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Abstract
Background: About 15%–20% of breast cancer (BC) cases is classified as Human 
Epidermal growth factor Receptor type 2 (HER2) positive. The Neoadjuvant 
chemotherapy (NAC) was initially introduced for locally advanced and inflam-
matory BC patients to allow a less extensive surgical resection, whereas now it 
represents the current standard for early-stage and operable BC. However, only 
20%–40% of patients achieve pathologic complete response (pCR). According 
to the results of practice-changing clinical trials, the addition of trastuzumab to 
NAC brings improvements to pCR, and recently, the use of pertuzumab plus tras-
tuzumab has registered further statistically significant and clinically meaningful 
improvements in terms of pCR. The goal of our work is to propose a machine 
learning model to predict the pCR to NAC in HER2-positive patients based on a 
subset of clinical features.
Method: First, we evaluated the significant association of clinical features with 
pCR on the retrospectively collected data referred to 67 patients afferent to Istituto 
Tumori “Giovanni Paolo II.” Then, we performed a feature selection procedure 
to identify a subset of features to be used for training a machine learning‐based 
classification algorithm. As a result, pCR to NAC was associated with ER status, 
Pgr status, and HER2 score.
Results: The machine learning model trained on a subgroup of essential features 
reached an AUC of 73.27% (72.44%–73.66%) and an accuracy of 71.67% (71.64%–
73.13%). According to our results, the clinical features alone are not enough to 
define a support system useful for clinical pathway.
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1   |   INTRODUCTION

Breast cancer (BC) is one of the most common cancers in 
women worldwide. About 15%–20% of breast cancers is 
classified as human epidermal growth factor receptor type 
2 (HER2) positive.1 HER2-positive BC are more likely to 
grow and spread than to HER2-negative breast cancers.2 
Specific treatments have been developed for HER2-positive 
patients, like the monoclonal antibodies. The first monoclo-
nal antibody to be used was trastuzumab, that blocks the 
proliferation of tumor cells, and the advent of this agent has 
revolutionized the therapeutic scenario of HER2+ disease.

A series of landmark clinical trials have shown that 
the introduction of trastuzumab to NAC may bring no-
table improvements as the pathologic complete response 
(pCR).3 More recently, the introduction of pertuzumab 
has carried to further advances characterized by both sta-
tistically and clinically meaningful benefit in pCR when 
trastuzumab—pertuzumab was used in the neoadjuvant 
setting, as well as in the adjuvant one—even though more 
modest.7 Moreover, it has been found that the introduc-
tion of pertuzumab to neoadjuvant therapy leads to larger 
benefits than NAC without pertuzumab.8–10

NAC consists of using chemotherapy to reduce a tu-
mor's size before the main treatment, and the use of NAC 
has been historically associated with several advantages 
such as tumor downstaging to limit the extent of local sur-
gery.4 Though it was initially used in locally advanced and 
inflammatory BC to limit the resection, this therapeutic 
strategy is now commonly used for earlier-stage and op-
erable breast cancer.5 However, despite the advantages, 
only 20%–40% of patients achieve pCR following NAC.6–9 
Starting from these premises, the goal of this study was 
to propose a machine learning model able to predict the 
pCR to NAC in HER2-positive patients exploiting a subset 
of significant clinical features. Firstly, we used statistical 
tests to evaluate the significance of variables on the ret-
rospective collected data. Then, we performed a feature 
selection procedure to identify a subset of features to be 
udes for training a machine learning-based classification 
algorithm. An automated decision support tool able to 
predict NAC response for HER2-positive breast cancer 
patients is very important to identify patients eligible for 
innovative therapeutic options when it is available.

2   |   MATERIALS AND METHODS

2.1  |  Experimental data

All HER2-positive patients who received neoadjuvant 
chemotherapy including trastuzumab monotherapy or tras-
tuzumab plus pertuzumab in the period 2018–2021 and re-
ferred to Istituto Tumori “Giovanni Paolo II” in Bari (Italy) 
were involved. Written consent was not required from 
subjects, as it is a retrospective study and involves mini-
mal risk. All data were fully anonymized before analysis. 
Patients with carcinoma in situ and/or metastasis ab initio 
were excluded from this study. All patients collected for this 
study underwent a chemotherapy regimen combined with 
homogenous anti-HER2 therapy. Indeed, all patients were 
subjected to taxol. For each patient, we collected the follow-
ing features: age, menopausal status (premenopause/post-
menopause), clinical lymph nodal status (clinical LN status, 
Neg/Pos), tumor multiplicity (Neg/Pos), histological grade 
(G, Elston–Ellis scale: 1, 2, 3), histological subtype (ductal, 
other types), estrogen receptor (ER, Neg/Pos and percent-
age values) status, progesterone receptor (Pgr, Neg/Pos and 
percentage values) status, cellular marker for proliferation 
(ki67, Neg/Pos with cut-off 20% and percentage values), 
human epidermal growth factor receptor-2 score (HER2 
score: 0, 1+, 2+, 3+), human epidermal growth factor recep-
tor-2 status (HER2 status, Neg/Pos), pertuzumab (NAC CT, 
No/Yes). Finally, we collected the NAC pathologic complete 
response defined as absent residual invasive carcinoma in 
the breast and lymph nodes axillary after surgery.

2.2  |  Statistical analyses

For each characteristic, we evaluated the pCR as the ratio of 
patients with pathologic complete response after NAC and 
the 95% confidence interval (CI). All pCRs were represented 
in a forest plot. The statistical tests used to study the sig-
nificance of variables respect to pCR are Fisher's exact test 
for categorical variables. Particularly, Fisher's exact test11 
determines if there is a statistically significant correlation 
between two categorical variables and considers as null hy-
pothesis that the variables are independent while as alterna-
tive hypothesis that the two variables are not independent.

Conclusion: Our results seem worthy of further investigation in large validation 
studies and this work could be the basis of future study that will also involve ra-
diomics analysis of biomedical images.
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The results with the p-value less than 0.05 were consid-
ered statistically significant.

2.3  |  Classification model

To predict NAC response, we used the Random Forest (RF) 
machine learning method. RF algorithm is a classification 
method that aggregates the prediction by averaging, after 
joining the randomized decision trees. We performed the 
typical use of RF involving 100 trees and 20 features, as 
designated in Breiman.12 In order to reduce the over-fitting 
risk, we fixed 5 observations per tree leaf.13,14

Other well-known classifiers were considered, but 
they did not improve the performances. Interim results 
were not reported to not burden the discussion. Starting 
from 11 features, that is, age, menopausal status, clinical 
lymph node status, multiplicity, grading, ER, Pgr, ki67, 
HER2/neu, and pertuzumab CT, we performed a feature 
selection procedure by means of a RF algorithm, which 
provides the impurity measure computed with the Gini's 
diversity index obtained permuting out-of-bag observa-
tions among the trees.15,16 Thus, we selected all the fea-
tures having a Gini's diversity index above the average of 
all the features set. Besides, for estimating missing data, 
we used the MissForest data imputation algorithm,17 a 
machine learning technique based on Random Forest 
algorithm and having many advantages. As a matter of 
fact, it can be used with mixed data types, both categor-
ical and numerical, and it does not need assumptions 
of relationships between features. Therefore, within a 
10 ten-fold cross-validation rounds, we evaluated the 
classification performances in terms of AUC, accuracy, 
sensitivity, and specificity, finding the optimal threshold 
using Youden's index test on the ROC curves.18

All the analyses were performed by using the MATLAB 
R2022a (MathWorks, Inc., Natick, MA, USA) software.

3   |   RESULTS

3.1  |  Statistical analysis

Table 1 shows clinical and treatment characteristics of the 
patient's sample consisting of 67 patients, whose 46.27% 
achieved pathologic complete response (pCR) at the end 
of NAC. Patients' age range is between 34 and 78 years, 
with a median age of 51 years. Besides, 41.79% of patients 
were treated with trastuzumab and the remainder with 
pertuzumab.

The only statistically significant variables with re-
spect to the pCR were ER (p-value of 0.002), Pgr (p-
value of 0.050), and HER2 score (p-value of 0.050) 

(Figure  1). Particularly, patients with a tumor with 
high ER (%), Pgr positive and HER2 score of 3+ ap-
pear to respond worse to therapy. It should be noted 
that while PR median value was equal to 0, therefore 
corresponding to the cutoff conventionally used to dis-
criminate the marker as positive or negative, the con-
sidered ER cutoff was equal to the median value (60%). 
Therefore, it emerges that in our real-life sample, pa-
tients with ER much higher than the cut-off conven-
tionally used to binarize this biomarker, but below the 
median value of our sample, are more prone to respond 
to therapy. We also evaluated the pCR rate, considering 
the common positive and negative binarization for the 
ER. In this case, out of 47 patients with positive ER, 
only 18 patients responded (38.3%, 24.4–52.2 CI 95%), 
while out of 20 patients with negative ER, 13 patients 
responded (65.0%, 44.1–85.9 CI 95%), resulting statisti-
cally not associated with pCR (p-value 0.062).

T A B L E  1   Sample dataset characteristics.

Characteristic Distribution Total (N = 67)

Patient age Median (1st–3th quantile) 51.0 (44.5–61.0)

Menopausal status Pre-menopausal (abs. %) 23 (34.33)

Post-menopausal (abs. %) 36 (53.73)

Nan (abs. %) 8 (11.94)

Clinical LN status Negative (abs. %) 26 (38.81)

Positive (abs. %) 39 (58.21)

Nan (abs. %) 2 (2.99)

Tumor multiplicity No (abs. %) 45 (67.16)

Yes (abs. %) 16 (23.88)

Nan (abs. %) 6 (8.96)

Grading I (abs. %) –

II (abs. %) 13 (19.40)

III (abs. %) 44 (65.67)

Nan (abs. %) 10 (14.93)

Grading Ductal (abs. %) 62 (92.54)

Other (abs. %) 5 (7.46)

ER (%) Median (1st–3th quantile) 60 (0–90.00)

Pgr (%) Median (1st–3th quantile) 0 (0–30)

Ki67 (%) Median (1st–3th quantile) 35.00 
(25.25–50.00)

HER2 score 2+ (abs. %) 13 (19.40)

3+ (abs. %) 54 (80.60)

Pertuzumab CT Yes (abs. %) 39 (58.21)

No (abs. %) 28 (41.79)

pCR Yes (abs. %) 31 (42.27)

No (abs. %) 36 (53.73)

Note: For categorical variables, absolute (abs.) and percentage values (%) 
are reported in brackets. For continuous values, the median value and 
interquartile range (1st–3rd quantile) are reported in brackets.
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The other variables, including the type of NAC per-
formed, did not show a statistically significant association 
with the pCR to neoadjuvant therapy.

3.2  |  Performance evaluation results

Figure 2 shows the selection frequency of the clinical 
features within 10 ten-fold cross-validation rounds. 
Machine learning models, like all multivariate models, 
evaluate features in association with other variables. 
Therefore, features that when evaluated individually 
are not significantly associated with the outcome of in-
terest, evaluated jointly with the others can increase 
their predictive value. Indeed, in addition to Er, PgR 
and HER2 scores that we had already verified as signif-
icantly associated with the pCR in the univariate anal-
ysis, also ki67, histological subtype, age at diagnosis 
and grading also assume an important discriminating 
power if evaluated jointly with the other characteris-
tics. Multiplicity, clinical LN status, menopausal sta-
tus, and NAC CT were the least frequently selected 
features. Additionally, in accordance with the previous 
statistical analysis, having or having not done pertu-
zumab appears not to be the least discriminating factor 
in predicting response to therapy.

Figure  3 represents the classification performances 
of RF classifier for the early prediction of NAC response 
in patients with HER2-positive BC, based on the feature 
subset selected on each cross-validation round. We sum-
marized the performances metrics in terms of median 

F I G U R E  1   Forest plot of pathologic Complete Response (pCR). pCR and relative 95% Confidence Interval (CI) was calculated for 
several characteristics. The statistical tests used to study the significance of variables respect to pCR are Fisher's exact test for categorical 
variables. A result was considered significant when the p-value was less than 0.05.

F I G U R E  2   Distribution of selected features. Frequency 
distribution of the clinical features selected on 10 ten-fold  
cross-validation rounds by means of the RF feature selection 
algorithm.

F I G U R E  3   Classification performances. Distribution of AUC, 
accuracy, sensitivity, specificity, and F-score was summarized. The 
results are obtained both through a 10 ten-fold cross-validation 
rounds.
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value and 1st–3rd quartile. The proposed model reached 
an AUC of 73.27% (72.44%–73.66%) and an accuracy of 
71.67% (71.64%–73.13%), with strong balancing between 
sensitivity and specificity, that is, 72.58% (58.06%–80.64%) 
and 72.22% (63.39%–83.33%), respectively.

4   |   DISCUSSION AND 
CONCLUSION

In the NAC setting, the use of trastuzumab-based regimens 
for HER2-positive BC led 39%–45% of patients to achieve 
pCR,20,21 even if this percentage has been reported to widely 
vary between 25% and 65%, according to trials results previ-
ously mentioned.22 Pertuzumab has been recently approved 
for adjuvant therapy and NAC of early HER2-positive 
BC.7,23 Well-known NEOSPHERE, KRISTINE, and PEONY 
clinical trials suggested that adding pertuzumab could im-
prove pCR for HER2-positive breast cancer.8–10

Several studies have been aimed at the validation of 
single biomarkers predicting the pCR in HER2-positive 
BC patients.22–25 In Ref.,26 authors identified factors as-
sociated with pCR in HER2-positive breast cancer pa-
tients; they suggested that, even though both HER2 IHC 
and FISH are standard HER2 testing methods in BC, the 
success of pCR may be related with HER2 immunohisto-
chemistry expression level.

In recent years, the development of artificial intelli-
gence has led to important progresses in precision medi-
cine, with these tools having the potential to aid clinicians 
obtain information on large and even very complex med-
ical data—to make more accurate decisions and to finally 
improve clinical outcomes.27,28 There are several artificial 
intelligence approaches proposed in the literature aimed 
at predicting the response to therapy, especially for breast-
related pathology. In our previous works, we developed 
predictive models aimed at predicting the response to neo-
adjuvant therapy in patients with breast cancer also using 
magnetic resonance images but without differentiating by 
cancer type.29,30 Although the identification of a radiomic 
signature represents an added value in the definition of a 
personalized treatment plan, the prediction performances 
did not however exceed an AUC value of 78% on a private 
database of patients belonging to our Institute. The per-
formances obtained in these previous works were compa-
rable to those in the state of the art.31,32 Nowadays, NAC 
is a standard therapy in clinical practice especially when 
the tumor is categorized as Triple-Negative or HER2+.33 
In this prelaminar work, our goal was to evaluate clinical 
useful variables to direct therapeutic choices for a partic-
ular histological subtype of patients with HER2-positive 
breast cancer. Our hypothesis is that differentiating the 
model performances by carcinoma type can be better. This 

is very important to select patients eligible for innovative 
therapeutic options when it is available. Indeed, a machine 
learning model able to better define predictors associated 
to the therapy response could influence the therapeutic 
choice for these patients in the next future.

Our experimental results show the pCR was significantly 
correlated with the ER, Pgr, and HER2 score. Especially, pa-
tients with higher ER, positive Pgr, and HER2 score equal 
to 3+ reported better responses. In our real-life sample, the 
type of therapy, i.e., whether or not Pertuzumab was done, 
does not seem to be a factor associated with the response 
to NAC. The latter result contrasts with well-known NEO-
SPHERE, KRISTINE, and PEONY clinical trials, but though 
it reflects the real-life experience of our Institute, it could be 
due to the small number of the sample used.8–10

To evaluate the prediction power of the clinical fea-
tures, we developed a machine learning model trained on 
a subgroup of significant features. The classification model 
reached a median AUC of 73.27% with a good balancing 
between sensitivity and specificity (72.58% and 72.22%, 
respectively). The features with higher prognostic power 
were those that identify the type of primary tumor. Accord-
ing to our results, the type of NAC (adding pertuzumab 
vs. only trastuzumab) does not seem to have an important 
informative power. Our real-life results contrast with the 
results of large studies. However, it should be emphasized 
that the patients were recruited consecutively with the aim 
of defining a preliminary forecast project. Therefore, the 
lower pCR for patients receiving pertuzumab could be due 
to the composition of the study sample, relative to clinical 
parameters not considered in this study, such as lymph 
node status. Moreover, the clinical result could be biased 
by the small sample size. Nonetheless, in the proposed ma-
chine learning model, the variable referred to the type of 
chemotherapy performed (addition of Pertuzumab or not) 
is in any case a (binary) variable foreseen in the model defi-
nition phase which basically implicitly discriminates the 
cohorts of patients analyzed from the model. Therefore, in 
the future, the model suitably validated and optimized on 
larger cohorts will allow the re-evaluation of this variable.

Although the model needs to be optimized in a larger 
database, the clinical features analyzed alone are not 
enough to define a tool useful for clinician in current clin-
ical practice. Indeed, our study presents some limitations 
to be acknowledged. Among these, the sample size was 
relatively small, and the study lacked an independent val-
idation cohort.

Nevertheless, we believe that the NAC response prog-
nostic power of clinical features in Her2-positive BC pa-
tients is not negligible.

Our results are encouraging and should be validated 
in a larger sample. In addition, by adding other clinical 
feature, for example, tumor stage and lymph node status, 
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and the radiomic features we should achieve results with 
a higher performance to be able to define a tool, which 
could be applied to clinical practice.

This work represents the starting point of a future 
study that foresees the integration of quantitative charac-
teristics extracted from pre-treatment radiological images, 
in order to define a personalized medicine model. At the 
state of the art, the emerging scientific interest in radio-
mics has led to significant results in the field of early pre-
diction of the response to NAC.28–36 In the feature work, 
we will apply our experience on radiomic analysis to 
HER2-positive patients. Specifically, in order to improve 
the classification performance and therefore define a use-
ful system for defining personalized therapeutic plans, we 
will integrate clinical features with radiomic ones.

AUTHOR CONTRIBUTIONS
Annarita Fanizzi: Conceptualization (equal); data cura-
tion (equal); formal analysis (equal); methodology (equal); 
software (equal); validation (equal); writing – original draft 
(equal). Agnese Latorre: Data curation (equal); funding ac-
quisition (equal); project administration (equal); resources 
(equal); supervision (equal); writing – original draft (equal). 
Domenica Antonia Bavaro: Conceptualization (equal); 
data curation (equal); formal analysis (equal); methodology 
(equal); validation (equal); writing – original draft (equal); 
writing – review and editing (equal). Samantha Bove: 
Writing – original draft (equal); writing – review and editing 
(equal). Maria Colomba Comes: Writing – original draft 
(equal); writing – review and editing (equal). Erica Franc-
esca Di Benedetto: Writing – original draft (equal). Feder-
ico Fadda: Writing – review and editing (equal). Daniele 
La Forgia: Writing – review and editing (equal). Franc-
esco Giotta: Data curation (equal); supervision (equal); 
writing – review and editing (equal). Gennaro Palmiotti: 
Writing – review and editing (equal). Nicole Petruzzellis: 
Data curation (equal); writing – review and editing (equal). 
Lucia Rinaldi: Data curation (equal); writing – review 
and editing (equal). Alessandro Rizzo: Writing – review 
and editing (equal). Vito Lorusso: Data curation (equal); 
supervision (equal); writing – review and editing (equal). 
Raffaella Massafra: Formal analysis (equal); funding ac-
quisition (equal); project administration (equal); resources 
(equal); supervision (equal); writing – original draft (equal); 
writing – review and editing (equal).

FUNDING INFORMATION
This work was supported by funding from Italian Ministry 
of Health, Ricerca Corrente 2023 deliberation n.187/2023.

ACKNOWLEDGEMENTS
Open access funding provided by BIBLIOSAN.

CONFLICT OF INTEREST STATEMENT
The authors declare no competing interests.

DATA AVAILABILITY STATEMENT
The raw data supporting the conclusions of this article 
will be made available, by the corresponding author, upon 
reasonable request.

ETHICS APPROVAL AND CONSENT TO 
PARTICIPATE
The study was conducted according to the guidelines of 
the Declaration of Helsinki and approved by the Scien-
tific Board of Istituto Tumori “Giovanni Paolo II”—Bari, 
Italy. The number of the Protocol approved by the Ethic 
Commitee of Istituto Tumori “Giovanni Paolo II” (Bari, 
Italy) is 1168/CE. The authors affiliated to Istituto Tumori 
“Giovanni Paolo II”, IRCCS, Bari are responsible for the 
views expressed in this article, which do not necessarily 
represent the ones of the Institute.

INFORMED CONSENT STATEMENT
Informed consent was obtained from all subjects involved 
in the study and/or their legal guardian(s).

ORCID
Federico Fadda   https://orcid.org/0000-0002-2807-4947 
Alessandro Rizzo   https://orcid.
org/0000-0002-5257-8678 

REFERENCES
	 1.	 Kumler I, Tuxen MK, Nielsen DL. A systematic review of dual 

targeting in HER2-positive breast cancer. Cancer Treat Rev. 
2014;40:259-270.

	 2.	 https://www.cancer.org/cancer/types/breast-cancer.html.
	 3.	 Valachis A, Mauri D, Polyzos NP, Chlouverakis G, Mavroudis 

D, Georgoulias V. Trastuzumab combined to neoadjuvant che-
motherapy in patients with HER2-positive breast cancer: a sys-
tematic review and meta-analysis. Breast. 2011;20:485-490.

	 4.	 Petruolo O, Sevilimedu V, Montagna G, Le T, Morrow M, 
Barrio AV. How often does modern neoadjuvant chemotherapy 
(NAC) downstage patients to breast-conserving surgery (BCS)? 
Ann Surg Oncol. 2021;28:287-294.

	 5.	 Thompson AM, Moudler-Thompson SL. Neoadjuvant treat-
ment of breast cancer. Ann Oncol. 2012;23:x231-x236.

	 6.	 Basmadjian RB, Kong S, Boyne DJ, et al. Developing a predic-
tion model for pathologic complete response following neoad-
juvant chemotherapy in breast cancer: a comparison of model 
building approaches. JCO Clin Cancer Inform. 2022;6.

	 7.	 Jagosky M, Tan AR. Combination of pertuzumab and trastu-
zumab in the treatment of HER2Positive early breast cancer: a 
review of the emerging clinical data. Breast Cancer (Dove Med 
Press). 2021;13:393-407.

	 8.	 Gianni L, Pienkowski T, Im YH, et al. 5-year analysis of neo-
adjuvant pertuzumab and trastuzumab in patients with locally 
advanced, inflammatory, or early-stage HER2-positive breast 

https://orcid.org/0000-0002-2807-4947
https://orcid.org/0000-0002-2807-4947
https://orcid.org/0000-0002-5257-8678
https://orcid.org/0000-0002-5257-8678
https://orcid.org/0000-0002-5257-8678
https://www.cancer.org/cancer/types/breast-cancer.html


      |  20669FANIZZI et al.

cancer (NeoSphere): a multicentre, open-label, phase 2 ran-
domised trial. Lancet Oncol. 2016;17:791-800.

	 9.	 Shao Z, Pang D, Yang H, et al. Efficacy, safety, and tolerability 
of pertuzumab, trastuzumab, and docetaxel for patients with 
early or locally advanced ERBB2-positive breast cancer in Asia: 
the PEONY phase 3 randomized clinical trial. JAMA Oncol. 
2020;6(3):e193692.

	10.	 Hurvitz SA, Martin M, Symmans WF, et al. Neoadjuvant tras-
tuzumab, pertuzumab, and chemotherapy versus trastuzumab 
emtansine plus pertuzumab in patients with HER2-positive 
breast cancer (KRISTINE): a randomised, open-label, multi-
centre, phase 3 trial. Lancet Oncol. 2018;19(1):115-126.

	11.	 Kim HY. Statistical notes for clinical researchers: chi-
squared test and Fisher's exact test. Restor Dent Endod. 
2017;42(2):152-155.

	12.	 Breiman L. Random Forests Mach Learn. Vol 45. Springer; 
2001.

	13.	 Rodriguez-Galiano V, Sanchez-Castillo M, Chica-Olmo M, 
Chica-Rivas MJOGR. Machine learning predictive models for 
mineral prospectivity: an evaluation of neural networks, ran-
dom forest, regression trees and support vector machines. Ore 
Geol Rev. 2015;71:804-818.

	14.	 Abdulkareem NM, Abdulazeez AM. Machine learning classifi-
cation based on radom forest algorithm: a review. Int J Sci Bus. 
2021;5(2):128-142.

	15.	 Han H, Guo X, Yu H. Variable selection using mean decrease 
accuracy and mean decrease gini based on random forest. 2016 
7th IEEE International Conference on Software Engineering 
and Service Science (ICSESS), Beijing, 2016:219–224.

	16.	 Guyon I, Weston J, Barnhill S, Vapnik V. Gene selection for 
cancer classification using support vector machines. Mach 
Learn. 2002;46:389-422.

	17.	 https://towar​dsdat​ascie​nce.com/missf​orest​-the-best-missi​ng-
data-imput​ation​-algor​ithm4​d0118​2aed3

	18.	 Liu Z, Li Z, Qu J, et al. Radiomics of multiparametric MRI 
for pretreatment prediction of pathologic complete response 
to neoadjuvant chemotherapy in breast cancer: a multicenter 
study. Clin Cancer Res. 2019;25:3538-3547.

	19.	 Youden WJ. Index for rating diagnostic tests. Cancer. 
1950;3:32-35.

	20.	 Wuerstlein R, Harbeck N. Neoadjuvant therapy for HER2-
positive breast cancer. Rev Recent Clin Trials. 2017;12(2):81-92.

	21.	 Gianni L, Eiermann W, Semiglazov V, et al. Neoadjuvant 
chemotherapy with trastuzumab followed by adjuvant trastu-
zumab versus neoadjuvant chemotherapy alone, in patients 
with HER2-positive locally advanced breast cancer (the NOAH 
trial): a randomised controlled superiority trial with a parallel 
HER2-negative cohort. Lancet. 2010;375(9712):377-384.

	22.	 Guarneri V, Frassoldati A, Bottini A, et al. Preoperative chemo-
therapy plus trastuzumab, lapatinib, or both in human epider-
mal growth factor receptor 2–positive operable breast cancer: 
results of the randomized phase II CHER-LOB study. J Clin 
Oncol. 2012;30(16):1989-1995.

	23.	 Amiri-Kordestani L, Wedam S, Zhang L, et al. First FDA ap-
proval of neoadjuvant therapy for breast cancer: pertuzumab 
for the treatment of patients with HER2-positive breast cancer 
pertuzumab neoadjuvant approval summary. Clin Cancer Res. 
2014;20(21):5359-5364.

	24.	 Llombart-Cussac A, Cortés J, Paré L, et al. HER2-enriched sub-
type as a predictor of pathological complete response following 

trastuzumab and lapatinib without chemotherapy in early-stage 
HER2-positive breast cancer (PAMELA): an open-label, single-
group, multicentre, phase 2 trial. Lancet Oncol. 2017;18(4):545-554.

	25.	 Schettini F, Pascual T, Conte B, et al. HER2-enriched subtype 
and pathological complete response in HER2-positive breast 
cancer: a systematic review and meta-analysis. Cancer Treat 
Rev. 2020;84:101965.

	26.	 Krystel-Whittemore M, Xu J, Brogi E, et al. Pathologic complete 
response rate according to HER2 detection methods in HER2-
positive breast cancer treated with neoadjuvant systemic ther-
apy. Breast Cancer Res Treat. 2019;177(1):61-66.

	27.	 Broglio KR, Quintana M, Foster M, et al. Association of 
pathologic complete response to neoadjuvant therapy in 
HER2-positive breast cancer with long-term outcomes: a meta-
analysis. JAMA Oncol. 2016;2(6):751-760.

	28.	 Vulchi M, Adoui ME, Braman N, et al. Development and exter-
nal validation of a deep learning model for predicting response 
to HER2-targeted neoadjuvant therapy from pretreatment 
breast MRI. J Clin Oncol. 2019;37:593.

	29.	 Massafra R, Comes MC, Bove S, et al. Robustness evaluation of 
a deep learning model on sagittal and axial breast DCE-MRIs to 
predict pathological complete response to neoadjuvant chemo-
therapy. J Pers Med. 2022;12(6):953.

	30.	 Comes MC, Fanizzi A, Bove S, et al. Early prediction of neoad-
juvant chemotherapy response by exploiting a transfer learning 
approach on breast DCE-MRIs. Sci Rep. 2021;11(1):1-12.

	31.	 Ravichandran K, Braman N, Janowczyk A, Madabhushi A. A 
deep learning classifier for prediction of pathological complete 
response to neoadjuvant chemotherapy from baseline breast 
DCE-MRI. Medical imaging 2018: computer-aided diagnosis. 
Vol 10575. SPIE; 2018:79-88.

	32.	 Drisis S, Metens T, Ignatiadis M, Stathopoulos K, Chao SL, 
Lemort M. Quantitative DCE-MRI for prediction of pathological 
complete response following neoadjuvant treatment for locally 
advanced breast cancer: the impact of breast cancer subtypes 
on the diagnostic accuracy. Eur Radiol. 2016;26:1474-1484.

	33.	 Wein L, Luen SJ, Savas P, Salgado R, Loi S. Checkpoint block-
ade in the treatment of breast cancer: current status and future 
directions. Br J Cancer. 2018;119:4-11.

	34.	 Bartsch R, Bergen E, Galid A. Current concepts and future di-
rections in neoadjuvant chemotherapy of breast cancer. Memo-
mag. Eur. Med Oncol. 2018;11:199-203.

	35.	 Bellotti R, Bagnasco S, Bottigli U, et al. The MAGIC-5 Project: 
medical applications on a GRID infrastructure connection. 
IEEE Symposium Conference Record Nuclear Science 2004, 
Vol. 3. 2004:1902–1906. doi:10.1109/NSSMIC.2004.1462616

	36.	 Bellotti R, De Carlo F, Massafra R, de Tommaso M, Sciruicchio 
V. Topographic classification of EEG patterns in Huntington's 
disease. Neurol Clin Neurophysiol. 2004;2004:37.

How to cite this article: Fanizzi A, Latorre A, 
Bavaro DA, et al. Prognostic power assessment of 
clinical parameters to predict neoadjuvant response 
therapy in HER2-positive breast cancer patients: A 
machine learning approach. Cancer Med. 
2023;12:20663-20669. doi:10.1002/cam4.6512

https://towardsdatascience.com/missforest-the-best-missing-data-imputation-algorithm4d01182aed3
https://towardsdatascience.com/missforest-the-best-missing-data-imputation-algorithm4d01182aed3
https://doi.org//10.1109/NSSMIC.2004.1462616
https://doi.org/10.1002/cam4.6512

	Prognostic power assessment of clinical parameters to predict neoadjuvant response therapy in HER2-­positive breast cancer patients: A machine learning approach
	Abstract
	1|INTRODUCTION
	2|MATERIALS AND METHODS
	2.1|Experimental data
	2.2|Statistical analyses
	2.3|Classification model

	3|RESULTS
	3.1|Statistical analysis
	3.2|Performance evaluation results

	4|DISCUSSION AND CONCLUSION
	AUTHOR CONTRIBUTIONS
	FUNDING INFORMATION
	ACKNOWLEDGEMENTS
	CONFLICT OF INTEREST STATEMENT
	DATA AVAILABILITY STATEMENT

	ETHICS APPROVAL AND CONSENT TO PARTICIPATE
	INFORMED CONSENT STATEMENT
	REFERENCES


