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Abstract 

Even with significant advances in cancer treatment, Gastroesophageal Junction (GEJ) cancers 

continue to present therapeutic challenges with a 5-year survival rate of just 21%. This work 

develops GenomicRL, a deep reinforcement learning (DRL) framework that integrates genomic, 

metastatic, and clinical markers to optimize treatment recommendations. Initially, a supervised 

learning (SL) baseline using ElasticNet achieves 64% exact match ratio (EMR) with clinician 

decisions. Augmenting training with synthetic data improves EMR to 70%, demonstrating 

generated data’s utility in mitigating limited real-world samples. However, SL’s reliance on 

historical decisions neglects post-treatment outcomes. To address this, a novel outcome-driven 

DRL agent is trained. Although the approach, incorporating survival, metastasis, and genomic 

stability into its reward function, reduces EMR from 99% (for clinician-mimicking reward 

function) to 73%, it achieves a higher average reward. Incorporating post-treatment signals, 

however, leads the agent to deviate from historical choices in ways that improve long-term 

outcome metrics—trading some immediate agreement for better anticipated patient benefit. This 

shift from pure imitation to outcome-oriented optimization highlights the promise of data-driven 

recommendation strategies that leverage diverse clinical and molecular information. Importantly, 

the proposed framework is not designed to supplant medical professionals but to assist them in 

refining treatment planning through personalized insights that account for individual patient 

variability.
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1. Chapter 1: Introduction 

Cancer is the uncontrollable or rogue growth of the body’s cells that can start almost anywhere 

and spread to other parts of the body. These cells may form tumors which can be cancerous 

(malignant) or non-cancerous (benign) [1]. The malignant ones can, oftentimes, travel and invade 

tissues nearby and then move on to distant places in the body to form new tumors resulting in 

metastasis. Although most cancers seem to be caused by a combination of several factors ranging 

from age to smoking, cancer is primarily believed to be a genetic disease caused by changes in 

our genes. These genetic changes can occur due to errors during cell division, DNA damage due 

to UV exposure or smoke, or something that we inherit from our parents. 

The complexity of cancer treatment lies not only in its genetic foundations but also in its 

remarkable diversity, with over 200 distinct types requiring uniquely tailored approaches. The 

challenge becomes particularly evident in cases of GEJ tumors. Despite advances in multimodal 

treatment approaches, the prognosis for GEJ cancers remains poor, with a mere 21% five-year 

relative survival rate [2]. The National Cancer Institute's SEER (Surveillance, Epidemiology, and 

End Results Program) database gave an even more sobering statistic: approximately 39% of GEJ 

cancers are diagnosed at distant stages, with the five-year survival rate plummeting to 5.3% for 

metastatic cases [2]. Despite the severity of this cancer, there is a lack of proper open-source data 

available to further research in this domain. 

In response to these challenges, this project is focused on developing a cancer treatment 

recommendation system specifically designed for GEJ cancers. Leveraging patient-specific data 

such as genomic profiles, metastatic patterns, and clinical histories, the system is designed to 

generate personalized treatment recommendations. Importantly, the intent of this system is not to 

supplant medical professionals, but rather to assist them in refining treatment planning through 

personalized insights that account for individual patient variability. Traditional treatment 

modalities, primarily aimed at maximal cell eradication, often encounter limitations when 

addressing metastatic cancers due to drug resistance. This project aims to follow the footsteps of 

precision medicine approach—grounded in the molecular characterization of tumors and 

individual genetic profiles [3] to tailor therapeutic strategies. This recommendation system, 
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therefore, represents a crucial step toward integrating advanced AI methodologies with clinical 

expertise to enhance treatment outcomes in cancer care. 

1.1 AI in Oncology 

Over the years there have been several advancements in cancer treatment with AI and Machine 

Learning (ML) models. Researchers have adopted supervised and unsupervised learning 

algorithms for diagnosis and prognosis. There are several studies investigating the role DRL 

agents can play in cancer treatment recommendations. A lot of those studies are focused on Breast 

and lung cancer as they form around 27.2% of cancer incidences globally [4]. The application of 

DRL in cancer treatment has shown promising results across various domains: 

Liu et al. proposed PPORank, a DRL-based framework for personalized cancer treatment 

recommendations. By modeling drug ranking as a Markov Decision Process (MDP), PPORank 

adaptively identifies optimal therapies based on individual molecular and clinical profiles, 

outperforming traditional SL approaches in large-scale cancer cell line datasets [5]. In another 

paper by Yauney and Shah (2018), an RL-based optimization of chemotherapy regimens was 

suggested to achieve better outcomes in clinical trials while reducing adverse effects [6]. 

Yoon et al. (2022) proposed an adaptive dosing strategy using Deep Q-Networks (DQN), 

demonstrating improved progression-free survival in simulated breast cancer cases [9]. Chen and 

others. (2023) introduced a time-sensing mechanism in the DRL model for dynamic therapy 

adjustment. It shows 30% better results compared to the static protocol [7]. In a real-time study, 

Park and others. (2023) conducted one of the first prospective trials using DRL for prostate cancer 

treatment, by examining the safety and effectiveness of the approach in healthcare [8]. 

Owen et al. (2018) emphasized the importance of tailoring treatments to individual patient 

characteristics [10], highlighting the potential of RL in oncology. Although RL applications in 

cancer care are relatively new and underexplored, studies have shown promise in optimizing 

chemotherapy dosages, radiation planning, and dynamic treatment regimens. Gallagher et al. 

leveraged DRL to design adaptive cancer treatment protocols, demonstrating its ability to extend 

progression-free [11] survival in prostate cancer models.  
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While these advancements demonstrate the versatility of AI in oncology, the specific 

challenges of GEJ cancers such as genomic heterogeneity and limited therapeutic targets, demand 

a tailored approach that integrates both molecular profiling and dynamic treatment optimization. 

1.2 Challenges and Solutions 

The development of a cancer treatment recommendation system presents the following complex 

challenges: 

1. High-quality clinical data for GEJ cancers is limited, and the available data often suffers from 

imbalance and bias. This scarcity not only makes it challenging to maintain clinical validity 

but also increases the risk of over- or underfitting in data-driven models. 

2. The inherent variability in patient characteristics encompassing genomic profiles, metastatic 

patterns, and clinical characteristics complicates the formulation of effective treatment 

recommendations. 

The proposed solution includes the following steps: 

1. Address the challenge of data scarcity in medical research by employing data augmentation 

techniques to generate proper synthetic data. This is followed by a two-stage training 

approach, pre-training on synthetic data and fine-tuning on real patient data. 

2. Develop and implement a DRL framework that can effectively process and learn from 

complex patient data to provide cancer treatment recommendations; all while taking before 

and after treatment results into account. 

1.3 Structure of the report 

This project report is divided into six chapters. Chapter 2 provides an overview of ML, SL and 

Reinforcement Learning (RL). Chapter 3 explores the dataset utilized in this project and the 

different categories of its features. Chapter 4 explores an SL algorithm for a two-stage training 

process highlighting the significance of GAN and its impact on key metrics. Chapter 5 describes 

the DQN-based RL approach for this recommendation system, including MDP formulation and 



 

4 

metrics to analyze the performance of the DQN agent. Chapter 6 suggests future research 

directions. 
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2. Chapter 2: Machine Learning 

ML is a subset of AI that has revolutionized several aspects of our lives, from weather predictions 

to business decisions. It plays a key role in healthcare by enabling disease prediction through 

pattern recognition and data analysis. Its ability to process complex clinical datasets, allows for 

the identification of subtle patterns and risk factors that traditional methods might overlook. For 

cancer research, the ML algorithms can be used to analyze imaging and genetic profiles and 

comprehensive patient histories in order to predict disease possibility, progression, and prognosis 

which can inform treatment decisions at an early stage, thereby facilitating timely interventions 

and improving outcomes. 

2.1 Supervised Learning 

In SL, models are trained on labeled data to learn the mapping between input features and known 

outcomes. The process is underpinned by the belief that patterns identified in historical data can 

generalize to unseen instances if the model has sufficient data to represent this and is equipped 

with appropriate regularization techniques to mitigate overfitting. This approach is essential for 

both classification tasks, where data are sorted into discrete categories, and regression tasks, 

which predict continuous values. The accuracy of the predictions depends on the quality and 

quantity of the labelled data available for training purposes [12]. The formalization of an SL 

algorithm typically involves a dataset as: 

𝐷 = {(𝑥1, 𝑦1), (𝑥2, 𝑦2), … , (𝑥𝑛, 𝑦𝑛)} (2.1)

where 𝐷 represents the dataset which comprises an input feature vector 𝑥𝑖 ∈ 𝑅𝑑 (where 𝑅𝑑 

represents the d-dimensional real space) and a corresponding target variable 𝑦𝑖. The central 

objective becomes the approximation of a function 𝑓:  𝑅𝑑 →  𝑅 (or 𝑅𝑐 for multi-output scenarios) 

that minimizes a predefined loss function 𝐿(𝑓(𝑥𝑖),  𝑦𝑖) across the training distribution. 

Classification 

Classification is a specialized branch of SL focused on assigning discrete labels to input instances 

[13]. The theoretical foundation rests on the estimation of decision boundaries within the feature 

space. From a probabilistic standpoint, the goal is to model the conditional probability 𝑃(𝑦|𝑥) 
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and select the target label 𝑦 that maximizes this probability for a given input 𝑥. In practice, 

classification tasks involve mapping an input vector 𝑥𝑖 ∈ 𝑅𝑑 to a discrete output space 𝑦 ∈

{1,2, … ,  𝐶}, where 𝐶 denotes the number of classes. While binary classification (with 𝐶=2) is 

conceptually simpler, multi-class classification requires more nuanced approaches such as one-

versus-all or one-versus-one strategies. Classification finds its application in tasks such as 

sentiment analysis, spam email detection, etc. 

Regression 

Regression analysis is another fundamental component of SL that deals with predicting 

continuous output variables from input features [13]. Unlike classification, regression focuses on 

forecasting numerical values along a continuous spectrum, the effectiveness of which depends on 

robust feature selection and precise preprocessing. The aim is to approximate a function  𝑓:  𝑅𝑑 →

 𝑅 such as to minimize the difference between predicted and observed values, typically measured 

using loss functions like squared error or absolute deviation. The classic linear regression model 

is defined by the equation: 

𝑦 =  𝛽0 +  𝛽1𝑥1 +  𝛽2 𝑥2 + ⋯ + 𝛽𝑑𝑥𝑑 +  𝜖 (2.2)

where 𝑦 is the predicted or dependent variable, 𝛽0,  𝛽1,  𝛽2, …  are called the regression coefficients 

where 𝛽0 is the intercept, 𝛽1 is the coefficient of independent variable 𝑥1, and so on and 𝜖 is a 

random error component. Regression techniques are widely used in fields such as financial 

forecasting to predict stock prices or economic indicators based on historical data and various 

market factors. A popular algorithm in regression is linear regression, a model that estimates the 

linear relationship between two variables by fitting a linear equation to observed data. 

ElasticNet 

The ElasticNet model, implemented in Chapter 4 of this project, is a regularized linear regression 

that combines the properties of L1 and L2 regularization, where L1 regularization (Lasso) 

encourages sparsity by driving some coefficients to zero and is key in feature selection and L2 

regularization (Ridge) shrinks coefficients towards zero (not to exactly 0) thereby preventing 

overfitting and handling multicollinearity (when predictor variables are highly correlated). The 

mathematical formulation of ElasticNet loss can be written as: 

https://www.codecogs.com/eqnedit.php?latex=f%3A%20%5Cmathbb%7BR%7D%5Ed%20%5Crightarrow%20%5Cmathbb%7BR%7D#0
https://www.codecogs.com/eqnedit.php?latex=f%3A%20%5Cmathbb%7BR%7D%5Ed%20%5Crightarrow%20%5Cmathbb%7BR%7D#0
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𝐿 =  
1

2𝑛
∑(𝑦𝑖 − 𝑦̂𝑖)2 +  𝜆 (𝛼 ∑|𝛽𝑗|

𝑝

𝑗=1

+ (1 − 𝛼) ∑ 𝛽𝑗
2

𝑝

𝑗=1

)

𝑛

𝑖=1

(2.3) 

Where 𝑛 is the number of observations, 𝑦̂𝑖 and 𝑦𝑖 are the predicted  and actual  values respectively; 

𝛼 is the mixing parameter to determine the balance between L1 and L2 penalties; ∑ |𝛽𝑗|𝑝
𝑗=1  is the 

L1 penalty inducing sparsity and ∑ 𝛽𝑗
2𝑝

𝑗=1  is the L2 penalty encouraging small coefficients with 

𝛽𝑗 representing the weights or coefficients of the regression model and 𝜆 is the regularization 

parameter to control the overall strength of the regularization that helps control the complexity of 

the model [14]. When 𝜆 = 0, no regularization is applied and the model only focuses on 

minimizing the prediction error and when 𝜆 ≫ 0, the penalty term dominates that helps prevent 

overfitting [14]. As scikit-learn is used to call the linear model ElasticNet, the key parameters 𝜆 

corresponds to alpha (default = 1.0) and 𝛼 corresponds to l1_ratio (∈[0,1]).  If l1_ratio = 1, the 

penalty would be L1 penalty. If l1_ratio = 0, the penalty would be an L2 penalty. If the value of 

l1 ratio is between 0 and 1, the penalty would be a combination of L1 and L2. 

2.2 Reinforcement Learning 

RL is a powerful ML paradigm that employs the interaction of an agent with an environment to 

learn to make optimal decisions based on the feedback it receives from the environment. This 

learning process is typically modeled using MDPs, characterized by the tuple (𝑆,  𝐴,  𝑃,  𝑅,  𝛾), 

where 𝑆 is the state space, 𝐴 is the action space, 𝑃 defines state transition probabilities, 𝑅 is the 

reward function, and 𝛾 is the discount factor that balances immediate and future rewards [15]. 

The agent observes the current state 𝑠𝑡, selects an action 𝑎𝑡 based on a policy 𝜋: 𝑆 → 𝐴, receives 

a reward 𝑟𝑡, and transitions to a new state 𝑠𝑡+1. Through this cycle, the agent iteratively refines 

its policy to maximize the expected cumulative reward. With each algorithmic iteration, the 

output is presented to the interpreter, responsible for determining the favorability of the outcome. 

When the algorithm produces a correct solution, the interpreter reinforces this success by 

administering a reward. The two main players in an RL setting are Environment and Agent. 
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Figure 2.1: Agent-environment Interaction in an MDP 

In Figure 2.1 “Environment” denotes the external setting or framework wherein an “agent” 

operates, acquires knowledge, and executes decisions. RL can be implemented using various 

algorithmic approaches, including value-based methods (e.g., Q-learning, DQN), policy gradient 

techniques (e.g., REINFORCE, Proximal Policy Optimization), and actor-critic architectures that 

combine elements of both paradigms. This framework has been successfully applied to various 

domains, including robotic control, autonomous navigation, and resource allocation. Its strength 

lies in the agents’ ability to learn optimal strategies through exploration and exploitation without 

explicit instructions. 

2.3 Google Colaboratory 

Google Colaboratory (Colab) is a high performance, zero-configuration, cloud-based 

environment typically used for ML research. As an integrated Jupyter notebook platform, Colab 

allows the execution of Python code with the added advantage of free access to powerful Graphics 

Processing Units (GPUs) and Tensor Processing Units (TPUs). The system’s architecture 

includes a user-friendly web interface for code editing and visualization, backed by virtual 

machine instances that handle intensive computational workloads. It also integrates seamlessly 

with Google Drive and GitHub, supporting collaborative research and version control. It has 

played a crucial role in accelerating innovation in ML by bridging the gap between exploratory 

data analysis and production deployment. 

Its architectural framework comprises several interdependent components: a frontend web 

interface for code editing and result visualization, backend virtual machine instances that execute 

computational workloads, persistent storage mechanisms for notebooks and associated data 

assets, and hardware acceleration infrastructure for intensive mathematical operations common 
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in ML applications. The hardware specifications typically include NVIDIA Tesla K80, T4, or 

P100 GPUs with corresponding memory capacities ranging from 12GB to 16GB, enabling the 

training of moderately complex neural network architectures without prohibitive computational 

bottlenecks. Furthermore, the integration with Google Drive and GitHub provides flexible options 

for data storage, code versioning, and distribution of completed projects to the broader scientific 

community. The programmatic interface of Colab extends beyond standard Python execution to 

include system-level commands through magic functions and shell access, enabling 

comprehensive environment configuration and dependency management. 

Pandas is a Python library for data manipulation and analysis that simplifies working with 

tabular data, offers data frames and series for tasks like cleaning, exploration, and transformation 

[16]. Matplotlib is another Python library for 2D plotting, used to create static and interactive 

plots [16]. NumPy is a Python library for scientific computing that supports large multi-

dimensional arrays and offers mathematical functions for array operations [16]. Scikit-learn is a 

library for ML that provides efficient tools for data mining and data analysis, including algorithms 

for classification, regression, clustering, and more [16]. PyTorch is an open-source ML library 

focused on deep learning. It offers dynamic computational graphs and GPU acceleration, making 

it a popular choice for both research and production [17]. 
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3. Chapter 3: Dataset Preparation 

3.1 Dataset Description 

The primary dataset used for this project is the Metastatic Esophagogastric Cancer publicly 

accessible from the cBioPortal for Cancer Genomics [18] hosted by the Center for Molecular 

Oncology at Memorial Sloan Kettering Cancer Center (MSK). The dataset contains targeted 

sequencing of 341 samples for metastatic esophagogastric cancer patients [18]. The dataset 

contains information regarding the clinical, genomic and metastatic parameters before and after 

administering cancer treatments. In addition to this, another set of data is extracted from the 

Esophageal Cancer-TRAP Project [18] with targeted sequencing of tumor samples from 

Esophageal cancer patients, increasing the number of samples to 409. The majority of the patients 

are males (70%) with four common cancer therapies (chemotherapy, targeted molecular therapy, 

radiation therapy, immunotherapy) being administered. 

3.2 Dataset Preparation 

This is the very first stage of data preprocessing where the data is gathered from multiple sources 

into a central repository (Google drive) for storage, processing and model building. The features 

(clinical, genomic and metastatic parameters), are extracted and appended (from the 

aforementioned datasets) to create a combined real-world dataset. The dataset originally contains 

26 features for different stages of GEJ cancer patients ranging from stomach to gastroesophageal 

junction adenocarcinoma. To align the dataset with the requirements for this project, relevant 

information is extracted from these columns: Received IO (Immunotherapy) after First Line and 

Treatment in order to determine the specific therapies the patients’ received, thus creating 

Treatment columns – Chemotherapy, Immunotherapy, Radiation Therapy and Targeted 

Molecular Therapy. The columns are rearranged and Received IO after First Line and Treatment 

columns are dropped, giving us an updated set of 28 features. 

An additional advantage of this dataset is that it not only contains the 28 features for before 

treatment is administered but also after the treatment is administered. This information is flagged 

by IMPACT pre/post column as PRE-TX (indicating the row is pre-treatment data for a patient) 

and POST-TX (indicating the row is post-treatment data for a patient). The combined dataset [18, 
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19] is built in such a way as to offer comprehensive insights into patient characteristics, clinical 

metrics, and treatment outcomes. The majority of patients received chemotherapy (~75%) either 

as the only treatment or in combination with targeted or immunotherapy while only 7 patients 

received Radiation therapy. Additionally, the data contains valuable information about the 

patients’ overall vital status (AWD - Alive with Disease, DOD - Dead of Disease, LTF - Lost to 

follow-up, NED - No Evidence of Disease. An overview of all the features in the dataset used for 

this project: 

Table 3.1: Features of the Dataset Used 

Feature Name Description 

Patient ID Unique identifier assigned to each patient. 

Sample ID Unique identifier assigned to each sample collected per 

patient 

Cancer Type Broad category or type of cancer (e.g., esophageal, 

esophagogastric). 

Cancer Type Detailed Detailed classification of cancer type 

(Adenocarcinoma of the Gastroesophageal Junction, 

Stomach Adenocarcinoma, Esophageal 

Adenocarcinoma). 

Mutation Count Total number of genetic mutations identified in the 

sample. 

Fraction Genome Altered Proportion of the genome affected by mutations. 

Age at Diagnosis Patient's age at the time of cancer diagnosis. 

HER2 IHC or FISH Diagnostic assay to determine HER2 protein 

expression and gene amplification. 

H-PYLORI Whether the patient has gastric infections (presence 

can influence treatment response). 

HER2 IMPACT Assesses the functional effect of HER2 alterations on 

tumor aggressiveness. 

HER2 IMPACT LR Refined evaluation of HER2 impact to quantify its 

influence on tumor behavior. 
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IHC-HER2 Immunohistochemical test measuring HER2 protein 

levels in tumor tissue. 

IMPACT pre/post IMPACT analysis results before and after treatment. 

Liver Metastasis Presence of liver metastasis. 

Lung Metastasis Presence of lung metastasis. 

MSIsensor Score Microsatellite instability (MSI) sensor score. 

Mutation Rate Frequency of mutations per genomic region. 

Vital Status Current survival status of the patient. 

Peritoneum Metastasis Presence of peritoneal metastasis. 

Somatic Status Status of somatic mutations. 

Stage At Diagnosis Stage of cancer at the time of diagnosis. 

TMB (nonsynonymous) Tumor mutational burden for nonsynonymous 

mutations. 

Tumor Grade Histological grade of the tumor. 

Overall Survival (Months) Total survival time from diagnosis (months). 

Chemotherapy Has the patient had chemotherapy? 

Radiation Therapy Has the patient had Radiation Therapy? 

Immunotherapy Has the patient had Immunotherapy? 

Targeted Molecular Therapy Has the patient had Targeted Molecular Therapy? 

To prepare the data for the SL model (Chapter 4) and DRL agent (Chapter 5), the features are 

categorized into groups to have a smooth data pipeline before the training begins. The dataset 

features can be broadly categorized into 3 groups: 

3.2.1 Categorical Features 

These discrete variables capture specific characteristics of the patient and their treatment: 
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● Cancer type classifications, Stage at Diagnosis and Tumor Grade: This includes both 

general and detailed cancer, essential for identifying the best treatment options based on 

the cancer’s nature and subtypes. 

● IMPACT pre/post: This column indicates whether the row corresponds to a patients’ 

pre-treatment data (PRE-TX) or post-treatment data (POST-TX). 

● Vital status: This feature combines information regarding the patient’s survival status 

and the status of their disease, which is crucial for evaluating treatment success. This 

feature is further categorized into four statuses, each providing significant information 

regarding the patient’s current status: No Evidence of Disease (NED), Alive with Disease 

(AWD), Dead of Disease (DOD) and Lost to Follow-up (LTF). 

● Somatic status, HER2 IHC or FISH, H-Pylori, HER2 Impact, IHC-HER2: This 

tracks genetic alterations in the tumor, providing insights into how these mutations may 

influence treatment efficacy. 

3.2.2 Binary Features 

These features focus on treatment and metastasis states: 

● Treatment options: These binary indicators capture whether patients have undergone 

specific therapies, such as chemotherapy, radiation therapy, targeted molecular therapy, 

or immunotherapy. These variables are essential for understanding treatment regimens 

and their impact on patient outcomes. 

● Metastasis sites: By identifying the presence of metastasis in organs such as the liver, 

lung, or peritoneum, this feature helps in understanding the extent of disease spread and 

its influence on treatment strategies. 

3.2.3 Numerical Clinical Measurements 

These features provide quantitative data for patient health and genomic profiles: 

● Patient demographics (Age at Diagnosis): Age at diagnosis is a critical factor 

influencing treatment choices and prognosis. 
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● Genomic metrics (Fraction Genome Altered, Mutation Count, HER2 IMPACT LR, 

and Mutation Rate): These biomarkers reveal mutation-driven patterns that can 

significantly influence how effective a treatment is, thereby informing personalized 

clinical decision-making. 

● Microsatellite Instability scores (MSI sensor Score): This score helps in determining 

the genetic instability of the tumor, which is critical for selecting therapies that target 

genomic instability. 

● Treatment response indicators (TMB nonsynonymous): Tumor mutational burden 

(TMB) serves as an important biomarker to assess the likelihood of a favorable response 

to immunotherapy. 

● Overall Survival in Months: This feature tracks the survival duration post-treatment, 

which is essential for evaluating the long-term efficacy of cancer therapies. 

As a part of preprocessing, the categorical variables are transformed via label encoding where 

each category is assigned an integer value to help the ML models process categorical information 

effectively (example: for Vital status 𝑁𝐸𝐷 →  0,  𝐴𝑊𝐷 →  1,  𝐷𝑂𝐷 →  2 𝑎𝑛𝑑 𝐿𝑇𝐹 →  3); binary 

features are assigned two possible values 0/1 (example: 0 indicating absence of liver metastasis 

and 1 indicating presence of liver metastasis); and lastly, numerical variables are replaced using 

median values followed by standard scaling. This normalization process is essential to mitigate 

scale differences and missing value effects, ensuring that the subsequent modeling stages are not 

confounded by extraneous variability. The fit transform of Scaler (applying fitted scaling 

technique such as standardization to adjust feature values) computes the necessary parameters 

(mean and standard deviation) and applies scaling to standardize the feature values. For given a 

feature 𝑥, the normalized value 𝑧 is computed as: 

𝑧 =
𝑥 − 𝜇

𝜎
 (3.1) 

where 𝜇 is the mean and 𝜎 is the standard deviation of the numerical value for the feature; this is 

to ensure the features have 0 mean and a unit variance. Median imputation was selected over 

mean imputation to preserve the skewness inherent in clinical biomarkers, while standardization 
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(eq. 3.1) ensures that features such as TMB and mutation count (features that operate on divergent 

scales) contribute equally to the model’s objective function. Additionally, as data privacy is 

important when dealing with medical data, the columns with patient information (Patient_ID and 

Sample_ID) are anonymized using a random key (original Patient_IDs are replaced by a standard 

format P_000001) to ensure anonymity, after removing any duplicates. The original ID columns 

are then dropped. The datatype of the columns is converted from object type to numerical type. 

Any non-numerical values are first replaced by a generic NaN and then replaced using median 

imputation. 

Now that the ELT (Extract, Load and Transform - a data processing approach where raw data 

is first extracted from source systems, loaded into a storage system, and then transformed for 

analysis) stage is completed, the output label (treatments) is assigned to variable 𝑦 and dropped 

from the feature set 𝑋 (all the features mentioned in table 3.1 excluding the treatment labels). The 

data is split into train (80%) denoted by 𝑋𝑡𝑟𝑎𝑖𝑛,  𝑦𝑡𝑟𝑎𝑖𝑛 and test (20%) denoted by 𝑋𝑡𝑒𝑠𝑡,  𝑦𝑡𝑒𝑠𝑡. The 

features are used as input to the model and the target labels are what the supervised model will 

try to predict (Chapter 4) and what the agent will decide (Chapter 5). 
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4. Chapter 4: Treatment Recommendation Using SL 

One way to approach the problem of treatment recommendation systems using ML is the use of 

SL algorithms trained on labeled data, where the model learns mapping from input data to known 

output labels. One such algorithm is ElasticNet (discussed in Chapter 2), a linear regression model 

that is good at handling datasets with correlated features. Our treatment predictor employs 

ElasticNet regression (as mentioned in Chapter 2) to model recommendations by capturing 

predictive features for each treatment. As mentioned in Chapter 2, ElasticNet balances L1 and L2 

regularization by minimizing the loss function (eq. 2.3) with GridSearchCV being used for 

hyperparameter optimization. 

4.1 Data Augmentation Strategy 

To overcome the limitations posed by scarce clinical data, we adopt a two-stage training process. 

This section explores the integration of synthetic data generation techniques with ElasticNet for 

our treatment recommendation system. The primary objective is to quantitatively assess if this 

approach of synthetic data training and real data fine-tuning would be effective in achieving 

congruence between the agent-generated recommendations and those provided by clinicians. One 

key technique is the Generative Adversarial Network (GAN) that enables the generation of 

synthetic data that mimics real patient profiles. 

4.1.1 Generative Adversarial Network 

As mentioned above, to curtail the limited availability of real-world patient data, a GAN 

architecture will be explored for a a two-stage training process with the purpose of getting as 

close to the doctor’s recommended treatments as possible. The GAN architecture has two primary 

components that work in a feedback loop to generate synthetic data that closely resembles real 

data: the generator and the discriminator, the basic architecture for which is mentioned below: 
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Figure 4.1: GAN Architecture [20] 

Generator Architecture 

The generator is a neural network responsible for producing synthetic data to mimic real-world 

medical data, thereby fooling the discriminator. It begins with an input layer that accepts a latent 

vector 𝑧 sampled from a standard normal distribution 𝑁(0,1). This latent vector serves as the 

source of randomness, which the generator learns to transform into data that resembles the 

characteristics of real patient data. Following the input, the generator includes several hidden 

layers with 2𝑛 neurons, utilizing activation functions such as ReLU or LeakyReLU to introduce 

non-linearity and mitigate issues like dead neurons. The final output layer applies an activation 

function (Tanh or Linear) to ensure that the synthetic data has the appropriate dimensionality and 

characteristics. 

Discriminator Architecture 

In parallel, the discriminator operates as a neural network that differentiates between real and 

synthetic data. It accepts an input vector corresponding to the real data’s dimensionality. It 

processes this information through hidden layers that typically decrease in 2𝑛 neurons size, again 

using activation functions that allow small gradients for negative inputs. The discriminator has 

an output layer that maps the processed features to a single probability value, usually through a 



 

18 

Sigmoid activation function, which indicates whether the input sample is real (with a high 

probability) or synthetic (with a low probability). The commonly implemented loss function for 

a GAN is the minimax loss [21] expressed as: 

ℒ = 𝑚𝑖𝑛
𝐺

𝑚𝑎𝑥
𝐷

𝔼𝑥~𝑝𝑑𝑎𝑡𝑎(𝑥) [log 𝐷(𝑥)] + 𝔼𝑧~𝑝𝑧(𝑧)[(log(1 − 𝐷(𝐺(𝑧)))] (4.1) 

with the generator trying to minimize it and the discriminator trying to maximize it [21]. 

𝐸𝑥~𝑝𝑑𝑎𝑡𝑎(𝑥)[log 𝐷(𝑥)] is maximized when D assigns high probabilities to data drawn from the 

true distribution 𝑝𝑑𝑎𝑡𝑎. If D is good at recognizing real samples, log 𝐷(𝑥) is large. 

𝔼𝑧~𝑝𝑧(𝑧)[(log(1 − 𝐷(𝐺(𝑧)))] term is maximized when D assigns low probabilities to data 

generated by G. For the purpose of this project, Binary Cross Entropy (BCE) [21] loss is 

employed, as it naturally fits the binary classification task inherent in the GAN’s adversarial 

training, while also aligning with the theoretical minimax loss formulation. The BCE loss is 

defined as: 

𝐿𝐵𝐶𝐸 =  −(𝑦 log(𝑝) + (1 − 𝑦) log(1 − 𝑝)) (4.2) 

where 𝑦 represents the true label (𝑦 = 1 for real data and 𝑦 = 0 for synthetic data) and 𝑝 is the 

probability predicted by the D that the same is real. For real samples, the term 𝑦 log(𝑝) encourages 

the discriminator to assign a high probability, whereas for synthetic samples, the term 

(1 − 𝑦) log(1 − 𝑝) pushes D to assign a low probability. 

4.2 Two-stage Model Training 

We begin with a comprehensive data augmentation stage that leverages a GAN to generate 

synthetic data. In this system, the real dataset consists of 28 features across 409 datapoints, and 

the GAN is used to create a much larger synthetic dataset—over 10,000 samples—after training 

for 1000 epochs. 

As previously mentioned, the GAN framework is built on two neural networks, Generator (G) 

and Discriminator (D), which operate in an adversarial manner. The generator’s task is to map a 

latent vector 𝑧  ∈  𝑹𝟙𝟘𝟘 to the data space 𝑅𝑑, where 𝑑 is the number of features, in order to 

produce synthetic data that closely approximates the real data distribution. This mapping is 

achieved through a network that begins with a fully connected input layer. It progresses through 
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three hidden layers, and utilizes LeakyReLU activation functions to introduce the non-linearity. 

The output layer employs a Tanh activation function to ensure that the output values conform to 

the range and dimensionality of the real data. 

The discriminator, on the other hand, is designed to differentiate between real and synthetic 

samples. It receives data samples and processes them through hidden layers that typically reduce 

the input dimensionality and also applies LeakyReLU activation functions. The output layer of D 

is a fully connected layer that produces a single probability value via a Sigmoid activation 

function. This probability indicates the likelihood that the input data is real, with values closer to 

1 representing real data and values closer to 0 representing synthetic data. 

An essential part of the training is the loss function, for which Binary Cross Entropy (BCE) 

was used. This is to quantify the difference between the Discriminator’s predictions and the actual 

labels for both real and synthetic data. The overall loss for D is a combination of the loss on real 

data and the loss on synthetic data. Specifically, the loss on real data (𝐿𝑟𝑒𝑎𝑙) is calculated as 

expectation of the BCE loss for real samples: 

𝐿𝑟𝑒𝑎𝑙 =  −𝔼𝑥~𝑝𝑑𝑎𝑡𝑎
[log 𝐷(𝑥)] (4.3) 

where 𝐷(𝑥) is D’s output probability for a real sample 𝑥. Conversely, the loss on synthetic data 

𝐿𝑠𝑦𝑛𝑡ℎ is computed as: 

𝐿𝑠𝑦𝑛𝑡ℎ = −𝔼𝑧~𝑝𝑧
[(log(1 − 𝐷(𝐺(𝑧))))] (4.4) 

where 𝐺(𝑧) represents the synthetic data generated from the latent vector 𝑧 drawn from the 

distribution 𝑝𝑧 and 𝐷(𝐺(𝑧)) is the discriminator’s predicted probability that the generated sample 

is real. The total discriminator loss is then given by:  

𝐿𝐷 = 𝐿𝑟𝑒𝑎𝑙 + 𝐿𝑠𝑦𝑛𝑡ℎ (4.5) 

The Generator is trained to minimize this same objective, thereby producing synthetic samples 

that increasingly challenge the Discriminator’s ability to distinguish them from real data. A 

DataLoader, 𝐵 = 32, plays a crucial role in managing real data samples during training, ensuring 

that the generator learns the underlying distribution effectively. The Adam optimizer, with a 

learning rate of 0.0002, is employed to facilitate stable convergence during training. Through 
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iterative adversarial training, the Generator becomes proficient in synthesizing data that mimics 

the real distribution, which is vital for augmenting the dataset and improving the robustness of 

the treatment recommendation system. Below is the algorithm for the generation: 

4.2.1 Synthetic Data Generation Algorithm 

Algorithm 1 Synthetic Data Generation Algorithm 

1: Input: original_data 𝐷𝑟𝑒𝑎𝑙 , n_samples, epochs 

2: Output: Synthetic data 𝐷𝑠𝑦𝑛𝑡ℎ 

3: Normalize original_data to [-1, 1] then convert to tensor and create a DataLoader (ℬ = 32) 

4: Define latent_dim (100) and data_dim (number of features) 

5: Instantiate the Generator (latent_dim) and Discriminator models (data_dim) 

6: Define optimizers for both networks with learning rates 

7: Set BCE as the loss criterion 

8: Define a noise factor (0.05) to add small perturbations to real data 

9: for epoch = 1 to epochs do 

10:   Train Discriminator: 

11:   Set real labels and synthetic labels 

12:   Add noise to real data 

13:   Compute discriminator loss on real data: 

𝐿𝑟𝑒𝑎𝑙 =  −𝔼𝑥~𝑝𝑑𝑎𝑡𝑎
[log 𝐷(𝑥)] 

14:   Generate noise vector 𝑧 for the current batch and produce synthetic data: 

𝑠𝑦𝑛𝑡ℎ_𝑑𝑎𝑡𝑎  =  𝐺(𝑧) 

15:   Compute discriminator loss on synthetic data: 

𝐿𝑠𝑦𝑛𝑡ℎ = −𝔼𝑧~𝑝𝑧
[(log(1 − 𝐷(𝐺(𝑧))))] 

16:   Total discriminator loss: 

𝐿𝐷 =  𝐿𝑟𝑒𝑎𝑙 +  𝐿𝑠𝑦𝑛𝑡ℎ 

17:   Backpropagate 𝐿𝐷 and update the Discriminator parameters 

18:   Train Generator: 

19:   for each generator update do 

20:     Generate new noise z and compute synthetic data 

21:     Compute generator loss by comparing discriminator output to real labels: 

𝐿𝐺 =  𝐵𝐶𝐸(𝐷(𝐺(𝑧)), 1.0) 

22:     Backpropagate 𝐿𝐺 and update the Generator parameters 

23:   end for 

24: end for 

25: Set Generator to evaluation mode 

26: Generate synthetic data =  Generator(noise) 

27: Inverse scale to original_data range 

28: return synthetic data as a DataFrame 

A quick summary of the parameters: 
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Table 4.1: GAN Parameters 

Component Parameters 

GAN Generator 𝐼𝑛𝑝𝑢𝑡 → 256 → 512 → 1024 → 𝑁umber 𝑜𝑓 𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠  

G Hidden Layers LeakyReLU activation 

G Output Layer Tanh output activation 

GAN Discriminator 𝐼𝑛𝑝𝑢𝑡 →  512 →  256 → 𝑂utput 

D Hidden Layers LeakyReLU activation 

D Output Layer Sigmoid output activation 

ElasticNet Model Training 

The ElasticNet model training occurs in two stages, first with the synthetic data followed by fine-

tuning on real data. 

Hyperparameter Tuning with GridSearchCV 

GridSearchCV is an automated method that systematically evaluates every combination in a 

predefined grid of hyperparameter values. The two key hyperparameters being tuned here are 

alpha (in scikit-learn; it corresponds to 𝜆 in eq. 2.3) and l1_ratio (in scikit-learn; it corresponds to 

𝛼 in eq. 2.3, determining the balance between L1 and L2 regularization). The process starts by 

partitioning the available data to perform 𝑘-fold cross-validation (𝑘 = 5) for each combination 

of hyperparameters. For every combination in the parameter grid, the model is trained on a subset 

of the data (4-folds) and validated on the remaining portion (1-fold), ensuring that the 

hyperparameter tuning is robust against overfitting. This process is repeated 𝑘 times with each 

fold serving as the validation set once. The performance is averaged over 𝑘 folds: 

𝑀𝑆𝐸 =
1

𝑛
∑(𝑦𝑖 − 𝑦̂𝑖)2

𝑛

𝑖=1

(4.6) 

where 𝑦𝑖 is the actual output variable and 𝑦̂𝑖 is the predicted output. As GridSearchCV maximizes 

the score, the negative MSE is used (lower MSE becomes a higher negative value). Once all 

possible hyperparameter combinations are evaluated, GridSearchCV selects the combination that 
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achieved the best average score across the folds. The best parameters are used to re-fit the model 

on the full training set to finalize the model. This is to ensure that the parameters are not just tuned 

for a single data split but are robust across different partitions of the training data. 

Synthetic Data Training 

This stage acts as a form of pre-training where the ElasticNet models are trained on synthetic data 

using GridSearchCV with a wide range of hyperparameters, allowing the models to learn coarse 

feature relationships. The phase ends once all the possible combinations are evaluated and the 

best estimator hyperparameter combination is selected. The weights learned during this training 

phase are preserved to be utilized during the real data training phase. 

Real Data Fine-tuning 

The synthetic data training is followed by fine-tuning the model on the real data which helps the 

model to learn from the actual, observed patterns and distributions in the real world. The pre-

training phase acts as a warm-start for the fine-tuning phase with the parameters being adjusted 

to better capture the nuances of the real data, thereby improving the accuracy of the results post 

real data training. The weights preserved during the synthetic data training phase are further 

refined for a more targeted grid search. Once the training is complete, the model for each 

treatment is saved for later use during prediction. 

4.2.2 Two-stage SL Training 

Algorithm 2 Two-stage ElasticNet Training Algorithm 

1: Input: Synthetic data, real data, treatments T 

2: Output: Trained models and evaluation metrics 

3: procedure PREPAREDATA(data) 

4:   Define features 𝑋 by dropping treatment columns 

5:   Define target vector 𝑦 as the treatment columns 

6:   return 𝑋,  𝑦 

7: end procedure 

8: Split real data into train and test sets (80/20) 

9: Initialize metrics tracker. 

10: Stage 1: Pre-training on Synthetic Data 

11: Start training timer. 

12: for each treatment in T do 

13:   Extract features 𝑋𝑠𝑦𝑛𝑡ℎ and target 𝑦𝑠𝑦𝑛𝑡ℎ for the current treatment from synthetic data. 

14:   Initialize base_model = ElasticNet 
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15:   Define parameter grid for grid search. 

16:   Run GridSearchCV (with 5-fold CV and scoring neg MSE) on 𝑋𝑠𝑦𝑛𝑡ℎ,  𝑦𝑠𝑦𝑛𝑡ℎ. 

17:   Retrieve best hyperparameters from the grid search. 

18:   Initialize best model with the best hyperparameters. 

19:   Train best model on 𝑋𝑠𝑦𝑛𝑡ℎ,  𝑦𝑠𝑦𝑛𝑡ℎ. 

20:   Save best model in predictor.treatment models. 

21: end for 

22: Stop training timer. 

23: Stage 2: Fine-Tuning on Real Data 

24: for each treatment in 𝑇 do 

25:   Extract features 𝑋𝑟𝑒𝑎𝑙 and target 𝑦𝑟𝑒𝑎𝑙  for the treatment from training data. 

26:   Clone the pre-trained model for the current treatment and retrieve current alpha and l1_ratio from the 

model. 

27:   Define fine-tuning parameter grid: 

{’alpha’: [0.1×current alpha, current alpha, 10×current alpha], ’l1 ratio’: [max(0, current ratio−0.2), current_ratio, 

min(1, current_ratio+0.2)]} 

28:   Initialize base_model = ElasticNet 

29:   Run GridSearchCV (estimator = base_model, param_grid = grid, cv = 5, scoring = 

‘neg_mean_squared_error’)on (𝑋𝑟𝑒𝑎𝑙 , 𝑦𝑟𝑒𝑎𝑙). 

30:   Retrieve best hyperparameters from the grid search. 

31:   Update the cloned model with the best hyperparameters. 

32:   Train the updated model on (𝑋𝑟𝑒𝑎𝑙 , 𝑦𝑟𝑒𝑎𝑙). 

33:   Save the updated model in predictor.treatment models[treatment]. 

34: end for 

35: Evaluation on real test data 

36: return trained model and evaluation metrics 

A quick overview of the ElasticNet parameters: 

Table 4.2: ElasticNet Treatment Predictor Parameters 

Parameter Description 

Model Type  ElasticNet 

Cross-validation  5-fold 

Alpha Range  [0.001, 0.01, 0.1, 1.0] 

L1 Ratio Range  [0.1, 0.3, 0.5, 0.7, 0.9] 

Prediction 

For a new patient, their relevant features (such as demographic data, medical history, etc.) are 

extracted and prepared in the same way as the training data. The trained model converts regression 

outputs into probability (if the score is > 0.5, the treatment is predicted; otherwise, it is not) using 
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the models’ internal calibration and the final predictions for all treatments are returned for the 

new patient. Additionally, multiple treatments can be recommended simultaneously, if 

appropriate. 

4.3 Evaluation Metrics 

The evaluation phase compares the agents’ multi-label treatment recommendations against the 

clinician’s decisions. Each recommendation is represented as a 4-dimensional binary vector. The 

following key metrics are computed: 

Mean Squared Error (MSE) 

The MSE is calculated as: 

𝑀𝑆𝐸 =  
1

𝑁 × 4
∑ ∑(𝑦𝑖𝑗 − 𝑦̂𝑖𝑗)

2
4

𝑗=1

𝑁

𝑖=1

(4.7) 

where 𝑦𝑖𝑗 is the ground truth (doctor’s recommendation) for patient 𝑖 and treatment 𝑗, 𝑦̂𝑖𝑗 is the 

agent’s predicted recommendation.  

Exact Match Ratio 

This metric represents the proportion of patients for whom all four treatment recommendations 

are predicted exactly: 

𝐸𝑀𝑅 =  
1

𝑁
∑ 𝐈(𝑦̂𝑖 = 𝑦𝑖)

𝑁

𝑖=1

(4.8) 

where 𝑁 is the number of samples in the test data, 𝐈{𝑦̂𝑖 = 𝑦𝑖} is an indicator function that returns 

I if the entire predicted vector 𝑦̂𝑖 matches the ground truth vector 𝑦𝑖 and 0 otherwise. 
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4.4 Results and Analysis 

The evaluation phase compares the agent’s multi-label treatment recommendations against the 

clinician’s decisions and the metrics mentioned in section 4.2 are calculated. A quick comparison 

of the results with and without a two-stage training process are as follows: 

Table 4.3: SL Results Comparison 

Metrics Model Training (only real 

data) 

Two-stage Training 

MSE 0.1986 0.1631 

Exact Match Ratio 64.70% 70.08% 

The numbers indicate that the two-stage training approach outperforms the model trained when 

solely on real data. With only real data, the MSE of 0.1986 suggests that, on average, the predicted 

treatment probabilities are somewhat close to the doctor’s recommendations, EMR of 64.70% 

shows that just over half of the complete treatment recommendations match exactly with those 

made by doctors. 

In contrast, the two-stage training process yields a lower MSE of 0.1631, meaning the 

predictions are, on average, much closer to the clinician’s recommendations. Moreover, the EMR 

increases to 70.08%, demonstrating that nearly 70% of the recommendation vectors produced by 

the model perfectly align with those from the clinician. This improvement in both metrics implies 

that incorporating synthetic data in the initial training phase, followed by fine-tuning on real data, 

effectively enhances the model's performance, likely by providing a more balanced and enriched 

learning environment. 

Per-Treatment Accuracy 

For each treatment 𝑗, the accuracy is: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦𝑗 =
1

𝑁
∑ 𝐈

𝑁

𝑖=1

(𝑦𝑖𝑗 = 𝑦̂𝑖𝑗) (4.9) 
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where 𝐼(⋅) is the indicator function and 𝑦𝑖𝑗 is the actual treatment administered by the doctors and 

𝑦̂𝑖𝑗 is the model recommended treatment. Per-treatment accuracy yielded values of 81.41% for 

Chemotherapy, 100% for Radiation Therapy, 96.85% for Targeted Molecular Therapy, and 

64.66% for Immunotherapy. 

 

Figure 4.2: Per Treatment Accuracy 

This tells us that the model performs very well for Radiation Therapy and Targeted Molecular 

Therapy, but it struggles relatively more with Immunotherapy, which might be due to either less 

training data for that treatment.  

The proposed treatment recommendation system successfully integrates synthetic data 

generation and ElasticNet modeling to produce multi-label predictions that closely align with 

clinician recommendations. By employing GAN to generate synthetic samples, the system 

alleviates some of the challenges posed by limited and imbalanced clinical data. The evaluation 

metrics, including low MSE, and a respectable EMR, demonstrate the models’ ability to replicate 

the doctor’s recommendations.  

The results achieved by SL so far seem to be fair, but the system seems to have a moderate EMR 

which can probably be enhanced by using other complex SL algorithms. However, this approach 

relies on historical clinical decisions as static labels, which may not capture long-term treatment 
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effectiveness. Additionally, it does not take into account how the features change before and after 

the recommended treatments are administered, which is crucial in medical decision-making.  
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5. Chapter 5: Treatment Recommendation Using DRL 

SL models, even when bolstered by synthetic data augmentation, are inherently limited by their 

dependence on static historical labels. As mentioned in the previous chapter, SL does not capture 

the underlying long-term effectiveness of those decisions. The key limitation lies in its inability 

to account for the clinical outcomes that unfold after a treatment is administered. DRL offers a 

compelling alternative to overcome this limitation. With a flexible reward structure, the agent can 

adapt its decision-making process based on individual patient outcomes. This dynamic capability 

is crucial for developing personalized treatment recommendations that account for the complex 

variability in patient profiles. This approach represents a shift from merely mimicking historical 

decisions to proactively optimizing recommendations based on their clinical impact, offering an 

effective strategy for a more personalized approach. 

5.1 MDP Formulation 

The treatment recommendation problem was formulated as a decision-making task within an 

MDP framework defined by the tuple: (𝑆, 𝐴, 𝑅, 𝛾), where 𝑆 represents the state space, 𝐴 is the 

action space, 𝑅 is the reward function and 𝛾 is the discount factor. At each time step 𝑡, the agent 

(treatment recommender) receives the current patient state 𝑠𝑡, selects a treatment action 𝑎𝑡 

according to its policy 𝜋 and then observes a reward 𝑟𝑡. 

State Space: The state space 𝑆 is the input to our agent. The state is composed of the patient’s 

current clinical and genomic features and metastasis status. The complete state space 𝑆 consists 

of multiple feature vectors representing patient status: 

𝑠𝑡 = [

𝑔𝑡

𝑐𝑡

𝑚𝑡

] (5.1) 

where 𝑔𝑡 ∈ 𝑅𝟝 represents the genomic features vector with Fraction Genome Altered (FGA), 

Mutation Count, MSIsensor Score, TMB (nonsynonymous), HER2 IMPACT LR; 𝑚𝑡 ∈ {0,1}3 is 

a binary vector which represents metastasis status, 𝑐𝑡 denotes the clinical features such as the age 

at diagnosis, somatic status, etc. 
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Action Space: The action space was designed to represent all possible treatment combinations 

excluding an all-zero vector. Each action represents a specific treatment protocol, encoded in a 

way that captures both individual treatments and their combinations. The action space consists of 

15 possible treatment combinations, represented as a discrete 4-bit binary number. Each bit 

encodes the presence or absence of a specific treatment modality - chemotherapy, radiation 

therapy, targeted molecular therapy, and immunotherapy: 

𝐴 = {4 − 𝑏𝑖𝑡 𝑏𝑖𝑛𝑎𝑟𝑦 𝑣𝑒𝑐𝑡𝑜𝑟𝑠}\{(0,0,0,0)} (5.2) 

The action space 𝐴 consists of 15 possible treatment combinations represented as a 4-bit binary 

vector: 𝐴 = 24 − 1 = 15. For instance, an action 𝑎 = (1,0,0,1) represents administering 

Chemotherapy and Immunotherapy together. 

Reward Function: Two types of reward functions are built.   

Reward Function I: As in Chapter 4, this reward function is curated to mimic the clinicians’ 

immediate decisions: 

𝑅(𝑠, 𝑎) = {
+1, if the agent′s decision matches the doctor′s recommendations  

0, otherwise 
(5.3) 

Reward Function II: As mentioned before, an interesting feature of the dataset is that it contains 

the patients’ response to the treatment recommended by the doctor. This is flagged as POST-TX 

in the IMPACT pre/post column. 

The doctors’ decisions, while expert-informed, might not always be optimal in every case. 

Post-treatment data. And as the data has post treatment patient information, it’s fair to use an 

alternate reward function to analyze the impact of post-treatment data on the performance of the 

agent. To utilize this feature, the data is sorted by the IMPACT pre/post column. This column 

flags whether the corresponding data was collected before the treatment was administered or after 

the treatment was administered. The data is then grouped using the Patient_ID. This is, of course, 

followed by the same set of data preprocessing as mentioned in Chapter 3 and the same training 

process. The reward 𝑅(𝑠, 𝑎) is a weighted sum of clinical outcomes (vital component, genomic 

change and metastasis component): 
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𝑅(𝑠, 𝑎, 𝑠′) = 𝛼 ∙ 𝑣(𝑠′) + 𝛽 ∙ ∆𝑚(𝑠, 𝑠′) + 𝛾 ∙ ∆𝑔(𝑠, 𝑠′) (5.4) 

Where 𝛼 = 1,   𝛽 = 0.5,   𝛾 = 0.3 are assigned to the vital status (𝑣(𝑠′)) (NED= +2.0, AWD = 

+1.0, DOD = -2.0, LTF = 0.0) change in metastasis (∆𝑚(𝑠, 𝑠′)) and change in genomics 

(∆𝑔(𝑠, 𝑠′)). The highest weight is assigned to vital status. As metastasis risk is next on the 

hierarchy it is weighted at 0.5 to encourage treatments that lower the risk of metastasis, followed 

by genomic features. The hierarchy of the weights aligns with clinical guidelines where survival 

supersedes secondary biomarkers in therapeutic decision-making.  

In both the cases, the process is modeled as a 1-step transition so the episode terminates 

immediately after the reward is received. 

5.2 DQN-based Solution 

Each patient encounter represents a discrete episode comprising a pre–treatment state and a 

treatment decision where the goal for the agent is to match the doctor’s recommendations. The 

problem is solved using a DRL approach, specifically the DQN algorithm using Python in the 

Google Colaboratory environment. Our DQN agent, trained with real data, learns to optimize 

treatment recommendations to improve clinical outcomes while adhering to established 

guidelines.  

The agent in our DRL framework functions analogously to a multidisciplinary team of 

oncologists, radiologists, and other specialists who analyze a patient's clinical data, genomic 

profile, metastatic status, along with other factors to determine optimal treatment regimens. At 

each decision epoch 𝑡, the agent receives a state vector 𝑠𝑡 (i.e., patient features) and chooses an 

action 𝑎𝑡 (treatment combinations) based on its current policy. Once an action is taken, the 

environment responds with a reward 𝑟𝑡. 

As discussed in Chapter 2, several DRL algorithms are available, but for this project we 

implement DQN, a model-free RL algorithm. Traditional Q-learning uses a Q-table to store and 

update the quality of actions for each state–action pair, but this approach becomes impractical 

when the state and action spaces grow large—as in the case of cancer treatment recommendation. 
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Figure 5.1: DQN Working 

DQN employs a neural network (𝑄(𝑠, 𝑎; 𝜃)) to the traditional Q-learning framework to 

approximate the Q-value function instead of a Q-table, thereby addressing the scalability issue. It 

takes a state 𝑠 as input and outputs estimated Q-values for all possible actions 𝑎. This combination 

of deep learning with Q-learning enables the agent to generalize across large state spaces. In our 

formulation, the DQN acts as the automated agent that processes patient data and outputs a 

recommended combination of treatments. At each decision epoch 𝑡, the agent chooses an action 

based on its current policy: 

𝑎𝑡
∗ =  𝑎𝑟𝑔𝑚𝑎𝑥 𝑄(𝑠𝑡, 𝑎; 𝜃) (5.5) 

where 𝜃 are the parameters of a target network that is periodically updated.  

5.2.1 Environment 

The environment in our framework represents the clinical setting where cancer treatment 

decisions are made. It is modeled as a single, complex system that abstracts the interactions 

between various biological processes, treatment modalities, and individual patient characteristics 

into a unified framework. The environment provides the observation space (the state) to the agent 

as an array of patient features, including genomic markers and metastatic patterns. In each 

episode, the environment provides a pre–treatment state 𝑠𝑡 (a vector of patient features), receives 

the agent’s treatment action 𝑎𝑡, and then returns a reward 𝑟𝑡. The reward reflects clinical outcomes 

such as improvements in genomic markers or adverse events resulting from treatment. Although 

many factors are at play, for simplicity we model the process as a one‐step transition, meaning 
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that once an action is taken and the immediate reward is received, the episode is considered 

complete. 

5.2.2 Policy 

The policy 𝜋 is a mapping from states to actions: 

𝜋: 𝑠 → 𝑎 (5.6) 

In DQN, this policy is implicitly derived from the Q-function. After executing the action 𝑎𝑡 and 

the agent observes the immediate reward 𝑟𝑡. The objective is to learn the optimal Q-function 

𝑄∗(𝑠, 𝑎) satisfying the Bellman optimality equation: 

𝑄(𝑠, 𝑎; 𝜃) = 𝑟 + 𝛾 𝑚𝑎𝑥
𝑎′

𝑄(𝑠′, 𝑎′; 𝜃) (5.7)

where: 𝑠 is the current state, 𝑎 is the action taken, 𝑟 is the immediate reward, 𝛾(= 0 for this 

project), 𝑄(𝑠, 𝑎; 𝜃) is the action-value function. The learning process involves minimizing the 

following loss: 

ℒ(𝜃) = (
1

2𝑀
) ∑(𝑄(𝑆𝑖, 𝐴𝑖;  𝜃) − 𝑦𝑖)

2

𝑖

(5.8) 

where 𝑀 is the mini-batch size. and (𝑄(𝑠𝑖, 𝑎𝑖; 𝜃) − 𝑦𝑖)
2 is the MSE between the online network’s 

Q-value and the target Q-value. This loss is minimized via gradient descent, and the DQN 

parameters are updated accordingly. A target network is used to stabilize training by periodically 

copying the online network’s parameters. In the current problem, the DQN agent processes patient 

data and outputs a recommended combination of treatments. Over repeated interactions with the 

environment, the DQN agent learns to maximize the immediate reward, thereby adapting its 

treatment recommendations to follow the doctor’s recommendations. The policy is learned using 

DQN with the following model parameters: 

Table 5.1: DQN Parameters 

Parameter Value 

Network Architecture 𝐼𝑛𝑝𝑢𝑡  →  128  →  256 →  128 →  𝑂𝑢𝑡𝑝𝑢𝑡 
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Experience Replay Buffer Size 20,000 

Learning Rate lr = 0.0005 

Total Training Timesteps 3000 

Target Network Updates Every 5 episodes 

Batch Size 32 

5.3 DQN Training Process 

The DQN architecture comprises three fully connected hidden layers and an output layer 

corresponding to the action space. A separate target network, used to stabilize the learning, is also 

initialized and periodically updated to mirror the online network. Additionally, a replay buffer is 

set up to store transition tuples (𝑠, 𝑎, 𝑟). For each training episode, a patient is randomly selected. 

The state vector is constructed from pre-processed clinical, metastatic, and genomic features. The 

agent uses DQN to compute Q-values 𝑄(𝑠, 𝑎; 𝜃) for all actions and selects the one with the highest 

value. After decoding the action into a treatment vector, the reward is computed. The loss is 

defined as the MSE between the current Q-values and the target values as mentioned in eq. 5.8. 

The running reward (an exponentially weighted moving average of rewards) is logged over 

episodes. This metric is later visualized to assess the learning progress. The process continues 

until the agent is trained over 3000 episodes. The goal is to achieve a high EMR indicating that 

the agent’s recommendations closely align with those made by clinicians. The trained DQN agent 

is evaluated on the test_set and evaluation metrics such as the MSE and EMR are calculated using 

eq. 4.7 and 4.8 respectively. In addition to this, the average reward is also calculated. 

5.3.1 DQN Training Algorithm 

Algorithm 3 General DQN Training Algorithm 

1: Input: Real data, treatments 𝑇, episodes, mini-batch size 𝑀, discount factor 𝛾 = 0, learning rate 𝑙𝑟 

2: Output: Trained DQN parameters 𝜃, treatment_recommendations.csv 

3: Split data into train and test sets (80/20) 

4: Initialize the DQN network with parameters 𝜃. 

5: Initialize the target DQN network with parameters 𝜃𝑡 ←  𝜃. 

6: Initialize replay buffer D with a set capacity (e.g., 20,000). 

7: for episode 𝑘 =  1 𝑡𝑜 𝑁: 
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8:   Randomly sample a patient’s sample (single sample or a pre/post pair, for 5.3 and 5.4 respectively). 

9:           Set current state 𝑆 ←  𝑠. 

10:   Select action A = argmax(Q(s, a; θ)). 

11:   Decode action 𝐴 into a treatment vector. 

12:   Compute reward 𝑅. 

13:   Store the experience tuple in the replay buffer 𝐸. 

14:   If the size of 𝐸 is at least 𝑀: 

15:         Sample a mini-batch from 𝐸 

16:         for each sample, compute target: 

𝑦𝑖 =  𝑅𝑖 (since 𝛾 =  0, future rewards are ignored) 

17:           Compute the loss: 

𝐿 =  (
1

2𝑀
) ∑(𝑄(𝑆𝑖 , 𝐴𝑖;  𝜃) − 𝑦𝑖)2

𝑖

 

18:           Update the network parameters 𝜃 using the Adam optimizer with gradient clipping. 

19:       Every T episodes (target update frequency), update the target network: 

𝜃𝑡 ←  𝜃. 

20:   end for 

21: end for 

21: Evaluate the trained DQN on test data 

22: Save each patient’s ID and treatment recommendation in treatment_recommendations.csv. 

23: Save the trained DQN parameters 𝜃 

24: return 𝜃 and treatment_recommendations.csv 

5.4 DQN Learning Curve 

The learning curves are quite typical and suggest that the training process is working. 

 

Figure 5.2: Learning Curve: Training Includes Only Pre-treatment Data 
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Figure 5.3: Learning Curve: Training Includes Post-treatment Data 

In figure 5.2, the curve shows the agent’s reward steadily increasing and eventually stabilizing 

near 1.0. There is a rapid rise in the reward, indicating that the agent quickly learns to match or 

closely replicate the doctor’s pre-treatment recommendations. The plateau near the top suggests 

that once the agent has discovered the “best” action (i.e., matching the doctor’s recommendation), 

there is little incentive to explore alternatives. 

In figure 5.3, although the learning curve still trends upward, the behavior may show more 

variability or take longer to converge. By factoring in post-treatment data, the reward signal seems 

to be influenced by outcome-related information. 

5.5 Evaluation Metrics and Results 

The following metrics were calculated to evaluate the performance of the DQN agent: 

Exact Match Ratio 

For the action space (encoded as a 4-bit integer), the EMR is calculated for the training set as: 

𝐸𝑀𝑅 =  
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑒𝑝𝑖𝑠𝑜𝑑𝑒𝑠 𝑤ℎ𝑒𝑟𝑒 𝑎𝑎𝑔𝑒𝑛𝑡 = 𝑎𝑑𝑜𝑐𝑡𝑜𝑟

𝑇𝑜𝑡𝑎𝑙 𝑛𝑜. 𝑜𝑓 𝑒𝑝𝑖𝑠𝑜𝑑𝑒𝑠
(5.9) 
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Table 5.2: DQN Results 

Metrics DQN (only Pre-treatment) DQN (incl. Post-treatment) 

EMR 99.06% 73.04% 

MSE 0.0002 0.145 

With only pre-treatment data, the agent closely mimics the doctor’s decisions (nearly 99% exact 

match). This high alignment is natural because the reward function encourages agreement with 

the doctor. When post-treatment data is introduced, the agent’s alignment with the doctor’s 

recommendations drops (73.04%). This indicates that the agent is sometimes deviating from the 

doctor’s pre-treatment choices. The reason can be that it sees signals from post-treatment 

outcomes that suggest different actions may be more beneficial in the long run. To properly 

evaluate the agent’s performance we consider the following rewards: 

Full-test Reward (0.6508): This was calculated by scoring the agent’s recommendations on the 

post-treatment reward, so it reflects outcome-driven performance rather than simple decision 

concordance. 

Doctor-agreement Reward (0.9750): This was obtained by computing average reward only on 

those test cases where the agent’s recommendation matched the doctor’s; by restricting evaluation 

to “agreement” cases. 

Together, these show that incorporating post-treatment signals leads the agent to select 

treatments that yield substantially higher outcome-driven rewards—even though this may reduce 

exact agreement with the doctor’s initial plan. In other words, the agent moves beyond imitation 

to optimize for longer-term patient benefits as evidenced by the higher average reward. However, 

it must be noted that in the case of cancer treatments, the latter might not always align with overall 

treatment success. Additionally, the results need to be further reviewed and assessed by an 

oncologist to take the final call on a patient’s treatment. 
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6. Chapter 6: Conclusion and Future Work 

At its core, the environment design represents the patient's state through a comprehensive feature 

vector that includes demographic information, clinical history, and genetic markers. This state 

representation was crafted to capture all clinically relevant information while remaining 

computationally tractable. The core of the implementation revolves around the DQN architecture, 

tuned to handle the complexities of cancer treatment decisions. Experience replay is implemented 

to maintain a balance between different patient types and outcomes. The results of this approach 

demonstrate the potential of DRL in medical decision support systems by having good 

generalization capabilities. Furthermore, this approach could serve as a valuable tool for 

supporting clinical decision-making in oncology. While not intended to replace human expertise, 

the system can provide recommendations and help clinicians consider treatment options and 

therapy combinations. 

Future Work 

Although the project yields good results and succeeds in laying a solid foundation, there are 

several promising directions for future work. Firstly, the enhancement of reward function to 

incorporate more sophisticated temporal patterns in disease progression. A more nuanced 

approach would include, but would not be limited to, a continuous cycle of treatment responses 

along with the factors that could indicate treatment toxicity in patients. This would, in addition to 

the curation of the reward function, require longitudinal data. A more granular approach could be 

leveraged for the action space (which treats treatments as binary decisions) to include treatment 

dosages and timings. For this, a better-suited algorithm would be SAC (Soft Actor Critic) or TD3 

(Twin Delayed DDPG). 

While GAN-based synthetic data augmentation addressed data scarcity in this work, future 

iterations could explore transfer learning (TL) to reduce reliance on synthetic data and improve 

generalizability. Pre-training models on large, related oncology datasets (e.g., pan-cancer 

genomic repositories like TCGA or clinical outcome databases) could capture foundational 

biomarkers (e.g., TMB, MSI) and treatment-response patterns, enabling robust initialization for 

GEJ-specific fine-tuning. TL would leverage existing knowledge from well-studied cancers (e.g., 

gastric or esophageal) while avoiding risks of synthetic data biases such as implausible feature 
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correlations. For instance, models pre-trained on immunotherapy response data could better 

predict outcomes for GEJ patients with high TMB, even with limited training samples. Integrating 

TL with multi-modal data (genomic plus imaging) could further enhance personalized 

recommendations while minimizing computational overhead compared to GANs. This approach 

would prioritize biologically validated patterns over synthetic generation, aligning with clinical 

trust and scalability needs. 

Additionally, other data modalities, such as imaging data (CT Scan, MRI, MRA, EEG), 

additional genetic markers, and daily patient health statistics could enhance the model's predictive 

capabilities. This can also be combined with IoT devices (specifically smartwatches) to monitor 

patient treatment response and alarm the caregivers in case of treatment toxicity. According to a 

paper published in BJC [27] reports and PubMed Central, treatments like chemotherapy and 

radiation therapy are associated with several life-threatening side effects. In fact, patients with 

recurrent advanced cancer (non-adenocarcinoma) who undergo chemotherapy show a 

deteriorated baseline status and are more likely to experience higher toxicity [26]. Knowing about 

it well in advance could potentially help with dosage adjustments sooner rather than later. Future 

improvements could also include expanding the knowledge base to cover more rare cancer types 

and recommending drugs [4] along with therapies wherever necessary.   
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