Gateway and Lambda, which is what we call the Legacy API Proxy. Here, developers use API 

Gateway and Lambda to create a new API layer on top of legacy APIs and services to make them easier to use. The API Gateway is used 

to create a RESTful interface, and Lambda functions are used to translate requests and responses and convert data into formats that lega-

cy services understand." 

However, instead of using Lambda as a compute-as-a-back-end strategy, each of the developed microservices—users, monitoring, and 

media—are deployed in Docker containers managed by Amazon ECS on a serverless cluster of the AWS Fargate serverless service. This 

also ensures the maintainability and portability of the system. The proposed deployment architecture and its different nodes and services 

can be seen in Figure 5. 
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Fig. 5: Deployment Diagram – MAVATI. 

 

Thus, these two approaches were combined to design the architecture. Therefore, client requests are routed to each service through the 

API Gateway, using a server-side discovery strategy. Or, in other words, each request is routed to the requested service from the server 

side. Each microservice runs in containers using Docker and is deployed serverlessly on an AWS Fargate cluster through AWS Elastic 

Container Service. 

Regarding the architectural decisions made regarding security, malicious requests are filtered through the API Gateway using the Ama-

zon WAF service, an application firewall managed by Amazon. All services are deployed in the same Amazon VPC, and for each micro-

service, the implemented infrastructure is in the same security group, ensuring secure and federated data isolation. 

On the other hand, the MongoDB data node is outside these federated security groups, as it is self-managed by Mongo Atlas. However, 

the connection to this data source is made through the Mongo API (not through any driver), which ensures that information traffic is 

always encrypted and handled through a secure TSL socket and the HTTPS protocol. 

Finally, it is important to mention that the choice was made to communicate with the microservices using the HTTP protocol. This ap-

proach is secure because requests never leave the established VPC environment and are only accessed through a policy associated with 

an AWS Identity and Access Management (IAM) role. This allows monitoring and measurement microservices, for example, to securely 

access information from the microservice that handles authentication (users). 

4. Solution implementation and results 

4.1. General approach 

Based on the requirements gathered, the development and architectural decisions made, and the proposed design, a minimum viable 

product (MVP) was developed for both the physician and patient applications. 

The same design approach was followed for both applications, using a bottom toolbar where users can access the content of each feature 

with expressive buttons and a minimalist yet intuitive design. 

Usability tests were conducted to evaluate how intuitive a group of expectant mothers found the application. Additionally, a usability test 

was performed, and load tests were conducted on the designed architecture to verify its alignment with the quality attributes and non-

functional requirements collected. 

4.2. Prototype implementation 

4.2.1. Prototype description 

Patient Application: For patients, the focus was on monitoring, alerts, and recommendation features. 

• Monitoring: In this regard, the monitoring feature first asks the user for permission to access health data. Once access is granted, the 

app's main view displays a beating heart animation to indicate that monitoring is active and working correctly. Figure 6 shows the 

flow of actions in the app: logging in, granting health data permissions, and the app's home screen, where the animation can be 

viewed. 

 

 
Fig. 6: Login and Monitoring Flow – MAVATI. 

 

• Manual Alerts: Regarding the alert generation functionality, as shown in Figure 7, the list of alerts is first displayed, which includes 

both automatically generated and manual alerts. 
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Fig. 7: Manual Alert Generation Flow – MAVATI. 

 

Next, the floating button is pressed to create a new alert. The necessary data to generate the alert is then entered, and the alert is created. 

Finally, you can see how the new alert is added to the list. 

• Automatic Alerts: To generate automatic alerts, first, the health app on the user's device, either Apple Health or Google Fit, which is 

connected to the smartwatch, records an atypical value for a biomedical measurement, as shown in Figure 8. For example, if the 

smartwatch detects an abnormally high heart rate, this data is recorded in the health app. 

Once this outlier is detected, the device's health app automatically generates a new alert. This alert is added to the app's alert list, where 

all previously generated alerts can be viewed. The list displays both automatic alerts and those generated manually by the user. 

Finally, selecting the new alert from the list allows you to access the alert details. These details describe the type of biomedical meas-

urement that caused the alert, in this case, heart rate. The specific atypical value recorded is also displayed, for example, 200 beats per 

minute, and the date the alert was generated. This level of detail allows the patient to understand the reason for the alert and expect a 

consistent recommendation from their healthcare professional. 

 

 
Fig. 8: Automatic Alert Generation Flow – MAVATI. 

 

• Recommendations: Based on an alert generated by the patient, either manually or automatically, the physician can create a new rec-

ommendation. The new recommendation can be viewed in the list of recommendations, as shown in Figure 9. The patient can also 

view the recommendation details by selecting it from the list. 

In the example shown in Figure 9, it is assumed that the physician has already created a recommendation. The user is informed that it is a 

new recommendation, and the recommendation details are displayed. 

 

 
Fig. 9: Recommendation Access Flow – MAVATI. 

 

Application for healthcare professionals: For physicians, the emphasis was placed on the monitoring functionality for each registered 

patient. The mobile application allows healthcare professionals to view their patients' biomedical measurements in real time, such as 

heart rate, blood pressure, and other key indicators previously explained. 

In addition, the application facilitates the creation of personalized recommendations based on alerts generated by patients. These recom-

mendations can respond to either automatic alerts, derived from atypical values detected by connected monitoring devices, or manual 

alerts, reported directly by patients. 
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• Patient Directory: To view the patients seen by the physician and available for monitoring, the physician first logs into the monitor-

ing application, as shown in Figure 10. In the application's main menu, at the bottom, all the patients available for monitoring are 

listed. 

 
Fig. 10: Patient Directory Access Flow – MAVATI. 

 

• Viewing Biomedical Measurements: To access a patient's biomedical variables, the healthcare professional enters the patient directo-

ry, selects the patient's name, and then accesses the biomedical variables view. The variability of the variable for the current day can 

then be viewed. Additionally, clicking on any of the dots allows you to view the variable's details. 

• Generating alert-based recommendations: To create a new recommendation, the physician first goes to the general alert list, where 

they can view the alerts generated by all patients. Next, in the details of the selected alert, they select the option to create a recom-

mendation. After reviewing the reasons behind the alert generation, the physician completes the necessary fields with relevant infor-

mation and proceeds to generate a new recommendation based on the alert. 

4.2.2. Usability testing 

The objective of the usability testing was to verify the functionalities developed for physicians and patients, with special emphasis on the 

continuous monitoring functionality. To conduct these tests, biomedical data were collected continuously from a study subject for one 

week. This subject was fitted with an Apple Watch smartwatch, and the monitoring app was installed on their mobile phone, an iPhone 

14 Pro Max, to simulate the continuous monitoring provided by the app. A commercial glucometer and a pulse oximeter were used to 

record blood glucose and blood oxygen levels, respectively. Since these values are not read from the smartwatch, they were manually 

entered into Apple Health, the mobile device's default health app. 

4.2.3. Test results 

After the subject's biomedical data was collected, it was viewed daily from the physicians' app, and various measurements were taken at 

different times of the day. 

Figure 11 shows the graphical interface of the MAVATI mobile application for healthcare professionals. This image displays the daily 

evolution of measurements taken by a patient's smartwatch for a biomedical measurement. As can be seen in the image, the ordinate axis 

of the graph shows the value of the measurements taken, while the abscissa axis shows the time at which the measurement was taken. 

 

 
Fig. 11: Graphical Display of Biomedical Measurements (Heart Rate) – MAVATI. 

 

In this case, the biomedical measurement in question is heart rate. Furthermore, two peaks show measurements outside the normal range 

determined for heart rate: one of 200 bpm and the other of 170 bpm. These peaks of measurements outside the normal range are graphed 

with red dots in the UI, indicating the abnormality of the measurements. Measurements within the normal range are graphed with blue 

dots for each measurement taken. Each point on the graph can be selected by the user to view the measurement details. 

Similarly, in Figure 12, the graph of blood sugar level measurements can be viewed from the doctor's application. To perform these 

measurements, the test subject used a commercial glucometer to measure their blood sugar level at different times of the day. 
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Fig. 12: Graphical Display of Biomedical Measurements (Blood Sugar Level) – MAVATI 

 

These measurements were then manually entered into the patient's MAVATI application. Thus, as can be seen in the image, there is only 

one measurement outside the normal range, determined by a value of 200 mg/dL. This atypical value is highlighted in red at the meas-

urement point. 

During these tests, the patient's blood pressure and blood oxygen percentage were also recorded, as shown in Figures 13 and 14. The 

blood pressure recording graph presents a bar graph showing the systolic and diastolic blood pressure values. The red bars highlight atyp-

ical values in the measurements. Similarly, the graph representing the blood oxygen percentage identifies several red dots that indicate 

measurements outside of normal parameters. Additionally, as with the other biomedical measurement display options, selecting any of 

the indicative bars or dots allows the user to access the measurement details, including the exact time it was taken. 

 

 
Fig. 13: Graphical Display of Biomedical Measurements (Blood Pressure) – MAVATI. 

 

 
Fig. 14: Graphical Display of Biomedical Measurements (Blood Oxygen Percentage) – MAVATI. 

4.3. Load testing implementation 

4.3.1. Test description 

To perform load testing on the previously designed architecture, the Apache JMeter tool was used. This tool allows load testing to ana-

lyze and measure the performance of a variety of web services. In the context of the monitoring application, the measurement micro-

service was chosen to test, retrieving measurements for doctors (GET) and creating patient measurements (POST), as this service is the 

one that should scale the most, as it handles the most HTTP requests from users and doctors continuously and concurrently. Furthermore, 

the measurement microservice communicates with the user microservice to manage user authentication. Therefore, this test also verifies 

the scalability of this other microservice. 

Therefore, a test was designed in Apache JMeter, implementing a thread pool test for the GET and POST of the measurements. Thus, for 

each of these tests, the following were established: 

• Number of threads: This represents the total number of virtual users (doctors/patients) simulating HTTP GET/POST requests for the 

measurements. A total of 500 threads were established. 

• Rise period: This represents the time in seconds it will take to execute the full number of threads. A time of 500 seconds was estab-

lished. So, for this case, the 500 threads will be created, and each request will be executed every 500 seconds. Therefore, each request 

will be created and sent every second: 

 

Ramp-up period = 500 sec = 1 sec 

 

Number of threads: 500 

• Loop counter: Indicates the number of iterations of the test scenario. A value of 5 times was set. 

Figure 15 shows the setup for the load tests: 
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Fig. 15: Wire Group Structure. 

4.3.2. Results 

• GET method for biomedical measurements: 

Figure 16 shows that a total of 1,043 samples (requests) were executed for this test. Additionally, the mean and median requests are 897 

milliseconds and 940 milliseconds, respectively, suggesting that most requests have a response time close to these values. Similarly, the 

90th percentile is 1,172 ms, the 95th percentile is 1,231 ms, and the 99th percentile is 1,373 ms. This indicates that 90% of requests have 

a response time less than 1,172 ms, 95% have a time less than 1,231 ms, and 99% have a time less than 1,373 ms. 

 

 
Fig. 16: Aggregate Report - GET Requests Measures. 

 

In addition to this, it can be concluded from the image that the error rate is 0.38%, indicating that a small fraction of requests resulted in 

errors. This is a relatively low value and suggests that most requests were successful. Finally, the throughput is 5.0 requests per second. 

The data transfer rate is 584.80 KB/second, and the total amount of data sent per request is 3.87 KB. 

From this image, it can also be concluded that the mean and median response times indicate moderate efficiency, with most requests 

responding in less than one second. The percentile values show that, although most requests are fast, some may have longer response 

times. Likewise, an error rate of 0.38% is low, suggesting that the system is quite reliable, with very few failed requests. 

Finally, the throughput of 5 requests per second, along with a high data transfer rate, suggests that the system can handle a moderate 

request load with good performance, as in Figure 17. 

 

 
Fig. 17: Results Tree – GET Requests Measures. 

 

Regarding response times, a graph with this information can be seen in Figure 18. As can be seen, response times decrease from an aver-

age of approximately 1000 ms to 600 ms after the system scales with the autoscaling strategy of the AWS Fargate serverless cluster. This 

demonstrates that the system can scale efficiently as the workload and response latency increase. 
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Fig. 18: Response Time Graph – GET Requests Measures. 

 

Figure 19 shows the load test results graph for GET requests to biomedical measurements. In this image, each of the black dots repre-

sents a request. As can be seen, the mean response time is displayed on the blue line, the median on the purple line, the request through-

put on the green line, and the standard deviation of request time on the red line. 

At the beginning of the test, there is a large variation in the data and, therefore, in the measures of central tendency. This is because the 

system has not yet scaled and is suddenly being significantly stressed. However, as the system scales and begins to handle concurrent 

requests better, the mean, median, and throughput begin to converge toward specific values. This indicates that requests are being re-

sponded to uniformly, with some variation, but without random dispersion or a disproportionate increase in response times. The mean 

response time is 199 ms, indicating fast and consistent performance overall. Similarly, the median is 178 ms, suggesting that at least half 

of the requests have a response time below this value, reinforcing the observed consistency. Additionally, the standard deviation of 52 ms 

indicates some variability in response times, although not extremely high. 

At the start of the test, response times appear to be higher, but they quickly decrease and stabilize. This may indicate an initial warm-up 

period for the system before reaching optimal performance. Once stabilized, response times are consistent and low, which is a positive 

indication that the system can handle the load efficiently. 

The graph shows that after the initial phase, there is consistency in response times, with few noticeable deviations. This indicates that the 

system can maintain stable performance under the applied load. The standard deviation indicates that the data dispersion increases at the 

beginning of the test, as the data dispersion relative to its mean also increases. However, this increase is asymptotic, or decreasing, indi-

cating that as the system scales, requests are handled similarly and the system responds similarly, stabilizing the standard deviation at a 

specific value. This means that these data are not disproportionately dispersed, indicating continued system performance. 

 

 
Fig. 19: Results Graph - GET Requests Measures. 

 

• POST method for biomedical requests: 

To perform load testing for the POST requests for the biomedical measurements, the biomedical measurement model shown in Figure 20 

was used. 

 
Fig. 20: Biomedical Measurement Structure - POST Requests Measurements. 

 

The aggregate report of the load tests performed on the application architecture can be seen in Table 1. As can be seen, 263 ms, 286 ms, 

and 407 ms respectively, indicate the response times below which 90%, 95%, and 99% of the requests were completed. Additionally, a 

very low error rate of 0.07% can be seen, suggesting that virtually all requests were processed correctly, except for a small fraction that 

failed.  

 
Table 1: Performance Comparison Before and After SMOTE Application (Test 2 - Precision) 

Label # Samples Average Median 90% Line 95% Line 99% Line Min Max % Error Throughput KB/sec Sent KB/sec 

Request  1525 199 178 263 286 407 32 725 0.07% 5.0/sec 1.59 4.17 

Total 1525 199 178 263 286 407 32      
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This can also be seen in Figure 21, which shows the results tree of the requests made in the tests. The vast majority of them were success-

ful. This indicates that the system is capable of scaling effectively without affecting the success of most requests or the response time. 

 

 
Fig. 21: Results Tree - POST Requests Measured. 

 

Similarly, Figure 22 presents the response time graph, which illustrates how the response time of POST requests varied during the test 

execution. Most of the measurements are concentrated around 200 ms, reflecting consistent performance. However, two pronounced 

latency peaks are identified: one around 12:55:30 and another around 12:56:00, with values reaching or exceeding 350 ms. These peaks 

are associated with the time required for AWS Fargate to scale the service, deploy the necessary infrastructure. 

Thus, aside from the peaks, the graph shows stable behavior, suggesting that the system handled requests with a predictable response 

time. 

 

 
Fig. 22: Response Time Graph - POST Requests Measures. 

 

Similarly to the load test for GET requests for biomedical measurements, in the load tests for POST requests, Figure 23 shows that, as in 

the previous test, the data and the measures of central tendency—mean, median, and standard deviation—have a high degree of variation 

at the start of the test. However, when the system scales, the data show much less dispersion and more uniform variability; therefore, the 

values of these measures converge to specific values. In the case of the mean, the mean is 199 ms, and the mean is 178 ms. Furthermore, 

the deviation value hovers around 52 ms, which is not a very high value, indicating that most of the data do not disperse significantly 

from the mean. 

 

  
Fig. 23: Results Graph - POST Requests Measures. 

 

In summary, the graph shows that, like the previous test, after an initial adjustment period, the system can efficiently handle the work-

load, providing fast and consistent response times. The measures of central tendency and dispersion converge to specific values, demon-

strating the system's ability to scale and maintain stable performance under load. 

Clinical trials are planned as the next step to validate the efficacy of MAVATI in healthcare settings. These trials involve a variety of 

patients and healthcare providers in a variety of clinical settings. The aim is to evaluate the accuracy of real-time monitoring, the reliabil-

ity of alerts (manual and automated), and the effectiveness of doctor-patient communication within the program. Key metrics include 

clinical response times to alerts, adherence to user recommendations, and patient outcomes over time. These trials provide key evidence 

to assess the practical utility, scalability, and integration potential of MAWATI into standard medical practice (Shafqat et al., 2021).  

4.4. Potential limitations 

MAWATI faces smartwatch compatibility constraints, which limit its use on multiple devices; lack of internet connectivity in rural areas 

can lead to productivity declines; and the cost of the required equipment may limit accessibility to low-income users, impacting overall 

scalability and inclusivity. 
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4.5. Future developments 

To enhance the capabilities of MAWATI, future developments could include AI-based risk prediction models that analyze biomedical 

data and predict health outcomes. Improved cross-platform compatibility enables wider adoption of wearables and mobile devices to 

expand their use. Additionally, MAVATI’s integration with India’s RIAS (Real-time Intelligent Analytics System) framework enables 

nationwide healthcare data collection, early detection, and resource allocation, especially in healthcare settings. 

5. Ethical considerations 

The implementation of MAVATI raises critical ethical concerns related to patient consent, data privacy, and biases inherent in IoT-based 

healthcare systems. Drawing on the principles outlined by Dimitrov (2016) in their discussion of data ethics, MAVATI must ensure in-

formed consent is explicitly obtained from all users before any data is collected or processed. Furthermore, stringent safeguards must be 

in place to protect sensitive health information, aligning with ethical frameworks and regulatory standards such as GDPR and HIPAA. 

Another key issue is algorithmic and IoT bias, where the accuracy of data and subsequent clinical decisions may be skewed due to device 

limitations or demographic underrepresentation. Addressing these concerns requires ongoing audits, transparent data governance, and 

inclusive testing across diverse populations to ensure fairness and accountability in MAVATI’s deployment (Somathilake et al., 2022). 

5.1. Social impact and scalability 

MAWATI plays a critical role in achieving Sustainable Development Goal 3 (Good Health and Well-Being) by enabling early detection 

and ongoing monitoring of maternal health risks, thereby helping to reduce maternal mortality. This alert and counseling system allows 

patients and healthcare providers to take timely action, especially in high-risk pregnancies. Designed with scalability in mind, the 

MAWATI architecture supports deployment in resource-constrained environments using ubiquitous mobile technologies and expensive 

monitoring devices. It aligns with the journal’s mission to promote innovative, inclusive, and impactful health technologies that address 

global health disparities (Somathilake et al., 2022). 

6. Conclusions and recommendations 

It was possible to identify the necessary functional and non-functional requirements through the specialized medical advice received. 

Based on this, an architecture was designed that met these requirements, and a minimum viable product was developed for both 

healthcare professionals and patients. This product provides the necessary functionalities to enable close monitoring of patients by their 

physicians to improve their perinatal health. The designed and developed architecture was subjected to load testing to verify its scalabil-

ity, confirming that it met the quality attributes for the application's availability and performance. Intensive clinical trials of the monitor-

ing app, involving physicians and patients, are needed in real-life settings to evaluate the app's effectiveness and confirm the extent to 

which it improves maternal health and reduces risks for pregnant women. Furthermore, data collected from real patients in these trials, or 

during the app's production phase, could be used at a later stage to design data analysis and machine learning algorithms for conducting 

medical studies focused on scientific and/or medical research. 
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