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Background: Locally advanced breast cancer (LABC) is generally considered to have a relatively poor prognosis. However, with years of follow-up, what is its real-time survival and how to dynamically estimate an individualized prognosis? This study aimed to determine the conditional survival (CS) of LABC and develop a CS-nomogram to estimate overall survival (OS) in real-time.

Methods: LABC patients were recruited from the Surveillance, Epidemiology, and End Results (SEER) database (training and validation groups, n = 32,493) and our institution (testing group, n = 119). The Kaplan–Meier method estimated OS and calculated the CS at year (x+y) after giving x years of survival according to the formula CS(y|x) = OS(y+x)/OS(x). y represented the number of years of continued survival under the condition that the patient was determined to have survived for x years. Cox regression, best subset regression, and the least absolute shrinkage and selection operator (LASSO) regression were used to screen predictors, respectively, to determine the best model to develop the CS-nomogram and its network version. Risk stratification was constructed based on this model.

Results: CS analysis revealed a dynamic improvement in survival occurred with increasing follow-up time (7 year survival was adjusted from 63.0% at the time of initial diagnosis to 66.4, 72.0, 77.7, 83.5, 89.0, and 94.7% year by year [after surviving for 1–6 years, respectively]). In addition, this improvement was non-linear, with a relatively slow increase in the second year after diagnosis. The predictors identified were age, T and N status, grade, estrogen receptor (ER), progesterone receptor (PR), human epidermal growth factor receptor 2 (HER 2), surgery, radiotherapy and chemotherapy. A CS-nomogram developed by these predictors and the CS formula was used to predict OS in real-time. The model's concordance indexes (C-indexes) in the training, validation and testing groups were 0.761, 0.768 and 0.810, which were well-calibrated according to the reality. In addition, the web version was easy to use and risk stratification facilitated the identification of high-risk patients.

Conclusions: The real-time prognosis of LABC improves dynamically and non-linearly over time, and the novel CS-nomogram can provide real-time and personalized prognostic information with satisfactory clinical utility.
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Introduction

Locally advanced breast cancer (LABC) is a relatively advanced stage of breast cancer, but benefitting from advances in diagnosis and treatment strategies, the overall survival (OS) has improved in recent years (1–3). Therefore, more and more long-term survivors hoped to know more accurate prognostic information during follow-up, but LABC still lacked effective prognostic assessment tools. Indeed, the risk of death in cancer patients should be dynamic and gradually improve with follow-up time (4–8). This favorable survival feature has long been widely used in many cancers but not in LABC.

In cancer follow-up, the strong impact of long-term survival on subsequent survival is known as conditional survival (CS) (9, 10), defined as the probability of surviving further y years, given that a patient has already survived x years after the diagnosis of a disease (11). It is possible to evaluate the improvement of the survival rate after surviving for several years. This characteristic may give patients and researchers more critical practical clinical prognosis information. Studies on malignant tumors of the head and neck (12, 13), lung (14, 15), esophagus (7, 16), stomach (5), colorectal (17, 18), and other areas (4, 6, 19) demonstrated that the OS of cancer changes dynamically over time. The CS may decline rapidly in the first 1–2 years and then stabilize (17). So far, it has yet to be investigated whether this feature existed in LABC.

Precise dynamic risk assessment can correctly identify LABC patients at risk of death, and high-risk patients may be candidates for more frequent follow-up or clinical trials. Although CS could calculate a more accurate prognosis than traditional survival analysis, individual factors were not considered. At the same time, general nomograms integrated individual predictors but did not consider survived time, which might also hinder accurate assessments. Suppose we combined the nomogram with CS to develop a novel dynamic prediction model. In that case, it would be possible to simultaneously have the advantages of dynamic, personalization, and accuracy.

This study aimed to estimate the CS of LABC and develop a dynamic CS-nomogram to accurately assess OS in real-time and identify high-risk patients, providing valuable information for survival assessment and follow-up.



Materials and methods


Data sources, patient selection and variables

Data in this study were obtained from Weifang People's Hospital and 18 regional population-based registries in the Surveillance, Epidemiology, and End Results (SEER) database released in 2020. Before using the SEER database, we signed the SEER Research Data Use Agreement and obtained access (username: 15029-Nov2020). In this retrospective study, patient data were anonymized; thus, our study was exempted from the Institutional Review Board review.

At M.D. Anderson Cancer Centre, LABC was defined as a primary tumor >5 cm or any diameter with chest wall or skin involvement and/or lymph node status was N2-3 (20). Therefore, we selected breast cancer patients diagnosed with T3N0M0 and stage III disease from the SEER database (2010–2017) and our medical center and removed available variables [age, primary tumor location, American Joint Committee on Cancer (AJCC) tumor-node-metastasis (TNM) stage (8th edition), immunohistochemical information, histological grade, surgery and chemoradiotherapy information, survival status and time] were unknown. Notably, the definitions of T3N0M0 and stage III were consistent in AJCC 7th (used from 2010 to 2015) and AJCC 8th (used from 2016 to 2017), and therefore no adjustment of staging was required. According to the definition of elderly and the age at high-risk of breast cancer, the age was divided into groups ≤35, 36–70, and >70 years (21). In addition, data that were not histopathologically confirmed, non-first primary cancer, follow-up time of 0 months, and data on beam radiation not used in radiotherapy patients were also excluded from our consideration. Moreover, the clinical endpoint of the study was OS, defined as the time between patient's diagnosis and death from all causes.



Statistical analysis

Based on the experience of previous studies and the larger sample size of this study (22–25), the data screened from the SEER database were divided into training and validation groups in a ratio of 2:1, and the data from our institution was used as the testing group. Categorical variables were counted and reported as percentages, and chi-square or fisher's exact tests were performed to compare differences.

The OS was calculated using the Kaplan–Meier method. The CS was calculated by the formula CS(y|x) = OS(y+x)/OS(x) (10, 11), where CS(y|x) indicated the probability of surviving further y years, if the patient has already survived x years after the LABC diagnosis. OS(y+x) and OS(x) indicated the (y+x) and x year OS calculated by the Kaplan-Meier method, respectively. For example, CS(2|3) =OS(2+3)/OS(3) was the probability of 5 years CS that a patient who survived for a further 2 years after surviving for 3 years after initial diagnosis.

This study used three methods to screen predictors, including univariate Cox regression (p < 0.05 as screening criteria), the least absolute shrinkage and selection operator (LASSO) regression plus 5-fold cross-validation (one standard error of the minimum mean square error is used as a screening criterion), and best subset regression (BSR) (adjusted R-squared maximum as screening criteria). The subset of variables screened by these three methods were then subjected to the multivariate Cox regression with stepwise backward regression to further determine the final model, which was determined by the Akaike information criterion (AIC) minimum and R-squared maximum, which ensured the goodness of fit of the model.

A nomogram was built based on the optimal model described above. All variables in the nomogram were quantified as points. When a patient entered the prognostic features, the total risk points would be calculated, corresponding to an individualized survival rate. Additionally, under the CS formula [CS(y|x) = OS(y+x)/OS(x)], the real-time survival at year 7 after surviving several years after diagnosis (e.g., 1–6 years) could be found under this score. In addition, the web version of this nomogram made it easier to use. The maximum standardized log-rank statistic was used to find the optimal cut-off point for classification into the high-risk and low-risk groups based on the total score for all patients calculated by the nomogram. The Kaplan–Meier method was used to assess the difference in OS between the two groups of patients.

Model performance was evaluated and validated in training, validation, and testing groups. The concordance index (C-index) and time-dependent receiver operating characteristic (ROC) were used to assess discrimination. Calibration plots with 1,000 bootstrap samples were used to observe the model's accuracy. The clinical usefulness of the nomogram was assessed by decision curve analysis (DCA) which assessed the net benefit of nomogram-guided medical interventions. The statistical analysis of this study was performed in March 2022 using R (version 4.1.0). P-values < 0.05 were considered statistically significant in the two-tailed test.




Results


Clinicopathological characteristics

This study screened 517,646 patients diagnosed with breast cancer from 2010 to 2017 from the SEER database, and 32,493 LABC patients who met the inclusion-exclusion criteria were finally divided 2:1 into a training group (N = 21,662) and a validation group (N = 10,831). The patient screening process was shown in Figure 1. Meanwhile, the number of LABC patients in the testing group was 119. For the entire cohort, the mean age [standard deviation (SD)] was 58 (14.5) years, and the mean follow-up time (SD) was 48.3 (28.4) months. All variables in the training and validation groups were not significantly different, while the primary site, TNM stage, and radiotherapy in the testing group were different from those in the training group, possibly due to differences in geographical and treatment strategy. See Table 1 for details.


[image: Figure 1]
FIGURE 1
 Study flowchart of patients with locally advanced breast cancer (LABC) from the Surveillance, Epidemiology, and End Results (SEER) database. Bold values indicate the number of patients.



TABLE 1 Patient clinicopathologic characteristics in locally advanced breast cancer.
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Conditional survival analysis of LABC

Since CS analysis required a large amount of data, only the SEER database was used for this analysis. A total of 8,702 LABC patients (26.78%) died in the SEER database. The 3, 5, and 7 year OS rates for LABC were 81.1% (95% confidence interval [CI]: 80.7–81.6%), 70.8% (95% CI: 70.2–71.4%), and 63.0% (95% CI: 62.3–63.7%), respectively. The CS Kaplan-Meier curve showed that the real-time survival rate of LABC dynamically increased over time (Figure 2). The 7 year survival rate of patients was adjusted from 63% at the initial diagnosis to 66.4, 72.0, 77.7, 83.5, 89.0, and 94.7% year by year (after surviving for 1–6 years, respectively).


[image: Figure 2]
FIGURE 2
 Kaplan–Meier method for estimating conditional survival (CS) of locally advanced breast cancer (LABC) at given years of survival. Each curve represented to the survival rate after a given number of years (e.g., the orange curve indicated the survival after given 1 year of follow-up [CS(y|1)]), which corresponded to the orange row in the table, i.e., after given 1 year of follow-up, survival in the 2nd year was 92.2% [CS(1|1)] and 66.4% [CS(6|1)] in the 6th year; Additionally, each column in the table represented the patient's survival after given different follow-up times, e.g., the survival in year 8 was adjusted from an initial 60.0% [CS(8|0)], gradually adjusted to 95.2% [CS(1|7)].


At the same time, we found that if the patients survived for 2 years, their next-year survival rate [CS(1|x)] gradually increased for each additional year they lived. Specifically, patients had the lowest 1 year CS in the second year of follow-up, with CS (1|1) = 92.2%. This value gradually increased over the subsequent follow-up time, namely CS(1|2) = 92.7%, CS(1|3) = 93.0%, CS(1|4) = 93.8%, CS(1|5) = 94.1%, CS(1|6) = 94.7%, and CS(1|7) = 95.2%.



Development and application of the CS-nomogram

Based on the training data, the three methods used to find predictors for identifying OS in LABC were shown in Figure 3. The forest plot showed that a total of 11 (11/12) factors were selected based on univariate Cox regression (all p-values were < 0.05) (Figure 3A). In the LASSO regression, the log lambda value corresponding to the minimum mean squared error plus one standard error was −3.81, and a total of 10 (10/12) factors were thus selected (Figures 3B,C). An 8-variable (8/12) combination was found based on the adjusted R-squared maximum of the BSR (Figure 3D). The respective combinations of variables selected for the three methods were summarized in Supplementary Table 1. Finally, after reconfirmation by multivariate Cox stepwise backward regression, the subset of 10 variables screened by the LASSO regression was the best model (AIC = 106353.5, R-square = 0.183), and the results of the univariate Cox analysis with stepwise backward regression also came to the same conclusion. The 10 variables included age, T status, N status, grade, estrogen receptor (ER) status, progesterone receptor (PR) status, human epidermal growth factor receptor 2 (HER 2), surgery, radiotherapy, and chemotherapy, and the results of multivariate Cox regression were shown in Supplementary Table 2.


[image: Figure 3]
FIGURE 3
 Predictor screening. (A) Univariate Cox regression; (B,C) the least absolute shrinkage and selection operator (LASSO) regression and 5-fold cross-validation; (D) best subset regression (BSR). ER, estrogen receptor; PR, progesterone receptor; HER 2, human epidermal growth factor receptor 2; BCS, breast conservation surgery; HR, hazard ratio; 95% CI, 95% confidence interval; RT, radiation therapy.


Based on the above variables and the CS formula, we constructed a dynamic CS-nomogram that could assess the 3, 5, and 7 year OS and 7 year CS for LABC patients (Figure 4), and its web version could be found at https://impcofmxd.shinyapps.io/LABC/. When using this model, the clinicopathological characteristics were first entered, and they were converted to points in the nomogram. Then, the sum of all the points was calculated to obtain the total risk points, under which corresponded the patient survival and CS. Based on this nomogram, risk points were calculated for LABC patients in the training group. The maximum standardized log-rank statistic for survival at this risk point was 55.81, which estimated the optimum cut-off point as 259 (Figures 5A,B). The Kaplan–Meier curves for training group, validation and testing groups showed that patients in the low-risk group (total points ≤259) had a better survival advantage than those in the high-risk group (total points >259) (log-rank test, p < 0.001) (Figures 5C–E).


[image: Figure 4]
FIGURE 4
 Dynamic condition survival nomogram for predicting overall survival (OS) and conditional survival (CS) for patients with locally advanced breast cancer (LABC). (1) When using the nomogram, 10 predictors were quantified as “point” based on patient-specific factors and then the sum of the “point” corresponded to the “total point” below, which corresponded to the 3, 5, 7 year OS and 7 year CS; (2) The web version of the nomogram was available at: https://impcofmxd.shinyapps.io/LABC/; (3) The optimal cut-off total point calculated from the maximum standardized log-rank statistic was 259, which divided the patients into high-risk group and low-risk group.



[image: Figure 5]
FIGURE 5
 Construction and validation of risk stratification based on the total points of the condition survival nomogram. (A) Distribution of total risk points; (B) The standardized log-rank statistics; (C–E) Kaplan–Meier for estimating risk stratification in training, validation, and testing groups, respectively.




Evaluation and validation

The C-index for the dynamic CS-nomogram was 0.761 (95% CI: 0.755–0.767), 0.768 (95% CI: 0.757–0.773), and 0.810 (95% CI: 0.736–0.884) in the training, validation and testing groups. Time-dependent ROCs at 3, 5, and 7 year indicated that this model was sufficiently differentiable, with areas under the curves (AUCs) of 0.797 (95% CI: 0.793–0.805), 0.766 (95% CI: 0.773–0.785), and 0.738 (95% CI: 0.750–0.780) in the training group, 0.793 (95% CI: 0.781–0.805), 0.773 (95% CI: 0.760–0.785), and 0.765 (95% CI: 0.728–0.750) in the validation group and 0.862 (95% CI: 0.761–0.962), 0.841 (95% CI: 0.751–0.932), and 0.811 (95% CI: 0.687–0.936) in the testing group (Figure 6). The calibration plots from the training, validation and testing groups showed that this model was well-calibrated to reality, with the curves close to the 45-degree line (Figure 7). Meanwhile, DCA curves showed a good net benefit if LABC patients used the CS-nomogram as a guide for medical intervention (Figure 8). The benefit range of risk threshold probabilities of the CS-nomogram estimated in the training, validation and testing groups were 0.03–0.74, 0.08–0.71, and 0.11–1.00 at 3 years, 0.04–0.84, 0.12–0.77, and 0.00–1.00 at 5 years, and 0.04–0.84, 0.00–0.78, and 0.00–1.00 at 7 years, respectively.


[image: Figure 6]
FIGURE 6
 Time-dependent receiver operating characteristic (ROC) curves for assessing the discrimination of the condition survival nomogram in training (A), validation (B), and testing groups (C), respectively. AUC, area under the curve.



[image: Figure 7]
FIGURE 7
 Calibration plots for 3-, 5- and 7-year overall survival (OS) of condition survival nomogram in training (A), validation (B), and testing groups (C).



[image: Figure 8]
FIGURE 8
 Decision curve analysis (DCA) curves for assessing clinical usefulness of the condition survival nomogram in training (A), validation (B), and testing groups (C).





Discussion

This first study of CS in LABC found that the long-term survival of LABC improved dynamically over time. Meanwhile, after 2 years of follow-up, for each additional year the patients lived, the survival for the next year was significantly improved. Furthermore, we combined CS analysis and prognostic correlations to develop the first CS-nomogram for predicting OS in LABC and its web version. Based on this model, we could accurately calculate survival after surviving for several years. In addition, the risk stratification constructed from the risk points could further guide follow-up and treatment. The excellent performance of the CS-nomogram was well-evaluated and validated in the training, validation, and testing groups.

Our study suggested that the survival in LABC patients was not consistently unsatisfactory, with a 5 year OS of ~40–75% as described in previous studies (2, 3). CS was a novel survival assessment method that allowed real-time estimation of changes in survival based on survived time (9). More recently, this method has been widely used in clinical trials [e.g., colon cancer (17), gastrointestinal stromal tumors (26), and melanoma (10)] to analyse changes in the distribution of survival with disease progresses under the CS. We found that despite the relatively advanced stage of LABC, long-term survival improved significantly for each additional year patients lived. It has been noted in previous studies of the National Surgical Adjuvant Breast and Bowel Project (NSABP) pilot studies that the harmfulness of certain adverse factors for patients decreases over time (17, 27). Another reason for the changing survival dynamics may be the effort of natural selection, in which high-risk patients die within the first few years and the remaining low-risk patients may have a better prognosis (17). Furthermore, these beneficial changes may bring more hope to survivors, and they will feel more reassured as their survival estimates continue to improve. And a positive psychological state may lead to greater adherence to follow-up and treatment, ultimately improving survival.

For LABC, 1 year CS decreased significantly in the 2nd year after diagnosis [CS(1|1) = 92.2%], but this level gradually improved in subsequent years. The decline in survival at year 2 after diagnosis not only reflected the non-linear OS of LABC, but also implied that additional attention or treatment may be required for high-risk patients despite the end of primary tumor treatment after year 1. Although the exact reason for the decline in CS(1|1) was unknown, accurately identifying of such high-risk patients would help guide follow-up and treatment. In addition, when patients' survival rate was 95%, it was reasonable to assume that there was little additional mortality in the patients (survival was indistinguishable from the general population of the same age), a conclusion that has been confirmed in the studies of colorectal, cervical, gastric, and endometrial cancers (4). This improvement in LABC occurred in the 7th year after diagnosis [CS(1|7) = 95.2%], which meant that assuming patients lived to 7 years, their risk of death in the 8th year was no different from that of general people. Therefore, for LABC patients, a follow-up period of at least 7 years may be required. Compared to traditional survival analysis, CS contained more real-time and accurate clinical prognostic information, which became more valuable for patient expectations, physician follow-up, and clinical trials of new therapies expected to increase survival.

The real-time prognosis of patients was not only dynamically related to time, but also varied according to individual clinicopathological characteristics (28, 29), and the dynamic CS-nomogram was developed based on this. To avoid overfitting or underfitting the model, we tried to determine the best model using Cox regression, BSR and the LASSO regression. After rigorous screening and comparison, this novel model used the current widely accepted LABC predictors. Considering individualized prediction, we used T and N status separately in the nomogram because patients with different T and N statuses may have different prognoses even with the same TNM stage. The advantage of our model over published nomograms was that it took the survived time into account, and we developed a web version for ease of calculation and use. Furthermore, risk stratification based on risk points was a major application of this model. Patients in the high-risk group of LABC may receive more frequent follow-up or participate in clinical trials of novel agents that may increase survival. To our knowledge, no nomogram for LABC has been established, so we cannot use the same type of nomogram for comparison. However, the nomogram achieved good accuracy and stability across training, validation and testing groups, and its C-index (0.761) was also higher than the median value (0.74) reported in published prediction models (28). What's more, the external validation of the nomogram using data from the Oriental Medicine Research Centre added to its credibility, and the test results for this test data were excellent. In conclusion, our model had both dynamic and personalized predictive capabilities, which greatly improved the prediction accuracy. Based on this model, reducing the psychological burden of patients, thereby improving treatment and follow-up compliance, researchers will gain more valuable information to design clinical trials.

This study has some limitations. First, as a retrospective study, some potential selection bias is unavoidable. Second, despite the rich sample size of the SEER database, the lack of information on lymphatic vascular invasion, margin status, Ki-67 and specific treatment plans limited some of our analyses. Although the nomogram had a C-index of 0.81 in the test group, the differences in clinicopathological characteristics and treatments between the Eastern and Western patients shown in Table 1 suggest that this may have influenced the results. Third, the number of patients available for CS analysis has decreased over time, which may affect prediction accuracy in the final years. However, due to the large initial follow-up data, the time-dependent AUC showed that the discrimination of the model did not decrease much. Fourth, although the study concluded that traditional prognostic and predictive factors may remain valid for LABC (1), future use of new therapies may lead to improved survival in LABC and predicted survival may be underestimated.



Conclusions

CS analysis revealed a dynamic and non-linear improvement in real-time survival of LABC patients over time. Based on CS and several significant predictors, we developed the first CS-nomogram with a web version to predict the dynamic survival and established risk stratification. This model provided accurate and real-time prognostic information that would develop more personalized and cost-effective follow-up strategies and provide necessary treatment recommendations for patients, as well as alleviate patients' pressure by providing real and progressively improving survival outcomes.
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