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Abstract: Breast cancer is one of the most frequently diagnosed malignant neoplasms in women globally. As an essential
molecular biomarker for breast cancer stratification, human epidermal growth factor receptor 2 (HER2) plays a decisive role
in guiding individualized anti-tumor targeted therapy. Immunohistochemistry (IHC) and fluorescence in situ hybridization
(FISH) constitute the routine diagnostic methods for clinical HER2 status evaluation. Manual slide interpretation based on
these two detection techniques has prominent inherent defects, including marked subjective bias among pathologists, poor
inter-laboratory reproducibility, long diagnostic turnaround time, and limited diagnostic performance for lesions with
intratumoral spatial heterogeneity, which creates prominent diagnostic difficulties particularly for patients with HER2-low
expression. The popularization of digital whole-slide imaging technology and the continuous improvement of computational
pathological analysis algorithms have driven rapid progress of intelligent pathological diagnosis over the past decade, which
provides a new technical path to realize objective, standardized automatic HER2 evaluation. Existing relevant research can be
divided into three primary research directions: predictive models that infer HER2 expression status only from conventional
hematoxylin-eosin (HE) stained sections, automatic scoring systems for IHC slices to classify HER2 expression grades, and
quantitative analysis algorithms designed for FISH amplification signal counting. Multiple technical frameworks, including
weakly supervised multiple instance learning, transfer learning and multi-modal contrastive learning, have been developed to
extract tumor morphological characteristics, realize cross-modal feature matching and complete HER2 classification tasks.
Related validation data indicate that most of these models obtain area under the curve values between 0.75 and 0.90 in
internal cross-verification and external cohort testing. Nevertheless, such automated analytical approaches still possess
obvious application constraints. The predictive efficacy of these models highly depends on indirect tissue morphological
characteristics, and their diagnostic stability decreases sharply in specimens with high tumor heterogeneity. Other limiting
factors include insufficient multi-center verified data sets, insufficient model generalization ability, and imperfect clinical
transformation standards. The present review systematically sorts out the research progress of computational pathological
techniques in HER2 automatic diagnosis, comprehensively compares the advantages and inherent defects of different
analytical algorithms, and expounds future research orientations such as interpretable pathological models, multi-modal
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combined diagnosis and prospective multi-center clinical verification. This work is expected to offer theoretical references for
advancing the clinical translation of digital pathological detection in precision diagnosis of breast malignant tumors.
Al-Enhanced Accurate Interpretation of HER2 in Breast Cancer
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Al Applications in HER2 Interpretation
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. Al-driven digital pathology holds great promise for objective, standardized, and reproducible HER2 interpretation,
@A ultimately promoting precision diagnosis and personalized treatment for breast cancer patients.
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Table 1 Summary of Al applications for HER2 assessment in breast cancer

114525 FEALT AN [z da SRR PE

HEYI R WIMHER2 55058 £ 5045]%: ~] (PhiHER2)  JCRFIHC/FISHY (% AUC 0.75~0.90 AR5 T IR T 25 2R AR AE R AT 1]
TR E I RIS (TL-PA) FEEARRAR DU i A HER2-low[X /) . % TN, 7 5 o e 5] e
HLHRBORIE ) IS R ATEEMA TR

IHC [ 3iT53 RS ALAE 3] (DRL) JPAIGE AU s A B 1B RIHIE99.8% Yo, 22 TR — Bk, IRk
SVM-CNNZ [ BEHESR W M2 FE51496.9% Sz A AT PR
45t lCNNIZ I R 48 T ISR IR PR B WA —Etk1CC>0.90

BORIEFS0%+

FISH{E 5207 R I (Rl S E ) KA I (5 51X HERIR>97% ot Y B3R A UK, g
PIRUR I 2 S R R B T e REF LA MEr=0.907 (5552 1] Bess e e i
{5k M2 | 2k s e M Fl-score>97%

ZHASMAHE: HE+THC Z AN L% 3 REp—HSRE THC/FISHAUBN HERT R Bl se v 2Rk BBk

(WSMCL)
GrayMap+CNN X TR A5 7Y
MREEZ G2 HIRR S B &
HE 4055 B 4328

RS -3 eI
FETS Bk M RE )

FEUEX S3THC 0/1+/2+

AL-ARMERINSE BIMRSE PRI REYT 2 25 NBE
ADCIHY 7 I )3 A Y e B B A
ZFSFFEMESHT Pyramid Sampling?REE2%>] FEA S B IR IX I,

MRI habitati {5412
Jine N S B (TTH) AR A

BIGY T R (UIpCR)
AL ST A

>92% B X R K T RESE
AUC 0.84~0.94 fie

SEIE K — B k=0.875

RPFE0.97/F: 5 0.82  FEAEARR, 1 FH e 0,
VIHEITAEFRIZ%T MR AR — 1P,
SR IHER 5 89%1

SRR IAET R84 7% S EIE TR, &

pCRTIMAERAZ83.9% R K IUARIE AT , /IVEEAR B
Z 0 B 3E A U C ARSI e R4
0.84~0.94

KL LA B B8 SR, T XS ) 96 I AN (e AL A
BERERT o 3K 6P AN M R R P REIT A, L
i 2 7 ) B RS ML AT AT, anZ O s
PREGUEXERE SN it Re sk = 5 R Ge 0 i 2%
Fo LREORE A OO T R RE 2 R i
(L AN I £ = 1 ) L T T B B 5 O e
RS E AT SRR PR 58 5E LA o

5 RESRE

AL 1 3 2 AR U HOR IR AR N T e
TEFL AR HER 2 H 32 Hh (Y Bk e, A A6 B0 2
ZRISEG ARFRIR T S 2 (8] 55 o A 55 7 T
(F) o RO, R BRI 2548 & T HER2
VA3 B — SO A, T HE SN L I PR 4 B 12 B &
Gk, #51 HF £ iMindpeak | Aiforiath 3545
CE-IVDIAIE, MiPathAl, Lunit  Ibex 25 7E 5T 2 30
s, JEHAEARFR A SO NFR IS HER2H 1352 e B
A

Sk

[1] Bray F, Laversanne M, Sung H, et al. Global cancer
statistics 2022: GLOBOCAN estimates of incidence and
mortality worldwide for 36 cancers in 185 countries.
CA Cancer J Clin, 2024, 74: 229-63.

[2]

(3]

(4]

(5]

(6]

[7]

(8]

(9]

Pham M, Balezo G, Tilmant C, et al. Interpretable
HER?2 scoring by evaluating clinical guidelines through
a weakly supervised, constrained deep learning
approach. Comput Med Imaging Graph, 2023, 108:
102261.

Smith AE, Ferraro E, Safonov A, et al. HER2 " breast
cancers evade anti-HER2 therapy via a switch in driver
pathway. Nat Commun, 2021, 12: 6610-67.

Kang Y, Oh SJ, Bae SY, et al. Predictive biological
factors for late survival in patients with HER2-positive
breast cancer. Sci Rep, 2023, 130: 11008.

Early Breast Cancer Trialists’ Collaborative group
(EBCTCG). Trastuzumab for early-stage, HER2-
positive breast cancer: a meta-analysis of 13 864
women in seven randomised trials. Lancet Oncol,
2021, 22: 1139-50.

Chen X, Wang X, Zhang K, et al. Recent advances and
clinical applications of deep learning in medical image
analysis. Med Image Anal, 2022, 79: 102444.

Soliman A, Li Z, Parwani AV. Artificial intelligence's
impact on breast cancer pathology: a literature review.
Diagn Pathol, 2024, 19: 38.

Pandey SK, Rathore YK, Ojha MK, et al. BCCHI-HCNN:
Breast cancer classification from histopathological images
using hybrid deep CNN models. J Imaging Inform Med,
2025, 38: 1690-703.

Farahmand S, Fernandez A, Ahmed FS, et al. Deep

learning trained on hematoxylin and eosin tumor region



FRRAT, 55 N TR REAEFL IR HER 2AG A 152 v iy o FH 1k J

1207

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

of interest predicts HER2 status and trastuzumab
treatment response in HER2" breast cancer. Mod Pathol,
2022, 35: 44-51.

Yan C, Sun J, Guan Y, et al. PhiHER2: phenotype-
informed weakly supervised model for HER2 status
prediction from pathological images. Bioinformatics,
2024, 40(Suppl 1): i179-90.

Li X, Lin Z, Qiu C, et al. Transfer learning drives
automatic HER2 scoring on HE-stained WSIs for breast
cancer: a multi-cohort study. Breast Cancer Res, 2025,
27: 62.

Rawat RR, Ortega I, Roy P, et al. Deep learned tissue
"fingerprints” classify breast cancers by ER/PR/Her2
status from H&E images. Sci Rep, 2020, 10: 7275.
Qaiser T, Rajpoot NM. Learning where to see: A novel
attention model for automated immunohistochemical
scoring. IEEE Trans Med Imaging, 2019, 38: 2620-31.
Fan L, Liu J, Ju B, et al. A deep learning based holistic
diagnosis system for immunohistochemistry interpretation
and molecular subtyping. Neoplasia, 2024, 50: 100976.
Khameneh FD, Razavi S, Kamasak M. Automated
segmentation of cell membranes to evaluate HER2
status in whole slide images using a modified deep
learning network. Comput Biol Med, 2019, 110: 164-74.
Wang C, Chu K, Su T, et al. Automated quantification of
HER2 amplification levels using deep learning. IEEE J
Biomed Health Inform, 2025, 29: 333-44.

Rehman ZU, Ahmad Fauzi MF, Wan Ahmad WSHM, et
al. Review of in situ hybridization (ISH) stain images
using computational techniques. Diagnostics (Basel),
2024, 14: 2089.

Hofener H, Homeyer A, Forster M, et al. Automated
density-based counting of FISH amplification signals for
HER2 status assessment. Comput Methods Programs
Biomed, 2019, 173: 77-85.

Shi J, Sun D, Jiang Z, et al. Weakly supervised multi-
modal contrastive learning framework for predicting the
HER2 scores in breast cancer. Comput Med Imaging
Graph, 2025, 121: 102502.

[20]

[25]

Yao Q, Hou W, Wu K, et al. Using whole slide gray
value map to predict HER2 expression and FISH status
in breast cancer. Cancers (Basel), 2022, 14: 6233.
Modi S, Jacot W, Yamashita T, et al. Trastuzumab
deruxtecan in previously treated HER2-low advanced
breast cancer. N Engl J Med, 2022, 387: 9-20.

Li Z, Guo S, Xue H, et al. Efficacy and safety of
trastuzumab deruxtecan in the treatment of HER2-low/
positive advanced breast cancer: a single-arm meta-
analysis. Front Pharmacol, 2023, 14: 1183514.
Albuquerque DAN, Vianna MT, Sampaio LAF, et al.
Systematic review and meta-analysis of artificial
intelligence in classifying HER2 status in breast cancer
immunohistochemistry. NPJ Digit Med, 2025, 8: 144.
Valieris R, Martins L, Defelicibus A, et al. Weakly-
supervised deep learning models enable HER2-low
prediction from H&E stained slides. Breast Cancer
Res, 2024, 26: 124.

Du J, Shi J, Sun D, et al. Machine learning prediction of
HER2-low expression in breast cancers based on
hematoxylin-eosin-stained slides. Breast Cancer Res,
2025, 27: 57.

Wu S, Yue M, Zhang J, et al. The role of artificial intelligence
in accurate interpretation of HER2 immunohistochemical
scores 0 and 1+ in breast cancer. Mod Pathol, 2023, 36:
100054.

Selcuk SY, Yang X, Bai B, et al. Automated HER2
scoring in breast cancer images using deep learning and
pyramid sampling. BME Front, 2024, 5: 48.

Bitencourt AGV, Gibbs P, Rossi Saccarelli C, et al.
MRI-based machine learning radiomics can predict
HER?2 expression level and pathologic response after
neoadjuvant therapy in HER2 overexpressing breast
cancer. EBioMedicine, 2020, 61: 103042.

Chen H, Liu Y, Zhao J, et al. Quantification of
intratumoral heterogeneity using habitat-based MRI
radiomics to identify HER2-positive, -low and -zero
breast cancers: a multicenter study. Breast Cancer Res,
2024, 26: 160.



