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ABSTRACT
Breast cancer continues to be the most diagnosed cancer in the United States,
affecting one in eight women and the second leading cause of cancer death. Despite
advancements in treatment therapies and early detection strategies, cancer health disparities
remain for racial and ethnic minority groups with African American women having the
highest overall breast cancer mortality rate. Current research suggests biological
differences in the extracellular matrix (ECM) among racial and ethnic groups, thus
contributing to the incidence and mortality in African Americans.
Our research is focused on investigating racial disparities in breast cancer utilizing
machine learning (ML) and artificial intelligence (AI) techniques to examine breast cancer
morphologies between racial groups. To evaluate morphological patterns of the ECM
between racial groups, we developed an interpretable AI framework that can differentiate
between African American and Caucasian histology images at a high level of accuracy.
Our machine learning classifier was designed with a model provided by PyTorch’s
torchvision package, ResNet50. Our model resulted in a classification accuracy of 92.1%
when evaluating 20% of our breast cancer histology images. Results were analyzed using
local interpretable model-agnostic explanations (LIME) and saliency mapping for model
interpretability. LIME highlighted regions of the image deemed significant for output
classification. Saliency mapping-colored pixels in the input image were responsible for the
output classification. Both, saliency mapping and LIME highlighted regions of the ECM
and the interface of tumor tissue, indicating machine-detected differences between our two
racial groups.
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We created an AI model using a cloud-based platform, Aiforia (Aiforia Inc.,
Cambridge, MA), to evaluate protein expression of human breast cancer biopsy samples
from African American and Caucasian women. Tissues were immunohistochemically
(IHC) stained with monoclonal antibodies, Vimentin, CD29/β1 integrin, and α-SMA to
identify cancer-associated fibroblasts (CAF). Our AI model identified the total tissue
surface area and quantified the total number of positive CAFs. Statistical analyses showed
Caucasian women having a higher number CAFs in tissues stained for CD29 and α-SMA
than African American women. To confirm genetic expression differences between
African American and Caucasian breast cancer patients, laser micro-dissection (LMD),
ribonucleic acid (RNA) extraction, and sequencing techniques were performed.
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CHAPTER ONE
INTRODUCTION AND BACKGROUND
Breast Cancer and Racial Disparities
Approximately one in eight women in the United States will develop breast cancer
in her lifetime and is the second leading cause of death amongst women (Stringer-Reasor
et al. 2021). Incidence and mortality vary amongst different racial groups (Danforth Jr
2013). Women of African American descent are disproportionately affected by breast
cancer compared to their Caucasian counterparts. Although Caucasian women have a
higher incidence rate overall, African American women have a 42% higher mortality rate
than the comparable rate for Caucasian women (American Cancer Society 2019). African
American women have higher incidence rates than Caucasian women before the age of 40
and are most frequently diagnosed with the most aggressive subtype, triple-negative breast
cancer (TNBC). Approximately 21% of breast cancers in African American women are
triple negative which is almost double the proportion when compared to other racial
groups. Racial disparities can be attributed to socioeconomic differences, however, it is
increasingly being recognized these disparities may be due to unique genetic and nongenetic biological factors (Deshmukh et al. 2017). Developing evidence suggests breast
cancer patients from different racial backgrounds have biological variations in the tumor
microenvironment.

i

Figure 1: United States age-adjusted mortality rates of breast cancer patients categorized
by race/ethnicity from 2015-2019.
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Triple Negative Breast Cancer
There are four common breast cancer subtypes: luminal A, luminal B, HER2
positive, and triple negative. Luminal A is the most common subtype accounting for 5060% of all breast cancers(Carey et al. 2006). Luminal A is characterized by its higher levels
of estrogen receptors and the expression of luminal cytokeratin. Patients diagnosed with
luminal A breast cancer typically have better prognoses due to lower grade tumors and
better hormonal therapy treatments. Luminal B tumors are more aggressive, have higher
recurrence rates and lower survival rates than Luminal A subtypes (Creighton 2012).
Luminal B subgroups have increased expression of proliferation genes including Cyclin
E1 and estrogen receptor-positive, progesterone receptor-negative, and positive for HER2
overexpression. Patients diagnosed with luminal A breast cancer are usually treated with
chemotherapies. HER2-positive tumors are mostly negative for estrogen and progesterone
receptors but positive for overexpression of HER2. HER2-positive cancers account for 1520% of tumor profiles. These tumors are highly proliferative and more than 40% are
associated with p53 mutations (Tsutsui et al. 2003). Basal-like cancers, often referred to as
triple negative, are defined by the lack of expression of estrogen (ER) and progesterone
receptors (PR), and lack of overexpression of human epidermal growth factor 2 (HER2;
OR ERBB2) (Yao et al. 2017). TNBC is characterized by its distinctive molecular profile,
aggressive nature, lack of targeted drug therapies, and metastatic patterns (Foulkes, Smith,
and Reis-Filho 2010). TNBC accounts for approximately 15-20% of all breast cancer
profiles, mostly occurring in premenopausal women under 40 years old (Sporikova et al.

3

2018). Compared with other subtypes of breast cancer, TNBC has the poorest prognosis
with a 40% mortality rate within five years post-diagnosis (Yin et al. 2020).
Epithelial-Mesenchymal Transition
Epithelial-mesenchymal transition (EMT) is implicated in three processes:
development, wound repair, and cancer. It is often a reversible process that plays a role in
the restoration of epithelial and endothelial integrity during wound repair and gives rise to
new cell and tissue types during development (Derynck and Weinberg 2019). However,
EMT contributes to cancer progression through its mesenchymal properties that enable
increased cell migration and invasion of secondary organs (Derynck and Weinberg 2019).
Epithelial cells lose their tight and adherent junctions that keep them in contact with
neighboring cells and gain mesenchymal properties such as motility, ability to break
through the basement membrane, migrate to distant anatomic sites, and fibroblastic
morphology (Kalluri and Weinberg 2009). Epithelial cells undergoing EMT, begin to
express mesenchymal markers such as vimentin and α-SMA, and shed their expression of
epithelial markers such as E-cadherin. E-cadherin is a tumor suppressor protein,
responsible for the assembly of epithelial cell sheets and maintaining the dormancy of cells
within sheets (Hanahan and Weinberg 2011).
Recent studies have shown cells undergoing EMT do not always shift completely
to

epithelial

or

mesenchymal

states,

but

instead

convey

cells

of

mixed

epithelial/mesenchymal characteristics, which are referred to as quasi-mesenchymal
(Zhang et al. 2022). Quasi-mesenchymal cell states can be diverse, varying in degrees of
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epithelial and mesenchymal features, depending on the biological contexts (Yang et al.
2020). The activation and progression of quasi-mesenchymal cells on the spectrum can
lead to extensive phenotypic heterogeneity within tumors. Quasi-mesenchymal cells are
more capable of metastasizing and forming secondary tumors throughout the body than
mesenchymal cells. The diversity of quasi-mesenchymal cell states are enriched in
circulating tumor cells (CTCs), reflecting on the heterogeneity within primary tumors(Yu
et al. 2013). They have increased adaptability and resistance in response to external and
physiological stressors (Nieto et al. 2016; Chaffer et al. 2016). Various hybrid states may
provide survival advantages in distinct environments through the ability to navigate
multiple steps of the metastatic cascade to reach various tissues (Yang et al. 2020).
Weinberg and Zhang wanted to better understand quasi-mesenchymal cells and
how they are able to form life-threatening metastasis. Utilizing CRISPR gene editing
technology, two complexes were identified and studied further, the PRC2 and KMT2DCOMPASS (Zhang et al. 2022). Both complexes help to activate or inactivate genes
making cells more prone to transitioning along the EMT spectrum. When data from breast
cancer patients was observed, patients with impaired PRC2 complex genes had the worst
prognosis and outcomes indicating the quasi-mesenchymal cells are most likely to
metastasize.
Extracellular Matrix
The tumor microenvironment (TME), also known as the stroma, is comprised of
several different cell types such as immune cells, epithelial and endothelial cells,
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mesenchymal stem cells, cancer-associated fibroblasts, inflammatory cells, and the
extracellular matrix (ECM) (Santos Ramos et al. 2017). The ECM components are
significant biological players in breast cancer progression through biochemical and
mechanical cues and are found to promote breast cancer progression and metastasis
(Oskarsson 2013). The composition of the ECM changes significantly during breast
cancer-promoting metastatic spread (Lu et al. 2011). Although socio-economic factors
contribute to the racial disparities in breast cancer, emerging evidence suggests the ECM
is partially responsible. The ECM in African American breast cancer populations when
compared to Caucasian populations is distinctly different due to higher vessel density,
elevated cytokines, and increased macrophage recruitment resulting in poorer clinical
outcomes (Deshmukh et al. 2017). African American patients have higher levels of proinflammatory cytokines, that support cell proliferation and invasion when compared to
Caucasian patients (Stewart et al. 2013). Elevated tumor-associated macrophages (TAMs)
in African American patients promote cancer cell growth and increased angiogenesis. A
previous study reported micro vessel density of African American tumors was higher than
Caucasian patients, resulting in increased angiogenesis and macrophage recruitment
(Martin et al. 2009).
Cancer-associated Fibroblasts
Fibroblasts that become activated in the ECM are defined as cancer-associated
fibroblasts (CAFs). Cancer-associated fibroblasts are one of the most important and
abundant cells in the ECM resembling spindle-shaped myofibroblasts (De Wever et al.
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2008). CAFs can arise from various cell types such as endothelial cells, adipocytes, smooth
muscle cells, and normal fibroblasts through transition mechanisms (Gunaydin 2021).
CAFs can originate by a similar mechanism seen in myofibroblasts during wound repair
by tumor-derived factors such as tumor cell-derived TGF-β and fibroblast growth factor
(FGF) (Shiga et al. 2015). The expression of α-SMA, a CAF-specific gene, is a result of
the mesenchymal-mesenchymal transition (Gallagher et al. 2005). The CAF population can
also be attributed to the induction of the EMT process by factors such as epidermal growth
factor (EGF) and TGF-β (Kalluri and Zeisberg 2006). CAFs are understood to be a
heterogeneous population of cells, lacking specific markers to represent the entire CAF
population. Several markers are generally used as a CAF markers such as α-SMA,
vimentin, and platelet-derived growth factor receptor (PDGFR), however, these markers
are not specific for solely CAFs or solely to fibroblasts (Orimo and Weinberg 2007; Han,
Liu, and Yin 2020). During would repair, fibroblasts are turned into myofibroblasts,
gaining functions of producing larger amounts of ECM and increased proliferation. When
wound repair is complete, activated fibroblasts are reversed or removed from the tissue via
nemesis (Räsänen and Vaheri 2010). Prolonged activation of fibroblast activity is thought
to be a result of irreversible activation (Cirri and Chiarugi 2011).
CAFs play supportive roles in tumor growth and progression of cancer(Gunaydin
2021). Stephen Paget proposed the “Seed and Soil” hypothesis over a century ago
suggesting the ECM, “soil”, facilitates tumor growth and migration (Paget 1889). Studies
have demonstrated that CAFs employ a multitude of effects on tumor progression and are
also able to affect cancer cell invasion (Schauer et al. 2011). Fibroblast cells were found to
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trigger proteolytic and structural changes within the ECM to allow for cancer cell invasion
(Gaggioli et al. 2007). It is proposed CAFs may affect cancer cell resistance to therapeutic
strategies. CAF-targeted therapeutic approaches continue to be studied to understand the
role of CAFs and the ECM in terms of drug resistance. In breast cancer, studies have shown
that CAF repertoire changes over time during cancer progression making it difficult to
precisely target specific CAFs (Friedman et al. 2020).
CAFs have a dynamic interrelationship with TAMs playing important tumorpromoting roles in initiation and progression(Gunaydin 2021). TAMs were originally
thought to arise from circulating monocytes released from the bone marrow, however,
TAMs are generated from multiple cell populations. In breast cancer, isolated CAFs could
facilitate the differentiation of monocytes into pro-tumoral macrophages(M2) (Gok Yavuz
et al. 2019). M2 TAMs activate CAFs and can influence mesenchymal-mesenchymal
transition of fibroblasts, thus promoting tumor progression (Comito et al. 2014). Mutually,
CAFs can change M1 macrophages, which have pro-inflammatory phenotypes, into M2
macrophages that promote cell proliferation (Italiani and Boraschi 2014). CAFs and TAMs
collaboratively increase the metastatic potential of cancer cells arriving in the secondary
site and can alter functions of other stomal and tumor cells (Chiarugi 2013; Doak,
Schwertfeger, and Wood 2018). In breast cancer, CAFs and TAMs increased motility of
breast cancer cells, increased EMT-related gene expressions, and increased cell
proliferation in vitro (Gok Yavuz et al. 2019).
For this project, biopsy samples were stained for three monoclonal antibodies
identified as CAFs: α-SMA, CD29 or β1 integrin, and Vimentin. α-SMA is expressed by
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fibroblasts and myofibroblasts, which are required for tissue remodeling that occurs during
wound repair (Mishra et al. 2008). Previous studies have demonstrated that α-SMA
expression correlates significantly with poorer prognoses and increased development of
metastatic disease (Yamashita et al. 2012). CD29 is the most expressed integrin in tumorassociated cells and controls tumor progression and metastasis (Li et al. 2005). Studies
have shown CD29 to contribute to tumor cell survival through cell-to-cell interaction,
activate growth factor receptors resulting in increased metastasis, initiation, and
maintenance of tumor growth (Desgrosellier and Cheresh 2010). Higher CD29 expression
has been shown to critically mediate breast cancer progression and is associated with
decreased survival and poorer prognosis (E. S. Yao et al. 2007). Vimentin is a structural
protein expressed mostly by fibroblasts that play a role in regulating cell function, normal
morphology of cells, and anchoring in the nucleus and organelles (Chen, Fang, and Ma
2021). Vimentin acts as a marker of EMT, migration, invasion, and adhesion to tumor cells
(Liu et al. 2015). Studies have proved Vimentin is required for cancer-associated
fibroblasts motility during tumor cell invasion and promotes cell migration through its
regulation of the structure of endothelial cells (Richardson et al. 2018). Patients with triplenegative breast cancer with increased expression of vimentin led to increased invasiveness
and poorer prognoses (Chen, Fang, and Ma 2021).
Machine learning and Artificial Intelligence
AI and ML approaches are becoming more integrated into cancer care to potentially
improve the accuracy and speed of diagnoses and aid in clinical decision-making. ML
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approaches including supervised and unsupervised learning have been integrated to predict
early recognition, recurrence, prognosis, and subtyping cancer. AI models use various
inputs such as histopathology and radiology images to aid in accurately diagnosing,
subtyping, and predicting prognosis. Studies have shown deep learning computer-assisted
detection systems perform well in assisting radiologists to improve the accuracy of
mammography screenings(Rodríguez-Ruiz et al. 2019). Convoluted neural networks
(CNN) are commonly utilized models in clinical research. Earlier studies have applied
CNN-based models to differentiate low- and high-grade cancers, subtype lung tumors, and
distinguish malignant and benign tumors. A study successfully trained three CNN models
using gene expression analyses from over 10,000 samples from 33 different cancer
types(Mostavi et al. 2020). Deep learning classification approaches have been applied to
predict drug efficacy, predicting absorption, distribution, and elimination of new drugs. A
recent study screened cancer cell lines with anticancer drugs and investigated various
molecular factors that may affect drug response (Iorio et al. 2016). Another study screened
for chemicals against heavily translated cell models of diverse lung cancer lesions and
identified chemical-genetic relationships that revealed targetable susceptibilities
(McMillan et al. 2018).

10

CHAPTER TWO
MATERIALS AND METHODS
Image acquisition (TCGA)
Whole slide breast cancer images were acquired from the Genomic Data Commons
(GDC) Data Portal repository (Figure 2). Biospecimens files were selected for the data
category. Default filters under the cases tab selected were primary site, program, gender,
race, and ethnicity. Females who identified as non-Hispanic or Latino, and
White/Caucasian or Black/African American from the Cancer Genome Atlas (TCGA)
program. AJCC pathologic stage case filter was added to maintain consistency across
different patient samples for analysis, and stage iia was selected due to its robust data set
for both racial groups. All data files were added to the GDC cart in two groups based on
race for downloading. A manifest file for each racial group was generated to download
whole slide images (WSI) and upload to Clemson’s Palmetto Cluster with the GDC data
transfer tool. Each WSI was saved in the digital slide image file format (svs) and cropped
into an image (.jpg) file of uniform size to reduce bias using Histomics UI (Figure 3). The
final data set consisted of 100 white/Caucasian and 100 black/African American WSI. The
resize transpose operation in the Torchvision package was run to ensure uniformity of
image size. Each image was converted to a tensor size (1116, 2011,3) in preparation for
transfer learning models. Approximately 25% of the images were used for model training.
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Figure 2: Image of GDC Data Portal repository.

Figure 3: Histomics UI used to crop histology images.
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Transfer Learning & Choosing a Model
A transfer learning approach was chosen for this project for increased accuracy of
our smaller data set. Our annotated data were not sufficient to adequately train the model,
therefore all models tested were pre-trained using transfer learning in ImageNet. AlexNet,
a pre-trained model in the Torchvision package, was a baseline for the initial training
operation at 100 epochs and batch sizes of 16. The model version with the highest training
accuracy was selected as the final model. Several models such as AlexNet, variations of
ResNet, GoogLeNet, Inception, SqueezeNet, and ShuffleNet, were tested for best
performance. All models were created with the Torchvision package and trained with the
training data set. After comparing model accuracies and training times, ResNet18 and
ResNet 50 were chosen as the top performing models. ResNet-50 is a pre-trained 50-layer
convolutional neural network that can classify images into more than 1000 object

categories (He et al. 2016).

Figure 4: Standard ResNet50 model.
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Standard Vision Transformer (ViT)
Standard Vision Transformer (ViT) is a powerful ML tool for tasks such as Neutral
Language Processing and computer vision tasks (Dosovitskiy et al. 2020). The ViT
framework divided our images into small patches, and embedded each patch by linear
projection layers and position encoding. The result sequence was fed to a transformer
framework with a multi-head self-attention mechanism. A multiple linear perception
(MLP) net was added after the transformer. A classification head was appended to generate
the classification results.

Figure 6: Standard Vision Transformer.
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LIME
Local interpretable model-agnostic explanation (LIME) is an interpretation method
used to explain individual prediction of black box machine learning models (Ribeiro,
Singh, and Guestrin 2016). LIME generated a disconcerted dataset around the instance to
explain and treat corresponding outputs of the black-box model as a label. LIME then
trained an explainable model with the generated dataset. LIME was implemented into an
image domain to find super-pixels or segments of significance that affect the prediction of
the deep image classifier. Pixels of significance were highlighted green if they positively
contributed to the image classification or red if they negatively impacted the image
classification.
ξ(x) = argming∈GL(f, g, πx) + Ω(G)

Figure 6: LIME explainer model.
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Saliency Mapping
Saliency maps were created for each histology image for an additional explanation
of areas of significance for image classification. Saliency maps alone were not useful in
visualizing the model predictions; therefore, saliency output was split into thresholds in
attempt to identify pixels of significance at various levels of impact. A colormap of tiers
of impact was created with modified opacity and overlaid onto the original image. This
allowed for areas of greater significance to be highlighted and identified from the model
prediction output. The original images were hematoxylin and eosin (H&E) stained,
indicating tissues in shades of pink and purple hues. The saliency map tiers overlayed blue
and orange/red pixels, with orange/red being the tier of highest significance, based on the
identified pixels’ level of impact for image classification.

Figure 7: Saliency mapping output; original tiers are translucent, blue
indicates the second tier, orange/red indicates the third tier
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Tissue Sectioning & Laser Microdissection
Formalin-fixed paraffin (FFPE) embedded biopsy tissues were acquired from
Cutting Edge Biomed Inc., La Jolla, CA and Prisma Health Hospital, Greenville, SC.
Sixteen samples were from Caucasian patients and seven African American patients
diagnosed with triple-negative breast cancer. Seven biopsy samples were used from each
racial group. Prior to sectioning tissues, PEN membrane slides (Thermo Scientific™,
Waltham, Massachusetts) and forceps were placed under ultraviolet radiation (UV) light
in a BSL2 hood for 40 minutes for sterilization. Five-micron thick samples were placed
onto PEN membrane slides and allowed to dry for two hours. Slides were deparaffinized,
stained with hematoxylin, and allowed to air dry in an RNase-free container in a BSL2
hood for ten minutes.
Following the Leica Laser Microdissection user manual protocol, tissues of interest
were defined, and laser cut in 30-minute increments to reduce the degradation of RNA. All
laser dissected tissues were captured in microdissection caps that contained 65µl of Buffer
RLT (Qiagen RNeasy Micro Kit). Tissues were lasered with the following settings: Power
60, Aperture 11, Speed 6, and Specimen balance 31. Settings were modified if necessary
for more dense tissues. At least two microdissection caps were collected from each biopsy
sample: one capturing stromal cells and one capturing luminal tumor cells. Approximately,
2 million µm2 of each tissue population was collected in each microdissection cap. Each
microdissection cap was placed on a microdissection tube and placed on dry ice
immediately. Micro-dissected samples were stored in a -80˚C freezer in preparation for
RNA extraction.
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(Gilbrich-Willie and Liebig 2011)
Figure 8: Illustration of laser microdissection process. The region of interest is defined
and outlined, laser beam controlled by optics along the outline, the specimen is collected
into a collecting cap.

Figure 9: Laser-microdissection of hematoxylin-stained mammary epithelial tissue.
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LMD RNA Extraction
The Qiagen RNeasy Micro Kit (Hilden, Germany) was utilized to extract total RNA
from micro-dissected samples. Sample quality and quantity were obtained with a
NanoDrop One Spectrophotometer (Thermo Scientific™, Waltham, Massachusetts).
Samples were aliquoted to required concentration amounts for further processing by
Novogene USA Cali etc. Samples were stored in a -80˚C freezer prior to shipping to
Novogene Cooperation for RNA sequencing.
Total Tissue RNA Extraction
FFPE breast cancer tissue samples were sectioned at 15 microns thick. One tissue
section for each sample was placed into an RNAse free 1.5ml tube. The Qiagen RNeasy
FFPE kit (Hilden, Germany) was used to extract total RNA from FFPE samples. Sample
quality and quantity were checked with a NanoDrop One Spectrophotometer (Thermo
Scientific™, Waltham, Massachusetts). Samples were aliquoted to required concentration
amounts for further processing by Novogene, Cooperation (Sacramento, California).
Samples were stored in a -80˚C freezer prior to shipping to Novogene Cooperation for
RNA sequencing.
Aiforia
WSI were obtained at 40X magnification from patient biopsy samples of 16
Caucasian and seven African American patients. Three biopsy tissue slides from each
patient were immunohistochemically stained for monoclonal antibodies CD29, Vimentin,
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or α-SMA. Sixty-nine WSI were uploaded to the Aiforia cloud-based platform (Aiforia
Inc., Cambridge, MA) and 25% were utilized to train the AI model. The 2-layer AI model
consisted of a tissue layer by detecting the biopsied tissue region and removing the glass
slide and debris artifacts as background. Once the tissue layer was established, the AI
model identified cancer-associated fibroblasts (CAF) as the cell layer. Quantified
individual cells were established by those staining positive for CD29, Vimentin, or α-SMA.
The model was trained by one researcher who provided manual annotations for each layer
using 70 mm2 training data on the tissue layer and 1759 object annotations on the CAF
layer. Training occurred for 15,000 iterations and the training parameters are denoted in
Table 1.

Field of View
Complexity
Scale
Aspect Ratio
Maximum shear
Luminance
Contrast
Maximum white
balance change
Noise

Tissue
225
Complex
-5/+5 (min/max)
5
5
-2/+2 (min/max)
-5/+5 (min/max)
1

CAF
Automatically
determined by
platform
Very Complex
-10/+10 (min/max)
10
10
-10/+10 (min/max)
-10/+10 (min/max)
2

1

1

Table 1: Aiforia model training parameters.
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Figure 10: Artificial intelligence (AI) program with supervised manual annotations of
protein expression from whole-slides images captured at 40X magnification; a) IHC image
stained with CD29 monoclonal antibodies; b) tissue detection and region of interest
highlighted in green; c) positive CD29 cell detection highlighted in yellow; d) overlay of
tissue regions and CD29 positive cells; e) zoomed in visual to verify the AI program is
measuring only positively stained cells.
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CHAPTER THREE
RESULTS
Transfer Learning Results
Following testing of various models, AlexNet and ResNet 50 produced the highest
percentage of accuracy results (Table 2). Although AlexNet had a higher normalized
mutual information score, ResNet50 was selected as the model of choice due to its slightly
higher F1-Score and shorter training time. An F1-Score is a measurement of a model’s
accuracy on a dataset and the harmonic mean of the model’s precision and recall(Wood
n.d.). Accuracy is the percentage of correct predictions out of total number of predictions.
Normalized Mutual Information (NMI) is the measurement for determining the quality of
clustering of the dataset(Zhu, n.d.). Data output from LIME and saliency mapping were
qualitative data, interpreted by investigators. LIME output showed green highlighted areas,
indicative of areas positively contributing to the models’ ability to classify images
correctly, and red highlighted areas, indicative of areas negatively impacting image
classification. Areas of significance for positively impacting image classification were
found mostly in the ECM and tumor interfaces (Figure 11) for both African American and
Caucasian histology images. Compared to LIME, our saliency map analyses illustrated a
similar pattern; pixels of significance were found in most regions of the ECM.

.
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Table 2: Accuracy and F1 score for each model architecture tested
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Figure 11: Image results using ResNet50 classifications. LIME and saliency map
analysis illustrated across African American and Caucasian patients. Selected images
provide higher magnification for visual detail.
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Aiforia Results
Verification results showed the AI model performed with very low error rates at
0.15% on the tissue layer (0.11% false positive; 0.03% false negative) and 0.34% on the
CAF object detector layer (0.28% false positive; 0.06% false negative). Twelve additional
images were selected for training for the validation step. Four investigators individually
annotated 146 validation regions of interest. The AI model’s validation compared to the
investigator annotations resulted in a precision of 94.5%, sensitivity of 84.1%, and an F1Score of 87.5% as shown in Table 3. Validation scores indicated the AI model performed
well in detecting the highly variable appearance of CAF-positive cells.

Table 3: Validation performance metrics of cancer-associated fibroblasts
recognition model. TP, true positive; FP, false positive; FN, false negative;
P, precision; S, sensitivity.
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Statistical analyses were performed to compare African American and Caucasian
patients’ total number of positive CAFs from each monoclonal antibody stain. By dividing
the total number of CAFs and total tissue surface area, total CAF numbers were
normalized. Analyses showed a significantly larger number of positive CAFs in Caucasian
slides stained for α-SMA and CD29 (Figure 12, 13). There was no significant difference
in total number of CAFs for slides stained for Vimentin (Figure 14).

Figure 12: CAF expression detected by Aiforia AI model with α-SMA.
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Figure 13: CAF expression detected by Aiforia AI model with CD29.

Figure 14: CAF expression detected by Aiforia AI model with Vimentin.
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LMD RNA Sequencing Results
As shown in table 4, laser micro-dissected samples ranged from 69.3 to 576.4 total
nanograms, 1.13 to 1.64 A260/A280, and the highest A260/A230 at 0.53. Results were
shared with Novogene prior to shipment and were confident they could work with our
samples as ultra-low input. All 24 laser micro-dissected samples had RNA integrity
numbers (RIN) less than six, therefore, samples did not pass quality control and proceed to
sequencing (Table 5). Sample concentration drastically decreased between shipment and
arrival to Novogene, with the highest concentration being 0.30 nanograms per microliter.
Tube #

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24

Label
A1
A2
A3
A4
A5
A6
A7
A8
A9
A10
A11
A12
C13
C14
C15
C16
C17
C18
C19
C20
C21
C22
C23
C24

Race
AA
AA
AA
AA
AA
AA
AA
AA
AA
AA
AA
AA
C
C
C
C
C
C
C
C
C
C
C
C

Patient ID
559
559
271
271
48
48
104
104
232
232
153
153
CU12
CU12
CU15
CU15
CU16
CU16
CU17
CU17
CU9
CU9
CU18
CU18

Tissue Type
ECM
Tumor
ECM
Tumor
ECM
Tumor
ECM
Tumor
ECM
Tumor
ECM
Tumor
ECM
Tumor
ECM
Tumor
ECM
Tumor
ECM
Tumor
ECM
Tumor
ECM
Tumor

Ng/ul

Table 4: NanoDrop results from LMD samples.
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5.8
6.1
5.5
6.7
3.5
3.8
4.6
3
4.9
43.1
52.4
21.6
4.6
3.3
4.7
4.9
4.3
3.9
4
4.2
4.4
41.9
2.5
3.2

A260/A280 A260/A230 Total (ul) Total (ng)
1.51
0.21
23
133.4
1.44
0.52
23
140.3
1.48
0.04
26
143
1.41
0.39
20
134
1.34
0.34
20
70
1.34
0.34
23
87.4
1.35
0.27
45
207
1.35
0.29
66
198
1.26
0.5
60
294
1.42
0.4
11
474.1
1.42
0.65
11
576.4
1.45
0.53
11
237.6
1.25
0.16
17
78.2
1.17
0.12
21
69.3
1.21
0.17
39
183.3
1.45
0.25
36
176.4
1.38
0.4
31
133.3
1.54
0.46
21
81.9
1.3
0.08
18
72
1.13
0.24
18
75.6
1.24
0.16
18
79.2
1.41
0.5
9
377.1
1.64
0.04
19
47.5
1.43
0.13
18
57.6

Table 5: Novogene sample ID table and quality control results from laser-microdissected
samples
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Total Tissue RNA Sequencing Results
Fourteen total tissue RNA extraction samples showed concentrations greater than
450 nanograms per microliter, A260/A280 numbers 1.69 and higher, and A260/A230
numbers above 2.0 (Table 6). NanoDrop results from total tissue RNA extraction samples
were sent to Novogene prior to shipment. Quality control results showed all RIN numbers
less than six but higher total quantity numbers (Table 7) Novogene suggested samples may
be okay to proceed with sequencing as FFPE tissues typically have lower RIN numbers.

Sample ID
CU 1
CU 2
CU 3
CU 4
CU 5
CU 6
CU 7
CU 8
CU 9
CU 10
CU 11
CU 12
CU 13
CU 14

Actual Sample #
AA104
AA271
AA48
AA153
AA550
AA559
AA232
C9 A3
C8 B8
C12 I3
C15 B10
C16 A3
C17 I1
C4 E1

Concentration
A260/280 A260/230 Approx. Total (ul) Approx. Total (ng)
839.8
1.93
2.17
13
10917.4
1248.3
1.69
2.11
13
16227.9
1040.2
2.03
1.93
13
13522.6
569.2
2.02
2.02
13
7399.6
1390.5
2.05
2.11
13
18076.5
681.5
2.03
2.12
13
8859.5
556.4
1.98
2.15
13
10310.3
794.9
2
2.19
13
10333.7
893.1
1.92
2.17
13
11610.3
1188.4
2.02
2.21
13
15449.2
601.8
2
2.24
13
7823.4
450
2.04
2.16
13
5850
434.1
2.02
2.17
13
5643.3
793.1
2.02
2.16
13
7233.2

Table 6: NanoDrop results from total breast tissue samples.
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Table 7: Novogene sample ID table and quality control results from total breast tissue
samples.
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Bioinformatic Analyses
Bioinformatic analyses were performed to confirm gene expression differences
between African American and Caucasian patients. After filtering and normalizing data,
five samples (three Caucasian and two African American) were excluded from further
analyses. There were 23,905 differentially expressed genes (DEGs) shared amongst
African American and Caucasian patient samples, 2991 DEGs for Caucasian and 2543 for
African American patient tissues(Figure 15). Molecular plotting revealed clustering of
samples from each racial group(Figure 16). The top ten DEGs across racial groups were
filtered for and identified as genes implicated in breast cancer. Eight of the ten genes were
upregulated in African American patient samples (Table 8).

Figure 15: Venn diagram illustrating DEG dataset comparison of Caucasian and African
American patients.
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Figure 16: Molecular plot of clustered samples; African American patients are shown
in red and Caucasian patients are shown in blue.
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Figure 17: Gene expression scatterplots for PPP1CC and EIF4A2; African American
patients are shown in red and Caucasian patients are shown in blue.

Table 8: Most significant DEGs compared across racial groups with * denoting
upregulation in African American patients.
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CHAPTER FOUR
DISCUSSION
Our transfer learning model performed at a high level of accuracy of 92% indicating
our model can differentiate between an African American and Caucasian breast cancer
histology WSI. Saliency mapping and LIME reported areas deemed significant to classify
each image into the correct category. The two layers of the transfer learning model were
important for distinguishing areas deemed morphologically different that are unable to be
detected with the human eye. Based on emerging evidence, we hypothesized the ECM
would differ between racial groups. Our results supported our hypothesis showing the ECM
and areas of the ECM and tumor interface were significant for image classification. Our
model supports current data suggesting African American breast cancer patients and
Caucasian patients’ ECM components differ; potentially affecting the health disparities for
African American patients.
Artificial intelligence and machine learning techniques are becoming more
prevalent for breast cancer detection, prevention, and drug therapies. Artificial neural
networks (ANN) were first assessed in histopathological image analysis (HIA) in 2012 to
extract textural and morphological features. Convolutional neural networks (CNN) are
most effective for early detection resulting in more successful treatments (Zhou et al.
2020). Other effective methodologies have been developed for detection of other diseases
such as diabetes and leukemia (Gautam, Kaur, and Sharma 2019). Classification algorithms
from hybrid natural inspired computing produced precise and accurate results. Deep
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learning techniques have also been applied to breast cancer with different image modalities
such as ultrasound and mammography (Pang et al. 2020).
To further develop our transfer learning model, additional histology images would
allow for a more robust dataset. Images from other racial groups such as Hispanic/Latino
and Asian could be tested with our current model to confirm the ECM is the area of
significance for classification of other groups. The addition of more histology images and
classifier labels would evaluate the reliability and accuracy of the model with a larger, more
complex dataset. Quantitative data should be obtained to quantify the amount or percentage
of green highlighted areas consisting of only ECM, only tumor, and/or both ECM and
tumor tissues.
The first layer of the AI model, the tissue layer, performed well in detecting total
tissue while excluding tissue folds and image scanning artifacts. The CAF object detector
layer, the second layer, was a more complex task for the AI model. Cancer cells exhibit
more variability in cell size and shape making it difficult to establish the ground truth to
include all variations of tumor cell appearance.
Studies show African American breast cancer tissues have increased amounts of
cytokine, microvessel density, and TAMs. TAMs and CAFs work synergistically to
support tumor cell invasion, mortality, and disease progression (Gunaydin 2021). Due to
the higher mortality rates and increased rates of aggressive tumors, we hypothesized
African American tissues would have a higher number of positive CAFs than Caucasian
women. Our results did not support our hypothesis showing Caucasian samples having a
higher number of CAFs when stained with α-SMA and CD29 than African American
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samples(Figure 12,13). There was no significant difference between racial groups stained
for Vimentin (Figure 14) Although, African American tissues in the training data set, our
ratio of African American to Caucasian WSIs was almost 1:2, potentially introducing bias
into our model. Our preliminary conclusion is African American breast cancer patients do
not have a higher number of CAFs in their tissues. Follow-up investigations will include a
more robust data set with a 1:1 ratio of images from each racial group for both testing and
training data sets to eliminate any potential bias.
Based on previous AI models, more robust datasets are beneficial for adequate
model development and validation. For our model, it will be more beneficial to have a
larger training set to allow the model to learn the various appearances of CAFs. Tumor
biopsy tissues from patients of various races will be acquired for both transfer learning and
Aiforia model datasets. The current Aiforia model can be trained on more WSI to achieve
a higher F1 score. Tissues can be IHC stained to detect more cancer-associated fibroblasts
implicated in breast cancer and compared amongst all racial groups included in the larger
dataset. Future Aifiria models can be applied to classify cancer histologies into stages,
categorize based on tumor stage, and predict aggressiveness for potentially more successful
treatments.
Prior to sending LMD samples to Novogene, NanoDrop results were discussed to
confirm if samples had the potential to pass quality control and sequencing. We proceeded
with sending samples for sequencing as Novogene communicated they were confident in
their ability to process LMD FFPE samples. NanoDrop numbers indicated our samples
would be processed as low (less than 400 nanograms) and ultra-low input samples (less
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than 100 nanograms). However, Novogene quality control results reported all 24 samples
had an RNA integrity number (RIN) less than the minimum number to pass of 6 (Table 5).
A couple of weeks later, Novogene notified us that none of our samples passed quality
control. After troubleshooting, we decided it was best to proceed with total RNA extraction
of our FFPE tissues. NanoDrop results suggested more promising RNA sequencing results
for total FFPE tissue samples. Bioinformatic analysis of total tissues confirmed genetic
expression differences between African American and Caucasian patients. Total DEGs
were compared between both racial groups reporting between 2500-3000 DEG specific to
each racial group (Figure 15). A molecular plot showed clustering of samples within the
same racial group(Figure 16). The most significant DEGs compared across racial groups
were filtered for and the top ten DEGs were implicated in breast cancer progression,
metastasis, aggressiveness, and invasion (Table 8). Gene expression scatterplots of the top
ten DEGs showed clustering of samples from each racial group. Of the top ten DEGs, eight
were upregulated in African American patients when compared to Caucasian patients.
HSPA5 was one of the eight DEGs upregulated in breast cancer and its known function is
to promote cell migration and invasion in triple-negative breast cancer. It is overexpressed
in advanced breast cancer and related to poor survival outcomes and metastatic events
(Chen et al. 2015). The overexpression of HSPA5 could relate to poorer prognosis and
higher metastatic events in African American women with TNBC.
Future projects will include optimization of LMD techniques to achieve higher
quality RNA extraction results to proceed with sequencing. RNA sequencing of the ECM
and luminal cell populations will help to interpret the morphological and expression
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differences of the cells in regions important for transfer learning model classifications.
Attaining DEGs in both populations of cells will help to understand how the ECM plays a
role in tumor aggressiveness and progression.
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