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ABSTRACT

Diabetes being a chronic disease is a constant subject for surveillance, detection, and personalized care. With
the infusion of 10T technologies in healthcare, there exists an opportunity to develop intelligent systems to
collect such real-time physiological data as glucose levels, heart rate, and physical activity via wearable devices
such as Continuous Glucose Monitors (CGMs) and fitness trackers. Nevertheless, it presents an enormous
challenge for traditional diagnosis systems due to the varied nature of the overwhelming amount of this data.
To this effect, this research study proposes a smart diabetes detection framework combining loT-based data
collection and cutting-edge machine learning and deep learning techniques. The system utilizes data cells for
pre-processing through Z-Score normalization and KNN imputation to ensure consistency and quality of the
data. It employs deep feature extraction by means of Autoencoders to lower dimension and preserve key
patterns; these are then flattened into a vector and fed to a Recurrent Neural Network (RNN) classifier, which
exploits temporal dependencies varying between features to determine the presence or absence of diabetes
accurately. The classification results are analysed and visualized further to forge interpretable insights.
Evaluation by performance metrics and user-level analysis demonstrates the efficacy of the system in
supporting early diagnosis and personalized management of diabetes. This convergent approach will thus
facilitate adaptive, data-driven patient-centric smart healthcare solutions.
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1. INTRODUCTION

Diabetes is emerging as a global health threat, which calls for innovative, continuous, and personal monitoring
systems. This very approach would enable Smart Diabetes Care by providing a much-needed new paradigm that
makes available the Internet of Things (IoT) connected data analytics for health monitoring personalized and in
real-time [1]. However, at the same time, it generates massive amounts of physiological and behavioural data with
different loT-enabled devices such as Continuous Glucose Monitors, smart insulin pens, and wearable fitness
trackers [2]. The continuous inflow of data, thus, enables tracking blood glucose levels, insulin activity, and
physical activity in real-time and brings an integrated understanding of an individual's health condition [3].
However, high-dimensional, multisource data delivered threaten efficient management and analysis, thus calling
for very sophisticated computational resources that can recognize subtle patterns and actually support timely
actions [4]. This study proposes a framework that starts with the data collection of the 10T devices in healthcare,
followed by the pre-processing steps such as Z-score normalization and KNN-based imputation for data quality
[5]. Autoencoders extract the deep and compressed features from data; these deep features are then fed to an RNN
classifier, which is capable of learning temporal dependencies [6]. The outputs of the model are analysed and
visualized to tell whether the patient is extremely probable to have diabetes, as evidenced by the performance
evaluation metrics. In smart healthcare environments, it not only makes earlier diagnosis of diabetes possible but
also helps in laying the foundation for adaptive personalized treatment strategies [7].

The rapid advancement of the Internet of Things (IoT) and data analytics has revolutionized modern healthcare,
offering new possibilities for managing chronic conditions such as diabetes [8]. Smart Diabetes Care is an
innovative approach that integrates loT-enabled devices with powerful data analytics to deliver real-time,
personalized health insights for individuals living with diabetes [9]. These systems continuously monitor vital
parameters such as blood glucose levels, physical activity, diet, and medication adherence through wearable
sensors and smart devices [10]. The collected data is then processed using advanced analytics and machine
learning algorithms to identify patterns, predict complications, and provide tailored recommendations. This

236


mailto:kadiyalabhavyams@gmail.com
mailto:hemnathrmca@gmail.com

" . ISSN 2347-3657
, International Journal of

Information Technology & Computer Engineering Volume 9, Issue 1,2021

integration not only enhances the accuracy of diabetes management but also empowers patients and healthcare
providers with actionable insights for proactive decision-making [11]. By enabling early detection of anomalies
and supporting individualized care plans, Smart Diabetes Care marks a significant step towards more efficient,
responsive, and patient-centric healthcare solutions [12].

Diabetes is a chronic disease that demands continuous monitoring and management, often requiring patients to
make daily decisions about their health [13]. Traditional methods of diabetes care are limited by periodic data
collection, which may not provide a complete picture of a patient’s health status [14]. With the emergence of 10T
technologies, a paradigm shift is underway, allowing real-time, non-invasive, and continuous data collection from
smart wearable devices [15]. These innovations are transforming how individuals track their health metrics and
how medical professionals intervene, offering a smarter and more responsive approach to diabetes care [16]. At
the core of Smart Diabetes Care is the seamless integration of 10T devices with intelligent data analytics platforms
[17]. Devices such as continuous glucose monitors (CGMs), smart insulin pens, and connected fitness trackers
capture diverse health data [18]. When analyzed using Al and machine learning algorithms, this data uncovers
meaningful patterns and trends that are often missed through conventional monitoring. These insights can be used
to forecast glucose fluctuations, detect hypoglycemic events early, and personalize treatment plans, improving the
overall quality of life for diabetic patients [19].

The personalized health insights derived from data analytics empower patients to become active participants in
managing their diabetes. Through mobile apps and cloud-based dashboards, users can visualize their health data,
receive personalized alerts, and get evidence-based recommendations in real time [20]. This patient-centered
model not only promotes self-management but also encourages behavioral change, helping individuals make
informed decisions about their diet, exercise, and medication [21]. Ultimately, this leads to improved glycemic
control and reduces the risk of diabetes-related complications. From a healthcare provider’s perspective, Smart
Diabetes Care facilitates more efficient and proactive care delivery. By remotely accessing real-time patient data,
clinicians can perform timely interventions, optimize medication regimens, and reduce unnecessary hospital visits.
Predictive analytics further enhance clinical decision-making by identifying at-risk patients and enabling early
intervention. This data-driven approach enhances patient engagement, supports remote care models such as
telemedicine, and contributes to the development of precision medicine in diabetes management [22].

As the global burden of diabetes continues to rise, the integration of 10T and data analytics offers a scalable and
sustainable solution for long-term disease management. However, challenges related to data security,
interoperability, and user adoption must be addressed to fully realize the potential of Smart Diabetes Care [23].
Ongoing research, innovation, and collaboration between technology developers, healthcare providers, and
policymakers are essential to build robust systems that are secure, reliable, and patient-friendly. With the right
infrastructure and strategic implementation, Smart Diabetes Care has the potential to transform diabetes
management into a highly personalized and proactive healthcare experience [24]. The intersection of healthcare
and technology has opened new frontiers in chronic disease management, particularly in addressing the growing
diabetes epidemic. Smart Diabetes Care leverages the capabilities of 0T devices to collect real-time physiological
data, enabling continuous monitoring outside of clinical settings. By combining this with data analytics, it
becomes possible to detect early warning signs and customize care plans based on individual patient needs. This
shift from reactive to proactive care is redefining how diabetes is managed, focusing on prevention and
personalization [25].

The digital transformation of healthcare has led to the development of intelligent ecosystems where data-driven
insights can greatly enhance patient outcomes [26]. In the context of diabetes care, 10T devices serve as data
generators, capturing a wide array of parameters such as glucose levels, heart rate, sleep patterns, and physical
activity. These data streams, when processed through analytics engines, help identify subtle deviations and trigger
timely responses [27]. Such smart systems not only support physicians in making accurate decisions but also
empower patients to stay engaged with their health. Traditional diabetes management often involves routine
check-ups and manual data logging, which can be cumbersome and prone to error. Smart Diabetes Care replaces
this with an automated and intelligent framework where data is collected passively and continuously [28]. loT
sensors, embedded in wearable devices or medical tools, transmit health data to cloud platforms for real-time
analysis. This continuous loop of data collection and insight generation ensures a holistic understanding of a
patient’s condition and supports dynamic, adaptive treatment strategies [29].

The personalized approach to diabetes management represents a significant advancement over generalized
treatment protocols. Through the integration of loT and advanced analytics, healthcare providers can design
interventions tailored to the specific lifestyle, physiology, and response patterns of each patient. For instance,
machine learning models can predict how a particular meal or activity affects glucose levels, enabling patients to
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make smarter choices throughout the day. Such systems are not only innovative but also essential in moving
toward precision health in diabetes care [30].

1.1 PROBLEM STATEMENT

Diabetes is a chronic and progressive metabolic disorder that affects millions throughout the world.
Timely diagnosis, continuous monitoring, and individualized treatment are the key to preventing complications
[31]. Even though modern diagnostic tools and digital health records are available, conventional management of
diabetes often pertains to periodic check-ups and snapshots of isolated data on the patient, thereby limiting the
potential to capture evolving health patterns in real-time [32]. Furthermore, the data coming from various
healthcare sources-wearable 10T devices, electronic health records, and lifestyle logs-are typically high-
dimensional, heterogeneous, and incomplete [33]. These very factors hinder aggregating the data, cleaning them,
and then analysing them in order to generate some useful clinical insights for real-time and personalized care
initiation [34]. There is, thus, an urgent need for an intelligent integrated system that continuously acquires health
data from loT devices and employs advanced analytics for diabetes to be diagnosed early and accurately [35]. The
absence of scalable frameworks to handle multi-source temporal data, conduct suitable pre-processing, and learn
sequential patterns for disease classification is a roadblock for transitioning from reactive to proactive care [36].
In this work, we define an overarching smart diabetes care architecture integrating loT-based data acquisition,
automated data pre-processing (Z-score normalization and KNN imputation), deep feature extraction using
autoencoders, and time-series classification via Recurrent Neural Networks (RNN) followed by the performance
assessment and decision visualization [37]. The proposed approach is aimed at enhancing diagnostic accuracy and
personalizing treatment regimens based on data [38].

Objective

» Real time physiological and behavioural data collection from loT-enabled healthcare devices, like
CGMs, smart pens, and fitness trackers, for better overall diabetes monitoring.

» The collected will undergo Z-score normalization pre-processing for feature standardization and K-
Nearest Neighbours (KNN) imputation of missing values to achieve consistent and reliable data for
analysis.

» Feature extraction involves the use of Autoencoders to identify significant features among high-
dimensional 10T data captured by healthcare facilities while ensuring meaningful dimensionality
reduction with the retention of crucial signal properties.

» Diagnosis of diabetes as presence or absence with the help of recurrent neural networks (RNNSs) that
capture sequential patterns since RNNs are based on temporal dependencies.

» To test models performance, consequently, results will be generated in the form of data analytics or
visualization, thus, making individualized health insights interpretable towards improved diabetes
management.

2. LITERATURE SURVEY

Internet of Things (10T) systems in healthcare has transformed chronic disease monitoring, specifically
for diabetes management. Various studies have focused on continuous monitoring with many of these wearable
sensors and smart devices to receive real-time physiological parameters, including glucose, heart rate, physical
activity, and dietary habits [39]. By processing these data streams through intelligent analytic frameworks,
messages to alert, analyse trends, and provide patient-specific health-related information can be given to doctors
just in time [40]. These researchers are also exploring cloud-connected 10T ecosystems to enable remote
monitoring of diabetes patients and early detection of anomalies via wireless transmission of data. These systems
help to improve patient adherence while providing some insights to clinicians and work to bridge the gap between
continuous monitoring and personalized treatment [41]. Machine learning techniques are now widely used to
manage, analyse, and model large-scale data collected by the 10T. Autoencoders are proving to be a good
approach, extracting features from various complex health datasets in lower-dimensional representations and
crucial information [42]. Deep learning models, in particular, recurrent neural networks (RNNSs), have been
successfully applied to model temporal health patterns, predicting the risk of diabetes and/or episodes of diabetes
based on long sequences of past data [43]. Classification algorithms' accuracy and robustness in predicting
diabetes are enhanced with the prior application of pre-processing methods, including normalization and
imputation [44]. The synthesis of these technologies builds the foundation for intelligent predictive personalized
diabetes treatment systems.

Recent advancements in the integration of Internet of Things (loT) and data analytics have significantly
transformed healthcare systems, particularly in the domain of personalized patient care and chronic disease
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management [45]. Studies have emphasized the importance of loT frameworks in enabling smart city
infrastructures and improving healthcare delivery through real-time monitoring, automation, and intelligent
decision-making [46]. loT-integrated technologies such as ultra-wideband (IR-UWB), wearable sensors, and
blockchain-based platforms have shown immense potential in enhancing healthcare applications by ensuring data
accuracy, security, and interoperability [47]. These systems support continuous health tracking, making it feasible
to deliver timely interventions for patients, especially those managing chronic conditions like diabetes [48]. Cloud
computing has also been recognized as a key enabler for scalable healthcare solutions [49]. Various research
efforts have explored the synergy between cloud services, artificial intelligence (Al), and 10T to optimize resource
utilization and improve decision support mechanisms [50]. For example, hybrid Al models incorporating neural
networks, deep learning, and heuristic methods have been applied to disease prediction and test case prioritization,
enhancing diagnostic accuracy and treatment outcomes [51]. In parallel, secure data transmission and storage have
been addressed through cryptographic protocols and blockchain-based integrity management, ensuring patient
confidentiality and trust in smart healthcare systems [52].

Big data analytics plays a critical role in extracting actionable insights from vast volumes of healthcare data
generated by loT devices [53]. Advanced clustering techniques, anomaly detection algorithms, and decision
support systems have been used to evaluate healthcare performance, detect irregular patterns, and suggest
corrective actions [54]. Additionally, indoor positioning systems and facility management tools integrated with
l0T have facilitated smarter hospital infrastructure, enhancing operational efficiency and patient flow management
[55]. These systems have contributed to building context-aware environments where health data is continuously
analyzed and used for dynamic personalization of healthcare services [56]. The emergence of intelligent
healthcare ecosystems is also linked with the growing application of Al and machine learning algorithms in areas
such as remote patient monitoring, malware detection in medical systems, and CRM frameworks in healthcare
operations [57]. These models not only automate routine tasks but also provide predictive insights for clinical
decision-making [58]. In particular, the integration of fog and cloud environments has been highlighted as a
strategy to increase system availability and responsiveness, particularly for time-sensitive medical data processing
[59]. Collectively, the literature reveals a strong trend towards building comprehensive, secure, and intelligent
healthcare systems by leveraging 10T, Al, and cloud computing [60]. The shift towards real-time monitoring,
decentralized data management, and predictive analytics has paved the way for innovative solutions that support
personalized, preventive, and participatory healthcare models [61]. However, the implementation of these systems
still faces challenges related to interoperability, standardization, and data privacy, which require continuous
research and development for widespread adoption and effectiveness [62].

The integration of 10T in healthcare has emerged as a transformative approach to enable real-time monitoring,
efficient data sharing, and improved decision-making [63]. Research has shown that 10T-based systems, when
embedded with smart sensors and wearable technologies, can continuously collect health-related data such as
glucose levels, heart rate, and physical activity [64]. This data, when processed using Al and analytics, offers
deeper insights into patient behavior and health trends. The resulting intelligence supports predictive diagnostics
and allows for early intervention, especially for chronic diseases like diabetes where timely management is critical
[65]. Security and privacy of medical data remain primary concerns in loT-driven healthcare environments [66].
Various studies have explored the use of advanced cryptographic methods, such as super singular elliptic curve
isogeny and blockchain technologies, to safeguard sensitive patient information [67]. Blockchain-integrated
platforms not only enhance data integrity and immutability but also support decentralized health records
management [68]. These innovations ensure secure communication among medical devices, cloud platforms, and
healthcare professionals, reducing the risk of data breaches and unauthorized access in smart healthcare systems
[69].

3. PROPOSED METHDOLOGY

This flow chart demonstrates a smart healthcare pipeline, which profits from the Internet of Things data
and advanced analytics for the detection of diabetes. The process traverses through data acquisition, which entails
the collection of data from healthcare 10T devices and vital signs with patient metrics [70]. The next stage is pre-
processing, during which Z-score normalization and data cleaning are carried out to ensure quality and consistency
of the data being used. Feature extraction follows via an Autoencoder algorithm in order to slightly downsize the
dimensionality of the observations while preserving all the important patterns of input data [71]. These extracted
features enter the feed of the Recurrent Neural Network (RNN) for classification based on the temporal
dependence of the data. These outputs then feed a data analytics and visualization module that interprets the output
and classifies whether or not diabetes is present. Based on this classification, the metrics for the evaluation of
model performance are then generated. Therefore, this entire system forms an effective and lucid framework for
intelligent detection of diabetes via loT-driven data analytics [72]. This figure describes the complete 10T health
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data and deep learning analysis-based smart diabetes detection process. The workflow starts with the collection
of data through various 10T devices in a healthcare environment, measuring physiological parameters in real time,
such as glucose levels, heart rate, and activity pattern After that data is collected, it is processed using Z-score
normalization and KNN-based data cleaning for missing values so that the features will carry a uniform scale and
give one dataset ready for analysis. The features are extracted from the pre-processed data through an
Autoencoder, which reduces the amount of information in the form of high-dimensional input while keeping key
information intact. This reduction in feature space goes on to classification by RNN (Recurrent Neural Network),
which can learn time-varying patterns of sequential health data. Classification results are analysed and visualized
to check for disease presence or absence. It differentiates between parts of the body where diabetes exists or not,
according to that prediction. Finally, assessing performance will prove to what extent the entire model establishes
credibility in terms of accuracy and interpretability and support personalized healthcare

preprocessing z score

. Normalization Feature Extraction
Data collection from Smart B leani i
in
Healthcare 10T EE @ eanln.g
KNN Imputation Auto Encoder

Data analytics
Performance of Evaluation e — Exploration - Classification by CNN
&visualization
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Figure 1: Smart Diabetes Detection Using loT

3.1 Data collection

The figure 1 shows that data gathering about a patient's health by different sources is a priority-one-step
platform in the proposed smart health workflow for diabetes detection. These sources include wearable loT
devices such as continuous glucose monitors (CGMs), smart insulin pens, and fitness trackers and record real-
time metrics such as blood glucose levels, insulin dosages, physical activity, and heart rate. It's about collecting
patient health data from various sources. These different sources include wearable 10T devices such as the
continuous glucose monitor (CGM), the smart insulin pen, and fitness trackers, which can record real-time metrics
like blood glucose levels, insulin dosages, physical activity, and heart rate. Electronic health records (EHRs) are
also a source for historical data on patient demographics, medical history, and laboratory results. The
amalgamation of these heterogeneous streams provides the system with a comprehensive dataset that caters for
current and longitudinal health indicators, thus providing a solid basis for further pre-processing, analysis, and
predictive modelling in diabetes management.

3.2 Pre-processing

In stage of pre-processing within the smart healthcare workflow for diabetes detection, a couple of very
critical techniques have been construed to prep up for analysis of the datasets. One of these techniques involves
Z-score normalization, which usually serves to standardize the features around mean 0 and standard deviation 1.
This then ensures that the features contribute equally to analysis; most algorithms are sensitive to feature scaling.
The other pre-processor involves the K-Nearest Neighbours (KNN) imputation for missing values in the dataset.
KNN here refers to estimating missing values by the k closest instances according to their attributes in the
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underlying structure of the data. Pre-processing somehow makes the dataset more ready for modelling and analysis
under diabetes detection.

3.2.1 Normalization

Normalization using the Z-score, also termed as standardization, is a way of transforming the data so that
its mean becomes 0 and its standard deviation is 1. This is essential when the features in a dataset have different
units or scales, thus ensuring that each feature contributes equally to the analysis. The transformation to a standard
normal distribution would also be preferred by the algorithms that depend on distance metrics, for example, k-
nearest neighbours or methods based on gradient descent.

g= X @)
x is the original data point, u\ mup is the mean of the feature, and ¢ sigma is the standard deviation of the feature

3.2.2 Data Cleaning

K-nearest neighbours imputation is a technique for missing value recovery for a single attribute in a data-
set where the values are estimated from the k most similar entries. This method assumes that similar data points
are likely to have similar values for missing attributes. KNN imputation provides closer estimates in a statistically
informed context rather than those offered by simple imputation approaches, as it takes not only the direction but
also the distance between points into consideration.

~ 1

xmissing = ;Z{'c:l Xi (2)
Zmissing 1S the estimated value for the missing data point,x; represents the values of the 'k’ nearest neighbours,
k is the number of neighbors considered.

3.3 Feature Extraction

During feature extraction in the smart diabetes care workflow, the aim is mainly to reduce the dimensions of high-
frequency time-series data collected from 10T devices such as glucose monitors and wearable sensors while
retaining important patterns useful for predictive modelling. In feature extraction, raw data is pre-processed into
meaningful inputs for machine learning models, such as RNNSs, achieving the goal of decreased data while
maintaining important information. One such option which is employed in the workflow for feature extraction is
Autoencoders. An autoencoder is an artificial neural network that learns to encode the input data into a lower-
dimensional space and subsequently decode it back into a reconstructed version. This decoded projection (latent
space) is treated as the extracted feature. This method finds very efficient application in learning non-linear
relationships that establish themselves in the data; this is very much the case in physiological signals, for instance,

glucose levels and heart rate. The equation for an autoencoder's operation is as follows:

2 = faecoder fencoder (X)) 3)
x represents the original input data (e.g., sensor readings or glucose values),
fencoder 1S the encoding function that maps the input data into a compressed feature representation (latent space),
faccoder 1S the decoding function that reconstructs the original data from the compressed features,

X is the reconstructed output.

3.4 Classification of using RNN

It is developed as a future smart healthcare framework concerning diabetes detection, which has proved one of
the best candidates for classification techniques trained with sequential data and temporal data. It carries in the
model its capability of memorizing (or hidden states) any information it receives as input earlier and generate,
thereby build up a temporary set of meta-parameter values for a such physiological signal which usually says the
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blood glucose levels, heart rate, alveolar glucose, and insulin activities of the patient measured over a time interval;
that is what a vast difference RNN has with feedforward neural networks. After pre-processing and feature
extraction through autoencoder, the trans-formation data is fed into RNNs which learn the pat-terns associated
with such diabetes presence/absence. Capturing the dependencies across several time steps, therefore, boosts the
prediction accuracy of RNNs and a more informed personalized decision-making diagnostic. : Much importance
and role in performing a classification task with sequential healthcare data are borne by RNN. This is especially
true for certain diseases like diabetes, where trends and patterns matter most in time. RNN keeps an internal hidden
state latched on to continuous timeframe input so that it can remember details from previous time steps. It is hence
always effective for time series data collection based on methods to take an input for 10T devices including glucose
monitors and wearable sensors. It is within this context where pre-processing has occurred, featured by
arrangement using an Autoencoder, and now gives to the RNN input to learn all temporal relations causing the
development or onset of diabetes. RNN as it has been conceptualized is a perfect model designed to operate on
the premise that input data will be provided in a sequential flowering method while each time step gives rise to
an internal hidden state carrying forward with its exercise the free continuous time frame. As a rule, RNN is well
well-suited to collect time-series data based on methods to take input from loT devices including glucose monitors
and wearable sensors. The pre-processing that takes place has caused arrangement of features via and now serves
to give the RNN inputs to learn all the temporal relationships causing either the progression or onset of diabetes.
Unlike traditional classifiers, it has been observed that RNN generally does a good job at modelling the temporal
dependencies, taking or more specifically patient related data such as glucose fluctuations or even insulin intake
patterns or activity levels. The model will learn the often minor yet overlooked aberrations and behaviours towards
sometimes behaving more as sequences. These can be linked to their quite many patterns to output classes like
"disease present" or maybe "not present", thus presenting RNNs as stronger models for making predictions for
observable but not invisible diabetes. This model therefore improves diagnostic enablement and earlier
intervention, thus suiting it to a very intelligent personalized healthcare system.

< Output Layer)

( Hidden Layer )

Input Layer

3.4.1 Input Layer (Sequential Data)

Figure 2: Classification of RNN

Function: Accepts a time-dependent sequence of data Examples: In NLP: word embeddings or tokens In
loT / Healthcare: time-stamped sensor readings (heart rate, temperature, etc.) Output: Inputs at time steps
X1,X2, X3, ) Xt

3.4.2 Recurrent Hidden Layer

Function: Processes current input and retains memory of past inputs via hidden states. Key Operation:
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ht = tanh(thxt + Whhht—l + bh) (4)

where: h; : hidden state at time, tx, : input at time t,W,;,, Wy, : weight matrices,b, : bias, Characteristic:
Feedback connections allow previous state h,_, to influence the current state.

3.4.30utput Layer

Function: Generates predictions based on the current hidden state. Types Many-to-One: One output after
processing the full sequence (e.g., sentiment classification),Many-to-Many: One output at each time step
(e.g., language translation)

Example
Ve = softmax(Whyht + by) (5)

Output: y, - general prediction (class, value, token, etc.)

3.5 Data Analytics, Exploration, and Visualization

Data Analytics, Exploration, and Visualization form crucial steps for decoding raw data to find patterns,
trends, and relationship valuables. Data Exploration covers tasks from computing descriptive statistics (mean,
variance) to finding anomalies. Visualization, on the other hand, is a process through which complex forms
of data are turned into graphical formats, charts, plots, etc., which are easy to interpret. For instance, the mean
(p) is a key statistic in data exploration, calculated as:

Iz =,11 i=1 Xi (6)

Where x; represents individual data points, and n is the total number of data points. In data visualization,
scatter plots are often used to examine the correlation between two variables. The correlation coefficient ( r )
between two variables x and y is calculated using the formula:

ey (=) (vi—py)

(@) r = >
JE, im0 S, (vimity)

()

Where p, and p,, are the means of x and y. This equation quantifies the strength and direction of the
relationship between two variables, providing essential insights for data-driven decision-making.

4. RESULTS AND DISCUSSION

The outcome of the proposed smart diabetes detection system has been evaluated by several deep learning
models, where performance evaluation involved metrics such as Mean Absolute Error (MAE), followed by
correlation visualization and user-level accuracy distribution. Among all models tested, the GRU gave an MAE
of 0.10, which was the least, followed by LSTM with an MAE of 0.12 and Vanilla RNN with an MAE of 0.18.
This suggests that the modern recurrent architectures are suited for predicting sequential health patterns.
Behavioural trends in glucose variation and weak correlation with activity level were evidenced by scatter and
line plots useful for personalization insights. Again, a violin plot of user-level prediction accuracy indicated that
Users 8-10 were more stable and accurate in their results compared with Users 1-4, emphasizing the necessity for
user-specific tuning. These results present compelling evidence for the efficacy of the system in aiding terms of
diagnostic accuracy and adaptive data-driven management of diabetes.

243



i ISSN 2347-3657
International Journal of

Information Technology & Computer Engineering Volume 9, Issue 1,2021

(I}V%?gn Absolute Error (MAE) Comparison Across Models
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Figure 3: Comparison Across model

This bar chart figure 3 shows the MAE performances of three deep learning models: Vanilla RNN,
LSTM, and GRU, within a smart diabetes care framework for prediction tasks. MAE means the performance
metric in terms of evaluation that shows how well continuous predictions are made; lower values indicate well
performance. The highest MAE among them is 0.18, having been achieved by Vanilla RNN, implying less
accurate prediction performance. LSTM achieves quite well with the MAE reduced to 0.12 and improved handling
of long-term dependencies in the sequential data. And GRU achieves the lowest MAE, recording 0.10, which
means that it is very effective in capturing care patterns through fewer parameters and better convergences. As
per this graph, it shows that modern recurrent architectures such as LSTM and GRU exceed standard RNN as far
as minimizing the prediction error is concerned, making them fit for time-series tasks like predicting blood glucose
trends or forecasting health states in diabetic patients.

Line Plot: Glucose Level Over Time Scatter Plot: Glucose vs Activity
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Figure 4: Glucose Level and Activity

The graphs shows that figure 4 described above relate mainly to the behaviour of glucose and some
insights into the relationship of glucose with physical activity in the individuals having 10T healthcare systems.
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The left-hand side line graph shows the fluctuations in glucose levels over some time while noting the
inconsistencies and possible spikes of glucose that may indicate a set risk for diabetes. Glucose levels are
compared with activity levels through this dot-like view on the right-hand side, showing low linear correlation
and indicating different possibilities of lifestyle effects on glucose regulation. Strong arguments are raised through
such ways for data-driven diagnostics and individualized risk assessment in smart diabetes care systems.
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Figure 5: Prediction Accuracy Distribution level

In the figure 5 violin plot distribution, we clearly show the shapes of 10 individual users concerning prediction
accuracy in the smart diabetes detection system. The violin indicates how the model performs consistently for that
particular user, considering the scores' spread and central tendency Users 1 to 4 tend to show slightly lower and
more varied accuracy, which tells about inconsistencies in their input data or how well they generalize the model.
In contrast, Users 8, 9, and 10 exhibit high and tightly clustered accuracy scores, indicating more stable and
reliable predictions. This varied illustration demands personalized modelling or adaptive tuning across the
different users to ensure any high prediction accuracy above all.

5. CONCLUSION AND FUTURE ENHANCEMENTS

The intelligent system herein, integrates data collection through the 1oTs and advanced machine learning, and
deep learning techniques, to offer a robust infrastructure for real-time personalized monitoring and diagnosis of
diabetes. That is, capturing the high-quality data from wearable devices, such as Continuous Glucose Monitors
(CGMs), fitness trackers, and using very strong pre-processing methods such as Z-score normalization and KNN
imputation, provide a basis for predictive modelling. Features extracted through autoencoders are classified using
Recurrent Neural Networks (RNNs) to consider temporal dependencies in diabetes data. The model's efficacy in
classifying diabetes presence is then validated through performance metrics and visualization for individual
insights. This flagged model can be further extended to include other data sources that could be environmental
factors and lifestyle data to improve model accuracy using Federated Learning techniques for data processing
dispersed, resulting in data privacy and real-time feedback systems for dynamic model retraining. Besides, it could
widen its impact on healthcare by adapting the system to monitor and predict different other chronic conditions.

REFERENCES

[1] Celesti, A., Ruggeri, A., Fazio, M., Galletta, A., Villari, M., & Romano, A. (2020). Blockchain-based
healthcare workflow for tele-medical laboratory in federated hospital 10T clouds. Sensors, 20(9), 2590.

[2] Mohanarangan, V. D (2020). Improving Security Control in Cloud Computing for Healthcare
Environments.Journal of Science and Technology, 5(6).

245



L% ) ISSN 2347-3657
o International Journal of

Information Technology & Computer Engineering Volume 9, Issue 1, 2021

[3] Ahad, A, Tahir, M., Aman Sheikh, M., Ahmed, K. I., Mughees, A., & Numani, A. (2020). Technologies
trend towards 5G network for smart health-care using 10T: A review. Sensors, 20(14), 4047.

[4] Ganesan, T. (2020). Machine learning-driven Al for financial fraud detection in IoT environments.
International Journal of HRM and Organizational Behavior, 8(4).

[5] Ray, P.P., Dash, D., Salah, K., & Kumar, N. (2020). Blockchain for loT-based healthcare: background,
consensus, platforms, and use cases. IEEE Systems Journal, 15(1), 85-94.

[6] Deevi, D. P. (2020). Improving patient data security and privacy in mobile health care: A structure
employing WBANS, multi-biometric key creation, and dynamic metadata rebuilding. International
Journal of Engineering Research & Science & Technology, 16(4).

[7] Rathee, G., Sharma, A., Saini, H., Kumar, R., & Igbal, R. (2020). A hybrid framework for multimedia
data processing in loT-healthcare using blockchain technology. Multimedia Tools and
Applications, 79(15), 9711-9733.

[8] Mohanarangan, V.D. (2020). Assessing Long-Term Serum Sample Viability for Cardiovascular Risk
Prediction in Rheumatoid Arthritis. International Journal of Information Technology & Computer
Engineering, 8(2), 2347-3657.

[9] Usak, M., Kubiatko, M., Shabbir, M. S., Viktorovna Dudnik, O., Jermsittiparsert, K., & Rajabion, L.
(2020). Health care service delivery based on the Internet of things: A systematic and comprehensive
study. International Journal of Communication Systems, 33(2), e4179.

[10] Koteswararao, D. (2020). Robust Software Testing for Distributed Systems Using Cloud Infrastructure,
Automated Fault Injection, and XML Scenarios. International Journal of Information Technology &
Computer Engineering, 8(2), ISSN 2347-3657.

[11] Narkhede, B. E., Raut, R. D., Narwane, V. S., & Gardas, B. B. (2020). Cloud computing in healthcare-a
vision, challenges and future directions. International Journal of Business Information Systems, 34(1),
1-39.

[12] Rajeswaran, A. (2020). Big Data Analytics and Demand-Information Sharing in ECommerce Supply
Chains: Mitigating Manufacturer Encroachment and Channel Conflict. International Journal of Applied
Science Engineering and Management, 14(2), ISSN2454-9940

[13] Croatti, A., Gabellini, M., Montagna, S., & Ricci, A. (2020). On the integration of agents and digital
twins in healthcare. Journal of Medical Systems, 44(9), 161.

[14] Alagarsundaram, P. (2020). Analyzing the covariance matrix approach for DDoS HTTP attack detection
in cloud environments. International Journal of Information Technology & Computer Engineering, 8(1).

[15] Tripathi, G., Abdul Ahad, M., & Paiva, S. (2020). Sms: A secure healthcare model for smart
cities. Electronics, 9(7), 1135.

[16] Poovendran, A. (2020). Implementing AES Encryption Algorithm to Enhance Data Security in Cloud
Computing. International Journal of Information technology & computer engineering, 8(2), |

[17]Gradim, L. C. C., José, M. A., da Cruz, D. M. C., & de Deus Lopes, R. (2020). loT services and
applications in rehabilitation: An interdisciplinary and meta-analysis review. IEEE Transactions on
Neural Systems and Rehabilitation Engineering, 28(9), 2043-2052.

[18] Sreekar, P. (2020). Cost-effective Cloud-Based Big Data Mining with K-means Clustering: An Analysis
of Gaussian Data. International Journal of Engineering &  Science  Research,
10(1), 229-249.

[19] Stavropoulos, T. G., Papastergiou, A., Mpaltadoros, L., Nikolopoulos, S., & Kompatsiaris, 1. (2020). loT
wearable sensors and devices in elderly care: A literature review. Sensors, 20(10), 2826.

[20] Karthikeyan, P. (2020). Real-Time Data Warehousing: Performance Insights of Semi-Stream Joins Using
Mongodb. International Journal of Management Research & Review, 10(4), 38-49

[21] Mrabet, H., Belguith, S., Alhomoud, A., & Jemai, A. (2020). A survey of 10T security based on a layered
architecture of sensing and data analysis. Sensors, 20(13), 3625.

[22] Mohan, R.S. (2020). Data-Driven Insights for Employee Retention: A Predictive Analytics Perspective.
International Journal of Management Research & Review, 10(2), 44-59.

[23] Al-Ogaili, A. S., Alhasan, A., Ramasamy, A., Marsadek, M. B., Hashim, T. J. T., Al-Sharaa, A., ... &
Audah, L. (2020). IoT technologies for tackling COVID-19 in Malaysia and worldwide: Challenges,
recommendations, and proposed framework. Computers, Materials & Continua, 66(2), 2141-2164.

[24] Sitaraman, S. R. (2020). Optimizing Healthcare Data Streams Using Real-Time Big Data Analytics and
Al Techniques. International Journal of Engineering Research and Science & Technology, 16(3), 9-22.

[25] Gardasevi¢, G., Katzis, K., Baji¢, D., & Berbakov, L. (2020). Emerging wireless sensor networks and
Internet of Things technologies—Foundations of smart healthcare. Sensors, 20(13), 3619.

[26]Panga, N. K. R. (2020). Leveraging heuristic sampling and ensemble learning for enhanced insurance
big data classification. International Journal of Financial Management (1JFM), 9(1).

246



L% ) ISSN 2347-3657
o International Journal of

Information Technology & Computer Engineering Volume 9, Issue 1, 2021

[27] Golinelli, D., Boetto, E., Carullo, G., Nuzzolese, A. G., Landini, M. P., & Fantini, M. P. (2020). Adoption
of digital technologies in health care during the COVID-19 pandemic: systematic review of early
scientific literature. Journal of medical Internet research, 22(11), e22280.

[28] Gudivaka, R. L. (2020). Robotic Process Automation meets Cloud Computing: A Framework for
Automated Scheduling in Social Robots. International Journal of Business and General Management
(IIBGM), 8(4), 49-62.

[29] Stamatellis, C., Papadopoulos, P., Pitropakis, N., Katsikas, S., & Buchanan, W. J. (2020). A privacy-
preserving healthcare framework using hyperledger fabric. Sensors, 20(22), 6587.

[30] Deevi, D. P. (2020). Artificial neural network enhanced real-time simulation of electric traction systems
incorporating electro-thermal inverter models and FEA. International Journal of Engineering and Science
Research, 10(3), 36-48.

[31]Adamu, A. A., Wang, D., Salau, A. O., & Ajayi, O. (2020). An integrated loT system pathway for smart
cities. International Journal on Emerging Technologies, 11(1), 1-9.

[32] Gudivaka, R. K. (2020). Robotic Process Automation Optimization in Cloud Computing Via Two-Tier
MAC and LYAPUNOV Techniques. International Journal of Business and General Management
(IBGM), 9(5), 75-92.

[33] Chehri, A., & Mouftah, H. T. (2020). Internet of Things-integrated IR-UWB technology for healthcare
applications. Concurrency and Computation: Practice and Experience, 32(2), e5454.

[34] Allur, N. S. (2020). Enhanced performance management in mobile networks: A big data framework
incorporating DBSCAN speed anomaly detection and CCR efficiency assessment. Journal of Current
Science, 8(4).

[35] Besher, K. M., Subah, Z., & Ali, M. Z. (2020). 10T sensor initiated healthcare data security. IEEE Sensors
Journal, 21(10), 11977-11982.

[36] Deevi, D. P. (2020). Real-time malware detection via adaptive gradient support vector regression
combined with LSTM and hidden Markov models. Journal of Science and Technology, 5(4).

[37] Sharma, A., Sarishma, Tomar, R., Chilamkurti, N., & Kim, B. G. (2020). Blockchain based smart
contracts for internet of medical things in e-healthcare. Electronics, 9(10), 16009.

[38] Dondapati, K. (2020). Integrating neural networks and heuristic methods in test case prioritization: A
machine learning perspective. International Journal of Engineering & Science Research, 10(3), 49-56.

[39] Mathew, O. C., Dhanapal, R., Visalakshi, P., Parthiban, K. G., & Karthik, S. (2020). Distributed security
model for remote healthcare (dsm-rh) services in internet of things environment. Journal of Medical
Imaging and Health Informatics, 10(1), 185-193.

[40] Gattupalli, K. (2020). Optimizing 3D printing materials for medical applications using Al, computational
tools, and directed energy deposition. International Journal of Modern Electronics and Communication
Engineering, 8(3).

[41]Evjen, T. A., Hosseini Raviz, S. R., Petersen, S. A., & Krogstie, J. (2020). Smart facility management:
Future healthcare organization through indoor positioning systems in the light of enterprise BIM. Smart
Cities, 3(3), 793-805.

[42] Dondapati, K. (2020). Leveraging backpropagation neural networks and generative adversarial networks
to enhance channel state information synthesis in millimeter-wave networks. International Journal of
Modern Electronics and Communication Engineering, 8(3), 81-90

[43] Satamraju, K. P. (2020). Proof of concept of scalable integration of internet of things and blockchain in
healthcare. Sensors, 20(5), 1389.

[44] Allur, N. S. (2020). Big data-driven agricultural supply chain management: Trustworthy scheduling
optimization with DSS and MILP techniques. Current Science & Humanities, 8(4), 1-16.

[45]Lee, 1. (2020). Internet of Things (IoT) cybersecurity: Literature review and loT cyber risk
management. Future internet, 12(9), 157.

[46] Narla, S., Valivarthi, D. T., & Peddi, S. (2020). Cloud computing with artificial intelligence techniques:
GWO-DBN hybrid algorithms for enhanced disease prediction in healthcare systems. Current Science &
Humanities, 8(1), 14-30.

[471Jamil, F., Ahmad, S., Igbal, N., & Kim, D. H. (2020). Towards a remote monitoring of patient vital signs
based on loT-based blockchain integrity management platforms in smart hospitals. Sensors, 20(8), 2195.

[48] Kethu, S. S. (2020). Al and loT-driven CRM with cloud computing: Intelligent frameworks and
empirical models for banking industry applications. International Journal of Modern Electronics and
Communication Engineering (IIMECE), 8(1), 54.

[49]Azzi, S., Gagnon, S., Ramirez, A., & Richards, G. (2020). Healthcare applications of artificial
intelligence and analytics: a review and proposed framework. Applied Sciences, 10(18), 6553.

[50] Vasamsetty, C. (2020). Clinical decision support systems and advanced data mining techniques for
cardiovascular care: Unveiling patterns and trends. International Journal of Modern Electronics and
Communication Engineering, 8(2).

247



L% ) ISSN 2347-3657
o International Journal of

Information Technology & Computer Engineering Volume 9, Issue 1, 2021

[51] Santos, G. L., Gomes, D., Kelner, J., Sadok, D., Silva, F. A., Endo, P. T., & Lynn, T. (2020). The internet
of things for healthcare: Optimising e-health system availability in the fog and cloud. International
Journal of Computational Science and Engineering, 21(4), 615-628.

[52] Kadiyala, B. (2020). Multi-swarm adaptive differential evolution and Gaussian Walk group search
optimization for secured loT data sharing using supersingular elliptic curve isogeny
cryptography, International Journal of Modern Electronics and Communication Engineering,8(3).

[53] Habibzadeh, H., Dinesh, K., Shishvan, O. R., Boggio-Dandry, A., Sharma, G., & Soyata, T. (2019). A
survey of healthcare Internet of Things (HIoT): A clinical perspective. IEEE Internet of Things
Journal, 7(1), 53-71.

[54] Valivarthi, D. T. (2020). Blockchain-powered Al-based secure HRM data management: Machine
learning-driven predictive control and sparse matrix decomposition techniques. International Journal of
Modern Electronics and Communication Engineering.8(4)

[55]Dang, L. M., Piran, M. J., Han, D., Min, K., & Moon, H. (2019). A survey on internet of things and cloud
computing for healthcare. Electronics, 8(7), 768.

[56]Jadon, R. (2020). Improving Al-driven software solutions with memory-augmented neural networks,
hierarchical multi-agent learning, and concept bottleneck models. International Journal of Information
Technology and Computer Engineering, 8(2).

[57]Naik, S., & Sudarshan, E. (2019). Smart healthcare monitoring system using raspberry Pi on loT
platform. ARPN Journal of Engineering and Applied Sciences, 14(4), 872-876.

[58] Boyapati, S. (2020). Assessing digital finance as a cloud path for income equality: Evidence from urban
and rural economies. International Journal of Modern Electronics and Communication Engineering
(IIMECE), 8(3).

[59] Albesher, A. A. (2019). IoT in health-care: recent advances in the development of smart cyber-physical
ubiquitous environments. IJCSNS, 19(2), 181.

[60] Gaius Yallamelli, A. R. (2020). A cloud-based financial data modeling system using GBDT, ALBERT,
and Firefly algorithm optimization for high-dimensional generative topographic mapping. International
Journal of Modern Electronics and Communication Engineering8(4).

[61] Khezr, S., Moniruzzaman, M., Yassine, A., & Benlamri, R. (2019). Blockchain technology in healthcare:
A comprehensive review and directions for future research. Applied sciences, 9(9), 1736.

[62] Yalla, R. K. M. K., Yallamelli, A. R. G., & Mamidala, V. (2020). Comprehensive approach for mobile
data security in cloud computing using RSA algorithm. Journal of Current Science & Humanities, 8(3).

[63] Shahidul Islam, M., Islam, M. T., Almutairi, A. F., Beng, G. K., Misran, N., & Amin, N. (2019).
Monitoring of the human body signal through the Internet of Things (IoT) based LoRa wireless network
system. Applied Sciences, 9(9), 1884.

[64] Samudrala, V. K. (2020). Al-powered anomaly detection for cross-cloud secure data sharing in multi-
cloud healthcare networks. Journal of Current Science & Humanities, 8(2), 11-22.

[65] Mumtaz, S., Al-Dulaimi, A., Frascolla, V., Hassan, S. A., & Dobre, O. A. (2019). Guest editorial special
issue on 5G and beyond—mobile technologies and applications for 1oT. IEEE Internet of Things
Journal, 6(1), 203-206.

[66] Ayyadurai, R. (2020). Smart surveillance methodology: Utilizing machine learning and Al with
blockchain for bitcoin transactions. World Journal of Advanced Engineering Technology and Sciences,
1(1), 110-120.

[67]Goyal, K. K., & Paray, A. H. (2019). A survey of different approaches of machine learning in healthcare
management system. International Journal of Advanced Networking and Applications, 11(3), 4270-
4276.

[68] Chauhan, G. S., & Jadon, R. (2020). Al and ML-powered CAPTCHA and advanced graphical passwords:
Integrating the DROP methodology, AES encryption, and neural network-based authentication for
enhanced security. World Journal of Advanced Engineering Technology and Sciences, 1(1), 121-132.

[69] Gayathri, N. B., Thumbur, G., Kumar, P. R., Rahman, M. Z. U., & Reddy, P. V. (2019). Efficient and
secure pairing-free certificateless aggregate signature scheme for healthcare wireless medical sensor
networks. IEEE Internet of Things Journal, 6(5), 9064-9075.

[70]Narla, S. (2020). Transforming smart environments with multi-tier cloud sensing, big data, and 5G
technology. International Journal of Computer Science Engineering Techniques, 5(1), 1-10.

[71]Yin, X. C., Liu, Z. G., Ndibanje, B., Nkenyereye, L., & Riazul Islam, S. M. (2019). An loT-based
anonymous function for security and privacy in healthcare sensor networks. Sensors, 19(14), 3146.

[72] Alavilli, S. K. (2020). Predicting heart failure with explainable deep learning using advanced temporal
convolutional networks. International Journal of Computer Science Engineering Techniques, 5(2).

248



