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Abstract

The adoption of Artificial Intelligence (AI) in healthcare continues to grow in order to enhance
clinical decision-making and patient outcomes. Most of the traditional machine learning models that are
applied in clinical prediction activities are extensively based on statistical trends and are not necessarily
interpretable or have medical contextual information. As a way of overcoming these shortcomings, this
research paper suggests a Knowledge Graph-Enhanced Artificial Intelligence model of intelligent clinical
decision support with the use of ICU patient data. The study uses the MIMIC3c Aggregated Dataset
which is based on the MIMIC-III Clinical Database and has aggregated hospital interaction data in
intensive care unit hospitalizations. The data has demographic information of patients, details of
admission, clinical diagnosis, and daily interaction data, including laboratory tests, medications, imaging
reports, caregivers, and clinical orders. These interaction characteristics give information about the
medical care severity and the severity of patient condition. The dataset will be preprocessed in this
research to process missing values, as well as, encode categorical variables and normalize numbers. This
is followed by the construction of a knowledge graph representation to represent the relationship among
major clinical entities, e.g. patients, diagnoses, types of admission, and treatment interactions.

Keywords: Knowledge Graph, Artificial intelligence in healthcare, Clinical Decision Support System, ICU
Mortality Prediction, Machine Learning and Healthcare Data Analytics

I. Introduction
A. Background of the Study

The fast development of digital technologies has had a great impact on the healthcare sector,
causing the creation of huge amounts of medical data by hospitals, laboratories, and clinical monitoring
systems. The use of electronic health records (EHRs) is becoming a common practice in modern
healthcare facilities to maintain a complete record of patient data, such as demographic, diagnosis,
treatment, medication history, and clinical outcome information. Such massive data sets offer good
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prospects to both researchers and medical practitioners to process patient data and derive meaningful
information after using modern computation models. Machine learning and Artificial Intelligence (Al)
have become potent tools to analyze healthcare data and allow forming predictive models that can be used
to assist clinical decision-making and achieve better patient outcomes [1]. The past few years have seen a
great application of predictive analytics in healthcare to perform activities like disease diagnosis, risk
assessment, patient monitoring and treatment recommendation. The different machine learning models
that have been effectively applied to find patterns in healthcare data and predict clinical outcomes include
logistic regression, decision trees, random forests, support vectors machines, and neural networks [2].
Although they are generally performing well, most of these models are black-box and have low
interpretability, as well as they are not able to discover intricate relationships between medical entities.
The absence of transparency in predictive models can decrease the trust of healthcare practitioners in the
implementation of Al-based systems in critical healthcare settings (especially in intensive care units
(ICUs)). In order to overcome these shortcomings, knowledge graphs have been proposed as an
interesting way of modeling structured medical knowledge [3]. A knowledge graph is a structure of data
made up of interrelatives and links which allows the illustration of multifaceted interactions between
patients, diseases, drugs, and clinical workflows. Knowledge graphs can bring about contextual insight
and enhance the explicability of predictive results when combined with artificial intelligence models [4].
This integration improves the ability of clinical decision support systems to integrate data-driven analytics
with formal medical knowledge, which ultimately leads to a higher degree of reliable, interpretable and
intelligent healthcare solutions.

II.  Literature Review
A. Machine Learning and Artificial Intelligence in Health Care Analytics

Machine learning and Artificial Intelligence (AI) have been important in revolutionizing the field
of healthcare analytics, as they have allowed handling and interpreting extensive amounts of clinical data.
Electronic health records, medical imaging systems, laboratory tests, and patient monitoring devices are
generating huge datasets in healthcare institutions. These sources of data offer good prospects of coming
up with predictive models that can aid the health care practitioners to make sound clinical judgments [18].
General machine learning algorithms are especially helpful when one aims to detect patterns and
relationships in complex healthcare data sets that do not necessarily reveal themselves to standard analysis
tools. Some machine learning applications to healthcare have been made, such as logistic regression,
decision trees, random forests, support vector machines, and deep neural networks. Some of the most
common tasks that have been carried out using these algorithms include the detection of diseases,
prediction of mortality, prescribing of treatment, the assessment of patient risk and predicting hospital
readmission [19]. Clinical outcomes can be predicted by the use of predictive models generated on the
basis of patient characteristics, medical history, laboratory results, and interactions with treatments using
the techniques. Predictive analytics has found its significance in critical care settings including intensive
care units (ICUs) where caregivers identify high-risk patients at the risk of complications or death to
intervene in advance. Although machine learning models have promising potential in their application to
healthcare data, there are a number of limitations to their application [20]. The fact that many predictive
models are not interpretable is one of the primary issues of concern. State of the art machine learning and
deep learning algorithms tend to be black-box systems, i.e. give predictions without a clear description of
how they came to their conclusions. In the healthcare setting, clinicians need clear and understandable
systems to make sure that the recommendations provided by Al are potentially accurate and clinically
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significant [21]. The other limitation is that most machine learning methods are mainly based on
numerical data and can not generate the complex relationship between medical terms (diseases, symptoms,
medications, and clinical procedures). With the rise of the data-driven healthcare system, the requirement
to develop smart analytical systems integrating predictive and structured knowledge representation is on
the rise [22]. By incorporating domain and machine learning models, it would have the potential to
increase their interpretability, reliability, and efficacy in aiding clinical decision-making.

B. Medical Knowledge Representation Graphs Knowledge Graphs

Knowledge graphs have become a promising method of modeling structured knowledge and
complicated-relationships in large data sets [23]. Knowledge graphs in the healthcare sector are employed
to store medical data in a form of relationship and network of entities. These entities can be patients,
disease, symptoms, medication, laboratory tests, or medical procedures with relation between entities
indicating the interaction between the entities [24]. The knowledge graphs present a holistic
conceptualization of the relationships that are realized within the healthcare systems by organizing
medical knowledge in this manner. Knowledge graphs in healthcare allow combining dissimilar data in
healthcare, such as clinical records, biomedical databases, research literature, and healthcare guidelines.
With such integration, the representation of healthcare information in a unified structure becomes possible,
which can be evaluated more efficiently and rationally [25]. Semantic interpretation of medical
information using knowledge graphs also ensures contextual connections of clinical entities. As an
example, a disease associated with a particular symptom, a drug associated with a particular disease, or a
test done to diagnose a disease are some relationships that can be represented in a knowledge graph. The
structured relationships enable the computational models to interpret healthcare information more
efficiently and produce meaningful information [26]. The other key benefit of knowledge graphs is that
they can increase the interpretability of artificial intelligence systems. Knowledge graphs enable Al
models to deliver a description of why they are making their predictions and recommendations as they do
by explicitly modeling relationships among medical concepts. It is especially useful in healthcare systems
where openness and trust are crucial. Knowledge graphs can be used to perform more sophisticated
analytic methods like graph-based learning, semantic reasoning, and relationship discovery [27]. This
allows healthcare systems to discover latent relationships within medical data and enhance the overall
insight of patient conditions and treatment results, knowledge graphs are beginning to be combined with
artificial intelligence models to form intelligent healthcare systems with data-driven learning and
structured medical knowledge representation.

C. Predictive Healthcare Analytics and Clinical Decision Support Systems

Clinical Decision Support Systems (CDSS) are smart information systems that are utilized and
help healthcare professionals to make correct and prompt clinical decisions. These systems process patient
data and give recommendations, alerts, or predictions that can be used to support diagnosis, treatment
planning, and patient management [28]. The main aim of clinical decision support systems is to enhance
the quality of healthcare, decrease medical errors, and improve the outcome of patients by considering
evidence-based information to clinicians. As more and more healthcare information gets accessible and
more and more computational technology progresses, predictive analytics is now a vital aspect of the
contemporary clinical decision support systems. Predictive healthcare analytics is an approach that aims at
observing what has previously occurred and the current data to determine any pattern that can be used to
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predict the clinical outcome [29]. Such predictive models can determine the risk of the disease, hospital
readmission, see the first signs of complications, and estimate the risk of patient death. Predictive
analytics is important in the intensive care unit setting, which necessitates monitoring of patient
conditions and facilitation of early medical interventions in a critical care unit setting like the intensive
care unit. Predictive models will be able to recognize patients that need urgent care and specific treatment
by examining their demographics, medical history, lab findings, and interaction with treatments [30].
Despite the proven benefits of clinical decision support systems, there are a number of challenges that are
encountered with the implementation of these systems. Integration of various healthcare data sources is
one of the challenges and in most cases, the information includes both structured and unstructured
information [31]. The other issue is the predictive models should be understandable and consistent with
clinical expertise. Most conventional decision support systems are based on rule-based or statistical
models and are not always able to capture the intricacy of patient care processes. Recent studies have been
aimed at trying to overcome these limitations by trying to combine both artificial intelligence methods
and structured knowledge representation [32]. Knowledge graphs combined with predictive analytics
enable clinical decision support systems to combine medical knowledge, contextual relationships, and
data-driven insights in the same way. The accuracy, transparency and effectiveness of clinical decision
support systems can be enhanced with this integration which will eventually help healthcare professionals
to make more informed decisions and provide better care to patients.

III. Methodology

This study will explain the methodological framework to be adopted in developing and testing the
proposed Knowledge Graph-Enhanced Artificial Intelligence system to provide intelligent clinical
decision support. The methodology entails data selection, preprocessing data, exploratory analysis of data,
development of various machine learning models, and performance analysis [33]. The general workflow
will examine the data on the interaction with the ICU patients in order to predict the outcomes of the
clinical process based on the more advanced artificial intelligence measures.

Methodology

Dataset Description Data Preprocessing Exploratory Data Analysis Model Eva_luatlon
J Metrics
Lo O
Lutls @5~ ]
MIMIC3C « Missing Value Imputation - Demographics, Distribution, Corelation - ACCU_“?Q!’
Aggregated ICU - Label Encoding - Precision
Dataset « Normalization - Recall
J - F1-Score

t - ROC Curve
[—b Knowledge Graph Construction <—J

Machine Learning Model Development
- Support Vector Machine (SVM)

Methodology: Steps of developing and evaluating a Knowledge Graph-Enhanced Artificial

Intelligence system to predict ICU outcomes.

This workflow depicts the methodological workflow of knowledge graph enhanced Al clinical prediction systems
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The methodology diagram provides the systematic flow of work that will be used in this research
to create a Knowledge Graph-Enhanced Artificial Intelligence system to assist with intelligent clinical
decision-making. It starts with the description of the data, where the primary source of information used
in the analysis is the MIMIC3C aggregated ICU dataset which consists of patient demographics and
clinical data. The second step is data preprocessing, which consists of missing value replacement,
categorical variable label encoding, and data normalization to make the dataset analysis ready [34]. Once
preprocessed, the exploratory data analysis (EDA) is done to analyze the demographic distributions,
trends, and associations between clinical variables. It is followed by the knowledge graph construction
that is included in the framework and represents the relationships between clinical entities, including
patients, diagnosis, and treatment. Lastly, the development of machine learning models based on the
Support Vector Machine (SVM) algorithm is conducted and the model is tested based on such metrics as
accuracy, precision, recall, F1-score, and ROC curve.

A. Dataset Description

The dataset in this study is the MIMIC3c aggregate dataset, which is based on that of MIMIC-III
Clinical Database. The data in the dataset consists of anonymous records of ICU patient admission and
consolidated data of hospital interactions. Every record is a single hospital admission that consists of
demographic data, the characteristics of admission, and the variables of healthcare interaction [35]. The
most important attributes in the dataset are age and gender of the patient, admission data of the patient
such as the admission type and the place of admission, clinical diagnosis, insurance cover, and marital
status. In addition, there are interaction-based features in the dataset, which describe the severity of
medical attention given to patients in the hospital. Such features are the mean number of laboratory tests,
medications, imaging records, clinical notes, orders, caregivers, and care units that took part in patient
treatment [36]. The main aim of working with this dataset is to forecast the outcome of hospital mortality
according to the features of patients and the patterns of their interactions with hospitals. The data set is
informative on the topic of patient conduct and operational dynamics in the hospital and so it can be used
to formulate predictive healthcare analytics models.

B. Data Preprocessing

The first thing in machine learning analysis is data preprocessing which prepares the data to be
processed. Raw healthcare datasets are usually affected by missing values, categorical variables, and
inconsistency which need to be resolved before the development of the models. In this research, a number
of preprocessing methods were employed so as to quality control the data and enhance the performance of
the models [37]. To begin with, inappropriate methods of data imputation were applied to include missing
values in the dataset. Median was used to fill numerical attributes to ensure they are not affected by
outliers and categories variables were transformed through encoding [38]. The encoding of labels was
done to transform categorical variables (gender, admission type, and admission location) into numerical
values that the machine learning algorithms could understand. The dataset was then scaled to prevent the
biasing of the learning process by features with varied numeric values. Numerical features were
transformed by standardization techniques to a uniform distribution [39]. The data was split into training
and testing datasets after preprocessing with a standard split 70/30 ratio of training and testing
respectively. This division enabled the model to acquire trends out of the training data and assess
predictive performance based on unknown test data.
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C. Exploratory Data Analysis

To get a feel of the underlying structure and distribution of the dataset, the Exploratory Data
Analysis (EDA) was performed. A number of visualizations were created to examine the patient
demographics, hospital admission trends, and clinical variables [40]. The age distribution, gender
distribution, and the type of admission and length of stay were visualized with the help of histograms and
bar charts. EDA was also able to reveal the possible relationship between variables and identify trends
that may affect patient outcome [41]. The correlation analysis was conducted to determine the association
between various clinical characteristics and identify which factors can play an important role in predictive
modeling. These were applied in guiding feature selection and development of models.

D. Graph Construction of Knowledge

A graph of knowledge was drawn to show connection among vital clinical objects in the dataset.
Knowledge graphs enable the structuring of complex healthcare data as a graph of interconnected nodes
and relationships to allow interpreting medical data in a more meaningful way [42]. Patients, diagnoses,
the types of admission, and the interactions that occur in healthcare were also considered in this study as
the nodes in the graph. Interactions between these entities were established in terms of clinical
interactions and hospital records [43]. As an illustration, the patient-has diagnosis, patient-admitted
through admission type and patient-received treatment relationships were expressed in the graph format.
The given knowledge graph representation will permit applying the structured medical knowledge to the
models of machine learning [44]. The knowledge graph facilitates interpretability and smart thinking
within the clinical decision support system by identifying correlations between clinical variables.

Knowledge Graph Construction
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Knowledge graph constructed to represent relationships between important clinical entities,

enhancing data interpretability.

This diagram depicts a knowledge graph that shows connections among patients and diagnoses, admissions, and
treatments
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The diagram shows the knowledge graph building mechanism to display the relationship between
the significant clinical objects in healthcare information. The patient node is central to the graph and it has
various relationships with other clinical entities [43]. The diagnosis nodes on the left side include sepsis,
hypertension, and pneumonia, which are linked with the patient by the relationship of his diagnosis. The
categories of hospital admission including admission type, emergency and elective are also connected on
the right side with the help of the relationship of the type admitted via. The bottom-level entities
involving the treatment, i.e., IV antibiotics, CT scan and intravenous fluids are linked by the received
relationship creating a formalized depiction of clinical interactions.

E. Development of the machine learning models

A machine learning classification model was created based on the Support Vector Machine (SVM)
algorithm to predict patient outcomes. SVM is a supervised learning model that is commonly used to
perform different types of classification tasks because it can be utilized to process high-dimensional data
and produces strong decision boundaries [44]. SVM model was developed by training the processed data,
with the patient features being input variables and mortality outcome being the target variable. In training
the model, the two outcome classes are disaggregated by the identification of an optimal hyperplane that
increases the margin between the two outcome classes [45]. This method allows the model to categorize
new patient records through acquired patterns on the training records. After the model was trained, it was
applied to the test dataset in order to produce patient outcome predictions. These predictions were then
measured by different performance measures as a measure of the effectiveness of the model.

F. Model Evaluation Metrics

In order to test the performance of the predictive model, a number of conventional classification
measures were applied. Such measures are accuracy, precision, recall, Fl1-score and Receiver Operating
Characteristic (ROC) curve. Measure [46] the overall ratio of correct classification of prediction is the
accuracy. Precision ascertains the number of the predicted positive cases which are correct and recall the
capability of the model to find the actual positive cases. F1-score gives a balanced value that gives both
precision and recall. Also, the confusion matrix was constructed to visualize the distribution of the true
positives, true negatives, false positives and false negatives [47]. The discriminative ability of the model
at varying classification thresholds was tested using the ROC curve. In examining these measures of
evaluation, the research measures the level of efficiency of the proposed Al-based prediction framework
and how it can be used in clinical decision support framework systems.
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Model evaluation metrics include Accuracy, Precision, Recall, F1-Score calculations, and

the Receiver Operating Characteristic (ROC) Curve analysis.

This diagram shows the machine learning model evaluation metrics of clinical prediction performance

The diagram demonstrates the model evaluation metrics that are applied in the measurement of the
performance of the machine learning model developed in this study. It demonstrates major classification
measures such as accuracy, precision, recall, F1-score, and ROC curve, which are the typical metrics of
the predictive models in healthcare analytics. Accuracy is the measure of total correctness of the
predictions using true and false values. Precision [48]. This measures the number of correctly predicted
positive cases of all the predicted positive cases. Recall is the measure of the model to identify the actual
positive cases. The Fl-score is a balance between the precision and recall measure of performance. The
ROC curve is a visual model used to illustrate the capability of the model in differentiating between
positive and negative classes.

IV.  Conceptual Framework

The theoretical framework of the current study introduces the stepwise framework that was
adopted to build an intelligent clinical decision support Knowledge Graph-Enhanced Artificial
Intelligence system. The framework combines healthcare data analytics, knowledge representation, and
machine learning tools to analyze the data of ICU patients and identify clinical outcomes. This will start
with data collection of the MIMIC3c aggregated dataset, which includes the anonymized records of ICU
patient admissions with demographic data and patient admissions, diagnosis data, and hospital interaction
data in the form of laboratory test data, medication data, imaging reports, and caregiver activities. Such
data elements can give significant information about the health conditions and treatment patterns of the
patients in the hospitals [51]. Data preprocessing follows data collection to prepare the dataset to be
analyzed through pre-processing of missing values, encoding the categorical variables to numerical
format and normalization of the data to have all data with the same data scale [52]. After cleaning and
standardizing the dataset, exploratory data analysis (EDA) is performed in order to provide an analysis of
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the distribution of variables and some trends in patient demographics, types of admission, and the length
of hospital visit. The visual methods of analysis that are employed to gain insights into the correlation
between clinical variables include histograms, bar charts, and correlation matrices [53]. After the
discovery phase, a graph representation of knowledge is created to process the information that
characterizes the relationship between important clinical entities, like patients, diagnoses, the type of
admission, and treatment interaction. Entities in this type of graph are represented by nodes and the
relationship between them illustrated by an edge, which allows a structured representation of medical
knowledge and contextual relationships. Once the knowledge representation has been created, a machine
learning classifier is constructed with the help of the Support Vector Machine (SVM) algorithm that could
be used to predict the patient outcome on the basis of clinical characteristics and interaction patterns [54].
The model is based on the patterns of the past ICU records and categorizes records of patients as either
survival or mortality. Conclusively, the predictive model is tested by conventional evaluation measures
such as accuracy, precision, recall, Fl-score, confusion matrix, and ROC curve, which are used to
evaluate the success of the model in predicting patient outcomes [55]. This conceptual framework
illustrates that the combination of healthcare data, knowledge graphs, and artificial intelligence methods
can help to develop intelligent clinical decision support systems that enhance predictive healthcare
analytics and help healthcare professionals to make informed medical decisions.

Conceptual Framework
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The conceptual Framework of this research presents the structured process used to develop a Knowledge Graph-
Enhanced Artificial Intelligence system for intelligent clinical decision support to intelligent clinical decision support data.

This diagram represents knowledge graph-enriched clinical decision support workflow

The proposal Knowledge Graph-Enhanced Artificial Intelligence system to provide intelligent
clinical decision support has a conceptual framework diagram as depicted in the figure below: It starts
with the data acquisition where the MIMIC3C aggregated ICU data is used, and it includes the patient
demographic and clinical data. The data are then processed by data preprocessing which involves dealing
with missing values, encoding categorical variables as well as normalization [55]. Exploratory data
analysis follows after preprocessing in order to know the patterns and relationships in the dataset. The
second phase is constructions of knowledge graphs through which clinical entities and relationships are
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organized to model medical knowledge. The development of machine learning models based on the
Support Vector Machine (SVM) algorithm uses this information [56]. Lastly, the model performance is
measured based on accuracy, precision, recall, F1-score and ROC curve.

V. Dataset
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(Source Link: https:/www.kaggle.com/datasets/drscarlat/mimic3c)

B. Dataset Overview

The dataset in this study is the MIMIC3C aggregated dataset that is based on the famous MIMIC-
I (Multiparameter Intelligent Monitoring in Intensive Care) patient clinical database. The data is
anonymized patient history records sampled in intensive care unit (ICU) admissions and is useful in our
study of clinical trends and predictive healthcare development. The dataset is structured in aggregated
format in which one record stand denotes one hospital admission and consists of multiple demographic,
administrative and clinical interaction characteristics pertaining to patient care. The main goal of applying
this set of data to the study is to examine the characteristics of ICU patients and create a model of
artificial intelligence to assist in the process of making smart clinical decisions [57]. The demographic
characteristics in the dataset, including the patient age, gender, marital status, religion, and their insurance
details give an insight on the population characteristics of the ICU patients. Along with the demographic
data, the data includes the hospital admission data such as admission type, administration site, and
admission diagnosis, which would be used to explain the situations that led to the patient being admitted
to the hospital. The length of stay (LOSdays) is one of the important aspects that were included in the
dataset, and it is the number of days a patient stayed in the hospital and served as an indicator of the
complexity of the medical situation a patient had and the volume of healthcare facilities needed when
treating the patient [58]. There is also the data of the aggregated interaction between patients and
healthcare providers upon the hospital stay. These metrics of interaction are the number of laboratory tests
conducted per day, microbiology tests, intravenous medications, non- intravenous medications, imaging
reports, clinical notes, medical orders, the caregivers, and care units visited [59]. Such features are the
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severity of clinical measures of interventions and healthcare processes connected with every patient
admission. Patterns with regards to patient conditions, complexity of treatment, and dynamics of
workflow in the hospital can be identified with such interaction data. The dataset also has a hospital
mortality label which represents whether the patient survived or died in the process of hospitalization
which is the target variable of the classification problem of the study [60]. Taking into consideration the
fact that the dataset is identified and aggregated, it does not violate the privacy of patients and still is
rather informative when it comes to healthcare analytics. The data is suitable to be used in machine
learning projects, such as mortality prediction or clinical decision support because its various clinical and
administrative variables provide a comprehensive description of the interactions with patients at the I[CU
and hospital admissions properties.

VI. Results

The findings of this research prove the efficiency of the suggested artificial intelligence platform
to process the ICU patient data and forecast the clinical outcomes [1]. Exploratory data analysis presented
valuable information about patient demographics, hospital admission, and visitation patterns as well as
length of stay distributions in the data. Various performance measures such as accuracy, precision, recall
and F1-score were used to test the predictive model. There was a high level of accuracy and precision in
the model, which implies that it is able to classify most patient outcomes correctly [2]. The existence of
the ROC curve also indicated the good discriminative power of the model in differentiating the cases of
survival and mortality. The correlation analysis was used to determine the relationship between clinical
features, which is useful in selecting features [3]. The findings show that the suggested strategy can
facilitate intelligent clinical decision-making and enhance predictive healthcare analytics.

A. Distribution of ICU Patients by Age

Age Distribution of ICU Patients
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Figure 1: This image illustrates Age distribution of ICU patients with more admissions of middle-aged and older
people
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Figure 1 shows the distribution of the age of patients in the ICU dataset, which shows the
frequency of the admissions by the age groups. Histogram indicates that the ICU admission is distributed
over a large age group: newborn patients are included through to the old age group. The distribution
however shows that a significant percentage of the patients that are admitted to the ICU are middle-aged
and elderly, especially between the age of about 45-80 years. The trend implies that older people are more
likely to need intensive medical treatment as they have more chronic diseases, their physiological
functions deteriorate more, and they are prone to serious medical conditions, which are more severe [4].
Another spike is observed in the histogram at age zero, which represents the newborn admissions,
indicating that there are neonatal cases represented in the dataset. However, there are neonatal admissions
but the rate of the neonatal admissions is significantly lower than the rate of adult ICU admissions. One
more valuable point made by the figure is that the count of the ICU admissions slowly rises with the
younger ages of adults and peaks at the late middle-age and the elderly age groups and is somewhat lower
in the oldest age groups [5]. The trend brings out the increased burden of healthcare with aging
populations as the aged are more susceptible to complications that need extreme monitoring and care. The
distribution also offers practical information on predictive healthcare analytics especially in mortality
prediction models where age is frequently a contributing factor to patient outcomes [6]. Age structure of
patients in ICU assists researchers and health care experts to detect the demographic trends and come up
with more precise foreseeable models in clinical decision making [7]. Demographic data, including age,
can be combined with other clinical characteristics in the framework of knowledge graph-based artificial
intelligence systems to enhance the predictive healthcare model performance and interpretability.

B. ICU Gender Distribution Analysis of ICU Patients

Gender Distribution of Patients
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Figure 2: This image depicts the Gender distribution of ICU patients with slightly more admissions of the male
patients

Figure 2 shows the gender distribution of patients that were included in the dataset of ICU. The

bar chart will be used to compare the admission of men and women into the intensive care unit, which
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will give some insights into the demographics of the dataset. Based on the visualization, one can see that
the number of male patients occupying the ICU bed is a bit higher than that of female patients [8]. The
dataset presents a representation that approximates to thirty-three thousand male patients and about
twenty six thousand female patients, which means that male patients are the majority in this dataset in the
ICU. Such a distinction implies that male patients might be at a greater risk of having to receive an
intensive medical treatment based on multiple health-related and physiological causes. A number of
clinical studies have shown that men are known to be at risk of some cardiovascular, respiratory and
lifestyle related diseases which can be the cause of high ICU admission [9]. Conversely, the patients who
are female representatives are also underrepresented in the dataset, but their total percentage is relatively
less. This sex ratio gives valuable demographic data that can be used to aid further research in predictive
healthcare models [10]. The study of gender trends in ICU admissions may be used to enhance the quality
of artificial intelligence models that are applied to predict mortality and assess clinical risks. Gender may
be a valuable demographic characteristic in machine learning algorithms since there can be biological
variations and health behaviors between men and women that can affect disease progression and reaction
to the treatment [11]. Gender information may be linked with other clinical entities, including diagnoses,
treatments, and outcomes when incorporated into a knowledge graph-enhanced artificial intelligence
platform to get deeper insights into patient characteristics. The analysis of gender distribution is an
important step on the way to building the reliable predictive models of intelligent clinical decision support
systems.

C. Analysis of Distribution of Hospital Admission Types

Hospital Admission Type Distribution
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Figure 3: This image illustrates to the Distribution of ICU admissions the prevalence of the emergency cases in
this category, compared to other admission types
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The distribution of the types of hospital admission in patients of the ICU dataset are shown in
figure 3. The bar chart will classify the admissions by the four major categories: Emergency, Newborn,
Elective, and Urgent, and the frequency of each will be presented. Based on the visualization, it can be
seen that the entry of emergency admissions is by far the highest percentage of the ICU entries. The
emergency admissions are much more than the other categories, meaning that the majority of the patients
are hospitalized at the ICU because of sudden or urgent medical conditions that need immediate care [12].
The given tendency underlines the character of intensive care units that mostly work with patients with
the emergencies of the most serious health problems - cardiac events, respiratory failures, traumas, or
acute infections., elective admissions contribute to fewer cases of the ICU. Usually, elective admissions
are to be undertaken when the patients are already planning to undergo medical or surgical procedures
that involve postoperative care of the ICU. The newborn admissions are also a noticeable number in the
dataset which are neonatal cases that need special care, which is in most cases, as a result of
complications during birth or being born prematurely. In the meantime, urgent admissions seem to be the
least common group in the data. Urgent cases are usually those that involve medical care that is urgent but
the conditions of the patients are not as life threatening as an emergency case [13]. The high proportion of
emergency admissions indicates that ICU resources become mostly associated with the management of
acute and unforeseen medical incidents. The issue of admission type distribution is significant to
healthcare analytics as it allows gaining insights into the workflow patterns and patient care needs in
hospitals. In predictive healthcare models, approach to admission may be a very important factor that
affects patient outcomes, such as the risk of hospital mortality [14]. Adding the information about the type
of admission to knowledge graph-based models of the artificial intelligence can enhance the capacity of
the clinical decision support system to interpret the severity of illnesses and deliver more successful
healthcare planning and interventions approaches.

D. Length of Stay Distribution Analysis

Length of Stay Distribution (Days)
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Figure 4: This image represents the Distribution of hospital length of stay with most of the patients having less
ICU stay
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Figure 4 represents the length of stay (LOS) of the patients in the hospital expressed in days. The
histogram provides the distribution of the ICU patients with respect to their days of stay in the hospital.
Based on the visualization, it is evident that most patients stay relatively short and there is a huge
concentration of cases during the initial few days of admission. The general patients seem to spend below
about 20 days in the hospital implying that a good number of ICU admissions are short-term intensive
care or treatment followed by discharge or admission to other hospital units [15]. The histogram is
extremely skewed to the right, that is, the majority of the patients will have shorter hospital stays but few
patients will have longer hospital stays. These more extended stays (lasting more than several weeks or
even months in some instances) are normally indicative of patients of extreme medical complexities,
chronic conditions, or complicated rehabilitation procedures taking up extended intensive care and
treatment [16]. The reduction in the cases with the length of stay underscores the infrequency of
extremely long hospitalizations that happen in ICUs. Knowing the length of stay at the hospital is
significant to healthcare analytics as it gives an insight into patient recovery patterns, the use of resources
in the hospital and the efficiency of the healthcare services [17]. Length of stay may also be an useful
predictive characteristic in predictive healthcare models, because a longer hospital stay is sometimes
linked to greater severity of disease or complication or mortality risk. LOS may be connected with other
clinical variables, like admission type, diagnosis, and treatment interventions in the framework of
knowledge graph-based artificial intelligence models to facilitate a more profound analysis of patient
outcomes [18]. As such, hospital stay time analysis would aid in better comprehension of patient care
dynamics as well as allow the creation of more reliable clinical decision support systems.

E. Analysis of Receiver Operating Characteristic (ROC) Curve of SVM Model
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Figure 5: This image illustrate that the SVM model works with ICU mortality risk prediction
The figure 5 shows the Receiver Operating Characteristic (ROC) curve obtained on the Support
Vector Machine (SVM) model that was used to predict mortality in the ICU dataset. ROC curve is one of
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the evaluation tools that have been extensively used in determining the effectiveness of classification
models, especially in healthcare predictive analytics. It plots the True Positive Rate (TPR) or sensitivity
versus the False Positive rate (FPR) at varying levels of classification threshold. The line in the figure is at
the diagonal and it indicates the performance of a random classifier, one where one simply makes
predictions by chance. Contrarily, the blue curve indicating the SVM model is far away on top of the
diagonal line, which implies that the model is far much better compared to the random guessing. The
positive slope of the ROC line proves that the model is capable of a good distinction between positive and
negative classes which in this instance are patients with a high and low risk outcome. The closer the curve
is to the top-left corner of the graph, the more sensitive it is, and the lower the false positive rates, which
are the positive qualities of predictive models in the clinical setting. This action shows that a high
percentage of positive results can be accurately classified by the SVM model and few error instances are
noted [19]. The curve shape of the ROC indicates that the available clinical features in the dataset can be
well discriminated by the classifier to predict the patient outcomes. This predictive accuracy is necessary
in healthcare decision support systems to help clinicians with risky patients detect them and achieve
timely medical care. The ROC analysis thus proves that the SVM-based predictive model exhibits
effective classification and is possible to assist with intelligent clinical decision-making once
implemented with knowledge graph-enhanced artificial intelligence models.

F. Metrics Analysis Model Evaluation

Model Evaluation Metrics
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Figure 6: This image demonstrates accuracy, precision, recall, and F1-score of predictive model performance
The results of the evaluation of the predictive model with many standard performance measures,
such as Fl-score, recall, precision, and accuracy, are shown in Figure 6. These measures are typically
applied to determine the efficiency of machine learning models, especially in healthcare prediction tasks
in which the classification performance should be evaluated carefully. As presented by the bar chart, the
model has recorded the best result in accuracy by recording around 0.93 which implies that most of the
predictions produced by the model were accurate. High accuracy implies that the predictive system is
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capable of making good distinctions between various outcome classes in the sample. Precision also
portrays a strong value of about 0.88 and this value shows that the model contains a high fraction of
correctly predicted positive cases among all predicted positive cases. This becomes especially significant
when used in clinical prediction settings where high accuracy decreases the chances of false alarm and
unwarranted medical treatment. F1-score with a compromise between precision and recall is revealed to
be approximately 0.40. This value demonstrates a harmonic relation between the correctly identified
positive cases and sensitivity of the model to detect the positive cases. At the same time, the recall value
is rather low, about 0.26, which means that this model can actually identify only a part of the positive
cases. Reduction in recall might indicate that the model is missing some of the true positive cases [20].
This measure is vital in healthcare applications since such patients might miss high-risk individuals and
this may lead to impact on patient outcomes. In general, the figure shows that the predictive model works
well in the accuracy and precision but still needs some further optimization in order to achieve better
recall and balance between the evaluation metrics [21]. These findings shed some significant light on the
strong and weak sides of the existing model and reveal the possibilities of future optimization of
predictive performance of knowledge graph-enhanced clinical decision support systems.

G. Comparison of Model Evaluation Metrics

Model Evaluation Metrics
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Figure 7: This figure demonstrates Comparative model evaluation metrics that reflect the accuracy, precision,
recall and F1-score performance

Figure 7 demonstrates how the predictive model has performed comparatively based on four
significant evaluation measures that include the F1-score, recall, precision, and the accuracy. The metrics
are common in machine learning and healthcare analytics to assess the prediction effectiveness of a
classification model on the outcomes of complex clinical data. The bar chart shows clearly that the model
attains the highest accuracy of about 0.94. This high accuracy implies that most predictions of the model
are accurate, and this implies that the model is effective in the capability of separating the outcome classes
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of the dataset. The value of precision is high too; it is close to 0.88, that is, when the model predicts the
positive case, most of the contended predictions are accurate [22]. Precision in particular is important in
clinical work due to its high accuracy since a false positive prediction is minimized thereby avoiding
unnecessary treatments or medical procedures. F1-score is the harmonic mean of the precision and recall
that is about 0.40, which shows a medium balance of both the precision and its capability to detect actual
positive cases in the model. The recall value is however relatively smaller and is approximately 0.26
indicating that the model identifies only a fraction of the real positive cases found in the data. Reduced
recall could suggest that the model is not identifying some high-risk patients. In healthcare prediction,
recall is an important enhancement, as a critical case may be overlooked which will adversely affect the
patient outcomes [23]. The figure indicates that the predictive model works well in terms of accuracy and
precision, though more optimization methods might be necessary to enhance the recall and provide more
balanced evaluation metrics in the clinical decision support system.

VII. Risk and Assessment

The process of risk assessment is a crucial part of the creation of artificial intelligence systems in
the healthcare sector because it allows highlighting the possible issues that can compromise the quality
and efficacy of predictive schemes. In this study, a number of risks associated with data quality, model
performance, and ethical factors were put under proper consideration to make sure the Knowledge Graph-
Enhanced Artificial Intelligence framework of clinical decision support is successfully implemented [51].
The quality and completeness of the healthcare data are one of the greatest risks because medical data can
be missing, inconsistent, or imbalanced in the proportions of classes and affect the machine learning
model performance. To overcome this problem, the data preprocessing methods, including missing values
imputation, categorical encoding, and data normalization, were used in order to improve the quality of the
data and assure the accurate analysis [52]. The other possible risk is associated with the predictive
performance and the ability of the machine learning model to generalize [53]. The results of statistical
models trained on previous data might not be consistent when using the statistical models on newer data
related to the patients. To mitigate this risk, several evaluation metrics were applied such as accuracy,
precision, recall, Fl-score, and ROC curve analysis to carefully evaluate the model performance and
determine potential limitations. Also, privacy and ethical considerations of health data are also significant
risks in the area of clinical research [54]. Albeit the dataset of the present research is anonymized, patient
confidentiality and proper data handling procedures are also the key aspect to ensure that the sensitive
data cannot be obtained by unauthorized individuals or misused [55]. The interpretability of artificial
intelligence models in clinical practice is associated with the risk since healthcare practitioners need clear
and understandable systems to facilitate their decision-making. The use of knowledge graphs in the study
can help in this dilemma by modeling the relationship between clinical entities and enhancing the
explanations of the predictions obtained by the proposed Al-based clinical decision support system and
limiting the risks that the data analysis and model implementation may bring to the clinical decision-
making process.
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This diagram shows critical risks and evaluation variables of healthcare Al decision systems

The Risk and Assessment diagram depicts the critical risks related to the use of artificial
intelligence systems in the field of healthcare clinical decision support. The diagram provides risks in
healthcare Al systems at the center with significant risk categories. These are data quality threats like
missing or incomplete data, imbalanced distribution of classes, and this can impact on the model accuracy
[56]. The model performance risks involve the problem pertaining to the accuracy, precision, recall, and
generalization of predictive models. Ethical factors focus on patient privacy and security of data when
dealing with medical information. Lastly, interpretability brings up the necessity of explainable Al and
transparent clinical predictions to make healthcare professionals familiar and trustful with the Al system.

VIII. Future Work

The future of this study is to refine the proposed Knowledge Graph-Enhanced Artificial
Intelligence framework to expand its predictive capabilities and its usefulness in actual health care
conditions [57]. The possible avenue of future research is the incorporation of more clinical datasets to
make the healthcare information more diverse and richer to analyze. Integrating several sources of
healthcare information, including electronic health records, laboratory reports, medical imaging data, and
clinical notes can assist in generating a broader dataset, which will reflect a broader scope of patient
conditions and treatment interactions. The other significant area to work on in the future is the
advancement of the machine learning models that are applied in prediction. Although this paper uses the
Support Vector Machine (SVM) algorithm, predicting mortality, future studies might consider advanced
machine learning and deep learning models, including the use of Random Forest, Gradient Boosting,
Artificial Neural Networks, and Graph Neural Networks. Such advanced algorithms can offer better
predictive accuracy and better represent any sophisticated relationships in healthcare data. Also, the
interpretability and reasoning of the clinical decision support system can be further improved by further
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development of the knowledge graph component [58]. Future research might be concerned with covering
the knowledge graph with a range of medical ontologies and domain-specific knowledge bases that model
the connections between diseases, symptoms, treatments, and medications. This would allow the system
to make more advanced reasoning and offer more substantive explanations to predictions [59]. The other
significant direction of the future research is to help resolve the problem of class imbalance that is quite
often present in healthcare data. The following techniques could be considered to enhance the detection of
minority classes: data resampling, synthetic data generation, and cost-sensitive learning, which can be
applied especially in the scenario with mortality prediction when the count of death cases can be rather
low. Additionally, it is possible that the proposed framework could be adopted in hospitals to assist in the
provision of clinical decisions in the future by studying how the proposed framework can be implemented
in real-time. Having the system integrated with the hospital information systems and electronic health
record platforms would enable healthcare professionals to get timely predictive information when
attending to the patient [60]. Lastly, additional future research can also be used to examine the creation of
easy-to-use interfaces and visualization systems that would enable clinicians to effortlessly examine
model forecasts and comprehend the relationships that exist among the concepts embodied in the
knowledge graph. The advancements would help to build more reliable, interpretable, and scalable
artificial intelligence systems that can be used to support intelligent healthcare decisions.

IX. Conclusion

This study describes a Knowledge Graph-Enhanced Artificial Intelligence system that can assist in
making intelligent clinical decisions based on ICU patient data. The analysis has considered the
MIMIC3C aggregated data that serves as useful information regarding patient demographics, hospital
admission traits, and clinical interactions throughout the ICU hospitalizations. Through this type of data
and analysis, the study was set to create a predictive system that would detect trends based on patient
outcomes and assist health workers in their informed clinical decisions. The research was conducted in a
systematic methodology which consisted of data preprocessing, exploratory data analysis, knowledge
graph building, and machine learning model building and performance assessment. Exploratory analysis
offered some valuable knowledge on patient demographics, admission patterns and length of stay at the
hospital which aided in grasping the underlying structure of the data. To boost predictability of the
prediction system, the knowledge graph representation was proposed to represent relationships between
clinical entities (patients, diagnoses, type of admission, and interaction with treatment) and improve the
interpretation of the predictive system. On the basis of the extracted features, a Support Vector Machine
(SVM) model was subsequently created to classify patient outcomes. The model was tested in terms of
the traditional measures such as the accuracy, precision, recall, Fl-score, confusion matrix, and ROC
curve analysis. The findings made it possible to conclude that the proposed model delivers high predictive
results, especially accuracy and precision, which means that it is capable of analyzing the data available
about patients in the ICU and can determine the possible patterns of the outcomes. Knowledge graphs
usage, enhanced by the technique of artificial intelligence, is further advantageous in that it embodies the
complicated clinical links and enhances the elucidation of the prediction findings. This attribute is
especially significant in medical settings wherein professionals in the medical field need clear and
dependable decision support applications. Despite the positive findings of the study, some issues like data
limitations, imbalance in classes, and model generalization should be considered in the future work to
help come up with intelligent and interpretable clinical decision support systems. These systems may help
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healthcare providers to detect high-risk patients, enhance planning of their treatment, and overall improve
the quality of healthcare delivery with the help of the data-driven insights.
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