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ABSTRACT: Lung cancers are the most prevalent cancer type with the lowest 5-year survival rate. Biases in lung cancer 
screening contribute to the inaccurate estimation of patient surviving days, demanding an objective model of survival estimation. 
This paper offers a novel two-phase approach to the modeling of lung cancer patient survival featuring a newly established 
VB-based Cancer Data Analysis Software Application. Given patient data gathered from the NIH’s SEER Program, the author-
developed software first analyzed the impacts of 24 individual genetic, diagnostic, and treatment variables on survival. In the 
next phase, the software successfully integrated 7 diagnostic and 6 treatment-related factors to estimate diagnostic and treatment 
effectiveness factors- representing the weights of various treatment and diagnostic factors on surviving days. In the final phase, 
coefficients were tested on sample sizes of 12,000 to 20,000 respiratory cancer patients for survival estimation. Percent error 
between estimated and actual survival was calculated, along with Spearman Rank correlations for significance testing. Results 
indicated that the software was most reliable for the following diagnostic factors: Metastases in the Lung, Metastases in Bone, 
number of Positive Lymph Nodes, and the control (No diagnostic variables). This VB-based software can be utilized to determine 
the ideal treatment combination that provides the most accurate diagnosis of surviving days by diagnostic variable. Through 
consideration of strict numerical data and complexity in treatment, results are ensured to be representative of the patient’s true 
situation and not error-prone subjective observations.
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�   Introduction
Lung Cancer Prevalence:
Lung cancer is the deadliest and third most common can-

cer in the United States.¹ The National Institutes of Health 
report that roughly 22% of all cancer-related deaths in 2021 
were attributed to the lung and bronchus, the highest per-
centage of deaths reported by any single cancer type (Figure 
1).¹  Alarmingly, lung cancers have displayed a 22% five-year 
survival rate, extremely low compared to more optimistic 
rates such as that of breast cancer (90%).² Elderly individuals 
typically possess this cancer, and treatments usually involve 
combinations of chemotherapy, radiation therapy, surgery, 
and targeted therapy drugs, among other treatments.³ Lung 
cancer's widespread prevalence and alarming survival rate de-
mand a need for further research into the existing prognosis 
models for respiratory cancer patients and the exploration of 
individualized treatment options to maximize patient survival 
time.

Pitfalls of TNM Staging:
Currently, the eighth edition of the American Joint Com-

mittee on Cancer’s (AJCC) TNM system is widely used 
among healthcare practitioners to predict the stage of malig-
nant tumors, focusing on the importance of tumor size, lymph 
node involvement, and metastases in prognosis.⁴ This system 
is summarized in Figure 2. 

Figure 1: This figure from the National Cancer Institute depicts the 
percentages of total cancer deaths in the U.S. attributed to each cancer type 
in 2021, with respiratory cancers represented by the red section. 

Figure 2: This figure provides an overview of the 8th edition of the Tumor, 
Metastases, and Lymph Node (TNM) System used for lung cancer diagnosis 
and established by the AJCC; retrieved from Radiology Assistant.5
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The AJCC highlighted numerous changes to the TNM 
system to promote accurate prognosis in its 8th edition, 
including dividing the T1 category into 3 subcategories 
(T1A-T1C) and adjusting and subdividing tumor sizes in the 
T2, T3, and T4 categories.⁶ These efforts were successful, as 
supported by a study published in the Journal of Thoracic 
Disease. Yun et al. concluded that the latest edition had 
increased prognostic validity compared to its predecessor, 
the 7th edition, due to stratification.⁷ However, studies 
such as Hattori et al.’s note persistent barriers including 
clinicopathological issues in the T category, and the overall 
lack of consideration of prognostic indicators at the molecular 
level, specifically driver oncogene and immune status in the 
evaluation of the system’s applications in Non-Small Lung 
cancer prognosis.⁸ Further, Zurrida, and Veronesi proposed 
the need for updated definitions for the T, N, and M 
categories as well as placeholders to specify the molecular 
characteristics of the tumor to incorporate more precise 
pathological information.⁹ Thus, the persistent shortcomings 
of the TNM system and lack of histological indicators 
demand supplement tools for a reliable prognostic system to 
be established for lung cancer patients.

Paired with the lack of individualized prognosis, biases 
in the lung cancer screening process also contribute to 
inaccurate survival estimation. In their comparative study, 
Ge et al. found evidence of lead-time bias in lung cancer 
screening in the form of overestimated survival times for 
patients who previously had cancer although they posed 
no clinical advantage.¹⁰ Lead-time biases in this context 
refer to the detection of lung cancer before the emergence 
of symptoms during the cancer screening stage, though the 
course of the disease is unaltered. As a result, the extreme 
increase in 5-year survival rates due to earlier diagnosis when 
survival is unaffected is an illusion contributing to this form 
of bias. Thus, the possession of no “clinical advantage” in 
the context of Ge et al.’s study is interpreted as no relative 
increase in surviving days.  Additionally, length biases were 
noted in an article for the Journal of the American College of 
Radiology, where Gill et al. proposed the possibility for lung 
cancer screening to underestimate survival based on relatively 
harmless tumors posing no threat to survival.¹¹ Despite the 
persistence of over-and under-diagnosis ultimately leading 
to overtreatment, many patients are still not informed of 
these risks. A study by Wegwarth et al. discovered that fewer 
than 10% of lung cancer patients in the study responded 
that their doctor informed them of respective risks of 
overdiagnosis and/or overtreatment.¹² Moreover, due to the 
TNM system's non-holistic criteria for the classification of 
tumor stage and screening biases, health practitioners tend 
to either overestimate or underestimate lung cancer patient 
survival. Lambden et al. discovered that physicians' estimates 
favored overestimations of survival much more frequently as 
the patient's death came nearer by a median of 4.4 months 
when the patients had 0-3 months left to live.¹³ On the 
contrary, physicians underestimated survival by a median of 
12 months when the patient survived longer (>12 months).¹³ 
Consequently, there exists a need to objectively predict 

lung cancer survival to the maximum accuracy through 
consideration of individual diagnostic factors and treatments 
in supplementation to predetermined prognosis models

Existing Studies and Limitations:
Now more prevalent than ever, Machine and Deep learning 

models are at the forefront of studies aiming to model lung 
cancer survival through consideration of diverse patient vari-
ables. A study by Lynch et al. utilized Supervised Machine 
Learning Classification techniques to predict lung cancer 
survival, incorporating Linear Regression, Decision Trees, 
Gradient Boosting Machines, Support Vector Machines, and 
more.¹⁴ Another study published in 2020 implemented Deep 
Learning for the development of a model used to determine 
non-small cell lung cancer survival among roughly 18,000 pa-
tients.¹⁵ Further, a study published in the International Journal 
of Medical Informatics in February of 2021 was able to pre-
dict lung cancer survival with 71% accuracy utilizing Deep 
Learning, outperforming other models.¹⁶ Other studies have 
maintained the use of traditional regression models such as 
the Cox proportional hazards and the Kaplan Meier models 
in their statistical analyses. However, little to of such studies 
have employed a traditional mathematical modeling structure 
for cancer survival estimation. Typically, mathematical model-
ing is viewed as an "outdated" approach to the complex data 
analyses that cancer diagnoses warrant. However, mathemat-
ical models are complementary to newer Machine Learning 
approaches as they address the latter’s key limitations. In the 
case of Lynch et al.'s study, survival was only estimated accu-
rately for patients who lived for 6 months or less with models 
struggling to estimate survival for patients living 35 months or 
more.¹⁴ Moreover, the standard error was inflated in this study 
in question due to large errors. Most importantly, Lynch et al. 
state that the Machine Learning techniques studied were sim-
ilar in performance to the Cox proportional hazards models, 
implying that traditional methods should not be overlooked 
and should rather be used in collaboration with newer models. 
Studies with ML also lack proper data interpretation, which 
is feasible through mathematical modeling. Comparing the 
use of this approach to newer deep learning models can help 
further the understanding of why specific variables impact sur-
vival more than others, which is otherwise undiscovered with 
ML/DL. Another key limitation of the current literature is 
within the analysis of treatment information. Most studies 
examined did not consider multiple treatment combinations, 
or the diversity of treatment options a patient may undergo 
in each period. This overlooks the actual situation of many 
cancer patients, as authors assume that patients undergo a sin-
gle treatment such as Chemotherapy alongside a diagnostic 
or social variable. Thus, biases are introduced when not ac-
counting for the percentage of patients who undergo multiple 
treatments simultaneously.
�   Methods
Research Design:
This study employed a purely quantitative approach fea-

turing an applied multivariate analysis implementing matrix 
algebra to estimate treatment and diagnostic variable effective-
ness factors, as well as subsequent surviving days. For the data
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that may have prevented a linear association between variables 
and surviving days. Further, to be included in each analysis, 
patients needed to have non-null values for all six treatments 
and the variable in question. Despite data collection spanning 
the years 1975-2017, only data from 2004 and later was uti-
lized to ensure accurate collection mechanisms and to include 
variables with the prefix “CS” (Stage-related variables) that 
were only collected starting from the year 2004. Overall, nearly 
3 million cancer patients were filtered to sample sizes of 25-
100K patients (which varied among diagnostic variables). As 
a critical part of the procedure, mean values of surviving days 
were taken for patients who underwent similar treatments. 
This served as an attempt to normalize the patient data to 
avoid the possibility of non-linear phenomena (i.e., two pa-
tients with similar treatment options and drastically different 
surviving days). Sample sizes of patients were randomly select-
ed through a module developed in the SQL Server. A database 
in SQL labeled “Respiratory Cancer Data” was thus created, 
storing the filtered and reformatted variable data, de-identified 
patient IDs, and actual surviving days for all patients (refor-
matted from the original month format). Moreover, Visual 
Basic was utilized to implement the Cancer Data Analysis 
Control Panel display's back-end code for loading and analyz-
ing data. Primary programming languages included the Visual 
Basic Language, Java, and MATLAB. Modules were devel-
oped to evaluate single variable effects on survival, followed 
by software-generated box plots displaying means of surviv-
ing days for each variable's possible values (see Figure 7). This 
single-variable analysis was followed by a differential analysis 
segment implemented to calculate diagnostic and treatment 
effectiveness factors provided for each of the seven diagnostic 
variables. For this, a mathematical model was implemented as 
seen in Figure 3. For each of the seven diagnostic variables, 
the mathematical equation below was implemented to obtain 
treatment and diagnostic coefficients (stored in Vector X) by 
multiplying the inverse of the patient data (represented by 
Matrix A) by the actual number of surviving days for each 
patient (represented by vector Bactual). Specifically, Matrix A 
stored the two-dimensional patient data (diagnostic and treat-
ment information in the columns and patient IDs in the rows). 
To obtain the inverse of Matrix A, a pseudo-inverse was taken 
using a third-party Visual Studio plugin. The ultimate objec-
tive of estimating the coefficients was to later implement
the calculated treatment and diagnostic effectiveness factors in 
survival estimation.

Supplementing the differential analysis, modules were writ-
ten to display bar charts visualizing the calculated coefficients 
following the pop-up of text (see Figure 8). In the survival 
estimation phase of software development, new functions 
were developed in the Visual Basic platform. Seven diagnostic 
variables were chosen for analysis due to their primary role 
in cancer prognosis under the TNM System. Similar to the 
first phase, a control group was utilized where no diagnostic 
variable was involved, and the same six treatment variables 
persisted from the first phase. Moreover, calculated treatment 
effectiveness factors were obtained and loaded into a new data 
table using the Microsoft SQL server and presented in Vector 
X. This time, to-be estimated surviving days were stored in a 
bestimate-Vector. Unlike in Phase 1, the pool of patients was 
reduced to 10,000-20,000 patients depending on data avail-
ability for each diagnostic variable since mean surviving days 
were taken from patients with similar treatment combinations 
as opposed to similar individual treatments. This choice was 
undertaken to eventually determine which combinations could 
provide the most accurate surviving days. Hence, the normal-
ization of matrices based on a non-linear system allowed for 
the manipulation of the same mathematical equation for more 
accurate survival estimation as demonstrated in Figure 4.

Back-end code was then implemented for the Cancer Data 
Analysis Software to develop bar graphs following each vari-
able analysis, displaying the treatment combinations on the 
x-axis and the survival estimation error (in days) on the y-ax-
is. The sample size of that variable was noted in a legend at 
the top right. These graphs were developed to display which 
treatment combinations produced the least estimation error. 
Percent error and median calculations were then conducted 
between estimated and actual surviving days. To determine 
the significance between estimated and actual survival, the 
Spearman Ranks Correlation test was utilized. This non-para-
metric test was chosen because of the traditionally non-normal 
distribution of data and is most like the parametric Pearson 
Correlation test.

Figure 3: This figure displays the mathematical modeling structure 
implemented in the “Differential Analysis” component of Phase 1 of 
the study. On the left-hand side of the equation Vector X represents the 
calculated diagnostic and treatment coefficients whereas on the right-hand 
side Matrix A represents patient data and Vector Bactual represents actual 
surviving days of patients.

Figure 4: This figure displays the matrix algebra unique to this year’s 
segment in estimating survival utilizing previously calculated diagnostic and 
treatment effectiveness factors (in the x-Vector).

 ijhighschoolresearch.org



 38 DOI: 10.36838/v4i6.7

Materials and Risk Assessment:
To conduct this study, lung cancer patient data were re-

trieved from the National Institute of Health’s Surveillance, 
Epidemiology, and End Results Program. The program 
contains population and incidence cancer information for a 
variety of cancer types and includes 70+ social, diagnostic, 
and treatment variables. After registering through a cancer 
researcher SEER account and signing appropriate confiden-
tiality and risk assessments, raw patient data was accessible. 
However, treatment information was only obtained through 
signing an additional form for access to SEER's specialized 
treatment database. By signing the SEER forms acknowledg-
ing patient confidentiality and safety measures, the ethicality 
of this study was ensured. Furthermore, access to a computer 
to develop the Cancer Data Analysis Control Panel with Vi-
sual Basic Studio and Microsoft SQL to analyze the raw data 
was also necessary. To maintain safety, the 20-20-20 rule for 
safe computer use was followed. No further risks were pre-
sented in this study.

Seer Program and Participant Information:
TRepresentative of the United States’ population diag-

nosed with cancer, the NIH’s Surveillance, Epidemiology, and 
End Results Program collects cancer survival data from ap-
proximately 35% of the U.S population and mimics the racial 
and socioeconomic diversity of the nation.¹⁹ The 19 regis-
tries nationwide are comparable to the larger U.S. population 
in poverty and education levels, with percentages of SEER 
patients with less than a high school diploma and those 
below poverty similar to those of the general population.¹⁹ 
However, SEER participants contain a slightly greater per-
centage of foreign-born individuals compared to the general 
population.¹⁹ The program has since expanded its registries 
for coverage of Hispanics, urban African Americans, Asian 
and Pacific Islanders in Southern California and the Great-
er Bay Area, rural African Americans in Georgia, Arizona 
Indians, and Alaska natives.19 Key limitations of other can-
cer patient databases such as the Society of General Internal 
Medicine’s National Cancer Database are that cohorts are not 
population-based; rather, they are identified from hospitals.²⁰ 
On the contrary, SEER data is known as the “gold standard 
in data quality” among most U.S. registries and holds itself 
to strict data quality and collection policies.²¹ By using the 
most representative data for cancer analysis, it can be ensured 
that conclusions apply to all respiratory cancer patients from 
across diverse regions in the United States.

Variables and Hypothesis:
The independent variables in the first phase of the study 

included 24 various social, diagnostic, and treatment variables, 
including actual surviving days. The four social variables listed 
were selected due to having the most complete data for the 
time frame of analysis: marital status, age at diagnosis, race, 
and gender. Thirteen diagnostic variables selected under the 
same reasoning included Metastases at Diagnosis, Primary 
Site, Laterality, Number of Positive Lymph Nodes, Tumor 
Size, and more. Moreover, six treatment variables included 
Surgery conducted at Primary Site, Chemotherapy, Radiation 
therapy, Intraoperative Radiation , Radiation before Surgery, 

and Radiation after Surgery. These therapies were the only 
treatment-related variables available in the specialized Radi-
ation/Chemotherapy database, with data for newer therapies 
like immunotherapy or targeted therapies limited in the scope 
of analysis, and thus unused. The control group was the anal-
ysis of patients without any diagnostic variable, providing a 
baseline for comparisons among variables. In the differential 
analysis component of the first phase and survival estima-
tion in the second phase, seven diagnostic variables and six 
treatment variables were analyzed, including control of no 
diagnostic variables. Diagnostic variables included Positive 
Lymph Nodes, Metastases in Lung, Metastases at Bone, Me-
tastases in all Organs, Primary Site, Tumor Size, and Total 
Number of In-Situ tumors. The advantage posed by focusing 
on a limited scope of diagnostic variables included a more 
thorough and reasonable analysis of significance in the re-
lationship between estimated and actual survival for each 
variable (quality over quantity). Moreover, diagnostic variables 
were continuous (as in 3 mm for tumor size), whereas treat-
ment variables were discrete (as in Yes/No for chemotherapy). 
Consequently, whether or not the patient received treatment 
or not as indicated by either a "0" or "1". Actual survival was 
measured in days, converted from the original month form 
provided by SEER. Within the single-variable and differ-
ential analyses in Phase 1, the dependent variable was the 
number of actual surviving days. As for survival estimation in 
Phase 2, the dependent variable was the estimated number of 
surviving days after matrix multiplication. Moreover, attrition 
and confounding variables were risks to the internal valid-
ity of this study, since it was not guaranteed by SEER that 
all data collected was accurately measured. In the first phase 
(including single-variable and differential analyses), it was hy-
pothesized that the number of surviving days of a respiratory 
cancer patient was dependent upon the social, genetic, and 
diagnostic variables and that the normalized mathematical 
modeling system would produce a linear relationship between 
surviving days and variable quantities. In the second phase, 
it was predicted that given effectiveness factors, there would 
be a near-zero percent change between estimated and actual 
survival and that the relationship between the two measures 
would be significant for all diagnostic variables.

Data Analysis:
Percent error calculations were conducted between estimat-

ed and actual survival data for each variable, along with mean 
calculations of the estimated surviving days for each variable. 
Patterns in mean calculations among diagnostic variables 
were later compared to the results of prior studies in the field.

Figure 5: This figure depicts the equation for the calculation of a Spearman 
Ranks Coefficient (noted as ρ or 𝑟𝑠), retrieved from Statistics How To.

¹ According to the Mayo Clinic, Intraoperative Radiation therapy (IORT) is an intensive radiation treatment administered during surgery, providing direct radiation 
to a specific area.
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�   Results

Data Collection:

After running the software, diagnostic and treatment co-
efficients shown in Table 1 were obtained, representing the 
weights of each diagnostic variable and six other treatments 
on surviving days. Interpretation of the meaning of the in-
tegers representing the coefficients was not possible at this 
stage of the study, solely because the calculation of coefficients 
was an intermediate step in the ultimate goal of estimating 
survival using the coefficients. As seen in the chart, there 
were instances of negative coefficients for certain diagnostic/
treatment pairs. As such, interpreting the coefficients as “more 
impactful” if they were greater would not be logical. Hence, 
the presence of negative coefficients inexplainable in mathe-
matics proves the non-linearity of the system.

In the second phase, lung cancer treatment combina-
tions for a total of 7 diagnostic variables were analyzed by 
the Survival Estimation feature of the Cancer Data Analysis 
Software to obtain estimates of surviving days. Upon analysis, 
the number of unique treatment scenarios generated var-
ied from 4 to 17 distinct combinations. After running each 
variable's analysis, the Cancer Data Analysis Control Pan-
el displayed the mean estimated as well as actual surviving 
days for each unique treatment scenario based upon 10,000 
to 20,000 patient samples (depending on the amount of data 
provided for each variable in question). The screenshot below 
displays the user interface of the Cancer Data Analysis Con-
trol Panel running a Comparative Analysis of Surviving Days 
for Treatment Factors vs. Metastases at Diagnosis at Bone.

Figure 6: Screenshots of the Cancer Analysis Software Control Panel, 
demonstrating where to navigate to run a single-variable analysis (top image), 
a differential analysis (middle image), and a survival estimation (bottom 
image).

Figure 8: The following is a screenshot of the software’s display when a 
differential analysis is conducted with the Metastases at Diagnosis variable. 
The images depict a graph and resulting status box containing sample and 
mean diagnostic and treatment coefficients.

Table 1: This chart organizes calculated treatment effectiveness factors 
by diagnostic variable (columns) and treatments (rows) as a result of the 
differential analysis portion of Phase 1 of the study.

Figure 7: The first two graphs (a.) and (b.) are box plots (with mean 
and median actual surviving days) displayed by the Cancer Data Analysis 
Software under the single-variable analysis of the first phase. Only graphs for 
two diagnostic variables are featured (Combined Metastases at Diagnosis for 
Lung and Positive Lymph Nodes respectively). The final graph (c.) shows 
a multiple-variable analysis under the first phase, where six treatments are 
analyzed in respect to the Metastases at Diagnosis variable.
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The Software Control Panel also displayed the resulting 
graph shown in Figure 10 below, popping up immediately 
after the text in Figure 9 was displayed. The surviving day es-
timation error is represented by the y-axis, whereas the unique 
treatment combinations are shown on the x-axis. In the case 
of Figure 10, there were thirteen unique combinations for the 
Metastases at Diagnosis at Bone variable.

Of all diagnostic variables, metastases at diagnosis in all or-
gans provided the greatest diversity in treatment information, 
while Tumor Size and Total Malignant Tumors provided the 
least number of treatment combinations. The few treatment 
combinations found for the latter two indicate that there 
was a lack of patient data for those variables. Certain outliers 
were found in the data (such as the 936% error for a certain 
treatment combination in Metastases in all Organs) and were 
predominantly found in the General radiation, Intraopera-
tive radiation, and Chemotherapy treatment combination. As 
such, that combination was omitted from the analysis. For 
this reason, median calculations were used to approximate the 

center of error in estimation over the mean due to outliers in 
data. Despite its lack of data, the Primary Site variable had 
the most accurate estimations with a median of 10.16% er-
ror. A close second, the Metastases at Bone variable, which 
had a greater quantity of data, had a median of 13.12% error. 
The least accurate estimations were found in the Metastases 
at the Lung variable, which had a median of 39.4% error. In a 
further statistical analysis, estimated and actual surviving days 
of each variable were plotted in a linear regression model to 
determine if a positive linear trend existed. Residual models 
did not conform to parametric conditions, as visible in Figure 
11 (b.)

Data Interpretation:
In terms of the Spearman Ranks Coefficient test, the stron-

gest correlation between the ordinal variables (estimated and 
actual survival) was attributed to Metastases at Lung, which 
showed a significant degree of linear association, rs=.88 with 
a p-value of .00016 for a one-tailed test (ps> 0). Given an 
alpha level (α) of .05, there was very strong evidence to reject 
the null hypothesis (p=0). Quite strong but not as strong as 
for Lung, the Metastases at Bone’s ordinal variables showed 
a significant degree of linear association, rs=.86, p=.0002. For 
no diagnostic variable analyzed, there was also a significant 
degree of linear association, rs=.601, p<.05, (p=.019). The 
Lymph Nodes diagnostic variable also had a significant de-
gree of linear association, rs=.59, p=.02, so the null hypothesis 
was rejected in this scenario as well. However, not all variables 
reflected significant trends between estimated and actual sur-
vival despite being positively associated with each other. The 
Primary Site diagnostic variable displayed a non-significant 
degree of linear association, rs= .7, p=.094, and since .094>.05 
the null hypothesis failed to be rejected. Similarly, the Tumor 
Size diagnostic variable had a non-significant degree of linear 
association, rs=.8, p=.1, so the null hypothesis failed to be re-
jected. Finally, the greatest non-significance between ordinal 
variables was attributed to the number of Malignant/In-Situ 
Tumors, rs=.2, p=.4. Thus, these results indicated that the as-
sociation between the estimated and actual survival for these 
variables was not considered to be statistically significant for 
α=.05. Additionally, after median calculations of estimated 
and actual surviving days for each diagnostic variable, it was 
found that Metastases at Bone had the least median estimated 
and actual survival (201 and 220 days respectively). This is 

Figure 9: Three screenshots above and to the left depict the Cancer 
Data Analysis Control Panel’s display for a Metastases at Bone Survival 
Estimation analysis, with (a.), (b.), and (c.) demonstrating three treatment 
scenarios out of 13 possible combinations for this variable with displayed 
estimated surviving days, actual recorded surviving days, and the error.

Figure 10: Accompanying the analysis in Figure 9 is this software-
generated graph of treatment combinations (T1...T22) and estimated error in 
surviving days for CS Metastases at Diagnosis at Bone (Sample size=15,000 
patients).

Table 2: Lung Cancer Survival Day Error Rates for Treatment 
Combination Based on Diagnostic Variable. Highlighted are the treatment 
combinations producing the least percent error for each variable..

Figure 11: (a.) Least Squares Regression Model for No Diagnostic 
Variable shows positive trend between actual and estimated survival. (b.) 
Corresponding residual plot indicates non-normality of data, thus reliance on 
non-parametric Spearman Ranks test is needed for significance analysis.
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to a 2017 Danish population-based cohort study conducted 
on patients with various primary cancers, which found that 
one-year survival after bone metastasis diagnosis was lowest 
in patients with lung cancer.²² Moreover, the fact that Metas-
tases in Lung had the past accurate estimations in Table 2 is 
understood in the context that the lung is the origin of lung 
cancer, so the patient likely had existing lung metastases serv-
ing as a confounding variable in survival estimation.
�   Discussion
Based on the results from the Spearman Ranks Test mea-

suring the reliability of the association between estimated and 
actual surviving days, the original hypotheses were support-
ed by the control, as well as the Lymph Nodes, Metastases 
at Bone, and Metastases at Lung variables. This indicates 
that the relationship between actual and estimated survival 
days was significant and likely to persist in future trials when 
considering these factors. Thus, it can be concluded that the 
lowest (highlighted) error rates shown in Table 1 for each of 
the variables will most likely repeat if additional lung cancer 
patient samples were added. For example, the control group’s 
passing of the Spearman Ranks test indicates that the low-
est error in surviving days matching the best combination 
of General Radiation and Intraoperative Radiation in Ta-
ble 1 will persist in new samples. As such, this specific set 
of treatments should be implemented in the place of gen-
eral “combinations of ” chemotherapy, radiation, and surgery 
described by the CDC as current methods to combat lung 
cancer. As for Lymph Nodes, treatments have traditional-
ly involved radiation to the chest, as well as chemoradiation 
for patients with limited-stage small-cell lung cancer. In line 
with the current therapeutic approach, chemotherapy should 
be paired with general radiation and intraoperative radi-
ation conducted before and after surgery to yield the most 
accurate surviving days. For Metastases at Bone, which also 
passed the Spearman Ranks Test, the combination of all radi-
ation-related treatments will most likely lead to more accurate 
estimations of survival by the software in future trials. Thus, 
multiple forms of radiation should replace current methods 
of surgery, radiotherapy, and bisphosphonates used to treat 
bone metastases. Similarly, for Metastases in Lung, all radia-
tion-related variables and chemotherapy were included in the 
best treatment combination. As such, they should be used in 
conjugation to improve patient survival. In current literature, 
the best treatments for lung metastases include chemotherapy, 
immunotherapy, or radiation therapy, with “a combination of 
these” ideal according to the American Cancer Society. How-
ever, results illustrate that the combination of chemotherapy 
and general radiation with more sophisticated forms of ra-
diation like intraoperative radiation at specific times (before 
and after surgery) will encompass a more holistic approach 
to therapy. The significant inferential test result obtained by 
the Metastases at the Lung variable is also understood in the 
context of lung metastases occurring at the site of cancer. 
Hence, the relationship between actual and estimated survival 
for lung cancer considering this variable will be more reliable.

However, since the Primary Site, Tumor Size, and Malig-
nant Tumor variables did not pass the Spearman Ranks test, 

they are not reliable indicators of accurate survival estima-
tion. However, there were key limitations that could have 
reduced the accuracy of the results. Most directly related to 
the non-significance of these variables is the lack of patient 
data. A prominent pattern among these three variables is the 
lack of unique treatment combinations in Table 1. As such, 
it is understood that a lack of unique patient data covering 
all treatment combinations resulted in the non-significant 
Spearman results for these variables. A key limitation impact-
ing all diagnostic variables, however, is the non-linearity of 
the data. Due to the non-linear nature of cancer prognosis 
and confounders, survival estimation cannot be perfectly lin-
early associated with patient variable data. Although matrices 
were normalized as part of the procedure to “linearize” the 
data through retrieval of mean surviving days for patients 
with similar treatment conditions, this process was not able 
to completely linearize the data due to confounding variables 
unaccounted for by the SEER data. Previous studies that have 
estimated cancer survival rates in conjunction with patient 
variables such as those studies by respective authors She et al., 
Lai et al., and Burki et al. have utilized machine learning or 
deep learning algorithms to account for this limitation. How-
ever, due to the lack of patient data, Machine Learning was 
not feasible for this study. Finally, inherent biases in SEER 
data collection were implied through the signing of the SEER 
Data Use Agreement form.

Thus, the original hypotheses about the single-variable, dif-
ferential analysis, and survival estimation portions of the study 
were partially true. Reflecting on the single-variable analysis 
prediction, it was true that the number of surviving days of a 
respiratory cancer patient was determined by the various so-
cial, genetical, and diagnostic variables- evident by the variety 
of means and medians in the two box plot examples provided 
in Figure 7 for the Lymph Nodes and Metastases at Lung 
variables. However, in terms of the differential analysis, the 
mathematical model did not reflect a linear system despite 
normalization due to the presence of negative treatment and 
diagnostic coefficients as seen in Table 1, as well as the reasons 
provided in the previous paragraph. As for survival estimation, 
the percent change between estimated and actual survival was 
not quite zero according to Table 2. However, in the case of 
the least error combination for the Lymph Nodes variables, 
the error came close at 0.62%.
�   Conclusion
In synopsis, the Cancer Data Analysis Software developed 

as part of this study serves as a valuable tool to healthcare 
professionals for the prognosis and assignment of lung cancer 
treatment by issuing a personalized, least-error treatment plan 
for patients after considering unique diagnostic variables and 
combined treatment options. Stemming from the significant 
relationships between actual and estimated survival for certain 
diagnostic variables supported by the Spearman Ranks and 
p-score significance tests, patients exhibiting these variables 
can be assured that the least error treatment combination will 
provide the most accurate surviving days- thus prolonging 
survival.  A “personalized outlook” was established through 
consideration of unique diagnostic and treatment variables 
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of existing SEER patients, including but not limited to di-
agnosis-related variables such as Lymph nodes, metastases, 
and tumor size, and specific treatments like Radiation Before 
Surgery. However, it is acknowledged that outlook cannot be 
completely personalized since survival estimation only focused 
on diagnostic and treatment-related variables, excluding the 
social/genetic variables originally used in the single-variable 
analysis. Nonetheless, through consideration of complex treat-
ment combinations representing the true situation of many 
lung cancer patients, estimates are personalized in that they 
are not limited to analysis of a single therapy (not a likely sce-
nario for many patients). This software, paired with the TNM 
system and existing screening processes, can give doctors the 
leverage needed to provide a well-rounded approach to prog-
nosis through statistical analysis-driven validation. Moreover, 
the quality of life of lung cancer patients will be improved as 
patients are no longer dependent on doctors’ potentially sub-
jective prognoses fueling the risk of overdiagnosis. Specifically, 
by knowing which treatment combination best prolongs sur-
vival, patients can be informed of which costly treatments to 
avoid in the light of “overtreatment” concerns discussed by Dr. 
Martin Makary, a professor of Surgery at Johns Hopkins Uni-
versity School of Medicine in Baltimore.²³ This study holds 
especially great value for patients with early-stage lung cancer 
as a study conducted by the Fox Chase Cancer Research team 
at Temple Health, Philadelphia found that individuals with 
early-stage lung cancer and small tumors were typically over-
treated.²⁴ Finally, the researcher hopes that the Cancer Data 
Analysis Software Application will become an open-source 
resource for other cancer researchers to utilize for their analy-
ses, allowing for the choice of a particular diagnostic variable 
and relevant analysis type (single variable analysis, differential 
analysis, or survival estimation).

Future Study:
To improve this year’s research, incorporating additional 

variable data such as genetic data in the form of molecular 
subtype or health condition, lung cancer type (non-small cell 
vs. small cell), and stage of the tumor could provide a more 
holistic view of most effective treatment options while re-
ducing the presence of confounding variables. Additionally, 
through gathering a greater sample pool for variables limited 
in data such as Primary Site and Total Malignant/In-Situ Tu-
mors, the number and types of treatment combinations across 
all diagnostic variables can be made homogenous. This would 
allow Spearman Correlation tests to not only be conducted 
for each diagnostic variable type, but also each treatment 
combination, leading to a complex understanding of which 
variable and treatment combinations respectively would be 
most impactful on survival. Moreover, through a more effec-
tive linearization method, the software will be able to make 
more accurate predictions. In the future, the building of new 
software modules within the Cancer Data Analysis Software 
for the analysis of Colon cancer and Pancreatic cancer, which 
correspond to 22% and 9% of total cancer deaths in 2021 re-
spectively, could allow for more statistical analyses not only 
within but between cancer types, contributing to a more com-
plex understanding of cancer survival prognosis.
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