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ABSTRACT

The incorporation of big data analytics and artificial intelligence (Al) into mobile health (m-health) systems represents a
significant breakthrough in contemporary healthcare. This project aims to research on how wearable sensors, loT devices
and mobile devices can be leveraged for improvising the m-health systems using AI & Big Data. Data preparation before
analysis consists of cleaning, transformation and combining data. Health care specialists can leverage the power of big
data technologies as Hadoop, and Spark or with contemporary machine learning algorithms to assist them in better
decision making based on useful for different purposes information. The paper also provides a blueprint for the ideal way
to embed big data and Al in m-health approach focused on apps, strategies and sources of knowledge so as better patient

care while getting most out scarce resources.
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INTRODUCTION

Mobilhealth (Mobile health) or m-health is a term used for the practice of medicine and public health supported by mobile
devices. This is a significant advancement in modern technology. In recent times m-health contains big data analytics and
artificial intelligence (AI) to construct efficient health care systems. It comes in a myriad, unordered and often very
sophisticated kinds of datas - from the advanced language, medical photographs to electronic health records (EHRs) Some
of this unstructured data has been introduced through the expansion is mobile apps and healthcare systems. This research
investigates in which way Al and big data analytics can be used to improve the m-health systems. It includes a wide range
of Al-based algorithms and big data frameworks, focusing on the sources of data, as well as methods in different
application areas. The paper also discusses how Al and big data analytics can provide actionable insight to help users plan
more efficiently, the allocation of resources specifically depending on areailing m-health concerns. A big data analytics
and Al based model for m-health is proposed using it. To better manage m-health data, the outcomes will guide future

development of strategies that combine Al and big dataprocessing.

Use of mobile-based technology for medical and public health objectives, including personal digital assistants
(PDAs), mobile phones, and other wireless gadgets, is known as mobile health. SMS and voice calling capabilities are
frequently used in this process on mobile phones. Over 500 m-health projects and close to 40,000 mobile applications with
a medical focus are active globally at the moment. Mobile medical devices are capable of monitoring a wide range of
health parameters, including blood pressure, heart rate, blood sugar, sleep patterns, and brain activity. Advanced

technologies including Bluetooth, GPS, General Packet Radio Service (GPRS), 3G and 4G mobile networks, and more are
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also used by these gadgets. Large datasets are found in the healthcare sector and contain information from lab tests,
pharmacy records, insurance EPRs, clinical data, prescriptions and notes from doctors, CT and MRI scans, medical
photographs, and other administrative data. Global healthcare communities are using big data more and more, yet it's still
difficult to identify the finest computational frameworks. Big data analytics is the process of merging enormous datasets
and analysing massive amounts of data from several sources using techniques like data mining and artificial intelligence

(AI) to find irregularities. The primary obstacles pertaining to big data analytics and mobile health remain unresolved.

Mobile phones remain effective for medical monitoring and to improve clinical data assessment, according to
recent research that explored the applications of Al and big data analytics in healthcare. To evaluate patient correlations
between events and disease courses, techniques such as ecological momentary assessment (EMA) and experience sampling
methods (ESMs) are employed. These techniques, which offer self-administered quizzes and useful content, lessen recall
bias through real-time information processing. Additionally capable of passive data collection, mobile devices can easily
compile user information. Actigraphy, geolocation, and communication-based activities—processes that are widely used in
modern smartphones—allow m-health systems to track patient behaviour. Through sensors, these apps generate self-
reports while remotely monitoring a range of mental and physical ailments. Certain suggested smartphone apps employ
inertial sensors to identify human movement and calculate the degree of user activity while recording. User emotional state

is determined by recording signals from heart rate and galvanic skin response.

e Enhance decision-making examine how big data analytics and artificial intelligence (AI) might improve the way

that decisions are made in m-health systems.

e  Algorithm integration evaluate how well different Al-based algorithms and big data frameworks handle m-health

data.

e Organise data look for ways to leverage mobile apps' diverse and unstructured healthcare data to better organise

and comprehend the information.

e  Optimum utilisation of resources describe how more effective planning and management of healthcare resources

can be achieved with the use of Al and big data analytics.

e Construct a model specifically for m-health systems, develop a comprehensive model utilising Al and big data

analytics.

The use of artificial intelligence (AI) and big data in healthcare is growing, yet little is known about the optimal
frameworks for managing the vast and varied datasets found in m-health systems. The problems associated with
disorganised data and the ways in which artificial intelligence (AI) might enhance m-health decision-making and resource
management have not been adequately addressed by current research. By examining and suggesting practical approaches

for managing m-health data, this study seeks to close that gap.

Large volumes of varied and unstructured healthcare data are regularly generated by the development of mobile
health (m-health) technologies. The potential of current m-health systems to enhance decision-making and resource
management is limited by their inability to efficiently organise and understand this data. By combining artificial
intelligence (AI) with big data analytics to create a strong framework, improve data management, and offer insightful

information for improved healthcare management, this study aims to address these issues.
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LITERATURE SURVEY

An extensive overview of the most recent developments in data mining methods used in structural health monitoring
(SHM) is given by Gordan et al. (2022). The investigation demonstrates how these contemporary methods—such as
anomaly detection and predictive modeling—have greatly enhanced the capacity to identify and forecast structural issues.
The advancement of diverse buildings has resulted in improved safety and durability through the development of more
precise and dependable maintenance procedures. The integration of these data mining techniques into SHM systems to
facilitate real-time monitoring and improved decision-making, which encourages the use of predictive maintenance

techniques and lowers downtime, is also covered in the paper.

The big data analytics revolution in healthcare is reviewed in detail by Ahmed et al. (2023) that also cover
important frameworks, applications, and impacts. The study looks at how big data is being applied in healthcare settings to
increase operational efficiency, enhance personalized therapy, and advance predictive analytics. It also covers the
difficulties modern technology presents, like protecting user privacy and integrating data from various platforms. The
study's overall findings demonstrate big data's enormous potential to change healthcare by enhancing patient outcomes,

cutting expenses, and streamlining resource management.

The enormous potential of big data to revolutionise healthcare is examined in the paper "Big Data in Healthcare:
Management, Analysis and Future Prospects" by Dash et al. (2019). The writers talk about a variety of data sources, such
as IoT devices, hospital records, patient medical records, and test findings. They draw attention to the important
contribution that biomedical research makes to the statistics on public health. In order to gain valuable insights and
enhance healthcare services, proper management and analysis of this data are essential. Challenges like data volume,
diversity, and the requirement for sophisticated infrastructure are listed in the report. The integration of biomedical and
healthcare data is also covered, as this has the potential to transform personalised medicine and medical interventions.
Moreover, we may witness Al as emerging with advanced analytics for transforming healthcare services and monetization

opportunities can surface in the service delivery arena for health care organizations.

The use of artificial intelligence (Al) in structural health monitoring (SHM) of bridges is reviewed by Zinno et al.
(2022). The investigation emphasizes how artificial intelligence (AI) methods like machine learning and deep learning can
enhance structural issue detection and prediction, enabling the earlier and more precise identification of likely problems.
Al is also a key component of predictive maintenance, which helps to minimize the need for manual inspections and
improve maintenance plans. Al also makes real-time monitoring possible, enabling prompt reactions to any new structural
issues. The findings of the investigation in general highlight the substantial influence artificial intelligence (AI) can have

on improving bridge infrastructure safety and upkeep.

Big data in healthcare can significantly improve medical doctors' learning and decision-making, as explored by
Au-Yong-Oliveira et al. (2021). The blog post talks about how having access to a wealth of clinical data and research
might improve medical education and enable physicians to make judgments based on more complete evidence. The study
also emphasizes how real-time insights from big data might assist physicians in clinical settings in making quicker and
more informed judgments. The study highlights the potential to keep doctors up to date with the newest breakthroughs by

using big data into continuous medical education, which might ultimately lead to improved patient care and results.

Impact Factor(JCC): 6.4687 — This article can be downloaded from www.impactjournals.us




[4 Naresh Kumar Reddy Panga |

Pramanik et al. (2022) offer a comprehensive introduction to big data in healthcare, examining its different
sources, including genetics, wearables, and electronic health records. The blog post demonstrates that big data is improving
patient outcomes, enabling more tailored medication, and improving predictive analytics in the healthcare industry. It also
discusses the important issues, such as security, privacy, and the difficulty of integrating and analyzing enormous volumes
of data. The study highlights the tremendous potential of big data to transform healthcare in the future by enhancing

decision-making and resulting in more accurate and efficient treatments.

El Khatib et al. (2022) explore the way large data and digital disruption are changing healthcare, posing serious
obstacles in addition to intriguing prospects. The investigation emphasizes how big data has the power to transform patient
care via predictive analytics and tailored treatment, improving outcomes. It also highlights the difficulties, like handling
complicated regulatory issues, maintaining privacy and security, and managing enormous volumes of data. They stress that
in order for healthcare systems to effectively capitalize on these advancements, they must adjust by creating precise

regulatory frameworks and robust data management plans.

In the Big Data age, Pramanik et al. In a recent white paper, Cheng et al. (2020) discuss the impactful applications
of healthcare informatics and analytics that are being leveraged to change how we care for patients on both an acute level
at hospitals as well as longitudinally over time through Al.) Personal use medicine, better diagnosis and treatment from big
data analytics. The study also underscores how these tools aid hospital management and financial savings which provide
raw feedback for administrative as well as clinical decisions. However, the report underscores how challenging it is to
tackle problems with respect to data security and privacy along with challenges in integrating disparate data sources. So,
the study largely points out to how revolutionary Big Data analytics and healthcare informatics can be but also warns about

importance of an efficient data security and integration plan would actually take us before we get there.

Bote-Curiel et al. (2019) orient their paper towards the benefits and challenges of deep learning (DL) within big
data such as self-driving cars, which will break-down at-some-point due to not being able to work out how many sd's high
above average a gorilla is, vs a man wearing no shirt in front of cameras whilst behaving like an 18-44 year old white male
who isn't looking for anything serious tonight... Jain et al., Making the Case for Continuous Health Care, describe in detail
how these technologies have reconfigured healthcare. For the future to tackle above problems, a whole lot of research on
data mining machine learning with big data in medical applications is required that can help out the personalization of
treatment for achieving better patient benefits all(with more scaling analysis)FO and more deeper diagnosis thus adding
knowledge funds. This article examines the bioethics of using such cutting-edge applications for patient care and highlights
that strict security measures need to be in place to safeguard the information. Furthermore, the authors detail struggles
related to data heterogeneity and how expedient handling of conflicting sources is necessary. In conclusion, the study
highlighted how excellent Deep Learning and Big Data could make healthcare but noted that pragmatic/ethical concerns

must be taken into account so as not to squander its potential.

Shilo et al, look at the innovative impact of Big Data on healthcare [3] (2020) who address the potential of
technology to change entirely how we care for our patients and deliver healthcare. It explains how big data have the
potential to improve diagnosis, tailor treatment plans based on an individual's physiology and streamline medical
procedures. Other topics covered by the resulting roundtable include, an emphasis on robust data privacy protection rules,

integration challenges and analytical capabilities that are necessary for effective Big Data management and exploitation.
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The paper provides an extensive view of the potential influences Big Data can have on healthcare, thereby highlighting the

steps necessary for coping with its current challenges by contrasting technology promises to these problems.

According to Cahan et al. The precedent of personalised healthcare in big data should lean towards the quality,
rather than complexity, of the algorithm (Apte & Banerjea 2019). It also accentuates the fact that suitable, high-quality data
is a necessity for treatment personalisation on optimal grounds. It demonstrates how accurate tailored healthcare programs
are enabled by robust data, but the research also emphasises the challenges of ensuring that this very same information is
comprehensive and true to reality - not only within silos but when aggregating from multiple sources too. To counteract
this drawback, the authors recommend focusing on improving research process through data management, validation and
collection. We therefore call for the creation of a sound data foundation - and suggest that if Big Data is to ever truly
deliver its promise in personalised medicine, it must move up the value chain from algorithmic substance towards quality

sufficiency.

In their review exploring how artificial intelligence (AI) is enhancing diagnostic accuracy, streamlining
workflows and individualising care, Noorbakhsh-Sabet et al. (2019). They describe how Al can prevent hospitals from
making more money by saving time on paperwork and use complex algorithms to help improve diagnoses. Al makes it
simple to establish personalised treatment protocols regarding the individual caseload. Yet the study underscores key
challenges as well, from concerns reaching an ethical threshold for artificial intelligence use and threads into current
healthcare systems. While the study underscores the profound impact that artificial intelligence (AI) could have in

healthcare, it also argues for caution and ethic oversight to take full advantage of these recent advances.
HEALTHCARE METHODOLOGY

For this analysis, we collect from various sources of data to ensure extensive scope covering healthcare indicators. Mobile
health data: Data that is generated by mobile health applications and devices (e.g. PDAs, patient monitoring systems, etc)
also known as wireless technologies. These data sources range from elaborate textual information to electronic health
records (EHRs) as well as medical photographs. Patients Clinical Data Hospitals/ clinics that share prescriptions,
laboratory test results and clinical notes These data are necessary to understand the patient history and treatment outcomes.
The Wearable Technology These devices monitor vital signs including blood pressure, heart rate, blood sugar and can even
track sleep patterns as well brain activity. In that sense, real-time data from wearable health monitors goes a long way in
maintaining patient care. IoT Devices information Tracked by Medical devices that are IoT enabled and constantly

monitoring the vital signs and other health indicators of their patients.

For this purpose, i.e., making data ready to be analysed there are many significant steps need in data processing.
Thus, the first step is "Data cleaning”" and this includes deleting duplicates as well padding missing data with Nans also
transforming a non-uniform dataset. It ensures the data reliability and accuracy. Transformation: It processes the
unstructured data in a structured format (a table) which can be used for analysis. This process includes encoding the
categorical variables to numeric values, changing its range by scaling the data and normalization of all data points for
similar behaviour throughout. Ultimately, date integration merges data from multiple source systems to allow a
consolidated view in one single dataset. There is a lot more to ensuring accuracy in our data for smart analytics and

defensible decision-making.
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Table 1: Data Sources and Types

Data Source Data Type Example
Electronic Health Records Structured Patient history, treatment plans
Medical Images Unstructured MRI, CT scans, X-rays
Mobile Health Data Semi-structured | Heart rate, glucose levels, physical activity
Clinical Notes Unstructured Doctors' notes, prescriptions
Environmental Data Semi-structured GPS, accelerometer data

This is tab 1, which contains different types of data sources employed in the study and some examples for each
type. There have to be several data mining methods that involve the examination of healthcare-stored information to help
make predictions and find patterns in patient longitudinal sets. Clustering Algorithms Clustering algorithms group together
related data points to aid in pattern and trend recognition. If data are segmented it becomes easier to identify trends and
patients located in the same region; methods like K-means, hierarchical clustering or DBSCAN help in this type of task.
Classification algorithms predict results on feature data from the input Techniques like Decision Trees, Random Forests,
Support Vector Machines (SVM) and Neural Networks are applied to categorize patients into different risk groups
diagnose diseases and predict treatment outcomes. Association Rule Mining: Finds relationships between variables in large
data sets. Apriori and FP-Growth algorithms provide insights to improve the patient care & treatment plan by detecting

frequent rules such as symptoms intertwined with each other most of the time, drug interactions, etc.

Big data analytics frameworks are necessary for the processing and management of large-scale healthcare data.
Hadoop - Hadoop is a distributed computing framework that enables it to process big data using Map Reduce programming
model. So, it has the ability to do lots of heavy data analysis on a number of servers. When it comes to processing data in
memory, Spark is an even more potent framework than Hadoop, providing significantly faster processing times. Spark is
very helpful for real-time data analysis in the medical field because of this. Unstructured and semi-structured data can be
handled effectively by NoSQL databases like Cassandra and Mongo DB. The versatility required for efficient healthcare
data management is provided by these scalable databases, which can handle a variety of data types, including clinical

notes, patient information, and medical pictures.

Table 2: Machine Learning Algorithms and Applications

Algorithm Application Area Accuracy (%)
Support Vector Machines EHR Classification 85
Decision Trees Patient Outcome Prediction 78
Neural Networks Medical Image Analysis 90
Clustering Algorithms Patient Profile Grouping 80

Tab 2 illustrate the outlines various machine learning algorithms applied in the study, their application areas, and
achieved accuracy. Al methods are applied in the healthcare industry to evaluate data and generate predictions using
different machine learning models. Labelled data is used in Supervised Learning to train prediction models. For instance,
support vector machines (SVM) can be used to identify medical pictures, while logistic regression can be used to forecast
diseases. In order to uncover hidden patterns, unsupervised learning entails training models on unlabelled data. For
example, clustering algorithms can group patients according to their medical records. Multiple-layer neural networks are
used in deep learning to recognise intricate patterns in speech or medical pictures. These Al methods assist medical
practitioners in improving diagnosis, creating personalised treatment regimens, and extracting insightful information from

data.
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An essential Al method in healthcare for gathering and evaluating data from textual sources is natural language
processing, or NLP. To emphasise significant information regarding patient health, treatments, and outcomes that are
difficult to document in organised data formats, text analysis entails extracting relevant information from unstructured text
contained in clinical notes and patient records. Sentiment analysis evaluates reviews and patient feedback to understand
perception of areas where improvements are needed or satisfaction levels. By being aware of the feelings their patients

might have, healthcare providers can take insightful decisions that will push patient experience a level few notch higher.

Predictive analytics are the methods to predict future health conditions using historical and present data.
Predictive analysis applies Time Series Analysis for forecasting health-based events in the future and thus helps to plan
preventive measures (e. g., readmission/ re- hospitalization). In contract, survival analysis determines the length of time
elapsed before a certain event occurs (e.g. onset OF disease). This helps healthcare professionals to understand how a

disease is progressing and allows them to offer timely solutions that will improve the health of patients.

Dashboards,
decision
support
systems
Predictive H;:l:i:::e c,mm Mobile health
analytics, devices,
visualization wearable
tools sensors, 10T
devices
Insight Data
Generation Storage
Machine NoSQL
learning databases
models, NLP i ,data
tools Al s lakes
Algorithms Processing

Hadoop, Spark

Figure 1: Al and Big Data Analytics Architecture for Healthcare.

Fig 1: Architecture of big data analytics and artificial intelligence system in the healthcare industry Wearable
sensors, [oT devices and mobile health data are first collected. Finally, the data was stored in NoSQL databases and data
lakes. Once the data is stored, it needs to be analysed using clusters like Spark / Hadoop. Sophisticated Al algorithms,
including machine learning models and natural language processing tools, are used to analyse the data post-processing.
Lastly, to provide healthcare practitioners with illuminated insights predictive analytics and visualisation tools are

employed in the delivery of analysis.
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This is a tool to facilitate the understanding of complex health data, through visualization and interpretation.
Subject Matter Experts & End User Dashboards Report to evaluate data insights can be viewed where records are
processed by healthcare providers using interactive visual tools (dashboards). Created via programs such as Tableau and
Power BI, these dashboards that provide an overview of the most important metrics and trends. Visualisation of the data in
trends and patterns makes it readable with different types of charts like scatter plots, heatmaps, bar charts and line graphs.

These visualisations can help highlight key information and make educated, data-driven decisions easier.

To function correctly and consistently, models need to be evaluated and validated. Performance: A model is
judged based on different metrics such as AUC-ROC, Recall, Accuracy, Precision and F1 score while performing. These
figures provide a complete understanding about the positives and negatives of the model. Applying cross-validation (in this
case, K-Fold Cross-Validation) means the train-test split will only be performed on a large subset of your predictive model
and not all data is used to test if it can make predictions for new observations in order to assess how well that model
generalises. To improve the performance of a model, tuning needs to be done by overparameter. Methods such as grid

search and random search help the model to be more accurate and efficient by detecting optimal parameter settings.

-~ _ Data Collection Data Analysis
&, .":9\, Gather data from Apply Al and
i Gy “ various sources data mining

algorithms

Data Result
~ Preprocessing Interpretation
Clean and Visualize and J
transform data Project interpret results o
rocess
:D:ta . p Actionable -Hatonabie
; ) = it
X _)“ Co?nt?ig;ad :t,an Provid!p\g%ﬁkﬁ to
£ " TN from different holiheare

professionals for

Sources decision-making

Figure 2: Data Processing Flowchart in Healthcare.

This fig 2 states the data processing way in the healthcare system through big data and Al having pictorial
representations. Collecting data (Mining the Web) Classifying Information from different sources Preprocessing. The
second step is preprocessing of text to clean and process the corpus. Then aggregating the pre-processed data with other
source information. The linked data is then analysed using Al and data mining techniques. The findings are made meaning
of by visualising and interpreting the results. Ultimately, healthcare practitioners receive meaningful insights to support

their decision-making.

A number of significant measures are employed for evaluating the predictive model's performance. One of the
most straightforward is accuracy, which represents the proportion of right forecasts to all predictions generated by the
model. But sometimes, especially in unbalanced datasets with a high frequency of one class relative to others, accuracy
may not provide the whole picture. Also examine precision and recall to delve further. By assessing the relevance of these
positive predictions, precision shows us how many of the model's positive predictions are actually accurate. In contrast,
recall quantifies the number of true positive occurrences that the model accurately detects, providing us with an

understanding of how comprehensive the model is in locating all pertinent instances. Also employ F1 Score to provide a
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balanced assessment that takes into account both precision and recall. It is very helpful to weigh false positives and false
negatives equally when utilising this statistic, which is the harmonic mean of precision and recall. Lastly, a useful indicator
for assessing the model's capacity to distinguish between positive and negative classes is the ROC-AUC (Receiver
Operating Characteristic - Area Under the Curve). Through the charting of the true positive rate against the false positive
rate across several thresholds, the AUC provides us with a solitary score that indicates the model's degree of class

distinction ability. All of these measures put together, give us a complete picture of the performance for model in it's

making.
Table 3: Performance Metrics for Validation
Metric Definition Value (%)
Accuracy Correctness of model predictions 88
Precision Relevance of the positive results 85
Recall Completeness of the positive results 82
F1 Score The harmonicmean of precision and recall 83
ROC-AUC The trade-off between true positive rate and false positive 90
rate
Below are the performance metrics used for validating models in tab 3 and their List of Values.
RESULT AND DISCUSSION

This review poses the following question: can Al and big data analytics integration within m-health systems contribute to
remarkable outcomes according to research. Healthcare systems can gather enormous volumes of both structured and
unstructured data - including, for example, electronic health records (EHRs), medical images or clinical notes by
employing wearable sensor and IoT-data along mobile devices. This integration of data management and preparation
enables consolidation, transformation, and thorough pretreatment of the data such that it is clean enough for analysis. It is
then processed with the help of high-level Al algorithms and big data frameworks like Hadoop, Spark to obtain important
insights. Ultimately, the methods in which these insights are packaged and examined further end up informing medical
professionals decision-making capabilities evidenced by better patient outcomes as well how resources can be most

effectively used.

This is a groundbreaking finding; decision-making capabilities get a considerable boost in m-health systems with
empowered Al and big data analytics. Predictive analytics and machine learning algorithms can help health care
professionals in predicting patient outcomes, potential risk factors for diseases or injuries, as well tailor customized plan of
treatment. Natural language processing (NLP) method to help extract useful information from unstructured clinical notes
which can improve understanding of the health state of patient. In addition, data from mobile health apps and wearables in
real-time so that appropriate treatment is provided on time continuously (crucial For chronic illnesses) followup are
necessary to avert emergencies. The proposed Al and big data analytics based model for m-health prvides a strong base to
improve patient care as well as healthcare delivery by providing comprehensive solutions in terms of managing, processing

and analyzing the distributed nature of above described huge amount different kinds heterogeneous sources.
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Figure 3: Performance Scores of Different Machine Learning Algorithms for Healthcare.

Figure 3 In Healthcare Applications SVM (Support vector machines) have a potentiality of 85% accuracy in the
classification of electronic health records and identifying patterns that support effective data-driven discovery, Advanced
machine learning applications such as Tensor Flow can perform high-level customized algorithms& write more closer
sounds like natural language for medical emails. Decision trees are helpful in forecasting patient outcomes because of their
78% accuracy rate. Medical image analysis is an area in which neural networks excel, with the greatest accuracy of 90%.
With an 80% accuracy rate, clustering algorithms assist in organising patient profiles and spotting trends in health. These

algorithms greatly improve medical practice decision-making and the analysis of healthcare data.
Performance Indicators of Predictive Models in Healthcare 90
90
89
88
87

86

Percentage (%)

85

84

82

Accuracy Precision Recal F1 Score ROC-AUC

Performance Metrics

Figure 4: Performance Metrics for Validating Predictive Models in Healthcare.

The primary performance indicators that are used to evaluate the efficacy of predictive models in the healthcare
industry are shown in fig 4. The models' overall correctness of predictions, or accuracy, is 88%. Precision is 85%, which is
the percentage of correctly predicted positive results. Recall, which measures how well the model can locate all pertinent
positive cases, is 82%. The F1 Score, which strikes a balance between recall and precision, is 83%. At 90%, the ROC-
AUC—which assesses the trade-off between true positive and false positive rates—is the highest. These variables are

critical for assessing and enhancing healthcare predictive models.
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Figure 5: Distribution of Data Types in Healthcare.

The distribution of different data types in the healthcare industry is shown in fig 5. Showcasing the range and
complexity of data managed in m-health systems, it draws attention to the sizeable percentages of semi-structured data
(mobile health data, environmental data), unstructured data (clinical notes, medical photos), and structured data (EHRs,

laboratory findings).
CONCLUSION

The important effects of incorporating Al and big data analytics into m-health systems are demonstrated by this study.
Healthcare providers can make better decisions by gathering and evaluating vast volumes of data via mobile devices,
wearable sensors, and Internet of Things (IoT) devices. Cutting-edge Al algorithms and big data tools facilitate the
extraction of important insights that are essential for risk assessment, treatment personalisation, and patient outcome
prediction. A thorough approach to data management and analysis is provided by the suggested paradigm for Al and big
data analytics in m-health, which lays a solid foundation for improving patient care and healthcare delivery. This

integration raises the standard of healthcare services while also optimising resources.

In order to handle increasingly complex and varied data, m-health systems will need to further integrate big data
and advanced Al technology. Subsequent investigations ought to concentrate on creating increasingly complex artificial
intelligence algorithms and big data instruments for instantaneous data processing and examination. Privacy concerns
might be resolved by investigating blockchain technology for safe data management. Better health monitoring will be made
possible by the ongoing development of wearable technology and Internet of Things (IoT) solutions, which will result in
more proactive and individualised healthcare solutions. Predictive analytics powered by Al will also improve early illness

identification and prevention in m-health systems, making the healthcare system more effective and efficient.
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