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Abstract 
This narrative review explores the transformative 
potential of Artificial Intelligence (AI) and advanced 
imaging techniques in predicting Pathological Complete 
Response (pCR) in Breast Cancer (BC) patients undergoing 
Neo-Adjuvant Chemotherapy (NACT). Summarizing 
recent research findings underscores the significant 
strides made in the accurate assessment of pCR using AI, 
including deep learning and radiomics. Such AI-driven 
models offer promise in optimizing clinical decisions, 
personalizing treatment strategies, and potentially 
reducing the burden of unnecessary treatments, thereby 
improving patient outcomes. Furthermore, the review 
acknowledges the potential of AI to address healthcare 
disparities in Low- and Middle-Income Countries (LMICs), 
where accessible and scalable AI solutions may enhance 
BC management. Collaboration and international efforts 
are essential to fully unlock the potential of AI in BC care, 
offering hope for a more equitable and effective 
approach to treatment worldwide. 
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Introduction 
Breast cancer (BC) stands as the most common type of 
carcinoma among women on a global scale, with more 
than 90% of the individuals being staged between II to III 
at the time of diagnosis.1,2 In 2020 alone, BC resulted in 
685000 deaths worldwide.3 In Asian nations like India and 
Pakistan, the incidence of BC is highest, according to 
reports, 178,388 new cases of BC were diagnosed in 
Pakistan in 2020.4,5 In Pakistan, 1 in 9 women have 
developed BC at some point in their lives.6 

Historically, post-surgery patients when diagnosed with 
Locally Advanced Breast Cancer (LABC) typically 
underwent chemotherapy and radiation therapy. Neo-
adjuvant chemotherapy (NACT) is a type of oncological 
treatment that shrinks and downstages the tumour and 
prevents the invasion of extra-glandular tissues. This, in 
turn, facilitates a more conservative surgical strategy.7,8 

An increasing number of patients are receiving NACT over 
the last few years, particularly in patients with some 
specific disease molecular subtypes like Triple Negative 
Breast Cancer (TNBC) and Human Epidermal Growth-
Factor Receptors-2 (HER-2) positive tumours, as there is 
verifiable proof of better survival and effectiveness.9-11  

The primary goal of NACT is to diminish the tumour size 
with resultant downstaging of the tumour and the 
attainment of Pathologic Complete Response (pCR), this 
implies the absence of any remaining invasive local 
disease and the lack of metastasis in axillary lymph nodes 
following NACT, denoted as ypT0N0/ypTisN0.12 This 
permits for the possibility of Breast Conservation Surgery 
(BCS) in women who previously needed a mastectomy, as 
well as less comprehensive options for BCS. In addition, it 
removes the necessity for axillary dissection of lymph 
nodes in a subgroup of patients, thereby sparing them 
from the enduring complications of accompanying 
lymphoedema.7,13 According to previous research studies, 
in patients with BC, pCR can be utilized as a short-term 
objective for longer survival.14,15 However, 50–70% of 
NACT-treated individuals were reported to be unable to 
attain pCR.16,17 

The ability to identify early responders and predict pCR to 
NACT is a clinical imperative. Identifying those most likely 
to benefit from NACT not only optimises treatment but 
also paves the way for omitting definitive surgery in select 
cases, thereby minimizing long-term morbidity.18 To 
date, a reliable, non-invasive method to evaluate 
response early in the NACT course remains lacking, 
presenting a substantial clinical gap.18 

Breast cancer can frequently be characterized by imaging 
studies including Magnetic Resonance Imaging (MRI), 
mammography, and ultrasound. Dynamic Contrast-
Enhanced Magnetic Resonance Imaging (DCE-MRI) gives 

NARRATIVE REVIEW  

Transforming breast cancer care: harnessing the power of artificial intelligence 
and imaging for predicting pathological complete response. a narrative review

Kulsoom Shaikh1, Mehwish Mooghal2, Abdullah Ameen3, Wajiha Khan4, Sana Zeeshan5, Lubna Mushtaq Vohra6

1,2Department of Breast Surgery, Aga Khan University Hospital, 3Department 
of Radiology, Aga Khan University Hospital Karachi,  4Department of Surgery 
and Medicine, Dow University of Health Sciences, 5,6Department of Surgery, 
Aga Khan University Hospital Karachi, Pakistan.  
Correspondence: Mehwish Mooghal Email: mehwish.mooghal@aku.edu  
ORCID ID. 0000-0002-6386-4047 



valuable dynamic vascular, physiological, and anatomical 
information about the lesion by taking sequential images 
after intravenous contrast administration.18 Radiological 
complete response determined by DCE-MRI has been 
demonstrated to forecast pCR with good sensitivity and 
specificity.19 Although DCE-MRI is most often employed 
for the analysis of pCR, other pulse sequences including 
T2-Weighted sequences and Diffusion-Weighted 
sequences can also be utilized for the evaluation of pCR. 
Patients who achieve pCR are reported to experience 
better survival as compared to non-pCR patients, 
suggesting that response to treatment is a good predictor 
of prognosis.19 

Early prediction (before commencement) of NACT effects 
in terms of pCR is an increasingly popular subject in 
current clinical studies because Identifying patients who 
will respond effectively to NACT early in the process is 
crucial for improving and adjusting the treatment 
regimen throughout the course of therapy, optimizing 
expenditures, and sparing these individuals from 
potentially inefficient or hazardous chemotherapy 
treatments or surgical interventions.20-22  

The primary objective of this narrative review is to 
comprehensively examine the role of Artificial-
Intelligence (AI), including Machine-Learning (ML), Deep-
Learning (DL) and Convolutional Neural Network (CNN) in 
assessing pCR in BC patients after NACT. By conducting 
this review, we aim to provide a detailed understanding 
of the current state of AI in assessing pCR after NACT in BC 
and to shed light on its potential to shape future research, 
decision making, and the comprehensive management of 
patients with BC. Ultimately, our objective is to contribute 
to the advancement of BC care by harnessing the power 
of AI in optimizing treatment strategies and the patient 
outcomes. 

Materials and Methods 
To gather pertinent studies and literature, a systematic 
search was performed by querying electronic databases 
such as “Medline”, “PubMed”, “Web of Science”, “Scopus”, 
and “Google Scholar”. The search strategy incorporated a 
blend of keywords and Medical Subject Headings (MeSH) 
terms associated with breast cancer, neoadjuvant 
chemotherapy, pathological complete response, artificial 
intelligence, deep learning, convolutional neural 
networks, machine learning and radiomics. The search 
was not limited by publication date, and the latest articles 
available up to the knowledge cutoff date in October 
2023 were included. 

Inclusion Criteria 
• Studies investigating the use of AI in predicting pCR in 

BC patients after NACT. 
• Articles focussing on imaging techniques, including 
Dynamic Contrast-Enhanced Magnetic Resonance 
Imaging (DCE-MRI), mammography, and ultrasound for 
assessing response to NACT. 
• Research articles and clinical studies that have 
undergone peer review and have been published in 
reputable journals. 
• Studies accessible in the English language. 
• Relevance to the objectives of this narrative review. 

Exclusion Criteria 
Studies were excluded if they did not pertain to the 
subject of interest or if they were duplicates of previously 
identified publications. Additionally, articles not 
accessible through our electronic database search or not 
available in the English language were excluded.  

The selected articles were critically reviewed, and relevant 
data were extracted. The information retrieved included: 
Study details, Patient characteristics, Imaging techniques, 
AI methods and models and Outcomes. The findings from 
the selected studies were synthesized to offer an 
overview of the present state of AI-assisted imaging 
techniques for predicting pCR in BC patients undergoing 
NACT. The methodological quality of the selected studies 
was scrutinized to assess the thoroughness and credibility 
of the research. This narrative review does not involve any 
primary research or human subjects; hence, no ethical 
approval or consent was required. Moreover, it's 
important to acknowledge that the quality and 
accessibility of data within the chosen articles may differ, 
potentially impacting the extent of analysis and the 
generalizability of the findings The findings of this 
narrative review will be presented and discussed in the 
main body of the review, with an emphasis on the role of 
AI in assessing pCR in BC patients following NACT and its 
potential impact on clinical decision-making and patient 
outcomes. 

Discussion 
Dynamic Contrast-Enhanced Magnetic Resonance 
Imaging (DCE-MRI) assumes a crucial role in BC research, 
facilitating the transformation of medical images into 
data with high-dimensional characteristics, and creating 
radiomic signatures that encompass diverse quantitative 
imaging characteristics, including shape, texture, and 
dynamics.23,24 Various ML techniques, such as supervised, 
self-supervised, and unsupervised learning, are employed 
to analyse radiomics data.24 Supervised learning relies on 
labelled datasets, self-supervised learning generates 
labels from unlabelled data, and unsupervised learning 
identifies underlying patterns without labels. Notably, DL 
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techniques, particularly CNNs, have emerged as powerful 
tools, surpassing traditional machine learning 
methods.24,25 Incorporating clinical variables, including 
demographics, molecular subtypes, and laboratory 
results, can enhance the prediction of pCR, which can be 
profoundly influenced by molecular subtypes.26 
Epigenetic factors and the evolving molecular state 
during therapy can also impact pCR, making MRI valuable 
for monitoring changes over time. The integration of DL 
holds promises for precise pCR prediction, guiding BC 
treatment, given its capability to handle extensive and 
complex datasets, both imaging and non-imaging.26 

Table-1 displays the included studies. 

In a retrospective study by Qin Li et al. (2021),28 focussed 

on patients with HER-2 positive BC, multiphase DCE-MRI 
was employed to predict pCR to NACT. They analysed 127 
patients who underwent multiphase DCE-MRI both 
before and during NACT and subsequent surgical 
resection. ML models were developed using 1st phase and 
multiphase DCE-MRI data, utilizing radiomic features. Of 
23 classifiers, logistic regression based on the 1st phase 
achieved an Area Under Curve (AUC) of 0.69 with a 
maximum accuracy of 68.5%, while linear Support Vector 
Machine (SVM) based on multiphase DCE-MRI attained an 
AUC of 0.84, outperforming the logistic regression model. 
The linear SVM model showed an accuracy of 84% in the 
mass enhancement group and 76% in the non-mass 
enhancement group. The study concluded that ML 
models utilizing multiphase DCE-MRI can effectively 
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Table-1: Studies addressing AI-Driven Approaches for Predicting Pathological Complete Response (pCR) in Breast Cancer Patients.

Author Study Type Research Goal AI Approach Study Findings Conclusions

Yu-Hong Qu, et al.27 Retrospective study Create a deep learning 
algorithm to predict pCR 
following NACT in BC.

Utilized Deep Learning 
Network with pre-NACT 
and post-NACT MRI 
data.

Achieved an AUC of 
0.970 by combining pre-
NACT and post-NACT 
data.

Combining pre-NACT 
and post-NACT MRI data 
enhances pCR 
prediction.

Qin Li, et al. 28 Retrospective study Evaluate radiomics 
based on multiphase CE-
MRI for early pCR 
prediction in HER-2 
positive invasive BC.

Employed Machine 
Learning Classifiers 
based on CE1 and CEm 
radiomic features.

Attained an AUC of 0.84 
for the CEM-based 
model; 76%-84% 
accuracy in various 
groups.

Multiphase CE-MRI may 
provide non-invasive 
early pCR prediction in 
HER-2 positive BC.

Elizabeth J. Sutton, et al.29 Retrospective study Develop and validate a 
radiomics classifier for 
classifying BC pCR on 
MRI post-NAC before 
surgery.

Employed Radiomics 
Analysis and Recursive 
Feature Elimination 
Random Forest.

Achieved AUROC of 0.72 
for model 1 and 0.80 for 
model 2 in pCR 
prediction.

Radiomics-based 
classifier accurately 
predicts pCR on MRI 
post-NAC.

Raffaella Massafra, et al. 30 Retrospective study Develop an AI method 
using deep learning to 
predict pCR using DCE-
MRI at different 
protocols.

Utilized Deep Learning 
with sagittal and axial 
DCE-MRI data.

Obtained accuracies of 
84.4% and 77.3%, with 
AUC values of 80.3% 
and 78.0% on 
independent tests.

AI method is robust for 
pCR prediction across 
various DCE-MRI 
protocols.

Chenchen Li, et al 31 Retrospective study Construct a preoperative 
predictive model based 
on tumoral and 
peritumoral volumes of 
multiparametric MRI.

Involved in Radiomic 
Feature Extraction and 
Support Vector Machine 
modelling.

Achieved AUCs of 0.96 
for tumoral VOI, and 
0.97 for peritumoral VOI 
in the training cohort.

Multiparametric MRI 
radiomics model 
effectively predicts pCR 
in BC.

Panli Li, et al.32 Retrospective study Identify radiomic 
predictors from 18F-FDG 
PET/CT scans for 
predicting pCR in BC 
patients before NAC.

Employed Machine 
Learning Models with 
PET/CT radiomic 
features.

Attained an AUC of 
0.844 on the training set 
and 0.767 on the 
independent validation 
set.

PET/CT radiomic 
predictors combined 
with age can effectively 
predict pCR after NACT.

Abbreviations: Neo-Adjuvant Chemotherapy: NACT, AUC: Area Under the Curve, pCR: Pathological Complete Response, HER-2: Human Epithelial Growth Factor Receptor-2, MRI: Magnetic Resonance 
Imaging, CE-MRI: Contrast-Enhanced Magnetic Resonance Imaging, CE1: 1st Post-contrast CE-MRI Phase, CEm: Multi-phase Contrast-Enhanced MRI, SVM: Support Vector Machine, FDG PET/CT: 18F-
Fluorodeoxyglucose Positron Emission Tomography/Computed Tomography.



predict pCR to NACT in HER-2 positive BC, offering 
valuable insights into tumour heterogeneity and early 
treatment response.28 Similarly correlating pCR with 
molecular subtypes, Elizabeth J. Sutton et al. (2020) 
conducted a retrospective study on 278 BC cases using 
DCE-MRI after-NACT. The dataset was split into 80% 
training sets and 20% testing sets. The radiomics-based 
ML models showed promising results in classifying pCR. 
Model 1, using radiomics alone, achieved an Area Under 
Receiver Operator Curve (AUROC) of 0.83 in the test set. 
Model 2, combining radiomics with molecular subtype, 
attained an AUROC of 0.78 in the test set. Model 3, which 
used only radiomics characteristics and no MRI intensity 
features, also performed well, indicating the potential of 
radiomics for predicting post-NACT pCR.29 Like the above 
mentioned studies, Raffaella Massafra et al.30 (2022) 
conducted a study evaluating the robustness of a DL 
model using sagittal and axial breast DCE-MRI images to 
predict pCR post-NACT. They used two datasets: a public 
dataset with 151 patients (40 pCR, 109 non-pCR) and a 
private dataset with 74 patients (22 pCR, 52 non-pCR). The 
patients in both datasets had DCE-MRI exams before 
NACT. A pre-trained CNN was employed to extract 
features. The study revealed significant correlations 
between pCR and histological variables, including 
Estrogen Receptors (ER), Progesterone Receptors (PR), 
HER-2, Ki-67 levels, grading, and clinical data. The SVM 
classifier achieved an accuracy of 80.3% and 78.0% for the 
public and private datasets, respectively, when clinical 
characteristics were added to the features concentration 
technique (F-merged).30 

In a multicentre study by Li Chenchen et al.,31 a ML model 
based on DCE-MRI radiomics was developed for 
preoperative prediction of pCR in patients with invasive 
non-metastatic ductal carcinoma undergoing NACT. The 
study included 448 patients diagnosed and treated with 
BC between November 2011 and July 2019 at the two 
hospitals. All patients had preoperative DCE-MRI and 
postoperative surgical histopathology data available. The 
tumour regions were segmented, and radiomic features 
were extracted from Contrast-Enhanced T1-weighted 
imaging; T1+C, Diffusion-Weighted Imaging with 
quantitative measurement; DWI-ADC, and the T2-
Weighted fat-suppression Imaging; T2WI. A total of 863 
quantitative characteristics were analysed, leading to 
highly accurate prediction models. The top 20-30 
significant features in every MRI film sequence within two 
distinct Volumes of Interest were used to build prediction 
models. The tumour + peritumoral Interest Volumes 
multiparametric MRI radiomics model showed the most 
accurate prediction, achieving AUCs of 0.98 and 0.92 in 
the training set and validation set cohorts, respectively. In 

the training/validation set cohorts, the combined-
sequence tumour Interest Volumes model had AUCs of 
0.96 and 0.89, while the peritumoral Interest Volume 
model had AUCs of 0.97 and 0.78. In the training set 
cohort, the pCR rate was 10.5%, while in the validation set 
cohort, it was 18.5%. This study introduces a highly 
accurate model for predicting preoperative pCR in non-
metastatic invasive ductal BC patients undergoing NACT, 
utilising both tumoural and peritumoural radiomic 
features extracted from preoperative MRI imaging’s. 31 

In a retrospective study of 302 BC patients meeting strict 
inclusion criteria, which included LABC non-metastatic 
patients who underwent pre-NACT contrast-enhanced 
MRI examination within 7 days before NACT, post-NACT 
MRI examination within 3 days after completing NACT, 
and subsequently, these individuals underwent surgical 
resection. With available post-surgical histopathology 
results, a DL model which combined both before and 
after-NACT MRI data demonstrated significant potential 
for predicting pCR. The post-NACT model demonstrated 
an AUC of 0.968, whereas the combined model, 
incorporating both before and after-NACT data, showed 
an AUC of 0.970. The combined model's specificity was 
notably more, i.e., 100%, than the after-NACT model's 
(84.9%), and its positive predictive value was also superior 
(100% vs. 82.8%).  Decision curve analysis revealed the 
overall benefits of deep learning across the risk threshold 
range (27). In another study by Panli Li et al. (32), a ML 
model was developed to predict pCR in patients with 
LABC using pre-NACT FDG PET/CT imaging. The study 
included 100 patients with confirmed non-metastatic BC 
who underwent PET/CT scans within 7 days before NACT 
and later had surgical excisions with post-surgical 
histopathology as the gold standard. The patients 
randomized to training set cohort (70) and a testing set 
cohort (30), with equal proportions of pCR cases in both 
cohorts. The primary endpoint was pCR. Radiomics 
features were extracted from PET/CT scans and analysed 
using various ML models. The predictive radiomics model, 
combining PET and CT features along with patient age, 
attained an AUC of 0.948 and accuracy of 0.857 in the 
training set. In the testing set, the model achieved an AUC 
of 0.73 and accuracy of 0.8. This study illustrates the 
efficacy of a model in forecasting pCR prior to NACT using 
radiomics PET/CT data from a sole pre-treatment scan and 
age of the patients.32 

While the studies discussed above offer valuable 
perspectives on the potential of AI and imaging 
techniques for predicting pCR in BC patients undergoing 
NACT, it is essential to acknowledge certain limitations 
inherent to this body of literature. First and foremost, the 
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retrospective nature of these studies introduces inherent 
bias and potential confounders. Prospective studies with 
larger, diverse patient cohorts are necessary to validate 
the clinical utility and generalizability of these AI models. 
Furthermore, variations in imaging protocols, AI models, 
and data preprocessing techniques among these studies 
may affect the consistency and comparability of the 
results. Standardization of these aspects is crucial to 
facilitate cross-study comparisons and clinical 
implementation. Finally, the use of different AI 
approaches, such as deep learning and radiomics, while 
promising, warrants more extensive validation and head-
to-head comparisons to identify the most effective and 
robust methodologies. These limitations emphasise the 
need for ongoing research, collaboration, and 
standardisation in the field of AI-assisted BC management 
to maximise the benefits for patients and clinicians. 

Future implications 
The promising results from the integration of AI and 
imaging techniques for predicting pCR in BC patients 
undergoing NACT hold significant implications for the 
future of oncology. AI-based models have the potential to 
revolutionise clinical decision-making by enabling early 
identification of NACT responders, optimising treatment 
strategies, and reducing the morbidity associated with 
unnecessary chemotherapy and surgical interventions. 
Moreover, AI may assist in tailoring personalised 
treatment plans based on a patient's predicted response, 
ultimately improving overall outcomes and quality of life. 
With the ever-increasing volume of healthcare data and 
technological advancements, the role of AI in BC care is 
poised for continued growth, ushering in an era of 
precision medicine. Additionally, the implementation of 
AI-powered screening and diagnostic tools could help 
bridge healthcare disparities in LMICs. These countries 
often face challenges in accessing specialised healthcare 
services, including BC treatment. AI-driven solutions, 
which can be cost-effective and scalable, may help 
improve early detection, treatment planning, and patient 
outcomes in resource-constrained settings, thereby 
reducing the global burden of breast cancer. 
Collaborative efforts and international partnerships are 
essential to ensure that AI technologies are accessible and 
beneficial for LMICs, contributing to more equitable 
healthcare worldwide. 
 
Conclusion 
In conclusion, the integration of AI and advanced imaging 
techniques, such as DCE-MRI, has shown great promise in 
the prediction of pCR in BC patients undergoing NACT. 
These AI-driven models, including deep learning and 
radiomics-based approaches, have demonstrated their 

ability to accurately assess and predict pCR, ultimately 
guiding clinical decision-making and improving patient 
outcomes. Furthermore, in LMICs, AI applications hold the 
potential to address healthcare disparities and improve 
BC management by providing cost-effective and scalable 
solutions. Collaborative efforts are essential to harness 
the full potential of AI in BC care and extend its benefits to 
a global population. 

Disclaimer: None. 

Conflict of Interest: None. 

Funding Disclosure: None. 

References 
1. DeSantis CE, Ma J, Gaudet MM, Newman LA, Miller KD, Goding 

Sauer A. et al. Breast cancer statistics, 2019. CA Cancer J Clin 
2019;69:438-51. doi: 10.3322/caac.21583. 

2. Siegel RL, Miller KD, Sauer AG, Fedewa SA, Butterly LF, Anderson 
JC, et al. Colorectal Cancer Statistics, 2020. Ca Cancer J Clin 
2020;70:145–64. doi: 10.3322/caac.21601. 

3. World Health Organization (WHO). Breast cancer. News release. 
The WHO Media Center. [Online] 2023 [Cited 2023 October 19]. 
Available from URL: https://www.who.int/news-room/fact-
sheets/detail/breast-cancer 

4. Shafique R, Rustam F, Choi GS, Díez IT, Mahmood A, Lipari V, et al. 
Breast Cancer Prediction Using Fine Needle Aspiration Features 
and Upsampling with Supervised Machine Learning. Cancers 
(Basel) 2023;15:681. doi: 10.3390/cancers15030681. 

5. Ali MM, Khokhar MA, Ahmed HN. Primary care physicians and 
cancer care in Pakistan: A short narrative. J Cancer Policy 
2020;25:100238. Doi:.10.1016/j.jcpo.2020.100238. 

6. Sohail S, Alam SN. Breast cancer in pakistan - awareness and early 
detection. J Coll Physicians Surg Pak 2007;17:711-2. 

7. Mieog JS, van der Hage JA, van de Velde CJ. Neoadjuvant 
chemotherapy for operable breast cancer. Br J Surg 2007;94:1189-
200. doi: 10.1002/bjs.5894. 

8. Cain H, Macpherson IR, Beresford M, Pinder SE, Pong J, Dixon JM. 
Neoadjuvant therapy in early breast cancer: treatment 
considerations and common debates in practice. Clin. Oncol 
2017;29:642-52. Doi:.10.1016/j.clon.2017.06.003. 

9. Minarikova L, Bogner W, Pinker K, Valkovič L, Zaric O, Bago-
Horvath Z, et al. Investigating the prediction value of 
multiparametric magnetic resonance imaging at 3 T in response 
to neoadjuvant chemotherapy in breast cancer. Eur Radiol 
2017;27:1901-11. Doi:.10.1007/s00330-016-4565-2. 

10. Nguyen AA, Arasu VA, Strand F, Li W, Onishi N, Gibbs J, et al. 
Comparison of segmentation methods in assessing background 
parenchymal enhancement as a biomarker for response to 
neoadjuvant therapy. Tomography 2020;6:101-10. 
Doi:.10.18383/j.tom.2020.00009. 

11. Goldhirsch A, Winer EP, Coates AS, Gelber RD, Piccart-Gebhart M, 
Thürlimann B, et al. Personalizing the treatment of women with 
early breast cancer: highlights of the St Gallen International 
Expert Consensus on the Primary Therapy of Early Breast Cancer 
2013. Ann Oncol 2013;24:2206-23. Doi:.10.1093/annonc/mdt303. 

12. Cortazar P, Zhang L, Untch M, Mehta K, Costantino JP, Wolmark N, 
et al. Pathological complete response and long-term clinical 
benefit in breast cancer: the CTNeoBC pooled analysis. Lancet 
2014;384:164-72. doi: 10.1016/S0140-6736(13)62422-8. 

13. Curigliano G, Burstein HJ, P Winer E, Gnant M, Dubsky P, Loibl S, et 
al. De-escalating and escalating treatments for early-stage breast 

J Pak Med Assoc (Suppl. 4) Open Access

9th AKU Annual Surgical Conference S-47



Open Access Vol. 74, No.4 (Suppl. 4), April 2024

S-48 9th AKU Annual Surgical Conference

cancer: the St. Gallen International Expert Consensus Conference 
on the Primary Therapy of Early Breast Cancer 2017. Ann Oncol 
2019;30:1181. doi: 10.1093/annonc/mdy537. 

14. Funt SA, Chapman PB. The Role of Neoadjuvant Trials in Drug 
Development for Solid Tumors. Clin Cancer Res 2016;22:2323-8. 
doi: 10.1158/1078-0432.CCR-15-1961. 

15. Early Breast Cancer Trialists' Collaborative Group (EBCTCG). Long-
term outcomes for neoadjuvant versus adjuvant chemotherapy in 
early breast cancer: meta-analysis of individual patient data from 
ten randomised trials. Lancet Oncol 2018;19:27-39. doi: 
10.1016/S1470-2045(17)30777-5. 

16. Colleoni M, Viale G, Zahrieh D, Pruneri G, Gentilini O, Veronesi P, et 
al. Chemotherapy is more effective in patients with breast cancer 
not expressing steroid hormone receptors: a study of 
preoperative treatment. Clin Cancer Res 2004;10:6622-8. doi: 
10.1158/1078-0432.CCR-04-0380. 

17. Kaufmann M, von Minckwitz G, Bear HD, Buzdar A, McGale P, 
Bonnefoi H, et al. Recommendations from an international expert 
panel on the use of neoadjuvant (primary) systemic treatment of 
operable breast cancer: new perspectives 2006. Ann Oncol 
2007;18:1927-34. doi: 10.1093/annonc/mdm201. 

18. Lee J, Kim SH, Kang BJ. Pretreatment prediction of pathologic 
complete response to neoadjuvant chemotherapy in breast 
cancer: Perfusion metrics of dynamic contrast enhanced MRI. Sci 
Rep 2018;8:9490. doi: 10.1038/s41598-018-27764-9. 

19. De Los Santos JF, Cantor A, Amos KD, Forero A, Golshan M, Horton 
JK, et al. Magnetic resonance imaging as a predictor of pathologic 
response in patients treated with neoadjuvant systemic 
treatment for operable breast cancer. Translational Breast Cancer 
Research Consortium trial 017. Cancer 2013;119:1776-83. doi: 
10.1002/cncr.27995. 

20. Smith IC, Heys SD, Hutcheon AW, Miller ID, Payne S, Gilbert FJ, et 
al. Neoadjuvant chemotherapy in breast cancer: significantly 
enhanced response with docetaxel. J Clin Oncol 2002;20:1456-66. 
doi: 10.1200/JCO.2002.20.6.1456. 

21. Gonzalez-Angulo AM, Morales-Vasquez F, Hortobagyi GN. 
Overview of Resistance to Systemic Therapy in Patients with 
Breast Cancer. In: Yu D, Hung MC, eds. Breast Cancer 
Chemosensitivity. Advances in Experimental Medicine and 
Biology. New York, NY: Landes Bioscience and Springer 
Science+Business Media, 2007; pp 1-22. Doi: 10.1007/978-0-387-
74039-3_1 

22. Kuerer HM, Smith BD, Krishnamurthy S, Yang WT, Valero V, Shen Y, 
et al. Eliminating breast surgery for invasive breast cancer in 
exceptional responders to neoadjuvant systemic therapy: a 

multicentre, single-arm, phase 2 trial. Lancet Oncol 2022;23:1517-
24. doi: 10.1016/S1470-2045(22)00613-1. 

23. Gillies RJ, Kinahan PE, Hricak H. Radiomics: Images Are More than 
Pictures, They Are Data. Radiology 2016;278:563-77. doi: 
10.1148/radiol.2015151169. 

24. Avanzo M, Stancanello J, El Naqa I. Beyond imaging: The promise 
of radiomics. Phys Med 2017;38:122-39. doi: 
10.1016/j.ejmp.2017.05.071. 

25. LeCun Y, Bengio Y, Hinton G. Deep learning. Nature 2015;521:436-
44. Doi: 10.1038/nature14539. 

26. Yoo C, Ahn JH, Jung KH, Kim SB, Kim HH, Shin HJ, et al. Impact of 
immunohistochemistry-based molecular subtype on 
chemosensitivity and survival in patients with breast cancer 
following neoadjuvant chemotherapy. J Breast Cancer 
2012;15:203-10. doi: 10.4048/jbc.2012.15.2.203. 

27. Qu YH, Zhu HT, Cao K, Li XT, Ye M, Sun YS. Prediction of 
pathological complete response to neoadjuvant chemotherapy in 
breast cancer using a deep learning (DL) method. Thorac Cancer 
2020;11:651-8. doi: 10.1111/1759-7714.13309. 

28. Li Q, Xiao Q, Li J, Wang Z, Wang H, Gu Y. Value of Machine 
Learning with Multiphases CE-MRI Radiomics for Early Prediction 
of Pathological Complete Response to Neoadjuvant Therapy in 
HER2-Positive Invasive Breast Cancer. Cancer Manag Res 
2021;13:5053-62. doi: 10.2147/CMAR.S304547. 

29. Sutton EJ, Onishi N, Fehr DA, Dashevsky BZ, Sadinski M, Pinker K, 
et al. A machine learning model that classifies breast cancer 
pathologic complete response on MRI post-neoadjuvant 
chemotherapy. Breast Cancer Res 2020;22:57. doi: 
10.1186/s13058-020-01291-w. 

30. Massafra R, Comes MC, Bove S, Didonna V, Gatta G, Giotta F, et al. 
Robustness Evaluation of a Deep Learning Model on Sagittal and 
Axial Breast DCE-MRIs to Predict Pathological Complete Response 
to Neoadjuvant Chemotherapy. J Pers Med 2022;12:953. doi: 
10.3390/jpm12060953. 

31. Li C, Lu N, He Z, Tan Y, Liu Y, Chen Y, et al. Noninvasive Tool Based 
on Magnetic Resonance Imaging Radiomics for the Preoperative 
Prediction of Pathological Complete Response to Neoadjuvant 
Chemotherapy in Breast Cancer. Ann Surg Oncol 2022;29:7685-
93. doi: 10.1245/s10434-022-12034-w. 

32. Li P, Wang X, Xu C, Liu C, Zheng C, Fulham MJ, et al. 18F-FDG 
PET/CT radiomic predictors of pathologic complete response 
(pCR) to neoadjuvant chemotherapy in breast cancer patients. Eur 
J Nucl Med Mol Imaging 2020;47:1116-26. doi: 10.1007/s00259-
020-04684-3. 

DISCLAIMER 
Articles published in JPMA and Supplements of JPMA do not represent the views of the editor or editorial Board. Authors are solely 
responsible for the opinions expressed and the accuracy of the data. 
The contribution of each author towards the published research included in this supplement is the responsibility of the authors and 
their institutions. It is expected to be in accordance and compliance with the ICMJE Guidelines.  
Any questions/queries raised by readers should be directed to the corresponding author.  


