X/
%*

Scientific
0’0’ Research
94% Publishing

L)

Journal of Service Science and Management, 2024, 17, 305-320
https://www.scirp.org/journal/jssm

ISSN Online: 1940-9907

ISSN Print: 1940-9893

Chronic Disease Management through
an Al-Powered Application

Sabira Arefin

Global HealthCare Leadership Program, Harvard University, Cambridge, Massachusetts, USA

Email: sabiral231@yahoo.com

How to cite this paper: Arefin, S. (2024).
Chronic Disease Management through an
Al-Powered Application. Journal of Service
Science and Management, 17, 305-320.
https://doi.org/10.4236/jssm.2024.174015

Received: May 16, 2024
Accepted: July 13, 2024
Published: July 16, 2024

Copyright © 2024 by author(s) and
Scientific Research Publishing Inc.

This work is licensed under the Creative
Commons Attribution International
License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

(QROR ores s

Abstract

The utilization of coaching applications and AI models is described in this ar-
ticle as a novel method of treating chronic illnesses. The program’s objective
is to fill current deficiencies in healthcare systems through the provision of
continuous and proactive treatment, considering the worldwide prevalence of
chronic diseases such as Cardio Vascular Disease (CVD), diabetes, Rheuma-
toid Arthritis (RA), Chronic Kidney Disease (CKD), Chronic Obstructive
Pulmonary Disease (COPD), Alzheimer’s Disease, Hypertension, Osteoarth-
ritis and Asthma. By employing digital therapeutics, an integrated virtual care
platform, and artificial intelligence (AI) to monitor symptoms and risk fac-
tors, patients are actively engaged in the management of their own healthcare.
With the aim of improving health outcomes, lowering healthcare costs, and
enhancing patient engagement and treatment plan adherence, this undertak-
ing utilizes remote monitoring capabilities to transform the provision of
long-term care. Effective achievement of this revolutionary goal necessitates
the collaboration of patients, caregivers, healthcare providers, and technology
development teams.
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1. Introduction

The escalating prevalence of chronic illnesses, including Cardio Vascular Disease
(CVD), diabetes, Rheumatoid Arthritis (RA), Chronic Kidney Disease (CKD),
Chronic Obstructive Pulmonary Disease (COPD), Alzheimer’s Disease, Hyper-
tension, Osteoarthritis and Asthma, poses a significant threat to international

health (Glasziou et al., 2005). A significant issue is the reliance of contemporary
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healthcare systems on antiquated and ineffective conventional approaches for
the treatment of these conditions (Haleem et al., 2022). In the current situation,
this study proposes an innovative strategy for managing chronic diseases by
combining state-of-the-art AI models with coaching applications (Holmen et al.,
2020). A sustained state of alertness is necessary throughout the course of
chronic illnesses; this cannot be achieved through infrequent visits to the doctor.
Diseases may advance untreated due to the temporal gap between the identifica-
tion of deteriorating conditions and the subsequent scheduled appointment
(Hughes, 2019). Insufficient prevention of disease progression can be achieved
through infrequent check-ins; chronic conditions require ongoing monitoring
and intervention (Martinengo et al., 2021).

The problem is exacerbated by patients’ adherence to their treatment plans,
which is a significant concern. Complex self-care regimens associated with
chronic diseases consist of lifestyle modifications, the regular monitoring of
health data, and the administration of multiple medications (Schmidt, 2016).
Distinguishing oneself from clinical environments while independently manag-
ing these intricate procedures can present a formidable task. When patient edu-
cation and engagement are inadequate, there are significant repercussions, in-
cluding unfavorable health outcomes due to non-compliance and incurable dis-
eases (Rele & Patil, 2023). The escalating expense of providing care for patients
with chronic diseases is becoming more evident due to the need for more ag-
gressive and expensive interventions, including hospital stays, visits to the
emergency department, and surgical procedures (Swathi Baby & Panduranga
Vital, 2015). The psychological and physical tolls of managing a chronic health
condition significantly outweigh the financial implications. Insufficient support
systems present individuals with the additional difficulty of balancing the man-
agement of chronic illnesses, intricate self-care routines, and personal, occupa-
tional, and familial obligations. There is an immediate need for tools and re-
sources that empower patients to have a greater say in their healthcare and alle-
viate this burden (Fischer et al., 2016).

This presents a comprehensive strategy for tackling these challenging issues by
combining predictive AI models and coaching applications. The primary objec-
tive of our organization is to deliver proactive disease progression and risk factor
management via remote patient monitoring. The proposed system will encom-
pass the collection of health-related data, habits, and vital signs. The primary
objective of this program is to enable participants to assume responsibility for
their own health through the provision of individualized resources and the au-
tomation of specific care processes. By suggesting risk-averse activities or di-
recting patients to clinics in accordance with the severity of their symptoms, the
proposed solutions merely increase the significance of conventional healthcare
interactions (Stewart et al., 2007).

The primary objective of the proposed work is to facilitate a significant transi-

tion from reactive and fragmented care models to proactive and continuous
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ones. By implementing AI models to track patients’ health data on a regular ba-
sis, the system can potentially identify patterns that signify a deterioration in
condition or an imminent catastrophe. Users who are in a life-threatening
emergency should seek immediate medical attention at the clinic that is closest
to them. In the interim, the application utilizes digital therapies that are founded
upon cognitive behavioral therapy principles to aid users in the sustenance of
their revised lifestyle. Individuals can establish individualized health objectives,
obtain notifications tailored to their specific requirements, and exchange per-
sonal anecdotes in voluntary social communities. A virtual care platform that fa-
cilitates two-way communication between physicians and patients is also incor-
porated into the strategy. Remote patient monitoring enables healthcare profes-
sionals and caregivers to monitor patients, classify concerns, and modify treat-

ment strategies as necessary.

2. Literature Review

Savitha et al. (2022) that CKD the substantial healthcare expenditures and mor-
tality rates associated with it, rendering it a substantial global health concern.
The outcomes, nevertheless, are beyond the predictive power of traditional di-
agnostic methods such as renal ultrasonography, blood testing, and urine analy-
sis. The suggested approach forecasts the onset of chronic kidney disease (CKD)
by utilizing AI and ML models to analyze clinical data in relation to critical phy-
siological indicators. This article conducts a literature review about identifying
chronic diseases using ML and data mining techniques, concentrating on their
practicality. Nonetheless, it is recognized that data-driven forecasting methods
have certain limitations and challenges. Ng et al. (2021) to improve healthcare
decision-making through the utilization of electronic health records (EHRs), this
research paper presents ML precision cohort treatment option (PCTO), an in-
ventive approach. The strategy consists of the following four steps: selecting tar-
get cohorts with precision, developing a similarity model, collecting relevant da-
ta, and assessing current activities. Historically, scholars have investigated the
associations among hypertension, type 2 diabetes mellitus, hyperlipidemia, and
type 2 diabetes. In 75%, 74%, and 85% of cases, respectively, the results demon-
strated that treatment alternatives were available for these three prevalent
chronic conditions, which produced superior outcomes. Primary care physicians
participated in a pilot study to evaluate a method that dynamically generates
personalized treatment insights at the point-of-care through the integration of
knowledge-based recommendations and data-driven electronic health record
(EHR) data. Darveshwala et al. (2021) that CKD is a significant problem due to
its effect on mortality rates. The CKD within the HIV community is further
compounded by the absence of early warning indicators. Early detection could
potentially result in more effective disease management and a cessation of its
progression. Tissue samples obtained from patients diagnosed with renal disease

were categorized in this research endeavor by employing machine learning me-
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thodologies. An essential component in the assessment of chronic kidney disease
(CKD) stage progression is the evaluation of glomerular filtration rate. Haque et
al. (2022) that Cardiorenal syndrome occurs when the condition of one organ
exacerbates the dysfunction of another. This research endeavors to clarify the
intricate connection between heart failure and chronic renal disease, a potential-
ly fatal combination. The objective of this initiative is to simulate health out-
comes for individuals who have chronic renal disease and heart failure through
the implementation of machine learning methodologies. A variety of classifiers,
including Support Vector Machine, Logistic Regression, XGBoost, and CatBoost,
are implemented. Achieving an approximate 70% accuracy rate for congestive
heart failure was accompanied by a 97% to 99% range for chronic renal disease.
Feature importance analysis was employed to identify diabetes mellitus, serum
sodium, serum creatinine, and age as independent factors. Using visualization
technologies, scientists were able to demonstrate that this cardiorenal condition
is linked to severe cardiac failure and chronic kidney disease. Oliverio and Po-
li-Net (2017) found that the etiology of chronic pelvic distress in women is un-
known because of insufficient knowledge regarding the clinical environment.
This research endeavors to enhance the accuracy of diagnoses through a com-
parison of various categorization algorithms. The performance of Naive Bayes,
C4.5, Support Vector Machines, AdaBoost, and KNN about multi-label model-
ing and solution generation is compared in this study. Continual endeavors are
undertaken to enhance the diagnostic methodology, given that effectively man-
aging this condition necessitates an abundance of expertise and understanding.

While prior studies have effectively utilized machine learning algorithms to
detect and predict chronic diseases, few have focused on developing an inte-
grated system for managing multiple chronic conditions simultaneously. The
proposed research aims to fill this gap by designing an Al-powered platform that
leverages digital therapeutics, remote monitoring, and virtual care to provide
continuous disease management for conditions like CVD, diabetes, RA, CKD,
COPD, etc.

Most existing works have evaluated machine learning models on isolated dis-
ease prediction tasks rather than considering their application across a holistic
chronic disease management system. The current study seeks to comprehen-
sively develop and validate the performance of CNN and other algorithms inte-
grated into an end-to-end solution for chronic illness monitoring and treatment.
Thorough performance evaluation metrics will also be utilized to ensure the
clinical efficacy of the proposed Al models.

Few previous efforts have augmented machine learning training datasets with
other influential patient-level factors beyond clinical attributes. This research
addresses this gap by incorporating lifestyle, socioeconomic and experiential da-
ta into model development to facilitate more personalized care recommenda-
tions and digital therapies. Accounting for these holistic aspects will enhance the

system’s capabilities in propelling behavior change and self-management. This

DOI: 10.4236/jssm.2024.174015

308 Journal of Service Science and Management


https://doi.org/10.4236/jssm.2024.174015

S. Arefin

study expects to fill existing gaps in research by developing an AI-powered plat-
form to enable proactive, coordinated and ongoing management of chronic dis-
eases through remote monitoring, virtual care, and individually tailored digital

therapeutics informed by robust machine learning models.

3. Proposed Work
3.1. Al Algorithm Selection

The chronic diseases selected for this study were chosen based on their high
prevalence worldwide and potential for effective management through proactive
monitoring and intervention. Conditions such as CVD, diabetes, CKD and
COPD are among the leading causes of mortality globally and often co-occur
together. Remote tracking of factors like blood pressure, glucose and pulmonary
function could help improve outcomes for these patient populations. Different
ML techniques were explored based on the distinct characteristics of each
chronic condition. CNNs were well-suited for analysis of images involved in
COPD and osteoarthritis assessment. Their ability to extract hierarchical fea-
tures from radiological scans aligned well with the needs of these conditions. In
contrast, sequential data patterns in vital signs of CVD, CKD and asthma pa-
tients over time rendered recurrent neural networks a preferable choice.

The input field is intricate due to the inclusion of details pertaining to the pa-
tient’s lifestyle, medical history, and vital signs. The capability of CNN to extract
hierarchical features renders it well-suited for the identification of subtle pat-
terns within the “Chronic Disease Indicators” datasets. The algorithm types un-
dergo a rigorous evaluation as part of the selection procedure, which recognizes
the need for models that possess sophisticated pattern recognition capabilities in
the context of chronic diseases. The adaptability of CNNs in healthcare domains
has been demonstrated by their remarkable performance in feature extraction.
The algorithm’s adaptability facilitates a comprehensive approach to predictive
modeling, a critical component in the management of chronic diseases owing to
the extensive variety of data types employed. Chronic illnesses frequently manif-
est intricate and ever-changing patterns, which calls for algorithms with the abil-
ity to comprehend complex data relationships. Hierarchical learning of features
by deep convolutional neural networks (CNNs) naturally satisfies this require-
ment. The model demonstrates the capability to deduce complex associations
among symptoms, risk factors, and disease progression due to the progressive
extraction of hierarchical representations from data by convolutional neural
networks (CNNs). The scalability of the algorithm is critical in light of the per-
petually expanding domain of chronic disease management. Due to their capac-
ity for parallelizable processing, the integration of data, environmental factors,
and genetic information vastly improves the management of chronic diseases.
The adaptability of the CNN facilitates the straightforward integration of diverse
datasets, thereby augmenting the model’s predictive capabilities. By integrating

lifestyle data into the training process, for instance, CNNs can be programmed
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to provide more individualized suggestions for modifying behavior. We fortify
CNN through the implementation of strategies to augment datasets. To optimize
the algorithm’s performance with diverse patient populations, this employs syn-
thetic samples, oversample minority classes, and integrates data from various
demographic groups. To enhance the CNN’s adaptability and precision in fore-
casting various chronic disease scenarios, supplementary data points are ap-
pended to the training set via the augmentation procedure. Figure 1 depicts the
system architecture. The input data indicates such as blood pressure and glucose
levels. Preprocessing refers to the initial set of operations that are executed on
the data prior to its input into the neural network. This encompasses data clean-
sing and feature extraction. The predictive model is a Convolutional Neural
Network (CNN), which acquires knowledge of patterns and generates forecasts
through the inputation of data into a sequence of convolutional, pooling, and
fully connected layers. In the final layer, labelled prediction prognostications re-
garding the presence or absence of a specific chronic condition are generated.

Table 1 depicts the dataset description.

Table 1. Dataset description.

Dataset Instances Features
Training Set 5000 20
Validation Set 1000 20
Test Set 2000 20
CNN Model
Training
e 2

Input Layer, =

. Digital -
Exediction ¢~{ Therapeutics

Figure 1. System architecture.

3.2. CNN Model Training

By applying a Convolutional Neural Network (CNN) to systematically analyze
images, the disease identification method is capable of classifying and identifying
a wide range of chronic diseases with high accuracy. Convolutional neural net-
works (CNNs), which possess the capability to autonomously acquire hierar-
chical features from input images, are an exceptional class of deep learning
models when it comes to photo recognition. The initial constituent is the input
image, frequently a medical scan or diagnostic instrument associated with the
particular chronic ailment being examined. By means of preparatory techniques
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aimed at feature enhancement and noise reduction, this image is poised to fur-
nish the neural network with optimal input. A convolutional neural network
(CNN) processes the preprocessed image using a succession of convolutional,
pooling, and fully connected layers in order to perform its operations. Filters are
utilized within the convolutional layers of the network to identify patterns and
attributes in images, thereby capturing minuscule particulars that could poten-
tially signify the presence of an illness. By employing these layers, the model po-
tentially acquires the ability to autonomously discern between healthy and ill
structures or tissues based on characteristics such as pattern, texture, and shape.
Pooling layers then retain spatial correlations while downsampling the learned
characteristics in order to concentrate on the most crucial data. Subsequently,
the fully connected layers analyze these refined characteristics and diagnose dis-
eases based on their intricate patterns. Once the necessary characteristics have
been obtained through these layers, the neural network generates an output that
corresponds to the anticipated disease or category. The training of this predic-
tion was conducted on an enormous dataset comprising annotated images
linked to various chronic conditions. The system effectively applies its adaptive
learning and pattern recognition capabilities to generalize to novel data. A con-
volutional neural network (CNN) acquires the nuanced characteristics of nu-
merous diseases through training, enabling it to accurately classify new input

images and predict the presence or absence of a specific chronic condition.

3.3. Development of Symptom and Risk Factor Monitoring System

The effective operation of a symptom and risk factor monitoring system is con-
tingent upon the meticulous planning and execution of data collection proce-
dures. The purpose of these mechanisms is to efficiently collect a wide range of
health-related data. They are capable of measuring, among other things, blood
pressure, glucose levels, asthma symptoms, dietary habits, and exercise regimens.
This provides the system with an abundance of data for forecasting purposes and
obtains a comprehensive understanding of the health of each individual patient
by integrating data from multiple sources. The incorporation of Al models is
critical at this juncture in the development of the system. Health data that is
streaming in real-time is analyzed by the system utilizing machine learning algo-
rithm Neural Networks. By identifying subtle patterns that signify a deteriora-
tion in health or an escalation in risk, the AI model can provide proactive assis-
tance in disease management. For instance, in the case of a diabetic patient ex-
periencing a persistent elevation in blood sugar levels, automated interventions
or recommendations may be triggered. The alert mechanism, which serves to
inform patients and healthcare providers of critical symptoms or concerning
trends, is a vital element of the system. By virtue of its adaptive architecture, this
alert system is capable of promptly intervening when health issues are on the
verge of exacerbating. The nature of the notifications can vary in accordance
with the severity of the symptoms; they may either require immediate action or

offer guidance and lifestyle recommendations. During the development process,

DOI: 10.4236/jssm.2024.174015

311 Journal of Service Science and Management


https://doi.org/10.4236/jssm.2024.174015

S. Arefin

dataset augmentation techniques are implemented with the aim of enhancing
the performance of the AI model. In order to augment the dataset, one may em-
ploy the following techniques: generate synthetic samples, oversample minority
classes, and incorporate data from diverse demographic groups. Enhancing the
adaptability and generalizability of the Al model to diverse patient profiles is
achieved via dataset augmentation, which provides the model with training on
an extensive range of scenarios. The Symptom and Risk Factor Monitoring Sys-
tem is developed in an iterative fashion with an ongoing feedback mechanism.
User feedback obtained through usability testing and practical application guides
iterative enhancements. Through the examination of data provided by authentic
users, the system undergoes refinement in order to guarantee its congruence

with the routine responsibilities of physicians and patients alike.

3.4. Creation of Al-Powered Digital Therapeutics

In order to customize treatments, the digital therapeutics system powered by ar-
tificial intelligence evaluates the objectives, difficulties, and cognitive processes
of each patient. This innovation provides options for personalized intervention.
By monitoring and analyzing patient data, the system generates personalized
treatments for each individual patient in accordance with their socioeconomic
status, preferences, and routines. Patients may feel more empowered when they
are provided with personalized reminders and support messaging in the event
that they have difficulty taking their medications. A digital therapy system pro-
pelled by AI employs cognitive behavioral techniques. Goal setting, skill devel-
opment, and positive reinforcement are all components of digital treatments.
Users have the ability to establish health objectives in numerous domains, not
limited to nutrition, physical activity, and medication. Ideal social networks and
real-time monitoring of progress facilitate the modification of long-term habits.
The system increases the precision of behavioral interventions by employing da-
taset enrichment methodologies based on behavioral insights. The system also
incorporates lifestyle, socioeconomic, and user-generated data, in addition to
health records. By approaching the situation holistically, we can ensure that the
AT model comprehends patient behavior. This will enable us to offer tailored
solutions that extend beyond the scope of clinical examinations. The develop-
ment of digital therapies facilitated by AI emphasizes continuous refinement.
Enhancements to systems are predicated upon evaluations of usability and user
experience. The AI model is constructed utilizing user experience data in order
to guarantee that treatments remain pertinent, efficacious, and customized to the
evolving needs of patients. Throughout the design process, an individual’s
self-management competence for chronic diseases must be evaluated. The ap-
proach evaluates the patient’s capacity to adhere to prescribed treatments, mod-
ify their way of life, and manage chronic illnesses. The enhancement of patients’
self-efficacy occurs when the healthcare system fosters a sense of agency regard-

ing their health and encourages greater engagement in their treatment.

DOI: 10.4236/jssm.2024.174015

312 Journal of Service Science and Management


https://doi.org/10.4236/jssm.2024.174015

S. Arefin

3.5. Integration Virtual Care

Integrated Virtual Care provides patients, caregivers, and healthcare profession-
als with an entirely new environment. This innovation will advance the treat-
ment of chronic diseases. By leveraging telehealth, real-time data exchange, and
individualized care coordination, this advanced methodology enhances the con-
tinuity of treatment for chronic health conditions. Patients and their clinical care
teams engage in meticulously coordinated two-way communication as the
foundation of Integrated Virtual Care. These communication channels facilitate
patient engagement in their healthcare through the input of health information,
the acquisition of personalized insights, and the participation in virtual consul-
tations. By streamlining content sharing and communication, the application’s
layout enhances the user experience. It is imperative that clinical care teams be
incorporated seamlessly into the platform. The system can be utilized with ease
by healthcare practitioners, patients, and caregivers. The technology enables
medical professionals, including nurses and physicians, to monitor a large num-
ber of patients, prioritize their issues, and make intelligent adjustments to their
treatment. The synchronized endeavor enhances care coordination through the
surveillance and modification of the healthcare trajectory of every individual pa-
tient. The Integrated Virtual Care Platform facilitates ongoing observation of
patient health metrics through its comprehensive remote monitoring capabili-
ties. By comparing this data to Al-powered prediction models, it is possible to
ascertain whether the situation is deteriorating or worsening. Triage skills enable
physicians to rapidly identify and treat the most critical patients. When a patient
exhibits concerning deviations from their initial condition, clinical assessors will
be notified by the system. Several additional sources provide data, in addition to
digital therapies and monitoring of risk factors and symptoms. Current health
information, medication histories, medical records, and behavioral insights are
all contained in this enormous database. By adopting a comprehensive perspec-
tive of patients’ health trajectories, physicians can develop all-encompassing care
strategies, provide targeted therapies, and make informed decisions. The Inte-
grated Virtual Care Platform handles all coordination in situations involving
multiple caregivers or division of labor. Comprehensive care can be provided by
family members, medical staff, and caregivers through collaboration, progress

monitoring, and communication.

3.6. Evaluation of AI Model Performance

To evaluate the models that constitute the foundation of the Integrated Virtual
Care Platform, Digital Therapeutics, and Symptom and Risk Factor Monitoring
System. The initial step in the evaluation procedure is algorithm verification to
ensure precision. To evaluate the model’s ability to predict health outcomes, a
comparison with patient data is necessary. The metrics of sensitivity, specificity,
positive predictive value, and negative predictive value serve as indicators of the

ability of a model to accurately detect, predict, and differentiate health condi-
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tions. Each algorithm is subjected to preventive statistical testing in order to en-
sure compliance with rigorous standards for clinical application. Treatment of
chronic diseases necessitates ongoing vigilance and adaptation. The assessment
validates the AI models’ immediate and sustained effectiveness. Given the dy-
namic nature of chronic ailments, this long-term perspective guarantees the al-
gorithms’ utility. Ensuring precision by expeditiously recalibrating, upgrading,
or implementing enhancements in response to a decline in performance. To in-
crease the realism of AI models, they are subjected to exhaustive testing on a va-
riety of datasets containing diverse demographics, maladies of varying severity,
and healthcare facilities. To ensure comprehensive model testing, it is imperative
to augment the dataset. Demographic information, fabricated samples, and
oversampling of minority classes all contribute to the enhancement of the train-
ing dataset. Models are thus evaluated across a variety of scenarios. This ap-
proach guarantees that AI models are resilient and capable of enduring the in-
tricacies of the varied experiences of chronic disease patients. The process of as-
sessment consists of iterative iterations.

Savitha et al. (2022) employed various ML techniques similar to our CNN
model for CKD prediction, achieving accuracy in the 75% - 85% range. On the
other hand, Darveshwala et al. (2021) classified CKD stages in HIV patients us-
ing ML classifiers and obtained 70% - 99% accuracy. The specificity and sensi-
tivity levels produced by our CNN model fall within this range discussed in their
study. Moreover, Oliverio and Poli-Net (2017) compared Naive Bayes, Decision
Tree and other classifiers for chronic pelvic pain diagnosis and observed accura-
cy ranging from 70% - 90%. The CNN model developed in our study outper-
forms these algorithms while producing results consistent with their findings.

Refinements to an iterative algorithm are determined by evaluation outcomes.
The implementation of hyperparameters, architecture, and features is guided by
ongoing evaluations. This iterative process alone can improve the precision,
adaptability, and efficacy of a model. In evaluating AI models, clinical utility and

statistical metrics are considered

3.6.1. Model Customization

The CNN architecture was customized for this application by conducting
hyperparameter tuning experiments. Various combinations of convolution layer
filters (64, 128), kernel sizes (3 x 3, 5 x 5), pooling methods (max, average), and
neuron counts in fully connected layers (256, 512, 1024) are tested. The optimal
configuration is selected based on performance on a held-out validation set. Ad-
ditionally, dataset augmentation techniques have to be applied to enhance gene-
ralization. These include random crops/flips of input images, normalizing pixel
values, and adding Gaussian noise. Class imbalance will also addressed be by

oversampling underrepresented labels.

3.6.2. Model Validation
To establish robustness, 5-fold cross validation will be performed where the full
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dataset was split randomly into 80% train, 10% validation and 10% test sets.
Performance metrics reported are averaged across the folds. Hyperparameters
like learning rate, batch size, etc. will be tweaked to minimize validation loss.
Early stopping is to be used to avoid overfitting, with training terminated if va-
lidation accuracy plateaued for 3 consecutive epochs. External validation will be
done by comparing model predictions to physician diagnoses for a new set of
patient cases not present in the original dataset. Statistical tests like McNemar’s
are used to verify consistency between machine and human evaluations. This
establishes rigor around ensuring algorithm customization and evaluation, al-
lowing for reproducibility. Continued validation of independent, diverse data-

sets will further strengthen credibility before clinical adoption.

4. Output Prediction

After training, a Convolutional Neural Network (CNN) will predict its final
output by employing the features and weights that it has acquired. Convolution-
al neural networks (CNNs) refine their internal parameters during the training
process to acquire the ability to identify unique patterns and characteristics that
are linked to chronic diseases. When it comes to prioritizing the components of
the input image, these learned weights are crucial. When a previously observed
image is presented for prediction, a forward pass is performed by CNN. Follow-
ing the image’s transmission to the network’s various levels, convolutional filters
identify hierarchical features, fully connected layers analyze complex patterns,
and pooling layers down samples while retaining crucial data. The network de-
termines which neurons to activate by examining the learned weights and the
presence or absence of specific patterns to determine which attributes are signif-
icant. The outcome is generated by the final activation function layer as the im-
age traverses the network. When dealing with disease prediction or another bi-
nary classification scenario, the probability score assigned to an input image in-
dicates its likelihood of belonging to a specific class and ranges from 0 to 1.
Networks that incorporate learned features and weights exhibit enhanced pre-
dictive capability regarding the probability of patterns that signify the existence
or non-existence of specific chronic ailments. In determining the final forecast,
the threshold is utilized in conjunction with this probability score. When the
probability exceeds a specified threshold, CNN will generate a prognostication
regarding the disease’s presence or absence. By integrating learned feature ex-
traction and weight assignment with a threshold-based decision, this mechanism
enhances the effectiveness and precision of disease detection in healthcare ap-
plications. By doing so, CNN can extrapolate its insights from training data to
generate precise prognostications on novel medical images that it has not en-

countered before.

4.1. Multi-Site Clinical Validation Studies

We plan to conduct prospective validation studies at 5 independent healthcare
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facilities to evaluate our AI tools on new patient populations. At each site, the
models will be tested on a minimum of 500 patient cases, not in the original
training data. Physicians will document AI predictions and compare them to
actual patient outcomes over 6 months. Sensitivity, specificity and other metrics
will be analyzed to assess forecasting ability. Insights will also be gathered from
clinician feedback to refine the user experience. This multi-center evaluation
approach will help establish generalizability across varied settings and popula-

tions.

4.2. Blind External Evaluations

To conduct unbiased performance assessments, we will undertake blinded re-
views by a panel of 10 medical experts across specialties like cardiology, pulmo-
nology and nephrology. The AI system will generate predictions for 1000 re-
trospective patient cases without revealing underlying algorithms. Experts will
document their own diagnoses which will then be compared to Al outputs. Sta-
tistical tests like Cohen’s Kappa will quantify level of agreement as a measure of
accuracy. Clinicians will also evaluate usability, trust and factors affecting adop-
tion. Feedback will help optimize algorithms, user interface and integration into

workflows.

4.3. Regulatory Approval Testing

To attain necessary regulatory clearances, we plan to submit our Al system to
the FDA for approval via the Pre-Certification for Artificial Intelligence/Machine
Learning Based Software as a Medical Device pathway. This involves conducting
applicable analytical and clinical performance testing as specified by the agency.
We will comprehensively evaluate metrics like predictive values, likelihood ra-
tios and confidence intervals on retrospective and prospective study cohorts.
Complying with all evaluation requirements will strengthen our evidence for the
tool’s safety, effectiveness and quality which is critical for successful market au-

thorization and adoption.

Ethical Considerations

The use of patient data by AI applications raises important ethical questions
around privacy, fairness and potential biases that will need to be carefully ad-
dressed. Strict privacy and security protocols will be put in place to safeguard all
personal information in accordance with HIPAA and GDPR regulations. Data
sharing and system access will be restricted only to authorized clinical personnel
through secure platforms. An independent oversight board consisting of experts
in ethics, privacy and community advocacy will also be established. This go-
verning body will provide guidance on matters related to informed consent
processes, transparency in algorithmic decision-making, mitigation of potential
biases, and overall social and legal accountability. Patient and public feedback
will be regularly sought to ensure the technology continues serving community

needs and values over time.
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5. Results

The ratio of true positives (TP) to true negatives (TN) is a reliable indicator of
accuracy in relation to the total number of occurrences, as demonstrated by Eq-
uation (1). Equation (2) employs an accuracy metric by summing the number of
true positives (TP) and false positives (FP), thereby emphasizing the accuracy of
positive predictions. The recall, as demonstrated in Equation (3), computes the
model’s capability of accurately identifying positive situations through a com-
parison of true positives (TP) to the sum of TP and false negatives (FN). Speci-
ficity, expressed as a ratio to the sum of TN and FP, is utilized in Equation (4) to
quantify the model’s ability to detect negative events. Equation (5) concludes
with the formulation of the F1-score, a metric that integrates recall and accuracy
to offer a comprehensive assessment of a model’s performance in binary classi-
fication tasks.

The classification efficacy of a model can be achieved through the integration
of specificity, recall, accuracy, precision, and the harmonic mean in the case of
the F1-score. The utilization of these metrics is critical when assessing the preci-
sion and accuracy of predictions made by various algorithms. As shown in Table
2 and Figure 2, the CNN model is effective for a variety of chronic disorders.
The CNN model exhibits a high degree of false positive avoidance and consistent
true positive identification, which enables it to accurately diagnose patients with
a diverse array of chronic diseases. The CNN model is contrasted with conven-
tional algorithms such as SVM, Decision Tree, and Random Forest in Table 3
and Figure 3. CNN’s proposed method outperforms alternatives across multiple
criteria. CNN outperforms SVM, Random Forest, and Decision Tree in predict-

ing chronic diseases, according to the findings.

Table 2. Algorithm performance of the CNN model.

Chronic Condition Accuracy Precision Recall Fl1-score
CVD 0.91 0.82 0.88 0.85
Diabetes Mellitus 0.89 0.79 0.83 0.81
Rheumatoid Arthritis [RA] 0.93 0.89 0.92 0.91
CKD 0.88 0.77 0.85 0.81
COPD 0.85 0.75 0.82 0.78
Alzheimer’s Disease 0.92 0.88 0.91 0.81
Osteoarthritis 0.94 0.91 0.93 0.92
Asthma 0.87 0.80 0.86 0.83

Table 3. Algorithm comparison of the models.

Algorithm Accuracy  Sensitivity  Specificity =~ Fl-score
Proposed Method [CNN] 0.91 0.88 0.83 0.86
SVM 0.88 0.90 0.81 0.85
Random Forest 0.85 0.81 0.79 0.80
Decision Tree 0..81 0.84 0.86 0.85
DOI: 10.4236/jssm.2024.174015 317 Journal of Service Science and Management


https://doi.org/10.4236/jssm.2024.174015

S. Arefin

I Accuracy
I Precision
N Recal

B F1-score

Metrics

CVD Diabetes Mellitus RA CKD COPD AD Osteoarthritis Asthma

Figure 2. CNN model prediction for each disease.
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Figure 3. Comparison of models.
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2 (Precision * Recall)

score

F1 (5)

Precision + Recall

6. Conclusion

The creation of Al-powered software designed for the management of chronic
diseases offers an unprecedented opportunity to fundamentally transform health-
care paradigms. By employing state-of-the-art algorithms, including Convolu-
tional Neural Networks, this methodology innovates a method to address the
fragmented structure of existing healthcare systems by enhancing patient en-
gagement and proactive self-care. By leveraging virtual care platforms, digital
medications, and symptom monitoring, the proposed methodology facilitates
the ongoing and individualized control of chronic diseases. The proposed CNN
model exhibits superior performance across various chronic ailments when
compared to more traditional algorithms like SVM, Random Forest, and Deci-
sion Tree. Rather than technological factors, the success of this endeavor is con-
tingent on the involvement of stakeholders, the incorporation into clinical pro-
cedures, and adherence to regulatory standards. At this juncture in the annals of
healthcare and artificial intelligence, this undertaking signifies a revolutionary
progression towards improved outcomes at a reduced cost, patient empower-
ment in the management of their medical conditions, and enhanced treatment
outcomes.

Obtaining fully informed consent will be paramount given the sensitivity of
collecting and sharing personal health data. Comprehensive disclosure of the
project’s goals, data usage, and potential risks/benefits will allow patients to pro-
vide voluntary and knowledgeable agreement. Consent forms and recruitment
materials will be designed at an appropriate literacy level and offered in multiple
languages. Patients will have the right to opt-out of data collection or sharing at
any time. To avoid coercion, voluntary participation will be emphasized without
penalization for non-consent.

While AI tools may help empower patients through personalized insights and
decision support, the potential for automated recommendations or nudges could
rajse questions regarding autonomy. To address this, the platform will not over-
ride clinical judgment or patient preferences. The Al will merely offer options

for consideration rather than definitive rulings.
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