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ABSTRACT
Tumor cells that depart from the primary tumor, travel through the circulating system and
finally settle in other organs are the main reason why cancers are so difficult to cure. They are
also the main reason why most patients eventually die after the primary tumors are removed by
surgery. Circulating tumor cells (CTCs) have been established as a cancer biomarker of known
prognostic and diagnostic values. This study investigates the prognostic relevance of CTCs
detected in non-small cell lung cancer (NSCLC) patients.

Peripheral blood samples were

collected from 13 NSCLC patients before administration of systemic therapies. Viable CTCs
were enriched by using a novel flexible micro spring array (FMSA) device and analyzed
quantitatively based on immunocytochemical determination of the phenotype and morphological
characteristics. The CTC counts and their characteristics were evaluated for association with
clinical outcomes using the log rank test and Cox regression model. We find that CTC counts
does not have a significant effect on survival and tumor burden has a significant effect on
survival. There was not enough evidence that CTC characteristics have a significant effect on
patient survival.
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Chapter 1
Introduction
Cancer is among the leading causes of death worldwide, and cancer metastasis is the
leading cause of death among cancer patients. The most important identification of cancer is the
absence or presence of cancer metastasis[1]. Therefore, the analysis of circulating tumor cells
(CTCs) is significant in research and clinical treatment. The recent studies have shown that
circulating tumor cells (CTCs) are prognostic and predictive biomarker in most tumors[2-7]. A
study of 231 castration-resistant prostate cancer patient showed that CTC counts had significant
effect on overall survival [2]. Patients with high CTC counts (≥5) per 7.5mL blood had lower
survival rate than patients with low CTC counts (<5) per 7.5 mL blood. They used log rank test to
compare the survival curve of the two groups. The survival curves of the two groups are shown in
Figure 1-1.
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Figure 1-1. Kaplan-Meier survival curves of CRPC patients with high CTC counts (≥5) and low
CTC counts (<5) in 7.5 mL blood before treatment[2].
A Study of 177 patients with breast cancer applied multivariate Cox regression analysis to
suggest that CTC counts before treatment and after treatment have most significant effects on
survival rate[3]. Patients with high CTC counts before treatment and after treatment have a lower
survival rate than patients with low CTC counts before treatment and after treatment, and patients
with low CTC counts before treatment and high afterwards have a worst outcome.. Another study
of 430 patients with colorectal cancer suggested that CTC counts before and during treatment
(first, second, third line of therapy) are significant factors for overall survival [4]. They divided
the patients to two groups at each observation time point. One group consisted of patients with
CTC counts<3, and another group included patients with CTC counts ≥3. The survival curves of
the two groups are shown below:

Figure 1-2. Kaplan-Meier survival curves of colorectal cancer patients with CTC counts(≥3) and
CTC counts (<3) in 7.5 mL blood after treatment[4].

Lung cancer is the number one cause of death in cancer patients, and about 85% of those
deaths are due to non-small-cell lung cancer (NSCLC)[8]. Although CTCs are suggested to have
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prognostic significance in castration-resistant prostate cancer, breast cancer and colorectal cancer,
the clinical significance of CTCs in NSCLC patients is still controversial [9-15]. A study of 101
patients at stage III or IV NSCLC showed that the survival rate of patients with high CTC counts
(≥5) per 7.5mL blood is significantly different from that of patients with low CTC counts (<5) per
7.5 mL blood[9]. The survival curves of the two groups are shown below:

Figure 1-3. Kaplan-Meier survival curves of NSCLC patients with high CTC counts(≥5) and low
CTC counts (<5) in 7.5 mL blood before treatment[9].
Another study of 33 patients with NSCLC indicated that there was not a significant difference in
clinical response between patients with CTCs and patients without CTCs [10]. Due to the heated
arguments on prognostic relevance of CTCs in NSCLC patients, survival analysis of CTCs to
explore the association between CTCs and clinical outcomes for NSCLC patients is urgently
needed. Survival analysis methods basically include nonparametric method, semi-parametric
method and parametric method [16]. Nonparametric Kaplan Meier method is suitable when we
are only interested in the association between one variable and survival rate, and the assumption
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of the distribution of hazard rate over time is not required. Since the hazard rate over time is not
assumed, we can not predict the survival rate beyond the study period. Semi-parametric Cox
proportional hazard regression method is suitable when our primary interest is determining
whether several variables including continuous variable and categorical variable have significant
effects on survival. Also, Cox regression method does not need to specify the distribution of
hazard function. A specific assumption regarding the distribution of hazard function is needed
when parametric method is applied. However, specification of a universal hazard function is not
appropriate in most survival analyses. Therefore, nonparametric Kaplan Meier method and semiparametric Cox proportional hazard regression method are commonly used methods for survival
analysis.
Our study aims at evaluating characteristics of CTCs and baseline CTC counts for
association with clinical outcomes in NSCLC patients. In previous studies, the CellSearch system
is commonly used for CTCs enumeration. The mechanism for CTC detection of the CellSearch
system is based on EpCAM expression, so there are limitations in the case of CTCs with little or
no expression EpCAM [17]. In our study, we used a novel flexible micro spring array (FMSA)
device, which is a size based microfiltration device invented in our lab to enrich viable CTCs[18].
The picture of the device is shown below:
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Figure 1-4. FMSA device[18]
After CTC enrichment, on-chip immunocytochemical staining, and fluorescence image
processing, we applied nonparametric Kaplan Meier method and semi-parametric Cox
proportional hazard regression method to explore the clinical relevance of characteristics of CTCs
and baseline CTC counts. The characteristics of CTCs we are interested include cytoplasma,
nucleus, vimentin and cytokeratin(CK). Vimentin is a major constituent of the intermediate
filament family of proteins which is expressed in normal mesenchymal cells. Vimentin is
overexpressed in various tumors. Vimentin’s overexpression in tumor associates with accelerated
tumor growth, invasion, and poor prognosis. However, the clinical relevance of vimentin remains
obscure. The exploration of the clinical relevance of vimentin is urgently needed.
In the following parts of the thesis, I will introduce how we processed the blood sample
and got the data, and demonstrate how to perform survival analysis to explore the association
between CTCs and clinical outcomes.
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Chapter 2
Data preparation

Sample Collection
Clinical blood samples were obtained with consent from 13 non-small cell lung cancer
patients at the Penn State Hershey Cancer Institute based on the protocols reviewed and approved
by Penn State institutional review board. 10-mL of blood was drawn from each patient into 10mL EDTA (K2) tubes (Vacutainer; Becton Dickinson) and shipped to Penn State University Park
campus at the same day for CTC analysis.

FMSA Processing
FMSA device uses an innovative design to enrich viable CTCs directly from whole blood
samples. The device design, fabrication, and optimization have been reported [18]. Immunofluorescent detection has been developed to identify CTCs from clinical samples after viable
enrichment with the FMSA device. CTCs were identified as large nucleated cells that stained
positively for cytokeratin (CK) 8/18/19, negatively for CD45, and positively for nucleus (by
DAPI). CTC counts per 7.5 mL blood samples were recorded. Fluorescence images of CTCs
were taken by a fluorescence microscope and morphological characteristics of CTCs were
measured in ImageJ by a technician.
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Chapter 3
Methodology

Survival Analysis
Survival analysis is used to analyze data where the response variable is the time taken to
reach a certain event. The event can be death, relapse of a disease, recovery from illness and so
on. Standard statistical analysis like logistic regression cannot be used because the time taken to
reach a certain event is usually not normal distribution and the model cannot deal with censoring
which is common in survival data. Survival analysis takes both censored observations and time to
event into account. Censoring is in general a missing data problem. In our case, it means the
event is not recorded by the end of follow-up. Censoring is observed due to loss of follow-up or
termination of the study. For example, the patient is still alive when the study has ended. Survival
times were recorded based on the follow-up time from a baseline starting point for each patient to
the occurrence of a certain event. Figure 3-1 shows the illustration of the survival data.
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Figure 3-1. The illustration of the survival data

In this study the event is death. The baseline starting point for each patient is the day
right before any treatment for the patient. The end of study was April 20th 2014. To explore the
association between CTC counts and the clinical outcome, the baseline CTC counts were
recorded for each patient. Table 3-1 shows the data for these 13 patients.
Table 3-1. Patient.

Patient_ID

baseline

baseline_tumor

CTC

burden

Survival
death

time

1

0

4

0

646

3

29

11.2

1

227

9
4

5

2.9

0

610

5

36

3.3

1

140

8

1

11.5

1

83

9

0

4.3

1

307

10

27

11.3

1

244

11

22

18.1

1

76

13

42

4.9

0

450

15

0

9.4

1

368

16

0

3

1

121

20

0

4.3

0

247

21

0

9.4

0

247

In Table 3-1, baseline_CTC means the number of CTC in 7.5mL blood sample draw at
baseline. Baseline tumor burden indicates the RECIST response at baseline for each patient. If
the patient was dead, then “death” equals to 1. If the observation of the patient is censored, then
“death” equals to 0.
To explore the association between the characteristics of CTCs and clinical outcomes, we
used imageJ to obtain the characteristics of CTCs after the stained CTCs were imaged. The
characteristics of CTCs we are interested include the area of cytoplasma, the area of nucleus,
NCR, roundness, circularity, vimentin ratio, mean vimentin, mean cytokeratin(CK), raw vimentin
and raw CK. Here the roundness is defined as minor radius divided by major radius. The
circularity is defined as 4π of area divided by square of perimeter. The vimentin ratio is the
integration of vimentin fluorescence for CTCs divided by the average integration of vimentin
fluorescence for leukocytes. The raw vimentin is defined as the integration of vimentin
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fluorescence signal. The mean vimentin is the mean vimentin fluorescence intensity within the
cell. The raw CK is defined as the integration of CK fluorescence. The mean CK is the mean CK
fluorescence intensity within the cell.

Exploratory Data Analysis

Exploratory data analysis (EDA) is an approach to analyze data sets to summarize
their main characteristics in an easy-to-understand form, often with visual graphs, without
using a statistical model. Scatter plots are used in statistics to explore the relationship between
two continuous variables. Here we explore the relationship between baseline CTC counts and
baseline tumor burden, the relationship between baseline CTC counts and survival time and the
relationship between baseline tumor burden and survival time. Figure 2-2 shows the scatterplots
for each of them. We use Minitab to do the exploratory data analysis.
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Figure 3-2. Scatterplots

From the scatterplots, we can see that there is no clear quantitative relationship
between baseline CTC counts and baseline tumor burden. The patients with more baseline CTC
counts seem to have shorter survival time, and the patients with lower baseline CTC counts seem
to have longer survival time. Similarly, the patients with heavier baseline tumor burden seem to
have shorter survival time, and the patients with less baseline tumor burden seem to have longer
survival time.

Kaplan – Meier Estimator
Let’s begin the survival analysis with exploration of the overall survival of our study
group. The survival function is defined as the probability of an individual surviving at least to
time t. The survival function can be written as:
𝑆(𝑡) =

𝑟
𝑛

(3.1)
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Where r is the number of individuals surviving longer than t, and n is the total number of
individuals in the study.
The graph of the survival function over t is called the survival curve. The Kaplan–Meier
(also called product limit) method is a commonly used method to estimate this survival curve. .
The Kaplan–Meier estimator can be written as:
𝑛 −𝑑
𝑆̂ (𝑡) = ∏𝑡𝑖<𝑡 𝑖 𝑖
𝑛𝑖

(3.2)

Where ti is the duration of study at time point i, ni is the number of individuals alive at the
beginning of the time period i and di is the number of deaths during the time period i.
To visualize the survivorship of our study group, we applied the Kaplan–Meier method to
estimate the survival curve. The graph of the survival probability against survival time is shown
below:

Figure 3-3. Survival curve
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The Log Rank Test
The log-rank test is a non-parametric hypothesis test to compare the survival distributions
of two or more groups. The groups are classified by categorical variable. For example, we can
have female group and male group for gender variable, treatment group and placebo group for
therapy variable. The null hypothesis for the log rank test is that the survival distribution is the
same in all groups.
An important assumption of log-rank test is the proportional hazards, which means that
the effects of the categorical variable on the hazard are constant over time. For example, if the
probability of death in one group is twice that in the other group at day one, then it will still be
twice of the probability of death in the other group at any other day.
To explore the effect of the CTC number on survival, we divided the patients to two
groups. One group includes patients with CTC counts<5, and another group consists of patients
with CTC counts ≥5. We applied the log rank test to compare the survival curves of the two
groups. The survival curves for the two groups are shown below:
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Figure 3-4. Survival curves for two groups
The null hypothesis for the log rank test is that the two survival curves are the same. The
result of the test is shown in Table 3-2.
Table 3-2. Output of log rank test
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We can see that the p-value is 0.7491 which is larger than 0.05 and we can not reject the
null hypothesis, so we conclude that there was not enough evidence that the two survival curves
are significantly different at 0.95 confidence level.
However, since the two survival curves in Figure2-4 are crossing which means the
proportional hazards assumption of log-rank test is violated, the performance of log rank test is
bad.

Cox Regression Model
Regardless of the performance of the log rank test, the log-rank test is useful when we are
only interested in whether there is significant difference among survival curves in different levels
of one categorical variables and it does not take other variables into account. Cox proportional
hazard regression model allows investigating the association between survival and several
variables, and it can accommodate both categorical and continuous variables. In Cox regression
model, the response variable is the hazard, which is defined as the probability of death if that
patient has survived to time t. The hazard function can be written as:
𝐻(𝑡) = 𝐻𝑜 (𝑡) × exp(𝑏1 𝑋1 + 𝑏2 𝑋2 + 𝑏3 𝑋3 + ⋯ 𝑏𝑘 𝑋𝑘 )

(3.3)

Where H(t) is the hazard at time t, H0(t) is the baseline hazard given all the independent
variables are zero at time t, X1…. Xk are independent variables and b1….bk are coefficients .
By dividing both sides of equation (2.3) by H0(t) and taking the logarithm, we arrive at:
𝐻(𝑡)
)
𝑜 (𝑡)

ln(𝐻

= 𝑏1 𝑋1 + 𝑏2 𝑋2 + 𝑏3 𝑋3 + ⋯ 𝑏𝑘 𝑋𝑘

(3.4)

H(t)/ H0(t) is the hazard ratio, from equation (2.2) we can see that the log of the hazard
ratio is a linear combination of the independent variables which is similar to multiple linear
regression, so it is called Cox proportional hazard regression model.
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An important assumption of Cox regression is that the effects of the independent
variables on the hazard are constant over time. For example, if the probability of death in one
group is twice than that in the other group at day one, then it will still be twice of the probability
of death in the other group at day ten.
To explore the effect of the CTCs number on survival taking other variables into account,
we applied Cox regression analysis. In the Cox regression model, we have two independent
variables CTC number and the tumor burden for each patient. Our model will be:
H(t) = H0(t) exp (b1CTC number + b2 tumor burden)
We want to test the following hypotheses:
For CTC number, H0: b1=0, HA: b1≠0.
For tumor burden, H0: b2=0, HA: b2≠0.
Now we are ready to build up the model in SAS. As we mentioned above, here
we assumed that the effects of the CTC number and the tumor burden on the hazard are
constant over time. Before interpreting the output, we must check whether the
assumption is met. If it is met, we may then make inferences from the output. SAS has
a built-in method Supremum test to evaluate the proportional hazard assumption, and
the null hypothesis for the Supremum test is that the proportional hazard assumption
holds[19]. The graphs are shown below:

(3.5)
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Figure 3-5. Checking assumption for baseline_CTC

Figure 3-6. Checking assumption for baseline tumor burden
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We can see that both of the p-values are larger than 0.05 which suggest that the
proportional hazard assumption holds for both of the CTC number and the tumor burden. We then
looked at the model output:
Table 3-3. Output.

The estimated coefficient b1 is 0.00527 and the estimated coefficient b2 is 0.23950. So
our model can be written as:
H (t) = H0(t) exp (0.00527 CTC number + 0.23950 tumor burden)

(3.6)

At the 95% confidence level, the p-value for CTCs number is 0.8235 which is larger than
0.05and we can not reject the null hypothesis, so we conclude that there was not enough evidence
that CTC number has significant effect on survival. The p-value for tumor burden is 0.0335,
which is smaller than 0.05 and we reject the hull hypothesis, so we conclude that there is strong
evidence that tumor burden has significant effect on survival. Based on the hazard ratio for tumor
burden, we can explore how the tumor burden affects the survival rate. The hazard ratio for
tumor burden is 1.271, which indicates 27.1% increase in mortality rate for every single unit
increase in tumor burden.
To explore the effect of the CTC characteristics on survival, we assume all of the CTCs
are independent of each other and we also applied Cox regression analysis. Our model will be:
H (t) = H0(t) exp (b1Nuc+ b2 NCR+ b3Round+ b4 Circ+ b5Vim_Ratio+ b6 Raw_CK)

(3.7)
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As we mentioned above, here we assumed that the effects of all the variables on the
hazard are constant over time. Before interpreting the output, we must check whether the
assumption is met. The graphs for checking proportional assumption are shown below:

Figure 3-7. Checking assumption for Nuc

Figure 3-8. Checking assumption for NCR
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Figure 3-9. Checking assumption for Round

Figure 3-10. Checking assumption for Circ
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Figure 3-11. Checking assumption for Vim_Ratio

Figure 3-12. Checking assumption for Raw_CK
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We can see that the p values for Nuc, Round, Circ and Raw_CK are larger than 0.05,
which suggest that the proportional hazard assumption holds for them. However, the p values for
NCR and Raw_CK is smaller than 0.05 which means the proportional hazard assumption is not
met for them. The violation of the assumption may result in incorrect inference in terms of
significance of effects. We then looked at the model output:
Table 3-4. Output.

The p-value for Nuc is 0.3031 which is larger than 0.05 and we can not reject the hull
hypothesis, so we conclude that there was not enough evidence that Nuc has significant effect on
survival.
The p-value for NCR is 0.0518 which is larger than 0.05 and we can not reject the hull
hypothesis, so we conclude that there was not enough evidence that NCR has significant effect on
survival.
The p-value for Round is 0.0222 which is smaller than 0.05 and we reject the hull
hypothesis, so we conclude that there was strong evidence that Round has significant effect on
survival. The hazard ratio for Round is 16.901, which indicates 15.901 times increase in mortality
rate for every one unit increase in Round.
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The p-value for Circ is 0.4391 which is larger than 0.05 and we can not reject the hull
hypothesis, so we conclude that there was not enough evidence that Circ has significant effect on
survival.
The p-value for Vim_Ratio is 0.1266 which is larger than 0.05 and we can not reject the
hull hypothesis, so we conclude that there was not enough

evidence that Vim_Ratio has

significant effect on survival.
The p-value for RAW_CK is 0.2312 which is larger than 0.05 and we can not reject the
hull hypothesis, so we conclude that there was not enough evidence that RAW_CK has
significant effect on survival.

In reality, the CTCs are not independent since the CTCs from the same patient are similar
to each other. Thus, to explore the effect of the CTC characteristics on survival, we took the mean
of each characteristic of CTC for each patient and applied Cox regression analysis on the data.
Since our sample size is very small now, we only consider one variable each time. Our model
will be:
H (t) = H0(t) exp (b1Nuc)

(3.8)

H (t) = H0(t) exp (b1NCR)

(3.9)

H (t) = H0(t) exp (b1Round)

(3.10)

H (t) = H0(t) exp (b1Circ)

(3.11)

H (t) = H0(t) exp (b1Vim_ratio)

(3.12)

H (t) = H0(t) exp (b1Raw_CK)

(3.13)

Now we are ready to build up the 6 models in SAS. For model 1, the graph for checking
proportional assumption is shown below:
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Figure 3-13. Checking assumption for Nuc

We can see that the p-value is larger than 0.05 which suggests that the proportional
hazard assumption holds for Nuc. We then looked at the model output:
Table 3-5. Output.

At the 95% confidence level, the p-value for Nuc is 0.3556, which is larger than 0.05 and
we can not reject the null hypothesis, so we conclude that there was not enough evidence that Nuc
has significant effect on survival.
For model 2, the graph for checking proportional assumption is shown below:
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Figure 3-14. Checking assumption for NCR

We can see that the p-value is larger than 0.05, which suggests that the proportional
hazard assumption holds for NCR. We then looked at the model output:
Table 3-6. Output.
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At the 95% confidence level, the p-value for NCR is 0.2833, which is larger than 0.05
and we can not reject the null hypothesis, so we conclude that there was not enough evidence that
NCR has significant effect on survival.
For model 3, the graph for checking proportional assumption is shown below:

Figure 3-15. Checking assumption for Round

We can see that the p-value is larger than 0.05 which suggests that the proportional
hazard assumption holds for Round. We then looked at the model output:
Table 3-7. Output.
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At the 95% confidence level, the p-value for Round is 0.1470 which is larger than 0.05
and we can not reject the null hypothesis, so we conclude that there was not enough evidence that
Round has significant effect on survival.
For model 4, the graph for checking proportional assumption is shown below:

Figure 3-16. Checking assumption for Circ
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We can see that the p-value is larger than 0.05 which suggests that the proportional
hazard assumption holds for Circ. We then looked at the model output:
Table 3-8. Output.

At the 95% confidence level, the p-value for Circ is 0.2452, which is larger than 0.05
and we can not reject the null hypothesis, so we conclude that there was not enough evidence that
Circ has significant effect on survival.
For model 5, the graph for checking proportional assumption is shown below:
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Figure 3-17. Checking assumption for Vim_Ratio

We can see that the p-value is larger than 0.05 which suggests that the proportional
hazard assumption holds for Vim_ratio. We then looked at the model output:
Table 3-9. Output.

At the 95% confidence level, the p-value for Vim_ratio is 0.4421 which is larger than
0.05 and we can not reject the null hypothesis, so we conclude that there was not enough
evidence that Vim_ratio has significant effect on survival.
For model 6, the graph for checking proportional assumption is shown below:
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Figure 3-18. Checking assumption for Raw_CK

We can see that the p-value is larger than 0.05 which suggests that the proportional
hazard assumption holds for Raw_CK. We then looked at the model output:
Table 3-10. Output.

At the 95% confidence level, the p-value for Raw_CK is 0.3631, which is larger than
0.05 and we cannot reject the null hypothesis, so we conclude that there was not enough evidence
that Raw_CK has significant effect on survival.
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Chapter 4
Results and Discussion

Summary of Result
In this study, we used log rank test to compare the survival curves between patient group
of low CTC count and that of high CTC count. We concluded that there was not enough evidence
that the two survival curves are significantly different at 0.95 confidence level. Since the
proportional hazards assumption of log-rank test is violated, the performance of log rank test may
be bad.
We applied Cox regression analysis to explore the effect of the CTCs number on patient
survival taking other variables into account. We found that CTC number does not have a
significant effect on survival. However, there was strong evidence that tumor burden has a
significant effect on survival.
To explore the effect of the CTC characteristics on survival, we took the mean of each
characteristic of CTC for each patient and applied Cox regression analysis. We concluded that
there was not enough evidence that nucleus, NCR, roundness, circularity, vimentin ratio, raw
cytokeratin (CK) have a significant effect on patient survival.

Discussion

All of the results are based on the samples what we have thus far. The sample size is a big
concern in our survival analysis. In other words, the power is not enough in the survival analysis.
Small sample size may cause bias in the estimated model and incorrect inference in terms of
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significance of effects. Hsieh et al. (2000) suggested the following formula for the sample size
calculation in a study:
𝑁=

(𝑧1−𝛼 + 𝑧1−𝛽 )2
2

[ln(𝜃)]2 𝛿 2 𝑃(1 − 𝑅 2 )

where 𝜃 is the hazard ratio we want to detect, 𝛿 is the standard deviation of the variable we are
interested, P is the proportion of subjects that reached the event, R-Squared is obtained when the
variable is regressed on the other covariates in the model[20]. In our case, the proportion of
subjects that reached the event is 8/13, if we want to investigate the CTCs counts effect, the
sample size needed is shown below:
𝑁=

(1.96+2.054)2
8
13

=42

[ln(1.05)]2 ∗260.1∗( )(1−0.032)

Where we assume that the hazard ratio we want to detect is 1.05 and the power of the test is 0.80.
After acquiring more samples, the model should be adjusted by taking more information
of the subject into account. For example, we can add age, gender, progression status at entry, the
history of smoking in the Cox regression model to improve the performance of the model.
Therefore, additional samples and data processing efforts are needed in our study to obtain more
powerful conclusion.
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