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With the rapid development of Artificial Intelligence (Al) technology, the prospect of Al
application in the healthcare industry is becoming more and more extensive, especially the
potential in medical decision support systems (DSS) is becoming more and more obvious.
Al technology can help doctors to quickly diagnose diseases, assess risks and provide
personalised treatment plans through the in-depth analysis of large amounts of medical
data. However, the application of Al in medical decision-making still faces many
challenges, including data quality, model interpretability, privacy protection, and other
issues. The aim of this paper is to design and build an Al-based healthcare decision support
system (AI-HCDS) to enhance the system's performance in disease diagnosis, risk
prediction, and personalised treatment through the integration of multiple Al techniques
(e.g., machine learning, deep learning, and natural language processing). In this study, I
first collected and preprocessed medical data, used multiple AI models for training, and
finally constructed an efficient and accurate medical decision support system. Through
experimental analysis, the system shows high accuracy and stability in multi-task learning,
and is able to provide powerful decision support for doctors and customise personalised
treatment plans for patients. Finally, this paper discusses the advantages and challenges of
Al in medical decision-making, and proposes future development directions and
optimisation solutions.
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1 Introduction

1.1 Background and Significance of the Study

With the rapid development of Artificial Intelligence (AI) technology, its application in
various fields has gradually penetrated, especially in the healthcare industry, where the
potential of Al has received widespread attention and in-depth research. The healthcare
industry faces numerous challenges, including complex disease diagnosis, diverse treatment
options to choose from, and huge patient data management. Against this backdrop, Al,
especially machine learning and deep learning technologies, has become a powerful tool for
solving these problems. By analysing a large amount of medical data, Al systems can help
doctors to quickly diagnose and predict diseases, as well as provide personalised treatment
options for patients. Therefore, the application of Al in medical decision support systems
(DSS) can not only improve diagnostic efficiency, but also reduce medical costs, improve
treatment effects, and ultimately achieve precision medicine. However, despite the broad
application prospect of Al in healthcare, the current implementation of Al technology in
medical decision-making still faces some challenges, including the quality of data and
privacy protection issues, the interpretability of models, and the acceptance of medical staff.
Therefore, it is of great academic and practical significance to study and improve the
application of Al in medical decision support systems, which not only promotes the progress
of Al technology, but also provides the theoretical basis and technical support for the

intelligent transformation of the medical industry.

1.2 Research Objectives and Problems

The aim of this research is to build an Al-based healthcare decision support system (Al-
HCDS) that provides accurate disease diagnosis, risk assessment and personalised treatment
plans by analysing multiple types of medical data (e.g., electronic medical records, imaging

data, and genomic data) from patients. Specific research objectives are as follows:

e How can a medical decision support system be designed and built using multiple Al

technologies (e.g., machine learning, deep learning, NLP)?



e How can Al models be optimised to improve performance in disease diagnosis and
risk assessment?

e What is the potential of Al in generating personalised treatment plans for patients?

e What are the key challenges related to data privacy, interpretability, and practitioner

acceptance in Al-based healthcare systems?

By addressing these issues, this study aims to provide technical solutions for a wider
application of Al in healthcare and contribute to the development of future medical decision

support systems.

1.3 Research Methods and Technical Routes

The following methods and technical routes are used in this study:

Data collection and pre-processing: collect publicly available medical datasets, such as
MIMIC-III and datasets from Kaggle, which include electronic health records (EHRs),
medical images, and genomic data. Cleaning and processing of data, including data

normalisation, missing value filling and data enhancement.

Model selection and training: A variety of machine learning and deep learning models (e.g.,
support vector machine, decision tree, convolutional neural network.) are used for model
training, and techniques such as cross-validation and hyper-parameter optimisation are used

to improve the accuracy and generalisation of the models.

Risk assessment and decision support: Based on patients' multiple health indicators (e.g.,
blood glucose, blood pressure.), construct risk assessment models and generate personalised

health risk assessment reports for different patients.

System development and implementation: The front-end display module of the system is
constructed through the Flask technology framework, enabling doctors to intuitively view

the prediction results and recommendations of the Al model and interact with patients.

The whole research process, from data collection to model training to system implementation,
follows the data-driven Al development methodology, and improves the practical

application of the system through iterative optimisation.



2 Literature Review

To review the development of Al applications in the healthcare industry, especially the
research progress in healthcare decision support systems, and to analyse the application of
machine learning, deep learning and natural language processing techniques in healthcare

decision making.

2.1 Development of Artificial Intelligence in the Healthcare Industry

With the rapid development of artificial intelligence (Al) technologies, Al has gradually
penetrated various areas within the medical field, such as medical imaging recognition,
disease prediction, diagnostic support, and personalized treatment. Vicente et al. pointed out
that Al systems might inadvertently transfer systematic biases to medical students during
training, indicating that Al is not merely an assisting tool but also influences the learning

and decision-making behaviors of healthcare professionals [1].

In prosthodontics, Schwendicke et al. systematically analyzed the applications of Al in
denture design and dental restoration, emphasizing that Al enhances treatment efficiency
and precision [2]. Krishnamoorthy proposed a privacy protection method through latent-
space projection to enable data obfuscation, allowing AI applications in medical and
financial diagnostics to balance privacy with performance [3]. Khan et al. presented a secure
encryption framework combining blockchain and Al, suitable for dual requirements of data

privacy and intelligent retrieval within medical IoT systems [4].

Mabhajan and Powell noted that although general-purpose medical Al demonstrates cross-
disciplinary capabilities, incomplete clinical reimbursement mechanisms restrict its
widespread practical adoption [5]. Ning Jiayan and Liu Xiangmin reported on Amazon Web
Services' Al medical solutions targeted at special-needs children, illustrating AI’s movement

toward more refined and personalized directions [6].

Zhang Jundong et al. explored large-model-based Al question-answering systems within
medical triage scenarios, highlighting their significant potential in dynamically responding

to user needs and assisting decision-making processes [7]. Meng Jiaoyan emphasized that



the integration of data and Al is akin to "left and right hands," with their synergy necessary

to elevate intelligence levels in healthcare services [8].

2.2 Research Progress on Existing Medical Decision Support Systems (DSS)

Medical Decision Support Systems (DSS), serving as essential tools to assist physicians in
diagnosis, are gradually transitioning from rule-based systems to learning-based systems
driven by Al technologies. Gong Youtong et al. validated the efficiency improvement
brought by Al-based image recognition technology in laboratory data analysis through their
research on automatic colony counting instruments, providing solid support for DSS

construction [9].

Kan Yuchang proposed a deep learning-based diabetic retinopathy grading algorithm,
significantly enhancing image interpretation accuracy, making it suitable for ophthalmologic
image diagnostic modules within DSS [10]. Hu Jing applied Al for early disease detection
in ophthalmic images, integrating it into the DSS framework, allowing Al to identify

potential lesions earlier and thus improving screening efficiency [11].

Hao Pengfei et al. introduced denoising diffusion probabilistic models into medical image
enhancement, effectively improving Al performance in image data augmentation, and
providing technical support to increase the robustness of DSS [12]. Huang Gang developed
an intelligent medical imaging system targeting primary healthcare settings, offering a

feasible solution for deploying DSS in resource-limited regions [13].

Zhang Jianfei and Tan Kaixi explored the integration of Al and other frontier technologies
(such as the metaverse) under the "Meta-Medical" concept, showcasing trends toward future
convergence in medical DSS [14]. Li Man further pointed out that combining Al with VR
could reconstruct medical imaging interactions, potentially enhancing visualization and user

experience in DSS systems [15].

Zhang Xinyi noted that the synergy of 5G and Al promotes the integration of IoT in
healthcare, helping DSS achieve real-time data acquisition and processing across multiple
terminals, thereby elevating its intelligence level [16]. Bai Yanming analyzed the
foundational role of big data and computer technologies in medical data processing,

emphasizing these technologies as the basis for building Al-driven DSS [17].



2.3 Machine Learning, Deep Learning and NLP in Healthcare Decision Making

Machine Learning (ML), Deep Learning (DL), and Natural Language Processing (NLP) are
currently the most widely applied Al technologies in medical decision support. Machine
learning is particularly suitable for analysing medical data, as it can identify disease patterns
from extensive historical case data, thus supporting disease prediction. Deep learning,
through multilayer neural networks, can automatically learn features, demonstrating
remarkable effectiveness, especially in medical imaging and genomic data analysis. For
instance, Convolutional Neural Networks (CNNs) have become the most commonly used
deep learning model in medical imaging analysis due to their effectiveness in accurately
identifying lesion areas in medical images. NLP, on the other hand, shows unique advantages
in handling clinical records, medical literature, and physician notes. By analyzing medical
text data, NLP can extract valuable information, aiding clinical diagnosis, patient
management, and medical literature retrieval. Therefore, the integration of these
technologies allows Al systems to provide more accurate and comprehensive support for

medical decision-making.

2.4 Innovations and Contributions

This study is innovative in creating a hybrid system that works on multiple levels through
Al technologies. Based on the traditional medical decision support system, this study
combines advanced technologies such as machine learning, deep learning, and natural
language processing so that the system is able to automatically process multiple types of
medical data, such as image data, genetic data, and medical record information. In addition,
this study innovatively proposes a personalised treatment plan generation method based on
a risk assessment model, which recommends a tailor-made treatment plan for each patient
by comprehensively analysing the patient's health data. In addition, the study optimises the
predictive capability of the model through integrated learning, which improves the
performance and accuracy of the model in various complex scenarios. The contribution of

this study lies not only in the application and innovation of the technology, but also in
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providing a new theoretical framework and practical experience for the intelligence of
medical decision support systems, which promotes the widespread application of Al

technology in the healthcare industry.
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3 Research Methodology and Technical Framework

Research methodology and technical framework: detailing the technical route of this
research, including data collection and pre-processing, model selection and training, risk

assessment methodology and system implementation.

3.1 Research Framework and Process

The purpose of this study is to establish an Artificial Intelligence-based Healthcare Decision
Support System (AI-HCDS) that can utilize the patient data retrieved to analyze and assist
the medical practitioners in the process of making more accurate diagnostic and therapeutic
decisions. The research framework includes five essential stages: data collection, data

preprocessing, model training, model evaluation, and result presentation.

As the first step, data collection involves the acquisition of various kinds of data from the
medical records and images of public databases, including electronic health data (EHR),
medical imaging data, genomic data. Data structures that enable different data sources to be
present so the model can learn features from each data dimension and provide a
comprehensive medical decision-making channel are the result of this. The sequence of data
has been changed, and data cleaning, missing value processing, and normalization are parts
of data preprocessing which extensively cover a range of aims. It is worth noting that the
whole process is carried out to change the nature of the raw data and to ensure that the final

data will be a proper choice for model training.

Then, Al models that are most suitable for the task of medical decision-making will be
carefully trained and selected. The utilization of distinct algorithms for various data types
such as traditional machine learning models (e.g., random forests, support vector machines)
and deep learning models (e.g., convolutional neural networks) are for structured and image
data respectively. Those trained models are planned to make an evaluation using a test
dataset, and the key metrics include accuracy, recall, AUC, F1-score, and precision, which
demonstrate whether the models can perform effectively under real healthcare decision-

making conditions.



12

Lastly, the study will provide visual exploratory analyses to show the predictive results of
Al models by helping medical doctors with quick understanding of the origins of model-
based decisions and thereby making more informed decisions. The research framework's
goal is to create a dynamic relationship between Al and medical decision-making and thus

foster progress in the medical field.

3.1.1 Data collection

Data collection is the primary step for the development of a decision support system in the
medical field. A series of steps involved in building it, collected multiple data sources for
this case such as electronic health records (EHR), medical images, and genomic data to
ensure the trustworthiness and veracity of the Al model. EHR data through basic patient
demographics history, treatment records, and laboratory results are a kind of data which can
prove suitable for the execution of many health care strategies and personalized treatment

plans predictions.

Medical images are examples of imaging data that include CT, MRI, and X-ray images. They
are invaluable in diagnosis. The Al programs can not only identify the affected parts of an
image by the analysis of medical images but also be of great help to the doctors in case of
the disease diagnosis. Utilization of the Convolutional Neural Networks (CNNs) in medical

imaging has been seen to be effective for the detection of tumors, lesion analysis.

Genomic data, passed down from patients, helps in identifying diseases and supports the
development of personalized therapies. An Al model capable of reading a person's genes is
able to do forecasting about the diseases that the person might have as well as infer the
appropriate drugs which may be used and which may not be even before they show real signs

of the disease. This is highly relevant for precision medicine.

Such a combination of data sources, therefore, allows Al decision support systems reaching
an insight into a patient's health status and doing multi-level analysis, thus making decision
precision and efficiency much higher. This combination can give a detailed view of a
patients' health and can support the model analysis in making the disease condition well over

multiple fields.
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3.1.2 Data preprocessing

Data preprocessing is the first and foremost thing to the success of AI models in terms of
training and prediction. When it comes to healthcare data, the reason that makes it so difficult
to work with is the variety and the complicated nature of the sources. You may have to deal
with stuff like Noisy, Missing values, and Inconsistent data when you want to preprocess the
data, in other words, you are “cleaning” your data. While removing interfering information,

data preprocessing also aims to establish a better model for the training data.

The first step is to clean EHR data. Often raw data is consisted of repetitions, disordered,
inaccurate, or incomplete records which cause the model to operate incorrectly. Extraction
of not useful the additional effective necessary information, taking care of missing values,
and formatting errors correction are parts of the data cleaning process. To ensure data

integrity, methods such as interpolation or mean padding are used to fill the missing data.

Furthermore, using mean value and interpolation methods can replace missing values in the
data, and normalizing or scaling the data also helps to remove disparity in the magnitude of
the features. Not only will variables like age, fasting blood sugar, and blood pressure have
different values, but also they will have different impacts on the model. For example, the
inconvenience caused by the differences in magnitudes of different features on the model

due to standardization can be the abolition of one.

For categorical data (e.g., disease type, gender, age.), coding is required to convert string-
type variables to numeric variables to ensure that they can be processed by machine learning
algorithms. Data preprocessing, as a set of several steps, facilitates a data format
transformation for model training, which, in its turn, is beneficial for the data as well as for

the model.

3.1.3 Model training and evaluation

In this study, a variety of machine learning and deep learning algorithms are used to train
the core model of the medical decision support system. For structured data in electronic
medical records, classical machine learning algorithms such as Support Vector Machine

(SVM), Random Forest and Logistic Regression are used, which have been shown to have
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high accuracy and good interpretability in classification tasks. While for natural language
data, recurrent neural network (RNN) is the preferred deep learning method, on the other
hand, Convolutional Neural Network (CNN) in deep learning is used in the case of medical
image data. CNN has much better capability in processing image data and automatically
extracting features and thus, CNN is applied in tasks like image classification and object

detection predominantly.

As for the training process, Cross-Validation is used besides the fact that it is one of these
processes that is used for the purpose of model's quality improvement together with other
processes that are used to prevent the phenomenon of over-fitting. In the training phase, both
Grid Search and Random Search are the hyperparameter tuning methods which are

frequently employed in the iterative process of hyperparameter optimization.

When a model is to be evaluated, several key metrics are used, including accuracy, recall,
precision, and Fl-score. These metrics assess the model’s performance from different
perspectives. Accuracy reflects the overall correctness of predictions; precision indicates the
proportion of true positives among all positive predictions; recall measures the model’s
ability to identify all actual positives; and F1-score provides a harmonic mean of precision
and recall, which is particularly useful for imbalanced datasets. In addition, the Area Under
the Curve (AUC) and the Receiver Operating Characteristic (ROC) curve are commonly
employed to evaluate classification performance across different threshold settings, offering
a threshold-independent perspective. These evaluation metrics are widely recognized in

machine learning and medical Al research [18][19].

3.2 Data sources and pre-processing

The data sources for this study rely mainly on publicly available medical datasets, including
electronic health records (EHR), medical imaging data, and genomic data. These datasets
provide a wealth of patient information covering different disease types, basic patient
information (e.g., age, gender, weight.), physiological indicators (e.g., blood pressure, heart
rate, blood glucose.), and medical images. The diversity of data sources enables the system

to analyse and predict the health status of patients in a more comprehensive way.
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Electronic health record (EHR) or electronic medical record (EMR) data is a set of data that
includes patient demographics records, diagnostic information, admission records,
prescriptions, and laboratory tests. These types of information could give not only the
medical practitioner disease treatment options to resurface but also become a source of
information technology to aid in the diagnosis, prevention, and tracking of disease trends in

a population of patients.

3.3 Al model selection and optimisation

In this study, multiple machine learning and deep learning algorithms are used to combine
the characteristics of different data types in order to obtain the best prediction results. For
structured data (e.g., numerical and categorical data from electronic medical records),
traditional machine learning algorithms such as Random Forest, Support Vector Machine
(SVM), and Logistic Regression are used. For medical imaging data, deep learning models
such as Convolutional Neural Networks (CNN) are used to extract image features for

classification and diagnosis prediction

3.3.1 Machine learning model selection

For structured data, classical machine learning algorithms such as Support Vector Machine
(SVM), Random Forest and Logistic Regression are selected in this study. These algorithms
are suitable for processing data with different feature types, such as continuous numerical
data and categorical data. SVM is widely used in medical diagnosis for its efficient
classification ability and good generalisation performance, especially for classification of
high-dimensional datasets. Random Forest is an integrated learning method that improves
the accuracy and stability of the model by constructing multiple decision trees, especially
for datasets with noise and missing values. Logistic regression, on the other hand, is suitable
for binary classification problems and is widely used for disease prediction and risk

assessment.

On the other hand, for structured data, classical machine learning algorithms including
Support Vector Machine (SVM), Random Forest, and Logistic Regression were applied due

to their robust performance in medical diagnosis tasks. These algorithms handle various
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types of features such as continuous numerical data and categorical data. SVM is particularly
effective for high-dimensional classification problems and offers strong generalization
ability. Random Forest, as an ensemble method, enhances model accuracy and stability by
aggregating multiple decision trees, making it suitable for noisy and incomplete clinical data.
Logistic Regression remains a standard choice for binary classification tasks such as disease
prediction and risk estimation. These methods have been widely applied in healthcare
domains, especially for cancer prognosis, cardiovascular risk prediction, and clinical

decision support [20].

3.3.2 Deep Learning Model Selection

For medical image data, this study employs Convolutional Neural Networks (CNNs), which
are among the most advanced and widely used models in medical image analysis. CNNs are
deep learning architectures capable of automatically learning feature representations from
images, making them highly effective for tasks such as classification and diagnosis. They
can efficiently extract spatial features through multiple layers of convolution, pooling, and
fully connected operations, resulting in accurate models for disease identification. CNNs
have demonstrated strong performance in various diagnostic applications, including tumor

detection, lesion analysis, and organ segmentation [21][22][23].

3.3.3 Model optimisation and integration

In order to improve the performance of the models, this study uses hyperparameter
optimisation and model integration methods. The hyperparameters of the models are tuned
through grid search and random search to ensure that each model can operate under the best
configuration. Meanwhile, integrated learning methods (e.g., Bagging, Boosting) are used
to further improve the prediction accuracy of the models and reduce the overfitting problem

that may occur in a single model.
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3.4 Assessment indicators and experimental design

In order to evaluate the effectiveness of Al models in healthcare decision support systems,
this study uses a series of commonly used evaluation metrics, including Accuracy, Recall,
Precision, F1-Score, ROC Curve (Receiver Operating Characteristic) and AUC (Area Under
Curve). These metrics were chosen from the very beginning to be the best representative for
the performance of the model in different tasks including those in medical data processing.
Furthermore, these measures can be highly recommended to measure the ability of the
computer in tasks such as the diagnosis of a disease and predicting of risks, and the most

important thing is that they can do this quite well.

3.4.1 Experimental design and cross validation

In terms of experimental design, this study will employ the K-fold cross-validation method,
which is widely regarded as a robust and reliable technique for model evaluation. It is
commonly chosen during the model development phase due to its ability to yield stable
generalization results and reduce the risk of overfitting [24][25]. To assess the real-world
applicability of the developed system, it will also be compared to existing medical decision

support systems (DSS).

3.4.2 Experimental data sets

This study uses several medical datasets as experimental datasets, which include electronic
medical record data, medical imaging data, and genomic data. These datasets will be used
for model training, validation and testing. The selection of experimental datasets takes into
account the representativeness and diversity of the data to ensure that the selected data can
cover a wide range of disease types and diagnostic scenarios, in order to improve the

adaptability of the model in different application environments.



18

3.4.3 Assessment of indicators

In addition to the traditional evaluation metrics, the study will also consider a variety of
specific metrics to measure the effectiveness of the model in practical applications. For
example, for the task of risk prediction in medical decision-making systems, the study will
pay more attention to the recall and AUC values of the model to ensure that the model can

accurately capture high-risk patients to reduce misdiagnosis and omission.

By randomly assigning the data, the prediction of the test set is evaluated by using Accuracy
as the assessment metric, there are two possibilities of obtaining a correct result from the
prediction of the test set, i.e., what is actually in the positive category is predicted to be in
the positive category, and what is actually in the negative category is predicted to be in the
negative category; and there are two possibilities of an incorrect result, i.e., what is actually
in the positive category is predicted to be in the negative category, and what is actually in
the negative category is predicted as positive. Typically, the four types TP, TN, FP, and FN
are used to denote the above four scenarios. A clearer picture of these indicators can be

obtained as shown in Table 3-1 (Confusion Matrix Table).

Table 3-1 (Confusion Matrix Table).

Projected Values

Postive Negative
Positive True Postive False Negative
Actual
Values
Negtive False Postive True Negative

The above indicators were used to assess and analyse the forecast results separately, and the

specific explanations of the indicators and their calculation formulas are given below:

(1) Accuracy: the accuracy of the model can help this paper to filter out the optimal

model, so we can use different algorithms, adjust different super reference and
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other methods to train the model, the model in the prediction accuracy of the
comparison, selected with the best prediction effect model. Its formula is expressed
as Equation (3-1).
Number of correct predictions

(TP+TN)

Accuracy = Total number of predictions

(TP+TN + FP+FN)
Equation (3-1)

(2) Precision: Similar to Recall, Precision is also a common evaluation metric for
binary classification problems. To more comprehensively evaluate the model
performance, it is necessary to consider both Precision and Recall. Its formula is
expressed as Equation (3-2)

Number of true postives

o (TP)
Precision = Number of predicted postives

(TP + FP)
Equation (3-2)

(3) Recall: This term refers to the number of correctly identified positive samples that
are among all the positive samples that are really such. Together with Precision, it
is often used to evaluate binary classification problems and can help identify the
model's type of errors. Its formula is expressed as Equation (3-3)

Number of true postives

_ (TP)
Recall = Number of actual postives

(TP + FN)

Equation (3-3)

(4) F1 Score: The F1 score is the harmonic mean of Precision and Recall. A higher F1
value indicates that the model has better overall performance in terms of both
Precision and Recall. The F1 score is primarily used as a comprehensive evaluation

metric for binary classification performance. Its formula is expressed as Equation

(3-4)



F1

_ 2x (Precisio

n * Recall)
/Precision + Recall

Equation (3-4)

20
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4 Case Studies of Al in Healthcare Decision-Making

In this thesis, Artificial Intelligence (Al) refers specifically to a subset of computer science
techniques that enable machines to perform tasks typically requiring human intelligence.
These techniques include machine learning (ML), deep learning (DL), and natural language
processing (NLP). The focus of this research is on the application of these Al methods in
healthcare decision support, such as disease prediction, medical image analysis, and

personalized treatment recommendations.

Case studies of Al in healthcare decision-making: specific case studies of Al in disease

diagnosis, risk assessment and personalised treatment plans.

4.1 Diagnostic decision support

The application of Artificial Intelligence (Al) in medical diagnosis has become an important
breakthrough in the medical field in recent years. Al models are able to assist doctors in
making more accurate diagnoses by analysing a wide range of information such as patients'
clinical data and image data. Traditional medical diagnosis relies on doctors' professional
experience and judgement, but due to the complexity of the disease and the work pressure
of doctors, misdiagnosis or omission of diagnosis occurs from time to time. Al technology
can improve the accuracy of diagnosis by learning a large amount of case data through big

data analysis, and quickly discovering the potential patterns and trends of the disease.

In the field of medical imaging, deep learning, especially in convolutional neural networks
(CNN), has made significant progress. Al systems can automatically analyse x-rays, CT
scans, and MRI images, identify potential lesion areas, and mark abnormal imaging features.
Taking the diagnosis of health conditions for example, Al has been deployed to carry out the
image diagnosis of breast cancer, lung cancer, brain tumours. The Al system is able to infer
tumour, nodule. from the images and give specific diagnostic recommendation by the use of
deep learning models. Al not only improves diagnostic accuracy but also provides clinicians
with the potential to make clinical decisions and patient treatment as well as to reduce their

workload, thereby allowing them to focus on clinical decision-making and patient treatment.
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In addition, AI is also widely used in the diagnostic assistance of laboratory data. By
analysing patients' blood, urine and other biological samples, Al can infer the type and
severity of the disease through models, providing doctors with more accurate diagnostic
advice. For example, in the diagnosis of chronic diseases such as diabetes and liver disease,
Al can help doctors determine a patient's disease risk and make timely interventions by

analysing the patient's blood sugar, liver function and other data.

4.2 Predictive modelling

The use of Al in healthcare predictive modelling can find out the possibility of future health
problems the patients may have and let doctors intervene ahead of time to prevent the
occurrence or development of disease. The models are based on the analysis of big medical
data, which is realized by ML models and they extract patterns from the historical data to
predict the future health events. For example, Al can be used to predict a patient's risk of
hospitalization, readmission rates, complication rates, and so on to assist clinical decision-
making. In such models, Al acts like a "forecaster" who can predict the future health-related

problems given the medical records.

Healthcare Al is a critical tool used for the provision of care to the doctors. The occurrence
of cardiovascular disease or diabetes is a perfect example of such applications. The Al
system can estimate a patient's potential risk of a heart and diabetes diseases if it evaluates
the personal health details of age, weight, blood glucose, blood lipids, and blood pressure.
With the information, doctors can devise tailor-made prevention plan for individuals at high

risk before the disease sets in, thus reducing the prevalence of the disease.

The prediction model regarding the patient's readmission is yet another scenario, in
particular. The rehospitalization of the sick brings much headache to the hospitals left with
no other option but to deal with high patient readmission rates, nonetheless, by means of
artificial intelligence models that are capable of figuring out the chances of the patient being
readmitted after release from the hospital through processing the medical data based on such
features as a patient's medical history, surgical records, and post-operative recovery. Such
conclusive evidence will allow the doctor to draw more personalized care plans and follow-
up methods after a patient's discharge, as a result of which they can not only reduce the

probability of readmission but also increase the patients' cure rates and quality of life.
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Al can be used in analysing clinical trial data as well, with a focus on the predictive value of
such data. The first step of clinical trial, which is data processing, can be streamlined by the
use of Al, which will, in turn, bring about an advanced level of clinical trials, e.g. Al
algorithms that work in a trial setting through various transactions involving thousands of
patients can enhance predictions of patients' drug treatment and this can be a scientific basis
for the clinic's choices. In addition, these models are not merely a tool in the hands of
providers to generate the corresponding diagnosis, but they are also in a good position to
figure out the best drugs and therapeutical means which are the most effective in the long

run, where there is a paucity of medical resources.

4.3 Individualised treatment programmes

With the rise of precision medicine and personalised medicine, Al technology plays an
important role in the development of personalised treatment plans. Personalised treatment is
an exclusive treatment plan based on a patient's specific health condition, genetic
information, lifestyle, which can effectively improve the treatment effect and reduce side
effects. Al is able to tailor the most suitable treatment plan for a patient by analysing the

patient's multi-dimensional data.

Al undoubtedly has the potential to match the patient to the most appropriate drugs or
treatments by going through his or her genomic data. The research in genomics discovered
that people's responses to various drugs are quite different, and the major part of
personalizing the treatment lies in the identification of the features of the genetic information
of a patient. Case in point, Al can help doctors choose the most suitable chemotherapy drugs
and targeted therapy programmes by analyzing genomic data, which is a critical move as it
ensures the effectiveness of the drugs and prevents patients from pain. For sure, the doctor-
patient relationship is in the process of undergoing a novel phase and this will have a great

deal of change in the spoken and unspoken aspects of the medical communication.

After interpreting the patient's data, the machine learning can provide the doctor with the
possible treatment options and suggest the most likely effective approach in reaction to the
patient's health condition and historical treatment information. For example, based on their

medical history, lifestyle, and psychological condition, Al can suggest personalized diet,
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exercise and psychological intervention plans to better control chronic diseases, easily cope

with illnesses and strengthen the life of the patients.

For post-operative patients, Al can provide personalised recovery plans by analysing the
patient's post-operative recovery data. Al is able to track the patient's post-operative recovery
in real time and adjust the treatment plan based on the patient's recovery progress and

feedback, thus improving the recovery effect

4.4 Optimisation of healthcare resources

Healthcare resource optimisation is another important application of Al in the healthcare
industry, especially in hospital management and healthcare service delivery, where Al can
effectively improve the efficiency of resource use and reduce healthcare costs. Al technology
can help hospitals and clinics optimise aspects such as bed allocation, diagnostic and

treatment processes, and drug management through data analysis.

Al can help hospital management make reasonable arrangements for beds and medical staff
based on patient demand and predicted disease trends. By analysing historical patient data,
seasonal disease patterns and emergency demand, Al systems can predict the flow of patients
in a hospital over a specific period of time, helping hospitals to rationally plan beds and

staffing so as to reduce waiting time and improve hospital service capacity.

In terms of drug management, Al technology can help hospitals optimise drug inventory and
drug procurement plans. By analysing patients' medication use, the consumption rate of
medicines and the treatment needs of different diseases, the Al system is able to predict the
demand for medicines and make timely adjustments to the procurement strategy. This kind
of drug inventory management not only reduces drug waste, but also ensures an
uninterrupted supply of drugs to the hospital and improves the efficiency of the hospital's

resource use.

Al can also optimise surgical scheduling and treatment processes. In large hospitals, the
scheduling of surgeries and treatments is often limited by resources, and Al systems can
intelligently schedule surgeries and treatments based on the patient's condition, the urgency
of the surgery, and the availability of medical staff. This not only improves hospital

efficiency, but also reduces patient waiting time.
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Through these healthcare resource optimisation measures, Al can not only improve the
operational efficiency of hospitals, but also improve the patient experience, reduce

healthcare costs, and support the sustainable development of hospitals.
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5 Experiments and Results Analysis

To evaluate the effectiveness of the proposed system, this chapter details the research
experiments conducted and provides a comprehensive analysis of the AI models’

performance across multiple tasks.

5.1 Data set introduction and pre-processing

In this study, several publicly available medical datasets, including electronic health record
(EHR) data, medical imaging data, and physiological data, were used in order to train and
validate the effectiveness of the Al models. These datasets provide rich information for the
study, covering different types of diseases, different patient groups, and multiple
physiological indicators. The choice of datasets directly affects model performance and

study results, so it is crucial to select high-quality, representative and diverse datasets.

5.1.1 Introduction to data sets

One of the main datasets used in this study is the MIMIC-III (Medical Information Mart for
Intensive Care) dataset. MIMIC-III is an open ICU (Intensive Care Unit) patient database
containing electronic medical record data from thousands of patients. These data include
basic patient information (e.g., age, gender, admission information), diagnostic records,
medications, laboratory results, physiological monitoring data (e.g., heart rate, blood
pressure, respiratory rate), as well as clinical events and outcomes during the course of the
disease. The MIMIC-III dataset not only covers different types of diseases (e.g., cardiac
disease, diabetes mellitus, infectious diseases), but also provides a large amount of
continuous physiological monitoring data, which is well suited for disease prediction and

patient risk assessment tasks.

In addition, medical datasets from the Kaggle platform, such as Diabetes Health Data and
Heart Disease Data, were used in this study. These datasets contain detailed information
about patients with chronic diseases such as diabetes and heart disease, including the

patient's personal background, medical history, laboratory test results, and lifestyle data.



27

These datasets provide the study with data in the context of multiple diseases, allowing the

model to have better generalisation capabilities in practical applications.

5.1.2 Data pre-processing

Data preprocessing is a critical step in Al model training, especially when dealing with
medical data, where the raw data often has problems such as missing values, outliers, and
noisy data. In order to improve the quality of the data and the training effect of the model,

the following data preprocessing steps are used in this study:

Records in medical datasets often contain missing values, duplicate values, or inconsistent
format data, which may affect the training effect and accuracy of the model. Firstly, duplicate
records need to be removed to avoid data redundancy from affecting the model. For missing
data, several common filling methods such as mean-filling, median-filling, or nearest-
neighbour-based interpolation methods were used in this study to select the most suitable

filling strategy based on the characteristics of the data.

Medical data usually contain features of different magnitudes, such as patient's age, weight,
blood pressure, and blood glucose. The difference in the magnitude of these features may
cause certain features to dominate during model training, thus affecting the accuracy of the
model. To avoid this problem, numerical data were standardised and normalised in this
study. Normalisation gives the data a mean of 0 and a variance of 1, while normalisation
scales the data to a specific range (e.g., between 0 and 1), thus allowing all features to be

trained on the same scale.

Medical data often contain category-based variables (e.g., gender, disease type, treatment
options) that cannot be directly input into machine learning models. In order to transform
these categorical data into numerical data, this study employs the One-Hot Encoding (OHE)
technique. With this method, each category variable will be transformed into a new binary

feature column indicating whether each category exists or not.

Many medical datasets suffer from category imbalance, e.g., the number of patients with a
certain disease is much smaller than the number of healthy patients, which can lead to poor
performance of the trained model when dealing with a small number of categories. To cope

with the data imbalance problem, this study employs Oversampling (Oversampling) or
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Undersampling techniques to adjust the number of samples in each category to ensure that
the model learns all the features of all the categories fairly during the training process.
Another commonly used method is SMOTE (Synthetic Minority Over-sampling Technique),
which increases the number of samples by synthesising a small number of class samples to

ameliorate the category imbalance problem.

Medical datasets usually contain a large number of features, some of which may not be
relevant to the prediction goal and may even introduce noise. Feature selection is used to
improve the training efficiency and performance of the model, and in this study, tree-based
algorithms (e.g., Random Forest, XGBoost) are used for feature selection, which are capable
of evaluating the importance of each feature and selecting the most influential features for
training. In addition, methods such as L1 regularisation (Lasso) can be used for feature

selection to further reduce the influence of irrelevant features on the model.

5.1.3 Dataset Partitioning

After completing data preprocessing, the dataset in this study was divided into a training set,
a validation set, and a test set. The training set was used to train the model, the validation set
was used to tune the model’s hyperparameters, and the test set was used to evaluate the final

performance of the model.

To ensure the generalization ability of the model, this study adopted the K-fold cross-
validation method. By repeatedly partitioning the training and test sets, this method reduces
the bias caused by a specific data split and ensures consistent model performance across

different datasets.

Through the above preprocessing steps, this study ensured the quality of the input data,
laying a solid foundation for subsequent model training and evaluation. These preprocessing
techniques not only improved the data quality but also enhanced the efficiency and accuracy
of model training, ultimately providing reliable prediction results for the medical decision

support system.
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5.2 Al Model Training and Optimization

In the development of the medical decision support system (AI-HCDS), the training and
optimization of Al models are of critical importance. Effective training and optimization can
significantly enhance the accuracy and robustness of the models, ensuring strong
performance on medical data. This study employed various machine learning and deep
learning algorithms for model training, and applied a series of optimization techniques to

improve performance and predictive capability.

The first step in model training is selecting an appropriate model. Based on the nature of the
data and the task requirements, this study selected machine learning models suitable for
handling structured data, such as Random Forest, Support Vector Machine (SVM), and

Logistic Regression.

e Random Forest integrates multiple decision trees, making it capable of handling

complex nonlinear relationships.

e SVM is well-suited for classification tasks in high-dimensional spaces, providing

strong support for categorizing patient health data.

e Logistic Regression is particularly effective for binary classification tasks, such as

determining the presence or absence of disease.

For medical imaging data, Convolutional Neural Networks (CNNs)—a key deep learning
technique—were utilized. CNNs can automatically extract features from medical images and
perform efficient classification, and are widely used in early disease diagnosis, particularly

in tumor and lesion detection.

To enhance the generalization ability of the models, cross-validation techniques were

applied to reduce the risk of overfitting and ensure stable performance on unseen data.

Data preprocessing and feature engineering were also essential for model training. Through
appropriate steps such as data cleaning, handling missing values, data standardization, and
feature selection, the quality of the input data was ensured. The processed data was then split

into training, validation, and test sets for model training, tuning, and evaluation, respectively.
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During training, optimization algorithms such as gradient descent were used to minimize the
loss function by adjusting model parameters, thereby improving prediction accuracy. To
further boost model performance, hyperparameter tuning was conducted. As
hyperparameters directly affect model performance, techniques such as Grid Search and

Random Search were employed to identify the optimal hyperparameter configurations.

Regularization methods, including L1 and L2 regularization, were incorporated into the
training process to reduce overfitting and enhance model generalizability. Regularization not
only helps prevent model complexity from becoming excessive but also improves stability

when handling large-scale, high-dimensional data.

Additionally, ensemble learning methods such as Boosting and Bagging were applied. By
combining predictions from multiple models, ensemble methods further improved model
accuracy and robustness. These approaches reduce the bias of individual models on specific

datasets and enhance overall system stability.

To achieve more precise evaluation during the experiments, various performance metrics
were used, including Accuracy, Recall, Precision, F1 Score, and AUC (Area Under the
Curve). These metrics provide a comprehensive assessment of model performance,
especially in handling imbalanced data, and are effective in evaluating models in tasks such

as disease prediction and risk assessment.

Ultimately, through multiple rounds of optimization, training, and evaluation, the study
identified the optimal model configuration capable of delivering accurate and reliable

predictions across different medical decision-making tasks.

5.3 Experimental results and analyses

In order to effectively evaluate the performance of the model, I first analysed and visualised
the data. Figure 5.1 shows the results when a user's health condition is diagnosed through
the Al system. The figure clearly shows the various physiological data entered by the user,
including heart rate, blood pressure, body temperature, blood glucose, based on which the
system makes a prediction and gives a ‘healthy’ diagnosis and confidence level. In addition,

the figure also shows the diagnosis probability of different disease types, and the diagnosis
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probability of the healthy state is obviously higher, indicating that the Al model performs
well in predicting the health state.

Al-Based Healthcare Decision Support System (Al-HCDS)

Patient Information Analysis Results
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o Balanced diet
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Figure 5.1 Health Status Breakdown Results

The initial analysis of the data demonstrates the distribution of the different disease groups.
Figure 5.2 illustrates the age distribution of patients and compares the age distribution of
different diagnostic groups. It can be seen that patients with hypertension, diabetes and heart
disease are generally concentrated in older age groups, while healthy patients have a wider
age distribution. With this data, the model can provide a better understanding of disease

trends in different age groups and provide strong support for prediction and diagnosis.
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The patient population was examined in terms of gender and diseases they had, and that the
distribution of these given groups of diagnoses revealed the prevalence of their cause by
gender. The figure 5.3 also presented that hypertension was the most populated group of
patients while the healthy group was almost equally shared among the ones suffering from
different diseases. Which shows that there was a balanced distribution of the healthy group
of patients. Men's and women's health status has a particular effect on some diseases, the
effects of which were then used to optimise the performance of the model. Therefore, it was
evident that the gender factor played a significant role in the appearance of the occurrence

of certain diseases. In turn, these findings have been exploited in the process of optimizing
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Figure 5.3 Distribution of Diagnoses and Gender Differences

Further physiological data analyses help us to understand the physiological differences
between different disease groups. Figure 5.4 shows the distribution of heart rate, body
temperature and blood pressure in different diagnostic groups. The model uses these data
to identify trends in physiological indicators such as heart rate and blood pressure in
patients with different diseases. For example, hypertensive patients generally exhibit
higher systolic and diastolic blood pressures, while the healthy group has relatively lower
heart rates. These characteristics provide a reliable data base for the model and help to

differentiate between different diseases at the time of diagnosis.
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Figure 5.4 Distribution of heart rate, temperature and blood pressure in relation to

diagnosis

In order to further assess the health risk of the patients, a risk score model was used for the
analysis. Figure 5.5 illustrates the distribution of risk scores and stratified the analysis
based on the scores. Patients with higher risk scores are usually associated with high-risk
diseases (e.g. hypertension, diabetes), whereas low-risk groups are more likely to be
healthy patients. By using the model to categorise the different risk groups, doctors can
more accurately assess the health status of their patients and take appropriate interventions.
This result demonstrates the value of Al systems in early disease prediction and

personalised treatment plan design.
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Figure 5.5 Risk score distribution and health assessment

5.4 Error analysis and challenges

Although Al models have achieved relatively satisfactory performance in medical decision
support systems, there are still certain errors and challenges in practical applications. Firstly,
data quality issues are an important factor affecting model performance. Medical data tends
to be unbalanced, e.g., there are more patient samples for some diseases and fewer samples
for others, which leads to models that tend to be biased towards predicting a larger number
of disease types. Missing values and noise in the data may also adversely affect the model,
especially when dealing with complex diseases where data accuracy and completeness are
particularly important. Secondly, the problem of overfitting of the model should not be
ignored. Overfitting refers to a model that performs well on the training set but generalises
poorly on the test set or real-world applications, which is particularly common in small

sample datasets and high-dimensional feature data. In order to avoid overfitting, it is usually
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necessary to improve the model through regularisation, cross-validation, but even so, it is
still impossible to completely avoid overfitting in some special cases. In addition, feature
selection and model complexity are also key factors affecting accuracy. In practice, the
relationship between some features and diseases may be complex, and the model may not be
able to effectively capture these complex nonlinear relationships, leading to prediction errors.
Finally, the diversity of patient populations is also a challenge, and there may be biases in
the performance of the model in different groups, especially in the elderly or ethnic minority
groups, where the model may have difficulty in adapting to the health characteristics of these
specific groups. Therefore, addressing these issues requires finer processing of data,
optimisation of algorithms as well as improving the adaptability and generalisation of

models.
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6 Discussion and Challenges

In this chapter, the advantages, limitations, and challenges of applying artificial intelligence
in clinical decision support systems are explored, with a focus on ethical concerns, privacy

protection, and the acceptance of Al by healthcare professionals.

6.1 Benefits of Al in Healthcare Decision Making

Just as in the case of other industries, such as sports, music, and fashion, where Al has
revolutionised and taken over some humans' jobs, in healthcare Al seems to be a game-
changer too. The exciting and promising development in Al has created a situation where
the technology is now in a position to serve as a doctor's assistant in the decision-making
process. Al can deal with complex data and is capable of masterminding all levels of medical
tasks, such as identifying diseases, drawing a patient's medical history, analyzing images and
deep learning. Among the benefits of the Al era, the most obvious one is the improvement
in the accuracy of the diagnosis and the quality of patient care which together can lead to
positively affecting the patient's health condition in the long run. Moreover, in another
context, the machine also has an advantage in tasks such as early disease detection. For
example, the early diagnosis of cancer and heart disease is an area where Al systems perform
very well. The technology of Al is so smart that it can diagnose the diseases by the data it
collects from the images which means that the illness is recognised at an early stage and it
will be treated in a timely manner thus the patient will achieve a complete recovery not to
speak of the fact that the timely diagnosis performed earlier does not imply a lot of expenses.
In addition, Al can effectively reduce the workload of doctors so that they can focus more
on clinical decision-making and patient care. At the same time, the application of Al also
enhances the efficiency and accuracy of medical services, reduces the risk of misdiagnosis

and omission, and improves the quality of medical services.
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6.2 Limitations and challenges of existing methodologies

Although Al has shown great capabilities in the medical field, there are still some limitations
of the existing methods. First, the training process of Al requires a large amount of high-
quality labelled data, but medical data is expensive to acquire and label. Many medical data
are missing or incorrect, especially those from different hospitals or institutions, whose
quality and standardisation vary widely, making it difficult for AI models to adapt to data
from different sources. Second, the issue of interpretability of AI models remains an
important challenge. Although deep learning excels in many healthcare decisions, its ‘black
box’ nature makes it difficult for doctors and patients to understand and trust the predictions
of the models. The lack of sufficiently transparent explanations may affect the diffusion and
application of Al systems, especially in some high-risk medical decisions. In addition, the
generalisation ability of Al systems faces challenges, especially when dealing with different
geographies, populations or diseases, and the performance of models may be affected by

data bias.

6.3 Ethical issues and data privacy protection

The application of Al in healthcare has brought many advantages, but it also comes with
several ethical and privacy protection challenges. Al systems, for instance, need a wide range
of patient data so that the machines can be trained and optimized, a lot of which include
sensitive, personal information such as medical background, genomic data, and body images.
Patient data are being misused and leaked; hence, the security and the integrity of the patient
data are of prime importance. It is time to address the issue of patient data theft and it is a
top priority in the development of Al in healthcare. Current medical data storage and sharing
systems still have many weaknesses and there is no uniform privacy standard, so that the

likelihood of data leakage 1s high. To be more specific, the current medical.

6.4 Acceptance of medical practitioners and technology implementation issues

Al technology can only be successfully applied if healthcare professionals embrace it. The

resistance to Al among doctors and the entire healthcare workforce represents the main cause
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of not achieving a successful implementation of Al in healthcare. Studies have identified a
lack of trust and insufficient understanding of Al systems as two primary factors contributing
to the low level of acceptance among medical practitioners [26]. Lack of knowledge and
trust in the Al technology are the two main factors attributed to the low level of acceptance
of Al by doctors and healthcare workers. For doctors, one of the most significant issues is
the fear that AI will not only support decision-making but also replace their professional
status, being the reason why they are still sceptical of the situation. Apart from this, high
costs and technical complexity are other major obstacles in Al system deployment. As a
result of these issues, the popularity of the technology remains unsatisfactory as a
consequence of not being adopted. Many medical institutions, especially grassroots hospitals,
may find it difficult to effectively introduce and apply Al technology due to limitations in
terms of funding, technical equipment or staff training. To address these issues, in addition
to strengthening the popularisation and training of Al technology, there is a need to improve
medical staff's understanding and ability to use Al technology. By designing more intuitive
and convenient Al assistive tools, reducing the difficulty of operation, and making Al a
powerful assistant rather than a threat in the daily work of doctors, we can realise the

widespread application of Al technology in the medical field.
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7 Conclusions

The research that is discussed here examines the utility of artificial intelligence (Al) in
medical decision support systems through the presentation of a suggested AI-HCDS system.
The research thus aims at revealing the key areas where Al can be beneficial in the health
sector, with an emphasis on its outstanding capabilities in the early detection of diseases,

prediction of possible risk factors, and provision of therapy options.

For a more structured position, the study explains how Al is applied from data preprocessing
to model training and then evaluation. The set of machine learning and deep learning
algorithms is handled to enhance the efficiency of the model, and the performance and
reliability of the system are tested in different medical areas, such as hypertension, diabetes,
and cardiovascular diseases. The latest findings display that the developed models are not
only reliable in predicting but that they can also significantly contribute to the prevention of

false identifications and errors of missing ones.

One more aspect that is dealt with by the study is not only the predictive precision but also
data visualization and statistical analysis that are used to present the differences among
various patient groups. These extracted insights signify the potential of Al to be the source
of patient-centered healthcare solutions via the minimization of risk and the present early
intervention phase. Based on the health record of the patient, Al tools can project potential

health conditions and add value to the decision-making cycle for the doctor.
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8 Future Work

On the other side, there is some tricky work that is left open in the research like observing
the quality of the data, the expansion of the model’s generality over all populations, and
monitoring the ethical considerations. The next investigation in this context will have a very
strong need to manage the mentioned problems for the sake of giving full swing to Al

technologies in the daily practice of healthcare technology.

Technological progress is supposed to bring Al to the point where Al not just becomes larger
in its extent but also goes deeper into it. As the very details of medical data will be fully
studied, this will allow Al systems to give the best-of-class personalized medical
recommendations. One significant potential of Al is seen particularly in genomics and
personalized medicine where Al is used to create individualized treatment based on a

person's genes and health history.

Concurrently, the explanation of the Al process of decision-making will take a more central
role. Decisions made by Al will have to be made visible and understandable for doctors and
patients to have trust in the recommendations given by Al. The expected outcome to this
event will be the future research that will be more likely to devote itself to building Al
models that are more interpretable and to elucidating the transparency of their decision-

making processes.

Furthermore, AT’s role in the future will become even more pronounced in the fields of, for
example, medical imaging, speech, and language recognition. In the future, the techniques
of medical diagnosis will be characterized by the combination of different kinds of data,
including scans, lab results, genetic information, as well as feedback from the patient and
physician’s notes, all into one single data so as to better support the healthcare decision
making. These advances in technology indicate a future in which AI will not replace human

doctors but collaborate with them to provide care that is meaningful and patient-specific.

From the perspective of technology landing, the future will face the issue of medical
practitioners' acceptance of Al systems. In order to facilitate the smooth landing of Al
technology, in addition to technology optimisation, there is a need for physician training,

technology diffusion, and the design of more user-friendly interfaces to make it easier for
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physicians to use these systems. As the technology continues to mature and policies and
regulations improve, Al will play a more important role in enhancing medical efficiency,

reducing medical costs, and improving medical quality.
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