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Abstract 

Background  Invasive micropapillary carcinoma (IMPC) is a rare subtype of breast cancer characterized by a high risk 
of lymph node metastasis (LNM). The study aimed to identify predictors of LNM and to develop a machine learning 
(ML)-based risk prediction model for patients with breast IMPC.

Methods  We retrospectively analyzed a cohort of 229 patients diagnosed with breast IMPC between 2019 and 2021. 
Patients were randomly assigned to training and test sets in a 7:3 ratio. Independent risk factors for LNM were 
identified using univariable and multivariable logistic regression analyses. Thirteen ML algorithms were trained 
and compared to determine the optimal model. Model performance was evaluated using the area under the curve 
(AUC), calibration plots, and decision curve analysis. Internal validation was performed using 100 iterations of tenfold 
cross-validation.

Results  LNM was present in 158 patients (69%). Tumor size, histological grade, progesterone receptor staining 
intensity, and lymphovascular invasion were identified as independent predictors of LNM (all p < 0.05). Among the 13 
ML models, logistic regression (LR) demonstrated the best performance, achieving an AUC of 0.88 in the test set. 
A nomogram based on the LR model was constructed to facilitate clinical application, showing excellent calibration, 
clinical utility, and a classification accuracy of 76% (95% confidence interval: 70%–82%). The median AUC across cross-
validation iterations was 0.83 (interquartile range: 0.76–0.91).

Conclusions  This study identified key predictors of LNM in breast IMPC and developed a well-calibrated nomogram 
to support individualized treatment decision-making.
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Background
Invasive micropapillary carcinoma (IMPC) is a rare but 
highly aggressive subtype of breast cancer, accounting 
for approximately 0.9% to 8.4% of all cases [1–5]. Com-
pared with invasive carcinoma of no special type, IMPC 
exhibits a higher propensity for lymphovascular inva-
sion (LVI) and lymph node metastasis (LNM) [4, 6–8]. 
As LNM is a critical determinant of treatment strategy 
and prognosis in breast cancer, its accurate assessment 
is essential for guiding both surgical and systemic ther-
apy. Given the aggressive nature of IMPC, more exten-
sive axillary surgery—often including complete axillary 
lymph node dissection—is commonly recommended 
to improve locoregional control [9, 10]. However, while 
this approach may reduce recurrence risk, it also carries 
a higher risk of surgical morbidity, including postopera-
tive lymphedema and potential overtreatment [11]. These 
challenges underscore the need for more precise pre-
operative tools to assess LNM risk in IMPC, enabling a 
more tailored surgical approach that balances oncologic 
safety with morbidity reduction.

Although several predictive models for LNM in IMPC 
have been proposed, their performance remains limited 
due to reliance on public datasets and omission of criti-
cal pathologic variables [12, 13]. Previous studies have 
identified several factors associated with LNM in IMPC, 
including LVI, high Ki- 67 index, hormone receptor (HR) 
positivity, and high histologic grade [4, 5, 9, 14]. Incor-
porating such preoperative pathologic indicators may 
enhance the accuracy of LNM prediction. In recent years, 
machine learning (ML) has been increasingly applied to 
medical diagnostics and outcome prediction, demon-
strating superior performance in risk stratification and 
clinical decision-making support [12, 15, 16]. Apply-
ing ML to preoperative LNM prediction in IMPC may 
improve risk assessment and facilitate individualized sur-
gical planning.

This study aimed to identify key predictors of LNM 
in IMPC and to develop a ML–based model for preop-
erative risk assessment. To enhance its clinical utility, we 
also developed a web-based calculator to support real-
time application in clinical settings.

Materials and methods
Data sources, patient selection, and variables
This retrospective study included patients with breast 
IMPC who underwent surgical treatment at our institu-
tion between 2019 and 2021. The study was conducted in 
accordance with the principles of the Declaration of Hel-
sinki. Owing to its retrospective nature and the anonymi-
zation of all data, the requirement for ethical review and 
individual informed consent was waived by the Ethics 
Committee of Weifang People’s Hospital.

All patients were histopathologically diagnosed with 
breast IMPC. Based on definitions from previous stud-
ies [8, 17, 18], a tumor was classified as IMPC if any 
proportion of micropapillary components was present, 
regardless of the percentage within the tumor. The fol-
lowing exclusion criteria were applied: (1) history of 
other malignancies; (2) absence of either preoperative 
or postoperative pathology; (3) lack of sentinel lymph 
node biopsy (SLNB) or axillary lymph node dissection 
(ALND); (4) bilateral breast cancer, which was excluded 
to avoid intertumoral heterogeneity that may interfere 
with pathological assessment and data interpretation; (5) 
male patients, due to their low incidence and distinct bio-
logical characteristics compared to female breast cancer; 
and (6) incomplete clinical data.

LNM was determined via SLNB or ALND and defined 
as the presence of micrometastases (0.2–2 mm) or mac-
rometastases (> 2 mm) in any lymph node [19, 20]. The 
following clinicopathologic variables were collected: age, 
clinical T stage (cT), clinical M stage (cM), histologic 
grade (assessed using the Nottingham grading system) 
[21], estrogen receptor (ER) status, progesterone recep-
tor (PR) status, human epidermal growth factor receptor 
2 (Her- 2) status, LVI (assessed via D2 - 40 immunohis-
tochemistry and hematoxylin–eosin staining) [22], Ki- 67 
index, tumor suppressor protein p53, and cytokeratin 5/6 
(CK5/6) expression.

According to the 2020 American Society of Clinical 
Oncology/College of American Pathologists (ASCO/
CAP) Clinical Practice Guideline Focused Update, a 
tumor was considered ER/PR-negative if fewer than 1% 
of tumor cell nuclei were immunoreactive; all other cases 
were considered ER/PR-positive [23]. In light of the high 
ER and PR positivity rate in breast IMPC [4, 5, 9] and 
to support individualized model development, ER and 
PR status was further stratified based on average stain-
ing intensity. At our institution, the staining intensity 
levels were categorized as negative (−), low positive (+), 
positive (+ +), and strong positive (+ + +) in accordance 
with the CAP-recommended reporting template for bio-
marker assessment in breast cancer specimens [24–26]. 
Her- 2 status was evaluated in accordance with the 2018 
ASCO/CAP guidelines. Her- 2 immunohistochemistry 
(IHC) scores of 0 and 1 + are interpreted as negative, 
while a score of 3 + is considered positive. Cases with an 
IHC score of 2 + are classified as equivocal and require 
additional testing using dual-probe fluorescence in  situ 
hybridization (FISH) to determine Her- 2 amplification 
status [27]. For analysis, patients were categorized into 
two groups: Her- 2-negative (IHC 0, 1 +, or 2 + without 
amplification) and Her- 2-positive (IHC 3 + or 2 + with 
amplification). All pathological and immunohistochemi-
cal slides were independently evaluated and confirmed 
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by two experienced pathologists. These assessments were 
based on a comprehensive evaluation of the entire tumor, 
including all histological components, rather than being 
limited to the IMPC areas. Tumor staging was deter-
mined according to the 8 th edition of the American Joint 
Committee on Cancer (AJCC) staging system.

Statistical modeling
Predictor selection
Continuous variables were summarized as medians with 
interquartile ranges (IQRs), and categorical variables 
were presented as counts and percentages. The Wil-
coxon rank-sum test was used to compare continuous 
variables, while categorical variables were assessed using 
the chi-square test or Fisher’s exact test, as appropriate. 
Univariable logistic regression was performed to identify 
potential risk factors for LNM based on clinicopatho-
logical features. Variables with a p-value < 0.05 in uni-
variable analysis were included in a multivariable logistic 
regression model to identify independent predictors. 
A two-sided p-value < 0.05 was considered statistically 
significant.

Model development and assessment
The dataset was randomly divided into training and 
test sets in a 7:3 ratio, with 70% of cases used for model 
development and 30% reserved for validation. Based on 
independent predictors identified through multivariable 
analysis, thirteen ML algorithms were applied to con-
struct predictive models. These included logistic regres-
sion (LR), support vector machines (SVM) with four 
kernel functions (linear, polynomial, radial basis func-
tion, and sigmoid), random forest, naïve Bayes, decision 
tree, k-nearest neighbors (KNN), linear discriminant 
analysis (LDA), quadratic discriminant analysis (QDA), 
adaptive boosting (AdaBoost), and bootstrap aggregating 
(bagging).

Model performance was evaluated by comparing the 
area under the receiver operating characteristic (ROC) 
curve (AUC) across models. The model with the highest 
AUC on the test set was selected as the optimal model. 
Calibration was assessed using calibration curves, with 
closer alignment to the 45-degree reference line indicat-
ing better agreement between predicted and observed 
outcomes. Clinical utility was evaluated via decision 
curve analysis (DCA), which estimates the net benefit 
across a range of threshold probabilities. Discrimina-
tion performance was quantified using AUC, with values 
approaching 1.0 indicating superior predictive ability.

To minimize overfitting and account for variation due 
to random partitioning, we conducted 100 iterations 
of tenfold cross-validation and computed the median 
AUC with IQR. The optimal classification threshold was 

determined using the maximum Youden index derived 
from the ROC curve. Model performance metrics—
including accuracy, sensitivity, and specificity—were 
calculated using confusion matrix analysis. A web-based 
version of the final model was developed to support clini-
cal implementation and facilitate user accessibility.

All statistical analyses and model development were 
conducted using R software (version 4.2.1; https://​
www.R-​proje​ct.​org).

Results
A total of 229 patients with breast IMPC were included 
in the study, of whom 69% (158/229) had LNM. There 
were no significant differences in baseline characteristics 
between the training and test sets (Table 1). Univariable 
logistic regression identified tumor size, cT stage, PR 
status, PR staining intensity, LVI, and histologic grade 
as potential predictors of LNM (all p < 0.05; Additional 
File 1). These variables were subsequently included in 
the multivariable logistic regression model. As shown in 
Fig.  1, tumor size, PR staining intensity, LVI, and histo-
logic grade were confirmed as independent predictors of 
LNM (all p < 0.05) and were therefore used to construct 
the predictive model.

Figure  2 showed the ROC curves and correspond-
ing AUC values for the 13 ML algorithms evaluated. LR 
model demonstrated the best performance, with an AUC 
of 0.88 in the test set, and was selected as the final model. 
A nomogram was constructed to visualize the LR model, 
assigning a risk score to each predictor and generating a 
total score corresponding to the predicted probability of 
LNM (Fig. 3A).

The calibration curve (Fig.  3B) showed strong agree-
ment between predicted and observed probabilities, indi-
cating good model calibration. DCA demonstrated that 
use of the nomogram provided greater net clinical benefit 
across a wide range of threshold probabilities (0.1–0.9) 
compared to treating all or no patients (Fig. 3C). In 1,000 
iterations of cross-validation, the model showed consist-
ently robust discriminatory performance, with a median 
AUC of 0.83 (IQR: 0.76–0.91) (Fig.  3D). A web-based 
version of the nomogram was developed and is avail-
able at https://​dynapp.​shiny​apps.​io/​IMPC_​LNM/, ena-
bling clinicians to rapidly estimate an individual patient’s 
LNM probability by entering relevant clinical parameters 
(Fig. 4).

Based on the nomogram, a total risk score was calcu-
lated for each patient. The optimal cutoff value of 100.4 
was determined using the maximum Youden index 
derived from the ROC curve. Patients with a score > 100.4 
were classified as high risk, while those with scores 
≤ 100.4 were classified as low risk (Fig.  5A). As shown 
in the confusion matrix (Fig.  5B), the model achieved a 

https://www.R-project.org
https://www.R-project.org
https://dynapp.shinyapps.io/IMPC_LNM/
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Table 1  Clinicopathologic features of the patients (n = 229)

Characteristics Overall Training Test P value
n = 229 (%) n = 160 (%) n = 69 (%)

Age (years), Median [IQR] 51 [45, 60] 52.0 [44, 63] 50.0 [45, 59] 0.321

Tumor size (cm), Median [IQR] 2.0 [1.5, 3.0] 2.0 [1.7, 3.0] 2.0 [1.5, 3.0] 0.483

T stage (AJCC 8 th) 0.134

  T1 117 (51.1) 86 (53.8) 31 (44.9)

  T2 101 (44.1) 69 (43.1) 32 (46.4)

  T3 11 (4.8) 5 (3.1) 6 (8.7)

N stage (AJCC 8 th) 0.368

  N0 71 (31.0) 53 (33.1) 18 (26.1)

  N +  158 (69.0) 107 (66.9) 51 (73.9)

M stage (AJCC 8 th) 0.861

  M0 226 (98.7) 158 (98.8) 68 (98.6)

  M1 3 (1.3) 2 (1.2) 1 (1.4)

TNM stage (AJCC 8 th) 0.677

  I 45 (19.7) 34 (21.2) 11 (15.9)

  II 80 (34.9) 57 (35.6) 23 (33.3)

  III 101 (44.1) 67 (41.9) 34 (49.3)

  IV 3 (1.3) 2 (1.2) 1 (1.4)

ER status 0.289

  Negative 26 (11.4) 21 (13.1) 5 (7.2)

  Positive 203 (88.6) 139 (86.9) 64 (92.8)

ER Intensity 0.200

  - 26 (11.4) 21 (13.1) 5 (7.2)

   +  14 (6.1) 12 (7.5) 2 (2.9)

   + +  57 (24.9) 41 (25.6) 16 (23.2)

   + + +  132 (57.6) 86 (53.8) 46 (66.7)

PR status 0.511

  Negative 30 (13.1) 23 (14.4) 7 (10.1)

  Positive 199 (86.9) 137 (85.6) 62 (89.9)

PR Intensity 0.995

  - 35 (15.3) 25 (15.6) 10 (14.5)

   +  24 (10.5) 17 (10.6) 7 (10.1)

   + +  62 (27.1) 43 (26.9) 19 (27.5)

   + + +  108 (47.2) 75 (46.9) 33 (47.8)

Her- 2 status 0.952

  Negative 157 (68.6) 109 (68.1) 48 (69.6)

  Positive 72 (31.4) 51 (31.9) 21 (30.4)

Ki- 67 (%), median [IQR] 30 [20, 40] 30 [20, 32] 30 [20, 40] 0.821

Subtype

  Luminal A 17 (7.4) 16 (10.0) 1 (1.4) 0.054

  Luminal B 194 (84.7) 130 (81.2) 64 (92.8)

  Her- 2 overexpression 13 (5.7) 9 (5.6) 4 (5.8)

  TNBC 5 (2.2) 5 (3.1) 0 (0.0)

p53 (%), median [IQR] 5.0 [1.0, 15] 5.0 [1.0, 15] 5.0 [2.0, 25] 0.143

CK5/6 0.583

  Negative 218 (95.2) 151 (94.4) 67 (97.1)

  Positive 11 (4.8) 9 (5.6) 2 (2.9)

LVI 0.449

  - 26 (11.4) 16 (10.0) 10 (14.5)
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classification accuracy of 76% (95% CI: 70%–82%), with a 
sensitivity of 62% and specificity of 83%.

Discussion
IMPC was first described by Fisher et  al. in 1980 [28] 
and was formally recognized as a distinct histological 
subtype of breast cancer by the World Health Organi-
zation in 2003 [29]. IMPC often coexists with other 
histologic subtypes in varying proportions, with pure 
IMPC accounting for only 0.9% to 2% of all breast can-
cers [2, 30]. Despite its rarity, numerous studies have 
highlighted the highly aggressive nature of IMPC [18, 
31–33]. Fu Li et  al. reported that even when IMPC 
components comprise less than 10% of the tumor, 

the malignancy is significantly greater than in tumors 
without IMPC components [6]. Reported LNM rates 
in IMPC range from 44 to 85% [34], underscoring its 
aggressive clinical behavior. In our cohort, the LNM 
rate was 69%, further confirming the high metastatic 
potential of IMPC. Accurate preoperative evaluation 
of regional lymph node involvement is therefore essen-
tial to guide appropriate treatment strategies in this 
patient population. In this study, we identified four 
independent predictors of LNM—tumor size, PR stain-
ing intensity, LVI, and histologic grade. Based on these 
factors, we developed a nomogram for the preoperative 
prediction of LNM to support individualized clinical 
decision-making.

Table 1  (continued)

Characteristics Overall Training Test P value
n = 229 (%) n = 160 (%) n = 69 (%)

   +  203 (88.6) 144 (90.0) 59 (85.5)

Histological grade 0.973

  I 21 (9.2) 15 (9.4) 6 (8.7)

  II 160 (69.9) 112 (70.0) 48 (69.6)

  III 48 (21.0) 33 (20.6) 15 (21.7)

Abbreviations: LNM Lymph node metastasis, ER Estrogen receptor, PR Progesterone receptor, Her- 2 Human epidermal growth factor receptor- 2, AJCC American Joint 
Committee on Cancer, TNM Tumor-node-metastasis, LVI Lympho-vascular invasion

Fig. 1  Multivariable logistic regression forest plots for the candidate predictors. Abbreviations: AJCC, American Joint Committee on Cancer; CI, 
confidence interval; OR, odds ratios; PR, progesterone receptor; LVI, lympho-vascular invasion



Page 6 of 11Zhang et al. World Journal of Surgical Oncology          (2025) 23:154 

LVI was identified as an independent predictor and, to 
our knowledge, was incorporated for the first time into a 
predictive model for LNM in patients with IMPC. Guo 
et al. identified lymphatic vessel density and lymphocytic 
infiltration in IMPC as key factors influencing LNM [7]. 
Their findings suggested that the presence of lymphatic 
infiltration increased the probability of LNM in IMPC 
and that specific chemokines or cytokines might play a 
regulatory role in this process. In 2009, they demon-
strated that adhesion between cancer cells and lymphatic 
endothelial cells expressing stromal cell–derived fac-
tor 1 (SDF- 1) was a critical step in LNM development 
[35]. Gong et al. reported that loss or reduction of CD44 
immunoreactivity was common in IMPC and associated 
with lymph node positivity [36]. Similarly, the absence 
of CD44 was more frequently observed in IMPC tumors 
with LVI and appeared to promote tumor cell infiltration 
into lymphatic vessels [37]. Collectively, these findings 
support a strong association between LVI and LNM in 
breast IMPC.

Tumor size, histologic grade, and HR positivity have 
frequently been identified as significant risk factors for 
breast LNM [38, 39]. Guo et  al. reported that high his-
tologic grade was associated with the extent of LNM in 
patients with IMPC [7], while Jiang et al. identified tumor 
size as the most influential predictor of LNM based on 
Shapley value analysis [12]. Although IMPC is often 
characterized by high ER and PR positivity [30, 33, 40], 
our study found that ER status was not an independent 
predictor of LNM. Conversely, PR staining intensity was 

independently associated with LNM, consistent with 
prior reports. For instance, Giuseppe et al. observed that 
PR negativity was significantly associated with a lower 
risk of sentinel LNM [41], while Ravdin et al. reported a 
positive correlation between PR concentration and the 
risk of axillary LNM [42]. However, Ye et  al. found that 
ER status was an independent predictor of LNM in IMPC 
[13], highlighting ongoing controversy regarding the role 
of hormone receptors in nodal involvement. The expres-
sion of ER and PR in breast cancer is believed to reflect 
the activity of functional estrogen signaling pathways 
[43]. Gann et al. demonstrated that tumors lacking both 
ER and PR were significantly less likely to exhibit LNM 
than tumors expressing both receptors [44]. ER expres-
sion is regulated by three genes: ERα, ERβ, and the mem-
brane-bound G protein–coupled receptor 30 (GPR30). 
PR is a downstream target of ER, primarily regulated by 
ERα and dependent on estrogen stimulation [45]. Moreo-
ver, PR has been shown to modulate ERα activity by influ-
encing chromatin binding and transcriptional regulation 
[46]. It has been hypothesized that the absence of PR may 
reflect a dysfunctional or inactive ER signaling pathway, 
which is also associated with reduced responsiveness to 
endocrine therapies such as tamoxifen, a selective estro-
gen receptor modulator (SERM) [47]. In light of these 
complex interrelationships, our findings suggest that PR 
status may serve as a more robust predictor of LNM than 
ER status in patients with IMPC.

In addition, molecular subtype was included as a 
variable in this study. However, the results showed no 

Fig. 2  Comparisons of performance evaluation of predictive models developed via 13 machine learning algorithms. A receiver operating 
characteristic curve of 13 predictive models; B The area under the curve values comparisons of the models; Abbreviations: SK, SVM with sigmoid 
kernel; RK, SVM with radial kernel; PK, SVM with polynomial kernel; LK, SVM with linear kernel; LR, logistic regression; RF, random forest; QDA, 
quadratic discriminant analysis; LDA, linear discriminant analysis; NB, naive Bayesian; KNN, K-nearest neighbor; DT, decision tree; AdaBoost, adaptive 
boosting; Bagging, bootstrap aggregating
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statistically significant difference in the rate of lymph 
node metastasis among patients with different molecu-
lar subtypes. In contrast, Si et  al. reported notable dif-
ferences in nodal positivity among breast cancer patients 
with distinct molecular subtypes, with luminal-type 
tumors demonstrating a stronger association with LNM 
compared to triple-negative breast cancer (TNBC) [48]. 
Similarly, Lee et  al. found that TNBC subtype was an 
independent predictor of LNM in breast cancer [49]. 
Reyal et  al. reported that the interaction term between 
ER and Her- 2 status was an independent predictor of 
sentinel lymph node positivity, with stronger predictive 
value than ER status alone [50]. Given the more aggres-
sive behavior of IMPC and the typically high expression 
of ER, PR, and HER2, it is reasonable to hypothesize that 
IMPC may exhibit greater tumor heterogeneity. The rela-
tionship between molecular subtype and LNM in IMPC 
remains inconclusive and may be affected by inconsisten-
cies in subtype classification criteria across institutions. 

Further investigation is warranted to clarify these 
associations.

The nomogram underwent internal validation and 
demonstrated favorable predictive performance. The 
calibration curve indicated good agreement between 
predicted and observed probabilities. Notably, DCA 
revealed a wide threshold probability range, suggesting 
that applying the nomogram to guide clinical decision-
making would result in greater net benefit across a broad 
range of clinical scenarios. The range of AUC values 
obtained through internal cross-validation further sup-
ported the model’s stability. Given the importance of 
identifying patients at varying risk levels, we developed 
a risk stratification system based on the nomogram. This 
system demonstrated satisfactory discriminatory ability 
when compared with nonparametric prediction meth-
ods, indicating that the model may offer clinicians a more 
accurate and individualized reference to inform treat-
ment strategies.

Fig. 3  Model development. A nomogram containing independent risk factors for predicting lymph node metastasis (LNM); B calibration curve 
testing model calibration; C decision curve analysis assessing the clinical utility; D tenfold internal cross-validation for the predictive model; 
Abbreviations: PR, progesterone receptor; AUC, area under the curve
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This study has several limitations. First, as a retro-
spective analysis, it is subject to inherent selection bias. 
Second, the model did not incorporate data from other 
modalities, such as radiomic or genomic features, which 
may have enhanced its predictive performance. Third, the 

study did not consider the impact of IMPC proportion 
on LNM. Previous studies suggest that the aggressive 
features of IMPC—including LVI, LNM, and high his-
tological grade—are associated with its presence alone. 
This may explain why most researchers recommend 

Fig. 4  Web version of the nomogram predicting the probability of lymph node metastasis in IMPC patients (https://​dynapp.​shiny​apps.​io/​IMPC_​
LNM/)

Fig. 5  Application of the model. A risk stratification constructed by calculating an optimal threshold from the receiver operating characteristic 
(ROC) curve; B confusion matrix assessing the difference between predicted and actual risk for lymph node metastasis

https://dynapp.shinyapps.io/IMPC_LNM/
https://dynapp.shinyapps.io/IMPC_LNM/
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diagnosing IMPC when it is identified, regardless of its 
extent. Nonetheless, future studies are needed to explore 
the specific influence of both IMPC and non-IMPC com-
ponents on LNM. Fourth, this was a single-center study, 
and all patients were from a Chinese population, which 
may limit the generalizability of the findings. Future mul-
ticenter, prospective, and multiethnic studies are war-
ranted to further validate and refine the proposed model.

Conclusion
Tumor size, histologic grade, PR staining intensity, and 
LVI were identified as significant predictors of LNM in 
patients with breast IMPC. Based on these factors, we 
developed a logistic regression–based nomogram to esti-
mate the preoperative risk of LNM. With further valida-
tion in multicenter, prospective cohorts, this model may 
serve as a valuable tool to support individualized treat-
ment planning and improve clinical decision-making.
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