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ABSTRACT

An Electronic Health Record is a digital database comprising of all the information related to
a patient’s medical history and treatment journey. It is a digital record of all the clinical
activities, medications and lab tests that the patient has undergone. All the details regarding
treatment costs are also available in an Electronic Health Record. They have immense
advantage in the field of healthcare offering detailed insights into a patient’s medical
background enabling the healthcare advisors and physicians to deliver quality care to the
patient.

However, healthcare costs are rising worldwide, including treatment costs , hospital and ICU
stays, and medication expenses. In order to address this challenge it is essential to develop
predictive models that can forecast the probable treatment path and also the future potential
risk associated with a patient’s disorder. This can also help to predict the future treatment
expenses

In this thesis, we propose a machine learning approach to predict the risk of patients suffering
from severe Mental Disorder with limited medical history available in Electronic Health
Record. Here, we aim to predict the future risk and possible clinical activities of newly admitted
Mental Disorder Patients, using the records of existing Mental Disorder patients available in
Electronic Health Record.

We have made use of Hierarchical DBSCAN ( Hierarchical Density Based Spatial Clustering
of Applications with Noise) and Edit Distance to group the existing Mental Disorder Patients
according to the similarity of their clinical activities. Markov Model have been used to test the
interpretability of our approach and using Maximum Likelihood, we have assigned the new
patient to the group with highest likelihood. Then, we have predicted future medications,
diagnostics and lab tests for a certain number of days in future using Markov Model.

We have compared our risk-prediction model with other state-of-the-art models. This
comparative analysis suggests that our proposed algorithm has outperformed other
architectures.
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Chapter 1

Introduction

1.1 Electronic Health Record

Electronic Health Records (EHRS) serve as a repository of patient’s medical background. They
contain a comprehensive record of a patient's medical history, including diagnoses,
medications, treatment plans, immunization dates, allergies, radiology images, and laboratory
test results. EHRs are designed to facilitate smooth communication across various healthcare
settings. They provide a wider perspective of the patients overall care. It serves as a centralized
and accessible source of health related data that is securely stored and can be shared among
healthcare providers and organizations involved in the care of a patient. EHRs enhances patient
care by improving clinical decision-making, care coordination, efficiency, patient engagement
while adhering to strict security and privacy standards.

An Electronic Health Record System can be defined as a structured database of health
information of an individual. This information is designed to be shared over internet across
various healthcare settings including hospitals and clinics. Three primary entities are involved
within an EHR system:

i) Data owner: Data owner is typically the patient. They allow controlled external access to
their health record.

ii) User: User can be an individual (a doctor, a nurse , healthcare administrator) or a healthcare
organization who is requesting the data from EHR system

iii) Server: Server is responsible for receiving data from the data owner and make it available
to the user who is requesting to access the EHR system. [1]
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Fig 1: Block Diagram of an EHR System ( from Pham et al. [1] )



1.1.1 History of Electronic Health Record

Here, we are going to look back into the history of Electronic Health Record (EHR). We are
going to focus on how EHRs have evolved over time. The origin of EHRs dates back in 1960°s
when the term “Electronic Health Record” was first introduced and electronic data processing
began to gain popularity. The first major health systems, was The Mayo Clinic in Rochester,
Minnesota. It marked a transition from paper medical records to adopting an Electronic Health
Record (EHR) system. Regenstrief Medical Record System (RMRS) was one of the earliest
implementation of EHR. It was used by the researchers of Regenstrief Institute in Indiana
during 1970’s. RMRS marked a significant step towards development of “Electronic Medical
Record”. They were the first systems to use computers for storing and retrieving data.

By 1990’s, computers were used in medical offices for record keeping. EHRs were used to
store data patient record, process claims and scan documents. The advent of internet marked a
shift enabled recording and transfer of electronic medical records.

Digitizing health records is important as they allow the physicians and clinicians to easily
access the patient’s information, enhances coordination and collaboration among different
provides. Digital health record systems also ensures better coordinated and effective healthcare
treatment to patients. As technology advanced, digitizing health records became more
accessible. Government initiatives were undertaken to encourage EHRs. The Health
Information Technology for Economic and Clinical Health (HITECH) Act of 2009 in the
United States, provided financial incentives to promote the adoption of EHRs, especially
helping smaller providers integrate these systems.

EHRs have offered healthcare providers real-time access to patient records. They facilitate
coordinated care across different providers and minimizes the risk of medical errors. They also
help reduce costs associated with managing paper records, including printing, storage, and
retrieval expenses. Presently, EHRs have become an integral part of healthcare systems. They
have several advantages over the traditional paper based records. EHR software has become
essential over the past decade since they facilitate an efficient communication between major
medical systems. [2-3]

Currently further research is going on in order to increase the efficiency and functionality of
EHRs by incorporating Artificial Intelligence and Machine Learning.
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1.1.2 Functionalities of Electronic Health Record (EHRS)

1. Clinical Documentation: EHRs allow healthcare providers to create, update and access
comprehensive clinical documentation, including progress notes, consultation reports,
discharge summaries, and procedure notes. This functionality ensures that all the relevant
patient information is accurately recorded and easily accessible to unauthorised users.

2. Order Entry and Management: EHR systems enable electronic order entry and management
for medication, laboratory tests, imaging studies, referrals and other medical services.
Healthcare providers can electronically submit orders, reducing dependency on paper based
processes and minimizing errors associated with manual transcription.

3. Results Management: EHRs receive, store and display results from laboratory tests, imaging
studies and other diagnostic procedures. This functionality allows healthcare providers to
review and interpret results within the patient’s electronic record, facilitating timely decision
making and treatment planning.

4. Decision Support; EHR systems incorporate clinical decision support tools that provide
alerts, reminders, and evidence based recommendations to assist healthcare providers in
making informed clinical decisions. These tools help improve patient safety, adherence to best
practices, adherence to clinical guidelines.

1.1.3 Benefits of Electronic Health Records (EHRS)

1. Enhanced Accessibility and Availability: EHRs provide healthcare providers with instant
access to patient records from any location with internet connectivity. This enables timely
decision making, especially in emergency situations, and facilitates coordinated care across
multiple healthcare settings.

2. Improved Efficiency and Productivity: EHR systems streamline administrative tasks,
automate workflows, and reduce paperwork, allowing healthcare providers to focus more on
patient care. Tasks such as order entry, results management, and documentation can be
completed more efficiently within the EHR system, leading to increased productivity.

3. Enhanced Patient Safety and Quality of Care: Decision support tools embedded within EHR
systems help identify potential medication errors, adverse drug reactions, and other safety
concerns. Alerts and remainders for drug interactions, allergies, and dosage adjustments help
prevent errors and improve medication management, ultimately enhancing patient safety and
quality of care delivered.

4. Facilitate Communication and Collaboration: EHRs enable seamless communication and
information sharing among healthcare providers across different specialities, departments, and
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care settings. This promotes collaboration and care coordination, reducing the risk of
fragmented or duplicated care and improving continuity of care for patients.

5. Support for Evidence Based Practice and Research: EHRs provide a wealth of data that can
be used for clinical research, quality improvement initiatives, and population health
management. Data analytics tools within EHRs enable healthcare organizations to analyse
trends, identify areas of improvement, and implement evidence-based practices to enhance
patient outcomes.

1.1.4 Limitations of Electronic Health Record (EHRS)

Electronic Health Records have numerous advantages for patient health care and and medical
research, yet they also present several challenges:

1. Privacy and Security Data : EHRs contain highly sensitive patient information and they are
prime target for cyberattacks. Robust encryption techniques, secure access control are required
to protect the privacy and security of these records.

2. Interoperability Challenges: Different healthcare providers often use EHR systems that are
not compatible with each other. This lack of standardization can hinder the smooth exchange
of information between institutions, resulting in fragmented patient care.

3. Accuracy of Data Entry: The quality of EHR data is dependent on the accuracy and
completeness of the information input by healthcare providers. Errors, omissions, or
inconsistencies in data entry can result in mistakes in patient care and research.

4. Impact on Workflow and Usability: Many EHR systems are not user-friendly and can be
difficult to navigate, disrupting clinical workflows. Healthcare providers may spend a
significant amount of time entering data, which can reduce the time available for patient
interaction and care.

5. Cost and Implementation: Implementing and maintaining EHR systems can be costly.
Smaller healthcare practices might find these expenses challenging, resulting in unequal
adoption and use of EHR technology.
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1.2 Research Scope in Electronic Health Record (EHRS)

There are immense research scopes in the field of Electronic Health Records. A wide range of
topics can be explored which includes improving the quality, safety, and efficiency of
healthcare through the effective use of digital health information systems. The research scope
in EHRs encompasses various dimensions of technology, policy and practice like usability and
user experience studies to clinical decision support interventions and data analytics.
Investigations into patient engagement, health disparities, global perspectives, and emerging
technologies offer insights in the field of healthcare information technology. Moreover, ethical
considerations surrounding privacy, security, and data governance are integral to the research
agenda, which ensures that the innovations in EHRs uphold principles of patient
confidentiality. These researches can contribute to advancing knowledge, informing policy,
and shaping the future of healthcare delivery, striving towards a more efficient, equitable and
patient-centered healthcare system.

1.2.1 Research Applications in Electronic Health Records (EHRS)

Research applications using Electronic Health Records (EHRs) have significantly advanced
medical studies by providing extensive and detailed patient data. EHRS enable researchers to
access a wealth of information on patient histories, treatments, and outcomes, which can be
utilized to identify trends, improve clinical practices, and develop new therapies. This
integration of comprehensive health data into research facilitates more robust and accurate
studies, ultimately enhancing the quality of healthcare. Now, we will be discussing on some
research fields using EHRs.

1. Clinical Research: EHRs provide a rich source of data for clinical research, enabling
researchers to conduct observational studies and outcome research. Researches can analyze
EHR data to study disease patterns, treatment effectiveness and patient outcomes contributing
to evidence based medicine and clinical decision making.

2. Population Health Management: EHRs support population health management initiatives by
providing data analytics and reporting capabilities. EHR data can be used to identify at-risk
populations, track health trends, and monitor outcomes at the population or community level.

3. Predictive Analytics: EHR data can be used for predictive analytics to forecast disease
progression, identify high-risk patients, and anticipate healthcare needs. Researchers can
develop predictive models and risk stratification algorithms using EHR data to support early
intervention and targeted preventive care.
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4. Health Services Research: EHR data can be used for health services research to study
healthcare delivery processes, resource utilization patterns, and quality of care.

5. Translational Research: EHR facilitate translational research by bridging the gap between
basic science and clinical practice. EHR can be used to study implementation and effectiveness
of new therapies, interventions and technologies in real world clinical settings.

1.3 Scope of Al in Electronic Health Record (EHRS)

In the recent years, the healthcare industry has witnessed a transformative shift towards
digitization, with Electronic Health Records (EHRs) becoming integral to modern healthcare
delivery. As healthcare systems generate vast volumes of data, the need to harness the power
of technology to effectively manage, analyse, and derive actionable insights from this data has
become increasingly paramount. Al technologies, including machine learning, natural
language processing, and image analysis offer opportunities to enhance functionalities and
utility of EHR systems. From optimizing data management and clinical decision-making to
enable personalized medicine and population health management, the scope of Al in EHR is
vast. The unique features of machine learning and natural language processing (NLP) can help
record the unique medical experiences of patients, search the large EHR data banks for
important documents, gauge patient satisfaction, etc. The machine learning models combined
with NLP can help healthcare providers in transcribing the speech from the voice recognition
system into text. The algorithms can be trained to deal with huge amounts of patient data related
to the treatment, equipment used for treatment, respective doctor consulted etc. Further, this
data can be segmented based upon the individual patient, illness, treatment for illness, etc. This
will enhance the document and information search from the large databases.

1.3.1 Predictive Analysis using Machine Learning

Predictive analysis in Electronic Health Records using Machine Learning techniques is
transforming healthcare delivery. Machine learning algorithms can uncover hidden patterns
and relationships, by leveraging vast amounts of patient data like demographics, medical
history, diagnostic tests, and treatment outcomes. These insights helps to mitigate and
anticipate health risks, identify early signs of diseases, design a treatment plan to individual
patient needs, and optimize resource allocation. Machine learning driven predictive analytics
helps clinicians with valuable decision support tools, leading to improved patient outcomes,
reduced healthcare costs, and more efficient healthcare delivery systems. However, successful
implementation requires addressing challenges related to data quality, privacy concerns, model
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interpretability, and regulatory compliance to ensure the responsible and ethical utilization of
predictive analytics in healthcare settings.

To implement predictive analysis using Machine Learning, following steps are implemented:

1. Data Collection: Gathering EHR data from electronic health record systems, including
patient demographics, medical history, diagnoses, medications, lab results, and treatment plans.

2. Data Preprocessing: Cleaning and preprocessing the EHR data for analysis, which may
involve handling of missing value, normalizing data, and encoding categorical variables.

3. Feature Engineering: Selecting and extracting relevant features from EHR data that are
predictive of the outcome interest, such as disease onset or treatment response

4. Model Training: Training machine learning using historical EHR data and appropriate
algorithms for the prediction task at hand, such as logistic regression, decision trees, or deep
learning models.

5. Model Evaluation: Assessing the performance of the trained models using validation datasets
and appropriate metrics, such as accuracy, precision, recall or area under the ROC curve

6. Deployment: Integrating the trained models into clinical workflows and EHR systems to
provide real-time predictions and decision support for healthcare providers

Predictive analysis using machine learning in EHR has the potential to improve patient
outcomes, optimize healthcare delivery, and reduce costs by enabling more personalized and
proactive care. However, its essential to address the challenges related to data quality, privacy,
and interpretability to ensure the responsible and ethical use of these technologies in healthcare.

1.3.2 Text Extraction using Natural Language Processing

In Electronic Health Records (EHRS), extracting text using Natural Language Processing
(NLP) involves deciphering and interpreting unstructured clinical data. Initial step is to gain
access to the EHR system, and identifying relevant text fields like clinical notes and diagnostic
reports. Once identified, preprocessing steps include cleaning the text to remove noise and
irrelevant information, ensuring a refined dataset for analysis. Tokenization breaks down the
text into manageable units, while Named Entity Recognition (NER) techniques pinpoint and
classify entities such as medical conditions, medications, and procedures. Following this,
normalization links entities to standardized medical terminologies, enabling interoperability.
Advanced NLP processes, including relationship extraction and sentiment analysis, extract
insights from the text, aiding in understanding patient care pathways and sentiment analysis.
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Quality assurance measures ensure the accuracy and reliability of the extracted information,
refining NLP models iteratively. By leveraging NLP, healthcare organizations can unlock
valuable insights from EHR text, enhancing clinical decision-making and patient care
processes. One application of Text Extraction in EHR involves case detection which comprises
identifying specific cases or instances of medical conditions, diseases or information stored in
the EHR system. Case detection in EHRs is often facilitated through data analysis techniques,
including machine learning, natural language processing (NLP), and statistical methods,
applied to the structured and unstructured data stored in EHRs. The goal of case detection is to
assist healthcare providers in identifying patients who may require targeted interventions,
monitoring, or follow-up care, ultimately improving patient outcomes and healthcare delivery.
Examples of case detection tasks include identifying patients with chronic diseases such as
diabetes or hypertension, detecting adverse drug reactions, or identifying patients at risk of
hospital readmission.

Steps to implement text extraction in EHR using Natural Language Processing:

1. Data Access and Preprocessing: It involves gaining access to the EHR system and identifying
the relevant text fields containing clinical notes, discharge summaries, radiology reports, and
other free-text data. Then the text is pre by removing noise, such as special characters,
punctuation, and irrelevant information like headers and footers.

2. Tokenization and Sentence Segmentation: The pre processed text is tokenized into individual
words or phrases, and segmented into sentences. This step breaks down the text into smaller
units, facilitating further analysis.

3. Named Entity Recognition: Named Entity Recognition (NER) techniques are applied to
identify and classify named entities in the text, such as patient names, healthcare providers,
medical conditions, medications, procedures, and anatomical entities. NER models can be
trained on annotated healthcare data to recognize domain-specific entities accurately.

4. Entity Linking and Normalisation: Identified entities are linked to standardized medical
vocabularies or ontologies (e.g., SNOMED-CT, ICD-10, RxNorm) to normalize the extracted
information and ensure interoperability across different healthcare systems. This step improves
data consistency and facilitates data integration and analysis.

5. Relationship Extraction: The relationships between entities mentioned in the text are
extracted, such as associations between medical conditions and treatments, patient-provider
relationships, and temporal relationships (e.g., onset dates of symptoms, dates of procedures).
This step helps in understanding the context of clinical events and patient care pathways.

6. Sentiment Analysis: The sentiment expressed in clinical text is analyzed to identify
subjective information such as patient complaints, treatment satisfaction, or emotional states.
Sentiment analysis techniques can help in monitoring patient experiences and sentiments over
time and identifying areas for improvement in healthcare delivery.

7. Topic Modelling and Summarization: Topic modeling techniques are applied to identify
latent topics or themes present in the clinical text data. Summarize large volumes of clinical
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documents to extract key insights, trends, and patterns, facilitating data-driven decision-
making and knowledge discovery.

8. Quality Assurance and Validation: The accuracy and reliability of the extracted information
are validated through manual review by domain experts or comparison with gold standard
datasets. Iteratively refine and improve the NLP models based on feedback to ensure high-
quality text extraction results.

1.4 Overview of Past Work on Electronic Health Record

In this section we will be exploring the past research work done on EHRs .We will get a
comprehensive understanding of the past studies, research works and the discoveries made in
this field.

Electronic Health Records (EHRs) have transformed healthcare management by digitizing
patient information. They contain everything from diagnoses to medication histories and test
results. EHRs make it easy for healthcare providers to access this information quickly,
improving coordination among different providers. They also come with helpful tools that give
real-time guidance to healthcare professionals, making diagnoses and treatments more
accurate. Plus, EHRs help identify patients who need preventive care, promoting wellness.
Patients can also get involved in their care through EHRS by accessing their records online.
Overall, EHRs are changing healthcare for the better by making care more coordinated,
accurate, and patient-centered. Many research works have been implemented using EHRs. [4]
Grafa and Jackwoski (2015) examines the role of EHR in various aspects like data mining,
security and privacy, developing decision support systems and so on. In data mining, EHRs are
used in analysing vast amounts of patient data. It identifies trends and patterns which are useful
for decision making and population health management. EHRs use encryption and access
controls to protect sensitive patient data. Effective use of EHR can help in achieving a patient-
focused healthcare like reduction in healthcare costs, improving the quality care. [5] Noteboom
et al (2014) conducted research on how to effectively use EHRs in order to develop a patient-
focused healthcare system. These include streamlining data entry processes to ensure accurate
and comprehensive patient records, enhancing interoperability between EHR systems for
seamless data exchange, empowering patients through access to their health records and online
communication platforms, integrating clinical decision support tools to aid evidence-based
decision-making, leveraging EHR data analytics for population health management and quality
improvement initiatives, and providing continuous training and support to healthcare providers.
Additionally, personalized care plans, remote monitoring, care coordination, patient safety
initiatives, and patient education are essential components in optimizing EHR usage to
prioritize patient engagement, clinical effectiveness, and overall healthcare quality.
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Electronic Health Records began to gain popularity in 1990’s. There was a shift from using
traditional paper based records to the use of EHRs. Further with the advancements in
technology, EHRs became the core of the healthcare system.[6] Evans (2016) showed how
EHRs have evolved from 1992 till 2015. The paper also provides insights about the future
aspects of EHR.

Recently, Artificial Intelligence and Machine Learning is being used in EHRs for enhancing
its effectiveness and functionality. They help to uncover hidden patterns in the data, automate
routine administrative tasks, forecast potential risks, enabling decision making. Several
researches have been conducted on the integration of Al and ML into EHR systems [7]. EHR
data can help in early forecasting of diseases. [8] Guru et al (2023) worked used machine
learning algorithms for early prediction of diabetes. [9] Caroprese et al (2018) implemented
deep learning tools for enhancing the efficiency of EHRs.

Deep Learning is a subset of machine learning which can automatically extract relevant feature
from the raw data, they can model complex non-linear relationships in the data, handle large
unstructured data. Deep Learning techniques can revolutionize EHRs further enhancing its
capability and functionality.

Thus, we can get a summary of the research studies conducted using EHRS.
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1.5 Risk Prediction using Electronic Health Record

Risk prediction using Electronic Health Records (EHR) uses patient’s data stored in EHR
systems to assess their likelihood of developing certain medical conditions or adverse health
events in the future. This process typically utilizes machine learning and statistical modelling
techniques to analyze a variety of patient factors, including demographic information, medical
history, laboratory results, medication usage, and lifestyle factors. By identifying patterns and
correlations within this data, predictive models can estimate an individual's risk of developing
conditions such as diabetes, cardiovascular disease, or cancer, as well as predict the likelihood
of experiencing events like hospital readmissions, complications from treatment, or adverse
drug reactions. Risk prediction models can provide valuable decision support for healthcare
providers by helping to identify high-risk patients who may benefit from targeted interventions,
preventative measures, or closer monitoring, ultimately leading to more proactive and
personalized patient care.

Risk prediction utilizes prior medical knowledge within Electronic Health Record (EHR), uses
historical patient data and medical principles to predict future health risks. By integrating past
medical history, laboratory results, medication records, and demographic information
alongside medical guidelines and expert insights, predictive models can be developed which
can identify patterns and indications of future potential risks. By incorporating medical
knowledge directly into EHR systems, healthcare providers can gain a comprehensive
understanding of each patient’s unique risk profile, enabling them to implement proactive
interventions, personalized treatment plans, and preventive measures. This approach not only
enhances clinical decision-making but also facilitates early detection and intervention,
ultimately improving patient outcomes and reducing healthcare costs.

1.6 Objective of the Thesis

This thesis is used to predict the risk of newly admitted patients suffering from severe mental
disorder and having limited amount of medical history in the Electronic Health Record (EHR).
Here, Edit distance and DBSCAN (Density Based Spatial Clustering of Applications with
Noise) clustering algorithm have been used to categorize the mental disorder patients ( whose
records are already available in the EHR) into groups on the basis of similarity of the sequences
of their clinical activities like diagnoses, lab tests and medications over their stays at Intensive
Care Units (ICU). Next, Markov Chain Model has been used to mathematically represent each
group. Risk prediction of the new patient belonging to each group is calculated using composite
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likelihood. The patient is then assigned to the group with maximum likelihood. Markov Chain
Model is then used to calculate the finite sequence of future activities of the unknown patient.

The main objective of this thesis is to propose a novel machine learning approach for early risk
prediction of a patient suffering from severe mental disorder. Early and accurate risk prediction
would help the medical practitioners design an effective treatment path and start with the
required diagnoses at the earliest. It would also help to address the challenges associated with
treatment costs, cost over hospital stays and the healthcare expenditures. Early risk prediction
would help in estimating the healthcare and medication related expenditures, as it would help
us the calculate the future set clinical activities and the treatment path of the patients. We have
used MIMIC-IIl EHR database to study the effectiveness of the proposed method and the
compared the proposed algorithm with other state-of-the art techniques.

1.7 Organization of the Thesis

Chapter 2 provides a detailed explanation of the thesis, presenting a new machine learning
method for predicting the risk of severe mental disorders in patients. Chapter 3 offers a
summary and conclusion of the thesis, along with insights into potential future research
directions. References and bibliographies relevant to each chapter are included at the end of
those chapters.
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Chapter 2

Risk Prediction of Patients with Severe Mental Disorder using Machine
Learning

2.1 Introduction

An Electronic Health Record (EHR) functions as a digital archive containing comprehensive
medical information about a patient, including treatment histories, prescribed medications,
diagnostic results, and incurred treatment costs. This extensive data collection has driven
advancements in healthcare methodologies aimed at enhancing patient care and optimizing
resource use. We have made a detailed discussion on EHR in chapter 1.[1]

EHR data often focus on immediate healthcare needs rather than long-term risk prediction,
making it challenging to develop comprehensive predictive models. Previous studies mainly
focused on predicting mortality or specific diseases rather than treatment paths. Additionally,
while neural network models offer accuracy, they lack interpretability crucial for healthcare
professionals.

With healthcare costs soaring globally, there is a need to manage expenses efficiently while
ensuring that patients receive proper care, especially in the regions with limited medical
resources. Predictive modelling using EHR data can help anticipate future risks for patients,
even those with incomplete medical histories. However, creating accurate predictive models
poses several challenges [2].

This thesis introduces a new machine learning approach to predict the early risk of severe
mental disorders (MD) using EHR data. It divides MD patients into groups based on the
similarity of their clinical activities during Intensive Critical Care Unit (ICU) stays, using
DBSCAN clustering algorithm. Edit distance is used to assess the similarity between the
sequence of their clinical activities. Each group is then represented by a Markov chain model,
ensuring interpretability. In the prediction phase, the model identifies potential risks for new
patients with limited medical histories by assigning them to the most similar group with highest
likelihood and predicting their future clinical activities using the Markov chain model.

The proposed algorithm is evaluated using the MIMIC-111 EHR database and compared with
existing techniques, demonstrating superior performance. The paper is organized into sections
discussing data organization, group formation based on clinical activities, Markov chain
representation, risk prediction methodology, experimental results, and conclusion.

The following sections gives an overview of the methods that has been utilized in our work.
Markov Chain Model will be explained first, followed by the examination of the Hierarchical
Clustering DBSCAN algorithm and Edit Distance and finally, an overview of Likelihood
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Probabilities will be provided. The application of the above methodologies in healthcare
domain will also be highlighted.

2.1.1 Preview

In this section we are going to give an overview of the methods that have been utilized in our
work. Markov Chain Model will be explained first, followed by the examination of the
Hierarchical Clustering DBSCAN algorithm and Edit Distance (ED) and finally, an overview
of Likelihood Probabilities will be provided. The application of the above methodologies in
healthcare domain will also be highlighted.

2.1.1.1 Markov Chain Model

A Markov chain, credited to Andrey Markov, is a probabilistic framework used to forecast the
probability of a series of events, relying on the state of the previous event. It's extensively
employed in diverse fields, especially where sequential data analysis is crucial. This model
provides a simple yet robust method to comprehend and evaluate processes over time. By
applying mathematical concepts, it enables us to make reasoned predictions about forthcoming
events, drawing from past observations.

The essence of the Markov process lies in figuring out how likely it is to move from one state
to another. What sets the Markov model apart is its reliance solely on the current state to
anticipate what comes next for a random variable. Put simply, a random variable is something
whose values are shaped by chance outcomes. This aspect of the Markov model highlights its
effectiveness and flexibility in understanding the workings of different systems. It gives us
useful clues about the chances of moving between states, aiding in making well-informed
decisions.

The Markov process is a key idea in stochastic modelling, featuring a unique trait called
"memorylessness.” In simpler terms, memorylessness refers to specific probability
distributions where the likelihood of an event happening doesn't depend on how much time has
passed since the last event occurred. This essentially means that the model doesn't remember
its past state; it's as if it starts fresh with each event, making it impervious to previous
happenings. As a result, the probabilities of future events aren't influenced by what's already
occurred, underscoring the self-contained behavior of the model's dynamics.

The unique feature of a Markov process lies in its memoryless property. In essence, the
predictions made within a Markov process solely rely on its present state, detached from any
influence of past or future states. This means that the likelihood of future events occurring is
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determined solely by the current state of the process, devoid of any dependence on its historical
trajectory or future outcomes.

Markov Chain Models have various applications in the field of healthcare. They offer insights
into disease dynamics, treatment efficacy, resource allocation and epidemiological trends.
They are extensively used in disease progression modelling, where they simulate how diseases
evolve by defining health states (like healthy, diseased, or recovered) and the transitions
between them. This helps assess disease burden and evaluate treatment effectiveness. They can
forecast the long-term consequences of different treatment approaches for chronic illnesses by
analysing how patients move between health states based on treatment response and disease
advancement. This aids clinicians in tailoring treatment plans for better patient outcomes.[3]

2.1.1.2 Hierarchical DBSCAN Clustering Algorithm

Hierarchical DBSCAN (Density-Based Spatial Clustering of Applications with Noise) is a
variant of the traditional DBSCAN clustering algorithm that incorporates hierarchical
clustering principles. This adaptation enhances DBSCAN's ability to detect clusters at different
scales and provides a hierarchical structure of clusters within the dataset. In Hierarchical
DBSCAN, the algorithm first identifies dense regions of data points similar to standard
DBSCAN by considering two key parameters: epsilon (&) and minPts. These parameters dictate
the minimum distance and minimum number of points required to form a dense region or
cluster, respectively. Once initial clusters are formed, Hierarchical DBSCAN employs
hierarchical clustering techniques to organize these clusters into a hierarchical structure. This
hierarchical structure represents relationships between clusters at different levels of
granularity, allowing for the identification of clusters within clusters and capturing the
hierarchical nature of the data. The hierarchical structure can be represented using dendrograms
or trees, where clusters are nested within one another based on their similarities and spatial
proximity. This hierarchical representation enables users to explore the dataset at various levels
of detail, from overarching macro-clusters to finer-grained micro-clusters. One advantage of
Hierarchical DBSCAN is its ability to handle datasets with varying densities and complex
cluster structures. By incorporating hierarchical clustering principles, the algorithm can capture
clusters of different sizes and shapes, making it more robust and versatile for clustering tasks.
However, it's important to note that Hierarchical DBSCAN may come with increased
computational complexity compared to standard DBSCAN, particularly when dealing with
large datasets or high-dimensional data. Additionally, parameter selection, such as choosing
appropriate values for epsilon (¢) and minPts, remains crucial for achieving meaningful
clustering results. Hierarchical DBSCAN combines the strengths of both DBSCAN and
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hierarchical clustering, offering a powerful approach for discovering and analyzing clusters in
datasets with hierarchical structures and varying densities.

Hierarchical DBSCAN clustering is increasingly utilized in healthcare for patient stratification,
disease subtyping, resource allocation, fraud detection, and clinical trial design. It aids in
identifying patient subgroups based on health data, optimizing resource distribution,
uncovering fraudulent activities in healthcare claims, and selecting homogeneous patient
cohorts for clinical trials. By leveraging its ability to identify clusters in data with varying
densities and hierarchical structures, hierarchical DBSCAN clustering facilitates personalized
healthcare delivery, advances precision medicine approaches, and enhances healthcare system
efficiency [4].

2.1.1.3 Edit Distance

Edit distance, also known as Levenshtein distance, measures how different two strings are by
counting the minimum number of operations needed to change one string into the other.
These operations usually involve inserting, deleting, or substituting individual characters.

For example, if there are two strings: "kitten™ and "sitting." The edit distance between them
represents the minimum number of edits needed to transform "kitten" into "sitting." Here is
how this transformation can be achieved:

1. ‘’k’ is replaced with ‘s’:
“kitten” — “sitten”

Number of Edits =1

2. There will be no change for ‘1’
“sitten” — “sitten”

Number of Edits =0

3. There will be no change for ‘t’
“sitten” — “sitten”

Number of Edits =0

4. Again, there will be no change for ‘t’
“sitten” — “sitten”

Number of Edits =0
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5. ‘1’ is inserted after ‘t’, inplace of ‘e’
“sitten” — “sittin”

Number of Edits =1

6 ‘g’ isinserted after ‘n’
“sittin” — “sitting”

Number of Edits=1

Edit distance to transform the string “kitten” to “sitting” is 3

Edit distance plays a crucial role in various aspects of healthcare data management and
decision-making [5]. In medical coding and billing, it ensures accuracy by comparing medical
codes or descriptions, aiding in precise billing and record-keeping. Moreover, in clinical text
mining, edit distance assists in analyzing unstructured clinical text from electronic health
records, facilitating information retrieval and knowledge discovery. Patient matching across
different sources is also enhanced through edit distance, ensuring comprehensive patient
records by comparing demographics. Additionally, it identifies similar drug names to prevent
medication errors and adverse reactions, while standardizing disease names improves
interoperability and disease surveillance. Furthermore, in clinical decision support, edit
distance matches patient data to clinical guidelines. Edit distance plays a crucial role in various
aspects of healthcare data management and decision-making. In medical coding and billing, it
ensures accuracy by comparing medical codes or descriptions, aiding in precise billing and
record-keeping. Moreover, in clinical text mining, edit distance assists in analyzing
unstructured clinical text from electronic health records, facilitating information retrieval and
knowledge discovery. Patient matching across different sources is also enhanced through edit
distance, ensuring comprehensive patient records by comparing demographics. Additionally,
it identifies similar drug names to prevent medication errors and adverse reactions, while
standardizing disease names improves interoperability and disease surveillance. Furthermore,
in clinical decision support, edit distance matches patient data to clinical guidelines, providing
personalized decision support for healthcare providers . Overall, edit distance contributes to
accuracy, interoperability, and patient safety in healthcare data management and decision-
making processes.
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2.1.1.4 Likelihood Probability

Likelihood probability, essentially, is the measure of how probable an event is to occur given
certain conditions or evidence [7]. It is comparable to assessing the chances of a particular
outcome happening based on the information available. In healthcare, this concept is
invaluable. For example, in diagnostic testing, likelihood probability aids clinicians in
deciphering test results by evaluating the probability of specific outcomes given a patient's
health status. This facilitates precise diagnoses and treatment plans. Furthermore, in risk
assessment, likelihood probability helps gauge the probability of individuals developing certain
health conditions, allowing healthcare providers to tailor preventive measures accordingly.
Additionally, it plays a pivotal role in evaluating treatment efficacy, offering insights into the
likelihood of treatment success based on various factors. By harnessing likelihood probability,
healthcare professionals can make informed decisions, enhance patient care, and ultimately
improve health outcomes.

In addition to diagnostic testing, likelihood probability is instrumental in clinical decision-
making processes. Healthcare providers often encounter complex scenarios where they must
weigh the risks and benefits of different treatment options. Likelihood probability assists in
this decision-making by providing probabilistic estimates of various outcomes. For example,
it helps predict the likelihood of a patient responding favourably to a particular treatment,
developing complications, or experiencing disease progression. This information empowers
clinicians to make evidence-based decisions tailored to each patient's unique circumstances,
optimizing treatment efficacy and minimizing adverse events.

Moreover, likelihood probability contributes to patient-centered care by facilitating risk
stratification and personalized medicine approaches. By assessing the probability of
individuals developing certain health conditions based on their risk factors and genetic
predisposition, healthcare providers can implement targeted preventive interventions and
lifestyle modifications. This proactive approach not only improves patient outcomes but also
reduces healthcare costs associated with managing preventable diseases.

Furthermore, likelihood probability is essential in healthcare quality improvement initiatives.
Healthcare organizations utilize probabilistic models to analyse clinical data and identify areas
for improvement. By quantifying the likelihood of adverse events, medical errors, or treatment
complications, healthcare leaders can implement targeted interventions to enhance patient
safety and care quality. Likelihood probability also supports outcome-based evaluation metrics,
enabling healthcare organizations to measure performance, track progress, and drive
continuous quality improvement efforts [8].
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Thus, Likelihood probability serves as a cornerstone of evidence-based practice in healthcare,
guiding diagnostic and treatment decisions, promoting patient-centered care, and driving
quality improvement initiatives. By harnessing the power of probabilistic reasoning, healthcare
professionals can navigate complex clinical scenarios with confidence, ultimately improving
patient outcomes and advancing the delivery of high-quality healthcare services.

2.1.1.5 Mental Disorder

Mental disorders, which encompass a broad spectrum of conditions affecting mood, cognition,
and behaviour, pose significant challenges globally. These disorders are a cause for concern
due to their profound impact on individuals, families, and society as a whole. Mental disorders
are a growing concern due to their widespread occurrence and rising rates globally. For
example, depression affects millions worldwide, leading to substantial societal and economic
challenges. This increase can be attributed to changes in society, lifestyle stressors, and
biological factors. Modern lifestyles characterized by urbanization, economic pressures, and
social isolation contribute to heightened levels of stress and mental health issues. Moreover,
stigma and lack of access to mental healthcare hinder many people from seeking assistance
promptly. Additionally, shortages of mental health professionals and inadequate funding
worsen the problem.

One of the primary reasons for the heightened concern surrounding mental disorders is their
widespread prevalence and increasing rates worldwide. Mental disorders are a growing concern
due to their widespread occurrence and rising rates globally. According to the World Health
Organization (WHOQO), conditions like depression affect millions of people worldwide, leading
to significant societal and economic challenges. This increase can be attributed to changes in
society, lifestyle stressors, and biological factors. According to the statistics published by
WHO, in 2019, approximately 970 million people, or 1 in every 8 people worldwide, were
living with a mental disorder, with anxiety and depression being the most common. The
COVID-19 pandemic in 2020 led to a significant rise in these conditions, with initial estimates
indicating a 26% increase in anxiety disorders and a 28% increase in major depressive disorders
within a single year. Although there are effective prevention and treatment options available,
many individuals with mental disorders do not receive adequate care. Additionally, they often
face stigma, discrimination, and human rights violations [9]. Mental disorders globally
contribute to 1 in 6 years lived with disability. Individuals with severe mental health conditions
have a life expectancy that is 10 to 20 years shorter than the general population. Additionally,
having a mental health condition elevates the risk of suicide [10].
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Hence, Mental health is crucial for our overall well-being, affecting how we think, feel, and
connect with others. However, mental health problems are becoming more common, impacting
people from all walks of life. To tackle these challenges effectively, we need to take a
comprehensive approach that includes both prevention and support. Preventive measures are
especially important in stopping mental health issues before they start and helping people cope
better. By spreading awareness, building supportive communities, and addressing social issues,
we can create environments where mental well-being thrives, empowering everyone to lead
fulfilling lives [11]. Here, are some statistics:

1) Raising Awareness about Mental Health: Educating people about mental health issues to
reduce stigma and encourage early intervention.

i) Enhancing Resilience: Teaching individuals for coping skills and techniques that better
manage stress and overcome challenges.

iii) Providing supportive Environment : Creating accessible support systems, including social
networks and community resources, to help individuals facing mental health challenges.

iv) Addressing Social Factors: Tackling social determinants of health such as poverty,
inequality, and discrimination to prevent the onset of mental disorders.

With advancing technology, there has been a growing interest in utilizing innovative
approaches to address mental health challenges. Machine learning can play a crucial role in
detecting mental disorders by analysing patterns and data associated with symptoms and
behaviours. This technology can sift through vast amounts of information, such as electronic
health records, social media activity, and smartphone usage, to identify potential signs of
mental health issues. By recognizing subtle patterns that may not be apparent to human
observers, machine learning algorithms can provide valuable insights and assist healthcare
professionals in early detection and intervention. Moreover, these algorithms can continuously
learn and improve over time, enhancing their accuracy and effectiveness in identifying
individuals at risk of mental disorders. Overall, machine learning holds great promise for
revolutionizing mental health care by facilitating earlier detection and personalized treatment
approaches [12].

This is the reason we have decided to concentrate on mental disorders. In our endeavour, we
have innovatively introduced a new machine learning method specifically tailored for the early
identification of these conditions.
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2.2 Literature Review

Here, we will review some previous studies on Early Risk Prediction. Risk Prediction using
EHR involves analysing the patient data from the digital health records and anticipate the
potential health problems. Predictive analytics plays a crucial role in identifying the patterns
and trends for forecasting future risk. Numerous research efforts have been undertaken on this
topic. For example, [13] Wu et al. (2017) created a prediction model to detect the risk of Breast
Cancer using the data from EHR. They developed two risk prediction models: one using
Logistic Regression and the other Lasso Logistic Regression. EHRs consist of sequentially
recorded information about a patient’s medical history like clinical notes, medications,
diagnoses, lab test results and so on. Hence EHRs can be considered as time series data. They
are well suited for time series analysis where we need to understand the progression and trends
in a patient’s health which is crucial for effective prediction and intervention. Recurrent Neural
Network (RNNs) is a type of artificial neural network designed to handle sequential data. They
are ideal for time series analysis and sequence prediction. [14] Xu et.al (2019) used multitask
Recurrent Neural Network to detect the risk associated with major adverse cardiovascular
events. RNN is mainly used to capture the sequential occurences in the patient’s medical
history. [15] Yu et.al (2022) used EHR data along with genetic data for identifying the risk of
heart failure for cancer patients.

[16] Cheng et al. (2016) proposed a deep learning methodology by phenotyping a patient’s
EHR followed by developing a four layer convolutional neural network. The proposed model
was tested on a real-world EHR data warehouse under the scenario of predictive modeling of
chronic diseases. In another study, [17] Che et al. (2017) proposed a deep learning framework
using Generative Adversarial Network (GAN) and Convolutional Neural Network (CNN) to
improve the prediction performance with limited EHR data.[18] Ma et al. (2018) proposed a
framework PRIME for risk prediction tasks, which can incorporate prior medical knowledge
into all state-of-the-art predictive models using posterior regularization technique.[19] Lastly,
Cui et al. (2022) developed an automated risk prediction model, which can improve the
performance of risk prediction models by automatically searching for an optimal model
architecture for modeling complex EHR data.” [20] Additionally, Grout et al. (2024) examined
the effectiveness of utilizing deep learning techniques to predict future disease diagnoses
through Electronic Health Records (EHRs), aiming to improve population health management.

Thus we can see that machine learning plays an important role for developing risk prediction
models.
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Several work has also been implemented to predict the healthcare treatment costs. [21] Panay
et.al (2019) used Evidence Regression Model for forecasting treatment expenses. [22] Fauziah
et al. (2022) used Decision Tree algorithm to forecast the duration of hospital stay and the
associated treatment expense for diabetes patient.

Thus, the studies we examined highlight the importance of using EHRs to predict health
problems early. Predictive analytics using Machine Learning helps us uncover hidden patterns
and trends within EHR data to foresee future health risks. Additionally, we have seen how
predictive analytics is crucial for estimating treatment and medication costs. We have also seen
how Recurrent Neural Networks are crucial for modelling sequential time series EHR data.
The above literatures highlights the importance of Machine Learning and Deep Learning in
developing predictive models. The reviewed literature also indicates that machine learning and
deep learning techniques are crucial for estimating healthcare costs.

However, the main challenge is creating predictive models that use patient records from EHRSs
to accurately predict future risks for new patients who do not have complete medical histories.
These models must balance the timing of predictions with their accuracy. Additionally, the
models should provide enough interpretability and stability to be useful across a variety of
decision-making scenarios for a wide range of diseases, particularly severe ones.

Interpretability is crucial because it allows healthcare providers to understand how and why a
prediction was made, which is essential for gaining trust and ensuring the model's adoption in
clinical settings. When a model is interpretable, clinicians can trace the factors leading to a
specific prediction, facilitating informed decision-making and enabling them to explain the
reasoning to patients, thus improving patient engagement and compliance. Moreover,
interpretability aids in identifying potential biases or errors within the model, allowing for
adjustments and improvements. It also ensures that the model's predictions are not just accurate
but also actionable and reliable across different patient populations. This stability across
diverse patient groups and various types of decisions ensures that the model can be applied
broadly and consistently, particularly in diagnosing and managing severe diseases where
decision-making is critical.

By incorporating mechanisms for interpretability, such as transparent algorithms, feature
importance metrics, or visualizations, predictive models can provide insights that align with
clinical knowledge and expertise, ultimately enhancing the overall effectiveness of healthcare
delivery. Keeping these considerations in mind, we employed the Markov chain rule in our
work to test the interpretability of the model.
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2.3 Structuring of Data

This section outlines the process of extracting and organizing raw data from electronic health
records (EHR) containing information on N patients diagnosed with severe mental disorders
(MD). The data is structured into sequences to align with the experimental framework.

Each patient's daily clinical activities are comprised of a finite set of diagnoses, lab tests, and
medications. Let D denote the universal sets of diagnoses, L denote lab tests, and M denotes
medications for all N MD patients in the EHR, the data is organized as follows:

For each MD patient Pi in the EHR:
Si represents the total number of days spent in the Intensive Care Unit (ICU).
Di* denotes the set of diagnoses during the patient's s day of ICU stay (s =1, 2, ..., Si).
Li® represents the set of lab tests during the patient's s day of ICU stay (s =1, 2, ..., Si).

M represents the set of medications during the patient's s day of ICU stay (s =1, 2,...
Si).

Utilizing these definitions, sequences of clinical activities (SofCA) are constructed, consisting
of three temporal sequences for i MD patient:

(i) Let Dj denote the sequence of sets of diagnoses
It is represented by the following equation:

Di={ Di{, D?, ....... , Di°} 1)

(ii) Let Li denote the sequence of sets of lab tests
It is represented by the following equation:

Li={ LiY, Li&........ , L%} (2

(iii) Let M; denote the sequence of sets of medications
It is represented by the following equation:

Mi= {Mi}, Mi?,........ , M’} (3)
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From these definitions, we can write:

D= Yy D

M= Mi

L=y Li

The following table shows organization of raw EHR data with N=2 patients:

(4)

()

(6)

Patient | No of | S | Set of | Set of lab | Set of | Sequence of sets of | Sequence of sets | Sequence  of
P; days | day | diagnoses | tests L of | medications | diagnoses D; of P; of lab tests L; of | sets of
of at D# of Pi | Pi on S| M# of P on Pi medications
stay ICU | on S day | day St day M; of P;
at
ICU
S
1 Dll L11:{|2,|4} Mllz{mz,m4}
:{dz,d4,d7
}
D;={D:%,D:%D:%} Li={L:}, L% L3 | Mi={M{%,
P1 3 2 2 2 } M2, M3}
? :D{ldl ds} e ;/Il ~{mums ={{d2,ds,d7},{d1,d3
' } ={{l2,ls}.{I} ={{mz,m.},
{d1,d2,d7,,dg}} {I2,14}} {mi,ms}
mg,ms,}}
3 D13 L13:{|2,|4} M13:{m3,m5}
:{dl,dZ,d7
O}
1 Dzt La'={ly,Is} | Ma'={ms} D,={D;!,D?} Lo={L2" L? } Mz={M.",
Pz 2 :{d4,d7} Mzz}
={{ds,d7}.{d1,d>,d7, | ={{lsls}.{I2,1s}
ds}} } ={{ms},
2 D, L= M22={m2,m4} {mz,m4}}
={d1,d2,d7 | {l2,13,l}
}

Table:1: Representation of the organization of raw EHR data for the N=2 patient
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In Table 1, The set of sequence of diagnoses D can be represented as :
D= D1U D2 = {{dz, ds, d7},{d1,ds},{d1,d2,d7,ds},{ds,d7},{d1,d2,d7}}
= { diags, diagy, diags, diags, diags} with o=|D|=5 (7)

The set of sequence of lab tests L can be represented as:

L= L1U Lo = {{lo, la},{11}.{11,13}, {12,131} }
={ laby, laby, labs, labs} with B=|L|=4 (8)

The set of sequence of medications M can be represented as:
M= M:iU Mz = {{mz, ms},{m1,ms},{m1,mz,mz,ma},{ms}{ msms}}
= { med1, medz, meds, meds} with y=|M|=4 9)

2.3.1 ldentifying Unique Combination of Sequence of Clinical Activities

Once we have extracted the raw EHR data and organized it into sequences of clinical activities
(Diagnoses, Lab Tests, and Medications), the next step is to obtain the unique combination
sequence of these clinical activities for each patient. This process allows us to group patients
based on their unique combination sequences of clinical activities, which will be discussed in
detail in the next section. Here, we will focus on the step-by-step process of obtaining these
unique combinations from the sequences of clinical activities of existing MD patients.

Unique combination of diagnoses is obtained by:

1) Identification of Diagnoses Sequences: In Table 1, D1 represents the diagnoses set for Patient
1 and D2 represents the diagnoses set for Patient 2, each representing a distinct combination
of medical diagnoses.

2) Compilation and Merging of Sequences: D1 and D2 are compiled into a unified set D,
combining all the diagnoses sequences obtained from D and D>

3) Detection of Unique Combination: Through systematic analysis, unique combination within
set D are isolated and identified. This involves iterating through each sequence and verifying
its uniqueness in the context of the entire set. Unique sequences are retained while duplicates
are excluded. The list of unique combinations gives us important insights into the various ways
diagnoses can occur in our dataset. By counting these unique sequences, we gain a complete
understanding of the different patterns of diagnoses found in our sample of patients.
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Equation (7) shows the mathematical representation for obtaining the unique combination of
diagnoses where ‘o’ denotes the number of unique combination of diagnoses obtained across
D1 and D2

Unique combination of lab tests is obtained by:

1) Identification of Sequences of Lab Tests: In Table 1, L represents the set for lab tests for
Patient 1 and D represents the set for lab tests for Patient 2, each representing a distinct
combination of lab tests.

2) Compilation and Merging of Sequences: L1 and L are merged into a single set L, combining
all the sequences obtained from L; and L.

3) Detection of Unique Combination: Through systematic analysis, unique combination within
set D are isolated and identified. This involves iterating through each sequence and verifying
its uniqueness in the context of the entire set. Unique sequences are retained while duplicates
are excluded. The list of unique combinations gives us important insights into the various ways
diagnoses can occur in our dataset. By counting these unique sequences, we gain a complete
understanding of the different patterns of diagnoses found in our sample of patients.

Equation (8) shows the mathematical representation for obtaining the unique combination of
lab tests where ‘B’ denotes the number of unique combination of lab tests obtained across L1
and L»

Unique combination of medications is obtained by:

Equation (9) shows the mathematical representation for obtaining the unique combination of
medications where ‘y’ denotes the number of unique combination of medications obtained
across Mz and M

1) Identification of Sequences of Medications: In Table 1, Mz represents the set of medications
for Patient 1 and D> represents the set of medications for Patient 2, each representing a distinct
combination of medications.

2) Compilation and Merging of Sequences: M1 and M2 are merged into a single set M,
combining all the sequences obtained from M1 and M>

3) Detection of Unique Combination: Through systematic analysis, unique combination within
set D are isolated and identified. This involves iterating through each sequence and verifying
its uniqueness in the context of the entire set. Unique sequences are retained while duplicates
are excluded. The list of unique combinations gives us important insights into the various ways
diagnoses can occur in our dataset. By counting these unique sequences, we gain a complete
understanding of the different patterns of diagnoses found in our sample of patients.
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2.4 Group Formation

In the context of patients' diagnosed diseases, individual traits, and socio-economic
backgrounds, their clinical activities can vary significantly. Clustering patients based on their
Sequence of Clinical Activities (SofCA) can help identify groups of patients with similar
medical profiles. This, in turn, simplifies predicting the risk for a new patient by comparing
their SofCA to that of the group with the closest resemblance. By doing so, we reduce the
computational burden of assessing the SofCA of all patients in the Electronic Health Record
(EHR) dataset.

Creating groups with similar SofCA faces two main challenges: finding a suitable metric to
measure SofCA similarity despite varying lengths, and selecting an efficient clustering
algorithm. In this study, we utilize the edit distance (ED) between SofCAs to categorize them
into K groups. The ED between SofCA sequences of patients consists of three components:
ED between their sequences of diagnoses, lab tests, and medications.

i) ED between the sequence of set of diagnoses Di and D;, denoted by (i
ii) ED between the sequence of set of lab tests Lj and L;, denoted by n i
iii) ED between the sequence of set of medications M; and M;j, denoted by 6

The normalized ED between the sequences of diagnoses, lab tests, and medications is then
calculated as:

iv) Normalized ED between the sequence of set of diagnoses of patients Pi and Pj are given
as:

Gij = Cij [ maXp-1pz" (MaXe=1"({ p.g)) (10)

v) Normalized ED between the sequence of set of lab tests of patients Pi and Pj are given as:

flij= Mij / MaXp-i pzq" (MaXg=1"(N pg)) (12)

vi) Normalized ED between the sequence of set of medications of patients Pi and Pj are given
as:

Bij = 0ij / MaXp-1pzq" (MaXg=1"(0 p.q)) (12)

The combined ED between SofCAs of P; and Pj is calculated as:
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EDij = max(Gij, 0, 6ij) (13)

Finally, the combined estimation of ED between SofCAs is computed (as shown in equation
18). This distance measure is used to categorize N patients into K groups. Distance between
two SofCAs denotes dissimilarity between them. The choice of algorithm for this
categorization is hierarchical density-based spatial clustering of applications with noise
(hierarchical DBSCAN).

Hierarchical DBSCAN is chosen for its ability to divide the dataset into groups based on the
density of neighbouring patients, without requiring a predefined number of groups.
Additionally, it is suitable for datasets with arbitrary shapes and noise. Considering the spatially
distributed nature of EHR data and varying density levels, hierarchical DBSCAN fulfills these
requirements effectively. The symbol 'K' represents the number of groups identified by the
hierarchical DBSCAN method.

2.5 Representing the Groups using Markov Chain Rule

This step holds significant importance for a couple of fundamental reasons:

1) Firstly, it is vital to guarantee that the model we are putting forward can be easily understood
and interpreted. This ensures that stakeholders, whether they are clinicians or decision-makers,
can grasp how the model functions and the insights it provides.

2) Secondly, it is crucial to replicate real-world scenarios where decisions are made based on
past clinical activities. By utilizing a first-order Markov chain model, we are essentially
capturing the probabilistic nature of sequential events in the data, mirroring how decisions
unfold in actual clinical settings. This approach helps us better understand and predict the
sequential patterns in clinical data, which is essential for effective decision-making and
improving patient outcomes.
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For the k™ group Gk of MD patients (k ={1, 2, ..., K}),

Let the number of transitions from the i ™ set of diagnoses diagi D to the j ™ set of diagnoses
diagj D fori,j=1, 2, ..., | D | be denoted as aiijk

Let the number of transitions from the i ™" set of lab tests labi L to the j " set of lab tests labj L
fori,j=1,2,...,| L|be denoted as Bi;j«

Let the number of transitions from the i " set of medications med; M to the j ™" set of medications
medj M fori,j=1,2,...,| M| be denoted as i«

Let the number of sequences of sets of diagnoses starting with diagie D fori=1,2, ..., |D/|
be denoted as px(diagi)

Let the number of sequences of sets of lab tests starting with diagie D fori=1,2,...,| D | be
denoted as pk(diagi)

Let the number of sequences of sets of lab tests starting with labj € L fori=1,2, ..., | L | be
denoted as pk(labi) and

Let the number of sequences of sets of medications starting with med; e M fori=1, 2,.., | M|
be denoted as px(med)

Each group Gk is now represented with three state transition probability matrices ok , Pk, Wk

Sk = [ pdijx ] py*p) (14)
P = [Plijx] i<y (15)
ok = [Pkl (16)

where ok denotes the state-transition probability representing all transitions within all the
SofCAs related to the diagnoses set, pk denotes the state-transition probability representing all

transitions within all the SofCAs related to the lab tests set and wk denotes the state-transition
probability representing all transitions within all the SofCAs related to medication set

In equation (14), pdi;jk denotes the probability of transition from the current state x: of
diagnoses-set diagi to the next state xi+1 of diagnoses-set diag; and is obtained from the
following equation consulting with previous definitions and sequence of sets of lab tests
(SofCA for diagnoses) of patients of group Gk.

pdijk = probk ( Xe+1 = diagj/x: = diagi) = aijx / lelill Qi j k a7

An illustrative representation of ax is provided in Figure 2 below. We have assumed that the
total number of distinct daily diagnoses, represented by D, is 5, following the example depicted
in Figure 1.
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State Trans. | diag: diag, diags diags diags

Prob

diagl pdl,l,k =0.23 pdl,z,k =0.63 pd1,3,k =0.02 pd1,4,k =0.10 pd1,5,k =0.02
diagz pdz,l,k =0.28 pdz,z,k =0.17 pd2,3,k =0.02 pd2,4,k =0.52 pdz,s,k =0.01
dia93 pdg,l,k =0.05 pdg,z,k =0.14 pd3,3,k =0.31 pd3,4,k =0.15 pds,s,k =0.35
diag4 pd4,1,k =0.12 pd4,2,k =0.06 pd4,3,k =0.39 pd4,4,k =0.26 pd4,5,k =0.17
diags pd5,1,k =0.43 pds,z,k =0.21 pd5,3,k =0.31 pd5,4,k =0.01 pd5,5,k =0.04

Table 2. lllustrative representation of ax

In Table 2, we illustrate the probability of transitions within the diagnoses set. For example,
the probability of transitioning from the diagnoses-set diag» to diags is denoted as pd2.4x = 0.52.
The probability of transitioning from diagnoses-set diag: to diagz is 0.63. These probabilities
are derived from the observed sequences of sets of diagnoses among MD patients within group
Gk

In equation (15), plijk denotes the probability of transition from the current state x: of
diagnoses-set diagi to the next state xw+1 Of diagnoses-set diag; and is obtained from the
following equation consulting with previous definitions and sequence of sets of diagnoses
(SofCA for diagnoses) of patients of group Gk.

plijk = probk ( xt+1 = labj/xt = labi) = Bijx / legll Bijk (18)

In equation (16), pmi;jk denotes the probability of transition from the current state x; of
diagnoses-set diagi to the next state xw1 Of diagnoses-set diag; and is obtained from the
following equation consulting with previous definitions and sequence of sets of diagnoses
(SofCA for diagnoses) of patients of group Gk.

pMijk = probk ( Xe+1 = med;j/xt = med;) = yijk / lelill Yijk

(19)

As pdijk, plijk , pmijk are probability distributions. They are distributed over the universal sets
of daily diagnoses (D), lab tests (L), medications (M) respectively.

P pdijk=1fori=1,2,....D| (20)
Y plijk =1fori=12,...[L| 1)
Y™ pmijk =1 for i=1.2,...|M| (22)
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We also calculate the initial probabilities of members of Diagnoses set, Lab test set and
Medication set of MD patients in group Gk, which is shown below

init_pd (diagi) = u(diag)/ 317 nu(diag)) (23)
init_pdx (labi) = p(labi)/ 1 u(laby) (24)
init_pdx (Mmeds) = p(med;)/ T1Y! p(med;) (25)

Calculating the initial probability for Diagnoses, Lab tests, and Medications helps to establish
an understanding of the likelihood of encountering each specific element at the beginning of a
patient's medical journey within a particular group. By determining these initial probabilities,
we gain insights into which diagnoses, lab tests, and medications are most commonly
encountered first by patients in group Gk

In equations (23),(24),(25) we calculate the initial probability for each member of the
Diagnoses, Lab Test, and Medication sets for MD patients in group Gk, by dividing the count
of sequences starting with each member by the total count of sequences starting with any
member in the respective set.

In Table 3, we calculate the initial probabilities of members of Diagnoses set D using Table 2

Total no of Number of sequences starting with
sequences in G . . . . .
diag: diag: diags diaga diags
25 5 2 11 3 4
I init_pdxk 5/25 2125 11/25 3/25 4/25

Table 3. lllustration of initial probabilities of members of D

D ={ diags, diag, diags, diags,diags }

The process described above is repeated for all K groups of MD patients identified through the
hierarchical DBSCAN algorithm in the preceding step.
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2.6 Forecasting Patient Risk with Limited Clinical Activity Sequences

The objective of this stage is to predict the possible clinical actions of a new patient, referred
to as P, during his/her stay at the ICU. This is based on their Sequence of Clinical Activities
(SofCA), which includes limited sequences of diagnoses, lab tests, and medications over a
period of S days. The SofCA for the patient is categorized into three types according to the
principle mention in section 3.3. These categories represent the ordered sequences of sets of
diagnoses, lab tests, and medications for the patient during their stay.

Let A denote the SofCA for the ordered sequence of sets of diagnoses of the new patient P for
S days, B denote the SofCA for the ordered sequence of sets of lab tests and C denote the
SofCA for the ordered sequence of medications. A, B, C can be represented as,

A={ ai, az, as,........ ,as} ,where A€ D (26)
B={ by, b2, bs,......... ,bs}, where B € L (27)
C={c1,C2C3uunnnnn.n. ,Cs}, where C € M (28)

Here, D, L, M refers to the universal diagnoses set, lab test set and medication set respectively,
which has been derived from SofCA of the existing MD patients in the EHR.

ai denotes the set of diagnoses that the patient has undergone during his/her i day of stay at
ICU fori=1,2,.....S

bi denotes the set of lab tests that the patient has undergone during his/her i day of stay at ICU
fori=1,2,.....S

ci denotes the set of medications that the patient has undergone during his/her i day of stay at
ICU fori=1,2,.....S

Risk prediction of P comprises of predicting the clinical activities of P for i= S+1, S+2,......
This is done in two steps :

44



Step-1: Assessing the Probability of P among Groups of Patients with Mental Disorders:

In the initial phase of the study, we aim to evaluate the probability of a specific patient, denoted
as P, being associated with various groups of patients with MD. This evaluation is performed
using distinct Markov chain models tailored to each patient group. The process involves
determining the likelihood of patient P belonging to a particular group, such as Gk, by
examining three key aspects:

1) The likelihood Ak 1 representing the sequence of set of diagnoses A to Gk
2) The likelihood Ak> representing the sequence of set of lab tests B to Gk
3) The likelihood Ak3 representing the sequemce of set of lab tests C to Gk

We | calculate Ak 1, Ak2, Ax,3 as follows:

Ax1 = init_pd (@)[T;Z5 probx (aisi/ai) (29)
A2 = init_plk (b)[T;Z] probi (bisa/bi) (30)
Ak3 = init_pmk (CO)[T3=1 probx (Cis/ci) 31)

Here, a; denotes the initial set of diagnoses of the new patient P, b1 denotes the initial set of lab
tests of the new patient P, c1 denotes the initial set of medical tests of the new patient P.

init_pdk (a1), init_plk (b1), init_pmx (c1) are the initial probabilities (as governed by the Group
Gk), the initial probabilities are calculated using equations (23), (24) and (25)

probk (ai+1/ai) denotes the probability of transition from the diagnoses state a; to the state of
diagnoses ai+1

probk (bi+1/bi) denotes the probability of transition from the lab tests state bj to the state of
diagnoses bi+1

probk (Ci+1/ci) denotes the probability of transition from the medications state ci to the state of
medications Ci+1

We have calculated these probabilities using Markov Chain models of the group Gk. Next we
evaluate the composite likelihood of the group Gk to the ordered SofCA of the new patient P,
as shown in equation 32. P is assigned to the group with highest composite likelihood. We
denote the group as G
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Ak =Ak1 Ak 22k 3 (32)

Sequence of diagnoses sets of new patient P for §=3 State
ll;{}"i of stav at ICU Trams. | diwg, | oo | diags | diags | diags
T - ) Prob

A {dings. ding,. diag} W, Az, s P | pdias | pahas | pehae | paise

| Miag: %933 ‘063 | 0.02 | 000 | 0.02 |
diag Py e | pelai | pats | pelas I P s s
| & 028 (07 | 002 052 | 00l |
Ty e | pefyas | pysg sATh Py s s
Total no, of Number of selgences starting with | AL A CN T - |
Py )k
3

Piluzs | piliss | piaas | pass

>:q1»cn::~,m Gy | ding; dl:!_- ding: nlt.'_m_l ding: .;----lllﬂ&v)- 0.06 | 039 | 0.26 | 0.17 |
& 3 = Al 3 4 diag P s | psas | pasas | palsay | paise
init pdi | 525 [ 225 (1125 ) 328 | 428 % 7043 [‘0.21 | 051 | 001 | 004 |

A1 .'.'.'.'l'_."u" llﬁa!:\:"pﬂlj u',‘)lﬁ"] =1l 1/25)0.15x0.12 = 0.00792

Fig 2: Sample assessment of Ak 1

In the above figure, we are assessing the probability Ax1 that the k™ group corresponds to the
sequence of diagnosis sets for a new patient P

Step 2: Predicting Risk for P by Anticipating Future Clinical Activities within the
Selected Group Gi

After the patient P is assigned to the group G, with maximum likelihood probability to his/her
ordered SofCA for S days of stay at ICU, next we have to identify the future set of activities of

the patient from (S+1)™" day onwards. We consult the state transition matrices (&1, pi, @) of

Gi. Here 61, p1, w) denotes the state transition probability matrices representing all the
transitions within the diagnoses set, lab test set and the medication set respectively.

Considering the diagnoses set, the next most probable set of diagnoses, a>*!, on the (S+1)th
day, is evaluated by assessing the universal set D by consulting probi(ailas) for each i from 1 to
the total number of elements in D (for i=1,2,.....|D|). The set of diagnoses, denoted as am € D,
exhibiting the highest probability of transition probi(am|as) from as is identified as as+1.

This indicates that the G; group of MD patients most likely matching P has the highest
frequency of transitions from the current diagnosis state x; = as to the next state X¢+1 = am.

Mathematically, it is represented as:

proby (as+1/as ) = maxi=1°l(probi(ai/as)) (33)
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Similarly, set of lab tests lab s+1 and medications meds+1 on (S+1) ICU day is identified by:
proby (Ds+1/bs ) = maxi=1'"!(probi(bi/bs)) (34)
and proby (Cs+1/Cs ) = maxi=1™!(probi(ci/cs)) (35)

The same approach is applied to determine the finite sequence of F sets comprising diagnoses,
lab tests, and medications throughout the patient's ICU stay on days (S+1), (S+2), ..., (S+F).
An illustration of identifying the potential sequence of diagnosis sets for the next F = 4 days of
a patient, who has already spent S = 3 days in the ICU, is presented in Figure 3. In this scenario,
the SofCA of the k™ group Gk of MD patients, as depicted in Figure 2, is considered to be most
analogous to patient P. Consequently, ok, as illustrated in the figures, is utilized for the risk
prediction of patient P. Furthermore, P's SofCA, concerning their daily diagnosis set, is
presumed to be identical to that depicted in Figure 3, with A = {diag3, diag4, diagl}.

Sequence of diagnoses sets of new patient P for §=3 days of stay at ICU
A = {diag;. diag,, dilng;}

State
Trans. | diag, | diag, | diag; | diag, | diags
e, T LN (O Il Lol Pt
ody 1 x Py 2N Py sa | pdyas | pdy s
ang, | Fihs @L’;&’ Rie | s
P‘I:n.Pd::) pdas DA 4 % }’d:\r‘
0.28 | 0.17 | 0.02 324 0.01

oy sz | pdsax | pdys | pdsas PBds sy
0.05 | 0.14 | 0319 0.15 33
pdsy x| pd s P sy s.5.4
0.12 | '0.06 £.0.39£70.26 | 0.17
pds x| pdsax | pdsse | pdsas | pdssx
043 | 021 | 031 | "0.01 | 0.04 |

diag,

diag, F

)

diag,

diag;

Fig 3: Determining the likely sequence of diagnosis sets for the next F = 4 days
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2.7 Research Outcomes

In this section, we will be discussing about the results of our analysis. We will focus on the
EHR database that we have used in our study, evaluate our study using a suitable performance
metric and perform a comparative analysis with other state-of-art machine learning models

2.7.1 Dataset

In this study, we utilized the Medical Information Mart for Intensive Care (MIMIC)-111 version
1.4 database, which is openly accessible via Physionet's official website. MIMIC contains
anonymized health data from patients admitted to critical care units at Beth Israel Deaconess
Medical Center between 2001 and 2012, totaling 46,520 patients. Among these, 19,868 patients
were diagnosed with at least one mental disorder according to the International Classification
of Diseases, Ninth Revision (ICD-9) codes falling within the range 290 to 319.

For our analysis, we have partitioned the data. 70% of the data is used for training, 10% of the
data is used for validation and 20% data is used for testing. A 10- fold cross validation
technique has been used for generalizing the state-of-art machine learning algorithms. All
machine learning codes have been implemented using Python.

2.7.2 Model Evaluation

Edit Distance (ED) has been used to evaluate the performance of the proposed risk-prediction
model. An overview of Edit Distance is provided in chapter 2.1.3. For the new patient P, who
has already stayed in ICU for S days, the edit distance calculated between the predicted and
true SofCA of P from (S+1)" day to (S+F)" day is used as the performance metric for
evaluating the model.

Equations (26), (27), (28) represents the set of SofCAs of P during his/her stay in ICU for S
days.
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For the next F days of stay in ICU, let the true and predicted sequence of set of diagnoses be
denoted by Atand A, respectively, Bt and By denote the true and predicted sequence of lab tests
and Ct and Cp denote the true and predicted sequence of medications. They can be represented
as:

Ap = {as+1, 8s+2, ... ,as+F} (36)
Bp = {bs:1, bssz,.......bsse} (37)
Cp = {Cs+1, Cs+2,....,Cs+F} (38)
At = {'as+1, asi2,. .08} (39)
Bt = { "s+1, Dse2,....... Ys+r} (40)
Ct = {'Cs+1, (Css2,......1Co+F } (41)

Let the Edit distance (ED) between Ap and A: be denoted by o, ¢ denote the ED between By
and Bt, ED between Cp and C: be denoted by 9. Then we calculate the composite normalized
Difference between the true and predicted SofCA of P, denoted by ¢, which is shown below:

@ =max (a/F , e/F,9/F) (42)

It has been observed that the actual and predicted sequences are more similar for lower value
of ¢, which indicates better performance by the model.

i
e

2% | N
%% 2 i .52 (]
% A9T2) 2 {1400 MA
(" LLAL A5 [| B MNA M
A1 L LLEIi L1 MA ™A M
S0 (M 621 | Na N MNA_ | Ma
G 2y ML MA ML MNA M
T, 1064 MA MA NA MA MA M
S MNA NA A NA A MA NA
Oy i ™ NA ™ A NA A WA M

Fig 4. Table representing the values of ¢ obtained by varying S and F (calculated in terms of
percentage of entire duration of stay of P in ICU)
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Normalized Composite Difference or the error (¢) that we have obtained in equation (42) is
dependent on S which is the total number of days for which P has stayed in ICU, and F which
is the number of days for which our model has predicted the clinical activities of P. The table
shown in Fig 6 depicts the value of ¢ obtained across different values obtained by varying S
and F. For example, if P has stayed in ICU for 50 days, then S has been varied from 5 days (
which is 10% of S) to 45 days (which is 90% of S). Similarly, F has also been varied from 5
days to 45 days which 10% and 90% of the entire duration, for which ¢ has been calculated.
From the table shown in Fig 6, it can be observed that the prediction accuracy is more for
smaller ¢ values, which is achieved for large S values and lower F values. We can say that our
algorithm will be more effective in predicting the future SofCA of P of near future only with a
longer duration of stay. However, from the table we can see that for S=10% and F=60%, we
get a smaller ¢ value, which indicates that our proposed algorithm is robust irrespective of S
and F values. Here "NA" stands for not applicable, used in situations where the combined total
of S and F exceeds 100%.

2.7.3 Comparison with State-of-the-Art Models

Here, we have compared our proposed algorithm with other state-of-art models. State-of art
models are the models which have achieved superior performance in a particular field or task.
Researchers often validate their study against these models in order to evaluate the
effectiveness of their approach. We have performed a comparative analysis of our proposed
algorithm with three state-of-art machine learning techniques namely, extreme gradient descent
boosting (XGB), bidirectional long short-term memory (BiLSTM) and minimal gated recurrent
unit (MGRU). The above architectures are useful in predicting time series healthcare problems.
LSTM-based architectures are efficient in learning from sequential data [23]. They are useful
for tasks like disease monitoring and disease progression tasks. These models can identify the
risk factors and the patterns associated with various diseases. We have used the above three
benchmark architectures and validated our proposed model. In order to tune the hyperparameter
of these machine learning algorithms we have used a 10-fold cross validation

The table below shows the optimized hyperparameters for XGB, BiLSTM and MGRU

Algorithm XGBoost BiLSTM MinGRU
No.of Learning | Gamma | Max Hidden | Weight Activation | Dropout | Learning | Hidden
Estimators Tree Layers | Regularization Rate Units
Hyperparameters Depth
45 0.05 5 8 1 L1 =0, ReLU 0.1 0.0005 | 500
L2=0.01
Value chosen

Table 4. Showing the optimised hyperparameters for three state-of-art models
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S Competing algorithms 0% 0% 300 0% 50% 9%
Prop. Method 0.0251 0.0581 0.0943 0.2403 0.5247 0.6982
100 :\(ili 0.0609 0.0912 0.1203 0.2919 0.5714 0.7716
BIiLSTM 0.0502 0.0823 0.1098% 0.2323 0.5603 0.7334
MinGRL 0.0605 01107 0.1857 0.5044 0.7428 0.8495
Prop. Method 0.0205 0.0456 0.0758 0.1972 0.4014 NA
200 XGB 0.0347 0.0578 0.0890 0.1359 0.1724 0.2131 0.3529 NA
- BiLSTM 0.0318 0.0489 0.0824 0.1414 0.1913 0.2442 0.4991 NA
MinGRL 0.0456 0.0907 0.1286 0.1933 02728 0.3763 0.6072 NA
Prop. Method 0.0173 0.0354 0.0637 0.0877 0.1087 0.1581 NA NA
- XGB 0.0254 0.0432 0.0755 0.1038 0.1339 0.1547 NA NA
- BiLSTM 0.0219 0.0381 0.0713 0.1042 0.1423 0.1891 NA NA
MinGRU 0.0351 0.0693 0.1054 0.1413 0.2041 0.2849 NA NA
Prop. Method 0.0157 0.0275 0.0474 0.0631 0.0815 0.1134 NA NA
400 XGB 0.0188 0.0349 0.0583 0.0777 0.0927 0.1715 NA NA
N BiLSTM 0.0184 0.0327 0.0522 0.0785 0.1039 0.1521 NA NA
MinGRU 0.0279 0.0494 0.065 0.0764 0.1363 0.1873 NA NA
Prop. Method 0.0149 0.0237 0.0459 0.0621 NA NA NA
- XGB 0.0157 0.0265 0.0503 0.07435 NA NA NA
0% BIiLSTM 0.0165 0.0278 0.0494 0.0685 NA NA NA
MinGRU 0.0193 0.0286 0.0515 0.0724 NA NA NA
Prop. Method 0.0084 0.0133 0.0292 NA NA NA NA
600 XGB 0.0094 0.0147 0.0329 NA NA NA NA
° BiLSTM 0.0093 0.0134 ). NA NA NA NA
MinGRL 0.0122 0.0171 ).0371 NA NA NA NA
Prop. Method 0.0058 0.0078 NA NA NA NA NA
200 XGB 0.0068 0.0088 NA NA NA NA NA
BILSTM 0.0062 0.0094 NA NA NA NA NA
MinGRU 7 0.0092 NA NA NA NA NA
Prop. Method 0.0042 NA Na NA NA NA
80% XGB 0.0028 0.0043 NA NA NA NA NA
B BiLSTM 0.0039 0.0054 NA NA NA NA NA
MinGRL 0.0041 0.0075 NA NA NA NA NA
Prop. Method 0.0014 NA NA Na NA NA NA
90% XGB 0.0015 NA NA NA NA NA NA
BiLSTM 0.0019 NA NA NA NA NA NA
MinGRU 0.0027 NA NA NA NA NA NA

Fig 5: Comparing the ¢ values obtained from our proposed model and other state-of-the-art
architectures

From the table shown in Fig. 5, the ¢ values obtained by the state-of-the -art models shows
that they have achieved equal accuracy in predicting the future SOfCA in almost all cases. But,
when S is varied from 10% to 40% and F is varied from 60% to 90%, we can observe a
significant difference in the performance of the models. Our proposed model has achieved
better prediction accuracy (minimum ¢) in most cases when compared to the other three
architectures except in the following three cases:

For S =20% and F=80% , BiLSTM has achieved minimum ¢ value compared to
our model

XGB has achieved better accuracy for S = 30% and F=60%

BiLSTM has outperformed our model when S=10% and F=60%
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2.8 Conclusion

This thesis introduces a new machine learning method which is designed to forecast the
likelihood of ICU patients developing severe mental disorders. Its innovation is highlighted by
several factors. Primarily, in contrast to much of the existing research, this approach takes into
account a variety of clinical activities to predict treatment outcomes, including diagnoses, lab
tests, and medications. Secondly, the technique predicts the future sequence of clinical
activities (SofCA) for a new ICU patient by focusing on a specific subset of mental disorder
(MD) patients who have the highest likelihood of similarity, rather than using the electronic
health records (EHRs) of all MD patients, as most existing studies do. This approach improves
prediction accuracy. Thirdly, the hierarchical DBSCAN method is employed to cluster the
complete SofCA of existing patients in the EHR, eliminating the need to predefine the number
of clusters and allowing for clusters of any shape. Lastly, a Markov model is utilized to capture
the transitions in clinical activities within each patient group, providing transition probabilities
that medical practitioners can easily interpret to predict a new patient's treatment plan.

Future research will focus on applying the proposed method to various types of electronic
health records (EHRs). This will involve refining the model to incorporate real-time human
input and uncover hidden relationships among different features such as lab tests, medications,
medical images, radiology reports, patient demographics, and environmental factors.
Additionally, a significant area of interest will be implementing this method in real-time
resource allocation scenarios.
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Chapter 3

Conclusion and Future Scope

3.1 Introduction

In this thesis we have introduced a new machine learning approach for predicting the risk of
severe Mental Disorder (MD) patients. Early risk prediction of Mental Disorders(MD) is
crucial as it can enable timely intervention and prevent other severe long term outcomes
associated with these conditions. In the previous chapters, we have highlighted about the
importance of early risk predictions using Electronic Health Records (EHRs). One of the
advantages of early risk prediction is that it can help the clinical advisors and the doctors to
plan a treatment path and start with the diagnosis as early as possible. Secondly, it can help to
reduce the healthcare costs, as it can provide an overview of the future clinical expenses.

3.2 Summary

An overview of this work will be presented in this section. We developed a risk prediction
model aimed at forecasting the risk of newly-admitted mental disorder patients, particularly
those with limited medical records. Initially, we utilized the health records of existing MD
patients available in the Electronic Health Record (EHR) system to analyze various clinical
activities they underwent, including lab tests, diagnoses, and medications recorded on a day-
to-day basis. This data organization involved structuring the sequences to obtain unique
combinations for each patient, as detailed in Chapter 2.3. Subsequently, we categorized
existing MD patients into groups based on the similarity of their clinical activities, utilizing
Edit Distance as a measure, as explained in Chapter 2.4. After group formation, we employed
a Markov Model to mathematically represent each group and simulate decision-making by
constructing a state transition matrix, outlined in Chapter 2.5. To predict the risk of newly-
admitted patients, we assigned them to the groups with the highest likelihood and then
forecasted the sequence of their future clinical activities for a specified number of days, as
described in Chapter 2.6. We have validated our model and compared it with the state-of-the
art architectures. In majority of cases, our model depicted better prediction accuracy compared
to these models.
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3.3 Results and Discussion

In this study, we have used the Medical Information Mart for Intensive Care (MIMIC-III)
version 1.4 database, specifically utilizing records pertaining to patients with mental disorders
(MDs). Edit Distance (ED) serves as the performance metric for assessing our algorithm. We
assess similarity by calculating the normalized composite difference between predicted and
original sequences of clinical activities. A lower error value indicates greater similarity,
reflecting superior performance of our model. Furthermore, our algorithm accurately predicts
the risk and future clinical activities of new patients in the near future. It remains effective even
with a longer patient history. Additionally, we conducted a comparative analysis with other
state-of-the-art techniques such as BiLSTM, XGB, and MGRU. In most cases, our proposed
risk prediction model surpasses these benchmark models. Further discussion on our research
outcomes is provided in Chapter 2.8.

3.4 Future Scope

Now, we wish to focus on adapting the proposed method to accommodate diverse Electronic
Health Record (EHR) systems. This involves refining the model by integrating real-time human
input and uncovering hidden relationships among various patient features such as lab tests,
medications, medical images, radiology reports, patient demographics, and environmental
factors. Additionally, we also aim to explore the application of the developed method in real-
time resource allocation scenarios within healthcare settings, addressing the challenges and
opportunities presented by dynamic patient needs and resource constraints.

3.5 Potential Impact and Future Directions

The findings of this study demonstrate significant potential for enhancing patient care and
management in the field of mental health. By leveraging the Medical Information Mart for
Intensive Care (MIMIC-I111) version 1.4 database, we specifically targeted records pertaining
to patients with mental disorders (MDs), utilizing Edit Distance (ED) as a performance metric.
This approach allows us to assess the similarity between predicted and actual sequences of
clinical activities, where a lower error value indicates greater similarity and superior
performance of our model.
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Our algorithm not only accurately predicts the risk and future clinical activities of new patients
in the near future but also maintains its effectiveness with longer patient histories. This
capability is crucial for proactive healthcare management, allowing clinicians to anticipate and
address potential mental health issues before they become critical.

Moreover, our comparative analysis with state-of-the-art techniques such as BiLSTM, XGB,
and MGRU reveals that our proposed risk prediction model generally outperforms these
benchmarks. This superior performance underscores the robustness and reliability of our
approach, highlighting its potential for widespread application in clinical settings.

The implications of our research are far-reaching. With the ability to predict future clinical
activities and assess risk with high accuracy, healthcare providers can make more informed
decisions, leading to improved patient outcomes. This proactive approach can significantly
reduce the burden on healthcare systems by preventing the escalation of mental health issues
and optimizing resource allocation. In addition, the successful integration of our algorithm into
diverse Electronic Health Record (EHR) systems can standardize and enhance predictive
analytics across different healthcare environments. This could pave the way for more
personalized and timely interventions, ultimately transforming the landscape of mental health
care.

The potential impact of our work extends beyond individual patient care. By contributing to
the development of more accurate and scalable predictive models, our research supports the
broader goal of advancing healthcare analytics. This, in turn, fosters a more data-driven and
evidence-based approach to managing mental health, benefiting both patients and healthcare
providers alike.

In conclusion, our study not only advances the understanding and application of machine
learning in mental health risk prediction but also sets the stage for future innovations in the
field. As discussed in Chapter 2.8, our research outcomes highlight the promise of our approach
and the opportunities for further refinement and application in real-world healthcare scenarios.
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