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Abstract: Young breast cancer (YBC) patients often face a poor prognosis, hence it's necessary to construct a model
that can accurately predict their long-term survival in early stage. To realize this goal, we utilized data from the
Surveillance, Epidemiology, and End Results (SEER) databases between January 2010 and December 2020, and
meanwhile, enrolled an independent external cohort from Tianjin Medical University Cancer Institute and Hospital.
The study aimed to develop and validate a prediction model constructed using the Random Survival Forest (RSF)
machine learning algorithm. By applying the Least Absolute Shrinkage and Selection Operator (LASSO) regression
analysis, we pinpointed key prognostic factors for YBC patients, which were used to create a prediction model capa-
ble of forecasting the 3-year, 5-year, 7-year, and 10-year survival rates of YBC patients. The RSF model constructed
in the study demonstrated exceptional performance, achieving C-index values of 0.920 in the training set, 0.789 in
the internal validation set, and 0.701 in the external validation set, outperforming the Cox regression model. The
model’s calibration was confirmed by Brier scores at various time points, showcasing its excellent accuracy in pre-
diction. Decision curve analysis (DCA) underscored the model’s importance in clinical application, and the Shapley
Additive Explanations (SHAP) plots highlighted the importance of key variables. The RSF model also proved valuable
in risk stratification, which has effectively categorized patients based on their survival risks. In summary, this study
has constructed a well-performed prediction model for the evaluation of prognostic factors influencing the long-term
survival of early-stage YBC patients, which is significant in risk stratification when physicians handle YBC patients
in clinical settings.

Keywords: Young breast cancer, random survival forest, the Surveillance, Epidemiology, and End Results program
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Introduction

Breast cancer (BC) stands as the most preva-
lent cancer and the foremost cause of cancer-
related mortality among women in the globe
[1]. Young breast cancer (YBC), the most com-
mon malignant tumor affecting young individu-
als, is characterized as a type of breast cancer
diagnosed in individuals under the age of 40 [2,
3].

Age is a critical determinant for the long-term
survival of BC patients. Young patients, when

compared to patients in an older age group,
typically have poorer prognoses [4-6]. An exten-
sive number of research has demonstrated that
YBC patients often exhibit more aggressive bio-
logical behaviors and less favorable pheno-
types. These include a higher incidence of tri-
ple-negative breast cancer (TNBC), symptom
manifestation in a later stage, larger tumors,
increased lymph node involvement, higher his-
tological grades, a positive family history, and a
heightened risk of BRCA1/2 mutations [6-10].
Consequently, YBC patients, in contrast to their
older counterparts, often have lower 5-year sur-
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vival rates, marked by a significantly elevated
risk of overall tumor recurrence and distant
metastasis [11-15]. Given the above character-
istics, the traditional American Joint Cancer
Committee (AJCC) staging system, a system
that has wide acceptance, may not be ade-
quate in predicting the survival time of YBC
patients. Additionally, taking into consideration
the unique challenges faced by YBC patients,
such as fertility preservation and the long-last-
ing side effects from treatment, is essential.
Therefore, accurately predicting the long-term
survival time of early-stage YBC patients and
thus dividing them into different risk subgroups
are crucial for physicians to design the best
treatment regimen for them.

Currently, several clinical prediction models
have been developed for assessing the survival
rate of YBC patients. In 2020, Sun et al. devel-
oped a nomogram containing 13 predictors
through univariate and multivariate Cox analy-
sis, which was utilized to predict the 3-year and
5-year overall survivals (0OS) and breast cancer-
specific survival (BCSS) of YBC patients [16].
In 2022, Huang et al. constructed a nomogram
to predict the 3-year and 5-year OS of YBC
patients through the Last Absolute Shrink and
Selection Operator (LASSO) regression analysis
[17]. However, as YBC patients often have a
long survival time, predictions limited to 3 or 5
years may not suffice to meet clinical demands.
Additionally, the models constructed in the
prior studies have not been externally validated
with certain sample sizes, whose performance
was also constrained by the uniformity of pre-
diction algorithms.

Recently, the Random Survival Forest (RSF), a
novel machine learning algorithm, has emerg-
ed for predicting disease progression [18].
Recognized for its high performance and inter-
pretability, the RSF algorithm is currently under
development. However, its utilization in fore-
casting the prognosis of YBC patients remains
unexplored.

In this study, we screened the characteristics of
the data from the Surveillance, Epidemiology,
and End Results (SEER) databases using the
LASSO regression analysis and constructed a
prediction model for the long-term survival
prognosis (including 3-year, 5-year, 7-year and
10-year survivals) of early-stage YBC patients
with the use of the RSF algorithm. The model is
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externally validated in a separate external data-
set from the Tianjin Medical University Cancer
Institute and Hospital.

Materials and methods
Data sources

In this study, we utilized the SEER*Stat version
8.4.1 software, encompassing datasets from
seven centers. Given that the year 2010 was
when the data on human epidermal growth fac-
tor receptor-2 (HER-2) in the SEER databases
started to be collected, we focused on young
patients diagnosed with breast cancer between
2010 and 2020.

Inclusion criteria: patients were eligible if (1)
they were confirmed with primary BC by patho-
logical examinations; (2) they were under the
age of 40; (3) their BCs were primary. Exclu-
sion criteria: patients were excluded if (1) they
showed distant metastasis; (2) they didn’t have
follow-up records; (3) their information about
pathological type, histological grade, AJCC
stage, lesion size, lymph node status, surgical
type, estrogen receptor (ER), progesterone re-
ceptor (PR), HER-2 status and treatment regi-
men for tumors were unknown.

Finally, a total of 6884 eligible patients were
included. Following precedent studies, these
patients were randomly allocated into a training
set (n=4818) and an internal validation set
(n=2066) in a 7:3 ratio, with which the predic-
tion model were constructed and verified,
respectively. Additionally, an external validation
set was formed, comprising 966 YBC patients
diagnosed in the Tianjin Medical University
Cancer Institute and Hospital from January
2006 to December 2021, to further assess the
model’s performance. Patients in the validation
set were selected based on the same inclusion
and exclusion criteria as the training set. The
last follow-up for patients was finished in May
2023. Approval for this study was obtained
from the Institutional Review Committee of the
Tianjin Medical University Cancer Institute and
Hospital.

Variables

This study included the following 17 variables:
marital status, age, race, lesion sites, AJCC
stage, T stage, N stage, histological grade,
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Young breast cancer(YBC) patients in early-stage
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Figure 1. The flowchart of the models’ development. SEER: The Surveillance, Epidemiology, and End Results; TJMU-

CIH: Tianjin Medical University Cancer Institute and Hospital.

pathological type, molecular typing, lesion size,
the number of positive lymph nodes, the num-
ber of surgically dissected lymph nodes, the
proportion of positive lymph nodes, surgical
type, chemotherapy, and radiotherapy.

Modeling

The LASSO algorithm, suitable for high-dimen-
sional data regression, was employed to select
and rank statistically significant clinical vari-
ables from the training dataset [19]. These fea-
tures extracted by the LASSO algorithm assist
in building subsequent RSF and Cox prediction
models, providing robust predictive capabili-
ties. In this study, the RSF algorithm was uti-
lized to construct a RSF model. To adjust the
parameters of the RSF model, the grid search
method was adopted. The hyperparameters
and range of grid search are as follows: the
number of estimators (10, 100, 500, 1000);
minimum samples split (1, 3, 5, 10, 15, 20);
minimum samples leaf (1, 3, 4, 10, 15, 20). The
Cox regression model was a regular survival
prediction model. In the Cox regression model,
based on the prognosis-relevant characteris-
tics selected by the LASSO regression, a train-
ing-set-based nomogram survival prediction
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model was established using the “rms” pack-
age in the R language to predict the 3-, 5-, 7-,
and 10-year OS for non-metastatic YBC pa-
tients, which was subsequently employed for
the comparison with the RSF model. Both mod-
els were built on a development dataset using
the 10-fold cross-validation. Figure 1 illustrates
the flowchart of the models’ development.

Evaluation and interpretation of the models

The RSF model was evaluated using the inter-
nal validation set and the external validation
set, respectively, to assess its performance.
The primary outcome was the 3-, 5-, 7- and
10-year OS of the early-stage YBC patients.

The model was evaluated using the following
indicators: The C-index, a correlation coeffi-
cient between anticipated survival risks and
actual survival times, was used to assess the
model’s accuracy. A C-index value of 0.5 deno-
ted for a random prediction. In contrast, a
C-index value of 1.0 denoted for an accurate
forecasting. Additionally, the model’s calibra-
tion was evaluated by the Brier scores. The
Brier scores - which range from 0 to 1, with O
being the best outcome - were obtained. They

Am J Cancer Res 2024;14(4):1609-1621



RSF-model predicting long-term survival in YBC

represented the mean square difference bet-
ween the observed status of patients and their
expected survival time. In practice, a model is
deemed helpful if its Brier score is less than
0.25. Receiver operating characteristic (ROC)
curves were produced, and area under the
curves (AUC) were computed for the 3-, 5-, 7-,
and 10-year OS to evaluate the model’s time-
dependent sensitivities and specificities. The
decision curve analysis (DCA) was applied to
calculate the clinical net benefit of the model
[20].

The interpretation of the prediction model was
essential for supporting medical decision-mak-
ing process, in which physicians could simply
understand how the models predict the postop-
erative prognosis transparently. The Shapley
Additive Explanations (SHAP) plot, which was a
game-theoretic approach to explain the output
of the model, demonstrated the contribution of
the variables to the outcome [21].

The RSF risk stratification of patients

The computed risk score from the RSF model: a
higher risk score indicating a higher chance of
early occurrence of the event of interest (in this
case, death). The RSF risk stratification based
on the risk score, which was computed by the
expected number of events for a particular ter-
minal node in the RSF model, could quantify
patients’ survival hazards. The critical value
was defined according to the risk score and by
X-tile software version 3.6.1 (Yale University,
New Haven, CT). All early-stage YBC patients
were divided into a high-risk group (risk score
>17.83) and a low-risk group (risk score <17.83).

Statistical analysis

The difference between the demographic and
the clinical information was compared using
the Wilcoxon test for continuous variables,
while the x? test or Fisher’s exact test for cate-
gorical variables in the training set and the vali-
dation set. Two-tailed p-values less than 0.05
were considered statistically significant. Python
(Version 3.8, Van Rossum, Scotts Valley, CA,
USA) was implemented to derive the models.
The Cox model and RSF model were based on
the scikit-survival module (Version 0.17.2, Se-
bastian P). The fundamental data analysis was
conducted by the R software (Version 4.1.2,
RCoreTeam, Vienna, Austria).
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Results
The characteristics of patients

A total of 7850 patients were enrolled in the
study. Table 1 summarizes the demographic
and clinical information of the enrolled YBC
patients in the training set, the internal valida-
tion set and the external validation set.

In terms of clinicopathological characteristics,
there were significant differences in molecular
classification, histological grade, T stage, N
stage and AJCC stage between the Tianjin
Medical University Cancer Institute and Hos-
pital cohort and the SEER cohort (P<0.001).
Compared with the SEER cohort, YBC patients
of the Tianjin Medical University Cancer Ins-
titute and Hospital cohort had a higher propor-
tion of HR+HER-2-, HR-HER-2+ and TNBC, and a
lower proportion of HR+HER-2+. The histologi-
cal grade of YBC patients in the Tianjin Medical
University Cancer Institute and Hospital cohort
was mainly grade I, late T stage and late N
stage, and AJCC stage was given priority to
stage Il. The histological grade of YBC patients
in the SEER cohort was primarily grade llI/1V,
and the AJCC stage was mainly stage |. When
forming treatment methods, YBC patients from
the Tianjin Medical University Cancer Institute
and Hospital received total mastectomy and
modified radical mastectomy as surgeries, with
their proportion of breast conservation and
reconstruction lower than that in the SEER
cohort. A higher proportion of YBC patients in
the Tianjin Medical University Cancer Institute
and Hospital cohort received chemotherapy,
which may be related to a higher proportion of
TNBC and a later AJCC stage. However, there
was no significant difference in lymph node
metastasis rate between the two cohorts.

Selection of characteristic variables

The LASSO regression analysis was employed
in the study. Only one variable, the lesion site,
was eliminated, and the remaining 16 variables
were included in the construction of the RSF
model. These remaining variables included
marital status, age, race, AJCC stage, T stage,
N stage, histological grade, pathological type,
molecular typing, lesion size, the number of
positive lymph nodes, the number of surgically
dissected lymph nodes, the proportion of posi-
tive lymph nodes, surgical methods, chemo-
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Table 1. Demographics and clinicopathologic characteristics of the training and validation cohorts

Training Set

Internal validation

External validation

Characteristic (n=4818) cohort (1=2066)  cohort (n=966) P Value
Age 37 (33, 39) 37 (33, 39) 37 (33, 39) 0.419
Marital status <0.001
Divorced 290 (6.0%) 137 (6.6%) 0 (0.0%)
Married 3079 (63.9%) 1313 (63.6%) 761 (78.8%)
Separated 3080 (1.0%) 20 (1.0%) 0 (0.0%)
Single (never married) 3081 (28.7%) 591 (28.6%) 205 (21.2%)
Widowed 3082 (0.3%) 5 (0.2%) 0 (0.0%)
Race <0.001
American Indian/Alaska Native 59 (1.2%) 17 (0.8%) 0 (0.0%)
Asian or Pacific Islander 815 (16.9%) 339 (16.4%) 966 (100.0%)
Black 606 (12.6%) 295 (14.3%) 0 (0.0%)
White 3338 (69.3%) 1415 (68.5%) 0 (0.0%)
Primary Site 0.586
Nipple 11 (0.2%) 2 (0.1%) 1(0.1%)
Central portion of breast 163 (3.4%) 67 (3.2%) 32 (3.3%)
Upper-inner quadrant of breast 635 (13.2%) 238 (11.5%) 123 (12.7%)
Lower-inner quadrant of breast 265 (5.5%) 116 (5.6%) 57 (5.9%)
Upper-outer quadrant of breast 1546 (32.1%) 735 (35.6%) 330 (34.2%)
Lower-outer quadrant of breast 442 (9.2%) 182 (8.8%) 87 (9.0%)
Axillary tail of breast 32 (0.7%) 14 (0.7%) 7 (0.7%)
Overlapping lesion of breast 1112 (23.1%) 441 (21.3%) 217 (22.5%)
Other 612 (12.7%) 271 (13.1%) 112 (11.6%)
Histology Type 0.001
Infiltrating duct 4440 (92.2%) 1906 (92.3%) 869 (90.0%)
Lobular 151 (3.1%) 60 (2.9%) 6 (2.7%)
Adenocarcinoma 112 (2.3%) 40 (1.9%) 8 (1.9%)
Ductal 0 (0.6%) 12 (0.6%) 1 (1.1%)
Medullary 22 (0.5%) 8 (0.4%) 11 (1.1%)
Metaplastic 17 (O 4%) 12 (0.6%) 7 (0.7%)
Paget 3 (0.3%) 10 (0.5%) 5 (0.5%)
Inflammatory 8 (0.2%) 5 (0.2%) 2 (0.2%)
Other 25 (0.5%) 13 (0.6%) 17 (1.8%)
Subtype <0.001
HR+/HER-2+ 834 (17.3%) 361 (17.5%) 103 (10.7%)
HR+/HER-2- 2897 (60.1%) 1230 (59.5%) 578 (59.8%)
HR-/HER-2+ 292 (6.1%) 127 (6.1%) 1 (8.4%)
HR-/HER-2- 795 (16.5%) 348 (16.8%) 204 (21.1%)
Histology Grade <0.001
I 515 (10.7%) 218 (10.6%) 24 (2.5%)
Il 1784 (37.0%) 773 (37.4%) TAT (77.3%)
/v 2519 (52.3%) 1075 (52.0%) 195 (20.2%)
AJCC stage <0.001
0 1 (0.0%) 0 (0.0%) 10 (1.0%)
| 2089 (43.4%) 884 (42.8%) 257 (26.6%)
Il 1944 (40.3%) 854 (41.3%) 527 (54.6%)
/v 784 (16.3%) 328 (15.9%) 172 (17.8%)
1613 Am J Cancer Res 2024;14(4):1609-1621
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T stage
Tis/TO 2 (0.0%)
T1 2033 (42.2%)
T2 2124 (44.1%)
T3 533 (11.1%)
T4 126 (2.6%)
N stage
NO 2630 (54.6%)
N1 1389 (28.8%)
N2 341 (7.1%)
N3 182 (3.8%)
Nimic 276 (5.7%)
Surgery
Biopsy only 155 (3.2%)
Mastectomy 1275 (26.5%)
BCS 1701 (35.3%)
Reconstruction 1687 (35.0%)

Radiation recode

No/Unknown 2136 (44.3%)

Yes 2682 (55.7%)
Chemotherapy recode

No/Unknown 1151 (23.9%)

Yes 3667 (76.1%)
Positive lymph nodes 0(0,1)
Examined lymph nodes 4 (2, 10)
Positive lymph nodes rate 0 (0.00, 0.18)
Tumor Size (mm) 24 (15, 36)

<0.001
3(0.1%) 11 (1.1%)
841 (40.7%) 377 (39.0%)
957 (46.3%) 497 (51.4%)
223 (10.8%) 73 (7.6%)
42 (2.0%) 8 (0.8%)
<0.001
1123 (54.4%) 499 (51.7%)
603 (29.2%) 261 (27.0%)
133 (6.4%) 92 (9.5%)
89 (4.3%) 65 (6.7%)
118 (5.7%) 49 (5.1%)
<0.001
58 (2.8%) 0 (0.0%)
573 (27.7%) 647 (67.0%)
720 (34.8%) 218 (22.6%)
715 (34.6%) 101 (10.5%)
0.052
921 (44.6%) 389 (40.3%)
1145 (55.4%) 577 (59.7%)
<0.001
486 (23.5%) 149 (15.4%)
1580 (76.5%) 817 (84.6%)
0(0, 1) 0(0,2) 0.002
4 (2, 10) 19 (14, 23) <0.001
0(0.00, 0.18) 0(0.00, 0.11) 0.525
24 (15, 35) 35 (22, 35) <0.001

HR: Hormone Receptors; HER-2: Human epidermal growth factor receptor-2; AJCC: American Joint Cancer Committee; BCS:

Breast-conserving surgery.

therapy and radiotherapy. The procedures for
selecting variables are shown in Figure 2.
Taking advantage of the grid search, the opti-
mal structure of the RSF model comprised 500
estimators, 10 minimum samples split, and 10
minimum samples leaf.

Evaluation and interpretation of the models

In this study, the models were evaluated with
both the internal verification set and the exter-
nal verification set. The performance of the
models was shown in Tables 2-4. The Brier
scores of both models were less than 0.25,
showing their good calibration. The RSF model
outperformed the Cox regression model, with
the highest C index and AUC of the 3-, 5-, 7-and
10-year survival in both internal and external
validation sets. In addition, the Brier scores of
the 3-, 5-, 7-, and 10-year survival from the RSF
model were the lowest in both internal and
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external validation sets. As shown in Figure 3,
the DCA of the RSF model showed fair clinical
net benefits for the 3-, 5-, 7- and 10-year sur-
vival prediction.

In addition, we visualized the RSF model in the
form of a SHAP plot. In the SHAP plot shown in
Figure 4, the variables in the model were
arranged in a descending order of importance.
AJCC stage was the most important variable,
followed by T stage, histological grade, molecu-
lar typing, and N stage, etc.

Evaluation of risk stratification ability of the
RSF model

The risk stratification of patients is of great
significance for guiding patient management.
We calculated the risk score of each patient
through the RSF model and stratified the risk.
Patients were divided into a high-risk group
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Figure 2. The results of the last absolute shrink and selection operator (LASSO) regression analysis for the random
survival forest (RSF) model. A. The LASSO coefficient profiles of the expression of 17 variables. B. Selection of the
A in the LASSO regression analysis via 10-fold cross-validation. The dotted vertical lines are plotted at the optimal
values following the minimum criteria (right) and “one standard error” criteria (left).

Table 2. Overall survival (OS) in the training cohort

AUC

Brier score

Model

C-Index (95% Cl)  p Value

3-Year 5-Year 7-Year 10-Year pValue 3-Year 5-Year 7-Year 10-Year p Value

Cox Model 0.827 0.786 0.761 0.718 <0.001 0.015
RSFmodel 0.947 0.934 0.919 0.890 0.012

0.024 0.034 0.047

0.044 0.061 0.01  0.785(0.759,0.811) <0.001
0.920 (0.912, 0.928)

AUC: Area under the Curve; RSF: Random Survival Forest; Cl: Confidence Intervals.

Table 3. Overall survival (OS) in the internal validation cohort

AUC

Brier score

Model

C-Index (95% Cl)  p Value

3-Year 5-Year 7-Year 10-Year pValue 3-Year 5-Year 7-Year 10-Year p Value

Cox Model 0.838 0.782 0.741 0.738  0.025 0.016
RSF model 0.84 0.802 0.771  0.777 0.016

0.032 0.045 0.063

0.047  0.067 0.589 0.771(0.754,0.788) 0.080
0.789 (0.771, 0.807)

AUC: Area under the Curve; RSF: Random Survival Forest; Cl: Confidence Intervals.

Table 4. Overall survival (OS) in the external validation cohort

AUC

Brier score

Model

C-Index (95% Cl)  p Value

3-Year 5-Year 7-Year 10-Year pValue 3-Year 5-Year 7-Year 10-Year p Value

Cox Model 0.817 0.763 0.720 0.696 0.028
RSF model 0.821 0.768 0.733 0.696

0.012 0.028 0.044 0.064 0.169 0.697 (0.669,0.726) 0.845
0.011 0.028 0.043 0.060 0.701 (0.673, 0.730)

AUC: Area under the Curve; RSF: Random Survival Forest; Cl: Confidence Intervals.

(risk score >17.83) and a low-risk group (risk
score <17.83) with the assistance of X-tile. The
results of the Kaplan-Meier analysis and log-
rank test between the high-risk group and the
low-risk group were presented in Figure 5,
which demonstrated significant differences
between the two groups.
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Discussion

The incidence of breast cancer in young women
is relatively low [22]. However, the prognosis of
YBC patients is generally worse compared with
that of older patients [4-6]. Hence it is impor-
tant to accurately predict the long-term survival
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Figure 3. The decision curve analysis (DCA) of the Random Survival Forest (RSF) model. A. The 3-year decision
analysis curve of the RSF model. B. The 5-year decision analysis curve of the RSF model. C. The 7-year decision
analysis curve of the RSF model. D. The 10-year decision analysis curve of the RSF model. In the decision analysis
curve, the x-axis represented the threshold probability, while the y-axis represented the clinical net benefits. The
black line in the DCA plot reflects the strategy of “assume all patients have received the assessment of the RSF
model”, while the horizontal orange line demonstrates the strategy of “assume no patient has received the assess-

ment of the RSF model”.

of YBC patients for the benefits of their fertility
counseling, long-term follow-up and custom-
ized treatment.

This study reported the construction of a pre-
diction model for forecasting the long-term sur-
vival of early YBC patients based on the RSF
algorithm after variable screening by the LASSO
regression. This study showed that the con-
structed RSF prediction model was capable of
better calibration and discrimination in predict-
ing the 3-, 5-, 7-, and 10-year OS of early YBC
patients, both in the internal validation cohort
based on SEER database and the external vali-
dation cohort based on the data from the
Tianjin Medical University Cancer Institute and
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Hospital, in comparison to the Cox regression
model. Therefore, the RSF algorithm is ren-
dered with potential to improve the accuracy of
individualized survival prediction.

In addition, this study also found that YBC
patients in the Tianjin Medical University Can-
cer Institute and Hospital cohort showed a later
AJCC stage, more axillary lymph node metasta-
ses, and more conservative surgical options
than those in the SEER cohort. In the compari-
son of lymph node metastasis, the number of
lymph node metastases was higher in the
Tianjin Medical University Cancer Institute and
Hospital cohort than that in the SEER cohort,
but there was no significant difference in lymph
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Figure 4. The Shapley Additive Explanations (SHAP) plot of the random sur-
vival forest (RSF) model. For each feature, one point corresponds to a single
patient. A point’s position along the x-axis (i.e., the actual SHAP value) repre-
sents the impact that the feature had on the model’s output for that specific
patient. Mathematically, this corresponds to the (logarithm of the) mortality
risk relative across patients (i.e., a patient with a higher SHAP value has a
higher mortality risk relative to a patient with a lower SHAP value). Features
are arranged along the y-axis based on their importance, which is given by
the mean of their absolute Shapley values. The higher the feature is posi-

The RSF algorithm was firstly
proposed in 2008 and has
become a universal tool for
predicting patients’ prognosis
[25]. Compared with the Cox
regression analysis, the RSF
algorithm can develop mo-
dels with better performance,
especially when dealing with
high-dimensional data [26].
Meanwhile, the application of
the Cox regression analysis
was limited due to the restric-
tion of the proportional haz-
ard assumption. However, as
the structure of the RSF algo-
rithm is non-parametric, it has
no such restrictions. Althou-
gh the models developed by
neural networks have always
demonstrated impressive per-
formance, the “black box”
nature remains an obstacle
[27]. The RSF algorithm can
achieve a balance between
model fitting and interpreta-
tion, as shown in this study. To
the best of our knowledge, so
far, the RSF algorithm has not

tioned in the plot, the more important it is for the model.

node metastasis rates, which may be attribut-
ed from the higher proportion of YBC patients
in the Tianjin Medical University Cancer In-
stitute and Hospital cohort who underwent
lymph node dissection rather than sentinel
lymph nodes biopsy. The distribution of mole-
cular typing in the Tianjin Medical University
Cancer Institute and Hospital cohort was also
significantly different from that in the SEER
cohort. This is consistent with the previous
study published by Guo and his colleagues on
the comparison of clinicopathological charac-
teristics and treatment methods of YBC pa-
tients between China and the West [23].

The LASSO regression analysis was employed
for the selection of the necessary characteris-
tics to build the models, as it's considered bet-
ter for variable selection than the traditional
multivariable regression. Moreover, the LASSO
regression approach can minimize over-fitting
and reduce the complexity of the model by
using a loss function or penalty term in addition
to the objective function [24].
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been applied to predict the
prognosis of YBC patients.

In addition, the importance of the characteris-
tics included in the RSF prediction model was
visually displayed in the SHAP plot, suggesting
that the AJCC stage was identified as the most
significant risk variable, followed by T stage,
histological grade, molecular typing, N stage,
etc. This is consistent with prognostic factors
identified by previous studies.

A study on 7665 women aged <40 years re-
ported that the 10-year BCSS of patients diag-
nosed with stage | or || BC after breast-conserv-
ing surgery was 87.7%, the 10-year OS was
85.9%, the 10-year BCSS after mastectomy
was 85.4%, and the 10-year OS rate was 83.5%
[28]. According to previous reports, early-stage
YBC patients had a longer survival time, regard-
less, the reported models for predicting the
3-year and 5-year survivals could not meet the
needs of patients and physicians. Identifying
high-risk groups in early-stage YBC patients
and making accurate predictions on their long-
term survivals are of great clinical significance.
The risk score produced by the RSF model con-
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Figure 5. The random survival forest (RSF) risk stratification of patients. A. The RSF risk stratification of patients in the training set. B. The RSF risk stratification of
patients in the internal validation cohort. C. The RSF risk stratification of patients in the external validation cohort.
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structed in this study can stratify the risks for
early-stage YBC patients. By using the RSF risk
stratification, doctors can evaluate the survival
cycle of patients and correspondingly provide
suggestions on fertility and customized treat-
ment regimen. The RSF model is more flexible
than the nomogram in predicting clinical prog-
nosis, and is widely used as a prognostic tool in
medical field, particularly in the field of oncolo-
gy [29]. Nomogram, however, is disadvanta-
geous since it can only predict survival at accu-
rate time points and lacks an intuitive repre-
sentation of the impact of risk factors on the
prediction results.

Compared to previous studies that utilized the
nomogram construction approaches to build
prediction models for YBC patients, our RSF
prediction model performed better for some
datasets. In the article by Sun et al., a nomo-
gram was constructed using the SEER data-
base to predict the OS of YBC patients. In com-
parison to our RSF prediction model, the 3-year
and 5-year AUC values of the nomogram were
relatively lower in the training set (the 3-year
0S: 94.7% vs. 85.14%; the 5-year 0S: 93.4% vs.
81.92%) [16]. Besides, an external validation
set was employed in our study to verify the
prediction accuracy of the RSF prediction
model, while Sun and his colleagues did not
apply this extra validation, thus the generaliz-
ability of their model might need to be further
investigated. Huang et al. also built a nomo-
gram based on the SEER database for predict-
ing the OS of YBC patients, which was validated
with an external validation set of 351 patients.
Nevertheless, our RSF prediction model still
demonstrated better 3-year and 5-year AUC
values in both the training set (the 3-year 0S:
94.7% vs. 83.40%; the 5-year 0S: 93.4% vs.
77.80%) and the external validation set (the
3-year 0S: 84.0% vs. 82.80%; the 5-year
0S: 80.20% vs. 77.90%) [17]. Additionally, our
study has included the biggest external valida-
tion set ever (966 cases), and our prediction
model also showed acceptable predictive
power over 7-year and 10-year survival predic-
tions. Moreover, this study has the following
advantages. Firstly, we have constructed a pre-
diction model based on a machine learning
algorithm for the first time for predicting long-
term survival time of early-stage YBC patients,
which has been compared with the Cox regres-
sion model. Secondly, compared to previous
papers that have listed predictors, our RSF pre-
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diction model has included more predictors,
which normally can be obtained from patients’
medical records in real time in structured
format [16, 17]. Finally, the follow-up time of
YBC patients in the external validation cohort
included in this study exceeded 10 years, which
is longer than any other follow-up time in previ-
ous studies [17].

There are still some limitations in this study.
First, this is a retrospective study based on
the SEER database and the Tianjin Medical
University Cancer Institute and Hospital data-
base. Therefore, the selection of data is inevita-
bly biased. Second, some important clinico-
pathological information, such as the Ki-67
index, endocrine therapy, specific chemothera-
py regimen, specific chemotherapy cycle, neo-
adjuvant therapy, neoadjuvant treatment eff-
ect, etc., are not available in the SEER data-
base. Lacking such information may reduce the
predictive power of the model over individual
prognosis of early YBC patients. Third, young
age is associated with a high risk of recurrence
[30]. Unfortunately, the SEER database does
not provide information about disease recur-
rence, and thus the recurrence risk of early-
stage YBC patients hasn’'t been evaluated in
this study. Fourth, this study lacks relevant
information about genetic characteristics. So-
me YBC patients with genetic mutations (such
as PIK3CA, BRCA1/2, ESR1, etc.) may have dif-
ferent prognostic outcomes [31].

Conclusion

By using the LASSO regression to screen char-
acteristics, we developed a high-performance
model for predicting the long-term survival
prognosis of early-stage YBC patients based on
the RSF algorithm. The RSF model has better
discrimination and calibration ability than the
traditional Cox regression model. In addition,
we conducted risk stratification for these popu-
lations, which will help doctors identify high-
risk patients. Our research holds that deep
learning algorithms, especially RSF algorithms,
have great potential in future clinical research
and practice.
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