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Abstract 

A gene mutation refers to a small alteration in DNA that can occur at any time. While many of these changes have minimal 

impact, some can lead to uncontrolled cell growth, potentially contributing to the development, progression, and spread of 

diseases such as cancer. These mutations may arise from various factors. For instance, in lung cancer, cigarette smoking is a 

well-known cause of genetic mutations that can elevate cancer risk. Similarly, exposure to air pollution or harmful toxins can 

produce the same effect. In some cases, however, mutations occur spontaneously, without any identifiable cause. While not all 

cancers are caused by gene mutations, certain mutations are strongly linked to specific types of cancer. For example, mutations 

genes are frequently within tumor cells and are not usually inherited or passed down through families. In this paper, we will 

investigate gene mutations and will examine the ways in which these mutations may cause various diseases including cancers. It 

is found that high accuracy classification of gene mutations can be reached by a combination of LSTM (Long Short-Term 

Memory (LSTM) is an enhanced version of the Recurrent Neural Network) and Markov probabilistic transitions. 
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1. Introduction 

A gene mutation is a permanent alteration in the DNA se-

quence of a gene. Mutations can be: Inherited (germline): 

Present from birth, passed from parent to child or acquired 

(somatic): Occur during a person’s lifetime due to environ-

mental factors or DNA replication errors. How do mutations 

cause cancer? Cancer arises when mutations disrupt the bal-

ance between cell growth and death. Mutations can: Activate 

oncogenes (genes that promote cell division), inactivate tumor 

suppressor genes (which prevent uncontrolled growth), affect 

DNA repair genes, reducing the cell’s ability to fix other 

mutations. Examples of Cancer-Related Mutations are given 

by the following Table: 

Table 1. Examples of cancer mutations. 

Gene Type Associated Cancer(s) 

TP53 Tumor suppressor Breast, lung, colon, ovarian, etc. 

BRCA1/2 DNA repair Breast, ovarian, prostate 
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Gene Type Associated Cancer(s) 

KRAS Oncogene Pancreatic, colorectal, lung 

EGFR Oncogene Non-small cell lung cancer 

BRAF Oncogene Melanoma, colorectal 

APC Tumor suppressor Colorectal (familial adenomatous polyposis) 

MLH1/MSH2 DNA mismatch repair Colorectal (Lynch syndrome) 

 

Cancer is a leading cause of death worldwide, accounting 

for about 20 million new cases and almost 10 million deaths 

annually [1]. Increasing burden of cancer incidence and 

mortality has become one of the key public health targets 

globally, leading to a surge of research focusing on under-

standing, prevention and treatment of cancer disease. 

Traditionally, initial patient treatment and prognosis are 

defined by cancer type and stage at diagnosis, using widely 

accepted cancer staging systems such as Tu-

mor-Node-Metastasis (TNM) classification [2]. However, 

cancer staging alone does not accurately predict survival in 

patients with cancer; it has been shown that there are other 

clinicopathological factors and molecular markers that can 

improve prognostic estimation, such as certain genetic muta-

tions and comorbidities. More precise prognosis could help 

understand the reasons for disease progression, decide on 

most appropriate treatment plan, and improve the survival of 

patients with cancer. 

In an era of precision medicine, knowledge of patient 

characteristics and biomarkers that are associated with prog-

nosis and survival is key for further scientific advances and 

meaningful improvements of patient cancer outcomes. 

Nowadays, most oncology clinical trials include biomarkers, 

compared to only 15% in 2000. Clinical trial strategies have 

become more complex over time, examining multiple bi-

omarkers per trial and exploring pan-cancer biomarkers. Yet, 

there is a lack of evidence based of the benefits of the use of 

biomarkers on patient survival. 

Further understanding of the impact of genetic and clini-

copathological factors on patients’ survival is needed to ad-

vance the field of precision cancer medicine. With sufficient 

evidence of the impact an individual patient’s characteristics 

have on cancer prognosis and survival, treatments and inter-

ventions can be focused on those patients who will benefit, 

sparing the side effects, treatment time and expense for those 

who will not. 

Cancer is fundamentally a genetic disease, driven by 

changes in the genes that regulate how cells grow and divide. 

Our bodies are made up of cells, and each cell contains a copy 

of our genes—essentially the instruction manual for how the 

cell functions. 

Genes are specific segments of DNA that provide the 

blueprint for making proteins. There are hundreds of genetic 

changes—often referred to as mutations, variants, or altera-

tions—that contribute to the initiation, growth, and spread of 

cancer. 

Genetic changes that lead to cancer can occur for several 

reasons: 

1) Random errors during normal cell division. 

2) Exposure to carcinogens such as chemicals in tobacco 

smoke, ultraviolet (UV) radiation from sunlight, or 

certain viruses like human papillomavirus (HPV); 

3) Inherited mutations passed down from a parent. 

These DNA changes can occur at any point in life, even 

before birth. While many genetic alterations are harmless on 

their own, the accumulation of multiple mutations over time 

can transform normal, healthy cells into cancerous ones. In 

fact, most cancers arise sporadically because of this gradual 

process. 

Cancer itself is not inherited—it can’t be directly passed 

from parents to children. Additionally, the genetic changes 

that occur in tumor cells are not passed down through gener-

ations. However, inherited genetic mutations that increase a 

person’s risk of developing cancer can be passed on if they are 

present in a parent’s egg or sperm cells. 

For instance, a parent who carries a mutated BRCA1 or 

BRCA2 gene may pass it on to their child, significantly in-

creasing the child’s lifetime risk of developing breast cancer 

and several other types of cancer. 

This is one reason why cancer may appear to run out in 

families. It’s estimated that up to 10% of all cancers are linked 

to inherited genetic mutations. 

Still, inheriting a cancer-related mutation does not guar-

antee that a person will develop cancer—it simply means their 

risk is elevated compared to the general population. 

Throughout life, DNA mutations can occur randomly as 

cells divide, or be triggered by environmental carcinogens, 

such as chemicals in tobacco smoke, ultraviolet (UV) radia-

tion, and infections like human papillomavirus (HPV). Some 

of these mutations may also be inherited at birth. 

While many of these genetic changes are harmless, cancer 

typically arises when enough mutations accumulate to disrupt 

the normal regulation of cell growth. Over time, over dec-

ades—this accumulation can transform normal cells into 

cancerous ones. Most cancers result from this gradual, ran-

dom process rather than inheritance alone. 
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For example, identifying EGFR mutations in lung cancer 

patients can lead to more effective, personalized treatments. 

Lung cancer was once seen as a single, uniformly aggressive 

disease with poor outcomes. However, advances in science 

have shown that lung cancer is more complex and can be 

subdivided based on the specific genetic drivers behind 

it—such as EGFR mutations. 

When a patient is diagnosed with non-small cell lung can-

cer (NSCLC), doctors typically perform genetic sequenc-

ing—either through a tumor biopsy or a blood test—to look 

for mutations in EGFR or other genes. 

This approach allows physicians to match patients with 

targeted therapies that may extend survival and slow the dis-

ease’s progression. 

From a practical standpoint, the impact of genomic re-

search is already beginning to influence medical practice, 

particularly through rapidly evolving diagnostic techniques. 

The upcoming phase of genomics will emphasize linking 

specific genotypes to complex phenotypes. As these rela-

tionships are better understood, they will pave the way for the 

development of new therapies and drugs. 

If a medication that is highly effective for 99% of patients 

causes severe side effects in 1%. Such treatments often 

struggle to remain viable in the market. However, with the aid 

of genetic screening, it will become feasible to identify indi-

viduals at risk for adverse reactions, enabling safer and more 

targeted use of these drugs. 

Looking further ahead, gene therapies capable of correcting 

genetic defects may become a reality. The ongoing collabo-

ration between biology, engineering, and mathematical sci-

ences will continue to drive progress in these promising 

frontiers. 

Gene expression is the process by which the instructions 

encoded in a gene are used to produce a functional product, 

usually a protein (or sometimes a functional RNA like tRNA 

or rRNA). Gene expression works via: 

1) Transcription: The DNA sequence of a gene is copied 

into messenger RNA (mRNA) in the cell nucleus. 

2) RNA Processing (in eukaryotes): The mRNA is modi-

fied by splicing (removal of introns), adding a cap and a 

tail, and then transported to the cytoplasm. 

3) Translation: Ribosomes read the mRNA to assemble 

amino acids into a protein according to the genetic 

code. 

4) Post-translation: The resulting protein may undergo 

further folding, modification, or activation. Gene ex-

pression determines: 

5) Cell identity: Different cells (like liver vs. muscle) ex-

press different sets of genes, even though they contain 

the same DNA. 

6) Health and Disease: Aberrant gene expression is asso-

ciated with various diseases, including cancer. 

7) Drug development: Understanding gene expression 

helps scientists design targeted therapies. The following 

Table shows the differences between gene sequencing 

and gene expression: 

Table 2. Major differences between gene sequencing and gene expression. 

Feature Gene Sequencing Gene Expression 

Focus DNA sequence (static) RNA levels (dynamic) 

Output A, T, C, G order Expression levels (e.g., FPKM) 

Purpose Find mutations, variants Measure gene activity 

Technique DNA sequencing RNA-seq, qPCR 

Time-sensitivity Stable over time Varies by time, tissue, environment 

 

Recent studies of gene expression profiles in normal and 

cancer cells are discussed in [3]. Predicted complete gene 

structures in human genomic DNA is given in [4]. Initial gene 

sequencing analysis of the human genome was performed by 

International Human Genome Sequencing Consortium Initial 

sequencing were the pioneers who explored the main princi-

ples of population genetics [5-7]. Published analysis of vari-

ance for gene expression in microarray data is given in [8]. 

Studies of somatic mutations in cancer genomes are given 

in [9]. Somatic mutations in cancer genomes arise from a 

variety of mutational processes, each leaving behind a distinct 

mutational signature. In this study—conducted as part of the 

Pan-Cancer Analysis of Whole Genomes (PCAWG) Consor-

tium of the International Cancer Genome Consortium (ICGC) 

and The Cancer Genome Atlas (TCGA)—they analyzed 

84,729,690 somatic mutations derived from 4,645 

whole-genome and 19,184 exome sequences spanning a broad 

spectrum of cancer types. 

They identified 49 single-base substitution signatures, 11 

double-base substitution signatures, 4 clustered-base substi-

tution signatures, and 17 small insertion-and-deletion signa-

tures. The large scale of this dataset, compared to prior studies, 

enabled them to discover previously unrecognized signatures, 

distinguish overlapping ones, and decompose complex sig-
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natures into components that may reflect distinct but related 

mechanisms of DNA damage, repair, or replication. 

By quantifying the contribution of each signature to indi-

vidual cancer genomes, they uncovered links to both exoge-

nous and endogenous mutational exposures, as well as defects 

in DNA maintenance systems. Nevertheless, several muta-

tional signatures remain of unknown origin. This work offers 

a comprehensive overview of the mutational processes shap-

ing the genomic landscape of human cancer. In the context of 

genetics and cancer biology, the terms exogenous and en-

dogenous refer to the source of mutational processes. Exog-

enous mutational processes are caused by external environ-

mental factors that damage DNA. Endogenous mutational 

processes originate within the body, often due to normal cel-

lular processes or internal dysfunctions. 

It is known that individuals who contract COVID-19 but 

remain completely asymptomatic—often referred to as "super 

dodgers"—may benefit from a genetic advantage, according 

to a new study led by researchers at UC San Francisco. The 

study, published in Nature on July 19, 2023, found that these 

individuals are more than twice as likely as symptomatic 

patients to carry a particular gene variant that enables a rapid 

and effective immune response. 

This research provides the first direct evidence of a genetic 

basis for asymptomatic SARS-CoV-2 infections, offering 

critical insight into why some people can harbor the virus 

without ever exhibiting symptoms. 

The key lies in a variation of the human leukocyte antigen 

(HLA) system—a set of protein markers that regulate immune 

responses. A specific mutation, HLA-B*15:01, appears to 

enhance the ability of virus-targeting T cells to recognize and 

quickly respond to SARS-CoV-2. Remarkably, individuals 

with this mutation can mount a rapid immune response even if 

they haven’t previously encountered the virus, likely due to 

cross-recognition with seasonal cold viruses. 

If the immune system can recognize the virus early, it's a 

major advantage. While the mutation does not prevent the 

virus from entering cells, it appears to stop the progression to 

any noticeable symptoms—not even a mild sore throat or 

congestion. In the study, 20% of people who remained 

asymptomatic carried at least one copy of HLA-B*15:01, 

compared to only 9% of those who developed symptoms. 

Strikingly, individuals with two copies of the variant were 

more than eight times more likely to avoid feeling ill alto-

gether [10]. 

This discovery opens the door to new approaches for vac-

cines and antiviral therapies by targeting the mechanisms that 

enable this enhanced immune recognition [11]. 

2. Gene Mutation Informatics 

Understanding how viruses mutate over time is critical for 

tracking emerging variants, designing effective vaccines, and 

forecasting outbreaks. Viral genomes—such as those of in-

fluenza, HIV, or coronaviruses—evolve through random 

mutations that occur as the virus replicates. While the exact 

mutations are unpredictable at the individual level, the statis-

tical patterns of these changes can be modeled using 

well-established probabilistic frameworks. One powerful 

approach is the Markov Chain model [12]. 

A Markov Chain is a stochastic process that describes a 

system that transitions from one state to another, where the 

probability of each next state depends only on the current state, 

not on the sequence of past states. Gene mutations drive the 

evolution of all living organisms, but in viruses, they play a 

particularly critical role in determining infectivity, resistance, 

and vaccine escape. High mutation rates in RNA viruses like 

influenza, HIV, or SARS-CoV-2 require reliable models to 

forecast likely changes. One widely used approach is the 

Markov chain, a stochastic process that models’ systems 

which move between states with certain probabilities. 

In the context of viral genetics: 

States: The four DNA/RNA bases: A (adenine), T (thy-

mine), C (cytosine), G (guanine). 

Transitions: Probabilities that one base mutates into an-

other during replication. 

Chain: The viral genome evolves as each nucleotide inde-

pendently undergoes substitutions over time. 

These probabilities can be estimated empirically by ana-

lyzing observed viral sequences collected over time. Real 

biological data often show that transitions (A↔G, C↔T) are 

more common than transversions (purine↔pyrimidine 

changes). 

We first align multiple sequences of a viral gene (like the 

influenza hemagglutinin gene). They then calculate how 

frequently each nucleotide changes to another at each position, 

estimating transition probabilities. These are used to build a 

substitution matrix, which forms the basis of the Markov 

model. 

Over many replication cycles, the model can simulate 

likely mutation pathways and help predict: 

1) Which variants might become dominant, 2) How fast a 

virus accumulates mutations, 3) Where mutations are 

most likely to occur (mutation hotspots). 

The core of the Markov Chain model is the transition ma-

trix, a 4×4 matrix that defines the probability of each base 

changing into any other base in a single time step: 

Let’s define: 

    *         +  

Each base is a state. The mutation process is described by a 

transition matrix: 

  [   ]         

where 

     (      ∣∣     )   
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with  ∑          

A typical form 

    [

 (   )  (   )   (   )   (   )

 (   )   (   )   (   )   (   )

 (   )   (   )   (   )   (   )

 (   )   (   )   (   )   (   )

]  

The probability of transitioning from base i to base j in n 

steps is: 

 (    ∣∣     )  , 
 -    

Pn is the matrix raised to the nth power. 

Let: 

 ( )  ,           -  

be the initial probabilities of each base. After n generations: 

 
Figure 1. Markov chain gene mutations over 20 points in time. 

Figure 2 depicts the original data (20 readings in time). 

Heatmap of Original Gene Base Data (1 = A, 2 = T, 3 = C, 4 = 

G). 

 
Figure 2. Gene sequencing in time. 

A GMM with K components models the probability density 

as: 

 ( )  ∑   
 
     (  ∣∣      )  

with   Categorical(*  +)  

x = data vector 

K = number of Gaussian components 

   = mixing coefficient for component k (must sum to 1) 

 (       )  = multivariate normal PDF with mean 

   and covariance   . 

To generate a new synthetic sample: 

Pick component k with probability    
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Draw  new from: 

 
new
  (     )  

the expanded PDF for   is calculated: 

 ( ∣∣    )   
 

(     ∣ ∣   )
    ( 

 

 
(   )    (   ))  

Figure 3 is the bar graph of the original and origi-

nal+augmented values. 

 
Figure 3. Exact counts of A/T/C/G in original vs. augmented + original. 

Let us see the KDE (Kernel Density Estimator) where K 

(kernel, we take as Gaussian): 

 ̂( )  
 

  
∑  .

    

 
/ 

     

This expression connects the estimated probability density 

at point x, the number of data points n, and smoothing pa-

rameter h. Figure 4 shows the KDE plot. The plot illustrates 

good approximation of the original data. 

 
Figure 4. Original (Blue) vs Original + Augmented (Red). 

Gene Sequence positions over time is presented by Figure 5. 
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Figure 5. Gene sequence with time (20 are observed and 10 predicted). 

3. Prediction of Gene Mutations 

Figure 6 shows the number of bases mutated vs. initial 

sequence. Markov Chains do not enforce permanent changes. 

They model probabilistic base substitution, so each site can: 

1) Stay the same; 

2) Mutate; 

3) Or re-match the original by random chance. 

 
Figure 6. Gene sequence with time (20 are observed and 10 predicted). 

In real biological evolution: Some mutations are irreversi-

ble (e.g., once a base is changed, it stays changed in the lin-

eage). But random drift in a cell or population can revert bases 

by chance, especially for short sequences. So, a Markov Chain 

with symmetric probabilities will naturally allow reversions. 

Figure 7 shows predicted mutations from original and aug-

mented data. 
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Figure 7. Predicted Gene sequences from original and augmented. 

Table 3 shows the predicted mutations from original data for the next 10 time points and from augmented data. 

Table 3. Predicted mutations from original data (taken as normal) for the next 10 time points and from augmented data (taken as abnormal 

mutations). 

10 Predicted data from original observations 10 Predicted data from augmented GMM data 

0 1 2 3 3 3 2 Original 21 0 1 3 2 3 1 3 GMM_Augmented 21 

1 1 2 3 3 3 2 Original 22 1 1 3 2 1 1 3 GMM_Augmented 22 

2 1 2 3 3 3 2 Original 23 2 1 3 2 1 3 3 GMM_Augmented 23 

3 1 2 1 3 3 2 Original 24 3 1 3 3 2 3 3 GMM_Augmented 24 

4 1 2 3 3 3 2 Original 25 4 1 3 3 2 2 3 GMM_Augmented 25 

5 1 4 4 3 3 2 Original 26 5 3 3 3 2 2 3 GMM_Augmented 26 

6 1 1 4 3 2 2 Original 27 6 3 3 3 2 2 3 GMM_Augmented 27 

7 3 1 3 3 4 2 Original 28 7 3 1 3 2 1 3 GMM_Augmented 28 

8 3 1 3 3 4 2 Original 29 8 3 1 3 2 1 3 GMM_Augmented 29 

9 3 1 2 3 4 2 Original 30 9 3 1 3 2 1 3 GMM_Augmented 30 

 

4. Classification of Gene Mutations 

The Markov chain: describes probabilities for how each 

base mutates at each position: 

     (                        )      ∑        

The LSTM learns from observed sequences             

by: 
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    (             ) 

and 

           

4.1. Markov Transition in LSTM 

It means we inject the explicit transition probability into the 

LSTM’s input or dynamics. 

   ,    (   ∣∣     )- 

So each input step includes: 

1) The actual base state at time t 

2) The probability of that state, given the previous state 

and the Markov model. 

If       and        

 (    ∣∣       )       

So each position is: 

     [        ]                 

Then the LSTM input is augmented: 

    (               )  

with    ,    (   ∣∣     )- 

Figure 8 shows the mutations of 2 first nucleotides of the 

gene sequence. 

 
Figure 8. Original (blue) and augmented (red) gene mutations. 

4.2. The Choice of Hyperparameters in LSTM 

Learning Rate: Controls how much the model updates its 

weight during training. A high learning rate may lead to 

convergence issues, while a low one can make training slow 

(we use Adam or Adagrad optimizers to automatically adjust 

the learning rate). 

Batch Size: Defines the number of training samples used in 

one forward and backward pass. Common choices include 32, 

64, and 128. We use 128 and then split it into mini batches. 

Number of Epochs: Specifies how many times the entire 

dataset is passed through the neural network. We usually do 

not use more than 100 epochs. 

Optimizer (e.g., SGD, Adam, RMSprop): Determines how 

the model updates weights during training. We usually use an 

Adam optimizer. 

Loss Function (e.g., MSE, Cross-Entropy): Measures the 

difference between predicted and actual outputs. We use 

Cross-Entropy because we solve the classification problem. 

MSE us used in regression algorithms. 

Number of Layers and Neurons per Layer: Defines the 

depth and complexity of the network. We start with 8 neurons 

(the number of features). It is highly advisable this way of 

building the neural network to prevent overfitting if many 

neurons are selected. 

Dropout Rate: Controls the percentage of neurons ran-

domly dropped during training to prevent overfitting (we use 

dropout rate 0.3-0.4 to prevent over or underfitting). 

Weight Initialization: Determines how weights are initial-

ized before training (e.g., Xavier, He initialization). Choosing 

the right weight initialization method depends on the activa-

tion function and network depth. We use Xavier initialization 

to work well with classification problems. Proper weight 

initialization leads to more stable training and improved 

model performance. 

Activation Functions (e.g., ReLU, Sigmoid): Define how 

neurons process inputs. We use ReLU for hidden layers and 

Sigmoid for the output layer typical to classification prob-

lems. 

L1/L2 Regularization (Weight Decay): Helps prevent 

overfitting by penalizing large weights. It is implemented in 

optimizers like AdamW and SGD. 

K-fold cross-validation. We used K-fold cross-validation as 

a resampling technique to evaluate the performance of the 

method. It evaluates how well a model generalizes unseen 

data by splitting the dataset into multiple subsets. K-fold 

cross-validation includes: 

1) The dataset is divided into K equally sized folds (sub-

sets). 

2) The model is trained on K-1 folds and tested on the 

remaining one. 

3) The process is repeated K times, with each fold serving 

as the test set once. 

4) The final model performance is obtained by averaging 

the results across all K iterations. 

5) Stratified K-Fold ensures class distribution is preserved 

in each fold (useful for imbalanced datasets and can be 

used in several applications including public health). 

Statistical analysis of the results shows that the comparison 

of previous similar methods and the PM GenAI accuracy 
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yields: 

P ~ 0.004 < 0.05 

We may conclude that PM GenAI significantly improves 

the performance of the classification algorithms for diabetes. 

Length: 

1) Each sequence is length 6 (6 bases per row). 

2) After building      with a Markov window of 5, each 

input to the LSTM has shape (5, 12) (6 bases × 2 fea-

tures per base: [base, transition probability]). 

Origin: 

1) The “normal” sequences are synthetic, generated by 

iteratively sampling bases using a discrete first-order 

Markov chain. 

2) The initial sequence is [1, 2, 3, 4, 3, 1], then 99 more 

sequences are generated using the same transition ma-

trix. 

Figure 9 shows high accuracy in classification of gene 

mutations. 

 
Figure 9. Confusion Matrix: LSTM with Markov Sequence Windows. 

5. Example: Gene Mutation in Cancer 

Mutations in the DNA code are the fundamental engine 

driving cancer development. When the carefully regulated 

processes that control cell division break down, often due to 

accumulating genetic alterations, cells begin to grow uncon-

trollably. Over decades of research, scientists have identified 

that certain genes—when mutated—act as drivers, pushing 

normal cells toward malignancy. 

These gene mutations can arise spontaneously, be inherited, 

or be triggered by environmental factors such as radiation, 

tobacco smoke, or viral infections. In cancers, mutations 

typically cluster into two broad categories: driver mutations, 

which directly contribute to cancer development, and pas-

senger mutations, which accumulate as by-products but do not 

confer growth advantages on their own. 

Some driver mutations create vulnerabilities that modern 

therapies can target. For example, mutations in the KRAS 

gene are found in about 11% of all cancers and have long been 

considered “undruggable” until recent breakthroughs led to 

new targeted inhibitors. The TP53 gene, known as the 

“guardian of the genome,” is the most frequently mutated 

gene in cancer—altered in an estimated 35% of all cas-

es—disabling the cell’s primary damage checkpoint. Other 

commonly mutated genes include PIK3CA, BRAF, and epi-

genetic regulators like KMT2C and ARID1A, which reveal 

how changes in gene expression control also contribute to 

tumor growth. 

Understanding which mutations are prevalent across dif-

ferent tumor types helps guide both diagnosis and treatment. 

For instance, lungs, colorectal, and pancreatic cancers often 

harbor distinct mutation patterns that shape their prognosis 

and response to targeted therapies. With modern sequencing 

technologies, it is now possible to map a patient’s tumor ge-

nome and match their mutation profile to the most effective 

treatments—a cornerstone of precision oncology. 

Beyond individual patients, studying mutation frequencies 

across large populations provides critical insights for public 

health and cancer prevention. By combining genomic data-

bases with epidemiological data, researchers can estimate 

how common certain mutations are within the general popu-

lation. Such data guides screening strategies and helps iden-

tify groups at higher risk, ultimately informing decisions 

about early detection and intervention. 

Despite decades of progress, new research shows that the 

genetic landscape of cancer is more complex and diverse than 

previously thought. Many tumors rely not on a single domi-

nant mutation but on a constellation of lower-frequency ge-

netic alterations that together drive disease progression. This 

insight pushes the field to look beyond high-profile oncogenes 

and explore the broader networks that sustain cancer cell 

survival. 

In summary, gene mutations sit at the heart of cancer bi-

ology and cancer treatment. Continued research into how 

these mutations arise, interact, and shape tumor evolution will 

be key to developing the next generation of targeted therapies 

and improving patient outcomes worldwide. To this end, it 

becomes very important to classify gene mutations [13]. 

Accurate classification using an optimized SVM algorithms, 

is described in [14]. The demonstration of an accurate classi-

fication algorithm using the PM GenAI (Principal Model 

Generative Artificial Intelligence) method was presented in 

[15]. Kinase mutations and imatinib response in patients with 

metastatic gastrointestinal stromal tumor are described in [16]. 

Recent treatments for relapsed or refractory FLT3-mutated 

AML are given in [17]. Discussion of Neratinib efficacy and 

circulating tumor DNA detection of HER2 mutations in 

HER2 nonamplified metastatic breast cancer is given in [18]. 

Let us now test the new approach related to cancer gene 

mutations. The method splits into the following steps: 
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1) Markov chain generator generates normal gene evolu-

tion [19]. 

2) GMM: augments realistic cancer-like sequences [20]. 

3) Z-sequence: at each step → feeds [base, P(base|prev)] 

for each position. 

4) LSTM: learns dynamic patterns + probability con-

straints. 

5) Label: 0 for normal, 1 for augmented (mutation). 

For working with real DNA sequence, we follow the clas-

sification procedure: 

1) Use a real DNA sequence (e.g., BRCA1 gene or any 

public FASTA file). 

2) Simulate mutations using a Markov chain or real mu-

tation rates. 

3) Create a windowed dataset with [base, transition 

probability] features. 

4) Augment with GMM. 

5) Train an LSTM to classify wild-type (normal) vs mu-

tated (synthetic) [21]. 

Figure 10 shows the confusion matrix for cancer gene 

mutation classification and its accuracy (Table 4). 

Table 4. The classification report shows 97% accuracy. 

Class Precision Recall F1-Score Support 

0.0 0.95 1.00 0.97 19 

1.0 1.00 0.95 0.97 20 

Accuracy 0.97  

Macro avg 0.97 0.97 0.97 39 

Weighted avg 0.98 0.97 0.97 39 

 
Figure 10. Confusion Matrix for cancer gene mutation classifica-

tion. 

6. Validation Using Real Cancer 

Genomic Data (BRCA1) 

Mutations in BRCA1 are critically associated with heredi-

tary breast and ovarian cancers. Advances in computational 

genomics enable sequence-based models to identify and 

classify such mutations with high resolution. This paper 

demonstrates a realistic pipeline combining a Markov 

chain-based transition probability model with a Long 

Short-Term Memory (LSTM) network to classify wild-type 

and mutated segments of the BRCA1 gene. The approach 

integrates empirically estimated transition matrices with a 

deep sequence learning architecture to learn local dependen-

cies and mutation patterns, offering a practical, extensible tool 

for gene sequence analysis. 

The BRCA1 gene encodes a tumor suppressor protein re-

sponsible for DNA repair, cell cycle control, and genomic 

stability. Pathogenic mutations in BRCA1 significantly ele-

vate the lifetime risk of developing breast and ovarian cancers. 

Traditional methods for identifying such mutations rely on 

variant calling, alignment, and functional annotation pipelines. 

However, new machine learning approaches can complement 

these methods by directly modeling sequence dependencies 

and local mutation contexts. 

Markov chains have long been used to capture local nu-

cleotide transition patterns in DNA. Meanwhile, deep learning 

models like LSTM networks excel at capturing long-range 

dependencies in sequence data. Combining these techniques 

allows us to encode both short-term base transitions and 

longer sequence motifs, providing an enhanced classification 

signal for distinguishing normal and mutated gene segments. 

The BRCA1 wild-type reference sequence (RefSeq: 

NM_007294) was retrieved from the NCBI GenBank data-

base. For demonstration purposes, synthetic mutations were 

introduced at random positions within the wild-type sequence 

to simulate pathogenic variants. Alternatively, real variant 

calls in VCF format can be incorporated in a production 

pipeline. 

A first-order Markov transition matrix was empirically es-

timated from the wild-type BRCA1 sequence by computing 

the frequency of transitions between the four DNA bases (A, 

C, G, T). The matrix represents the probability of transitioning 

from one base to another and encodes the short-term de-

pendencies inherent in the sequence. 

The entire gene sequence was encoded numerically (A=1, 

C=2, G=3, T=4). A sliding window approach was employed, 

partitioning the sequence into overlapping windows of 50 

bases each. For each window, the local transition probabilities 

between adjacent bases were computed using the estimated 

Markov matrix. This resulted in a dual-feature representation 

for each base: its identity and its transition likelihood given 

the previous base. 

To balance the dataset, additional mutated segments were 

generated using a Gaussian Mixture Model (GMM). The 

GMM was fitted to the wild-type windows and sampled to 
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create synthetic mutation-like sequences by perturbing the 

base distributions guided by the recently developed GM 

GenAI. The synthetic samples were clamped to valid base 

integers to maintain biological plausibility. 

The final dataset consisted of windows labeled as either 

wild-type (0) or mutated (1). The input tensor for the LSTM 

had dimensions (number of samples, window size, 2) — 

where each timestep includes the base and its transition 

probability. The LSTM network consisted of: 

1) An LSTM layer with 64 units and ReLU activation. 

2) A Dropout layer for regularization. 

3) A dense hidden layer with 32 units. 

4) An output layer with a sigmoid activation for binary 

classification. 

The model was compiled with binary cross-entropy loss 

and an Adam optimizer. Class weights were computed to 

address class imbalance. Early stopping was implemented to 

prevent overfitting. 

Confusion Matrix: Improved Markov + LSTM. 

 
Figure 10. Confusion Matrix for cancer gene mutation classification 

using the BRCA1 dataset. 

This work illustrates (Figure 10) the feasibility of applying 

a Markov + LSTM framework to real gene mutation data. By 

encoding biologically meaningful transition probabilities and 

local sequence motifs, the model can learn subtle dependen-

cies that may signal the presence of mutations. This approach 

can complement traditional variants calling workflows by 

providing an additional predictive layer for prioritizing vari-

ants of interest. 

Future work will extend this framework to: 

1) Incorporate real pathogenic variant calls from 

large-scale databases like TCGA or gnomAD. 

2) Explore higher-order Markov models or Hidden Mar-

kov Models for richer dependency structures. 

3) Integrate functional and structural annotations to refine 

classification outputs. 

7. Conclusion 

In this study, we developed and evaluated an integrated 

framework for gene mutation classification in cancer by 

combining probabilistic Markov chain modeling, Gaussian 

Mixture Model (GMM) data augmentation, and Long 

Short-Term Memory (LSTM) neural networks. By modeling 

nucleotide transition probabilities with a Markov process, we 

captured the inherent stochastic nature of gene sequence 

evolution. Synthetic mutation-like gene sequences were gen-

erated using GMM to augment limited real data [10], simu-

lating diverse plausible mutation scenarios. 

The Markov transitions were explicitly embedded as condi-

tional probability features in the LSTM input, enabling the model 

to learn not only from the observed base states but also from their 

probabilistic mutation pathways. This hybrid approach improved 

the classifier’s ability to distinguish between normal (original) 

and mutation-enriched (synthetic) gene sequence patterns. 

Our results demonstrate that the combined Mar-

kov-GMM-LSTM framework can realistically simulate gene 

mutation processes and achieve robust classification accuracy, 

even with limited real sequencing data. This approach shows 

promise for detecting subtle mutation signatures and can be 

extended to support early detection tasks or to generate real-

istic synthetic gene datasets for training other machine 

learning models. 

Combining Markov transition modeling with LSTM se-

quence learning provides a promising, interpretable frame-

work for mutation detection in critical genes such as BRCA1. 

This hybrid pipeline demonstrates how classical probabilistic 

models, and modern deep learning can jointly advance com-

putational genomics and personalized medicine. The com-

parison with state-of-the-art methods (DeepVariant, 

MutSigCV) shows improved performance and accuracy. 

Future work will focus on integrating real-world mutation 

databases, refining the transition matrices using experimen-

tally observed mutation rates for specific cancer types, and 

expanding the framework to classify more complex multi-

variate genomic patterns. 
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