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1. Abstract
1.1. Purpose: The objective of our study is to construct and val-
idate a nomogram for predicting NAC efficacy in breast cancer 
patients.

1.2. Methods: Retrospective analysis of clinical data on female 
patients with breast cancer was performed. Model 1 was devel-
oped by entering variables from the univariate analysis (P < 0.1) 
into a multivariate logistic regression analysis. Model 2 was devel-
oped via the stepwise forward-backward variable selection tech-
nique in partial least squares regression. For model 3, the least 
absolute shrinkage and selection operator (LASSO) method was 
used to choose suitable variables, followed by the multivariate 
logistic regression analysis. Harrell’s C-index, calibration curves, 
and decision curve analyses (DCA) were used to compare the 
performance of the models. In the validation cohort, these results 
were validated.

1.3. Results: The training and validation cohorts had 315 and 103 
patients, respectively. Model 2 had a higher C-index than the other 
models. The decision curve analysis of the three prediction models 
indicated that model 2 could achieve the maximum net benefit. 
Compared with the other two models, the integrated discrimina-
tion improvement showed that model 2 had improved prediction. 
Model 2's calibration curve functioned well in the validation co-

hort, with a C-index of 0.758. The positive and negative predictive 
values of the nomogram in the training cohort were 47.0% (38.0%-
57.0%) and 96.0% (92.0%-98.0%). The positive and negative pre-
dictive values in the validation cohort were 40.0% (24.0%-58.0%) 
and 88.0% (78.0%-94.0%). 

1.4. Conclusions: The nomogram proposed in the study showed 
good performance for predicting response to NAC in breast cancer 
patients.

2. Introduction
In patients with breast cancer, neoadjuvant chemotherapy (NAC) 
was initially introduced to treat locally advanced diseases and make 
inoperable tumors operable. And then, its application expanded to 
breast cancer in the early stage, which extraordinarily enhances 
the number of breast-conserving surgeries (BCS) [1,2]. BCS also 
improves psychosocial and cosmetic outcomes of patients after 
breast cancer surgery over mastectomy [3]. It has been known that 
pathologic complete response (pCR) can be a surrogate endpoint 
for breast cancer patients receiving NAC [4]. Acquiring pCR is 
related to improved survival outcomes. However, most patients 
cannot achieve pCR and over 50% of them will remain residual 
invasive carcinoma after NAC [5]. Hence, we need to filter out 
the non-pCR patients and formulate the optimal treatment strategy 
for them.  It has been reported that gene expression profiles, liquid 
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biopsy, and medical imaging tests can predict the response to NAC 
in patients with breast cancer [6-8]. However, it is still challeng-
ing to implement these testing methods in routine clinical practice. 
In recent years, inflammation markers based on peripheral ve-
nous blood cells, including systemic inflammatory response index 
(SIRI), platelet to lymphocyte ratio (PLR), neutrophil to monocyte 
ratio (NMR), systemic immune inflammation index (SII), neutro-
phil to lymphocyte ratio (NLR), and lymphocyte to monocyte ratio 
(LMR) have been studied in patients with breast cancer receiving 
NAC [9-14]. These parameters are simple, conventional, objec-
tive, and inexpensive laboratory indexes. However, no study has 
investigated them together for predicting pCR.

The goal of our present study is to construct and evaluate a nomo-
gram for the pCR prediction based on clinicopathological charac-
teristics and inflammatory markers in patients with breast cancer 
receiving NAC.

3. Methods
3.1. Patient Population

Retrospective cohorts with breast cancer patients receiving NAC 
diagnosed at the First Affiliated Hospital of Anhui Medical Uni-
versity and the First Affiliated Hospital of USTC were analyzed. 
Patients were eligible if: (1) They were female primary breast can-
cer patients, (2) They were confirmed to have breast cancer before 
NAC by needle core biopsy; (3) They received breast-conserving 
surgery or modified radical mastectomy. Patients were ineligible 
if: (1) They have incomplete pathology report or laboratory exam-
ination results; (2) They were diagnosed with inflammatory breast 
cancer, bilateral breast cancer, or other inflammatory conditions. 
(3) They had distant metastases; Patients diagnosed at the First 
Affiliated Hospital of USTC between June 2015 and June 2021 
were recruited in the training cohort, whereas patients diagnosed at 
the First Affiliated Hospital of Anhui Medical University between 
September 2020 and September 2021 were enrolled in the vali-
dation cohort. The study contained patients receiving NAC with 
regimens based on anthracyclines and/or taxanes. Anti-HER-2 tar-
geted drugs were used to treat all patients who overexpressed hu-
man epidermal growth factor receptor 2 (HER-2). All clinical data 
were obtained from the medical records system. The project was 
authorized by the ethics committees of the First Affiliated Hospital 
of Anhui Medical University and the First Affiliated Hospital of 
USTC, and informed consent was waived.

3.2. Body Mass Index

The breast cancer patients' body weight and height were measured 
during their first round of neoadjuvant treatment. Body mass in-
dex (BMI) is determined by dividing patients' weight (kg) by their 
height (m2) and the cutoff value of BMI is 24 kg/m2.  

3.3. Blood Samples

The peripheral vein blood test was performed in all patients before 

NAC initiation. NMR was defined as the neutrophil count divided 
by the monocyte count. NLR was calculated as the neutrophil count 
divided by the lymphocyte count. LMR was calculated by dividing 
the lymphocyte count by the monocyte count. PLR was defined as 
follows: the platelet count divided by the lymphocyte count. SIRI 
was defined as the monocyte count multiplied by neutrophil count 
divided by lymphocyte count. SII was defined as platelet count 
multiplied by neutrophil count divided by lymphocyte count. 

3.4. Pathology

All patients' clinical stages were determined using the eighth edi-
tion of the American Joint Committee on Cancer staging guide-
lines. The absence of invasive tumors in breast tissue and axillary 
lymph nodes (ypT0/ypTis and ypN0) was regarded as pCR [15]. 
Immunohistochemistry (IHC) and fluorescence in situ hybridiza-
tion (FISH) were used to determine the HER-2 status. This study 
contains the criteria for defining positive HER-2 status [16]. Ex-
pressions of estrogen receptor (ER) and progesterone receptor 
(PR) were determined by immunohistochemistry, and ER and PR 
positivity were defined as at least 1% of tumor cell nuclei stain-
ing in the sample. According to the expression of hormonal re-
ceptors (HR) and HER-2, patients were classified into 3 subtypes: 
HR-positive (HR+/HER-2–), Triple-negative (HR−/HER-2−), and 
HER-2–positive (HR±/HER-2+).

3.5. Statistical Methods

The Mann-Whitney U test was used to compare continuous vari-
ables presented as medians with interquartile ranges. Categorical 
variables were listed as whole numbers and proportions and com-
pared using the χ2 test. The most appropriate cutoffs of inflam-
matory markers (NLR, PLR, LMR, SII, NMR, and SIRI) and age 
were determined by the receiver operating characteristic (ROC) 
curve. 

Model 1 was created by incorporating variables from the univariate 
analysis (P < 0.1) into the multivariate logistic regression. Model 2 
was developed via the stepwise forward-backward variable selec-
tion technique in partial least squares regression. For model 3, the 
least absolute shrinkage and selection operator (LASSO) method 
was performed to choose suitable variables, and variables were 
enclouded in multivariate logistic regression.

Calibration curves and Harrell’s C-index and were construct-
ed to evaluate the concordance between predicted and observed 
outcomes of the model in the training cohort and verified in the 
validation cohort. To assess the fitness of the nomogram, the Hos-
mer-Lemeshow test was also performed. To further evaluate the 
models' performance, integrated discrimination improvement 
(IDI) was calculated.

To estimate the clinical usefulness and benefits of the predictive 
models, decision curve analyses (DCA) were used. The total 
scores of the patients were obtained by the nomogram. The ap-
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propriate cutoff value was determined via ROC curve analysis. 
The sensitivity, specificity, predictive values, and likelihood ratios 
were calculated to assess the accuracy of the best cutoff value. 
The R software (version 4.1.0) was used for all statistical analyses. 
Statistical significance is achieved if p <0.05.

4. Results
4.1. Baseline Characteristics

There were 315 breast cancer patients in the training cohort and 
103 patients in the validation cohort, respectively. In the training 
cohort, the best cutoff values for SIRI, PLR, LMR, NMR, SII, 
NLR, and age were 0.72, 119.25, 5.38, 8.74, 416.51, 1.77, and 
34.5 years, respectively. The baseline characteristics were similar 
for the two cohorts. The pCR rate of the two cohorts was found in 
19.05% and 21.40%, respectively. Table 1 showed the complete 
baseline characteristics of the primary and validation groups.

4.2. Construction and Comparison of the Predictive Model in 
the Training Cohort

For model 1, Chi-square tests were performed (Supplementary Ta-

ble 1). Multivariate analysis showed that clinical Tumor and Nodal 
stages, SIRI and age were statistically associated with pCR (Table 
2). For model 2, the stepwise forward-backward variable selec-
tion technique in partial least squares regression was performed, 
and the results indicated that SIRI, PLR, clinical Tumor and Nodal 
stages and age were statistically correlated with pCR (Table 2). For 
model 3, we performed the LASSO method to select suitable vari-
ables, and the results of multivariate logistic regression showed 
that age, clinical Nodal stage, and SIRI remained their importance 
(Figure 1 and Table 2). Model 2 had a higher C-index than the oth-
er models. Besides, the DCA curves of the three prediction models 
showed that model 2 could achieve the maximum net benefit (Fig-
ure 2D). The calibration curve of the three models was shown in 
Figures 2A, B, and C. The IDI was -0.0162 (p = 0.146) between 
model 1 and 3. The IDI between model 2 and 3 was -0.0336 (p = 
0.024). The IDI was 0.0174 (P = 0.125) between model 1 and 2. 
Hence, model 2 had a trend of improved prediction performance 
compared with model 1 and 3. In summary, model 2 performed 
better than model 1 and 3.

Table 1: Baseline characteristics.

Training cohort Validation cohort
Characteristics Number Percent (%) Number Percent (%) P-value
Age
<34.5 33 10.50 9 8.70 
≥34.5 282 89.50 94 91.30 0 .610 
BMI
<24 160 50.80 48 46.60 
≥24 155 49.20 55 53.40 0.460 
Grade
1 4 1.30 2 1.90 
2 165 52.40 43 41.70
3 85 27.00 23 22.30 
4 61 19.40 35 34.00 0.020 
Clinical T stage
1 32 10.20 12 11.70 
2 218 69.20 71 68.90
3-4 65 20.60 20 19.40 0.895 
Clinical N stage
N0 116 36.80 37 35.90
N1-N3 199 63.20 66 64.10 0.869 
Ki67
<20 78 24.80 18 17.50 
≥20 237 75.20 85 82.50 0.127 
Phenotype by IHC
HR 128 40.60 46 44.70 
Her-2+ 123 39.00 45 43.70
TNBC 64 20.30 12 11.70 0.141 
NAC regimens
Anthra based 50 15.90 11 10.70 
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Tax based 41 13.30 20 19.40 
Anthra + Tax based 224 71.10 72 69.90 0.163 
NLR
<1.77 64 20.30 21 20.40 
≥1.77 251 79.70 82 79.60 0.988 
PLR
<119.25 123 39.00 42 40.80 
≥119.25 192 61.00 61 59.20 0.755 
LMR
<5.38 257 81.60 64 62.10 
≥5.38 58 18.40 39 37.90 0.000 
NMR
<8.74 154 48.90 16 15.50
≥8.74 161 51.10 87 84.50 0.000 
SII
<416.51 121 38.40 31 30.10 
≥416.51 194 61.60 72 69.90 0.128 
SIRI
<0.72 88 27.90 29 28.20 
≥0.72 227 72.10 74 71.80 0.966 

Neutrophil 3.63 (2.93-4.65) 4.11 (3.24-4.69) 0.097 

Lymphocyte 1.58 (1.31-1.90) 1.67 (1.32-2.07) 0.168 

Monocyte 0.42 (0.31-0.52) 0.35 (0.27-0.42) 0.000 

Platelet 211(170- 262) 224 (191-260) 0.081 

Response to NAC
pCR 60 19.05 22 21.40 
Non-pCR 255 80.95 81 78.60 0.608

Abbreviations: pCR, pathologic complete response; BMI, Body Mass Index; HR, hormone receptor; IHC, Immunohistochemistry; HER-2, Human 
Epidermal Growth Factor Receptor 2; NAC, neoadjuvant chemotherapy; Anthra, Anthracyclines; Tax, taxanes; NLR, neutrophil to lymphocyte ratio; 
PLR, platelet to lymphocyte ratio; LMR, lymphocyte to monocyte ratio; NMR, neutrophil to monocyte ratio; SII, systemic immune inflammation index; 
SIRI, systemic inflammatory response index

Table 2: Predictive factors for pCR in multivariate analysis.

Model 1 Model 2 Model 3
Variable OR (95%CI) P OR (95%CI) P OR (95%CI) P
Age
<34.5 1 1 1
≥34.5 0.263(0.085-0.798) 0.019 0.260(0.087-0.759) 0.014 0.333(0.114-0.960) 0.041 
cT
T1 1 1
T2 0.371(0.117-1.193) 0.092 0.292(0.094-0.915) 0.033 NA NA
T3-4 0.170(0.041-0.668) 0.013 0.163(0.039-0.631) 0.010 NA NA
cN
N0 1 1 1
N1-N3 0.051(0.023-0.143) 0.000 0.059(0.023-0.134) 0.000 0.066(0.025-0.156) 0.000 
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SIRI
<0.72 1 1 1
≥0.72 0.120(0.034-0.421) 0.001 0.213(0.083-0.528) 0.001 0.145(0.039-0.511) 0.003 
PLR
<119.25 1
≥119.25 NA NA 3.066(1.261-8.143) 0.018 NA NA

Abbreviations: pCR, pathologic complete response; OR, Odds Ratio; cT, clinical Tumor stage; cN, clinical Nodal stage, SIRI, systemic inflammatory 
response index; PLR, platelet to lymphocyte ratio. 

Figure 1. Tuning parameter selection for pCR (A) and LASSO coefficient profiles of the texture features (B) in the LASSO model, an optimal λ 
(0.000137) resulted in 17 variables.

Figure 2. Validity of the predictive performance of model 1 (A), model 2 (B), and model 3 (C) and DCA curve for the three models (D).
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4.3. The Creation and Validation of a pCR-Predicting Nomo-
gram.

According to the results of model 2 in the training cohort, a no-
mogram was created for predicting pCR (Figure 3), which showed 
that the clinical Nodal stage had the most important impact on 
achieving pCR, followed by SIRI, clinical Tumor stage, PLR, and 
age. The C-index of the nomogram for predicting pCR was 0.884 

(95% CI: 0.844–0.924). The calibration curves showed good con-
sistency on the existence of pCR between the possibility estima-
tion using the nomogram and pathological confirmation (Figure 
4A). The results of the Hosmer–Lemeshow test also indicated 
good calibration (Chi-square 7.3641, p = 0.9085). The C-index of 
our nomogram for the pCR prediction was 0.758 (95% CI: 0.649-
0.868) in the validation cohort. The calibration curves also per-
formed well (Figure 4B).

Figure 3. Nomogram for predicting pCR in patients treated with NAC.

Figure 4. Calibration curves for the nomogram in the training cohort (A) and validation cohort (B).
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4.4. The Clinical Usefulness Evaluation of the Nomogram

The best cutoff value for total scores was determined to be 133.5 
using the nomogram by ROC curve analysis. In the training and 
validation cohorts, we calculated the sensitivity, specificity, pos-

itive and negative predictive values, and positive and negative 
likelihood ratio to assess the ability of the nomogram for distin-
guishing the presence from lack of pCR. Table 3 shows the specific 
value in the training and validation cohorts.

Table 3: Clinical usefulness of the Nomogram for predicting pCR.

Value (95% CI)
Variable Training Cohort Validation Cohort
Area under ROC curve 0.884 (0.844–0.924) 0.758 (0.649-0.868)
Cutoff value 133.5 133.5
Sensitivity, % 0.85 (0.73-0.92) 0.64 (0.41-0.82)
Specificity, % 0.78 (0.72-0.83) 0.74 (0.63-0.83)
Positive predictive value, % 0.47 (0.38-0.57) 0.40 (0.24-0.58)
Negative predictive value, % 0.96 (0.92-0.98) 0.88 (0.78-0.94)
Positive likelihood ratio 3.80 (2.95-4.89) 2.45 (1.51-3.99)
Negative likelihood ratio 0.05 (0.02-0.09) 0.49 (0.28-0.86)

Abbreviations: pCR, pathologic complete response.

5. Discussion
NAC is becoming more popular in breast cancer patients. How-
ever, most patients cannot achieve pCR after NAC. For patients 
with the non-pCR disease, they would need upgraded therapeutic 
regimens. Therefore, we need to filter out the patients with a low 
probability of achieving pCR. In the present study, we compared 
three statistical methods to obtain a better predictive model and 
developed a nomogram based on clinicopathological parameters 
and inflammation indicators for predicting pCR in breast can-
cer patients receiving NAC. Inflammation markers, such as SII, 
PLR, SIRI, NLR, LMR, and NMR, have been studied in breast 
cancers receiving NAC. However, there remains unclear wheth-
er the predictive value of those indicators for pCR would change 
when evaluating them together. In our study, the six inflamma-
tion-based indicators were included. When they were evaluated to 
predict pCR, the multivariate analysis identified the SIRI and PLR 
as independent predictors, which means SIRI and PLR may per-
form better in predicting pCR than the NLR, LMR, NMR, and SII. 
Inflammation cells, such as neutrophils, lymphocytes, and mono-
cytes, may exert important anti-tumor effects. Neutrophils exhibit 
an anti-tumor phenotype directly through antibody-dependent cy-
totoxicity and indirectly through the secretion of pro-inflammatory 
cytokines [17]. Lymphocytes can mediate cytotoxicity to suppress 
tumor growth [18]. Monocytes perform anti-tumor functions, by 
contributing to antitumoral immunity, including phagocytosis and 
promotion of angiogenesis [19]. Platelets can also work as active 
players in tumor metastasis [20]. The concentration of the cells 
may indicate the host immune responses against tumors. SIRI and 
PLR have been studied in many cancer types, including breast can-
cer, and high SIRI and PLR are associated with worse outcomes, 
generally [21-24]. In our study, we found that patients with high 
SIRI were less likely to achieve pCR, which is consistent with our 

previous finding [25]. And patients with high PLR were associated 
with better NAC response, which contradicted the finding of Xu J 
et al [26]. However, in their study, they only performed χ2 tests to 
evaluate the association between PLR and NAC efficacy. Besides, 
the better NAC efficacy in our study was defined as pCR, which 
was different from their study. These reasons may explain the con-
tradictory conclusion. The underlying mechanism of inflammation 
indicators for predicting pCR needs further exploration. 

In addition, in our present study, age, clinical Nodal and Tumor 
stage were also identified as independent predictors for the pCR. 
In our cohort, the young age was associated with a high pCR rate, 
which is consistent with the findings of Chou HH et al [27]. Choi 
HJ et al. found that a higher clinical tumor stage was related to a 
lower pCR rate [28]. And Hwang HW et a. reported that a low clin-
ical Nodal stage was associated with a high pCR rate [29]. All of 
these findings matched ours. It is reported that TIL, PET-CT, and 
gene expression profiles can predict pCR [29-31]. However, these 
methods cannot be routinely performed in actual clinical practice. 
Hence, we need to find more appropriate methods. Based on the 
multivariate analysis results in the training cohort, we integrated 
the independent predictive factors, such as age, clinical Tumor and 
Nodal stage, PLR, and SIRI to construct the nomogram. The no-
mogram's C-index and calibration curve demonstrated good per-
formance in predicting pCR. The model was also shown to have 
strong stability in the validation cohort. For evaluating the clinical 
usefulness of the model, the specificity, sensitivity, negative and 
positive predictive values were calculated in estimating the chance 
of achieving pCR (Table 3). Patients with a score < 133.5 were 
less likely to obtain pCR (negative predictive value, 96.0%). As a 
result, the nomogram might be used to identify non-pCR patients. 
This method helped to save the limited medical resources for soci-
ety and reduce the medical costs for patients.
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Our research also has some limitations. This was a retrospective 
study using a relatively small number of patients and the results 
may be biased. And then, there might be deviations in the eval-
uation of the patient's inflammatory status. Many comorbidities 
can influence the value of the inflammation markers. More impor-
tantly, the relationship of SIRI and PLR with disease-free survival 
and overall survival cannot be assessed in the study because of the 
missing follow-up data. Therefore, prospective and multicenter in-
vestigations are necessary to confirm the study's conclusions. 

In conclusion, our nomogram is convenient and reliable. We can 
filter out the non-pCR patients and formulate the optimal treatment 
strategy for them by the nomogram. 
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