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ARTICLE INFO ABSTRACT

Editor: José Maria Soares Junior Purpose: This study aimed to explore the impact of treatment modalities on the survival outcomes of HER2-
positive patients with early-stage invasive ductal breast cancer.

Methods: Hierarchical clustering analysis was used to identify distinct subgroups based on treatment modalities.
Comparative analysis between the clusters identified significant treatment-related variables. Cox regression
analysis was performed to construct a survival prediction model and nomogram incorporating these variables.
Random Survival Forest (RSF) and SHapley Additive exPlanations (SHAP) analysis were employed for further
validation and interpretation.

Results: A total of 9569 patients with early-stage HER2+ invasive ductal breast cancer were included, and five
treatment-related clusters were identified using hierarchical clustering. Post-clustering analysis revealed that
survival outcomes were influenced by various treatment factors, including time length from diagnosis to treat-
ment, surgery approach, response to neoadjuvant therapy, combination with radiation, chemotherapy and/or
systemic therapy, and treatment sequence. A prediction model and nomogram were developed, demonstrating
good discriminatory ability and excellent predictive performance at 3-, 5-, and 8-years.

Conclusions: The study highlighted the importance of an aggressive and comprehensive treatment approach for
patients with early-stage HER2-positive breast cancer. It emphasized the multifaceted nature of treatment out-
comes and the need to consider multiple treatment factors beyond surgery alone. The developed survival pre-
diction model provided valuable insights into the contribution of different treatment modalities to survival
outcomes.
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Introduction an ongoing research endeavor.

Traditional statistical analyses have contributed valuable insights

Breast cancer is the most common cancer globally, accounting for
12.5 % of all new annual cancer cases, and in the United States, it is the
most frequently diagnosed cancer among women, representing about 30
% of new cancer diagnoses in women each year. Approximately 13 % of
women are predicted to develop invasive breast cancer in their lifetime,
and 0.5 %-1 % of breast cancer cases occur in men™? Since breast
cancer is a formidable health concern, treatment interventions for
early-stage patients play crucial roles in improving outcomes and sur-
vival rates®” In the management of early-stage breast cancer, treatment
modalities such as surgery, radiation therapy, chemotherapy, hormone
therapy, and targeted therapy have been widely employed. While these
approaches have shown efficacy, understanding the specific impact of
each modality and combination strategy on survival outcomes remains
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into the relationship between treatment modalities and survival out-
comes. However, the complexity and heterogeneity of breast cancer and
treatment-related data necessitate innovative approaches to unravel the
intricate interplay between treatments and outcomes comprehensively.
Recently, machine learning algorithms have garnered increasing atten-
tion in clinical research due to their capability to process extensive
clinical data and implement performance metrics, enhancing the ability
to model straightforward relationships between exposures and out-
comes. Classical machine learning methods are categorized into super-
vised and unsupervised approaches, distinguished by the presence or
absence of labeled outcome variables® On one hand, supervised machine
learning, particularly the utilization of random forests in survival pre-
diction, facilitates predictive modeling and validation based on
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annotated training data with known survival outcomes. Further inte-
gration of SHAP (SHapley Additive exPlanations) analysis enhances the
interpretability of the model by revealing the individual influence of
each predictive variable on the overall survival performance. On the
other hand, unsupervised machine learning algorithms process unla-
beled data to elucidate hidden structures. In detail, it can identify
distinct subgroups based on inherent similarities and differences in
treatment characteristics, without any preconceived knowledge or
guidance from survival outcomes. Notably, Hierarchical Clustering
(HC), compared with other clustering methods, does not assume specific
cluster shapes, making it adept at capturing diverse and non-uniform
patterns in treatment-related data. The hierarchical nature of HC al-
lows for the discovery of nested or overlapping subgroups within larger
clusters, offering deeper insights into the organization of complex
treatment-related data® Hence, the integration of unsupervised and su-
pervised machine learning approaches holds significant potential for
elucidating the complex relationships between treatment modalities and
survival outcomes.

In this study, the authors focused on early-stage invasive ductal
breast cancer HER2+ patients as the study population due to several
reasons. Firstly, Invasive Ductal Carcinoma (IDC), also called infiltrating
ductal carcinoma, is the most common and aggressive type of breast
cancer, with a higher likelihood of lymph node involvement and
metastasis. Secondly, HER2+ breast cancer is a distinct subtype char-
acterized by overexpression of the Human Epidermal Growth Factor
Receptor 2 (HER2) protein, which is associated with aggressive tumor
behavior and poorer prognosis’ Hence, the treatment of HER2+ breast
cancer has its unique considerations. HER2-targeted therapy, such as
trastuzumab and pertuzumab, is often considered the cornerstone of
systemic therapy and enriched the neoadjuvant therapy for HER2+
breast cancer®, reflecting the specific molecular characteristics of this
subtype. Thirdly, directing our attention towards patients in the early
stages enables a meticulous exploration of the efficacy of diverse ther-
apeutic approaches within the framework of the initial disease mani-
festation, a phase where interventions are anticipated to exert the most
profound influence on survival outcomes’.

Therefore, the present study aims to employ both supervised and
unsupervised machine learning approaches to investigate the impact of
treatment modalities on patient survival outcomes. Leveraging the
Surveillance, Epidemiology, and End Results (SEER) database, a
comprehensive repository housing extensive clinical and demographic
data from a large cohort of early-stage breast cancer patients, the au-
thors seek to uncover valuable insights. By integrating supervised and
unsupervised machine learning algorithms, the authors’ objective is to
identify significant predictors, reveal latent treatment-related sub-
groups, and construct a practical nomogram based on the association
between treatment modalities and survival. The findings gleaned from
the investigation hold the potential to provide valuable perspectives on
the efficacy of various treatment modalities and combination strategies,
thereby facilitating improvements in personalized therapeutic in-
terventions for early-stage breast cancer.

Methods
Data collection

The study data were obtained from the Surveillance, Epidemiology,
and End Results (SEER) database, which comprises comprehensive
tumor registries across various regions in the United States. This
extensive database contains detailed information on demographics, so-
cioeconomic factors, cancer characteristics, and treatment approaches.
The authors extracted clinical data of patients diagnosed with early-
stage breast cancer from 1975 to 2019 (November 2021 Submission)
from the publicly available SEER data. The collected data included a
wide range of variables: 1) Demographic information: age, gender, race,
marital status at diagnosis, household income, and residence area; 2)
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Tumor-related characteristics: AJCC stage, distant lymph node metas-
tasis, tumor size, statuses of Estrogen Receptor (ER) and Progesterone
Receptor (PR), total number of in-situ or malignant tumors, and primary
site of cancer; 3) Treatment-related variables: surgery, radiation ther-
apy, radiation and surgery sequence, chemotherapy, systemic therapy
and surgery sequence, response to neoadjuvant therapy, nonprimary
surgical procedure, reason for no cancer-directed surgery, months be-
tween diagnosis and treatment; 4) Outcome variables, including survival
time and overall survival status. It is important to note that in the SEER
dataset, neoadjuvant therapy is defined as systemic therapy provided
before curative surgery with the intention of reducing tumor size prior to
surgery. However, the systemic treatment administered before surgery
might not have had neoadjuvant intent or might not have been admin-
istered long enough to expect a relevant tumor response'’

Participant selection criteria

To be included in the study, participants had to meet the following
criteria: 1) Diagnosis of primary breast cancer in American Joint Com-
mittee on Cancer (AJCC) stages IA, IB, IIA to IIB; 2) HER2 status positive;
3) Histologic type of infiltrating duct carcinoma, according to the In-
ternational Classification of Diseases for Oncology, Third Edition (ICD-
0-3). Exclusion criteria encompassed: 1) Advanced stage, HER2-
negative, non-infiltrating duct cancer; 2) Incomplete information per-
taining to demographic characteristics, treatment modalities, or other
tumor-related variables; 3) Missing follow-up data.

Unsupervised machine learning analysis

To explore the heterogeneity of treatment modalities and identify
distinct patient subgroups, the authors employed Hierarchical Clus-
tering (HC) for the data of treatment-related variables. This technique
groups patients based on similarities in treatment characteristics. Firstly,
the authors used Multiple Correspondence Analysis (MCA) for dimen-
sionality reduction, capturing underlying relationships between cate-
gorical variables. MCA reduced the dataset’s dimensionality while
retaining informative features. To ensure comparability and meaningful
interpretation, MinMax standardization scaled numerical variables to a
common range, preventing bias from variable scales. Next, the authors
used the Silhouette Score to determine the optimal number of clusters.
Subsequently, the authors employed the Agglomerative Clustering al-
gorithm (in Python) with Euclidean distance and Ward’s linkage to
construct the hierarchical clustering dendrogram. In the post hoc vali-
dation for the quality of the clustering scheme, the authors used two
clustering metrics: the Calinski-Harabasz index and the Davies-Bouldin
Index. The Calinski-Harabasz index measures the ratio of between-
cluster dispersion to within-cluster dispersion. Higher values of the
Calinski-Harabasz index indicate better-defined clusters. The Davies-
Bouldin index measures the average similarity between each cluster
and its most similar cluster while considering the distance between the
cluster centroids. The index ranges from O to positive infinity, where
lower values indicate more distinct clusters. The closer the index is to 0,
the better the clustering result. These metrics quantified clustering
performance, assessing the algorithm’s effectiveness in capturing
meaningful patterns.

Analysis of the relationship between treatment modalities and survival
outcomes for the clusters identified by HC

Statistical tests were conducted to explore differences in the distri-
bution of treatment-related variables among the identified clusters. Chi-
Square tests were used for categorical variables, while t-tests were
employed for continuous variables with normal distribution; otherwise,
the Kruskal-Wallis test was used; p-values below 0.05 were considered
significant. Kaplan-Meier (KM) survival curves and log-rank tests were
used to further investigate outcome differences between the clusters,
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visualizing overall survival outcomes and assessing their significance.

Cox proportional hazard regression analysis, construction of a prediction
model and nomogram

To further investigate the association between treatment-related
clusters and survival outcomes while controlling for potential con-
founding factors, the authors performed univariate and multivariate Cox
regression analysis. Significant co-variables (p < 0.05) were integrated
into a prediction model. The dataset was split into training and testing
sets (7:3 ratio), with the model fitted to training data and validated on
testing data. A nomogram was generated for individualized predictions
and evaluated through the Concordance index (C-index), calibration
curve, and Receiver Operating Characteristic (ROC) curve.

Supervised machine learning and SHAP analysis

To validate the impact of these important variables on survival
prediction, the authors conducted supervised machine learning under
random forest algorithms and SHAP analysis. C-index was employed to
assess the model’s performance. Additionally, SHAP values quantified
each variable’s contribution to the prediction for each patient, providing
a unified measure of feature importance (Supplementary Table 2).

Statistical analysis

The design, analysis and reporting within this study adhered to the
STROBE Statement. All statistical analyses were performed using R and
Python software packages. Appropriate statistical tests, models, and
algorithms were chosen based on the nature of the data and research
questions.

Results
Study population

Based on the inclusion criteria, the authors included 9569 patients
diagnosed with early-stage HER2+ invasive ductal breast cancer in this
analysis. The demographic characteristics of the study population are
shown in Table 1.

Difference in treatment modalities of clusters assigned by the hierarchical
clustering (HC) algorithm

Based on the hierarchical clustering algorithm, the study population
was divided into five clusters (labeled 0, 1, 2, 3, and 4) comprising 3945,
1020, 1438, 2501, and 665 patients, respectively. The clustering results
demonstrated good quality, as indicated by the Calinski-Harabasz index
of 10,424.25 and the Davies-Bouldin index of 0.77, better than other
clustering schemes using non-optimal cluster numbers (Supplementary
Table 3).

Cluster characteristics were visualized in Fig. 1, highlighting the
differences in treatment modalities. Cluster O predominantly underwent
partial mastectomy (88 %) and rarely received neoadjuvant therapy.
Radiation therapy was administered after surgery in the majority of
patients (99 %), with beam radiation being the most common form (95
%). Chemotherapy was given to 74 % of patients, and systemic therapy
was typically administered after surgery (93 %). Cluster 2 also favored
partial mastectomy (64 %), along with beam radiation and chemo-
therapy, but there are two differences from Cluster 0. Firstly, in terms of
neoadjuvant therapy response, over 80 % of patients in Cluster 2 ach-
ieved Partial Response (PR) or Complete Response (CR), with CR ac-
counting for 33 %. Secondly, more than half (56 %) of patients received
systemic therapy both before and after surgery.

In contrast, Cluster 1 featured a higher proportion of total mastec-
tomy (43 %) and nearly no utilization of radiation, chemotherapy, and
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Table 1
Demographic characteristics of the study population.
Characteristic Overall (n =
9569)
Age 57 (48, 67)°
Sex
Female 9512 (99 %)"
Male 57 (0.6 %)
Race

American Indian or Alaska Native 72 (0.8 %)
Asian or Pacific Islander 1637 (17 %)
Black 901 (9.4 %)
White 6959 (73 %)
Residence area
Counties in metropolitan areas of >1 million population
Counties in metropolitan areas of 250,000 to 1 million
population
Counties in metropolitan areas of <250 thousand population
Nonmetropolitan counties adjacent to a metropolitan area
Nonmetropolitan counties not adjacent to a metropolitan
area
Marital status when diagnosed

5447 (57 %)
2656 (28 %)

538 (5.6 %)
448 (4.7 %)
480 (5.0 %)

Divorced 1033 (11 %)
Married 5942 (62 %)
Separated 93 (1.0 %)
Single (never married) 1537 (16 %)
Unmarried or Domestic Partner 55 (0.6 %)
Widowed 909 (9.5 %)
Median household income (Yearly)
< $35,000 36 (0.4 %)

$35,000 - $49,999
$50,000 - $69,999

411 (4.3 %)
3412 (36 %)

> $70,000 5710 (60 %)
Stage

1A 5133 (54 %)

1B 746 (7.8 %)

1A 2368 (25 %)

1B 1322 (14 %)
Hormone Receptor (HR) status

Negative 1329 (14 %)

Positive 8240 (86 %)
Progesterone Receptor (PR) status

Borderline/Unknown 10 (0.1 %)

Negative 3510 (37 %)

Positive 6049 (63 %)
Oestrogen Receptor (ER) Status

Borderline/Unknown 1 (<0.1 %)

Negative 1522 (16 %)

Positive 8046 (84 %)

Distant Lymph Nodes Metstatsis 1648 (17 %)

2 Median (IQR).
b n (%)

neoadjuvant therapy. Cluster 3 predominantly underwent total mas-
tectomy (61 %) and most of the patients received chemotherapy and
systemic therapy after surgery, but not neoadjuvant therapy and radi-
ation. Cluster 4, another total mastectomy group, received neoadjuvant
therapy, exhibited a high response rate (80 %), and had higher utiliza-
tion of chemotherapy and a different systemic therapy sequence
compared to Cluster 3.

Post-clustering analysis: survival outcome of identified clusters

Having gained insight into the treatment-related differences between
clusters identified by hierarchical clustering, the authors analyzed the
survival outcomes and explored the relationship between treatment
modalities and overall survival. Fig. 2 shows the overall survival curves
of the different clusters. Cluster 4 exhibited the best overall survival rate,
with a slightly fluctuating curve reflecting varying outcomes over time.
Comparatively, Cluster 0 and Cluster 2 had lower survival rates but
showed only a gradual decline, while Cluster 3 demonstrated a
remarkable decline over time. Notably, Cluster 1 had the lowest overall
survival rate. The log-rank test showed significant differences among
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Months from diagnosis to treatment =

1.0120.81 1.17+0.79 0.840.83 1.2541.25 1.0620.87 100
Response to Neoadjuvant Therapy ***
No neoadjuvant therapy 221 (15%) 122 (18%)
No response(NR) - 0 (0%) 0 (0%) 41 (2.9%) 0 (0%) 18 (2.7%)
Partial response(PR) - 0 (0%) 1(<0.1%) 380 (26%) 1(<0.1%) 129 (19%)
Response but complete or partial not noted - 1(<0.1%) 5 (0.5%) 318 (22%) 1(<0.1%) 151 (23%)
Complete Response(CR) - 1(<0.1%) 1(<0.1%) 478 (33%) 2 (<0.1%) 245 (37%)
Surgery (Primary Site) *** 80
Modified radical mastectomy - 188 (4.8%) 123 (12%) 221 (15%) 354 (14%) 75 (11%)
Only autopsy without surgery - 3 (<0.1%) 186 (18%) 1(<0.1%) 1(<0.1%) 0(0%)
w Partial mastectomy 3,472 (88% 247 (24%) 472 (19%) 103 (15%)
[) Radical mastectomy - 2(<0.1%) 1(<0.1%) 3(0.2%) 9(0.4%) 2(0.3%)
a Subcutaneous mastectomy - 22 (0.6%) 22 (2.2%) 66 (4.6%) 149 (6.0%) 92 (14%)
.g Total (simple) mastectomy - 258 (6.5%) 441 (43%) 223 (16%)
© Radiation and Surgery Sequence *** 60
> Intra-operative radiation - 41 (1.0%) 0(0%) 8(0.6%) 0 (0%) 0 (0%)
B No radiation or cancer-directed surgery - 0 (0%) 0.(0%)
- Radiation after surgery 3, 0(0%) 5 (0.2%) 0(0%)
] Radiation before and after surgery - 0 (0%) 0(0%) 12 (0.8%) 0(0%) 0 (0%)
= Radiation before surgery - 2(<0.1%) 0(0%) 24 (1.7%) 0(0%) 0(0%)
€ Radiation ***
[ Beam radiation 3(03%) 1,424 (99%) 5(0.2%) 0(0%) - 40
£ Combination of beam with implants or isotopes - 13 (0.3%) 0 (0%) 2(0.1%) 0 (0%) 0 (0%)
= None/Unknown - 00 owa
@ Radioactive implants - 141 (3.6%) 0 (0%) 4(0.3%) 0(0%) 0 (0%)
e Radioisotopes - 3(<0.1%) 0(0%) 0 (0%) 0 (0%) 0 (0%)
Yes, but method not noted - 26 (0.7%) 0 (0%) 8(0.6%) 0(0%) 0 (0%)
Chemotherapy ***
No/Unknown - 1,010 (26%) 12 (0.8%) 540 (22%) 1 _20
Yes w01 Laz6 09
Systemic Therapy and Surgery Sequence ***
Intraoperative systemic therapy - 0 (0%) 1(<0.1%) 221 (15%) 0 (0%) 71(11%)
No systemic therapy or surgical procedures - 285 (7.2%) 0(0%) 16 (0.6%) 0(0%)
Systemic therapy after surgery 21(21%) 73 (5.1%) 27 (4.1%)
Systemic therapy before surgery - 0(0%) 1(<0.1%) 338 (24%) 2(<0.1%) 239 (36%)
Systemic therapy both before and after surgery - 2(<0.1%) 2(0.2%) 3(0.1%) 328 (49%) 5
v 4 -

Cluster 0, N = 3,945

*4+ P<0.001

Cluster 1, N = 1,020

Cluster 2, N = 1,438 Cluster 3, N = 2,501

Clusters

Cluster 4, N = 665

Fig. 1. Heatmap of different percentages of treatment modalities among the clusters assigned by hierarchical clustering.
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Fig. 2. Overall survival curve of different clusters assigned by hierarchical clustering.

these clusters (effect size: 413.89, p-value < 0.005).

In addition, post-clustering analysis revealed that survival outcomes
were not solely determined by surgical procedures but also influenced
by other treatment conditions. Cluster 4, with total mastectomy as the
dominant treatment, exhibited the highest overall survival rate, while
Cluster 1, despite a similar surgical approach, demonstrated the poorest
survival. This observation highlights the potential impact of factors such
as neoadjuvant therapy response, combination with chemotherapy and/
or systemic therapy, and treatment sequence. Interestingly, variations in
systemic therapy and surgery sequence, and neoadjuvant therapy
response, did not significantly affect overall survival for patients in
Clusters 0 and 2, who underwent partial mastectomy.

Adjustment of potential confounding factors and identification for other
significant covariates

To eliminate interference from demographic characteristics and
tumor-related variables, univariate and multivariate Cox Proportional
Hazard Regression analyses were used to examine the correlation be-
tween treatment modality clusters and overall survival status (Supple-
mentary Table 1), under the premise that the cluster variable is not
highly correlated with other clinical variables. In the fully adjusted
model (multivariate model 2), Cluster 1 remained significantly associ-
ated with a higher HR of 3.04 (95 % CI: 2.53, 3.66), and Cluster 3 also
retained its significant association with a higher HR of 1.42 (95 % CI:
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1.18, 1.70). It suggested that the treatment-related clusters identified
through hierarchical clustering analysis are independently associated
with overall survival in early-stage breast cancer, even after adjusting
for various potential confounding factors. Moreover, covariates signifi-
cantly associated with overall survival were identified, including sex,
race, age, marital status, stage, tumor size, and total number of in-situ or
malignant tumors.

Prediction model and nomogram

To comprehensively understand the impact of treatment modalities
on overall survival, the authors developed a prediction model and
nomogram to estimate individualized 3-, 5-, and 8-year survival prob-
abilities for early-stage HER2+ invasive ductal breast cancer (Fig. 3).
The model includes treatment-related variables (time from diagnosis to
treatment, surgery approach, response to neoadjuvant therapy, chemo-
therapy, radiation and surgery sequence, and systemic therapy and
surgery sequence) and other significant factors (age, race, marital status,
stage, total number of in-situ or malignant tumors, and tumor size). The
nomogram assigns scores to each factor, enabling clinicians to calculate
survival probabilities at specific time points.

Further evaluation demonstrated the nomogram’s good discrimina-
tory ability, with C-index values of 0.821 (training set) and 0.793 (test
set), indicating accurate predictions. ROC curves (Fig. 4A and Fig. 4C)
displayed excellent performance at 3-, 5-, and 8-years, with AUC values
of 0.816, 0.805, and 0.801, respectively. The results in the test set (AUC
values of 3-, 5-, and 8-year ROC curves: 0.805, 0.784, and 0.763) were
consistent with those in the training set. Calibration curves confirmed a
strong alignment between predicted and observed survival outcomes
(Fig. 4B and Fig. 4D).

Notably, beyond treatment modality, treatment delay itself also
emerged as a key determinant of survival. While the nomogram incor-
porated time to treatment as a continuous variable, the model’s linear
assumption may overlook potential threshold effects. To address this
limitation, an additional analysis was conducted to explore whether
delays beyond specific timepoints were associated with worsened
prognosis. The authors performed a series of stratified Cox models using
monthly cutoff points (1-8 months). The smoothed curve (Supple-
mentary Fig. 1) indicated that hazard ratios for timely versus delayed
treatment became statistically significant beyond 3 months (90-days), as
the 95 % Confidence Interval dropped entirely below 1. Consistently,
Kaplan-Meier survival curves using the 3-month threshold demonstrated
a significant survival disadvantage for patients initiating treatment
beyond 90-days from diagnosis (p = 0.05; Supplementary Fig. 2). These
findings suggest that in HER2-positive early-stage breast cancer, delayed
initiation of treatment was associated with poorer overall survival, with
delays beyond 90-days emerging as a potential threshold for clinically
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significant treatment delay.

Supervised machine learning and SHAP analysis

To validate and explore the influence of treatment modalities and
other covariates from the nomogram on survival outcomes, the authors
employed Random Survival Forest (RSF), a supervised machine learning
method designed for survival analysis. RSF demonstrated high perfor-
mance with a concordance index of 0.844 in the training set and 0.812 in
the test set. To provide insights into the model’s predictions, the authors
utilized SHAP analysis, quantifying the impact of each feature on sur-
vival predictions, including their interactions. Fig. 5 shows that age,
cancer stage, and the total number of in-situ or malignant tumors
significantly affected survival predictions, aligning with established
clinical knowledge'""'? Notably, specific treatment modalities also
played a crucial role. The absence of systemic therapy, chemotherapy,
and non-response to neoadjuvant therapy resulted in higher risk scores,
while intraoperative and postoperative radiation lowered the risk score.
The impact of partial and total mastectomy on survival risk showed no
significant differences, suggesting other factors might be relevant in
combination, consistent with previous results.

Discussion

This analysis is based on a large-scale survival cohort and employs an
innovative analytical approach that combines supervised and unsuper-
vised machine learning with traditional survival analysis. Utilizing hi-
erarchical clustering, the authors successfully partitioned the dataset
based on multiple treatment-related variables, enabling the identifica-
tion of distinct clusters. Subsequently, the authors examined the dif-
ferences between these clusters, with a focus on significant variations in
treatment-related variables. Cox regression analysis revealed that the
treatment-related clusters served as independent risk factors influencing
survival outcomes and identified other significant covariates. A
comprehensive survival prediction model incorporating specific treat-
ment modalities factors identified from clustering analyses was con-
structed, providing an individualized prediction tool in the form of a
nomogram. Additionally, the random survival forest model within su-
pervised machine learning was utilized, followed by SHAP analysis to
gain deeper insights into the importance of each treatment modality’s
impact on the survival of HER2+ patients with early-stage invasive
ductal breast cancer.

Previous studies often focused on comparing the effect of single-
treatment modalities, evaluating specific approaches in isolation'®*°
However, breast cancer treatment is a complex and multifaceted pro-
cess, and the effectiveness of different treatment modalities can vary
depending on various factors and their interaction. Understanding the
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Fig. 4. ROC curves and Calibration curves of 3-year, 5-year, and 8-year overall survival. (A) ROC curve of 3-year, 5-year, and 8-year overall survival in the training
set. (B) Calibration curve of 3-year, 5-year, and 8-year overall survival in the training set. (C) ROC curve of 3-year, 5-year, and 8-year overall survival in the test set.

(D) Calibration curve of 3-year, 5-year, and 8-year overall survival in the test set.

importance of treatment combinations and sequencing can optimize
patient outcomes and survival rates. The present study comprehensively
examined various treatment-related factors, revealing associations be-
tween survival outcomes and multiple treatment modalities and com-
binations from a holistic perspective. The unsupervised clustering
analysis uncovered distinct treatment-related subgroups without bias,
providing unbiased insights into the relationships between treatment
modalities and survival outcomes.

As the treatment strategies for patients with early breast cancer are
mostly based on surgical treatment, there is extensive debate in aca-
demic circles about the impact of partial mastectomy plus radiotherapy
or total mastectomy on survival outcomes. Many long-term follow-up
studies observed that no significant difference between these two sur-
gery approaches'®!” aligning with these results. Interestingly, the pre-
sent research observed favorable survival rates in two clusters of
patients undergoing partial mastectomy with radiation therapy. How-
ever, the cluster predominantly treated with total mastectomy demon-
strated slightly better survival outcomes when combined with effective
neoadjuvant therapy, chemotherapy, and systemic treatment. On the

other hand, among the two clusters predominantly treated with total
mastectomy, one exhibited the worst survival curve, while the other
performed the best. It further emphasizes the importance of considering
other treatment modalities comprehensively. Existing research supports
the present findings, indicating the benefits of a good response to neo-
adjuvant therapy'®, and application of systemic adjuvant therapies'® for
breast cancer patients’ survival outcomes. The present results indicated
the limitations of solely focusing on the superiority or inferiority of
specific approaches to surgical procedures, as they fail to capture the
broader context and complexity of treatment effects.

Additionally, although the superior survival outcomes observed in
Cluster 4 are likely multifactorial, the high rate of Complete Response
(CR) to neoadjuvant therapy might be a key contributing factor. Given
that all patients in the present cohort were HER2-positive, this finding
plausibly reflects the clinical benefit conferred by HER2-targeted agents
such as trastuzumab and pertuzumab. These therapies are well-
established for enhancing CR rates in neoadjuvant settings, which is
strongly associated with improved long-term outcomes in early-stage
HER2-positive breast cancer’®?! Although the SEER database does not
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capture the use of specific biologic agents, the observed response pattern
in Cluster 4 is consistent with outcomes expected from HER2 blockade.
This evidence might collectively reinforce the pivotal role of
HER2-targeted therapy in achieving pathological complete response and
long-term survival benefits in HER2-positive breast cancer.

It is noteworthy that, beyond the effects of treatment combinations
and sequencing mentioned earlier, this study also suggests that delayed
treatment may result in a worse prognosis. This observation aligns with
prior research findings. For instance, a modeling study in pregnant
breast cancer patients indicates that treatment delays lead to a daily
increased risk of axillary metastases by 0.028 % for tumors with mod-
erate doubling times of 130 days and 0.057 % for tumors with rapid
doubling times of 65 days®? An observational, population-based study
involving 24,843 patients with stage I to IIl invasive breast cancer found
that delaying the initiation of adjuvant chemotherapy by 91 days or
more is associated with adverse outcomes”® Bleicher RJ observed that a
delay of >90 days from diagnosis to surgery (in the non-neoadjuvant
setting) occurred in <2 % of patients in America and was associated
with a 3.1 %-4.6 % decrease in overall survival’* Furthermore, it was
reported that a delay of >90 days between surgery and the start of
adjuvant chemotherapy was associated with an approximately 1.6 times
higher risk of death® It is worth mentioning that the impact of delayed
treatment on patient survival varies by the subtype and stage of breast
cancer. Ho PJ et al. found that prolonged treatment delays led to poorer
survival outcomes in patients with invasive breast cancer, while no
significant impact was observed in patients with noninvasive breast
cancer’® Additionally, Jung SY et al. revealed that delaying treatment
initiation for breast cancer in the metastatic stage beyond 12 weeks
post-diagnosis was associated with a heightened risk of death?” Hence,
the present findings, along with those of previous studies, underscore
the crucial importance of timely intervention following diagnosis for
improving the prognosis of breast cancer patients. Delaying intervention
is highly likely to worsen prognosis, particularly in patients with inva-
sive breast cancer.

One of the key advantages of this research is the integration of su-
pervised and unsupervised machine learning methods with traditional

survival analysis. This innovative approach enhances the identification
of hidden treatment-related clusters among diverse variables and their
complex interactions, thereby assisting the construction of a prediction
model and providing interpretability of the importance of each factor.
Additionally, a nomogram with the inclusion of treatment data was
developed for individualized prognostication showed good predictive
accuracy in the following validation. The nomogram and clustering re-
sults suggest that patients undergoing more extensive surgery — such as
total or modified mastectomy — may benefit from timely and integrated
treatment strategies. These findings also indicate the potential value of
prioritizing neoadjuvant therapy in this subgroup to optimize patho-
logical response and long-term survival. Taken together, these results
highlight important clinical implications for personalizing prediction
therapy in early-stage HER2-positive breast cancer. Healthcare pro-
fessionals can optimize treatment strategy and improve patient out-
comes by incorporating these findings into clinical decision-making.

However, it is essential to acknowledge several limitations of this
study. Firstly, as a retrospective analysis of a survival cohort, unmea-
sured confounding factors may exist. Secondly, the absence of external
validation may limit the generalizability of the present findings beyond
the studied population and healthcare setting. Future research should
validate the present study’s model using independent cohorts that cap-
ture more comprehensive treatment-related information. Additionally,
the SEER database lacks details on the use and timing of HER2-targeted
therapies such as trastuzumab and pertuzumab, which limits the ability
to directly assess their contribution to treatment response and survival.
Further investigation is warranted using datasets with more granular
treatment and biomarker data to clarify the effects of specific thera-
peutic subtypes.

Conclusion

This study integrated novel data analysis methods, unsupervised and
supervised machine learning, providing valuable tools to comprehen-
sively interpret the impact of complex treatment modalities on the
survival status of HER2+ patients with early-stage invasive ductal breast
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cancer. The validated survival prediction model, incorporating detailed
treatment factors, may guide treatment strategies in clinical practice for
early-stage breast cancer.
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