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ABSTRACT

The objective of this thesis is to examine the relationship between CAIX (a biomarker

for insufficient oxygen in tumor microenvironment) and CD8+ T cells (the immune

cells for killing cancer cells) for ovarian cancer. We approach the problem from two

perspectives. The first approach is to set up count models such as Poisson, negative

binomial, and zero-inflated Poisson models to examine the cell counts between CAIX

and CD8+ T cells in the tumor microenvironment. The second approach is to apply

the cross-K function, which is a second-order property of the point pattern process.

We find that the tissue microarray (TMA), which is a technique to assemble hundreds

of tissue samples on one TMA block, has a fixed effect on the CD8+ T cell counts.

There are two TMA blocks A2 and B1. The relationship between CAIX and CD8+ T

cells highly depends on TMAs. On TMA B1 stroma, a negative relationship between

CAIX and CD8+ T cell counts is observed in the negative binomial models. When

taking the spatial domain into account and comparing the estimated cross-K function

of CAIX and CD8+ T cells to the simulated envelopes generated by a homogeneous

Poisson process, we find that CAIX and CD8+ T cells are regulated and repel each

other on TMA B1. Tissue category also plays an influential role in analyzing the rela-

tionship. The estimated cross-K function of CAIX and CD8 + T cells is more dispersed

on tumors than on stroma.
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Chapter 1

Introduction

Cancer is one of the leading causes of death all over the world. Approximately 50%

of Canadians are estimated to be diagnosed with cancer in their lifetime [13]. Ovar-

ian cancer, which is a type of gynecologic cancer, has drawn much attention due to

the increased number of patients diagnosed and the low survival rates. According to

Ovarian Cancer Canada [1], about 1.3% of women are projected to be diagnosed with

ovarian cancer. In 2020, there were 3,000 newly diagnosed ovarian cancer patients in

Canada [1]. Despite the advances made in the study of ovarian cancer, survival rates

have not improved significantly in recent years. The overall 5-year net survival rate in

Canada is only 45% [4].

The major ovarian cancer is the epithelial ovarian carcinomas. According to the

origin, development, prognosis and other features, the five major subtypes of epithelial

ovarian carcinomas (EOC) are high-grade serous carcinoma (HGSC), clear cell carci-

noma (CCC), endometrioid carcinoma (EC), low-grade serous carcinoma (LGSC), and

mucinous carcinoma (MC) [3, 20]. HGSC is the most commonly diagnosed subtype

accounting for approximate 70% of the EOC. The secondary diagnosed subtypes are

CCC and EC with 10% of the EOC, respectively [3]. The remaining 10% are LGSC
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and MC. When diagnosed with cancer, its severity is presented by grades that describe

how the cancer cells differ from normal cells, and stages that determine the spread of

cancer in the body.

Early stage ovarian cancer is asymptomatic or has mild symptoms, making it dif-

ficult to be recognized until the late stage. The statistics of the UK in 2014 shows

that 55% to 58% of patients are diagnosed at stage III or IV, 42% to 45% at stage I

or II, and 17% to 21% unknown stage [14]. Survival is closely related to the stage at

diagnosis. The 5-year survival rate for patients in stage I is 80% to 90% in comparison

to 25% for those in stage IV [19].

The high mortality rate and poor prognosis of ovarian cancer are primarily caused

by late diagnosis. A tumor is a complex mass of tissue that includes cancer cells, tumor

infiltrating lymphocytes cells, and stromal cells. Studies have found accumulating

evidence that the outcomes of cancer are not only attributed to tumor characteristics,

but also the tumor microenvironment [16]. The tumor microenvironment (TME) refers

to the area surrounding a tumor cell, consisting of the blood vessels, immune cells,

extracellular matrix, signaling molecules, fibroblasts, lymphocytes, and bone marrow-

derived inflammatory cells. Studies have revealed that TME plays an important role

in tumor growth and proliferation [64]. The characteristics of TME contain hypoxia (a

condition of insufficient oxygen), acidosis (a condition of excess acid), hypoglycemia (a

lack of glucose), increased cell death, and increased extracellular matrix (non-cellular

components) stiffness [32, 54]. The interaction between a tumor and its surroundings

is bidirectional and has a considerable impact on promoting tumor progression [64].
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1.1 Relationship between Hypoxia and Infiltrating

Lymphocytes Cells in the Tumor Microenviron-

ment

On the basis of the generating mechanism, immune cells can be divided into adap-

tive immune cells initiated by exposure to a certain antigen and innate immune cells

activated without exposure to any antigen.

Tumor infiltrating lymphocytes (TILs) are all the immune cells within tumors. As

adaptive immune cells, T cells possess T-cell receptors to bind to antigens. TILs are

mainly composed of anti-tumor effector T cells (cytotoxic T cells CD8+, helper CD4+

T cells) and immunosuppressive regulatory T cells (Treg). CD8+ T cells are capable

of recognizing the antigen on cancer and killing cancer cells [34]. CD4+ T cells act as

a helper to stimulate CD8+ T cells [36]. Large amounts of CD8+ T cells are found to

be closely related to a positive prognosis in pancreatic cancer, breast cancer, colorectal

cancer, lung cancer, and ovarian carcinoma [42, 43, 49, 50, 69].

Hypoxia plays an important role in tumor reproduction and has been extensively

explored in the literature [21, 27]. Oxygen is an indispensable factor in metabolic

pathways. Hypoxia is attributed to two sources: the lack of oxygen in blood supply or

a shortage of oxygen for tumor growth.

Hypoxia areas are mainly found on solid tumors with a lower oxygen level compared

to normal tissue [6]. Metabolic pathways response to hypoxia is to initiate hypoxia-

inducible factors (HIFs), which can assist cancer and stromal cells to adapt the cellular

microenvironment to promote the growth. HIFs contain two subunits. The α-subunit

composed of HIF-1α, HIF-2α, and HIF-3α, is regulated by the oxygen levels. The
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Figure 1.1: HIF pathway. In normoxia, HIF-1α is proline hydroxylated and binds
the Von Hippel–Lindau protein (VHL), leading to the degradation of HIF-1α. In
hypoxia, HIF-1α binds the hypoxia response elements on the target genes to pro-
mote the cell adaption to hypoxia. Source: Adapted from “HIF signaling”, by
BioRender.com (2021), retrieved from https://app.biorender.com/illustrations/
611bff68f62377009f34465.

β−subunit comprising HIF-1β, HIF-2β and HIF-3β, is constitutively expressed [35].

Among the three family members and subunits of HIFs, the response to hypoxia is

primarily regulated via HIF-1α [28]. The HIF pathway is shown in Figure 1.1. Under

normoxic conditions HIF-1α is degraded, whereas under hypoxia HIF-1α is unregulated

to initiate the response. Among all the target genes on HIF-1α, carbonic anhydrase

IX (CAIX) plays an significant role in regulating intracellular pH for tumor growth in

TME [46].

Hypoxia results in resistant to the chemotherapy and is strongly associated with

clinical treatment outcomes and patient survival [61, 63]. The studies have discovered

that CAIX is closely related to poor prognosis in cancers such as lung [59], breast

[17], head and neck [30]. Regarding ovarian cancer, CAIX is usually found to be

overexpressed with magnitudes of the expression varying with subtypes. CAIX is highly

associated with low survival and poor prognosis, and therefore has been proposed as

an adverse prognostic marker for EOC [18].
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In regard to the effects of hypoxia on T cells, the statement is still ambiguous and

under investigation. Under the condition of deficient oxygen, the expression of HIF-

1α increases. HIF-1α impacts T cells through depressing the activation, promotion,

and ability to kill cancer cells [47, 51]. The deletion of HIF-1α gene reinforces the

T cell responses [60]. Barsoum’s study of breast cancer, prostatic carcinoma, and

murine cancer found that hypoxia promoted cancer cells to escape from cytotoxic T

cell response through the HIF-1α expression of programmed cell death ligand-1 (PD-

L1) [10]. In the meanwhile, there is evidence demonstrating that CD8+ is inclined to

differentiate more efficiently into cytotoxic T cells under deficient oxygen [9]. On the

other hand, T cells respond to HIF-1α by evading the hypoxia area. Most T cells are

discovered in the non-hypoxic areas.

1.2 Research Objective

Regarding ovarian cancer, HIF expression by hypoxia is frequently found in ovarian can-

cer patients [31, 66]. The HIF stabilization is closely correlated with the co-expression

of tumor-infiltrating Treg cells CD8+ and FoxP3 [25]. The genetic expression of hy-

poxia is also detected [68].

Nevertheless, the relationship between hypoxia and T cells is not well investigated.

In this thesis, we examine this relationship by examining the relation between the

biomarkers CAIX and CD8+ T cells in tumor images from the perspective of the tissue

level and the cellular level data, respectively. It may have important implications and

offer opportunities to reveal the interaction within TME for potential cancer therapies.

Our analysis considers summary statistics, regression analysis, and spatial statistics.

The commonly used spatial analysis of cell data in the literature are the density and
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the nearest neighbors. For example, Zheng et al. [71] investigated the density and the

spatial distribution of tumor-associated macrophagesarer in lung cancers, Masugi et

al. [42] revealed the importance of spatial distribution of CD8+ T cells for pancreatic

cancer prognosis. The cross-type nearest neighbor distance function (Cross-G) was also

implemented to account for the spatial relationships between tumor and T cells [11].

But a serious defect of the nearest neighbors is ignoring the other spatial information

about cell locations, except the nearest cells. In this study, we apply the spatial

statistics cross-K function to account for all the spatial information of cell locations.

1.3 Organization of Thesis

The organization of the thesis is as follows. The first chapter provides some background

and descriptions of tumor hypoxia and T cells in the tumor microenvironment.

In Chapter 2, we present a review of some of the methods applied in our analysis.

Resting on the data collection and how we define an observation, we undertake analysis

with two approaches. Cells form tissues, and on the condition that each tissue culture is

an observation, the tissue data is summarized by the number of cells on a tissue sample

as count data. Therefore, regression models based on the Poisson model, zero-inflated

Poisson model, and the negative binomial distribution are employed and the relative

fit computed. An alternative approach is to view individual cells as the realization

at a point pattern and implement a spatial analysis. The techniques are discussed in

Chapter 2.

Chapter 3 is a case study of ovarian cancer. We explore the effect of hypoxia on

T cells using the two approaches described in Chapter 2. Data on the tissue level are

modeled and analyzed from the perspective of correlation statistic, negative binomial
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models, and a zero-inflated model. Moreover, cross-K functions are used for the cellular

data to investigate the spatial structure of the TME. The last chapter consists of

conclusions and a discussion of future work.
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Chapter 2

Theoretical Background

This chapter covers the methodologies we employed. The data on the tissue level is

count data, which are non-negative integers to represent the number of occurrences

of an event in a spatial domain. Typical examples of count data are the number of

patients, the number of cells, and the number of doctor visits.

An initial step to investigate the linear interaction between two variables is Pearson

correlation statistic. Since we are interested in the impacts of hypoxia on T cells, a

model to regress T cells on hypoxia measures can explore the magnitude of its associ-

ation. By taking cell coordinates into account, the data on the cellular level involves

more spatial information. Spatial point pattern analysis is used to investigate the

spatial structure between cell point locations.

2.1 Pearson and Spearman Correlation Coefficients

on the Tissue Level

To measure the correlation between two variables, the simplest and most commonly

used approach is the Pearson correlation coefficient to evaluate and estimate the linear

8



relationship. The formula is given by:

ρ =

∑
i=1(xi − x̄)(yi − ȳ)√∑

i=1(xi − x̄)2
∑

i=1(yi − ȳ)2
(2.1)

The range of ρ value is from -1 to 1. A value of ρ close to zero implies little

correction. A positive ρ indicates a positive linear relationship, whereas a negative

value indicates a negative relationship.

The Spearman correlation coefficient is a non-parametric version of the Pearson

correlation coefficient to measure the monotonic relationship between two variables. It

can be computed using the formula:

ρs = 1− 6
∑

i=1D
2
i

n(n2 − 1)
(2.2)

where Di is the difference between the observation ranks and n is the number of

observations. ρs has the same interpretation as ρ but allows for non-linear relationship.

2.2 Regression Models on the Tissue Level

In this section, we present descriptions of the Poisson, negative binomial, and zero-

inflated regression models subsequently used in our analysis.

2.2.1 Generalized Linear Models

When the response variable for regression analysis is count data, the classical linear

regression model will not be suitable due to the violation of the normality assumption.

To allow for the non-normality of the data, the linear regression model can be extended

to a generalized linear model (GLM), which allows generally for response variables with

9



the exponential family [45]. There are three primary components in a GLM: a random

component that specifies the distribution of the response variable, a linear predictor

that is a linear combination of the covariates and parameters, and a link function that

connects the linear predictor to the mean of the response variable. A fourth component

that is important in some cases is a function that relates the mean and the variables.

The linear regression model is a special case of a GLM on the condition that the

response variable is normally distributed and an identity link is applied.

Given the response variable yi, (i = 1, 2, ..., n) and a link function g(.), the regression

aspect of GLM is represented by:

ηi = g(µi) = g[E(yi)] = xTi β (2.3)

where xi is a vector of covariates for ith observation and β is a vector of parameters.

The distribution of the response variable is now not limited to normality or linear-

ity with respect to E(yi). Distributions from the exponential family, including the

binomial, Poisson, or negative binomial can be employed.

The link function is a monotonic and differentiable function that can take many

forms. The commonly used links are the identity link (ηi = µi) for a normal dis-

tribution, the logistic link (ηi = ln( πi
1−πi )) for a binomial distribution, the log link

(ηi = ln(µi)) for a Poisson distribution, and the reciprocal link (ηi =
1

µi
) for a gamma

distribution.

Parameter Estimation

The maximum likelihood estimation (MLE) determines estimates for parameters by

maximizing the log-likelihood function of the data. Let the observations y = (y1, ..., yn)

10



with the probability density function f(yi;β) and parameters β = (β1, ..., βp), the log

likelihood function of the data is:

l(β; y) =
n∑
i=1

li =
n∑
i=1

ln f(yi;β) (2.4)

To obtain the MLE, we take the first order conditions of l with respect to each individual

β to maximize this log-likelihood function. The derived equations are referred to as

score equations.

(
∂l(β; y)

∂β1
, ...,

∂l(β; y)

∂βp

)T
= 0 (2.5)

The iteratively reweighted least squares (IRLS) is used to solve the score equations,

which is an iterative process to compute the MLE using weighted least squares. We

first choose b0 as an initial estimate of β. Then for k = 0, 1, 2, . . . iteration, we

compute the estimated mean u
(k)
i = g−1(xTi b

(k)) and the adjusted response variable

Z
(k)
i = xTi b

(k)+g′(u
(k)
i )(yi−u(k)i ). We subsequently derive the weights W (k) = W (b(k)).

The final step is to regress Z(k) on the design matrix X with weight W (k) to obtain

a new estimate b. This iteration process continues until convergence. The converged

values are the MLE of β.

Goodness of Fit

We can use the likelihood ratio test to compare a full model with a reduced model.

Let the log likelihood function for the full model be lf and the log likelihood function

of the reduced model (for example no covariates) be lr, the test statistic is

LR = 2(lf − lr) (2.6)
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LR approximately follows a χ2 distribution with a degree of freedom equal to the

number of parameters of the full minus the number of parameters of the reduced

model. The null hypothesis is that the reduced model is preferred. A large value of LR

(i.e., small p-value) indicates a rejection of the null and the full model is an adequate

fit.

Deviance can also be used to check the goodness of fit. Let the log likelihood

function for the saturated model be ls, where each observation has its own parameters.

The deviance is defined as:

D = 2(ls − lf ) (2.7)

D approximately follows a χ2 distribution with degree of freedom equal to (n − p),

where p is the number of parameters in the full model. A small deviance (or a large

p-value) implies that the model is an adequate fit. A rule of thumb is that if D
n−p is

substantially greater than 1, the model is inadequate [48].

The Pearson χ2 test statistic is also an alternative approach to test the goodness

of fit, which is defined as:

χ2 =
n∑
i=1

(
yi − µ̂i√

ˆV ar(yi)

)2

(2.8)

The Pearson statistic also follows a χ2 distribution with (n− p) degree of freedom. A

small value indicates that the model is adequate.

Residual Analysis

Residual analysis can be used to examine the model assumptions. The most frequently

used is the Pearson residual rp = yi−µ̂i√
ˆV ar(yi)

. The alternative is a deviance residual,

which is defined as di,r = [sgn(yi − µ̂i)] ×
√
di. The sign of the deviance depends on

(yi − µ̂i) and it also satisfies that D(β) =
∑n

i=1 d
2
i,r. We can find how these residuals

12



change by plotting these residuals against the fitted values or covariates.

2.2.2 Poisson Model

When the response variable yi(i = 1, 2, ...n) is count data, a commonly used proba-

bility model is the Poisson distribution. The probability mass function of a Poisson

distribution is:

f(yi) =
e−µiµyii
yi!

(2.9)

where µi is the parameter for the Poisson. The mean and variance for Poisson are both

equal to parameter µi. In regard to the link function, a popular choice is the log link

ηi = ln(µi) = xTi β, which can ensure the predicted response variable is non-negative.

Thus, the relation between the mean of the response variable and the linear predictor

can be captured by:

µi = ex
T
i β (2.10)

The Poisson regression has been widely used in assessing the cell counts. For

example, Lodwick et al. [39] used Poisson regression to analyze the relation between

mortality rate and CD4 cell counts for HIV patients.

When using the Poisson regression, one of the key assumptions is that the mean

and variance are the same E(yi) = V ar(yi) = ex
T
i β. However, this is not always true in

practice. The variance of observations may be larger (or smaller) than the mean value,

making Poisson regression inappropriate to use. When the variance is larger than

the mean value, this phenomenon is referred to as overdispersion [48], whereas the

variance being smaller than the mean is said to be underdispersion [48]. Compared to

13



underdispersion, overdispersion is more frequent in empirical data, such as the vaccine

data [57], cigarette and marijuana usage [53], and biomarker counts [15].

Overdispersion can arise from heterogeneity, dependency within observations, the

presence of outliers, and the existence of excess zeros [48]. Given the presence of

overdispersion, Poisson regression tends to underestimate the standard error, narrow

down the confidence interval of the estimates, and therefore lead to incorrect under-

conservative statistical inferences and conclusions [29].

Depending on the sources of overdispersion and the mechanisms for tackling this

problem, a number of models are proposed to account for overdispersion in the liter-

ature. An alternative model that allows for overdispersion is the negative binomial

model, where the variance can be larger than the mean. When the overdispersion is

caused by abundant zeros in observations, the zero-inflated Poisson model is also an

alternative model though it is not an exponential family.

2.2.3 Negative Binomial Model

On the basis of the Poisson log-linear model, an alternative approach to allow for

overdispersion in count data is the negative binomial model that incorporates an ad-

ditional parameter to model the excess variance [52].

The negative binomial model is a Poisson-gamma mixed distribution, where the

response variable follows a Poisson distribution Pois(µ) conditional on the random

parameter µ. Integrating out µ from the joint distribution then yields the negative

binomial. In this case, the negative binomial can accommodate more variation in the

response variable. The probability mass function is:

f(yi;µ, α) =
Γ(yi + 1/α)

yi!Γ(1/α)
(

1

1 + αµi)
)1/α(

αµi
1 + αµi

)yi (2.11)
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with mean E(yi) = µ and variance V (yi) = µ + αµ2, and α ≥ 0 is defined as the dis-

persion parameter. The Poisson distribution is a special case of the negative binomial

arising when α = 0. As α increases, the variance is greater than the mean by adding a

quadratic term. This is how the negative binomial captures the overdispersion, though

other forms of overdispersion could be considered.

Similar to a Poisson regression, the negative binomial regression is a GLM. Given

a log link function g(µi) = ln(µi) = xTi β, the mean of response variable is a function

of linear predictor µi = ex
T
i β.

2.2.4 Zero-inflated Poisson Model

In practice, overdispersion may be caused by an excess of zeros in observations. For

example Rodrıguez [56] found that although the Poisson model predicted that 21% of

biochemistry PhD graduates did not get papers published, the actual data showed this

proportion was 30% .This 9% gap was primarily a result of the Poisson model being

a poor fit that could not predict the number of zeros in the data. When analyzing

the tumor immune microenvironment, many tissue samples had zero positive cells that

need to be taken into account [65].

An alternative model to tackle the excess zeros is the zero-inflated Poisson model,

which assumes that the distribution of observations is a mixture of two distinct dis-

tributions. Hence, the zero observations have two sources: the structural zeros from

non-affected groups that yield zeros with probability one, and the non-structural zeros

from affected groups whose probability at zero depends on some covariates and the

Poisson distribution [33]. The zero-inflated model allows for estimation of these two

distributions or each group, respectively.

A zero-inflated Poisson model (ZIP) is proposed by Lambert [38], where the ob-
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servations are generated from two possible distributions: a point mass at zero with a

probability pi and a Poisson model Pois(λi) with a probability (1−pi). The probability

mass function of a ZIP model is:

Pr(yi) =


pi + (1− pi)e−λi for yi = 0

(1− pi)λ
yi
i e

−λi

yi!
for yi > 0

(2.12)

where the mean is E(yi) = µi = (1 − pi)λi and variance is V (yi) = µi + pi
1−piµ

2
i ,

respectively. As pi approaches zero, the mean and variance get closer and the ZIP

model reduces to the Poisson model. In addition, when the probability pi is expressed

with a logit link function and λi is expressed with a log link function, the regression

model is:

logit(pi) = ln(
pi

1− pi
) = zT

i γ (2.13)

ln(λi) = xT
i β (2.14)

where zi is a vector of covariates and γ is a vector of regression coefficients for the

zero-inflation part, respectively. xi and β are the covariates and regression coefficients

for the ZIP model. Depending on the choice of covariates, zi and xi may or may not

be the same.

2.2.5 Comparison of the Negative Binomial and Zero-inflated

Poisson Model

We consider three count models in this chapter: Poisson, negative binomial, and the

ZIP models. The Wald test and likelihood ratio test are only capable of comparing

nested models. The Poisson is nested within the negative binomial model, but the neg-
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ative binomial and ZIP model are not nested. For non-nested models using maximum

likelihood methods, the information criteria can be employed to select models.

Overdispersion Test

Since the Poisson is nested within the NB model, we can implement a likelihood ratio

test to test the Poisson model against overdispersion [48]. Given the dispersion param-

eter α, the null hypothesis is on the boundary of parameter space H0 : α = 0, whereas

the alternative hypothesis is HA : α > 0. The likelihood ratio test statistic is:

LR = −2[l(µ̂)− l(µ̂, α̂)] (2.15)

where l(µ̂) and l(µ̂, α̂) are the maximized log likelihood under the Poisson and the NB

regressions. Under the null hypothesis, LR is asymptotically χ2 distributed with 1

degree of freedom.

Information Criterion

Akaike Information Criterion (AIC) and Schwarz Bayesian Information Criterion (BIC)

have been frequently used for model selection. The idea of AIC is to assess the goodness

of fit and to penalize by adding the number of parameters to the model [5]. The formula

of AIC is:

AIC = −2L+ 2k (2.16)

where L is the maximized log-likelihood and k is the number of estimated parameters.

BIC follows the same idea but with a different penalty term. BIC penalizes stronger
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than AIC [44]. With the number of observations n, the formula of BIC is:

BIC = −2L+ k ln(n) (2.17)

The AIC and BIC for Poisson, negative binomial, and ZIP will be computed under

maximum likelihood estimation and the model with minimum AIC or BIC is preferred.

2.3 Point Pattern Analysis on the Cellular Level

2.3.1 Point Pattern and Point Process Models

Point pattern data are a set of locations of objects (or events) in a specified study

region that are considered the realization of a random process [7]. The study region

can be two-dimensional, three-dimensional, or multi-dimensional. In a two-dimensional

region, the location is typically recorded with Cartesian coordinates (x, y), which is

defined by x units on the horizontal axis and y units on the vertical axis. Each location

is thus represented by a point. In addition, if there are other data (or attributes)

attached to the points, they are referred to as marks. Points with marks are called

marked points and result in what is known as a marked point process.

A point process is a random process that generates the distribution of points in a

study region. Each point represents the time of an event in a temporal process. In

contrast each point represents the location of an event in a spatial process. Spatio-

temporal processes constitute both time and location (x, y, t). In our study, the sample

data are two-dimensional spatial data representing biomarker locations in a tumor

image.

Point pattern analysis is about the understanding of a point process. Determining
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the type of point process model (such as Poisson or Cox process) and examining the

spatial clustering/regularity between points (independent or dependent) are typical

research questions in this field.

The approaches can be divided into first-order properties and second-order proper-

ties [26]. The first-order properties examine the expected number of points in a study

region, whereas the second-order properties focus on the correlation between points.

The first-order properties are characterized by the intensity function and its kernel es-

timation. As regards to the second-order properties, the K function provides a possible

method to explore the data.

2.3.2 Intensity

Denoted as λ, intensity is the expected number of points per unit area. The mathe-

matical definition of intensity is [23]:

λ(s) = lim
ds→0

{E[N(ds)]

ds

}
(2.18)

where ds is a small region around the point and N(ds) is the number of points observed

in this region ds. The intensity can be constant or vary across regions. A constant

intensity means that the intensity is the same anywhere in the study region, which is

referred to as a homogeneous process. Given the number of points n(A) in a study

region A, the intensity for a homogeneous process is simply n(A)
|A| . When the intensity

varies from location to location, this is referred to as an inhomogeneous process, which

can model non-stationary data. One approach to estimate the intensity is the quadrat

method. The idea is to partition the study region into small sub-regions (or quadrats)

and to count numbers of points in each quadrat. Another approach is kernel smoothing,
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which produces an estimate λ(s) at each point s weighting points within a neighborhood

of s according to a kernel function [26]. In our study, we assume that the intensity in

a study region is constant and the data arise from a homogeneous point process.

2.3.3 Complete Spatial Randomness

The simplest point process is the spatial homogeneous Poisson process, under which

the number of points in a region is Poisson-distributed. Spatial homogeneous Poisson

process is also referred to as Complete Spatial Randomness (CSR). Under CSR, all the

points are independently and uniformly distributed in a study region and the intensity

or the mean of points per unit area is assumed constant [23]. Even though CSR is

hardly seen in practice, it is often used as a null hypothesis to investigate whether

points are random, clustered, or regulated.

Hypothesis testing of CSR can be constructed from either the nearest neighbor or

second-moment properties [22].

2.3.4 The F function and G function

The G function measures the distribution of distance from a point to its nearest neigh-

bors [23]. Given there are n points in the study region, the empirical distribution

function Ĝ(d) is:

Ĝ(d) =
1

n
#(di ≤ d) (2.19)

where di is the distance from the ith point to its nearest neighbors and #(.) denotes

the number of points in the given region. Under CSR with a constant intensity λ, the
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explicit theoretical expression of G(d) is:

G(d) = 1− eλπd2 (2.20)

The F function measures the probability of an arbitrary point having a point in the

neighborhood within a distance d [23]. Given there are m number of arbitrary points

selected to find the nearest point, the empirical distribution function F̂ (d) is:

F̂ (d) =
1

m
#(di ≤ d) (2.21)

Under CSR, the theoretical expression of F (d) is identical to G(d).

By comparing the empirical function Ĝ(d) (or F̂ (d)) with the theoretical form for

G(d) (or F (d)) under CSR, we are able to identify the degree of departure form CSR

and thus if the underlying points in the study region exhibit clustering (or a regular)

pattern.

2.3.5 The K Function

One of the drawbacks of the F function and G function is that only the nearest neighbors

are incorporated. The information about distance is incomplete and the influence of

edge effects is not taken into account [22]. As an alternative, we can use (Ripley’s)

K-function, which is a second-order method to allow for all the pairwise distances.

A spatial point process is isotropic if it is the same in any direction. For a stationary

isotropic point pattern, the K function is defined as [24]:

K(d) =
E(number of points within radius d of an arbitrary point)

λ
(2.22)
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where λ is the intensity of the point process.

In a homogeneous Poisson process (or CSR), the intensity λ is a constant number

λ̄. The expression for the K function is simply given by:

K(d) =
λ̄ · πd2

λ̄
= πd2 (2.23)

K(d) ≥ πd2 indicates clustering, since there are more points than expected under the

theoretical form for CSR. In contrast, K(d) ≤ πd2 indicates a regular pattern, since

there are less points than expected.

Various estimators of K have been proposed in the literature. The most commonly

used estimator with edge effects is given by:

K̂(d) =
1

λ̂2A

∑
i

∑
j 6=i

ω−1ij I(dij < d) (2.24)

where A is the area of the study region, λ̂ is the estimated intensity, dij is the distance

between ith and jth point, and I(.) denotes the indicator function. The weight function

ωij provides an edge correction.

Similar to the G function (or F function), we can plot the empirical function K̂(d)

against the theoretical form K(d) under CSR. For a homogeneous Poisson process,

spatial clustering is indicated by K̂(d) > πd2, while a regular pattern is represented by

K̂(d) < πd2.

2.3.6 The Cross-K Function

The K function only takes the location of an event into account, for example cell

locations in a tissue, the patient locations in a city, or the tree locations in a region.
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But each point may carry additional information, such as the phenotype of each cell,

the gender of the patient, or the species of the tree. The additional information is

presented as the mark for the point. A point pattern with more than one mark is

referred to as a multivariate point pattern. When working with a multivariate point

pattern, the previous K function yields to one univariate process; whereas we have a

multivariate process. However, in practice, we are also interested in the relationships

between different types of points. This gives rise to a generalization of the K function

for more than one type of point to allow for interactions. An example is to investigate

the relationship between CD8+ T cells and regulatory T cells. The cross-K function

of point i in respect to point j is given by [24]:

Ki j(d) =
E(number of type j point within a radius d of a type i point)

λj
(2.25)

The Ripley’s estimator of the cross-K function is similar to that of the univariate

K function:

K̂i j(d) =
1

λ̂iλ̂jA

∑
k

∑
l

ωik,jl I(dik,jl < d) (2.26)

where A is the area of study region, λ̂i, and λ̂j are estimated intensity, dik,jl is the

distance obtained from the data between the kth location of type i and the lth location

of point type j, I(.) denotes the indicator function; and ωik,jl is the edge correction

function. Ki j is the same as Kj i. Moreover, Ki i is just the univariate K function Ki.

The examination of the cross-K function can reveal potential relationship between two

point processes.

Suppose there are two types of points with subscript i = 1 and j = 2. Under the

null hypothesis that the two types of points are generated by an independent process,

the cross-K function is represented by K12 = πd2. When K̂12 > πd2, it indicates that
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the two types of points tend to cluster, that is to show up together. When K̂12 < πd2,

it suggests that the two types of points tend to be regulated and dispersed.

Diggle (2013) [23] indicated cross-K function and other summary functions (K,

F and G functions) should be used together with Monte Carlo simulation envelopes

to provide some statistical variability. Suppose that there are K times independent

simulations of cross-K function under CSR. For a given distance, the maximum value of

the simulated cross-K function becomes the upper bound; whereas the minimum value

of the simulated cross-K function formulates the lower bound. The interval between

lower and upper bound is the simulated envelope. If the empirical function falls outside

the simulation envelope bounds, this provides evidence against CSR. If the empirical

function falls above the upper envelope, more points are observed at the given distance

and the point pattern is clustered. If it lies under the lower bound, less points are

observed and this implies points are inhibited [26]. Figure 2.1 illustrates the estimated

cross-K function of two biomarkers. The shadowed area is the simulated envelope.

We can see that the estimated cross-K function lies outside the envelope, implying a

deviation from CSR.

2.4 Concluding Remarks

Depending on the way the data are collected, there are two approaches to analyze the

interaction between cells within the tumor microenvironment (TME). We enumerate

the theoretical models for tissue level data and cellular level data, respectively. The

explicit models for our study will be presented in the next chapter.
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Figure 2.1: The estimated cross-K function of CAIX and CD8+ cells for COEUR TMA
block A2-core A-14 with an envelope derived from 99 Monte Carlo simulations.
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Chapter 3

Analysis of Ovarian Cancer

Hypoxia plays an important role in the development of tumors. Increasing evidence

indicates that hypoxia is significantly associated with poor prognosis and unsatisfying

therapy outcomes [61, 63]. As a result, exploring the impacts of hypoxia on ovar-

ian cancer will enhance our understanding of the effects of hypoxia and promote the

development of cancer therapies.

The effects of hypoxia on ovarian cancer have been discussed in the literature,

including investigating the target gene expression under hypoxia [70], detecting the

molecular mechanism on hypoxia regulation [68], enhancing the ovarian cancer cell

responses [37], and the existence and functions of the hypoxia-inducible factors (HIFs)

[55]. In this study, our objective is to examine the relationship between hypoxia and

the distribution of T cells in the TME.

Carbonic Anhydrase IX (CAIX) is an enzyme to catalyze the reversible transfor-

mation from carbon dioxide and water into carbonic acid, proton, and bicarbonate

anion (H2O +CO2 = H+ +HCO−3 ) [40] and is regulated by the HIF. Among the two

subunits, the β-subunit is constantly expressed and insensitive to changes in oxygen

levels. But the expression of the other subunit HIF-1α heavily depends on the oxygen
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conditions. As we discussed in Chapter 1, under hypoxic conditions, the prolyl hydrox-

ylase domain-containing enzymes cannot be produced without sufficient oxygen. Away

from degradation, HIF-1α becomes stabilized and generates heterodimer with HIF-1β.

The heterodimer binds hypoxia response elements of the target gene and promotes the

adaptation of cells to a hypoxic microenvironment [70].

CAIX has been used by researchers as a biomarker for hypoxia in tumors. Evidence

shows that there is a high level of HIF-1α in ovarian cancer [55]. Therefore, we use

CAIX as the biomarker for hypoxia in the ovarian cancer study.

The immune system is initiated under the emergence of a tumor. The naive CD8+

cells, a T cell that differentiates in the thymus, are first differentiated into effector

CD8+ T cells. With the interaction between TCR and the antigenic peptide–major

histocompatibility complex (MHC), the effector CD8+ T cells are activated into cy-

totoxic and memory CD8+ T cells to fight against tumor cells [41]. These targeting

functions of CD8+ T cells are undertaken by producing cytolytic enzymes such as

granzyme B, interacting with receptors on cancer cells, and secreting cytokines such

as TNFα to induce the death of cancer cells [2].

The research question is focusing on investigating the relationship between hypoxia

and immune cells. To be more specific in our study, we are examining the relationship

between CAIX and CD8+ T cells in tumor images. Applying the methods discussed

in Chapter 2, the analysis is conducted in two levels: the tissue level and the cellular

level. The explicit models are built in the methods section.
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3.1 The COEUR Cohort

We concentrate on biological data from clear cell carcinoma, one of the five histological

subtypes in ovarian cancer. The tissue samples of clear cell carcinoma ovarian cancer

were obtained from the Canadian Ovarian Experimental Unified Resource (COEUR),

a platform to collect human epithelial ovarian cancer biological materials. The tissue

samples were obtained, cleaned and arrayed on tissue microarrays (TMAs). Tissue

microarrays (TMAs) are technologies to allow for simultaneously analyzing many tumor

samples on a single microscope glass slide, where hundreds of cylindrical holes are

punched and arrayed [58]. A sector map is first constructed as a reference for assembling

and scoring the TMA cores. A typical diameter of a cylindrical tissue core is 0.6 mm

and a representative tumor area from a donor is put in the core according to the sector

map.

Additionally, TMAs are hematoxylin & eosin (H & E) stained to detect cellular

and tissue structure. We make use of 2 biomarkers staining to identify the CAIX and

CD8+ T cells. After TMA slides are digitally scanned into a computer, the next step

is to score these digital images. The TMA scoring process is performed in QuPath [8]

and manually assessed by an expert.

The 202 donor patients in the COEUR cohort assemble two TMA slides (A2 and

B1). The scored cells are cataloged into three phenotypes (CAIX, CD8, and others),

and two tissue structures (tumor and stroma). TMA A2 assembles 173 valid cores and

TMA B1 has 203 valid cores. Figure 3.1 illustrates the COEUR TMA slide B1 and its

corresponding sector map. The brown staining area is CAIX and the dark blue stains

are CD8+ T cells. It is not unusual to see that the number of valid cores on the TMA

B1 is less than the number of cores on the sector map, as 19 cores are dropped due to
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(a)

(b)

Figure 3.1: COEUR TMA slide B1 and its TMA map. (a) A hematoxylin & eosin
stained TMA slide B1. The brown stains are hypoxia area and the blue stains are
CD8+ T cells. (b) The sector map of TMA layout containing 222 cores.

unclear scanning or no scored cells.

3.2 Methods

The Negative Binomial and Zero-inflated Poisson Regression Models

We will start with the tissue level analysis where the variables are cell counts of different

phenotypes computed at each tumor image. Given that there are S tissue samples on

a TMA slide (S = 173 for TMA A2 and S = 203 for TMA B1), CAIX cell counts

xi (i = 1, 2, . . . , S) and CD8+ T cell counts yi (i = 1, 2, . . . , S) are used to represent

the accumulated cell counts for each tissue sample. Since the image cores are nested

within TMA slides, there may exist a fixed effect (FE) for these blocks. Therefore,

we incorporate a fixed effect represented by zi in the statistical model. There are two
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Table 3.1: Count models for CD8+ T cell counts yi with coefficents β, covariates CAIX
cell counts xi, TMA fixed effect zi, and the point mass probability pi in ZIP model.

Models Model specification
Poisson ln(E(yi)) = β0 + β1xi
NB ln(E(yi)) = β0 + β1xi
NB with fixed effect (FE) ln(E(yi)) = β0 + β1xi + β2zi + β3xizi

ZIP
ln(E(yi)) = β0 + β1xi
with a probability (1− pi) = 1

eγ0+1

ZIP with fixed effect (FE)
ln(E(yi)) = β0 + β1xi + β2zi + β3xizi
with a probability (1− pi) = 1

eγ0+1

TMA slides A2 and B1 in our study cohort. zi = 0 if the tissue sample lies on TMA

A2 and zi = 1 if the tissue sample is from TMA B1.

Given the response variable of CD8+ T cell counts yi and the CAIX cell counts xi,

fixed effects zi, and the interaction between xi and zi, Poisson, ZIP, and NB regression

models are considered. Table 3.1 lists the five models considered. The log of CD8+

T cells is regressed on an intercept and a covariate in the Poisson and NB regression

models. The NB regression model allows for the variance being greater than the mean.

The NB with fixed effect regression model incorporates additional covariate zi and the

interaction between xi and zi. In regard to the ZIP models, only an intercept is included

in the regression of (2.12). That is, the probability of yi generated from a point mass

at zero is pi = eγ0
eγ0+1

and with a probability of (1− pi) = 1
eγ0+1

, yi is generated from a

Poisson distribution. The Poisson regression part of (2.13) in the ZIP regression model

is to regress the log of CD8+ T cells on the covariates.

The maximum likelihood method is implemented to compute the MLE for the five

models. By comparing AIC and BIC of the estimated regression models in Table 3.1,

we can compare models and interpret the regression coefficients to examine how CAIX

relates to CD8+ T cells.
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Cross-K Function

On the cellular level, we categorize cells according to three phenotypes: CAIX cells,

CD8+ T cells, and cells of other types. Taking the cell locations as a point pattern, we

can treat the cellular level data as a multivariate marked point pattern whose marks

are phenotype CAIX, CD8+, or others.

A polygonal boundary (the convex hull) is employed to define the window of the

point pattern. The boundary is the farthest point in all directions from the center.

Hence, the window (spatial domain) will change under different tissue samples. Let

Kcd8,ca9 denote the cross-K function of CD8+ T cells in regard to CAIX cells. The

theoretical cross-K function for a representative tissue sample Kcd8,ca9 is given by:

Kcd8,ca9(d) =
E(CAIX cell counts within a d radius of circle of a CD8+ T cell)

λca9

(3.1)

where λca9 is the intensity of CAIX over the window and E(.) is the expectation

function. Under CSR, Kcd8,ca9 = Kca9,cd8 = πd2.

From formula (2.26), on a representative tissue sample with M CAIX cell counts

and N CD8+ T cell counts over the spatial domain A, the estimated Ripley’s cross-K

function for an individual tissue sample is defined as:

K̂cd8,ca9(d) =
1

λ̂ca9λ̂cd8A

∑
m

∑
n

ωcd8n,ca9m I(dcd8n,ca9m < d) (3.2)

where dcd8n,ca9m is the distance between nth (n = 1, ...N) location of CD8+ T cells

and mth (m = 1, ...M) location of CAIX cells, and ωcd8n,ca9m is the edge correction

function. Since cores on TMAs are representative tissues taken from donor blocks,

Ripley’s isotropic correction estimate is appropriate to correct edge effects, which is

31



defined by the proportion of the circumference of a circle of nth location of CD8+ T

cell within a search circle that lies inside the window. The indicator function I( ) = 1

if dcd8n,ca9m < d is true, otherwise zero.

We then compare K̂cd8,ca9(d) with the theoretical cross-K functions Kcd8,ca9(d) =

πd2 under CSR to test the independence between CAIX cells and CD8+ T cells. A

clustered point pattern at a distance d is indicated by K̂cd8,ca9(d) > Kcd8,ca9(d) and

a regulated and dispersed point pattern at a distance d is suggested by K̂cd8,ca9(d) <

Kcd8,ca9(d). If K̂cd8,ca9(d) ≈ Kcd8,ca9(d), CAIX and CD8+ T cells are independent

processes.

Aggregate Simulation Envelopes for Cross-K Function

As we discussed in Chapter 2, Monte Carlo simulation envelopes can be employed to

assess the cross-K functions [23]. Suppose that there are T independent simulations

under CSR with estimated cross-K functions K̂(t)(d) for tth (t = 1, 2, ..., T ) replication.

For a representative tissue sample, the upper and lower envelope bounds are:

u(d) = max
t∈{1,...,T}

K̂(t)(d)

l(d) = min
t∈{1,...,T}

K̂(t)(d)

(3.3)

The intervals between u(d) and l(d) for a given distance d constitute the simulation

envelope for this representative tissue sample.

Our study consists of S tissue samples and therefore there is an envelope for each

individual tissue sample image. Let u(s)(d) and l(s)(d) denote upper and lower envelope

bounds for the sth (s = 1, 2, .., S) tissue sample. In their entirety, the simulated upper
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and lower bounds for the aggregate envelope are:

U(d) = max
s∈{1,...,S}

u(s)(d)

L(d) = min
s∈{1,...,S}

l(s)(d)

(3.4)

The intuition of aggregated envelope bound is straightforward. For any given distance

d, the maximum value of all the simulated upper bounds turns into the overall upper

bound; whereas, the minimum value of all the simulated lower bounds acts as the

overall lower bound for the aggregate envelope. The aggregate envelope bounds for all

the tissue samples are now [L(d), U(d)].

We can conclude about the point pattern by examining whether the estimated

cross-K function deviates from the envelopes [L(d), U(d)]. If the estimated cross-K

functions are within [L(d), U(d)] for a given distance d, CAIX cells and CD8+ T

cells are independent. On the contrary, if the estimated cross-K functions lie outside

[L(d), U(d)] for a given distance d, there exists an dependence between CAIX cells and

CD8+ T cells.

3.3 Discussion

The stroma, which is a component of TME to provide nutrients to cell proliferation,

has a distinct structure from the tumor. We therefore, will further distinguish the

results on tumor and stroma, respectively.

Figure 3.2 provides the scatter plots of CAIX and CD8+ T cell counts. It is

difficult to observe a relation between CAIX and CD8+ cell counts on Figure 3.2(a).

After taking the logarithm of CD8+ T cell count plus 0.1 to allow for zero cell count,

neither positive or negative relationship is observed on Figure 3.2(b). We start with the
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(a) Scatter plot of xi and yi (b) Scatter plot of xi and ln(yi + 0.1)

Figure 3.2: Scatter plot of CAIX cell counts xi and CD8 cell counts yi, and scatter
plot CAIX cell counts xi and natural log of CD8 cell counts yi plus 0.1.

computation of Pearson correlation coefficients between CAIX cell counts and CD8+

T cell counts. The computed values with 95% confidence intervals are presented in

Table 3.2. We can notice a variation between TMAs. The 95% confidence intervals

on TMA A2 all contain 0; whereas the 95% confidence intervals on TMA B1, TMA

B1 tumors, and TMA B1 stroma are all located underneath 0. There exists a negative

correlation between CAIX and CD8+ T cells on TMA B1 and there appears to be a

TMA effect.

The Spearman correlation coefficients are also computed and presented in Table 3.2,

whose 95% confidence intervals cover 0 in all tissue samples, except TMA B1 stroma.

There is weak evidence for a monotonic relationship between CAIX and CD8+ T cell

counts.

The Poisson, Negative Binomial, and Zero-inflated Poisson Model Selection

We apply five count approach methods to model the CD8+ T cell counts per tissue

core. As described in Table 3.1, these models are the Poisson, negative binomial(NB)

and zero-inflated Poisson (ZIP). The results of Pearson correlation coefficients suggest

a potential TMA fixed effect. A variety of models are obtained when taking TMA fixed

effects into account. Based on the tissue category, the alternative samples are entire
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Table 3.2: 95% Bootstrap confidence intervals for correlation between CAIX and CD8+
T cell counts for different tissue samples

Pearson correlation
TMA A2 B1

0.0282 -0.0788
(-0.0737, 0.1212) (-0.1076, -0.0408)

Tissue Tumors (n=177) Stroma (n=177) Tumors (n=208) Stroma (n=208)
0.077 0.0374 -0.0437 -0.0734
(-0.1032, 0.2313) (-0.0651, 0.1299) (-0.0746, -0.0094) (-0.1075, -0.0203)

Spearman correlation
TMA A2 B1

0.05567 -0.1533
(-0.0918, 0.2058) (-0.2886, -0.0184)

Tissue Tumors (n=177) Stroma (n=177) Tumors (n=208) Stroma (n=208)
0.0863 0.0773 -0.0194 -0.2477
(-0.0654, 0.2408) (-0.0728, 0.2292) (-0.1598, 0.1220) (-0.2850, -0.0119)

COEUR, tumor tissue, or stromal tissues. Applying the glmmTMB R package [12]

with constant terms, the AIC, BIC, and -2loglikelihood are presented in Tables 3.3 to

3.5.

The Poisson model has the largest AIC and BIC. In addition, the overdispersion

test is applied to test the null hypothesis of no dispersion against the alternative of

overdispersion. The computed p-values of the overdispersion test are 9.065× 10−4 (for

overall cell counts), 4.052× 10−3 (for cell counts in tumors), and 5.04× 10−3 (for cell

counts in stroma), leading to a strong rejection of the null. Thus, ZIP and NB models

are employed to allow for over-dispersion. ZIP models substantially reduce AIC and

BIC compared to the Poisson. Of the remaining models, the NB with TMA fixed effect

model yields the smallest AIC, BIC and the lowest -2log-likelihood, implying that this

is the best model for the cell counts of these models considered.

Regression coefficients, 95% confidence intervals, and p-values of NB models are

available in Table 3.6. It is observed that TMA has a significant impact on CD8+ T
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Table 3.3: Model comparison for all the COEUR tissue samples

Criteria Poisson ZIP ZIP with FE NB NB with FE
AIC 47847.92 47013.47 40599.816 3794.294 3715.946
BIC 47855.83 47025.33 40619.582 3806.154 3735.712
-2log-likelihood 47843.92 47007.47 40589.816 3788.294 3705.946
Df of resid 383 382 380 382 380

Table 3.4: Model comparison for tumors

Criteria Poisson ZIP ZIP with FE NB NB with FE
AIC 16984.34 15458.909 15361.89 2844.609 2842.507
BIC 16992.25 15470.768 15381.656 2856.468 2862.273
-2log-likelihood 16980.34 15452.909 15351.89 2838.609 2832.5
Df of resid 383 382 380 382 380

cell count. The estimates of TMA coefficients depend on the tissue category. The

interaction between CAIX and TMA B1 is significant at 1% significance level on

overall tissue and stroma, and 10% significance level on tumors. Based on Table

3.1, the explicit model specifications are (ln(yi|A2) = β0 + β1xi) at TMA A2 and

(ln(yi|B1) = β0 + β2 + (β1 + β3)xi) at TMA B1. The confidence interval of the CAIX

coefficient is conditional on the TMA. Taking the interaction between CAIX and TMA

into account, the 95% confidence interval of CAIX is provided in Table 3.7. It is ob-

served that the confidence interval for tissue samples on TMA B1 is smaller than 0,

suggesting a negative relationship between CAIX and CD8+ T cells; whereas the con-

fidence intervals of hypoxia on TMA A2 contain 0, meaning that hypoxia is likely to

be insignificant on TMA A2.

The NB model is preferred on the condition that overdispersion is caused by the

unobserved heterogeneity. We explore the dependence between CAIX and CD8+ T

cells by taking spatial information into consideration in the next section. Overall, NB

models show that TMAs have a significant CD8+ T cell count.
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Table 3.5: Model comparison for stroma

Criteria Poisson ZIP ZIP with FE NB NB with FE
AIC 38540.22 37401.19 29926.946 3464.317 3322.619
BIC 38548.13 37413.05 29946.712 3476.176 3342.385
-2log-likelihood 38536.22 37395.19 29916.946 3458.317 3312.619
Df of resid 383 382 380 382 380

Table 3.6: Estimated regression coefficients of NB model for different tissue samples

Covariate Coefficients Estimate 95% confidence intervals p-value

Overall (over-dispersion parameter α = 1.5205)
Intercept β0 4.4813 (4.2900, 4.6726) 0.0000
CAIX β1 0.0004 (-0.0009, 0.0004) 0.5538
TMA B1 β2 -1.0699 (-1.3296, -0.8102) 0.0000
CAIX×TMA B1 β3 -0.0032 (-0.0051, -0.0013) 0.0010

Tumor (over-dispersion parameter α = 2.2172)
Intercept β0 2.9919 (2.7580, 3.2258) 0.0000
CAIX β1 0.0089 (-0.0095, 0.0273) 0.3448
TMA B1 β2 -0.2500 (-0.5634, 0.0634) 01179
CAIX × TMA B1 β3 -0.0289 (-0.0611, 0.0033) 0.0780

Stroma (over-dispersion parameter α = 1.4882)
Intercept β0 4.2097 (4.0204, 4.3991) 0.0000
CAIX β1 0.0006 (-0.0008, 0.0019) 0.394
TMA B1 β2 -1.5474 (-1.8063, -1.2885) 0.0000
CAIX×TMA B1 β3 -0.0040 (-0.0062, -0.0018) 0.0003

Table 3.7: 95% Confidence intervals of hypoxia conditional on TMA from the NB
model regressions

Samples TMA A2 TMA B1
Overall (-0.00087, 0.00162) (-0.00425, -0.00137)
Tumor (-0.00955, 0.02732) (-0.04644, 0.00634)
Stroma (-0.00076, 0.00193) (-0.00511, -0.00170)
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Plots of Cross-K Functions

The estimated cross-K functions of CAIX and CD8+ T cells are computed. To provide

variability, Monte Carlo simulation is used to derive the combined simulated envelopes

under CSR. We run 50 to 999 Monte Carlo simulations, observe the simulated en-

velopes, and label the core that has a visual stable envelope. We find that a minimum

intensity 4 × 10−5 is set to keep the stability of Monte Carlo simulation under the

law of large numbers. We compute the cross-K function for the cores with intensity

greater than 4×10−5. When 99 Monte Carlo simulations are employed, the probability

that the estimated cross-K function lying outside the envelope is 2%. Hence, the 98%

envelopes are simulated and aggregated so that they align with the plots for estimated

cross-K functions of CAIX and CD8+ T cells in Figure 3.3.

As we can observe, there are more tissue cores on TMA A2 after putting a threshold

for intensity. When all the sample tissues are taken in account, the estimated cross-

K functions K̂cd8,ca9(d) on Figure 3.3(a) show that most tissue cores lie within the

envelopes. We see 4 tissue cores from TMA A2 are observed above the envelopes,

providing evidence in favor of a clustering pattern. The only estimated cross-K function

located under the envelopes is a tissue core from TMA B1, which CAIX and CD8+ T

cells are regulated in their pattern.

Since tissue category is an important feature for TME, we estimate cross-K func-

tions of CAIX and CD8+ T cells by tissue category, respectively. Figure 3.4 illustrates

the estimated cross-K functions of CAIX and CD8+ T cells by tissue category.

Figure 3.4(a) and Figure 3.4(b) focus on tumor regions. It is found that the esti-

mated cross-K functions of 3 cores on TMA A2 are located in the envelopes and there

is no dependence between CAIX and CD8+ T cells. On the other hand, it is observed
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that 2 cores on TMA A2 and 1 core on TMA B1 deviate from the envelopes, which

means CAIX and CD8+ T cells are regulated on these 3 cores.

With respect to stroma plotted on Figure 3.4(c) and Figure 3.4(d), the estimated

cross-K functions are observed spanning within and outside the envelopes. The depen-

dence between CAIX and CD8+ T cells on TMA A2 is ambiguous. The evidence is

inconclusive. Only 2 cores on TMA B1 are used to estimate the cross-K functions with

no evidence of dependence between CAIX and CD8+ T cells.

(a) All the tissues (b) All tissues by individual TMA

Figure 3.3: Estimated cross-K functions of CAIX and CD8+ T cells with aggregate
envelopes (gray area). The yellow curve is the median value of all the envelopes for
overall cores.

3.4 Concluding Remarks

The evidence indicates a strong TMA effect. The relation between CAIX and CD8+ T

cells highly depends on TMA. On TMA B1, the 95% confidence intervals of correlation

suggest CAIX and CD8+ T cells are negatively corrected. The negative relation is

observed on the overall (and stroma) of TMA B1 in the negative binomial model. The

cross-K functions support this negative correlation on TMA B1. The cross-K function

plots discover that CAIX and CD8+ T cells are regulated, that is to say, repel each

other at TMA B1. Tissue category has an influential impact on cross-K functions.
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(a) Tissue category = tumor (b) In tumor on individual TMA

(c) Tissue category = stroma (d) In stroma on individual TMA

Figure 3.4: Estimated cross-K functions of CAIX and CD8+ T cells with envelopes
across tissue samples and TMAs. The yellow curve is the median value of all the
envelopes presented in the figure.

CAIX and CD8+ T cells on tumors are more regulated, compared with TMA B1

stroma.

But on TMA A2, the relation between CAIX and CD8+ T cells are inconclusive.

The range of 95% confidence intervals of correlation contains 0 and the estimated cross-

K functions spanning inside and outside the Monte Carol simulated envelopes. Thus

the level of noise produces any statement as the signal. Clustering, regulation, and

independence are all observed on TMA A2. Tissue category also appears to impact

the point the spatial structure of the pattern. Clustering is not observed on TMA A2

tumors. CAIX and CD8+ T cells on TMA A2 are likely to be regulated on tumor

tissue.

To summarize, a pronounced heterogeneity is found in the samples. TMA and

tissue category have a strong impact on the relation between CAIX and CD8+ T cells.
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We see a variability between TMA A2 and B1. The relationship between CAIX and

CD8+ T cells is inconclusive on TMA A2. But a negative relationship is observed at

TMA B1. Tissue category is an important factor. CAIX is negatively associated with

CD8+ T cells on TMA B1 stroma, which is not observed on TMA B1 tumor in the

negative binomial model. When taking the spatial domain into account, we observe

that CAIX and CD8+ T cells within the tissue core repel each other in the tumors of

TMA B1.
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Chapter 4

Future Work and Conclusions

In this paper, we investigate the relationship between CAIX and CD8+ T cells. There

may be some evidence that CAIX and CD8+ T cells are correlated, depending on TMAs

and tissue category. This evidence is not strong. The negative correlation between

CAIX cell counts is observed on TMA B1. The negative binomial model indicates a

negative relationship between CAIX and CD8+ T cell counts on the TMA B1 stroma.

Additionally, the estimated cross-K function on TMA B1 tumor demonstrates that

CAIX repels CD8+ T cells within TME.

Further work can be conducted to improve both the dataset and statistical anal-

ysis. NB models hold a superior performance when handling overdispersion induced

by unobserved heterogeneity for these data. The variability between TMAs can be

attributed to the heterogeneity in tissue cores. One aspect of future work is to in-

corporate more characteristics of the tissue in the NB model, such as donor age [13],

tumor grade and genetics [62] to reduce the heterogeneity.

Survival rates of ovarian cancer are major interest and the other potential exten-

sion for future analysis is to include survival data. The survival model is a potential

approach to analyze cancer survival in relation to CAIX and CD8+ T cells. If we track
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patients and keep a record of a donor’s tissue change over multiple years, it is useful

to probe how the dependence of CAIX and CD8+ T cells varies on a time frame and

how it relates to survival rates.

The other possible improvement of the thesis is to account for the measurement

errors in cell counts by developing new joint negative binomial and survival models. A

Bayesian hierarchical model can be built to join these models.

When multiple-year tissue data is available, the other possible approach is spatial-

temporal point pattern analysis by considering longitudinal analysis of point patterns.

Such an analysis can give us more insight about whether the clustering, independence,

and regulated point patterns change over years.
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