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Abstract

Despite significant medical advancements, cancer remains the second leading cause of
death in the US, causing over 600,000 deaths per year. One emerging field, pathway analysis,
is promising but still relies on manually derived wet lab data, which is time-consuming
to acquire. This work proposes an efficient, effective, end-to-end framework for Artificial
Intelligence (Al)-based pathway analysis that predicts both cancer severity and mutation
progression in order to recommend possible treatments. The proposed technique involves
a novel combination of time-series machine learning models and pathway analysis. First,
mutation sequences were isolated from The Cancer Genome Atlas (TCGA) Database. Then,
a novel preprocessing algorithm was used to filter key mutations by mutation frequency.
This data was fed into a Recurrent Neural Network (RNN) that predicted cancer severity.
The model probabilistically used the RNN predictions, information from the preprocessing
algorithm, and multiple drug-target databases to predict future mutations and recommend
possible treatments. This framework achieved robust results and Receiver Operating
Characteristic (ROC) curves (a key statistical metric) with accuracies greater than 60%,
similar to existing cancer diagnostics. In addition, preprocessing played a key role in
isolating a few hundred key driver mutations per cancer stage, consistent with current
research. Heatmaps based on predicted gene frequency were also generated, highlighting
key mutations in each cancer. Overall, this work is the first to propose an efficient, cost-
effective end-to-end framework for projecting cancer prognosis and providing possible
treatments without relying on expensive, time-consuming wet lab work.
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1. Introduction

Cancer remains a major challenge worldwide, and despite numerous improvements
in treatment over the years, is still the second leading cause of death in the United States,
only behind heart disease, with over 600,000 deaths every year [1].

There are three main causes for the continuing challenges associated with treating
cancer. First, complex, late-stage cancers are either often untreatable or exhibit resistance to
treatments such as chemotherapy [2-4]. Second, at least 25% of cancer is not caught early,
reducing effective treatment outcomes [5]. Third, when signs of precancerous progression
are discovered, there is often no way to treat it without surgery [4]. Thus, new methods for
early detection and treatment are crucial in saving lives.
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Today, modern methods for early detection and treatment of cancer involves a three-
step process. Starting with annual physical examinations, medical professionals determine
any abnormalities in the patient’s health. If any abnormalities are detected, patients are
subjected to a series of scans and biopsies, which allow doctors to localize and identify any
possible cancerous lesions. Using this knowledge, doctors evaluate both prognosis and
progression in order to properly identify and treat disease outcomes. An example of this
paradigm can be found in Figure 1, which depicts a simplified workflow of how a group of
oncologists diagnosed various cases of thyroid cancer [6].
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Figure 1. A sample, simplified flow chart that breaks down how oncologists diagnosed cases of

thyroid cancer [6]. This image is reproduced with permission from Springer Nature with small
stylistic modifications from [6].

Despite the effectiveness of this medical approach, no fully automated algorithm for
evaluating this end-to-end pipeline exists, as current computational approaches can only
analyze scans and biopsies at a fixed point in time [7].

1.1. Prior Research
1.1.1. Biological Research

Recent work in the field of bioinformatics has focused on investigating the use of
computational models for analyzing patient scans and biopsies [8]. Many approaches
have been developed which diagnose cancer from images of Magnetic Resonance Imaging
(MRI) scans, primarily using Convolutional Neural Networks (CNNs) [8-10]. Further
advancements have focused on the use of segmentation algorithms, which build on CNN-
based techniques by additionally isolating the cancerous region detected in the scan [11-17].

However, while these methods are effective at diagnosing cancer from single images,
they are not able to provide an analysis of a patient’s disease progression. Thus, as
gene sequencing has become increasingly accessible, recent research has moved towards
automated genomic analyses using Deep Neural Networks (DNNs) [18,19]. In DNN-based
genomic analysis, genomic data is fed into a series of Fully Connected Layers, which
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calculate correlations between all pairs of genes [20,21]. These correlations can then be used
to construct a more complete picture of a patient’s cancer progression and prognosis.

In addition to computational methods, researchers have tackled the genomic aspects
of cancer by developing target drugs and gene therapy. Target drugs function by inhibit-
ing specific genes that are crucial to a given cancer’s behavior, limiting progression and
improving prognosis [22]. For example, target drugs have recently been used to treat previ-
ously intractable late-stage renal cancers [23]. On the other hand, gene therapy replaces or
inactivates faulty genes in order to revert cancer cell development [24].

However, both these approaches are significantly limited by the overhead of finding
the correct gene to target [25]. While both gene therapy and target drugs are effective when
the correct gene is discovered, the incorrect gene is often targeted, resulting in ineffective
treatment [25,26]. This key challenge, in combination with the high cost of gene-based
treatments, has made gene therapy and target drugs difficult to scale [25].

One possible solution to this challenge is an emerging approach called pathway analy-
sis, which combines both gene-drug and gene expression correlations into one biological
interpretation [27]. Pathway analysis involves the calculation of coefficients regarding gene
interaction or expression, which reveal biological correlations termed “pathways” [28].
These pathways have already proved successful in discovering gene—-drug combinations
for therapeutic purposes [29-31]. For example, a simplified snapshot of a pathway anal-
ysis framework for Head and Neck Squamous Cell Carcinoma (HNSCC) is presented in
Figure 2, which depicts gene—gene interactions as lines between circles and gene-drug
interactions as lines between yellow circles and red squares [32].

Idelalisib

Figure 2. A simplified sample of a snapshot of discovered biological pathways based on manual
computation of gene expression in Head and Neck Squamous Cell Carcinoma (HNSCC). Gene-gene
interactions are depicted as lines between circles and gene—drug interactions as lines between yellow
circles and red squares. These pathways have to be calculated and evaluated by hand for verification
purposes [32].

However, pathway analysis is limited because it depends on manual processing of
wet lab RNA-seq data, which is a time-consuming process [27,29]. Specifically, since
each biological relationship in a pathway may require a long period of time to occur,
observing each interaction in the pathway may take significant periods of time in the
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lab. Hence, computational solutions may be able to limit this burden by approximating
biological pathways without the need for wet-lab analysis. Thus, by integrating biological
pathways with time-series analysis models, this paper aims to derive a new computational
methodology for approximating biological pathways through time.

1.1.2. Time-Series Analysis and Recurrent Neural Networks (RNNs)

In recent years, neural network-based approaches for time-series analysis have be-
come increasingly prominent, with many successful applications in fields such as natural
language processing. One key framework for neural-network based time-series analysis
is the Recurrent Neural Network (RNN), which has been used for a range of tasks from
generating Shakespearean plays and language to time-series analyses of the stock mar-
ket [33,34]. In these applications, RNN-based machine learning architectures have proved
successful because of their ability to comprehensively generate correlations through time
and order [33-35].

Specifically, the RNN architecture utilizes the idea of “attention” [35]. Attention is an
algorithm where existing results from previous time-steps are amplified in order to make
more informed decisions at the current time-step, essentially implementing a human-like
understanding of past context [36]. For example, in a language-based model, given the
sentence, “The archer wields a bow,” an attention-based model would be able to understand
that the word “bow” means the archer’s weapon, not the act of bowing.

Similar to language, mutation sequences often exhibit correlations through time,
but despite this apparent connection, RNNs have not yet been comprehensively used for
evaluating the progression of cancer mutations [37]. This project also elects to use RNNs
over Transformers, another leading attention-based framework, because Transformers
require a significantly larger dataset to train effectively, only serving to increase the model’s
complexity and run-time [36]. Thus, this project attempts to investigate the parallel between
time-series and genomic data by employing RNNs for genomic analyses.

1.1.3. Deep Learning for Genomics

This work is further supported by recent advancements in deep learning for genomics,
which have highlighted the strength of deep learning-based solutions for genomic sequence
modeling. Recent work has concluded that sequential models like Transformers possess
sufficient granularity to predict DNA sequences at the single-nucleotide level, generating
entire patient DNA sequences from scratch [38—40]. However, while these works demon-
strate the relevance of sequential deep learning models for genomic modeling, recent work
has primarily focused on foundation models for DNA sequence generation as a whole.
Instead, this work focuses on using sequential deep learning models for targeted treatment
and prediction of cancer progression.

Outside of genomic sequence modeling, recent work in deep learning for genomics has
focused on integrative multi-omics approaches, which use multiple data streams to create
more informative predictions. These multi-omics approaches have integrated multiple data
streams from genetic data to image-based data to predict cancer prognosis. However, these
approaches largely use deep learning-based predictions as inputs for existing prognosis
and gene-based models, specifically the Cox proportional hazards model [41-44]. On the
other hand, existing RNN-based genomic analyses do not predict prognosis, and instead
only predict mutational load as a proxy for driver mutations [45].

In terms of end-to-end analysis for predicting prognosis, existing approaches still
utilize non-sequential models, so this work serves as a proof-of-concept for sequential
RNN-based approaches for predicting prognosis. Due to limited data, this work focuses on
stage-based analysis, which is reflected in other recent works as well [46—49].
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1.2. Objectives

Hence, to better model how doctors diagnose patients, new models for cancer diag-
nostics must evaluate and treat possible disease progression. Recent advances in genomics
and Artificial Intelligence (AI) have provided significant opportunities for developing a
complete cancer diagnostic framework that can provide more systematic aid to patients.

This work draws on recent advances in machine learning-based time-series analysis,
specifically Recurrent Neural Networks (RNNs) [33,34]. This work strives to apply the
same sequential paradigm to cancer mutation sequences, extracting contextual information
from each mutation. In doing so, this work aims to predict not only the present state of
cancer, but also the future progression of the disease, possibly unveiling ways to treat
cancer symptoms before they even occur. This overall methodology, based on RNN models
consisting of Long Short-Term Memory (LSTM) architectures, is portrayed in Figure 3.

Text Samples RNN Model
TP53 MUC13
« o e LS'lFMTH Lsm
Mutation Sequence RNN Model Predicted Cancer Progression

Figure 3. An illustration depicting the parallels between the processing of language and this project’s
methodology of approaching genomics. In both cases, the input data of text or mutations are fed
into an RNN, which learns to infer what will happen in the future through developing spatial and
temporal correlations.

Overall, this work presents an efficient and effective end-to-end framework for ma-
chine analysis of biological pathways to predict and prevent cancer progression. Using a
novel RNN-inspired approach to pathway analysis, this framework provides functionalities
for diagnosing cancer, evaluating cancer prognosis, and developing post hoc progression
prediction and treatment recommendations using genomic data from a patient’s tumor.
The goal of this research is to help reduce the burden of cancer on hospitals, doctors, and pa-
tients by producing a methodology for targeted treatment of future genomic mutations,
demonstrating the feasibility of creating a comprehensive solution for cancer diagnostics.

2. Materials and Methods
2.1. End-to-End Framework

In this work, a novel methodology for comprehensive analysis of cancer prognosis
and progression was developed based on the use of genomic information. As depicted
in Figure 4, there are three phases to the methodology: (1) Data Processing, (2) Network
Module, and (3) Result Processing.

In the Data Processing phase, a preprocessing algorithm was developed to extract
the salient information from The Cancer Genome Atlas (TCGA) dataset, filtering for the
most common mutations per stage [50]. After the data was filtered, the RNN network was
trained. Once the model was trained, the RNN predicted patient prognosis, which was
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used in combination with information from the preprocessing algorithm to predict disease
progression and recommend drugs.

Data | Network 1 Result
Processing | 1 Processing
1 |
Network -
1 L Predicts
1 Optimization | N
Prognosis for
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Figure 4. An illustration of the full end-to-end methodology. The Cancer Genome Atlas (TCGA)
Dataset was preprocessed in order to find the most salient mutations and split the training/testing
set. Then, the RNN framework was trained on the training dataset to accurately predict prognosis.
The performance of the RNN was evaluated on the testing dataset, generating stage predictions
which were used to generate accuracy and Receiver Operating Characteristic (ROC) curves. Finally,
the predicted stages, the preprocessed list of important mutations, and the drug databases were used
to predict future mutations and drug recommendations.

2.2. Dataset

In this work, three different datasets were used. The first dataset used was the TCGA
dataset, which is the largest open-source genomic dataset for cancer, containing more
than 20,000 patient mutation sequences. For this project, the TCGA dataset was extracted
from cBioPortal, an online data repository for cancer genomics [51,52]. The TCGA dataset
contains a detailed list of somatic mutations for each patient, along with a summary of
the patient’s type and severity of cancer [50]. Whenever possible, multiple timepoints
for each patient were used; otherwise, cancer stage was used to generate a time-series,
as cancer stage represents the progression of cancer through time. This progression using
stages has been biologically validated, as different cancer stages correlate with distinct
changes in cancer metabolism as metastasis develops [53-58]. Within each generated time
point, mutations were ordered by chromosome. Within each chromosome, mutations were
ordered by the start position of the mutation nucleotides.

After being extracted from cBioPortal, the classes in the TCGA dataset were evaluated
for robustness in training and testing. A hard cutoff of at least 300 samples per class was
set, and classes without genomic mutation data were eliminated. As a result, the TCGA
dataset used consisted of 11 classes: Bladder Carcinoma (BLCA); Breast Carcinoma (BRCA);
Colon Adenocarcinoma (COAD); Head-Neck Squamous Cell Carcinoma (HNSC); Kidney
Renal Clear Cell Carcinoma (KIRC); Liver Hepatocellular Carcinoma (LIHC); Lung Adeno-
carcinoma (LUAD); Lung Squamous Cell Carcinoma (LUSC); Skin Cutaneous Melanoma
(SKCM); Stomach Adenocarcinoma (STAD); and Thyroid Carcinoma (THCA) [50].

The other two datasets in this project were both used for drug discovery purposes,
leveraging existing knowledge of drug-target correlations in order to provide targeted
treatment plans. DrugBank, an open-source database run by the University of Alberta,
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provided the bulk of drug—gene relationships [59-63]. In order to ensure the safety and
efficacy of the drug treatments discovered, the International Union of Basic and Clinical
Pharmacology /British Pharmacological Society (IUPHAR/BPS) Guide to Pharmacology
database was used to validate the data in the DrugBank database [64].

2.3. Data Preprocessing

To make the TCGA dataset compatible with the RNN framework, a number of pre-
processing techniques were applied, which was crucial because of two main challenges.
First, many mutations were too rare to have verifiable impacts: for example, in the TCGA
BRCA data, only 16.8% of mutations occurred in more than 1% of patients (10 patients
in total) [50]. Second, the most expressed mutations were often the most clinically signif-
icant: clinical research had already verified that frequently observed mutations such as
PIK3CA, TP53, and BRCA1 were key driver mutations in some of the most aggressive,
lethal cancers [65,66].

To preprocess, the algorithm determined the most frequently expressed mutations
both overall and in each stage. Based on the expression rates, the algorithm combined the
mutation expression list from each stage, creating a list of significant mutations. The algo-
rithm then filtered the TCGA input data to only contain such mutations. Once the data was
filtered, the algorithm balanced the class sizes to prevent model overfitting. All in all, this
preprocessing method not only simplified the network’s task but also caused increases in
the performance as well. The entire preprocessing paradigm is presented in Figure 5.

Testing
- - Data

| — | > [ > — -
TCGA Total Top Significant Filtered, Training
Input Mutation Mutations Mutation Balanced Data
Data List By Stage List TCGA Data

Figure 5. The entire preprocessing paradigm, from filtering to balancing the class size. In the first stage
of preprocessing, a total mutation list was created used the TCGA input data before we calculated
the most common mutations both by stage and overall. Then, these commonly observed mutations
were used to create a significant mutation list, which was used to filter and balance the TCGA data,
which was finally split into a training/testing split.

Specifically, each stage which constituted less than 10% of total data was removed from
the data, as there was not enough data to be statistically significant. This modification also
helped combat the rapid rate of overfitting that is inherent to deep neural networks [67].
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Then, Sy was calculated as the top x mutations overall, and Sy, was calculated as the
top x mutations in stage y, sorted by the expression frequency. Using these computed sets,
the full mutation list was calculated using Equation (1).

i—1
S=14S5x..., Sx,i - Sx,i NSy U erf (1)
j=1

Once S was computed, the preprocessing algorithm removed all mutations that were
not selected from the dataset. We note that these mutation sets were computed using the
full dataset, which does not contribute to data leakage as, no matter what, the model sees
the same mutations at both train and test time.

Ultimately, the dataset was balanced by defining a weighted SoftMax transform,
depicted in Equation (2), where for a sample vector v and weight vector w, the output P
was calculated by [68]:

eliwi

e @

To optimize the weighting, as shown in Equation (3), the weight vector w was defined

P, =

using the class sizes ¢ from the data, where

_ LG

wi =3 G 3)

This weighting method prevented overfitting by equalizing the gradients created by
each class within the training procedure.

2.4. Recurrent Neural Network (RNN)

The RNN framework used in this project followed a three-step model that used a
sequence of text to generate predictions. In this case, each patient’s mutation sequence was
used to predict the cancer stage and generate temporal correlations between mutations.

The first step of the RNN was one-hot embedding, which signified that each mutation
was processed as an array of all zeros apart from a single one. The embedding layer then
transformed this mutation array into a shorter array of k bounded values. Specifically, this
project utilized an embedding of length 256. The mathematical formalism for transforming a
one-hot vector v of length # to an embedded vector e of length k is presented in Equation (4),
given a matrix of weights w [69].

n
8]‘ = Z vnwij (4)
i=1

By training the weights, the embedding learned correlations through the similarity
between the embedded values.

The second step of the RNN was a series of Long Short-Term Memory (LSTM) units,
which obtained one more piece of information for each time-step (each mutation read) [35].
The LSTMs could then learn temporal correlations in the data, which enabled the prediction
of cancer progression.

This project employed a bidirectional LSTM layer, which simultaneously processed
the data in both backward and forward directions. The forward pass trained the algorithm
while the backward pass smoothed the predictions, allowing more data to be accurately
analyzed [35,70]. A bidirectional LSTM layer is presented in Figure 6.

After the LSTM layer, the third and final step of the RNN was a series of fully connected
or Dense layers, where each pair of sequential neurons was connected, enabling easy
consolidation of information [71].
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Figure 6. A sample bidirectional LSTM layer, where the blue represents the forward training pass of
the algorithm, the orange represents the backward smoothing pass of the algorithm, and the black
arrows represent the flow of data through the neural network.

2.5. Experimental Setup and Implementation

Overall, the specific RNN machine learning configuration used in this project con-
tained an Embedding of length 256 (i.e., transforming each mutation into a float matrix
of length 256), a bidirectional LSTM layer of length 64, and two dense layers, which were
activated with the Rectified Linear Unit (ReLU) and SoftMax, respectively. A breakdown of
this network is presented in Figure 7.

Mutation Input Embedding 64
T T T T TTTTIT | oftonam | saectonat (—| "0 1  So0ts
Lo LotV Layer Dense Layer

Figure 7. A breakdown of the network structure used, from the Embedding of length 256 and
bidirectional LSTM layer of length 64 to the two dense layers, which were activated with the Rectified
Linear Unit (ReLU) and SoftMax, respectively.

Training was performed using the Adam optimizer with a learning rate of 1 x 10~*
over 200 epochs and a batch size of 16. Sequences were postfix-padded to the maximum
length in the dataset using empty strings. No early stopping strategies were used, and con-
vergence was analyzed by continued decrease in validation loss. No random seeds were
used. These parameters were generated using hyperparameter sweeps that checked for the
highest validation accuracy.

2.6. Post Hoc Gene—Drug Prediction

Once the RNN framework produced a stage prediction, the algorithm then produced
post hoc future gene predictions and generated drug treatments for those predicted genes.

First, using the RNN prediction, the algorithm extracted the mutations correlated with
the predicted stage. These mutations were compared against the input mutation list to
extract the mutations that had not yet occurred.

After extracting these significant future mutations, the postprocessing algorithm
calculated the probability of each mutation occurring. This probability was extracted by
evaluating the frequency at which each future mutation occurred relative to each stage.
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In addition, with the driver mutation lists for cancer progression, the algorithm
queried the DrugBank and IUPHAR/BPS databases of drug—target interactions, which
described how certain drugs modified the behavior of given genes [59-64]. Using this
information, the algorithm evaluated whether any treatments would treat predicted driver
mutations, validating the DrugBank data using the IUPHAR/BPS database. A depiction of
this pipeline is provided in Figure 8.

Stage
Prediction from
the RNN

N

TCGA Input Data Significant Mutations @RUGBANK

@ITERNMIONAI UNION OF BASIC
AND CLINICAL PHARMACOLOGY

Preprocessing
Algorithm

Predicted Mutations

|

Heatmap Probabilities

Dj:l:ljj Recommendations

Figure 8. The pipeline used for gene-drug prediction, extracting both heatmaps of significant

Drug

mutations and providing drug recommendations to treat these mutations even years into the future.

3. Results

Each model was trained for 200 epochs, with 80% of the data assigned to the training set
and 20% assigned to the testing set. Various degrees of preprocessing were utilized in order
to validate the effectiveness of the preprocessing algorithm. Specifically, preprocessing for
the top 50, 100, and 200 mutations was tested for each cancer.

When relevant, algorithmic performance was evaluated using Receiver Operating
Characteristic (ROC) curves, which plot sensitivity against specificity. The performance of
ROC curves can be qualitatively evaluated by comparing the curves against the diagonal
line (random guessing): a consistent lack of intersection between the curves and the line
indicates robustness in the information that the algorithm learned [72]. Because ROC
curves plot sensitivity against specificity, they provide a robust, strong test of predictive
power and statistical significance compared to a random predictor [73]. the ROC curves
were generated by running the final trained RNN on the test set, comparing the predicted
stage to the actual stage.

3.1. Stage Predictions

To evaluate the effectiveness of the RNN algorithm in predicting cancer stage, the algo-
rithm was run individually on the dataset from each cancer type, and both ROC curves and
accuracy were generated. One ROC curve was generated for each cancer stage, and they
were grouped by cancer type as presented in Figure 9.

For the purpose of clarity, Figure 9 presents a representative sample of the cancer types
tested, distributed throughout different sections of the body. Thyroid cancer represents
the endocrine system, kidney cancer represents the excretory system, head/neck cancer
represents the nervous system, and breast cancer represents the lymphatic system.
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These results demonstrate that all four models are robust, with ROC curves signifi-
cantly above the diagonal. In addition, given that no individual ROC curve intersects with
the diagonal, the model did not overfit at any specific stage. This behavior confirms the
efficacy of the stage weighting procedure used during the preprocessing stage.

Breast Cancer (Accuracy =54.1%) Head/Neck Cancer (Accuracy = 63.9%)

1.0 1.0

0.8 0.8

0.6 0.6

0.4 — 0.4

0.2 ! 0.2

) — Il :

0.0 = Random Guessing 0.0 = Random Guessing

0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

Kidney Cancer (Accuracy = 60.7%) Thyroid Cancer (Accuracy =70.2%)

1.0 1.0
0.8 0.8
0.6 0.6
04 | 0.4 |
] ]
0.2 L 0.2 — |l
—_— IV —
0.0 - Random Guessing 0.0 = Random Guessing
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

Figure 9. Receiver Operating Characteristic (ROC) curves from four of the cancers that this project
evaluated (breast, head /neck, kidney, thyroid). Each ROC curve refers to the cancer stage that was
predicted. These ROC curves are all robust, significantly above Random Guessing, which implies the
model’s successful retention of genomic attributes correlated with stage/severity.

3.2. Preprocessing Performance

The ROC curves also demonstrate important insights from preprocessing, as depicted
in the representative examples provided in Figure 10. These results clearly indicate that
the preprocessing methods enhanced the model’s performance, improving the results from
random guessing to true robust predictions, as in the case of breast cancer, with a 1.6-fold
increase in accuracy: from 33.9% to 54.1%. In addition, the ROC curves demonstrate
that eliminating non-driver mutations improved algorithmic performance significantly,
indicating that the algorithm may not have been able to find long-term correlations from
many mutations. However, as with head and neck cancer, preprocessing the top 200 ex-
pressed mutations yielded far better results than just 50 mutations, with a 1.75-fold increase
between 63.9% and 36.6%. This massive increase in accuracy and robustness suggests
that there may be around 200 key mutations in head /neck cancer, as there may not have
been sufficient information for the model to learn from just 50 mutations. All other cancer
types also had optimal performance when preprocessing for 200 mutations, compared to
only 50 mutations or the whole dataset of thousands of mutations. This result may imply
that the number of key mutations is on the order of a few hundred for the types of cancer
analyzed in this study.
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Figure 10. This figure depicts two insights from preprocessing using representative cancer types. First,
preprocessing improves the algorithm performance, as many non-driver mutations are removed,
as depicted with breast cancer. Second, preprocessing the top 200 most expressed mutations is most
effective for robustness, indicating that there may be on the order of 200 key driver mutations.

4. Discussion

The framework presented in this paper is capable of computationally staging cancer
progression using RNNs. This RNN-based framework has several key advantages over
current genomic models. First, by learning from raw data, the model does not require
humans to manually parse the input data to process sequential pathways. In essence,
the model functions without relying on wet-lab RNA-sequencing data, which is time-
consuming to produce [27,29]. Secondly, this model serves as a proof-of-concept that
sequential models can be used for cancer prognosis prediction, instead of snapshot models
that only process one step in time.

As for preprocessing, this investigation discovered that computational models are
most effective when processing the top 200 mutations for each stage, which was observed
over all 11 types of cancer investigated. There are two possible reasons for this observation.
First, with a high number of mutations, rarely expressed mutations encouraged network
overfitting, rendering performance inadequate on sequestered testing datasets. Second,
utilization of smaller number of mutations decreased network robustness, implying that
may there be key biological pathways specifically encoded within the order of a few
hundred driver mutations. This result is consistent with other biological research that
has discovered a similar order of a few hundred consistently observed genes with driver
mutations [74,75].

The model’s accuracy on genomic data then computationally verified a link between
mutations and the cancer stage, demonstrating the predictive power of utilizing the tempo-
ral relationship between mutations. In addition, the prediction accuracy for stage (severity)
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was either around or greater than 50-60%, which was comparable to both existing com-
putational models and the performance of medical professionals in estimating cancer
prognosis, as presented in Table 1, where GAN represents a Generative Adversarial Net-
work, RF represents a Random Forest model, DNN represents a Deep Neural Network,
GCN represents a Graph Convolutional Network, and BNN represents a Bayesian Neural
Network [46-48,76-78].

Table 1. Comparative performance of different diagnosis frameworks.

Model Accuracy Range Cancer Types

This Work RNN 36-70% 11 types
Lopez-Garcia et al. [76] CNN 68% Lung
Lopez-Garcia et al. [76] ML 62-70% Lung

Kwon et al. [77] GAN + CNN 41-80% 12 types

Kwon et al. [77] GAN + RF 47-74% 12 types

Kwon et al. [77] GAN + DNN 42-77% 12 types

Yu et al. [49] C5.0 70-95% 8 types
Elmahy et al. [46] GCN 82% Renal
Gkotzamanidou et al. [47] BNN 93% Lung
Amanzholova et al. [48] Ensemble 89-97% 3 types

Malhotra et al. [78] Oncologists 62% Advanced

Thus, while this model achieved comparable performance to a survey of oncologists
and simple baselines, it lags behind the current state-of-the-art models, which achieve sig-
nificantly higher accuracy, albeit on a much smaller array of cancer types. However, the fact
that a simple RNN-based solution trained only on mutation sequences achieves similar
performance to oncologists provides strong evidence that as a proof-of-concept, sequential
models may have potential for prognostic prediction. Furthermore, Amanzholova et al.
found that multi-omics data caused a twenty percent improvement in performance, in-
dicating that future work on multi-omics sequential prediction may ultimately result in
a useful diagnostic and prognostic aid for helping doctors project the progression of a
patient’s disease. Hence, this work is still a useful proof-of-concept that simple RNN-based
sequential modeling is comparable with other simple CNN/RF/DNN baselines, even if it
lags behind more complicated state-of-the-art models, demonstrating the future potential
of our work.

In terms of performance across cancer types, the one outlier in the model’s success was
its performance on the Colorectal Adenocarcinoma (COADREAD) dataset, on which the
model only achieved 36% accuracy even after preprocessing, as well as Lung Squamous Cell
Carcinoma (LUSC) and Skin Cutaneous Melanoma (SKCM), where the model only achieved
around 45% accuracy. Despite being competitive with the numbers proposed by Kwon et al.,
this may suggest one limitation of the model: that it cannot account for external factors such
as lifestyle and environmental circumstances, which can play the most significant roles in
causing cancers like melanoma (UV radiation), colorectal adenocarcinoma (diet), and lung
squamous cell carcinoma (smoking) [77,79,80]. In addition, the TCGA dataset draws from
a relatively limited pool of people, so further evaluation on larger, more equitable datasets
will be necessary to truly scale this project [81].
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Limitations of Stage-Based Prediction

However, one key limitation of the stage-based prediction framework is the lack of
granularity in terms of prediction results. Specifically, the categorization of prognosis into
four stages limits the possible estimations of prognosis, as different cancers of the same
stage may have significantly different prognostic outcomes.

This work attempts to combat this using post hoc gene-drug analysis, where using
the prediction from the RNN, existing gene and drug data can be used to predict possible
future mutations and possible treatments.

For example, representing the pre-processed TCGA dataset using heatmaps, which
depict the probability of observing each mutation in each stage, as in Figure 11, there are a
few mutations that are strongly correlated with later stages of cancer, like CDH1 for breast
cancer and CDKN2A for head and neck cancer [82-87]. Using the prediction from the
model, if the stage was predicted to be late-stage, but these mutations were not present,
the post hoc gene prediction pipeline, using the probabilities from the dataset, would
strongly correlate these mutations with further cancer progression, providing targets for
preventative treatment.

Breast Cancer
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Figure 11. This figure presents two representative heatmaps of the TCGA dataset, correlating cancer
stage on the vertical axis to individual cancer mutations on the horizontal axis. Each square represents
the probability of finding a given mutation in a given stage, which is color coded with a darker red
indicating a larger probability.

Similarly, with drug predictions, the algorithm can use the existing BPS/IUPHAR
datasets to predict drugs based on the specific mutations provided. For example, if PIK3CA
was indicated as a possible future mutation, the drug prediction pipeline would generate
three possible treatments, alpelisib, copanlisib, and pilaralisib, which are all either in use as
key FDA-approved treatments or in highly regarded clinical trials [88-96].

While limited, these post hoc methods provide techniques for scaling prognosis
prediction to preventative treatment of future mutations. However, outside of time-series
analysis, RNN-based models are also used for autoregressive generation of language
sequences, which may also scale to autoregressive generation of mutation sequences
through time, which should be investigated in future work.
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5. Conclusions

Overall, this study was one of the first to apply Al frameworks based on RNN archi-
tectures, which are typically used for time-series analysis, to a genomic pathway analysis
problem. By proposing, implementing, and evaluating an efficient, cost-effective end-to-
end framework, this project demonstrates the proof-of-concept for an RNN-based model
for predicting cancer severity and prognosis, which can be used for post hoc evaluation of
progression and preventative treatments. In addition, by not relying on formally derived
pathway correlations, this project enables rapid computational analysis of genomic data, al-
lowing real-time prognosis prediction. In doing so, the model presented in this project may
enable doctors to better analyze cancer prognosis, especially with additional improvements
through adversarial training procedures [77].

This project has revealed the efficacy of applying a series-analysis-based approach to
a genomic problem. In the future, analytical methods such as the use of Shapley values
may be used to evaluate the internal RNN performance [97]. By unveiling the so-called
“black-box” behind the RNN, a continuation of this research may understand the specific
techniques and insights that the RNN uses to learn correlations. By combining these
computational insights with the existing knowledge of biological pathways, this model
may be able to deepen the fundamental understanding of the connection between various
genes. Further work should also investigate the scalability of RNNs as autoregressive
predictors of mutation progression, building on the post hoc pipeline in this work to create
a fully RNN-based progression predictor.

In addition, the general paradigm proposed in this project can be extended to other
diseases with a genomic correlation, such as cystic fibrosis or Alzheimer’s [98,99]. Thus,
this project serves as a proof-of-concept for an efficient, cost-effective, and generalizable
methodology for projecting disease prognosis, which in the future, could be life-saving,
assisting with the prevention, diagnosis, and treatment of any genomically correlated
disease, cancer and beyond.
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