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Abstract
Purpose  This study aimed to construct and validate a novel nomogram for prediction of lymph node metastasis 
in HER2-positive breast cancer based on the optimal number of examined lymph nodes (ELNs) for accurate nodal 
staging.

Methods  We included 4,040 patients diagnosed with HER2-positive breast cancer from the SEER database, randomly 
allocating them into training and validation cohorts in a 7:3 ratio. The optimal number of ELNs was identified via 
piecewise linear regression. The association of ELNs count with nodal migration was evaluated through Logistic 
Regression (LR) analysis and Random Forest (RF). The nomogram was constructed, and its’ performance was evaluated 
by the receiver operating characteristic curves, calibration curve and Decision curve analysis curves.

Results  The optimal number of ELNs was 13. LR and RF identified the optimal number of ELNs, radiotherapy status, 
chemotherapy status, T stage, and grade as independent predictive variables for node metastasis, which were used in 
the nomogram’s construction. And the area under the curve values for the nomogram were 0.829 (95% confidence 
interval (CI): 0.813–0.845) and 0.833 (95% CI:0.808–0.858) in the training and test split respectively, surpassing those 
of the optimal number of ELNs (0.649, 95% CI: 0.631–0.667 and 0.676, 95% CI:0.648–0.704). Calibration plots exhibited 
low Brier scores (0.150 for training split, 0.145 for test split).

Conclusion  This study developed a novel nomogram that integrates the optimal number of ELNs with other 
independent risk factors, facilitating individualized prediction of lymph node metastasis in patients with HER2-positive 
breast cancer.
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Introduction
In America, breast cancer is the most frequently diag-
nosed cancer and the second leading cause of cancer-
related deaths among women [1]. It is estimated that 
in 2022, around 14% of female breast cancers exhibited 
HER2 overexpression [2]. Although the therapeutic tar-
get and neoadjuvant endocrine therapy have made some 
progress [3–5], surgery still plays a cornerstone role 
in the treatment of HER2-positive breast cancer [6, 7]. 
However, the therapeutic effect is still not satisfactory.

Compared to other types of breast cancer, HER2-pos-
itive breast cancer patients with lymph node metasta-
ses face increased risks of disease recurrence following 
resection [8, 9]. Lymph node sampling or dissection is 
significantly associated with precise nodal staging. The 
precise stage is critical for planning systemic adjuvant 
and radiation therapy after surgery. Adequate examined 
lymph nodes (ELNs) count is needed for accurate nodal 
assessment. But now, the optimal cut point of ELNs 
count remains unclear for HER2-positive breast cancer 
patients.

This study aims to explore the relationship between 
the number of ELNs and nodal staging in HER2-positive 
breast cancer patients and determine the optimal cut 
point of ELNs count to accurately evaluate the nodal 
staging for guiding postoperative treatment. In addition, 
we formulated a nomogram to accurately predict lymph 
node metastasis via combining the optimal number of 
ELNs with other independent risk factors. The predictive 
ability of ELNs and the performance of nomogram were 
well validated.

Method
Patients and data collection
Patients with HER2-positive breast cancer who under-
went radical resection from the SEER database between 
2010 and 2015 were prospectively searched in this study. 
Radical resection denotes that the patient underwent a 
modified radical mastectomy. The inclusion criteria were: 
(1) patients diagnosed with breast cancer; (2) patients 
received radical resection; (3) the HER2 status of patients 
was positive; (4) the year of diagnosis was from 2010 to 
2015. The exclusion criteria were: (1) receiveded pal-
liative treatment, (2) not diagnosed by histology. All the 
eligible patients were randomly split into the training set 
and validation set by a ratio of 7:3. Demographics (age, 
gender, race, and year of diagnosis), tumor characteris-
tics (T stage, N stage, grade, estrogen receptor (ER) sta-
tus, progesterone receptor (PR) status, number of ELN 
and number of positive lymph nodes (PLNs)), treatment 

(status of surgery, radiotherapy status and chemotherapy 
status), and outcome variables (follow-up time and sur-
vival data) were collected. The variables mentioned above 
are potential independent variables, whereas the detec-
tion of positive lymph nodes during surgery is the out-
come variable of this study.

Statistical analysis
In this study, we assessed the degree of class imbalance 
in the data using three common metrics: Gini coefficient 
[10–12], Kullback-Leibler (KL) divergence [13, 14], and 
class proportion. Linear regression analysis was con-
ducted to examine the relationship between the number 
of ELNs and PLNs. Additionally, binary Logistic Regres-
sion (LR) analysis was employed to assess the risk of neg-
ative-to-positive nodal migration based on the number 
of ELN. A Piecewise regression curve was used to fit the 
tendency of odds ratio (OR) by LR analysis and determine 
the optimal number of ELNs at the structural breakpoint 
of the fitting curve. LR and Random Forest (RF) analy-
sis were employed for feature selection in the training 
set. Furthermore, a Venn diagram was constructed to 
visualize the combined results of the two algorithms and 
identify significant characteristic variables. Then a nomo-
gram was constructed based on the important variables. 
The receiver operating characteristic (ROC) curves were 
calculated to assess the discriminatory ability of the pre-
diction model, while calibration curves were generated 
to evaluate the calibration performance of the prediction 
model. Decision curve analysis (DCA) was utilized to 
evaluate the clinical validity and net benefit of the nomo-
gram. Additionally, we calculated Precision, Recall, F1 
Score, Sensitivity, and Specificity to further evaluate the 
model’s performance.

Results
Patient characteristics
This study included a total of 4040 eligible patients with 
HER2-positive breast cancer who underwent radical 
resection of the primary tumor. Figure  1 displayed the 
flowchart of data screen. These patients were randomly 
divided into two sets, with a ratio of 7:3. The training 
set consisted of 2828 patients, while the validation set 
included 1212 patients. The Gini coefficient is 0.1995, 
and the KL divergence is 0.0819. Additionally, the pro-
portion of the classes in this study is 0.3. These results 
demonstrate that the issue of data imbalance is relatively 
minor. Patient characteristics are shown in Table 1. The 
mean age was 59 and 58 years in the training set and 
validation set, respectively. These patients mostly in both 
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sets were white people (training set, 75.8%; validation set, 
75.2%), were of stage T2 (training set, 49.0%; validation 
set, 48.6%), and were of stage N1 (training set, 39.6%; 
validation set, 36.6%). Most patients (training set, 65.3%; 
validation set,61.8%) either declined radiotherapy or had 
uncertainty regarding its administration. Conversely, a 
higher proportion of patients received chemotherapy 
(training set, 71.4%; validation set, 73.5%). It is impor-
tant to mention that the percentage of patients in grade 
IV (training set, 0.1%; validation set, 0.2%) is quite low. 
The median ELNs number was 11 (interquartile range, 7 
to 16) in the training set and 13 (interquartile range, 8 to 
18) in the validation set.

Association between ELN counts and PLN metastasis 
findings
To confirm the association between the count of ELNs 
and the presence of lymph node metastasis, a linear cor-
relation analysis was conducted. Figure  2A illustrates a 
significant linear relationship between the number of 

lymph nodes harvested during surgery and the number 
of metastatic lymph nodes (R2 = 0.343; P < 2.2e-16).

ELN counts and stage migration
To determine the optimal number of ELN for detecting 
lymph node metastasis, independent risk factors for neg-
ative-to-positive nodal migration, including radiotherapy 
status, chemotherapy status, T stage, and grade, were 
ascertained by a multivariate LR conducted in the train-
ing set. After that, the OR for negative-to-positive nodal 
migration was calculated by multivariate LR incorporat-
ing the independent risk factors and ELNs. Piecewise 
regression fitting curve demonstrated a rapid increase in 
the probability of finding metastatic lymph nodes with 
the initial increase in ELN count, after reaching the struc-
tural breakpoint of the fitting curve (ELN = 13; Chow test, 
p < 0.001), the rate of increase became slower (Fig.  2B). 
Therefore, we defined 13 as the ideal ELN count for nodal 
status assessment. Thereafter, patients were divided into 
two groups according to the ideal ELN count: ELN < 13 
and ELN > = 13.

Fig. 1  Patient data selection process
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Validation of breakpoint
The structural breakpoint was validated in the training 
set and validation set. Univariate LR analysis indicated 
that the ELN count was remarkably related to nodal 
migration at the breakpoint of 13 (training set, p < 0.001; 
validation set, p < 0.001). A similar result was obtained 
after multivariate LR (training set, p < 0.001; validation 
set, p < 0.001). In the training and validation sets, patients 
with an ELN count exceeding 13 exhibited 2.93 (95% 
CI: 2.39–3.59) times and 4.11 (95% CI: 3.02–5.59) times 
higher odds of detecting metastatic lymph nodes com-
pared to those with a harvested lymph node count of less 
than 13. Meanwhile, the results from the area under the 
curve (AUC) curves demonstrated that the ideal ELN 
count was a strong predictor of nodal migration again, 
with an AUC of 0.649 (95%CI, 0.631 to 0.667) in the 

training set and with an AUC of 0.676 (95%CI, 0.648 to 
0.704) in the training set (Fig. 3).

Construction of the nomogram
To predict the likelihood of lymph node metastasis in 
HER2-positive breast cancer, we employed samples 
from the training set to discern pivotal factors through 
two distinct machine learning models. LR pinpointed 
five relevant features (Table  2). Following this, A com-
prehensive RF yielded a total of 6 identified features 
(Fig.  4A–C). The intersections of features associated 
with lymph node metastasis across the two algorithms 
are visually illustrated in a Venn diagram (Fig. 4D). Ulti-
mately, five significant variables were selected for further 
examination: ELN count, radiotherapy status, chemo-
therapy status, T stage and grade. So, we constructed a 

Table 1  Patient characteristics in the study
Characteristic Overall 

N = 4,040
Training 
N = 2,828

Validation set
N = 1,212

p-value

Age, n (%) 0.11
  < 59 1,980 (49.0%) 1,363 (48.2%) 617 (50.9%)
  >=59 2,060 (51.0%) 1,465 (51.8%) 595 (49.1%)
Race, n (%) 0.24
  Black 490 (12.1%) 352 (12.4%) 138 (11.4%)
  Other 495 (12.3%) 332 (11.7%) 163 (13.4%)
  White 3,055 (75.6%) 2,144 (75.8%) 911 (75.2%)
Radiation, n (%) 0.033
  No/Unknown 2,596 (64.3%) 1,847 (65.3%) 749 (61.8%)
  Yes 1,444 (35.7%) 981 (34.7%) 463 (38.2%)
Chemotherapy, n (%) 0.18
No/Unknown 1,129 (27.9%) 808 (28.6%) 321 (26.5%)
Yes 2,911 (72.1%) 2,020 (71.4%) 891 (73.5%)
T stage, n (%) 0.57
  T1 1,424 (35.2%) 1,008 (35.6%) 416 (34.3%)
  T2 1,974 (48.9%) 1,385 (49.0%) 589 (48.6%)
  T3 459 (11.4%) 310 (11.0%) 149 (12.3%)
  T4 183 (4.5%) 125 (4.4%) 58 (4.8%)
N stage, n (%) 0.007
  N0 1,213 (30.0%) 856 (30.3%) 357 (29.5%)
  N1 1,561 (38.6%) 1,119 (39.6%) 442 (36.5%)
  N2 769 (19.0%) 499 (17.6%) 270 (22.3%)
  N3 497 (12.3%) 354 (12.5%) 143 (11.8%)
ER, n (%) 0.55
  Negative 1,361 (33.7%) 961 (34.0%) 400 (33.0%)
  Positive 2,679 (66.3%) 1,867 (66.0%) 812 (67.0%)
PR, n (%) 0.11
  Negative 2,054 (50.8%) 1,461 (51.7%) 593 (48.9%)
  Positive 1,986 (49.2%) 1,367 (48.3%) 619 (51.1%)
Grade, n (%) 0.32
  I 147 (3.6%) 94 (3.3%) 53 (4.4%)
  II 1,243 (30.8%) 871 (30.8%) 372 (30.7%)
  III 2,643 (65.4%) 1,859 (65.7%) 784 (64.7%)
  IV 7 (0.2%) 4 (0.1%) 3 (0.2%)
Note: ER, estrogen receptor; PR, progesterone receptor
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nomogram based on the variables selected above in the 
training set, which serves as a quantitative tool for clini-
cians to predict the probability of lymph node metastasis 
in individual patients (Fig. 5). The nomogram was devel-
oped based on the following logistic regression model: 
log (p / (1 - p)) = 0.782 + 1.075 × I (ELN = >=13) + 0.890 
× I(T stage = T2 ) + 1.408 × I(T stage = T3) + 1.777 × I(T 
stage = T4) − 2.188 × I( Radiation = No/Unknown) − 0.543 

× I( Chemotherapy = No/Unknown) + 0.726 × I ( 
Grade = II) + 1.127 × I ( Grade = III) − 0.324 × I ( 
Grade = IV). And the indicator function I takes the value 
of 1 when certain conditions are met and 0 otherwise.

Validation of the nomogram
To examine the discriminative ability of the nomo-
gram, the ROCs were plotted, and the AUC values were 

Fig. 3  The receiver-operating characteristics curves of ELN for predicting lymph node metastasis in the training set (A) and validation set (B)

 

Fig. 2  Association of examined lymph node count with odds ratios for nodal migration. (A) Correlation curve. (B) The fitting curve visualized by the 
Piecewise regression curve is shown in red and the structural breakpoints was determined using “SiZer” breakpoints in packages in R. ELN: examined 
lymph node
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calculated. The AUC values for the training set and vali-
dation set were 0.829 (95%CI, 0.813 to 0.845) and 0.833 
(95%CI, 0.808 to 0.858), respectively, suggesting the 
nomogram to be good discriminative ability (Fig. 6A–B). 
Next, to evaluate the model performance, calibration 
plots were plotted with low Brier scores (training set, 
0.150; validation set, 0.145), which reflect the good con-
sistency between anticipated and observed outcomes 
(Fig.  6C–D). It is evident that when the actual risk of 
distant metastasis is less than 50%, the predictive model 
tends to underestimate this risk. The clinical implication 

is significant: for certain patients, if the predictive model 
estimates a 50% risk of metastasis, they may choose to 
undergo biopsies that involve a greater number of lymph 
nodes, as their actual rate of distant lymph node metasta-
sis could be greater than 50%. Thus, using this model may 
lead to some patients undergoing unnecessary biopsies 
of additional lymph nodes. confusion matrixes are used 
to evaluate the performance of a classification model by 
showing the relationship between the true classes and 
the predicted classes (Fig. 7A–B). The DCA plots showed 
good net benefits in both sets (Fig. 7C–D). As shown by 
the DCA curves, the model only demonstrates a net ben-
efit exceeding that of “treat all” and “treat none” when 
the threshold is greater than 20%. When the threshold is 
less than 20%, the net benefit aligns with “treat all.” This 
suggests that the model’s effectiveness in accurately dis-
tinguishing low-risk patients is constrained, suggesting 
that the model has not met expectations in aiding clini-
cal decision-making and may possess poor predictive 
capability. In addition, the precision, recall, F1 score, 
sensitivity, and specificity of the models in both the train-
ing group and the validation group demonstrated good 
model performance (Table 3). Importantly, the diagnostic 
performance of nomogram was better than ELNs accord-
ing to the results of AUC and DCA (Figs. 3A–B and 6A–
B, and Fig. 7C–D).

Discussion
Preoperative neoadjuvant chemotherapy is the main-
stay of treatment for patients with node-positive breast 
cancer [5]. But a study shows false-negative rates (FNRs) 
for sentinel lymph nodes (SLN) surgery after neoadju-
vant chemotherapy can reach 12.6% or higher [15–17]. 
Another study showed that rates of non-SLN (NSLN) 
positivity in HER2-positive breast cancer were 13.4% in 
the micrometastatic category and 39.1% in the macro-
metastatic category [18]. Furthermore, rates of NSLN 
positivity were much higher in a study of Memorial Sloan 
Kettering Cancer Center [19]. So, the number of lymph 
nodes to detect is crucial in intraoperative lymph node 
dissection and the postoperative management of breast 
cancer.

Our study indicated that an adequate number of ELN 
may yield a more accurate nodal staging. This phe-
nomenon could be reflected from several perspectives. 
Detecting more lymph nodes can reduce the risk of 
undetected positive lymph nodes, especially NSLN, and 
can decrease FNRs resulting from preoperative neoad-
juvant chemotherapy. In addition, by examining a larger 
number of lymph nodes, there is a higher chance of iden-
tifying any cancerous or metastatic lymph nodes. Our 
finding emphasized the significance of examining an 
adequate number of ELNs to accurately assess the nodal 
status of patients with breast cancer. However, it would 

Table 2  Association between number of ELNs and accurate 
nodal migration at the cutoff point of 13 with train cohort

Univariate logistic 
analysis

Multivariate logistic 
analysis

Variables OR (95%CI) p OR (95%CI) P
Age
< 59 Reference
>=59 0.85(0.72-1.00) 0.05
Race
White Reference
Black 0.83(0.65–1.05) 0.12
Other 0.86(0.68–1.11) 0.25
Radiation
Yes Reference Reference
No/Unknown 0.07(0.06–0.10) < 0.001 0.11(0.08–0.15) < 0.001
Chemotherapy
Yes Reference Reference
No/Unknown 0.36(0.30–0.43) < 0.001 0.58(0.47–0.71) < 0.001
T stage
T1 Reference Reference
T2 3.37(2.83–4.04) < 0.001 2.43(1.99–2.98) < 0.001
T3 6.91(4.81–9.91) < 0.001 4.09(2.75–6.07) < 0.001
T4 6.57(3.83–11.27) < 0.001 5.91(3.28–10.65) < 0.001
N stage
N0
N1 0.99
N2 0.99
N3 1
Grade
I Reference Reference
II 2.88(1.85–4.48) < 0.001 2.07(1.22–3.50) 0.01
III 5.31(3.44–8.19) < 0.001 3.09(1.84–5.18) < 0.001
IV 1.76(0.24–13.1) 0.58 0.72(0.06–8.16) 0.79
ER
Negative 1.03(0.87–1.22) 0.72
Positive Reference
PR
Negative 1.03(0.87–1.20) 0.76
Positive Reference
ELNs
< 13 Reference Reference
>=13 3.77(3.14–4.52) < 0.001 2.93(2.39–3.59) < 0.001
Note: ELNs: examined lymph nodes; ER, estrogen receptor; PR, progesterone 
receptor; OR, odds ratio
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not be feasible to conclude that examining more lymph 
nodes leads to proportionally greater benefits. Our find-
ing indicates that the likelihood of detecting PLNs exhib-
its a diminishing rate of increase after reaching a certain 
threshold of ELN. From a clinical perspective, more 

lymph node removed means bigger injury and more 
complications [20–22]. So the optional number of lymph 
nodes to test for is important.

Recently, ELN has attracted increasing interest. Prior 
studies had suggested that an inadequate number of 

Fig. 5  The nomogram for predicting lymph node metastasis was based on the training cohort

 

Fig. 4  Random forest for feature selection (A) The graph is based on the confusion matrix, showing class error and the count of correctly and incorrectly 
classified records. (B) MeanDecreaseGini value indicates the importance of risk factors. (C)The error rate obtained through cross-validation remains rela-
tively stable as the number of variables considered for each node segmentation increases. (D) Venn diagram for identifying shared variables
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ELN is associated with an increased likelihood of stage 
migration, including supraglottic laryngeal squamous 
cell carcinoma [23], oral tongue squamous cell carci-
noma [24], ampullary adenocarcinoma [25], esophageal 
squamous cell carcinoma [26], and non-small-cell lung 
cancer [27]. The National Comprehensive Cancer Net-
work (NCCN) recommended testing 10 lymph nodes to 
obtain accurate nodal staging for breast cancer, while a 
study recommended removing approximately 20 lymph 

nodes resulting in accurate N staging [28]. But now the 
optimal ELN count for Her2-positive breast cancer is 
unclear. Our study was the first to determine 13 as the 
optimal ELN count for an accurate assessment of nodal 
staging. To validate the results, we compared the prob-
ability of detecting metastatic lymph nodes in patients 
with an ELN count < 13 to those with an ELN count ≥ 13. 
The odds ratio of the latter group was found to be signifi-
cantly higher than the former, and this finding was also 

Fig. 6  The calibration plots and receiver-operating characteristics curves of predictive nomogram for predicting lymph node metastasis in the training 
set (A and C) and validation set (B and D)
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Table 3  Performance of the model
Precision Recall F1 Sensitivity Specificity

Train cohort 0.635(0.601–0.670) 0.583(0.549–0.615) 0.608(0.580–0.636) 0.583(0.549–0.615) 0.854(0.839–0.870)
Test cohort 0.657(604–709) 0.574(0.523–0.625) 0.612(0.568–0.658) 0.574(0.523–0.635) 0.874(0.8530–0.896)

Fig. 7  Confusion matrices and decision curves analysis of the nomogram in the training set (A and B) and validation set (C and D)
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confirmed in the validation set. This means that the prob-
ability of obtaining undetected PLNs is not high as we 
continue to increase the number of ELNs. So, this find-
ing allowed us to obtain the most accurate nodal staging 
with minimal damage. In addition, we speculate the rea-
son why ELN in our study did not emerge as an indepen-
dent prognostic factor is insufficient assessment of lymph 
node metastasis.

Based on our study, the ELN is an independent risk fac-
tor for predicting lymph node metastasis, but the use of 
the number of detected lymph nodes alone for predict-
ing lymph node metastasis has some limitations due to 
the presence of false-negative rates [15–17] and occult 
metastases [29–31]. To our knowledge, there are cur-
rently no published nomograms specifically developed 
for predicting lymph node metastasis in patients with 
Her2-positive breast cancer. Although existing models 
for lymph node metastasis in breast cancer show good 
predictive performance, they often encounter signifi-
cant challenges in clinical application [32, 33].Some of 
these models are based on relatively small sample sizes 
[34, 35], while others exhibit suboptimal performance 
[36]. Importantly, there is a notable lack of separate 
assessments of predictive performance specifically for 
Her2-positive breast cancer. To more accurately predict 
individually whether or not the presence of lymph node 
metastases in patients with HER2-positive breast cancer, 
we created the nomogram that includes the independent 
predictors ELNs, radiotherapy status, chemotherapy sta-
tus, T stage, and grade. Maybe because the proportion of 
patients with grade IV (training set, 0.1%; validation set, 
0.2%) is very small, it shows a smaller lymph node risk 
for grade IV in the nomogram. The prediction model 
demonstrated excellent discrimination in the training 
set (AUC values, 0.829), which was then well validated in 
the validation set (AUC values, 0.833). The AUC values 
of the prediction model are significantly bigger than just 
ELN both in the training set and validation set, which 
means the model has better discriminative ability. In 
recent years, there has been a significant increase in the 
development of predictive models for lymph node metas-
tasis. For example, a nomogram specifically designed to 
forecast lymph node metastasis in colorectal cancer has 
exhibited moderate accuracy, with a C-index of 0.773. 
However, its clinical utility is limited by a relatively small 
sample size and restricted feature selection [37]. Another 
study focusing on pancreatic ductal adenocarcinoma 
achieved promising results (AUC values, 0.91), yet its 
reliance on artificial intelligence and imaging-derived 
features poses challenges for clinical implementation 
due to limited accessibility of these variables in rou-
tine practice [38]. In contrast, our model incorporates 
a large-scale cohort and leverages commonly available 
clinical features, achieving robust predictive performance 

(AUC: 0.829) with enhanced clinical applicability. These 
advancements underscore its potential to serve as a prac-
tical tool for guiding clinical decision-making. Besides, 
Low Brier scores indicated that the model has an ade-
quate calibration. Similarly, better net benefits can be 
obtained by the model the just than ELN in both sets. In 
conclusion, the model has a good predictive ability.

There are some limitations in this study. The SEER 
database does not include potential confounding factors 
such as surgical margin status, comorbidities, recurrence, 
surgical techniques and so on. Data on recurrence rates 
can help us better understand the risk characteristics of 
different patient groups. Without this information, we 
may struggle to accurately distinguish between high-risk 
and low-risk patients, making it difficult for the model 
to provide personalized treatment recommendations in 
clinical practice. Moreover, the impact of surgical tech-
niques on lymph node metastasis can be significant. 
Different surgical methods may result in varying recur-
rence rates and risks of metastasis. If we do not consider 
the specifics of these surgical techniques, our model may 
fail to accurately capture the risk factors associated with 
surgical interventions, thereby diminishing its predictive 
accuracy. Therefore, future research should incorporate 
more detailed clinical data to enhance the model’s effec-
tiveness and predictive accuracy. As a result, we were 
unable to explore the significant correlation between 
ELN and tumor recurrence. Maybe that’s also one of the 
reasons why ELN aren’t related to survival rates in our 
study. Furthermore, another key limitation of this study 
is the absence of external validation. While our find-
ings offer valuable insights, they are based solely on our 
specific dataset and may not be generalizable to other 
populations. Without external validation, the robustness 
and applicability of our conclusions in different contexts 
remain uncertain. Therefore, although the Brier scores 
from the calibration curves in both the training and vali-
dation sets are relatively low, there is a noticeable bias in 
the calibration curves when the actual risk of metastasis 
is between 70% and 90%. This indicates that the model 
may be overfitting. Overfitting can undermine the mod-
el’s reliability in clinical or real-world applications, as it 
performs well on a specific dataset but may not general-
ize effectively to actual patients. Future research should 
focus on validating our results using independent datas-
ets to improve their reliability and credibility. Addition-
ally, two potential biases may have led to an inaccurate 
count of ELN. Firstly, there could be an underestimation 
due to the challenges in distinguishing individual lymph 
nodes in dissected tissues and occult metastases [29–31]. 
Secondly, there might be an overestimation caused by 
the fragmentation of nodal tissues during the removal 
process of lymph nodes. These biases could potentially 
impact the applicability of using a specific cut-off point.
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In conclusion, our study demonstrates the detection of 
13 lymph nodes for Her2-positive breast cancer, enables 
clinicians to get more accurate postoperative nodal stag-
ing to guide postoperative chemoradiotherapy. Besides, 
this study presents the nomogram that can be conve-
niently utilized to assist in the personalized prediction 
of lymph node metastasis in patients with Her2-positive 
breast cancer.
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