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Abstract. Breast cancer is one of the most prevalent tumors in the world, making it essential to
identify important features for the prognosis. Various methods, including statistical tests and
machine learning, have been employed to capture relative attributes for survival prediction.
However, most prior studies have focused solely on clinical factors, without considering genetic
factors. In this study, a dataset comprising clinical features, gene expression, mutation attributes,
and survival status of 1882 patients was involved to assess important features for breast cancer
prognosis. Statistic tests were applied first to identify distribution differences and correlation
significance among different features. Afterward, predictive models were trained. The results
indicated that “age at diagnosis”, “lymph nodes examined positive”, and “Nottingham prognostic
index” were the top three important features. Genes including HSD17B11, JAKI, and STAT5A,
as well as mutations, including mutations in GATA3, TP53, and MUC6, also emerged as relative
features. Additionally, Gradient Boosting Decision Trees outperformed three other models with
an AUC-ROC of 0.75. These findings shed light on the further identification of not only
important clinical attributes but also molecular markers for breast cancer prognosis.

Keywords: Breast cancer, survival prediction, Molecular markers, Machine learning,
Classification.

1. Introduction

Breast cancer is one of the most common malignant tumors worldwide, accounting for 36% of
oncological cases [1]. It was estimated that in 2023, approximately 31% of newly diagnosed cancer
cases for women in the United States would be breast cancer [2]. Despite increasingly effective diagnosis
and therapies, breast cancer remains the second leading cause of cancer-related death in women
worldwide [3], with it being the leading cause among women aged 20 to 49 years [2].

The traditional classification of breast cancer includes “histological categorization”, “tumor stage”,
“neoplasm histologic grade”, and “receptor status”. In terms of histological categorization, breast cancer
can be classified as in-situ carcinoma or invasive carcinoma, depending on whether the tumor is limited
to the breast epithelial layer or has invaded surrounding areas. For invasive carcinoma, invasive ductal
carcinoma (IDC) accounts for 50% to 80% of newly diagnosed cases, and the rest are invasive lobular
carcinomas (ILC) [4]. “Tumor stage” is determined by the TNM Classification and categorizes patients
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into stages 0 to 4. The staging system involves three mandatory parameters: T, represents the size of the
primary tumor; N, describes the degree of regional spread; M, indicates the presence of distant
metastasis. Stage is the most important factor to consider when choosing treatments. Additionally,
depending on the morphological assessment of tumor tissue under the microscope, ‘“neoplasm histologic
grade” assigns tumors an integer score ranging from 1 to 3 [5]. As for “receptor status”, it is determined
by assessment of estrogen receptor (ER), progesterone receptor (PR), and human epidermal growth
factor receptor 2 (HER2), categorizing patients into different positive or negative types based on the
expression of these prognostic markers.

The molecular classification includes “intrinsic subtypes”, “integrative clusters”, and “gene
mutations”. “Intrinsic subtypes” can be identified through gene expression profiling and
immunohistochemistry, by determining expression patterns of four biomarkers, including ER, PR,
HER?2, and cell proliferation regulator (Ki-67), which categorizes patients into five subtypes (Luminal
A, Luminal B, HER2-enriched, Basal-like, and Claudin-low) [6]. Among all categories, Luminal A is
the most common case, constituting around half of the newly diagnosed cases [7], and has the best
prognosis due to its relatively low grade [8]. Although HER2-enriched tumor is often high-grade, its
response to anti-HER2-targeted therapy is aggressive, which significantly improves the outcome [8].
“Integrative clusters” assign tumors into IntClust 1 to 10, based on aberration of gene expressions.
Among all clusters, IntClust 5 has the poorest outcome [9]. Mutations are infrequent in breast cancers.
Among all the mutation types, PIK3CA and TP53 dominate, with incidences of 40.1% and 35.4%
respectively [10].

Many risk factors could contribute to breast cancer development and progression. Family history, for
example, the presence of BRCA 1/2 mutation, contributes to gene susceptibility [11]. Unhealthy lifestyle
such as a high-fat diet, lack of physical activity, and smoking could lead to an increased risk of breast
cancer, by disturbing hormone levels and inducing gene mutations [12]. Late marriage and late childbirth
also play a negative role by exerting influence on breast tissue differentiation and genotoxicity by
estrogen [12,13].

Previously, many studies had employed machine learning methods for survival prediction of breast
cancer. The relationship between clinical attributes and pathological characteristics in the survival of
breast cancer patients has been analyzed [14]. Additionally, “tumor size”, “stage”, “age at diagnosis”,
“total axillary lymph node removed”, and “number of positive lymph nodes” had been identified as the
most relative factors involved in breast cancer prognosis [15]. Moreover, a recent study established a 5-
year survival predictive model using machine learning with clinical features of “cancer stage”, “tumor
size”, “diagnosis age”, “surgery”’, and “body mass index” [16]. Furthermore, Random Forest was
recommended for breast cancer survival prediction [17]. In addition, some studies involved deep
learning methods to further enhance the prediction performance with clinical records [15,18]. However,
these previous studies primarily focused on clinical features and paid limited attention to genetic features
and mutation.

Therefore, in the present study, a dataset with clinical attributes, genetic features, and mutations was
involved to gain a more comprehensive view of important features and molecular markers for breast
cancer prognosis. Multiple statistical tests were employed for the dataset, followed by the training of
four machine learning models. The performance and predictions of the models were analyzed and
compared. The results indicated that “age at diagnosis”, “lymph nodes examined positive”, and
“Nottingham prognostic index” were among the top important features. Genes including HSD17B11,
JAKI, and STAT5A4, as well as mutations, including mutations in GATA3, TP53, and MUCI6, also
emerged as important predictive features of cancer survival.

2. Methods
2.1. Overview of dataset

The dataset had 687 columns and 1882 rows. Each column represented a certain feature while every row
corresponded to an individual patient. The dataset included three kinds of attributes: clinical indicators
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with 25 columns, gene expressions with 489 columns, and gene mutations with 173 columns. The data
of gene expressions and mutation was complete with no missing values. However, 11 of the clinical
features were incomplete. Specifically, the “tumor stage” had 26% missing values, the “3-gene classifier
subtype” had 11%, and the remaining features had missing values ranging from 0.8% to 6%. In data
visualization and statistical tests, all missing values were removed. As for model training, missing values
were filled with the mean or mode of the test set, depending on whether the feature was numeric or
categorical.

2.2. Features description

2.2.1. Numeric clinical attributes. There were 6 numeric clinical attributes in total: “age at diagnosis”
(yr), “lymph nodes examined positive”, “mutation count”, “overall survival months”, “tumor size” (mm),
and “Nottingham prognostic index”. “Age at diagnosis” refers to the age at which the patient was
diagnosed with cancer. “Lymph nodes examined positive” refers to the number of lymph nodes taken
during the surgery that were determined to contain cancer cells. “Mutation count” refers to the number
of genes with relevant mutations. “Overall survival months” was defined as the time from randomization
to death. “Tumor size” was obtained through imaging techniques. “Nottingham prognostic index” was
a prognostic measure calculated based on the size of the tumor, the number of lymph nodes involved,

and the grade of the tumor [19].

2.2.2. Categorical clinical attributes. Categorical clinical data included 19 attributes in total: “cancer

9 LRI LRI

type detailed”, “type of breast surgery”, “primary tumor laterality”, “inferred menopausal state”, “tumor
stage”, “chemotherapy”, “hormone therapy”, “radio therapy”, “cellularity”, “neoplasm histologic grade”,
“tumor other histologic subtype”, “pam50 + claudin-low subtype”, “PR status”, “ER status”, “ER status
measured by IHC”, “HER2 status”, “HER2 status measured by SNP6”, “3-gene classifier subtype”,
“integrative cluster”.

“Cancer type detailed” included four detailed breast cancer types: breast invasive ductal carcinoma
(IDC), breast mixed ductal and lobular carcinoma (MDLC), breast invasive lobular carcinoma (ILC),
and breast invasive mixed mucinous carcinoma (IMMC). “Primary tumor laterality” indicates whether
the primary tumor originates from the right breast or the left breast. “Inferred menopausal state” employs
“post” or “pre” to indicate whether the patient was postmenopausal or not. “Tumor stage” took a value
from 1 to 4 based on the involvement of surrounding structures, lymph nodes, and the spread distance.
“Type of breast surgery” contained two types of breast cancer surgery: mastectomy and breast
conserving. While the mastectomy removed all breast tissues, the breast-conserving only removed the
part that had cancer. “Chemotherapy”, “Hormone therapy” and “Radio therapy” were binary
classification categories that employed the values 0 and 1 to denote whether patients had or had not
undergone the specific therapy respectively. “Cellularity” divided patients into three categories: high,
moderate, and low, based on the amount and cluster arrangement of tumor cells in the specimen.
“Neoplasm histologic grade” describes the extent to which tumor cells resemble normal cells in
morphology. The value ranges from 1 to 3 in ascending order of aggressiveness. “Tumor other histologic
subtype” classified patients into seven cancer types based on microscopic examination of cancer tissues:
Ductal/NST, Mixed, Lobular, Tubular/cribriform, Mucinous, Medullary, and Other. “PAMS50 + claudin-
low subtype” was a combination of PAMS50 and Claudin-low molecular subtypes. PAMS50 was a tumor
profiling test designed to prognosticate the likelihood of metastasis. It tested the expressions of a group
of 50 genes from the tumor sample removed during the surgery and classified breast cancer into five
molecular subtypes: Luminal A, Luminal B, human epidermal growth factor receptor 2 (HER2)-
enriched, Basal-like, and Normal-like. Claudin-low molecular subtype was defined by low expression
of claudins, enrichment for epithelial-to-mesenchymal transition (EMT), and tumor-initiating cell (TIC)
features. “PR status” describes whether the cancer cells of the patient were positive or negative for
progesterone receptor expression. “ER status” indicated whether subjects were positive or negative for
estrogen receptor expression at the cellular level, while “ER status measured by IHC” corresponded to
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the results obtained from immunohistochemistry. “HER2 status” referred to whether subjects were
positive or negative for HER2 at the cellular level, while “HER2 status measured by SNP6”
corresponded to the results obtained from SNP Array 6.0, a type of next-generation sequencing. “3-gene
classifier subtype” classified patients in to “ER-/HER2-", “ER+/HER2- High Prolif”, “ER+/HER2- Low
Prolif” and “HER2+”, based on gene expressions. “Integrative cluster” refers to molecular subtypes of
cancer based on some gene expression, including “17, “2”, “3”  “4ER-”, “4ER+”", “5”, “6”, “7”, “8”,
“9”, and “10”.

2.2.3. Genetic attributes. Genetic attributes in the dataset were z scores for mRNA expression of 331
genes, including BRCA1, BRCA2, PALB2, PTEN, TP53, ATM, CDHI1, CHEK2, NBN, NF1, etc. The
z score was calculated by dividing the difference between the expression in the tumor sample and the
mean expression in the reference group (all samples in the study) by the standard deviation of expression
in the reference group. The formula was as follows:

(expression_in_tumor_sample — mean_expression_in_reference_sample)
z= — - -
standard_deviation_of _expression_in_reference_sample

2.2.4. Mutation attributes. Mutation attributes recorded whether a mutation occurs (indicated by 1) or
not (indicated by 0) for 175 genes, including PIK3CA, TP53, MUC16, AHNAK2, KMT2C, SYNEI,
GATA3, MAP3K1, AHNAK, DNAH11, etc.

2.2.5. Target attribute. “Overall survival” was used as the target attribute, in which 1 referred to the
“survived” group, while O referred to the “died” group. The “survived” group contained 789 patients,
taking up 42% of the total. The “died” group contained 1098 patients, taking up 58% of the total.

2.2.6. Statistical tests. For the numeric attributes, the Kolmogorov-Smirnov test was first conducted as
a nonparametric method to determine if the two distributions across overall survival statuses
significantly differ from each other. Then the Shapiro-Wilk test was carried out for normality validation.
If the normality is validated, the Student’s t-test was applied to test the significance of the mean value
difference between the two distributions. Otherwise, the Mann-Whitney U test was conducted for the
significance of the median value difference. For the categorical attributes, the y2 test was applied for
distribution difference across overall survival statuses within each specific category. As most of the
attributes in the study are not normally distributed, Spearman’s correlation was applied as the
nonparametric approach for the correlation test.

2.3. Machine learning methods and performance matrices

2.3.1. Data pre-processing. First, the data set was randomly divided into a train set and a test set, in
which the test set took a portion of 20%. Stratified sampling was employed to ensure the class
distribution of the target variable, overall survival, was preserved in both the train and test sets.

2.3.2. Models involved. The modeling process included training in Logistic Regression (LR), Random
Forest (RF), Gradient Boosting Decision Trees (GBDT), and Support Vector Classifier (SVC).
Additionally, the five-fold cross-validation was incorporated in each classification.

2.3.3. Performance evaluation. After training, five matrices were used to determine model performance:
accuracy, precision, recall, f1 score, and the Area Under the Receiver Operating Characteristics Curve
(ROC-AUC). By comparing the prediction of the classifier with the target feature to which the sample
truly belongs, outcomes were categorized into true positive (TP), true negative (TN), false positive (FP),
and false negative (FN), comprising a confusion matrix. Accuracy is calculated as the ratio of correct

predictions to the total number of predictions ( Accuracy =%). It provides an overall

assessment of performance across all classes and is useful when classes are equally important and
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balanced in quantity. Precision denotes the proportion of positive samples correctly predicted of a total

number of sampled classifieds as positive (Precision = %). It reflects how reliable the model is in

classifying samples as positive. When the importance is strongly addressed on avoiding misclassifying
negative cases as positive, the precision is a more suitable matrix to consider. Recall refers to the ratio

of positive samples correctly predicted to the total number of true positive samples (Recall = TPTfFN ). It

reflects how many positive cases are correctly classified and disregards the prediction of negative cases.
Recall is a more valuable matrix when the goal is to detect all positive samples. F1 score is the harmonic
mean of the precision and the recall (F1 score = 22XFrecision X Recally ‘14 cap be interpreted as the model’s

Precision +Recall
balanced capacity to both be accurate at the cases it predicts (precision) and be effective at capturing
positive cases (recall). In the ROC, the true positive rate (TPR = %) is plotted against the false positive
rate (FPR = TNTiVFP ) under various thresholds. The higher the AUC is, the better the model is at

distinguishing positive against negative labels.

2.3.4. Feature importance. Furthermore, the top 10 attributes with the highest significance in the model
training were identified. In the case of RF and GBDT, the criterion was based on the value of feature
importance, determined by impurity. For LG and SVC, it was based on the weight of each attribute in a
linear model.

2.3.5. Principal Component Analysis. To reduce noise and dimensionality, Principal Component
Analysis (PCA) was conducted in the end with standardized numeric clinical data and gene expressions.
PCA is a type of unsupervised learning method that is similar to clustering, which reduces the number
of variables by geometrically projecting them to principal components (PCs), regardless of samples’
differences [20]. PCs are linear combinations of initial variables. Each PC is selected by the process of
minimizing the distance between variables and their projection on the PC, while maximizing the
variances of projected points, with the additional requirement that subsequent PCs have to be
uncorrelated with previous ones [20]. In this approach, the first PC accounts for the largest explained
variance. By evaluating the proportion of explained variance within each PC from PCA plots, insights
into variable selections could be obtained and thus dimensionality is reduced [21].

3. Results
3.1. Statistics

3.1.1. Numeric Clinical Attributes. To start with, histogram and Kernel Density Estimation (KDE) are
applied to visualize the distribution of numeric clinical features (“age at diagnosis”, “lymph nodes
examined positive”, “mutation count”, “tumor size”, and ‘“Nottingham prognostic index”’) across overall
survival status, shown in figure 1. Additionally, the boxplot (figure 2) and violin plot (figure 3) are
employed to show the distribution differences between the “survived” groups and the “died” groups.
To assess the distribution difference, the Kolmogorov-Smirnov test was conducted. The results
revealed a significant difference between the two survival statuses within each of five numeric clinical
features: “age at diagnosis™ (“survived” = 60.41+13.01 yr, “died” = 63.87#13.13 yr, p = 7.22x10%,
Kolmogorov-Smirnov test), “lymph nodes examined positive” (“survived” = 1.1842.73, “died” =
2.4534.48, p = 2.17x10%), “mutation count” (“survived” = 4.9443.06, “died” = 5.9144.28, p = 5.07 <10
), “tumor size” (“survived” = 22.95+11.39 mm, “died” = 28.40#16.95 mm, p = 2.03x107°), and
“Nottingham prognostic index” (“survived” = 3.9340.99, “died” = 4.2941.09, p = 1.49%10°).
Following that, to study the normality of distributions, the Shapiro-Wilk test was conducted and the
results showed that only the normality of the “survived” group within “age at diagnosis” was validated
(statistic = 0.99, p = 1.12x10%, Shapiro-Wilk test), consistent with figure 1. Consequently, the Mann-
Whitney U test was applied to assess differences in median values. The results demonstrated that all five
numeric clinical features have significantly different median values across overall survival statuses: “age
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at diagnosis” (statistic = 9.24x10% p = 2.58x10%%, Mann-Whitney U test), “lymph nodes examined
positive” (statistic = 1.21x10°%, p = 1.29x107), “mutation count” (statistic = 1.25x10°, p = 5.67x<10%),
“tumor size” (statistic = 1.11>10°% p = 1.51x<107%), and “Nottingham prognostic index” (statistic =
1.13%10°% p = 9.04x101h).

In addition, Spearman’s correlation was applied to study the correlation among five numeric clinical
features, which reveals that, except for “lymph nodes examined positive” and “Nottingham prognostic
index” (coefficient = 0.77, p = 3.16x10%, Spearman’s correlation), other features do not have
significant correlation (coefficient > 0.6 and p < 0.05) with each other. Furthermore, a heatmap was
employed to illustrate the correlation, shown in figure 4.

Numeric Clinical Feature Distribution
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Figure 1. Distributions of numeric clinical features. The values on the vertical axes represent the
frequency. The smooth KDE curves indicate the probability density distributions of variables. Blue
refers to the “survived” group, while orange refers to the “died” group.

Numeric Clinical Features Grouped by Overall Survival
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Figure 2. Boxplots of numeric clinical features. The horizontal axes present the values of different
variables. Five vertical strings refer to whisker (@1 — 1.5IQR), lower quartile (Q1, referring to the 25th
percentile), median, upper quartile (Q3, referring to the 75th percentile), whisker (@3 + 1.5IQR), from
left to right. IQR = Q3 — Q1.
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Numeric Clinical Features Grouped by Overall Survival
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Figure 3. Violin plots of numeric clinical features. The horizontal axes present the values of different
variables. Median values and quartiles of the “survived” group and the “died” group are displayed in
each plot.
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Figure 4. Heatmap of numeric clinical features. The horizontal and vertical axes present five variables.
The number in each box refers to the correlation coefficient and the color indicates the strength of
correlation.

3.1.2. Categorical Clinical Attributes. To illustrate the distribution of 19 categorical clinical attributes,
a histogram was used to visualize the ratios of two survival statuses within each category of attributes
(figure 5-7).

Following that, the y2 test was conducted to assess the distribution difference across the overall
survival statuses of each attribute. Results showed that 10 of 19 categorical clinical attributes had
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significantly different distributions (p < 0.05) across overall survival statuses: “type of breast surgery”,
“pam50 + claudin-low subtype”, “neoplasm histologic grade”, “tumor other histologic subtype”,
“inferred menopausal state”, “integrative cluster”, “integrative cluster”, “primary tumor laterality”,
“radio therapy”, “3-gene classifier subtype”, and “tumor stage”. Detailed data is listed in table 1.
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detailed”, “cellularity”, “chemotherapy”, “pam50 + claudin-low subtype”, “ER status measured by
IHC”). The horizontal axes list categories within each attribute and the vertical axes present ratios.
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Figure 7. Ratio distribution of categorical clinical features (“inferred menopausal state”, “integrative

cluster”, “primary tumor laterality”, “PR status”, “radio therapy”, “3-gene classifier subtype”, “tumor
stage”).

Table 1. x2 and p values of categorical clinical attributes with significantly different distributions across
survival status.

Attributes x2 P value
type of breast surgery 31.05 2.51x108
pam50 + claudin-low subtype 26.54 1.77x10*
neoplasm histologic grade 7.34 2.55x1072
tumor other histologic subtype 12.88 2.45%10?
inferred menopausal state 34.46 4.36x10°
integrative cluster 21.68 1.68x107?
primary tumor laterality 4.44 3.50%10?
radio therapy 14.67 1.28x10*
3-gene classifier subtype 22.11 6.20x10°
tumor stage 26.76 6.60x<10°

192



Proceedings of the 4th International Conference on Biological Engineering and Medical Science
DOI: 10.54254/2753-8818/40/20241235

3.1.3. Genetic Attributes. To gain insight into distributions of genetic attributes, histogram and KDE
were applied to the first nine genes (figure 8), which showed that some distributions seemed to be normal,
while others were right-skewed or left-skewed.

Gene Expression Distribution
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Figure 8. Distributions of first nine genetic attributes (BRCA1, BRCA2, PALB2, PTEN, TP53, ATM,
CDH1, CHEK2, NBN).

Following that, the Shapiro-Wilk test was conducted. The results revealed that 53 genes in total were
normally distributed (p > 0.05), including HSD17B11 (“survived” = 0.3140.89, “died” = -0.08+0.87, p
of “survived” = 0.49, p of “died” = 0.28, Shapiro-Wilk test), ATM (“survived” = 0.05+£0.99, “died” = -
0.03+0.99, p of “survived” = 0.32, p of “died” = 0.08), RAD50 (“survived” = -0.04%0.95, “died”
0.04+1.05, p of “survived” = 0.87, p of “died” = 0.82,), RBI (“survived” = 0.18+£0.92, “died” =
0.00+0.95, p of “survived” = 0.59, p of “died” = 0.21), MYC (“survived” = 0.25+0.92, “died” = -
0.09+0.96, p of “survived” = 0.85, p of “died” = 0.85), etc..

For these 53 normally distributed genes, Student’s t-test was applied to study the distribution
difference across two survival statuses. Results revealed that 12 genes are significantly different in the
mean value of expression across survival statuses (p < 0.05), including HSD17B11 (statistic = -7.15, p
=1.64x10"'2, Student’s t-test), RBI (statistic =-3.21, p=1.36x107), MYC (statistic = -5.92, p = 4.45x10-
%), STAT2 (“survived” = -0.124+0.92, “died” = 0.12+0.92, statistic = 4.21, p = 2.76x107), TNK2

“survived” = -0.14+0.80, “died” = 0.08+0.91, statistic = 4.19, p = 3.05x107), etc.

For other 436 non-normally distributed genes, the Mann-Whitney U test was applied to assess
differences in median values. Results revealed that 184 genes showed significant difference (p < 0.05),
including STAT5A (“survived” = 0.08+1.00, “died” = -0.23+0.90, statistic = 1.19x10°, p = 2.41x107,
Mann-Whitney U test), JAK! (“survived” = 0.26+0.90, “died” = -0.08+0.91, statistic = 1.13x10°, p =
1.15%1071% NCOA3 (“survived” = -0.25+0.88, “died” = 0.08+0.98, statistic = 1.74x10°, p = 7.45x107%),
KIT (“survived” = 0.184+0.96, “died” = -0.10+0.98, statistic = 1.18x10°, p = 9.66x10"*), CDK4
(“survived” = 0.11£1.00, “died” = 0.00+0.95, statistic = 1.33x10°, p = 1.45x102), etc..

In total, 196 genes had significantly different distributions across overall survival statuses. For these
significant genes, Spearman’s correlation was carried out to study the correlation of genes. According
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to the results, 42 pairs of genes were significantly correlated (coefficient > 0.6 and p < 0.05). The top
five pairs of correlation were AKRIC3 and AKRI1C4 (coefficient = 0.86 and p = 3.04x103!2, Spearman’s
correlation), AKRI1C2 and AKRIC4 (coefficient = 0.84 and p = 2.91x 10%), E2F2 and AURKA
(coefficient =0.78 and p = 2.95x 102%%), CDC254 and E2F2 (coefficient = 0.77 and p = 3.99x 10-27),
and PDGFRA and TGFBR? (coefficient = 0.74 and p = 3.66x 10°%¢).

3.1.4. Mutation Attributes. y2 test was conducted to evaluate whether there was a significant difference
in the mutation of a specific gene between two overall survival statuses. The results revealed that, among
all the mutations, a total of 12 genes exhibited a statistically significant difference in mutation
frequencies between the two statuses, shown in table 2.

Table 2: y2 and p values of mutation attributes with significantly different distributions across survival
statuses.

Genes %2 P value
MUC16 4.24 3.94x107?
GATA3 15.21 9.63x10°
DNAH2 5.75 1.65%1072
CBFB 6.02 1.41x102
AKT1 491 2.67x10
ARID1B 4.70 3.02x102
PIK3R1 3.91 4.79%107?
BRCA2 4.44 3.52x102
CACNA2D3 3.85 4.98x102
FAM20C 3.85 4.98x102
SMARCC1 3.94 4.71x107?
PALLD 6.24 1.25%102

3.2. Modeling

3.2.1. Clinical Attributes. When training with clinical attributes, SVC outperformed among four models
regarding ROC-AUC (AUC=0.75, figure 10). For performance metrics, SVC had an accuracy of 0.69,
precision of 0.64, recall of 0.59, and F1 score of 0.61. The top three attributes were “integrative cluster
57, “age at diagnosis”, and “tumor stage 0” (figure 11). The performance metrics of all four models are
shown in table 3 in detail, and visualized in figure 9. Overall, four models had similar performance with
clinical features.

Clinical Attributes

0.80
0.70

0.60
0.50
0.40
0.30
0.20
0.10

0.00
Accuracy Precision Recall F1 score ROC-AUC

W GBDT M RF M SVC W LG

Figure 9. Histograms of performance metrics of four models trained with clinical attributes. The
horizontal axe shows five metrics, including accuracy, precision, recall, and F1 score. Within each
metric, GBDT, RF, SVC, and LG are presented from left to right. The horizontal axe presents the value
of metrics.

194



Proceedings of the 4th International Conference on Biological Engineering and Medical Science
DOI: 10.54254/2753-8818/40/20241235

0.8

£ s Figure 10. ROC curve of SVC trained with
£ clinical attributes. The horizontal axis refers
S 04 to the false positive rate, while the vertical
£ axis refers to the true positive rate. The area
02 under the curve is the value of AUC-ROC.
0o —— ROC Curve (AUC = 0.75)

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

integrative_ciuster_s
wmor_stage_0.0 |
3-gene_classifier_subtype_HER2+ _
wmor_stage_40 |
integrative_cluster_4ER- _
lymph_nodes_examined_positive _
integrative_cluster_10 _
pam50_+_claudin-low_subtype_Her2 _
integrative_cluster_2 _

0.0 0.2 0.4 06 0.8 1.0 1.2 14
Absolute coefficients

Figure 11. Bar graph of feature importance derived by SVC with clinical data. The horizontal axis
presents the value of importance, while the vertical axis lists clinical attributes.

Table 3. Performance metrics of four models trained with clinical attributes.

Performance Metrics GBDT RF SvC LG
Accuracy 0.68 0.70 0.69 0.67
Precision 0.62 0.67 0.64 0.59

Recall 0.60 0.56 0.59 0.70
F1 score 0.61 0.61 0.61 0.64
ROC-AUC 0.74 0.74 0.75 0.74

3.2.2. Genetic Attributes. GBDT outperformed with genetic attributes regarding ROC-AUC
(AUC=0.69, figure 13). For performance metrics, GBDT had an accuracy of 0.64, precision of 0.63,
recall of 0.37, and F1 score of 0.47. The top three attributes were HSD17B11, JAK1, and STAT5SA,
(figure 14). The performance metrics of all four models are shown in table 4. in detail, and visualized in
figure 12.

Genetic Attributes
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Figure 12. Histograms of performance metrics of four models trained with genetic attributes.
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Figure 13. ROC curve of GBDT trained with genetic attributes.
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Figure 14. Bar graph of feature importance derived by GBDT with genetic data.

Table 4. Performance metrics of four models trained with genetic attributes.

Performance Metrics GBDT RF SvC LG
Accuracy 0.64 0.64 0.60 0.60
Precision 0.63 0.64 0.53 0.52

Recall 0.37 0.34 0.50 0.56
F1 score 0.47 0.44 0.51 0.54
ROC-AUC 0.69 0.68 0.59 0.62

3.2.3. Mutation Attributes. RF led the performance of four models trained with mutation attributes
regarding ROC-AUC (AUC=0.58, figure 16). For performance metrics, RF had an accuracy of 0.58,
precision of 0.50, recall 0of 0.41, and F1 score of 0.45. The top three mutations were PIK3CA, TP53, and
AHNAK?2 (figure 17). The performance metrics of all four models are shown in table 5 in detail, and
visualized in figure 15.
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Figure 15. Histograms of performance metrics of four Figure 16. ROC curve of RF trained
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Figure 17. Bar graph of feature importance derived by RF with mutation data.

Table 5. Performance metrics of four models trained with mutation attributes.

Performance Metrics GBDT RF SvC LG
Accuracy 0.56 0.58 0.57 0.54
Precision 0.45 0.50 0.48 0.46

Recall 0.21 0.41 0.28 0.58
F1 score 0.29 0.45 0.36 0.51
ROC-AUC 0.55 0.58 0.56 0.56

3.2.4. Combined Attributes. GBDT ranked the top regarding ROC-AUC (AUC=0.75, figure 19) when
trained with all attributes. For performance metrics, GBDT had an accuracy of 0.71, precision of 0.68,
recall of 0.56, and F1 score of 0.61. The top three attributes were “age at diagnosis”, “lymph nodes
examined positive”, and “Nottingham prognostic index” (figure 20). The performance metrics of all four
models are shown in table 6 in detail, and visualized in figure 18. Overall, when trained with all attributes,
GBDT and RF exhibited similar and higher performance, while SVC and LG showed close and
relatively lower performance (figure 21). As for the significance of attributes, “age at diagnosis” and
“lymph nodes examined positive” turned out to be important features for all four models, and
interestingly, SVC and LG shared the same key features which had only a few overlaps with GBDT and
RF (figure 22).
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Figure 18. Histograms of performance metrics of four Figure 19. ROC curve of GBDT trained
models trained with all attributes. with all attributes.

age_at_diagnosis [
nottingham_prognostic_index _

lymph_nodes_examined_positive -

hsd17b11 [

type_of_breast_surgery_BREAST CONSERVING [
tumor_size -

casp8 -

aurka -

arid1a -

ncoa3 -

000 002 004 006 008 010 012 014 0.6
Importance

Figure 20. Bar graph of feature importance derived by GBDT with all data.
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Figure 21. ROC curve of four models trained with all attributes. Ranging from the darkest to the lightest,
four different degrees of blue represent GBDT, RF, SVC, and LG, respectively.
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Figure 22. Top 10 features of four models trained with all attributes. The deepest blue refers to features
that appeared in four models, the middle blue represents features that appeared in any two models, and
the lightest blue that indicates features appeared in only one model.

Table 6. Performance metrics of four models trained with mutation attributes.

Performance Metrics GBDT RF SvC LG
Accuracy 0.71 0.68 0.60 0.60
Precision 0.68 0.71 0.52 0.52

Recall 0.56 0.41 0.58 0.58
F1 score 0.61 0.52 0.54 0.55
ROC-AUC 0.75 0.74 0.65 0.66

4. Discussion

In conclusion, the dataset was trained with four models, including LG, SVC, RF, and GBDT, and
important features were identified for prognosis among clinical, genetic, and mutation attributes. Overall,
when all features were combined for training, GBDT had the best performance, followed by RF, LG,
and SVC. In addition, the top three attributes for GBDT with combined features were “age at diagnosis”,
“lymph nodes examined positive”, and “Nottingham prognostic index”.

Each model involved in training has its pros and cons of predicting the outcome of breast cancer. LG
performs well with linearly separable datasets. Coefficients in its weighted sum can be interpreted as
feature importance, giving insights into the selection of important features (such as “age at diagnosis”,
“Nottingham prognostic index”, etc.) relevant to the prognosis of breast cancer. A positive coefficient
indicates the feature is more important for the category labeled as 1, which refers to survival, while a
negative coefficient indicates the importance for the category labeled as 0, which refers to death.
However, LG is not suitable for unbalanced and nonlinear datasets and is sensitive to outliers, which are
high demands on the original data. In addition, LG cannot learn non-linear relationships of variables.
However, as for our data, the “survived” group and the “died” group accounted for 0.42% and 0.58% of
the total respectively, which indicates that the dataset was unbalanced. Additionally, the dataset consisted
of 687 features, including both numeric and categorical attributes, meaning that our dataset had high
dimensionality and non-linearity. However, SVC, unlike LG, can handle more types of datasets, as SVC
has flexible kernels including linear, polynomial, sigmoid, and radial basis functions. SVC is effective
in high-dimensional space. Still, SVC also has obvious drawbacks. First of all, the computational cost
of SVC is significantly higher than that of other models. On top of that, SVC has low interpretability, as
SVC only finds the hyperplane that maximizes the margin of data in the space. SVC also has a high risk
of overfitting. Similar to SVC, RF is a robust algorithm that is suitable for data with high dimensionality,
outliers, noises, and nonlinearity. But RF has advantages over SVC in that RF reduces overfitting by
involving different decision trees, and offers an interpretation of feature importance. However,
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overfitting would still happen when the number and depth of trees are too high. For GBDT, it exhibits
superior performance compared with RF regarding accuracy. GBDT combines multiple weak learners
to make a strong learner by reducing residuals in the training process. GBDT is extremely powerful but
takes a longer time to train as GBDT requires proper hyperparameter tuning.

According to the results of statistics, attributes with significantly different distributions across the
overall status were selected to train four models again, which turned out that the performance of LG and
SVC was enhanced. For genetic features, the AUC of LG improved from 0.62 to 0.66, while the AUC
of SVC increased from 0.59 to 0.66. With combined features, the AUC of LG rose from 0.66 to 0.71,
while the AUC of SVC increased from 0.65 to 0.70. However, the performance of GBDT and RF
remained almost unchanged. At last, PCA was conducted and the result is shown in figure 23, which
indicates that 150 PCs derived from 687 features are capable enough to explain over 80% variance of
the dataset.
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Figure 23. Correlation between the number
of principal components and explained
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corresponding number of PCs.
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Many studies have employed machine learning and deep learning approaches for breast cancer

EEINT3 LIS

survival prediction using clinical data. “Cancer stage classification”, “tumor size”, “number of total
axillary lymph nodes removed”, “number of positive lymph nodes”, “types of primary treatment”, and
“methods of diagnosis” were identified as the most important features for the outcome prediction [15,22].
These previous findings are consistent with the present study that, when training the models only with

LR I3

clinical data, “age at diagnosis”, “tumor size”, and “lymph nodes examined positive” were also
identified as the most relevant features. Additionally, “Nottingham prognostic index”, “mutation count”,
“Intrinsic subtypes of Luminal A and HER2-enriched”, “integrative clusters of IntClust 5”, and “type of
breast surgery” emerged among the top ten variables.

While most of the previous studies on survival prediction were limited to clinical features, genetic
expression, and mutation variables were also taken into consideration in this study. Among the genetic
features, the expressions of HSDI17B11, JAKI, STAT5A, NCOA3, and KIT were identified as the most
influential factors for the outcome prediction. In the case of mutation variables, mutations in GATA3,
TP53, MUCI16, LAMA?2, and PIK3CA stand out among other genes.

Those results have supportive evidence in other studies. The importance of “age at diagnosis”, “tumor
size”, “mutation count”, and “lymph nodes examined positive” in survival prediction has been verified
in previous studies [15,22]. In a project conducted by the Molecular Taxonomy of Breast Cancer
International Consortium [23], IntClust 5 (weight = -1.01, LG of the present study) stands out with the
extremely poor outcome among all integrative clusters, providing a reasonable basis for IntClust 5 to be
one of the most important features for outcome prediction. Intrinsic subtypes of Luminal A (weight =
0.26) and HER2-enriched (weight = 0.57) both have a relatively good prognosis, as Luminal A is
relatively low grade and HER2-enriched tumor responds aggressively to anti-HER2-targeted therapy
[8]. HSDI17B1l (weight = 0.61) is responsible for the expression of hydroxysteroid 17-beta
dehydrogenase 11, whose high level is associated with improved relapse-free survival in breast cancer
[24]. A low expression level of JAKI (weight = 0.35) is associated with a low survival rate, as the
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expression of Janus Kinase 1 is negatively correlated with tumor size, number of lymph nodes, and stage
status, and Janus Kinase 1 is positively correlated with infiltrating levels of immune cells [25]. For
STAT5A (weight = 0.20), it expresses signal transducer and activator of transcription 5A (Stat5a), which
is generally downregulated in breast cancer [26]. It was demonstrated that the low expression of Stat5a
protein is often correlated with tumor progression and unfavorable clinical outcomes [27]. As for
NCOA3 (weight = -0.20), it is responsible for the expression of nuclear receptor coactivator 3 (NCoA3),
which is often involved in cell resistance to chemotherapy, leading to poor prognosis [28]. Additionally,
NCOA3 is upregulated in breast cancer-associated adipocytes and has an impact on inflammation [29].
KIT (weight = 0.05) encodes proto-oncogene receptor tyrosine kinase which plays a crucial role in cell
proliferation. A previous study revealed that the loss of KIT expression was correlated with malignant
transformation of breast epithelium [30]. Mutations in breast cancers are infrequent. Among all types of
mutation, PIK3CA (weight = -0.31) and 7P53 (weight = -0.22) dominate, occurring at incidences of
40.1% and 35.4% respectively [10]. As for MUC16, it is commonly expressed in ovarian cancer and can
be identified in other epithelial-origin tumors including gastric cancer and breast cancer [31,32]. It was
demonstrated that MUCI6 regulates tumor growth and the slicing of MUC16 could lead to a decrease
in cell adhesion, migration, and invasion [32]. Furthermore, previous evidence also noted that LAMA?2
was poorly expressed in breast cancer tissues and associated with a low survival rate [33].

For the next step, Weighted Gene Co-expression Network Analysis (WGCNA) could be applied to
simplify the interpretation of multiple genes within the dataset and gain deeper insights into the gene
correlations [34]. By studying the co-expression network, the drawback of focusing only on individual
genes in our study could be addressed [35], which would help to further identify important genes for
prognosis. Furthermore, deep learning methods such as Multi-layer Perceptron (MLP) can be employed
for superior performance in outcome prediction, as deep learning models possess the capability to learn
with minimal human intervention or preconceived assumption, providing deep learning models with an
edge over machine learning [15].

5. Conclusion

In conclusion, this study analyzed a dataset encompassing clinical, genetic, mutation features, and
survival status of 1882 breast cancer patients to gain insights into prognostic factors. Multiple statistical
tests and four machine learning models, including LG, SVC, RF, and GBDT, were employed for the in-
depth study. Key clinical attributes, such as “age at diagnosis”, “lymph nodes examined positive”, and
“Nottingham prognostic index”, along with gene expressions including HSD17B11,JAKI, and STAT5A,
as well as mutations in GATA3, TP53, and MUCI6, were identified as top relative attributes.
Furthermore, regarding performance in predicting breast cancer prognosis, GBDT demonstrated the
highest AUC-ROC compared to LG, SVC, and RF.
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