Multimodal Al for predicting treatment response to breast cancer
neoadjuvant chemotherapy
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INTRODUCTION
Table 1. Patients’ demographics
* Breast cancer s the most common cancer among olecuarsubiyves

women worldwide [1]. DDPH: 120
= Astandard treatment approach is neoadjuvant 56 (33 — 84) Positive: 83 Triple positive: 81 TCPh: 19

chemotherapy (NACT), which integrates Negative:63 HERZ positive: 70 Others:12
chemotherapy and surgical resection[2].
" The treatment response of NACT can be assessed _Imaging data
through pathological analysis, and several studies
have demonstrated that absence of residual cancer,
referred to as pathological complete response (pCR) is "Mf[ FiLM }
strongly correlated with favorable clinical outcomes. A
= Accurate prediction for pCR provides valuable CC view : _’ Gated attention |
information clinical decision-making [3,4]. : E Pociing
" While mammograms (MMGs) are commonly available ' :
in clinical practice, most existing studies on pCR sremrepp| Mammo-FM e FiEM et v
prediction studies primarily focused on MRI, which is :
less widely available and more expensive [5,6]. L MLOview Fusion head -+ +- > SR
= Furthermore, most previous studies have relied A
primarily on imaging information to predict pCR [7]. E[i_ﬂjffﬂﬂllﬂqiﬁl‘?ﬁt? E
= Therefore, this study aims to develop a multimodal Al oD HER2status 3 B e 5
to predict pCR using MMGs and clinical information. :_._'_"_R_;_t?t}'_s___f hessassssnsssnessssssnsnsanssassssaess P Clinical MLP
i Traatmengtiegimen é
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MATERIALS AND METHODS

» Post-NACT mammograms and clinicopathological data

Figure 1. Proposed multimodal Al for pCR prediction

. . o, o . R urve: Overa F b R urve: Triple-positive F R urve: HER2-positive F
from 151 patients with HER2-positive or triple- (i)o- O¢ Cuve: Overe OO — (1?3 O¢ Curve: Tiplerpostive 91 ((:1)0— >r Zhositive OO
positive breast cancer were retrospectively collected \ rlJ
at Queen Mary Hospital, Hong Kong (IRB Ref. No.: 06- 05- ol 08

UW-25-447).

» Clinicopathological features included age, molecular
subtype, hormone-receptor status, and
chemotherapy regimen.

» We developed a multimodal Al as shown in Figure 1.
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> The proposed model utilizes 2-views of MMGs and 0 [rrr om0 j o | 2 B e
clinicopathological data, i.e., age, treatment regimen, + R8s 5200726 R 0530000 _ R S50 04040757
HER2 status, and HR status, as inputs. o-o;);E = 02 = 04 ] o-o;)E@' =5 o-o;)ff)”—z” —_

» Features from MMGs were extracted using Mammo- - Specificity (False Positive Rate) - Specificity (False Positive Rate) - Specificity (False Positive Rate)

FM, a foundation model for MMGs [8]. Figure 2. Receiver Operating Characteristics (ROC) curves for (a) overall dataset, (b) Triple-positive cases,
> Subsequently, the extracted imaging features were and (c) HER2-positive cases.

conditioned on the molecular subtypes of the tumor RESULTS

and concatenated with clinical features extracted < Patient demographics are summarized in Table 1.

using a multilayer perceptron (MLP). < As shown in Figure 2 (a), the proposed multimodal Al achieved a higher AUROC compared

» To compare the performance of the proposed with the Tabular and Image-only models.
multimodal Al, we implemented 2 additional Al < Considering the differences in the pCR rates between the molecular subtypes (74% vs 39%),
models, which utilize clinical data only (Tabular) and we also compared the prediction performance between different molecular subtypes.
imaging data only (Image-only). ** The ROC curves of demonstrate that the proposed multimodal Al achieved consistently better

» Five-fold cross-validation and compared the pooled performance than the other models across the different molecular subtypes.
out-of-fold (OOF) area under the receiver operating % These results demonstrate that integrating imaging and clinical data can capture
characteristic curve (AUROC) to evaluate the complementary patient-specific information and improve prediction performance.
performances of the 3 models.
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