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Abstract 

Cancer is responsible for one in four deaths in the United States per year with an estimated average 

treatment cost of 102,395.  Convergence of analytics, patient genetic information, and patient clinical 

information can offer a solution to decreases the cost of providing cancer treatment to patients by 

tailoring genetic information to clinical patient parameters such as drug therapies and outcome.  By 

tailoring treatments to patients and screening potential patients with a higher risk for developing cancer 

based on genetic information, the healthcare system can save around 20% on treatment cost by 

avoiding unnecessary drug therapies [28]. Advancements have been made in improving cancer 

treatments and developing breakthrough drugs, however, many obstacles remain when it comes to 

treating this elusive disease.  Cancer originates from a series of mutations unique to each individual 

which contributes to the complexity of disease treatment.  It is no longer solely about determining the 

location of cancer but about deeper analyzing the inner workings of a tumor to extrapolate the specific 

genetic and molecular causes of the cancer.  Genetic determinants in the formation of cancer have been 

the topic of research for decades and have led to the rise of personalized and precision medicine.  

Personalized medicine aim to treat a cancer based on the genetic makeup of the disease versus the 

current approach of using broad spectrum chemotherapy and radiation which can lead to unnecessary 

side effects and increase treatment cost.  This approach requires genetic profiling in order to understand 

the genetic intricacies of a cancer cell and which genes are expressed at a higher or lower level than 

normal.  The decreased cost and improved methods of genetic profiling offer a more thorough way of 

analyzing the genetic makeup of cancer to determine why patients respond differently to treatments 

and have a different prognosis. The explosive amount of genetic data generation creates the 

opportunity for big data analytics to translate huge amounts of raw genetic cancer data combined with 

clinical data into knowledge that can be applied to help future patients.  By analyzing the genetic 

makeup of cancer patients, common genetic marker(s) can be analyzed to determine the likelihood of a 

certain outcome, help to predict a response to a given type of treatment, or identify potential 

therapeutic compounds.   
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Introduction 

In the United States, an estimated 1,658,370 new cases of patients diagnosed with cancer contributed 

to 589,430 deaths in 2015 and the national expenditure for treatment and care is predicted to reach 

$156 billion in 2020 [29]. Clearly, the personal and financial costs are large as cancer is a complex 

disease with no known cure. Though progress has been made in improving cancer treatments and 

developing breakthrough drugs, a lot of work remains. Previous strategies solely utilized standardized 

broad spectrum therapies such as chemotherapy, radiation, and stem cell transplant [1]. These 

strategies, however, can expose patients to harmful drug side effects and treatment failures. Advanced 

therapeutic developments include targeted therapies which use drugs that more precisely attack cancer 

cells without damaging normal cells and immunotherapy which utilizes the immune system to fight the 

disease.  Recently, a rise in genetic profiling in cancer treatment is paving a new way of fighting the 

disease.  

Cancer is a disease characterized by uncontrolled cell growth that spreads and invades other areas of 

the body. Normally cells are formed when the body needs them and die when they are damaged or 

grow old but somewhere within the cell cycle this normal process breaks down and cells divide 

uncontrollably creating cancer cells. The disruption of the normal cell cycle process in cancer formation 

is attributed to the mutation of genes, defined DNA sequences that act as a blueprint for cells. The 

development of cancer is linked to a series of genetic mutations unique to each individual, which 

contributes to the complexity of treating the disease. Patients with the same type of cancer can have 

completely different outcomes and treatment reactions due to specific gene mutations. This realization 

requires treatment recommendations which are unique to each patient, even with the same diagnosis. 

This leads to the concept of ‘personalized’ or ‘precision’ medicine. 
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Figure 1: Illustration of the standard conventional method of cancer treatment versus the approach using genetic profiling 
for personalized treatment.  With the treatment utilizing genetic profiling a, unique individualized treatment can be 

determined. 

Gene expression profiling is a way to measure thousands of genes simultaneously, in this case the genes 

of the tumor or cancer cells. Gene expression is the process where information from a gene is used to 

synthesize a functional gene product such as a protein or mRNA. Methods of gene expression profiling 

include microarray analysis which has the advantage of being able to analyze genes on a large scale. In 

microarray analysis, fluorescent probes bind to different gene products, mRNA in this case, and their 

fluorescent intensity is quantified in order to compare the expression levels of different genes [30]. In 

the case of cancer, genetic expression profiling is used to determine if certain genes are at a higher or 

lower activity level than a normal cell. This method has become more cost-effective and accurate over 

time. With the increased ability to gather this massive source of data for each patient diagnosed, the 

opportunity for big data analytics to discover unique genetic insights in cancer has increased 

significantly. With a larger pool of patients and their genetic profiles, common genetic markers can be 

determined with higher certainties, degrees of aggressiveness of the cancer can be understood, and the 

likelihood of favorable responses to commercially available drugs can be determined. Genetic profiling 

also has the potential to identify new genetic targets for scientists and the pharmaceutical industry.  

The approach of utilizing genetics to fine-tune cancer treatment is based on identifying genetic 

biomarkers of a cancer cell. A biomarker is a genetic characteristic that is measured and used as an 

indicator of change in biological processes such as a mutation in a cancer cell. [2] These are used in 

cancer care to determine a person’s predisposition to developing a type of cancer, for disease type 

identification, and to determine if a type of cancer will respond to a targeted therapy. This differs from 

standard chemotherapy because they act on specific molecules associated with cancer versus a broad 

attack on rapidly growing normal and cancerous cells with chemotherapy. An example of a target 

therapy is Tratuzumab (Herceptin) that targets the protein human epidermal growth factor receptor 2 
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(HER2), which is expressed at high levels on breast and ovarian cancer cells. Many melanomas express a 

mutant form of B-raf (BRAF) that drives disease progression and is treated by Venmurafenib (Zelboraf), 

which targets this mutant form of BRAF [3]. For these treatments to be effective these mutations have 

to be observed on the patient, otherwise the therapies would have no target and be ineffective. Genetic 

analysis to match patients to treatment has also been a subject of clinical trials. A phase 1 clinical trials 

program was initiated at MD Anderson Cancer Center in 2012 to match genetic aberrations to targeted 

drug agents. The patient’s cancers were analyzed for specific biomarkers and mutations and matched to 

specific treatments accordingly. Patients with matched therapy were associated with a higher overall 

response rate (27% vs 5%) when compared to patients who did not have matched therapy, which 

suggests therapies matched to a patients’ cancer signature has benefits[4]. The biological mechanisms 

for why cancer develops in a given patient can be determined by identifying specific genes that 

significantly differ between patient outcome groups, and available drugs that target those genes can be 

recommended. The genetic signature of a health outcome can also be used as a reference for future 

patients to determine whether or not a prognosis is favorable. From there an appropriate aggressive or 

mild treatment regimen can be applied, and patients with a poor prognosis can be treated more 

thoroughly while patients with a favorable prognosis can avoid unnecessary treatment.  

The goal of this EMC Knowledge Sharing article is twofold: 

1. To demonstrate the value of some of the current analytical approaches to improve treatment 
outcomes of a cancer based on clinical and genetic information  

2. To illustrate a potential IT and business infrastructure which, when implemented, streamlines 
both the research development process and diagnosis / treatment decisions.  

With this in place, the ROI of the organization is greatly affected. The integration of personal genetic 

information with clinical data through big data analytics offers an opportunity to revolutionize the 

healthcare paradigm by predicting patient outcome, improving drug efficacy, and establishing 

opportunities to introduce new healthcare economic models.  A publicly available cancer data set is 

used in this work to illustrate two models: a prediction model using linear regression analysis, and a 

supervised classification model which is used for prediction and treatment recommendation. 
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Methodology 

The data is collected from patients suffering from Chronic Lymphocytic Leukemia, a slow progressing 

blood cancer that contributes to 25% of leukemia cases. Genetic and clinical data for 267 patients were 

obtained from the International Cancer Gene Consortium (ICGC). The goal is to determine if a specific 

group of genes, called a gene signature, contributes to the clinical outcome of the patient (partial 

remission, complete remission, progression, stable, and death) and how likely a favorable outcome 

results for a patient given a type of treatment. One limitation is that this data set does not contain detail 

on the type of treatment experienced by the patients.   

We first present some introductory data profiling results for the patients in this data set, and perform 

some exploration using cluster analyses and Principal Component Analysis (PCA). While clinical data is 

straightforward to understand, genetic data consists of a massive amount of variables, of which only a 

few may contribute to the response to treatment. The first demonstration of modeling techniques 

consists of a classification model derived from [24] which predicts likelihood of a positive response from 

the treatment as well as identification of specific genes which are important in the clinical outcome. The 

second model is a regression model of the genetic data performed in order to see if the patient outcome 

can be predicted based on genetic expression. One limitation in this analysis is the lack of specific 

treatment data. A future study would be to incorporate treatment information into either of the models 

presented. 

Data Profiling 

For Chronic Lymphocytic Leukemia, patients are diagnosed at stage 1 for first symptomatic state, stage 2 

for intermediate disease state, and stage 3 for advance disease state. The 267 patients were usually 

diagnosed at Stage 1 of the disease (84% of patients), since that is the first symptomatic stage. After 

treatment, the majority of patients became stable, with 5% experiencing partial remission and 14% 

complete remission, totaling 75% of the patients with positive outcomes. Of the negative outcomes, 7% 

underwent relapse and 18% experienced progression of the disease. The breakout of outcome by 

diagnosis stage is shown below, where stage 1 patient’s exhibit similar outcomes to the whole group.  

 

Figure 2: Disease outcomes in the data set. Left: outcomes broken up by stage (1, early; 2, middle; 3, late) at diagnosis.  
Right: Tumor stage broken up by disease outcome. 
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Patient survival time, in the next figures, shows a median survival time around 7 years, exhibited by a 

mix of patients of various ages. Longer survival times over 10 years are experienced by patients between 

50 and 65. This could potentially be due to disease progression or due to the patient’s age. Chronic 

lymphocytic leukemia is diagnosed mostly during stage 1 which is the least advanced stage. 

 

Figure 3: Patient survival time related to age. Left: histogram of the survival times of the data set. Right: age at diagnosis 
combined with age at last follow-up. The difference between these two ages is within a year less than the survival time. 

The patient base is 40% female and disproportionally more men under complete remission as well as 

progression. When diagnosed at stage 1 it is observed the majority of the patients are stable due to the 

fact that patients who are stable generally are not treated unless they exhibit negative symptoms of the 

disease. Among the patients diagnosed at stage 2, we can observe a relatively higher number of patients 

under complete remission, which might be explained due to more extreme treatment options since the 

cancer is already at a later stage. Finally, among the patients diagnosed at stage 3, we can observe a 

relatively higher number of patients with progression, which might be explained by the fact that the 

cancer was discovered too late to treat it effectively. Chronic lymphocytic leukemia is diagnosed more 

frequently between the ages of 50 and 70. 
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Figure 4: Gender of patients by disease outcome. 

In addition to the clinical data, we explore the gene expression microarray data for these patients, about 

18,000 genes. Due to the number of attributes, it’s useful to focus on the genes with the greatest 

amount of variation in the data set. It turns out that the genes are well represented, as seen in the next 

figure. The scale of the expression levels ranges from 0 to 12, with only non-zero standard deviations. 

The peak in mean occurs around 4 and 0.1 for standard deviation for 0.1. Plotted to the right is the ratio 

of the standard deviation to the mean, showing a good representation of the spread of each variable. 

  

Figure 5: Sample variable variability. Left: Color plot of the density of genes with a given mean and standard deviation.  
Right: Histogram of the sample coefficient of variation. 
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While the spread of each gene expression individually may be significant, the data set as a whole is 

explored by a principal component analysis next. The first principal component on the left appears to 

have significant skewed weight toward the zero, indicating that a small percentage of the genes are 

significant to understanding the data set. The set of genes which have a weight larger than 0.01 is about 

2,600, or about 14% of the genes, and similarly with the second component.  

 

Figure 6: Weights of the first two principal components in the data set. Left: histogram of the first PC.  
Right: Scatter plot of the first two PCs. 

Another common visualization in the field is a two-way clustered heat map of a subset of the genes. 

Chosen here is the set which is significant with the outcome. About 2,100 genes were selected, shown in 

Figure 7.  
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Figure 7: Clustered heat map of the genes which have a 0.05 significance when fit against the outcome. Green is a higher 
expression level, red is lower. 

Classification Model 

In this section, an approach is performed closely related to [24] which uses a classification mechanism 

based solely on genetic data, specifically, a set of the most significant genes. The motivation for the 

model is that a small subset of gene expression levels correlates significantly with the outcome. The 

authors define a binary outcome, so in this analysis a positive outcome is defined as stable or better. In 

Figure 7, the genes which are significant individually compared with the outcome are retained from the 

original set and clustered. To correct for multiple-testing errors, the Bonferroni method results in 38 

significant genes. The cluster result is shown in the next figure, where, visually, a few gene pairs can be 

seen.  
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Figure 8: Heat map of the genes which are significant to the 0.05 level with the Bonferoni correction. 

In order to train the model on the outcome, k=1 cross-validation is performed by correlating each 

patient’s genes with the average of the genes for patients who were positive and negative for the 

outcome. The larger correlation determines the prediction, and the accuracy is taken to be the percent 

of correct predictions over the 267 patients.  

The gene set which is used for the above trained model is successively increased until the accuracy 

degrades. The order of the increase is given by the correlation of that gene with the outcome. In this 

data set, 79% accuracy was obtained using 25 genes. The following figure illustrates the progression of 

the accuracy as more genes were added to the variable set. 
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Figure 9: Accuracy of the training method using an increasing number of gene variables. 

To gain a sense of the expression levels of the resulting model, a heat map is shown in the next figure 

ordered by the leave-one-out sample’s correlation with the average positive outcome. To the right, the 

correlation value is plotted with the colors indicating negative or positive outcome. A few observations: 

correlations are generally high for the patient base, indicating that the expression levels don’t vary too 

much across the patients. However, there is a sharp decrease at the bottom with the lower correlation 

patients. Furthermore, there are two genes which cluster especially well on the left, indicating they have 

similar predictive power. 

 

Figure 10: Heat map of the final gene set chosen for the model ordered by the leave-one-out correlation with the good 
prognosis gene profile. To the right, the correlation values are plotted separately for either of the actual patient outcomes. 
Outcome binary 0 is associated with a poor prognosis while binary 1 is associated with a good prognosis. 

There are two key results of this model. First, one can predict the outcome of the patient with the 

knowledge of the genetic data. Second, the model identifies important genes for further research. In a 
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later section, the gene set identified here is shown to have relevance in current research for Chronic 

lymphocytic leukemia (CLL).  Furthermore, as discussed below, even if different patients are predicted to 

have a positive outcome, they may have different genes which are dominantly expressed, suggesting 

different treatment options.  

Some improvements which require further research are to include the clinical data into the classification 

model to improve accuracy, overlay the correlation with the outcome on the cluster results in 

 

Figure 8 to understand if the model should be done within clusters, and use different significance tests 

to identify different gene sets. We note that if the treatment data was available for this data set, the 

model should be applied to each treatment type, providing more customization.  

Linear Regression Model  

In this section PCA analysis was performed on train data to reduce the dimensionality of the problem, 

and secondly a linear regression model was used to predict patient outcome. Patient outcome was 

labeled in a continuous scale: 1 for complete remission, 2 for partial remission, 3 for stable, 4 for 

progression, and 5 for relapse. The 18,000 genes were reduced to 186 principal components and patient 

outcome was fitted in a linear regression model to predict outcome.  
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Figure 11: Steps for linear regression model 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Variance for PCA Training Data 

Figure 12: 95% of genetic variation can be represented among 186 principal components 



           

2016 EMC Proven Professional Knowledge Sharing  16 
 

Based on the regression model, patient outcome is correctly predicted 55% percent of the time. If the 

patient outcome were randomly assigned it would be correctly predicted for only 20% of the patients, 

which indicates some predictive power in the model for patient outcome. Potentially, in the future, 

treatment data can be used in order to add predictive power to the model. 

Analytical Model 

The models shown above have great potential when applied to this data set. However, even more value 

and accuracy can be gained when they are operationalized over an ever-increasing data set. As new 

patients are diagnosed and microarray data collected, the model can be fit on an ongoing basis, 

identifying slightly different sets of genes based on the increasing population in total or as applied to 

clusters of the population. An organization’s research team would desire a system which captures data, 

applies the necessary transformations, and applies the model on a regular basis using different 

parameters. The team can refine the model, incorporating cutting-edge research to create a set of 

analytic data which can be consumed by physicians to augment their own knowledge base.  

 

Figure 13: Potential IT and business architecture to operationalize the diagnosis, treatment, and research process flows. 

Figure 13 illustrates a potential architecture to implement this system. At the top, the physician and lab 

technicians diagnose and collect the microarray data from each patient, as well as any clinical 

information. An ingestion layer supplements that with bulk patient data, including clinical and genetic 

data, as well as other genetic research findings from the literature. Once integrated, a big data platform 

such as Hadoop and Mahout could execute the three-step process of loading the raw data, variable 

creation, and model fitting. The research team at the bottom would be responsible for defining these 

variables, parameters for the model, executing ad-hoc analysis over the model results, and trying out 

new models for production. The physician would access the predictions through the patient’s chart and 

make decisions based on their own knowledge augmented with the model results.  
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Biological Role of Identified Significant Genes 

Genes between the patients with different clinical outcomes were analyzed to observe any genes with 

significant differing expression levels. Twenty-five genes were identified and their biological functions 

were analyzed to determine its potential role in chronic lymphocytic leukemia’s development. Many of 

the genes identified play a role in cell regulation and immune system activity and are implicated in 

multiple types of cancers and immune dysregulation disorders. Table 1 lists all of the significant genes 

identified with a functional description of some genes that have an important role in the immune 

system.   

Table 1: Identified Significant Genes 

IL7R AL109767.1 GZMK MAL IL32 

CD2 GIMAP7 SH2D1A GATA3 GIMAP1 

LTK TRAT1 AP000563.2 BANK1 DMD-AS1 

Metazoa_SRP TMPRSS4 GIMAP5 RP3-340B19.5  PYHIN1 

CD3E ESPN SNORA40 MTND5P5 SP100 

 

 IL7R [5] - IL7R codes for a receptor protein found on the cell surface that plays a critical role in the 

development of lymphocytes. Studies suggest that IL7R functions to block apoptosis and low expression 

of IL7R are associated with a better prognosis for acute leukemia. However, high expression levels of the 

gene have been associated with lung cancer, renal carcinoma, colorectal cancer, breast cancer, chronic 

lymphocytic leukemia, and acute myeloid leukemia. Patients have a potential positive response to 

cancers exhibiting this mutation if treated with Ruxolitinib. 

CD2 [6] - CD2 molecule is a cell adhesion molecule on the surface of T cells and natural killer cells and 

contributes to their activation. T cells play a critical role in adaptive cell-mediated immunity and create 

signaling molecules, cytokines, which stimulate immune system activity. Natural killer (NK) cells play an 

essential role in innate immunity which defends the host from infection. Both T cells and NK cells are 

essential for defending the body against pathogens and any compromise to the function of these cells 

exposes the host to an array of immune disorders. Increased CD2 expression is a predictor for even free 

survival in children with acute lymphoblastic leukemia after chemotherapy. The role of this gene 

suggests that patients with a poor prognosis have a lower expression of CD2 than patients with a 

favorable outcome. 

LTK [8] - IL 2 is an inducible T-cell tyrosine kinase receptor which helps to control pathways leading to 

cell growth and differentiation (NCBI). The LTK gene is reported to be overexpressed in human leukemia. 

This suggests patients with higher than normal expression levels have a poor prognosis. ALK and LTK 

share a high degree of similarity and a study shows cells with mutant LTK were susceptible to Crizotinib. 

CD3E [26] - The CD3E molecule forms the T cell receptor-CD3 complex which plays a role in coupling 

antigen recognition to intracellular signal transduction pathways. T cell receptor plays an essential role 

in immune system activation. Mutations in CD3E are linked to immunodeficiency and type 1 diabetes in 

women.  
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GIMAP7 [9] - This gene makes up the GTPase IMAP family member 7 and is overexpressed in certain 

types of cancers. Mutations that lead to a continual expression of GTPase proteins have been implicated 

in cancer development. GTPase proteins are critical to many biological roles and play a role in signal 

transduction, cell differentiation, and protein and vesicle translocation through membranes.  

TMPRSS4 [10, 23] - TMPRSS4 is a serine-4 transmembrane protease and involved in the mechanism of 

peptide bond hydrolysis. Protease dysregulation has been implicated in different diseases such as 

cancer, arthritis, cardiovascular disease, and neurodegeneration. Overexpression of this gene has been 

reported in ovarian, lung, pancreatic, cervical, liver, and breast cancer. Knockout of this gene in mice 

results in development defects in mice. Increase in this gene expression is associated with poor outcome 

and the gene has been proposed as a future potential therapeutic target. In 2012 a 2-

hydroxydiarylamide derivative was published to have an inhibitory activity against TMPRSS4 and could 

have potential promising anti-cancer activity.  A patent was filed in 2012 for this compound.  

ESPN [11] - This gene codes for acting-bundling protein and plays a role in regulating dimension, 

organization, and signaling of sensory transduction. Mutations of this gene are associated with deafness.   

GZMK [12] - GZMK is granzyme K protein and related to serine proteases from cytoplasmic granules of 

cytotoxic lymphocytes (CTLs) which contribute their activation. It is a member of the granzyme family 

which promotes rapid cell death of viruses and cancer cells, and the blockade of granzymes has been 

implicated as a method of immune escape for cancer. CTLs are important in the immune system for the 

defense of viruses and specific tumor cells due to their ability to recognize, bind, and lyse specific target 

cells [7]. 

SH2D1A [13] - SH2D1A plays a role in bidirectional B and T cell stimulation. Mutations in SH2D1A is 

associated with lymphoproliferative syndrome X-linked type 1 and Duncan disease, a rare 

immunodeficiency categorized by extreme susceptibility to Epstein-Barr virus infection, with symptoms 

including malignant lymphoma and severe mononucleosis.  

GIMAP5 [14] - Gene is part of the GTPase IMAP family members which plays a role in multiple cell 

functions. Loss of this gene function causes spontaneous death of T cells. The gene is expressed in 

lymphocytes and hematopoietic system (blood system). If implicated in leukemia it suggests a down 

regulation of this gene. 

MAL [27] - Gene codes for T cell differentiation protein and is important for T cell signal transduction. 

Past studies demonstrate the expression of this gene in esophageal cancer suppresses invasion and 

tumorigenicity. MAL expression is reduced esophageal cancer, and loss of function of this gene suggests 

a poor prognosis in patients.  

GATA3 [15] - GATA binding protein 3-transcription factor maintains mammary luminal epithelial cell 

function. GATA3 expression is lost in breast cancer and correlates to a poor prognosis in patients and 

expression of this gene is shown to suppress breast cancer metastasis and alter tumor 

microenvironment. 
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IL32 [16, 17] - Interleukin 32 promotes breast and gastric cancer invasion. IL32 is a cytokine excreted 

from activated T cells and induces expression of TNF alpha and IL8 which are associated with 

inflammatory processes and breast cancer and gastric cancer proliferation via angiogenesis. An IL32 

inhibitor could be a potential drug target for preventing the spread of cancer.  

GIMAP1 [18] - GTPase IMAP family member. Gene is critical for mature B and T cell lymphocytes 

survival.   

DMD-AS1 [19] - DMD antisense RNA. Low expression of this gene is implicated in Duchene muscular 

dystrophy.  

SP100 [20] - SP100 nuclear antigen. Implicated as a tumor suppressor gene.  
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Standard Chronic Lymphocytic Leukemia Diagnosis and Treatment Protocol 

Chronic lymphocytic leukemia (CLL) is diagnosed through a variety of tests. Common tests include blood 

tests where a complete blood count is taken and if the white blood cell count is higher than normal, the 

person may have CLL. Blood tests are a common diagnosis method but a bone marrow biopsy is 

sometimes performed before treatment in order to determine the stage of the cancer. After a blood 

test, in order to confirm a CLL diagnosis flow cytometry is perform where fluorescent dyes are added to 

the cells to analyze the surface proteins. CLL contain distinctive cell surface protein markers on the 

outside of their cells which is called an immune phenotype and differentiates CLL from other types of 

leukemia.  

When a diagnosis of CLL is confirmed treatment is given according to stage and age. Patients who are 

considered stable and low /intermediate risk are generally observed and not treated unless they exhibit 

negative side effects of the disease. For patients at a more advanced stage of CLL the standard 

treatment therapies are similar. The most common drugs used for CLL consist of combinations of 

fludarabine, cyclophosphamide, rituximab, pentostatin, chlorambucil, alemtuzumab, ofatumumab, 

ibrutinib, and idelalisib. Treatment is administered as a combination of 2-3 of these drugs in monthly 

cycles depending on if the patient has been untreated or has relapsed. The most utilized combinational 

drug protocol is a FCR therapy which consists of fludarabine, cyclophosphamide, and rituximab.  

Fludarabine and cyclophosphamide are both drugs used for the treatment of blood cancer like leukemia 

by interfering with DNA synthesis and affect rapidly growing cells and normal resting cells. Rituximab is a 

monoclonal antibody that inhibits CD20, a protein that is expressed on the surface of B cells, and is used 

to treat conditions characterized by dysfunctional or excessive B cells such as in leukemia. Similar to 

Rituximab, Alemtuzumab is also a monoclonal antibody which targets cell expression CD52, a protein 

expressed on mature lymphocytes surface, for destruction. 

Treatment Personalization Based on Identified Significant Genes 

Regression analysis was done to identify genes that were significantly different between the CLL patients 

with a favorable and poor prognosis. Twenty-five genes were identified as having a significant difference 

between the prognostic groups and of those 25 genes, 16 were identified as having important biological 

roles in the development of different types of cancers and immunological disorders. Mutations in these 

genes contribute to a range of disease such as lung cancer, chronic lymphocytic leukemia, deafness, 

Duchene muscular dystrophy, breast cancer, and esophageal cancer. Three of the genes, IL7R, LTK, and 

TMPRSS4, were discovered to have drugs that treat patients with those mutations. The drugs that target 

those genes are not part of the standard therapies for chronic lymphocytic leukemia.   

IL7R is a receptor protein expressed on the cell surface and important for lymphocyte development. IL7R 

is overexpressed in multiple types of cancer including chronic lymphocytic leukemia. Patients with 

mutations in this gene have exhibited a positive clinical response if treated with Ruxolitinib, a drug 

primarily used to treat myelofibrosis, a disease of the bone marrow [5]. The LTK gene helps control 

pathways leading to cell growth and differentiation and is reported to be overexpressed in human 

leukemias. LTK shares a high degree of structural homology with ALK which has been implicated in the 

growth of non-small cell lung cancer (NSCLC). Patients with an ALK mutation have shown a positive 
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response to the drug Crizotinib which is an ALK inhibitor[8]. Since ALK and LTK share a high degree of 

similarity, mutant LTK cells were shown to respond to Crizotinib and this could suggest an off-label use 

for the drug. Mutation in TMPRSS4 where it is overexpressed has been associated with multiple cancers 

such as lung, cervical, breast, ovarian, and pancreatic. Increase in TMPRSS4 expression is connected with 

a poor clinical outcome and has been studied as a potential therapeutic target. In 2012 a 2-

hydroxydiarylamide derivative was published to exhibit inhibitory activities against TMPRSS4 with 

promising anti-cancer properties. In 2012 a patent was filed for this compound to develop it into an 

accessible drug for patients [23]. Based off the genetic profiling done on the patients in the use case, 

those that express mutations in IL7R, LTK, and TMPRSS4 could benefit from additional therapy with the 

drugs that target their specific mutations.   

Return on Investment Potential  

Using genetic profiling in cancer care creates an opportunity to benefit the economic aspects of 

hospitals and insurance companies through:  

 Reducing the cost of treatment  

 Identifying potential genetic targets for pharmaceutical companies  

 Reducing patients’ financial/personal burden  

 Improving patient quality of life   

 
Advances in medicine allow for better treatment and outcome of cancer patients. However, it adds to 

the increasing cost of healthcare in the United States. The yearly drug treatment cost for chronic 

lymphocytic leukemia in the United States ranges from 83,000-120,000 dollars with many patients 

requiring multiple years of treatment [31]. This does not include other health resources such as hospital 

equipment, medical staff, palliative care, and laboratory tests. Many hospitals are in a fragile financial 

state due to the increasing cost of providing 24/7 healthcare and increasing government funding 

shortfalls. It is estimated that 60% of hospitals lose money providing patient care and 30% of hospitals 

lose money overall [25]. The majority of patients diagnosed with CLL is above the age of 60 and is 

Medicaid-eligible. The actual cost of treatment is more than the reimbursement for Medicaid. In reality, 

more effective treatment can translate to a reduced revenue loss. 

Table 2: Current Chronic Lymphocytic Leukemia Treatment Cost for one patient. 

Type Cost Per Year(USD) for 1 Patient 

Drug Treatment only 83,000-120,000 

Hospital Expenses 20,000 

Hospital Staff 30,000 

 

Genetic profiling can also identify genetic targets which can then be used by the pharmaceutical 

industry to develop a targeted therapy. For patients, precision medicine can decrease treatment 

duration, avoid unnecessary treatment/side effects, enable disease prevention/prediction of disease 

rather than reaction to it, and reduce their personal cost.    
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Conclusions 

This article demonstrated the use of genomic microarray outcome data from Chronic Lymphocytic 

Leukemia patients for predicting patient outcome. Additionally, specific genes were identified that had 

significant differing expression levels between prognostic groups. These genes were identified along 

with their biological role in the mechanism of cancer development. Some of the genes identified were 

prominent in multiple types of cancers suggesting common mutational pathways in disease 

development. In addition, a few treatment options are commercially available or in stages of 

development to target some of the genes identified. These treatments are not listed as a form of 

standard therapy for Chronic Lymphocytic Leukemia patients and off-label use of the drugs can benefit 

patients with the genetic mutations. This relates back to the concept that not only the physical location 

of the cancer matters, but also the genetic mechanism for why it develops should be taken into 

consideration. Since cancer is not a one size fits all disease and each patients’ cancer is influenced by 

different mutations, personalized treatment based on specific mutations that drive cancer growth for 

each patient has the ability to add a layer of precision in the oncology field. Genetically profiling a 

person’s cancer with the utilization of big data methods to analyze the information at a large scale is 

quickly being recognized as a more effective way to treat the disease and paving a way to the future of 

cancer treatment.   
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