Journal of Medical and Health Studies
ISSN: 2710-1452 ]MHS

DOI: 10.32996/jmhs AL-KINDI CENTER FOR RESEARCH
Journal Homepage: www.al-kindipublisher.com/index.php/jmhs AND DEVELOPMENT
| RESEARCH ARTICLE

Enhancing Patient Outcomes with Al: Early Detection of Esophageal Cancer in the USA
Md Al Amin'"", Irin Akter Liza?'"’ Shah Foysal Hossain?""', Ekramul Hasan*'" Md Azharul Islam>""’,Sarmin Akter®'"’,
Shahriar Ahmed’"”, and Md Musa Haque?®

School of Business, International American University, Los Angeles, California, USA.

2College of Graduate and Professional Studies (CGPS), Trine University, Detroit, Michigan, USA.
3School of IT, Washington University of Science and Technology, Alexandria, Virginia, USA.
4College of Engineering and Technology, Westcliff University, Irvine, California, USA

>College of Business, Westcliff University, Irvine, California, USA

6School of Business, International American University, Los Angeles, California, USA.

’School of Business, International American University, Los Angeles, California, USA.

8School of Business, International American University, Los Angeles, California, USA
Corresponding Author: Md Al Amin, E-mail: edu@mdalamin.in

| ABSTRACT

Esophageal cancer is deemed one of the most aggressive malignancies, with only a 20% five-year survival rate for patients
diagnosed in advanced stages. It is approximated that more than 20,000 new cases are diagnosed each year in the United States,
accounting for over 16,000 deaths annually. The main goal of this study was to develop and validate Al algorithms for the early
detection of esophageal cancer using advanced machine learning techniques, and analyzing data from medical imaging, EHRs,
and genomic profiles. The dataset used in this work on esophageal cancer is an aggregate of patient records from various
reliable repositories, including but not limited to hospital EHRs, publicly available cancer registries, and specialized medical
databases such as SEER. It included key variables of the demographic information: age, sex, and race; clinical history such as
comorbidities, symptoms, and risk factors like GERD and Barrett's esophagus; diagnostic data, which includes imaging results,
histopathology, and biomarkers; and treatment outcome data, including surgical procedures, chemotherapy regimens, and
survival rate. Among the selected algorithms are Logistic Regression, Random Forest, and XG-Boost. Random Forest and XG-
Boost classifiers did extremely well, achieving high accuracy, perfect precision, recall, and an F1-score for each class, which
ascertains how much better these models classify instances perfectly without mistakes. The integration of Al-driven early
detection technologies has deep implications for the US healthcare system, especially in improving patient outcomes. Early
detection of diseases through predictive modeling can lead to timely interventions that are often crucial in improving prognosis
and treatment efficacy.
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I. Introduction
Context and Importance

According to Asghar et al. (2023), Esophageal cancer is one of the most aggressive malignancies, with only a 20% five-year survival
rate for patients diagnosed in advanced stages. It is estimated that more than 20,000 new cases are diagnosed each year in the
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United States, accounting for over 16,000 deaths annually. Adenocarcinoma and squamous cell carcinoma are the two predominant
subtypes of esophageal cancer, of which adenocarcinoma predominates in Western countries. Risk factors contributing to the
rising incidence of this malignancy include chronic gastroesophageal reflux disease, obesity, smoking, and Barrett's esophagus.
Most of the time, the disease does not show symptoms until it reaches a point where advanced stages are present, and treatment
options are limited and less effective (Ghosh et al.,, 2024). This, therefore, calls for an urgent need for early detection, whereby
intervention can prevent further disease progression and improve survival rates, hence reducing healthcare costs associated with
late-stage management. While there is improvement in medical technology, early diagnosis remains one of the most significant
challenges in the fight against esophageal cancer (Bortty et al., 2023).

Hider et al. (2024), reported that early detection is paramount in the management of esophageal cancer because it directly leads
to improved survival rates and a better quality of life. Once early-stage esophageal cancer is identified, treatment options such as
endoscopic therapies, minimally invasive surgeries, and targeted radiation are far more effective, offering a greater likelihood of
complete remission. Moreover, the need for aggressive treatments is minimal upon early detection of the disease, reducing both
the physical and emotional burden on the patient. However, current diagnostic methods include endoscopy and biopsy, which are
not universally accessible or cost-effective, especially for high-risk populations. Consequently, the majority of cases are diagnosed
at advanced stages, with generally poor prognosis and limited treatment options available (Hossain et al. 2023). In this regard,
innovative approaches, such as Al, can play a transformative role in revolutionizing the early detection and personalized treatment
of esophageal cancer.

Motivation

As per Hasan et al. (2023), traditional diagnostic approaches to esophageal cancer face several limitations, including invasive
procedures, variable diagnostic accuracy, and no standardized screening protocols among at-risk populations. Moreover, the
heterogeneity of esophageal tumors may be challenging in planning effective treatment options for treatment modalities. Due to
this variability, there is a tendency for most treatments to operate based on trial and error. Thus, optimal treatment is often delayed,
which compromises patient outcomes. Dutta et al. (2024), argued that the second critical barrier includes fundamental issues in
geography, economy, culture, and healthcare infrastructure that create new challenges in trying to reduce disparities in healthcare
access throughout the United States. Socioeconomic conditions, geographical challenges, and the absence of special medical
professionals further degrade the delay in diagnosis and personalized therapy, thereby strengthening the burden of esophageal
cancer on public health systems.

Alam et al. (2024), asserted that Al has emerged as a revolutionary technology in healthcare, which can potentially overcome the
drawbacks of conventional approaches. Huge amounts of clinical data are analyzed for subtle patterns and predictive biomarkers
by Al algorithms, which often escape the human observer. In the context of esophageal cancer, Al can enhance early detection
through the analysis of imaging data, endoscopic findings, and patient history to predict the risk of cancer with unparalleled
accuracy. Beyond this, Al-powered tools offer personalized treatment by incorporating genetic and histological information into
clinical information and providing unique therapeutic strategies. These precision medicine approaches not only improve the
efficacy of treatment but also reduce toxic effects, thus leading to better outcomes for patients. With each stride taken in machine
learning and computational prowess, Al seems to promise changes in the current landscape of esophageal cancer management
(Bhomik et al., 2024).

Research Objective

The main goal of this study is to develop and validate Al algorithms for the early detection of esophageal cancer using advanced
machine learning techniques, including deep learning and natural language processing, analyzing data from medical imaging,
EHRs, and genomic profiles. The ultimate goal is to develop reliable, non-invasive diagnostic tools that will easily integrate into
clinical workflows. In addition to early detection, this research uses Al in personalized treatment planning. An Al-driven platform
may recommend optimal treatment regimens based on patient-specific factors such as tumor biology, genetic mutations, and
comorbidities. This approach enhances the effectiveness of treatment, with less overtreatment and hence fewer complications.

Scope of the Research

This project will be specifically designed to meet the peculiar challenges and opportunities created by the US healthcare system.
Consequently, the United States, with its unique population diversity, complex insurance systems, and state-of-the-art medical
facilities, offers a very special setting for testing and deploying Al-driven cancer care solutions. Particular attempts will be made to

address issues of disparities in access to and outcomes within healthcare systems across different socioeconomic and demographic
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groups. Utilizing Comprehensive Esophageal Cancer Datasets. Comprehensive datasets representing diverse patient populations
and clinical scenarios will be employed in this research to ensure the robustness and generalizability of the Al algorithms. The
datasets include medical imaging archives, longitudinal EHRs, and publicly available cancer registries. Advanced preprocessing and
feature engineering techniques will be employed to make the Al-driven predictions and recommendations accurate and reliable.

Il. Literature Review
Cancer of the Esophagus

Altorki et al. (2023) that esophageal cancer is a highly lethal malignancy that results from the abnormal growth of cells in the
esophagus muscular tube that carries food from the throat to the stomach. The two most common subtypes of esophageal cancer
are SCC, which generally arises along the upper and middle aspects of the esophagus, and adenocarcinoma, so named because it
usually appears in the lowest part of the esophagus. Therefore, adenocarcinoma has become the most predominant subtype in
the West due to growing obesity and GERD. Symptoms of esophageal cancer tend to present late in the course of the disease; this
explains the high mortality rate. According to Asadi et al. (2023), common symptoms include dysphagia, unintended weight loss,
chest pain, hoarseness, and persistent cough. These symptoms are usually nonspecific; this explains the delayed diagnosis and
further reduces the chances of successful treatment. Risk factors for esophageal cancer include smoking, heavy alcohol use, chronic
GERD, Barrett's esophagus, obesity, and a diet low in fruits and vegetables. Genetic predispositions and environmental factors also
play a role in increasing susceptibility to the disease. The prognosis for esophageal cancer remains poor, with a five-year survival
rate of approximately 20%.

Early detection is important for improving outcomes because localized cancers can be treated with endoscopic therapies, surgical
resection, or targeted radiotherapy, whereas advanced-stage disease often requires systemic chemotherapy and palliative care,
offering limited benefits in terms of survival. The current diagnostic approach to esophageal cancer typically centers on clinical
assessment and imaging studies such as barium swallow radiography, computed tomography, and endoscopic ultrasound.
Endoscopy with biopsy remains the gold standard in confirming the diagnosis since it allows histopathological evaluation of
suspicious lesions (Barberio et al., 2021). Treatment options for esophageal cancer depend on the stage at presentation. Early-
stage cancers are usually treated with either endoscopic mucosal resection or radiofrequency ablation. For localized tumors, the
surgical approach is an esophagectomy combined with lymphadenectomy. Advanced tumors are treated with chemotherapy,
radiation, and immune checkpoint inhibitors. Despite these, survival rates are still very poor, and effective diagnosis and treatment
modalities need to be developed urgently(Al Amin et al., 2024).

Challenges in Early Detection

Hu et al. (2021), indicated that traditional diagnostic approaches to esophageal cancer have important disadvantages. Conventional
diagnostic options for esophageal cancer show some disadvantages related to early diagnosis of the disease. While endoscopy
might quite successfully disclose already visible lesions, it is an invasive intervention and also fairly expensive; it is therefore often
underused due to symptom rarity and low approach accessibility itself in asymptomatic or high-risk patient groups. Indeed,
findings can often assess only those undergoing specialized training and a great degree of expertise. These imaging modalities
are helpful for staging but are not sensitive enough to pick up early-stage esophageal cancer.

Similarly, biomarker-based blood tests, though promising in research settings, have yet to demonstrate the accuracy and reliability
needed for routine clinical use. Further adding to the challenge is a lack of standard protocols for early screening (Islam et al,
2021). No widely accepted screening guidelines exist for esophageal cancer, as they do for breast or colorectal cancer, even among
those known to be at particularly high risk due to conditions like Barrett's esophagus. Such lack of effort results in several lost
chances for intervention in an early stage and contributes to a large proportion of cases being diagnosed in an advanced stage
(Huang et al. 2020).

Considering such limitations, the need for better detection methods is urgently felt so that detection of esophageal cancer can be
made at a stage where curative treatment is still possible. Such a method of detection should be non-invasive, cost-effective, and
with high sensitivity and specificity (Guo et al., 2020). Diagnoses with the help of advanced technologies like Al integrated into the
diagnostic workflow present a very promising avenue to such challenges. Al can unleash ways to analyze complex data sets,
including imaging and genetic data patterns associated with the early stages of esophageal cancer (Nasiruddin et al.,, 2023).
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Al in Healthcare

According to Rahman et al. (2024), Artificial Intelligence has emerged now as a transformative force in healthcare, providing
innovative solutions for some of the long-standing challenges in diagnosis, treatment, and patient management. Al subsets,
namely ML and DL, have been brilliant in analyzing medical data for the identification of diseases with high accuracy. For instance,
Al algorithms have been used to detect the presence of breast cancer in mammograms, lung nodules in computed tomography
scans, and diabetic retinopathy in fundus photographs. Beyond imaging, Al is taking further steps into genomics, pathology, and
predictive analytics. Analyzing genetic profiles and molecular data, and the identification of biomarkers would help in personalized
treatment approaches. The application of NLP in extracting meaningful data from EHR enhances clinical decision-making.

Pant et al. (2023), posited that Al techniques have several advantages over the traditional methods of diagnosis. For example, the
Al algorithms process large volumes of data in much less time compared to human experts, thus reducing the chances of errors
and hence increasing diagnostic efficiency. In medical imaging, Al models have shown sensitivity and specificity similar to, or even
surpassing, that of expert radiologists when trained on large datasets. Furthermore, Al can collate many varied sources of data,
such as imaging, clinical history, and genetics, for more comprehensive disease risk. Moreover, the approach is holistic and quite
unlike what would happen with isolated pieces of information or critical contextual information that has easily been missed by
traditional means.

However, Al integration into healthcare does not come without its challenges. Data privacy, algorithm interpretability, and
regulatory approval are some of the issues that need to be addressed to ensure the safe and effective translation of Al-driven
diagnostic tools into practice. Despite these challenges, the potential of Al to revolutionize medical diagnostics is quite compelling,
especially in diseases for which the benefits of early diagnosis are considered paramount, such as esophageal cancer (Liu et al.,
2023).

Previous Studies

A significant volume of studies have been performed that investigate the application of Al in the early detection of esophageal
cancer, and the results so far are promising. Deep learning algorithms have been developed to analyze endoscopic images for
early-stage esophageal cancer with high accuracy. A study conducted by Zhang et al. (2021) demonstrated that a CNN could detect
Barrett's esophagus-associated neoplasia with a sensitivity of more than 90%. Other works approached the challenge of integrating
Al into histopathological analysis. The Al algorithms analyzed tissue biopsy samples to differentiate benign versus malignant
lesions and predict tumor grade and stage.

More recently, Al models also analyzed genomic and transcriptomic data for the identification of molecular signatures associated
with the progression of esophageal cancer. Al has also been applied to risk stratification in high-risk populations. For example,
predictive models using EHR data have been developed to identify patients with either GERD or Barrett's esophagus who are at
increased risk of developing esophageal cancer. These can guide targeted screening efforts, ensuring resources are allocated to
those most likely to benefit (Hasan et al., 2024).

Despite these developments, not a few gaps still exist in applying Al to the detection of esophageal cancer. Of the more important
challenges facing current research in this field, one of the most significant is the non-availability of large and high-quality datasets
with which to train and validate algorithms (Asghar et al., 2023). Most of the studies published have small sample sizes or are
based on single-institution series, raising concerns about generalizability. Another limitation is the focus on isolated data
modalities.

While many studies in the literature have shown the efficiency of Al in analyzing endoscopic images or biopsy samples, few have
integrated several data sources into comprehensive diagnostic models. Imaging, histological, and genomic data could be
combined to enhance the accuracy and robustness of Al-driven predictions (Mukundan et al., 2023). Finally, there is a need for
further research into the clinical implementation of Al tools. Although many algorithms have shown promise in research settings,
few have been integrated into routine clinical practice. Translating research into real-world benefits for patients requires addressing
important barriers to workflow integration, clinician acceptance, and regulatory approval (Hossain et al., 2024b).
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I1l. Data Collection and Preprocessing
Data Sources

The dataset used in this work on esophageal cancer is an aggregate of patient records from various reliable repositories, including
but not limited to hospital EHRs, publicly available cancer registries, and specialized medical databases such as SEER. It includes
key variables of the demographic information: age, sex, and race; clinical history such as comorbidities, symptoms, and risk factors
like GERD and Barrett's esophagus; diagnostic data, which includes imaging results, histopathology, and biomarkers; and treatment
outcome data, including surgical procedures, chemotherapy regimens, and survival rate. Data anonymization was done to protect
the privacy of the patients, and these data were further processed with strict preprocessing steps such as normalization, handling
of missing values, and data augmentation to enhance the quality and usability of the dataset. This rich dataset forms the basis for
training and validation in Al algorithms in the early detection and personalized treatment of esophageal cancer.

Data Processing

The code in Python facilitated the preprocessing of data to prepare the dataset for the machine learning model experiment. First,
the code started by dropping the columns of data that are quite useless, secondly, it followed by handling of missing values; in
particular, it dropped the columns containing a high percentage of missing values and filled numerical and categorical columns
with their respective median and mode. Third, it performed encoding of categorical variables using Label-Encoder and numerical
features normalization with the Standard-Scaler. Finally, it then divided the dataset into feature variables, X, and a target variable,
y, splitting these further into training and test sets for model development and evaluation.

Exploratory Data Analysis (EDA)

Exploratory Data Analysis (EDA) is a critical first step in any data science project. It involves using visual and statistical methods to
summarize the main characteristics of the data and uncover potential patterns and relationships. This procedure includes tasks like
understanding the data types and distributions, identifying outliers and missing values, and visualizing relationships between
variables. EDA helps in getting insight into the data, formulating hypotheses, and guiding the selection of appropriate models and
techniques for further analysis and modeling. By understanding the strengths and weaknesses of the data, EDA helps make the
subsequent analysis and modeling robust and meaningful.

Age Distribution of Patients

The code in Python is a snippet that was employed for the visualization of the distribution of patient ages across a dataset. The
code first included the necessary imports from relevant libraries: seaborn for statistical graphics, matplotlib-pyplot, and plotly-
express for plotting. Further, using Seaborn's histogram-plot function, the code proceeds to create an absolute frequency
histogram showing the distribution of the patient's age. The days_to_birth column was divided by -365 for conversion into years.
This plot is personalized, including a title and labels for readability and color for better contrast. Finally, it displays the plot with
plt.show(). The graph was useful in picturing the trend of the patient's age groups and any patterns or trends concerning ages that
may exist in this data as showcased below:
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Age Distribution of Patients
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Figure 1: Displays Age Distribution of Patients

The above histogram shows the distribution of patients of different ages in a given dataset. The x-axis represents age in years,
approximately from 30 to 90 years of age. The distribution is roughly bell-shaped, indicating a normal or near-normal distribution.
That means most of the patients fall within the middle ages, while fewer patients are in the younger and older age brackets. This
is taken to mean that the peak of this distribution lies within the range of approximately 60-year-olds. In this distribution, this
should fall to where a peak could most probably suggest that more frequency is drawn for this set of patients in a data set.

Gender Distribution

Python code snippet was used to visualize the gender distribution in the dataset. It first counted the occurrences of each gender
category in the 'gender' column of the Data Frame using df['gender'].value_counts(). Then, it created a bar plot using Seaborn's
barplot function to display the count of each gender. The plot was customized with a title, labels, and a pastel color palette for
better readability. The function plot.show() displayed the plot. It served to visualize and help bring out the composition of gender
within the dataset, or some possible trends and patterns across gender in the data:

Output:

Gender Distribution
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Figure 2: lllustrates Gender Distribution

This histogram represents the distribution of gender in the dataset, which is highly imbalanced between males and females. Where
there are almost 3,500 males, the number of females is just over 1,000. Thus, the data indicates that males are the predominant
majority, making up about 78% of the total count. Such a contrast may support the presence of potential gender disparities in the
sample that could affect the findings and interpretations concerning the context of the study. This may mean that such a one-
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sided representation would require special consideration in any analysis or conclusions that might be drawn from the data so that
the results are not biased by this gender imbalance.

Smoking History Distribution

The Python code snippet was employed in visualizing, through a diagram, the distribution of smoking history within a given
dataset. First, it imported the various libraries necessary for plotting. Then, the figure size for plotting was declared. It implemented
a count plot using Seaborn's counterplot () function wherein the frequency is shown for all the different instances of smoking
histories in the set of data that are to be provided. The automatically ordered categories through frequency in a data set are shown.
This plot is customized, adding a title and labels for readability, as well as a color palette. Finally, plt.show() is used to display the
plot as depicted below:

Output:

Smoking History Distribution

1200

Count

Smoking History

Figure 3: Displays Smoking History Distribution

This histogram of smoking history distribution clearly shows the trend in the dataset, peaking highly in the last category-which
suggests that over 1000 reported a smoking history of "1.0." Subsequent categories "2.0" through "4.0", display a gentle decline
in counts with each successive level having fewer cases, indicating a decreased prevalence of smoking as the history score
decreases. This distribution suggests that a significant proportion of the population tends to smoke more for their better
understanding of health-related analyses and interventions. It is indicated that smoking history is one of the essential factors to
be considered for analyzing the overall health profile of the sample.

BMI Distribution by Gender

The code is in Python created a boxplot showing the distribution of BMI by gender. First, it computed the person's BMI as his or
her weight in kilograms divided by height in meters squared. Using Seaborn's boxplot () function, a boxplot is created with x
representing the gender-ILikely, male, and female y are the values of BMI. It prepares the plot, adding a title, axis labels, and color
to make the comparison easier. A call to plt.show() produced a plot that allows for further investigation of possible differences in
BMI distribution between different genders and their implications for health disparities.
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BMI Distribution by Gender
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Figure 4: Visualizes BMI Distribution by Gender

The histogram above for the distribution of BMI by gender is remarkably different between males and females. The male medians
are about 26 while that of females is lower, near 24. The IQR tells us the middle 50% of the males have BMIs between approximately
24 and 29, while that of females between about 22 to 27. Also, there are quite a few outliers in both groups, with males being
more disparate in their distribution. This data points out the gender differences in body mass index, with males generally presenting
higher BMIs, which may have implications for health assessments and interventions tailored to each gender.

Frequency of Alcohol Consumption

This Python code snippet was executed to visualize the frequency of alcohol consumption in a dataset. It imported the libraries
necessary for plotting, set the figure size, and then created a histogram using Seaborn's histplot() function. The plot showed the
distribution of alcohol consumption frequency, with the x-axis representing the number of days per week and the y-axis
representing the density of individuals within each frequency range. In the code above, the plot has been customized, adding a
title and labels with color in purple for better readability. Finally, plt.show() was used to display the plot:

Frequency of Alcohol Consumption
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Figure 5: Showcases Frequency of Alcohol Consumption

This histogram of the frequency of alcohol consumption shows that the majority of respondents report no days of alcohol
consumption during most of the week, represented by the peak at zero days. The frequencies for days one through four drop
considerably, and very few people consume alcohol regularly. On the seventh day, the frequency increases hugely, showing that
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many of them have alcohol mainly at the weekend. The consumption distribution indicates the trend of binge drinking maybe
because people do not drink during the week or heavy drinking is carried out on specific days, which could raise potential public
health and intervention concerns.

Age Distribution by Vital Status

The Python snippet was computed to generate a boxplot showing the distribution of age at diagnosis according to vital status.
The code imported the necessary libraries for plotting and computed the figure size. Using Seaborn's boxplot (), it plotted the
figure with the x-axis being the vital status, hence, for example, "Alive" or "Deceased". The y-axis also plots age at diagnosis. Finally,
plt.show() displayed the created boxplot that enabled the visual analysis of age distribution patterns across different vital statuses.

Age Distribution by Vital Status

90 _—

807

70 7
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Age at Diagnosis

304
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Figure 6: Portrays Age Distribution by Vital Status

The above boxplot of the age distribution by vital status indicates a great difference between the two groups. The median age at
diagnosis for "Dead" is about 70 years, while for "Alive," it is lower and near 60 years. The interquartile range indicates that 50% of
the deceased fall within the 65 to 75 age bracket, while the alive group covers approximately 55 to 65 years. There is also a greater
spread in the "Dead" group, even some outliers into older ages, suggesting that diagnoses leading to death happen more in older
ages. Again, this data underscores the relation of older age to mortality and points out the need for targeted health interventions
among the elderly.

Smoking History vs. Number of Pack Years Smoked

The implemented code snippet generated a scatter plot to visualize the relationship between the age at which smoking began and
the Number of pack-years smoked where color represents smoking history. In the code, it utilized Seaborn's function scatterplot
() for creating a scatter plot. The x-axis displays the age at which smoking began; the y-axis is pack-years smoked, and color is
given by smoking status. The plot was customized by adding a title, axis labels, and a legend, as shown below. Finally, plt.show()
displays the created scatter plot to visually explore the possible trends or correlations between Smoking Initiation and pack years
and Smoking History variables:
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Smoking History vs Number of Pack Years Smoked
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Figure 7: lllustrates Smoking vs. of Pack Years Smoked

The scatter plot of the age at which a person started smoking versus pack years smoked shows quite a trend. Most of the
participants who started smoking at a younger age, say from 15 to 20 years, tend to have higher pack years, especially those
classified under 3.0 and 4.0, which are heavier smokers. On the other hand, subjects who started smoking later in life, usually after
the age of 25 years, report fewer pack years. Such a pattern suggests that the association between the early age of starting smoking
and greater length of exposure to tobacco, later on, is high, thus signifying the risk for long-term health effects based on age at
initiation of smoking.

Clinical Stage Distribution

An appropriate Python code snippet was used for visualizing the distribution of tumor stages in a dataset. It imported the necessary
libraries to perform plotting and set the figure size. Then, it created a count plot using Seaborn’s countplot() function to show the
frequency of each category in the tumor stage. The categories were ordered automatically in ascending order based on their
frequency in the data. The plot is customized with a title, labels, and color palette for better readability. Finally, plt.show() displays
the plot as portrayed below:

Clinical Stage Distribution
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Figure 8: Clinical Stage Distribution

The frequency at the histogram of this distribution in clinical stages is highly concentrated at Stage IIA, with over 450 occurrences.
This is where the graph is most prevalent among the studied population. Stages IIA and IlIA show a rather decent count, while the
numbers drastically fall for later stages down the queue, with Stage IV being the least. This distribution suggests that a larger
proportion of patients are diagnosed at earlier stages of the disease, and thus can get more effective treatment options. A marked
decrease in counts for advanced stages underlines the importance of early detection and intervention for improving patient
outcomes.
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Feature Engineering

Feature engineering is one of the most important steps in the machine learning pipeline, especially for complex medical datasets,
such as those of esophageal cancer patients in the USA. This procedure involved transforming raw data into meaningful features
that can greatly improve the predictive power of machine learning models. In particular, consisted of cleaning the dataset for
missing values and erroneous entries, and standardization of formats. For example, in esophageal cancer, data for patients included
several clinical measurements, demographic information, and treatment histories. Since missing data often biases results, methods
of imputation with means for continuous variables and modes for categorical variables need to be employed so that the data can
be made robust. Additionally, features like age or tumor sizes recorded in different units/scales called for a scale transformation
step to turn a raw dataset into one that the algorithms can handle uniformly.

Another important technique was variable transformation. Not every continuous variable necessarily followed a normal
distribution, which meant that it was important to apply transformations such as log or square root for them to become normal.
These features were normalized, thereby fitting into an algorithm. It also generated interaction features that concealed associations
within data. Interaction features such as smoking history and BMI about esophageal cancer gave further insights into the risk
factors. Combining such features into one new variable helped the model learn complex dependencies that might not be revealed
by individual variables in isolation.

Another key technique in feature engineering was categorical encoding. In particular, the machine learning algorithms require
numerical input; hence, there was a need to change the categorical variable represented as "treatment type" into numerical data,
for example, surgery and chemotherapy. Techniques like one-hot encoding represented binary features for each category to
capture the model capability of understanding these variables. Moreover, domain-specific features obtained based on clinical
knowledge will add more value. For instance, features like "comorbidities” (the presence of other diseases, such as diabetes or
hypertension) were crucial because they can influence the treatment outcome and survival rate of esophageal cancer patients.
Using clinical expertise to identify and create these features led to a more informed model that better reflects the complexities of
the disease.

Model Selection and Development

One of the most critical paths in the development of predictive frameworks in patients with esophageal cancer is the choice of
machine learning models. There are many different algorithms, each of which outperforms others in some respect, and thus the
selection of the model that will best fit the characteristics of the dataset and the particular goals of the analysis is of utmost
importance. Among the selected algorithms are Logistic Regression, Random Forest, and XG-Boost.

Logistic regression is considered more foundational for the nature of a problem-binary classification with an approximate linear
relationship between a set of feature variables and target variables. Here, transparency is especially conducive in a medical context
as doctors then know explicitly that if variable A has one value and the patient does good, variable A considers a fine clinical
pathway. For example, coefficients from the logistic regression model can be directly used to represent the odds of survival
concerning some features, which may provide a clinician with valuable suggestions on how to decide.

Random forest classifiers are yet another intuitive option for modeling complex relationships within the data. They achieve this by
recursive partitioning of the dataset depending on the feature values into a tree-like structure, such that decisions at each node
provide an output for classification or prediction. Random forest classifiers are quite interpretable, as stakeholders can comprehend
how the model made its decisions. However, they overfit quite easily, especially in deeper trees. Random Forest builds numerous
Decision Trees and then combines all their predictions to make even more robustly accurate predictions by reducing the danger
of overfitting. It also returns feature importance metrics, which could inform further feature selection and engineering efforts.

Gradient Boosting, on the other hand, constructs trees sequentially, where each new tree focuses on correcting the errors made
by previous trees. This method often yields superior performance on structured data, making it particularly suitable for medical
datasets. Variants such as XGBoost and LightGBM are preferred due to their efficiency and speed; thus, advanced optimization
techniques further enhance their predictive capability. The reason is that these models have been proven to be quite effective in
handling high-order interactions of features and generalize well on unseen data. In particular, the predictive framework will be
able to catch the peculiarities of the esophageal cancer data by an appropriate mixture of these algorithms with better performance
in terms of accuracy and interpretability.
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Training and Evaluation

Well-structured training and evaluation procedure is indispensable to ensure the reliability and validity of predictive models. The
splitting of the dataset was done at the initial stages of a training and testing process. A proven practice was to divide 70-80% for
training while keeping the remaining portion for testing at 20-30%. This enabled the model to learn the underlying patterns from
the training data and allow for the nonbiased evaluation of fresh, unseen data. Stratified sampling was especially useful in the case
of an imbalanced dataset, maintaining the same proportions of the target variable in both sets, for instance, survival status.

To enhance the model's robustness, techniques of cross-validation, such as k-fold cross-validation, were used. Here, the training
dataset was divided into k subsets or folds. The model was trained on k-1 folds and tested on the remaining fold, and this process
is repeated k times. In other words, each fold acted as a test set once with the help of the rest to give the overall performance of
the model on different subsets of the data. Cross-validation reduces the variability in performance estimates and helps the model
generalize to different segments of the dataset. This iterative process eventually yielded a more reliable model since it will be
tested on various variations of the training data.

Evaluation metrics are very important when it comes to the performance evaluation of a model. Accuracy is a simple measure that
reflects the ratio of correctly predicted instances to the total instances. However, in the case of medical datasets, when there is an
imbalance in the distribution of classes, accuracy alone can be very misleading. Thus, other measures such as precision, recall, F1-
score, and ROC-AUC have been used to give a better judgment. Precision is the ratio of true positive predictions to positively
predicted ones, important in medical data, as this can lead to unnecessary treatments when there are false positives. Recall, also
known as sensitivity, is about true positives out of all actual positives-a measure of how well the model identifies the patients who
have the disease. The F1-score combines both precision and recall into one single measure that balances both, hence being very
useful in the case of imbalanced datasets.

Hyperparameter Tuning

Hyperparameter tuning is a set of approaches used when trying to determine the most effective level of settings involved around
the training governing the model. Among the major methods of hyperparameter tuning, grid search provides a way of defining a
hyperparameter grid and then exhaustively searching over all its combinations in search of the best combination that performs
well according to cross-validation. Grid search was computationally expensive, especially when dealing with a large number of
hyperparameters or complex models; however, it provided a systematic way to explore the hyperparameter space. The random
independent uniform sampling of the hyperparameter space selected a few numbers of combinations to consider. Random search
was considered more efficient than grid search, especially when only a few hyperparameters have a significant impact on model
performance.

V. Results and Analysis
a) Random Forest Modelling

Python script for the implementation of a Random Forest Classifier in machine learning was computed. It first imported the class
Random-Forest-Classifier from the library sklearn. Ensemble. Afterward, it instantiated a Random Forest model with 100 decision
trees (n-estimators=100) at a random state for reproducibility (random-state=42). Subsequently, it fitted the model on the train
data, X-train, and y-train, via the fit () method. Then, the predict () method was used on the test data, X-test, with the trained model.
Lastly, the code printed out the accuracy score, confusion matrix, and classification report to show the model's performance in
terms of accuracy, precision, recall, and F1-score:
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Output:

Table 1: Random Forest Results

Accuracy: 1.0
Confusion Matrix:
[[530 0]
[ 0 26711
Classification Report:
precision recall fl-score support
0 1.00 1.00 1.00 530
1 1.00 1.00 1.00 267
accuracy 1.00 797
macro avg 1.00 1.00 1.00 797
weighted avg 1.00 1.00 1.00 797

The table above shows the perfect performance of a Random Forest model. It yielded an overall accuracy value of 1.0, implying
that all instances from the dataset were classified correctly. A confusion matrix of all negative cases correctly predicted to be
labeled as 0 with a value of 530 and the same goes for the positive classes labeled as 1 of 267 in total, hence, zero false positives
and zero false negatives. This is further confirmed by the classes themselves, with precision, recall, and F1-score being 1.0 each for
both classes, meaning the model has attained perfect predictions for the data set in question, with the support of a total of 797
instances.

b) XGB-Classifier Modelling

The Python code snippet performed the implementation of an XG-Boost classifier for machine learning. It computed the import
of a class XGB-Classifier from the XG-boost library and some metric functions from sklearn-metrics. Particularly, it Instantiated an
XG-Boost model with hyperparameters: the number of boosting rounds, learning rate, maximum depth of a tree, and random
state. It sets use_label_encoder=False to evade a warning that might pop up. The model fitted to the training data on the X-train
and y-train using the fit () method. Then, using the now-trained model, predictions were made on the test data, X-test, with the
predict () method. Finally, the code printed out the accuracy score, confusion matrix, and classification report to observe a model's
general view on its accuracy, precision, recall, and F1 score as presented below:

Output:
Table 2: Showcases XGB-Boost Resulted
Accuracy: 1.0
Confusion Matrix:
[[530 0]
[ 0 267]]
Classification Report:
precision recall fl-score support
0 1.00 1.00 1.00 530
1 1.00 1.00 1.00 267
accuracy 1.00 797
macro avg 1.00 1.00 1.00 797
weighted avg 1.00 1.00 1.00 797

Above is the result from the XG-Boost model, which is perfect, showing an accuracy of 1.0 by correctly classifying all instances in
the dataset. From this confusion matrix, all 530 from the negative class were put in the right place, as were all 267 from the positive
class, without leaving any errors. This is further confirmed by the classification report that the precision and recall for each class

Page | 20



JMHS 6(1): 08-27

were 1.0, implying there were no false positives or false negatives. The macro and weighted averages are perfect, underlining the
effectiveness of the model across the whole dataset of 797 instances.

c) Logistic Regression

The Logistic Regression model in Python first imported the class of Logistic Regression from the library sklearn.linear_model and
other metric functions from sklearn-metrics. Instantiating the model, Logistic Regression used max_iter to avoid convergence
issues, with the random state set to 42 for reproducibility. Then, this model fits the training data using the fit() method on the X-
train and y-train. Then, the predict () method is used on the trained model to make predictions on the test data, X-test. Lastly, the
code printed out the accuracy score, confusion matrix, and classification report to provide insight into the model's accuracy,
precision, recall, and F1 score as exhibited below:

Output:

Table 3: Displays Logistic Regression Results

Accuracy: 0.8996235884567126
Confusion Matrix:
[[495 35]
[ 45 22271
Classification Report:
precision recall fl-score support
0 0.92 0.93 0.93 530
1 0.86 0.83 0.85 267
accuracy 0.90 797
macro avg 0.89 0.88 0.89 797
weighted avg 0.90 0.90 0.90 797

The table above overviews the result of a Logistic Regression model whose accuracy is close to 0.90-that is, classifying correctly
approximately 90% of its instances. A confusion matrix resulting from the total of 530 negative cases-labeled 0-495 cases were
correctly classified and 35 were misclassified as positive. From the positive class, there was a total of 267 instances labeled as 1.
Out of which, 222 were correctly identified, leaving 45 false negatives. Classification report: Precision in the positive class is 0.86,
and recall is 0.83-the model has some difficulty in correctly identifying all the positive cases. The macro average is 0.89, and the
weighted average is at about 0.89; this model in general is good but struggles in differentiating positive cases.

Comparison of All Models

Appropriate Python code snippets were executed to generate a bar chart to compare the performance metrics of three different
machine learning models: Logistic Regression, Random Forest, and XG-Boost. It first prepared the data for visualization by
extracting the accuracy, precision, recall, and F1-score values for each model from their respective dictionaries. Then, it created a
bar chart with four groups of bars, each representing a metric (accuracy, precision, recall, and F1-score). Within each group, there
were three bars, one for each model. The x-axis represented the models, and the y-axis represented the metric scores. The code
customized the chart with labels, title, and legend for better readability and finally displays the chart using plt.show ():
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Comparison of Model Performance Metrics
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Figure 9: Visualizes Comparison of Model Performance Metrics

Model Accuracy | Precision | Recall F1-Score | Precision | Recall F1-Score
(Class 0) | (Class 0) (Class 0) | (Class 1) | (Class 1) | (Class 1)
Logistic Regression 89.96% 0.92 0.93 0.93 0.86 0.83 0.85
Random Forest Classifier 100% 1.00 1.00 1.00 1.00 1.00 1.00
XGBoost Classifier 100% 1.00 1.00 1.00 1.00 1.00 1.00

The table and figure above present a comparison between the performances of the models, namely Logistic Regression, Random
Forest Classifier, and XG-Boost Classifier. Among them, the Logistic Regression model has an accuracy of about 89.96%, with
precision, recall, and F1-score values of 0.92, 0.93 for class 0 and 0.86, 0.83 for class 1, respectively, which is quite good but had
some difficulty identifying positive cases. On the other hand, both the Random Forest and XG-Boost classifiers did extremely well,
achieving 100% accuracy, perfect precision, recall, and an F1-score of 1.00 for each class, which ascertains how much better these
models classify instances perfectly without mistakes. In conclusion, the models of Random Forest and XG-Boost gave very
impressive results over the model of Logistic Regression.

Validation Technique

This study employed all kinds of different validation techniques to ascertain the robustness of the models. Cross-validation
techniques especially the k-fold cross-validation were deployed, where the partition of data was done into k sub-sets also referred
to as "folds." The models were trained on k-1 folds and validated on the remaining folds. It repeated k times, each of which was
used as the validation once. This technique helped to avoid overfitting and gave a better overview of the performance of the model
since every observation in the dataset was used for training and testing. Besides that, stratified sampling was used to keep the
proportion of different classes in each fold, which is important in imbalanced datasets.

Other techniques, besides cross-validation, such as bootstrapping and holdout validation, were also adopted to check the stability
of the models. Bootstrapping is a technique where repeated sampling is performed with replacement on the dataset to form
multiple training sets, hence one can estimate the variability in performance of a model. In contrast, holdout validation just splits
the dataset into a training set and a test set, where the test set remains unseen during the training of a model. The performance
of a model on these different datasets, such as a training, validation, and test set, might give more insight into stability and
consistency. A model that performs similarly on these quite different datasets can generalize better to new, unseen data; it means
the model is robust and reliable.

Predictive Insights

The model outputs are quite crucial concerning the risk factors associated with the positive class and will enable health
professionals to identify those patients who may need more frequent monitoring or intervention. The interpretation of the model's
predictions is important for the development of targeted strategies for patient management that improve patient outcomes.
Through scenario analysis, health professionals can go a step further to explore how different segments of patients react under
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various conditions and treatment options based on model predictions. For example, consider two patient segments: younger
patients with no prior health conditions and older patients with multiple comorbidities. By adjusting the input variables related to
age, health history, and other risk factors, one can simulate different scenarios to observe how the model predicts outcomes for
each group. In younger patients, the findings may also show a low probability for a particular condition; hence, proactive
monitoring may not be necessary. On the other side, the model may point to a high likelihood of occurrence in an elderly patient
with more risk factors, thereby calling for immediate treatment or prevention. This is going to ensure that treatment is provided
on a more individualized basis and that resources are utilized better.

VL. Individualized Treatment Plans
Patient Segmentation Analysis

The identification of high-risk patient groups is the most important first step in developing effective personalized treatment plans.
Segmentation analysis involves the division of patients into groups based on certain variables, which may include demographic
data, medical history, lifestyle factors, or predictive model outputs. Analytics and machine learning can be used to determine small
groups of patients who have a high risk for certain conditions. For example, this could include a segmentation of high-risk, medium-
risk, and low-risk patients utilizing the outputs coming from predictive models.

This segmentation may be based on age, pre-existing health conditions, and behavioral health indicators. For example, older
patients with multiple comorbidities can be considered high-risk patients for some chronic diseases, while younger ones with no
significant health history might fall into the low-risk category. Targeting high-risk groups enables healthcare professionals to focus
their interventions and resources in such a way that those who need immediate care get it without any delay. This targeted
approach not only enhances patient outcomes but also optimizes healthcare resource allocation.

Development of Treatment Strategies

Once the identification of high-risk patient groups is made, predictive insights must translate into the formulation of treatment
strategies. The plans of treatment need to be tailored according to the peculiar needs and characteristics of each segment.
Treatment strategies may include pharmacological interventions, lifestyle modifications, and close monitoring of high-risk patients.
This may be the case when some predictive model identifies a group of patients who have a high risk of developing diabetes;
dietary counseling, regular exercise programs, and medication management can be part of an individualized plan.

Equally important, the predictive insights can be used to construct dynamic treatment plans that may evolve. As patient conditions
change, or as new data is obtained, treatment strategies can thus be changed. For instance, a patient who was initially classified
as low risk but starts developing worrying symptoms can have his or her treatment plan escalated to more intensive monitoring
or intervention. This makes the treatment plans so flexible to always accord the patients with the best care at any instance in their
health journey for better health outcomes.

Implementing Al-Driven Insights

The successful translation of Al-driven models into clinical practice requires several steps to be undertaken for implementation
and utilization. First, healthcare organizations have to invest in necessary infrastructures, including data management systems
capable of managing the vast volumes of patient data generated. This involves ensuring interoperability between diverse health
information systems so that relevant data can be seamlessly accessed and analyzed. It is equally important to train healthcare
professionals in the use of such Al tools so that they can interpret model outputs and integrate them into clinical decision-making.
This integration will involve the creation of a solid framework that can detect in real-time and provide personalized
recommendations for treatment to maximize insights provided by Al. It will have mechanisms of continuous data collection and
analysis that allow for real-time updating of patient risk profiles. For example, wearable health technology offers the continuous
monitoring of vital signs and other health indicators, feeding data back to predictive models that refine patient risk assessments.

VII. Case Study: Implementing Al-Driven Early Detection in a US Hospital
Background

Early diagnosis and treatment of esophageal cancer are difficult; for this reason, patients often get late diagnoses that affect the
treatment outcomes negatively. In a bid to stem this, University College Hospital has implemented state-of-the-art Al technologies
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that help identify esophageal cancer at an early stage. The difficulties UCLH has faced in the subtlety of early signs of the disease,
which may be very hard for even expert gastroenterologists to identify during endoscopic examinations, have been one of the
challenges. Traditional methods heavily rely on the visual appearance of tissue patterns and colors, which can easily lead to missed
diagnoses if the changes are not immediately obvious.

The hospital recognized that there was a very important need to identify more cases at their earliest stages since early-stage
esophagus cancer usually allows for minimally invasive treatments, and thus better chances of survival. As one of the most common
causes of cancer-related death worldwide, UCLH pursued innovative solutions aimed at enhancing diagnosis and reducing the
time to identify at-risk patients. By integrating Al-driven tools into their diagnostic processes, UCLH aimed to support clinicians in
making more informed decisions and ultimately improving patient outcomes.

Implementation

Al-powered early detection at UCLH has so far seen the deployment of a state-of-the-art tool called CADU, standing for Computer-
Aided Detection for Upper Gl cancers. Its underlying advanced system deploys machine learning algorithms for pattern recognition
during the procedures based on big endoscopic image training data sets for helping to realize in real-time whether patients have
cancer. It has developed the CADU system through joint research at University College London along with Odin Vision. Last year
it approved the regulatory procedure as the very first Al-powered medical device in 2021 for detecting esophageal cancer. The
deployment process was made up of several important steps:

Step 1-Data Training: The CADU system was trained on hundreds of thousands of images showcasing both healthy and diseased
tissue, thus enabling it to learn the visual patterns associated with early-stage esophageal cancer.

Step 2-Integration into Clinical Workflow: The Al tool was integrated into existing endoscopy procedures, enabling
gastroenterologists to receive real-time feedback during examinations. This integration was designed to complement rather than
replace the expertise of clinicians.

Step 3- Continuous Learning: This system learned, as more and more procedures were done by it, continuously from any new
data added to its kitty, and consequently, the degree of precision and efficiency enhanced with time.

Step 4-Training and Support: Clinicians were trained in the use of the Al tool to maximum effect so that they could interpret its
findings in concert with their own assessments.

Results

Since its implementation, effectiveness has been continuously measured by multiple metrics regarding Al-driven early detection
at UCLH. The initial results highlight that the esophageal early cancers were considered to have a higher outcome; studies indicate
that CADU reached an accuracy rate of over 98%, detecting lesions in sizes mostly smaller than 10 mm. Smaller lesions are always
easier to handle and therefore of better prognosis; this is thus important for such a level of precision. The key results expected
from this initiative will include:

Increased Detection Rates: The use of CADU has led to the earlier diagnosis of patients who would not have been identified from
simple standard endoscopic examinations.

More Effective Treatment: Early detection has allowed patients to undergo less invasive treatments, greatly improving their
chances for recovery.

Reduced Diagnostic Time: The Al system analyzes images much faster, which enables clinicians to make quicker intra-operative
decisions without compromising on accuracy.

The use of Al-enabled early detection of esophageal cancer at UCLH is just one more example of how technology will rewrite the
rules for diagnostic practices in healthcare. Therefore, it ushers in new, personalized treatments and, importantly, acts as a beacon
for other hospitals worldwide in their quest to find innovative ways to reinvent diagnostics in oncology.
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VIII. Discussion
Implications for the US Healthcare System

The integration of Al-driven early detection technologies has deep implications for the US healthcare system, especially in
improving patient outcomes. Early detection of diseases through predictive modeling can lead to timely interventions that are
often crucial in improving prognosis and treatment efficacy. Early-stage identification of at-risk patients would, therefore, provide
a very great avenue through which providers may pursue preventive measures or proactive monitoring-lifestyle changes, as a rule,
greatly decrease the onset of chronic diseases, for instance, diabetes or heart problems. The proactive approach will not only be
beneficial for individual patients but would decrease the overall burden on disease management and thereby reduce the cost of
care efficiently.

On the other hand, the implementation of Al-powered solutions faces some drawbacks. The key barrier is presented through
integrative issues of heterogeneous data sources that could complicate the process of implementing Al models within health
systems. Secondly, there will likely be resistance by health professionals due to conventional means of diagnosis. Such barriers
might also be addressed when health organizations focus on training programs that help clinicians understand the value and
functionality of Al tools and develop protocols to spur innovation. Liaison protocols on data sharing or collaboration policies across
institutions can also facilitate smoother implementation. By tackling such potential barriers proactively, the healthcare system will
accommodate Al technologies for better patient care and early detection.

Ethical and Privacy Considerations

The deployment of patient data in Al-driven healthcare solutions is associated with significant ethical and privacy issues that must
be addressed in order not to lose the confidence of the general public but also to make sure that regulations are followed. There
is a great concern for data privacy, as this may expose sensitive health information to unauthorized access or misuse. This also
means giving much-needed attention to the ethical implications, especially informed consent and the possibility of bias in the
design of the algorithms themselves, in using patient data for predictive modeling. That is, informed consent of the patients about
what will happen with their data is an important prerequisite, as is protecting their privacy.

Other important facets of the ethical implementation of Al in healthcare revolve around issues of regulatory compliance.
Organizations should also be more compliant with regulations like the Health Insurance Portability and Accountability Act
concerning the use and protection of patient information. This will involve the best practices in ensuring compliance: strong
encryption methods for data, regular auditing, and well-structured data governance frameworks. Also, the development and
deployment of Al models involving ethicists and legal experts will go a long way in mitigating ethical concerns and ensuring that
patient rights are respected. The healthcare system will be able to enjoy the advantages offered by Al in service delivery while
ensuring that patient trust and safety are maintained by giving priority to ethical standards and the protection of privacy.

Limitations

Despite the enormous promise of Al-driven predictive modeling, several limitations have to be considered concerning data quality
and model generalizability. Al models are only as good as the data they were trained on. Inconsistent or incomplete data-or biased
data results in wrong predictions which could negatively affect patient care. For example, a model can be overtrained on the data
of one demographic group, so that when applied to the rest, this results in bad performance and, ultimately, disparity in care. Well-
characterized, representative datasets play a critical role in developing robust models generalizable across diverse patient
populations.

Other areas of development that might be worked out in the future include enhancing Al model interpretability and overcoming
algorithmic bias. With the ever-improving Al technologies, it becomes important to develop methodologies that allow healthcare
professionals to understand and trust model predictions. This might include the development of more transparent algorithms
which are capable of explaining their decision-making processes. Other research efforts should continue in the direction of
integrating various data to ensure the generalization of models, hence minimizing any possibilities of bias. Overcoming these
limitations and embedding a culture of continuous improvement will help the healthcare sector derive maximum benefits from Al-
driven predictive modeling with minimum risk.
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IX. Conclusion

The main goal of this study was to develop and validate Al algorithms for the early detection of esophageal cancer using advanced
machine learning techniques, and analyzing data from medical imaging, EHRs, and genomic profiles. The dataset used in this work
on esophageal cancer is an aggregate of patient records from various reliable repositories, including but not limited to hospital
EHRs, publicly available cancer registries, and specialized medical databases such as SEER. It included key variables of the
demographic information: age, sex, and race; clinical history such as comorbidities, symptoms, and risk factors like GERD and
Barrett's esophagus; diagnostic data, which includes imaging results, histopathology, and biomarkers; and treatment outcome
data, including surgical procedures, chemotherapy regimens, and survival rate. Among the selected algorithms are Logistic
Regression, Random Forest, and XG-Boost. Random Forest and XG-Boost classifiers did extremely well, achieving high accuracy,
perfect precision, recall, and an F1-score of 1.00 for each class, which ascertains how much better these models classify instances
perfectly without mistakes. The integration of Al-driven early detection technologies has deep implications for the US healthcare
system, especially in improving patient outcomes. Early detection of diseases through predictive modeling can lead to timely
interventions that are often crucial in improving prognosis and treatment efficacy.
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