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Clinical characteristics and predictive
models of HER2-low breast cancer
patients who only received adjuvant
chemotherapy: a real-world retrospective
multicenter study
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HER2-lowpositivity is reported toplaysubstantial role inneoadjuvant chemotherapy forbreast cancer, but
its role in adjuvant chemotherapy remains unclear.We aim to explore the role of HER2-lowpositivity in the
breast cancer patients who only received adjuvant chemotherapy. We evaluated 3214 patients from
SRRSH Hospital and 16,273 patients from CHLP Hospital. All the patients were diagnosed as primary
breast cancer who only received adjuvant chemotherapy. HER2-status was defined according to ASCO/
CAP guidelines. Multivariable Cox models and machine learning models were applied in the analysis of
overall survival. A total of 1009HER2-zero, 1399HER2-lowand806HER2-positivepatientswere included
in SRRSH cohort, while there were 5662HER2-zero, 6471HER2-low and 4140HER2-positive patients in
CHLPcohort. HER2-lowpatients showedsignificant betterOSand reduceddeath risk compare toHER2-
zero patients in both SRRSH (log-rank p = 0.033, HR = 0.62, 95% CI 0.39–0.97, p = 0.037) and CHLP
cohort (log-rank p < 0.001, HR = 0.63, 95% CI 0.55–0.73, p < 0.001). In subgroup analysis, HER2-low
patients had significantly reduced risk of death compare to HER2-zero patients in hormonal receptor-
positive subset in both cohorts, but not in hormonal receptor-negative subset. MLPmodel demonstrated
the best performance amongall the predictivemodels in both cohorts. Our study indicated thatHER2-low
patients had better survival compare to HER2-zero patients in adjuvant chemotherapy only setting. We
emphasized the significance of HER2 status in adjuvant setting in BC, implying more precise diagnostic
and therapeutic strategies in future.

Breast cancer (BC) is one of the most prevalent malignancies in women
worldwide and in China1–3. HER2 is a prototype oncogene as well
as a substantial target of breast cancer with a significant response rate in
HER2-positive patients. HER2 status is commonly determined by immu-
nohistochemistry (IHC) and in situ hybridization (ISH) according to the
guidelines for HER2 testing, which define IHC3+ or IHC2+with ISH+ as
HER2-positive4. HER2-positive BC merely accounts for 15–20% of all BC
cases, while the HER2-low (IHC2+ with ISH- or IHC1+) and HER2-zero

(IHC0) comprise the rest of cases5. HER2 target therapy has achieved
overwhelming success in the past decades5, however, no effective target
therapy has been implemented in HER2-low or HER2-zero patients.

Recently, anantibody-drug conjugate (ADC),TrastuzumabDeruxtecan
(T-DXd) demonstrated promising effects in treating metastatic HER2-low
BC patients6. The success of DESTINY-breast04 trial has renewed our
knowledge regarding subtyping of breast cancer, which has brought the
HER2 status subtyping to the forefront. TheDESTINY-breast06 trial showed
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that T-DXd could also prolong PFS in HER2-ultralow metastatic breast
cancer patients7. CouldHER2-lowBCbe a novel subtype and receive distinct
therapy? A recent pooled analysis that integrated four prospective neoadju-
vant clinical trials indicated that HER2-low BC could be a novel subgroup of
breast cancer,whichhaddistinct responses to treatment andprognosis8.Also,
hormone receptor (HoR) status was reported as an important factor influ-
encing the outcome of HER2-low BC patients in neoadjuvant setting8,9.
Another retrospective study indicated that HER2-low BC manifested less
aggressive clinical phenotypes than HER2-zero BC via analyzing the data of
7371 cases of HER2-low and HER2-zero BC. Similarly, HoR-negative cases
had poorer survival rate than HoR-positive cases in HER2-low BCs10.
However, how HER2 status affects the outcomes of patients who received
adjuvant chemotherapy in BC patients remains unknown.

The molecular characteristics of HER2-low status could sig-
nificantly affect the treatment strategy and outcomes of BC patients.
Shao et al.’s study is the largest original multi-omics study to date on
the molecular portrait of HER2-low BC, which indicated that HoR
status plays a pivotal role in this subtype. Further, it also characterized
HER2-low BC more profoundly among triple negative breast cancer
(TNBC) and luminal BC11. Likewise, another study indicated that
HER2-low BCs with different HoR status had distinct profiles of
somatic mutations12. In contrast, a genomic study revealed that HER2-
low BC had significantly higher rate of ERBB2 alleles and lower rate of
ERBB2 hemi-deletions than HER2-zero BC, but the two subtypes had
no difference in tumor mutation burden (TMB)13. Therefore, though
no consensus was reached in themolecular landscape of HER2-low BC,
HoR status was a substantial factor influencing molecular portrait of
HER2-low BC, which could be linked to the efficacy of treatment.

Machine learning models have been revolutionizing the treatment of
BC. A recently published study successfully utilized a machine learning
model incorporating clinical, pathological, genomic and transcriptomic
profiles of pre-treatment tumor of BC to predict the efficacy of neoadjuvant
chemotherapy14. Also, another retrospective study constructed a 21-gene
predictive model for distant metastasis of BC employing public datasets15.
However, all the existing studies were associated with the prediction of
response to neoadjuvant chemotherapy or cancer metastasis. No machine
learning models have been established so far to predict the outcomes of
HER2-low BC patients who received adjuvant chemotherapy.

In this study, we aim to explore the clinical characteristics and
outcomes of HER2-low BC compared to HER2-positive BC and
HER2-zero BC patients who received adjuvant chemotherapy. We
implemented a three-phase, retrospective study that involved two
independent cohorts. First, we evaluated the outcomes of patients
with different HER2 subtypes who received adjuvant chemotherapy
in SRRSH cohort. Second, we validated the findings in CHLP cohort.
Third, we constructed multi-variable predictive models utilizing
machine learning methodologies based on the data of CHLP cohort,
and further validated the models in SRRSH cohort. The final model
was visualized and uploaded to our website.

Results
Study populations
In total, we recruited 3214 and 16,273 BC patients from SRRSH cohort and
CHLP cohort, respectively. All the patients were female. In SRRSH cohort,
806 (25.0%) patients had HER2-positive tumor, 1399 (43.6%) patients had
HER2-low tumor, and 1009 (31.4%) patients had HER2-zero tumor
(Table 1). The patient age as a continuous variable among three
HER2 subtypes was identical, but a significant difference was found when
age was considered as a categorical variable (p = 0.028). Significant differ-
ences among three subtypes were detected for N stage, histologic type, ER
status, PgR status, Ki67 index, and molecular subtypes. A significant dif-
ference was also found among three subtypes for treatments like radiation
therapy, endocrine therapy, and HER2 target therapy. No differences were
found for tumor stage, intravascular cancer thrombus, and T stage. The
median follow-up period was 67.1 months.

In CHLP cohort, 4140 (25.4%) patients had HER2-positive tumor,
6471 (39.8%) patients hadHER2-low tumor, and 5662 (34.8%) patients had
HER2-zero tumor (Table 1). Significantdifferenceswere foundamong three
HER2 subtypes for age, tumor stage, T stage, N stage, intravascular cancer
thrombus, histologic type, ER status, PgR status, and molecular subtypes.
Treatments like radiation therapy, endocrine therapy, HER2 target therapy
were also different among the three subtypes. Themedian follow-up period
was 63.9 months.

The impact of HER2 status on outcomes of BC patients
HER2-low patients demonstrated significantly better OS than HER2-zero
patients and HER2-positive patients in Kaplan-Meier survival analysis in
the SRRSH cohort (Log-rank p = 0.033, Fig. 1A), while HER2-low and
HER2-positive patients showed identical OS, but both had significantly
betterOS thanHER2-zeropatients in theCHLPcohort (Log-rankp < 0.001,
Fig. 1B). In multi-variable Cox model, HER2-low patients had significantly
decreased risk of death compared to HER2-zero patients in both cohorts
(HR = 0.62, 95% CI 0.39–0.97, p = 0.037, and HR= 0.63, 95%CI 0.55–0.73,
p < 0.001, respectively) (Fig. 2A, B and Table 2). HER2-positive patients
demonstrated significantly decreased risk of death compared to HER2-zero
patients in CHLP cohort (HR = 0.51, 95% CI 0.42–0.61, p < 0.001), but not
inAcohort (Table 2).Wealso analyzed the impact ofHER2status onDFSof
enrolled BC patients from SRRSH cohort employing a multi-variable Cox
model. However, HER2-low patients showed no difference in the risk of
recurrence compared to HER2-zero patients (p = 0.60), and it was the same
for HER2-positive patients (p = 0.65) (Table S3).

In HoR-positive tumors, HER2-low patients demonstrated better OS
thanHER2-zeropatients andHER2-positive patients in SRRSHcohort (Log-
rank p = 0.067, Fig. 1C), whereas HER2-low andHER2-positive patients had
significantly better OS than HER2-zero patients in the CHLP cohort (Log-
rankp < 0.001, Fig. 1D). Inmulti-variableCoxmodel,HER2-lowpatientshad
significantly decreased risk of death compared toHER2-zero patients in both
cohorts (HR = 0.59, 95% CI 0.35–0.99, p = 0.045, and HR= 0.63, 95% CI
0.53–0.76, p < 0.001, respectively) (Fig. 2A, B andTable S4). Similarly,HER2-
positive patients showed significant decreased risk of death compare to
HER2-zero patients in the CHLP cohorts (HR = 0.63, 95% CI 0.50–0.79,
p < 0.001), butnot in SRRSHcohort (HR = 0.49, 95%CI0.22–1.10,p = 0.083)
(Table S4).

In HoR-negative patients, patients with HER2-low tumor had no
difference in OS compared to patients with HER2-zero or HER2-
positive tumor in the SRRSH cohort (Log-rank p = 0.50, Fig. 1E).
However, HER2-low patients had significant poorer OS than HER2-
positive patients, while both had better OS when compared to HER2-
zero patients in the CHLP cohort (Log-rank p < 0.001, Fig. 1F).
Multivariable Cox modeling indicated that HER2-low patients had
no difference in death risk compared to HER2-zero patients in both
cohorts (HR = 0.45, 95% CI 0.19–1.10, p = 0.079, and HR = 0.91, 95%
CI 0.71–1.15, p = 0.42, respectively) (Fig. 2A, B and Table S4).
Nevertheless, HER2-positive patients showed significant lower risk of
death than HER2-zero patients in the CHLP cohort (HR = 0.36, 95%
CI 0.27–0.48, p < 0.001), but not in the SRRSH cohort (Table S4).

Machine learning integratedmultipleclinic-pathological features
To optimize the predictive efficacy of the models, we utilized four machine
learning models and statistical (Cox-regression based) models to integrate
the involved clinic-pathological features in both cohorts. In the CHLP
cohort, all themodels showed excellent performance in predictingOS in the
evaluation and test set (AUC= 0.80 and 0.81, respectively), while the MLP
model demonstrated the highest performance in the SRRSH cohort among
all the models (AUC= 0.73) (Table S1). In HoR-positive subgroup, the
AUC of the MLP model was 0.81 in the evaluation set, 0.76 in the test set,
and 0.73 in the SRRSH cohort. In HoR-negative subgroup, the AUC was
0.81 in the evaluation set, 0.79 in the test set, and 0.64 in the SRRSH cohort,
respectively (Table S1). TheROCsof the fourmodelswere depicted inFig. 3.
The MLP model had the best performance in both cohorts, the AUC was
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Table 1 | Baseline patient characteristics

SRRSH cohort (N = 3214) CHLP cohort (N = 16,273)

Characteristics Her2 zero Her2 low Her2 positive p Her2 zero Her2 low Her2 positive p

All patients 1009 1399 806 5662 6471 4140

Age, years

Median
age(range), years

58(26–94) 57(25–91) 57(28–83) 55(10–96) 55(23–92) 55(18–89)

Age 0.044b <0.001b

<30 2(0.20%) 6(0.43%) 1(0.12%) 52(0.92%) 55(0.85%) 51(1.23%)

30–39 47(4.66%) 71(5.08%) 47(5.83%) 440(7.77%) 530(8.19%) 331(8.00%)

40–49 180(17.84%) 263(18.80%) 121(15.01%) 1414(24.97%) 1687(26.07%) 940(22.71%)

50–59 401(39.74%) 530(37.88%) 334(41.44%) 1746(30.84%) 1979(30.58%) 1274(30.77%)

60–69 267(26.46%) 379(27.09%) 225(27.92%) 1382(24.41%) 1592(24.60%) 1058(25.56%)

>70 112(11.10%) 150(10.72%) 78(9.68%) 628(11.09%) 628(9.70%) 486(11.74%)

Stagea 0.074c <0.001c

Early 842(83.45%) 1136(81.20%) 663(82.26%) 2594(45.81%) 4715(72.86%) 2945(71.14%)

Advanced 127(12.59%) 224(16.01%) 122(15.14%) 3024(53.41%) 1650(25.50%) 1118(27.00%)

Missing 40(3.96%) 39(2.79%) 21(2.61%) 44(0.78%) 106(1.64%) 77(1.86%)

Tumor status 0.232b <0.001b

T1 523(51.83%) 771(55.11%) 405(50.25%) 2694(47.58%) 2778(42.93%) 2223(53.70%)

T2 429(42.52%) 562(40.17%) 355(44.04%) 2003(35.38%) 3282(50.72%) 1549(37.42%)

T3 21(2.08%) 23(1.64%) 23(2.85%) 756(13.35%) 268(4.14%) 208(5.02%)

T4 1(0.10%) 4(0.29%) 2(0.25%) 159(2.81%) 37(0.57%) 83(2.00%)

X 0(0.00%) 2(0.14%) 2(0.25%) NA NA NA

Missing 35(3.47%) 37(2.64%) 19(2.36%) 50(0.88%) 106(1.64%) 77(1.86%)

Nodal status <0.001b <0.001b

N0 568(56.29%) 686(49.04%) 475(58.93%) 2461(43.47%) 3397(52.50%) 2581(62.34%)

N1 320(31.71%) 492(35.17%) 212(26.30%) 1908(33.70%) 2675(41.34%) 1153(27.85%)

N2 86(8.52%) 152(10.86%) 77(9.55%) 941(16.62%) 245(3.79%) 266(6.43%)

N3 33(3.27%) 68(4.86%) 41(5.09%) 341(6.02%) 147(2.27%) 129(3.12%)

X 1(0.10%) 0(0.00%) 1(0.12%) NA NA NA

Missing 1(0.10%) 1(0.07%) 0(0.00%) 11(0.19%) 7(0.11%) 11(0.27%)

Intravascular
cancer thrombus

0.164c <0.001c

Yes 62(6.14%) 105(7.51%) 68(8.44%) 1034(18.26%) 383(5.92%) 565(13.65%)

No 947(93.86%) 1294(92.49%) 738(91.56%) 4628(81.74%) 6088(94.08%) 3575(86.35%)

Histologic type <0.001b <.001b

Invasive ductal
carcinoma

872(86.42%) 1260(90.06%) 765(94.91%) 4705(83.10%) 5432(83.94%) 3888(93.91%)

Invasive lobular
carcinoma

29(2.87%) 43(3.07%) 9(1.12%) 580(10.24%) 632(9.77%) 115(2.78%)

Others 107(10.60%) 92(6.58%) 31(3.85%) 377(6.66%) 407(6.29%) 137(3.31%)

Missing 1(0.10%) 4(0.29%) 1(0.12%) NA NA NA

ER status <0.001c <0.001

Negative 381(37.76%) 311(22.23%) 455(56.45%) 1497(26.44%) 1370(21.17%) 1210(29.23%)

Positive 627(62.14%) 1088(77.77%) 351(43.55%) 4165(73.56%) 5101(78.83%) 2930(70.77%)

Missing 1(0.10%) 0(0.00%) 0(0.00%) NA NA NA

PgR status <0.001c <0.001c

Negative 506(50.15%) 638(45.60%) 629(78.04%) 2110(37.27%) 2086(32.24%) 1920(46.38%)

Positive 502(49.75%) 759(54.25%) 174(21.59%) 3552(62.73%) 4385(67.76%) 2220(53.62%)

Missing 1(0.10%) 2(0.14%) 3(0.37%) NA NA NA
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0.82 in the CHLP cohort, and 0.73 in the SRRSH cohort (Fig. 3A, B). The
AUC were 0.81 and 0.73 for CHLP cohort and SRRSH cohort in HoR-
positive subgroup, respectively (Fig. 3C, D), while in HoR-negative sub-
group, the AUC were 0.81 and 0.64 for CHLP cohort and SRRSH cohort,
respectively (Fig. 3E, F).

Furthermore, to explore the correlation between each variable
and OS, we generated the SHAP values for each variable under
MLP model in CHLP cohort. We showed that HER2 status had a

strong association with the OS in all patients (SHAP value = 0.063)
(Fig. 4A and Table S5). In HoR-positive subgroup, stage showed
the strongest association with OS (SHAP value = 0.042), while
the HER2 status showed the value of 0.037 (Fig. 4B and Table S5).
In HoR negative subgroup, Ki-67 index had the strongest association
with OS (SHAP value = 0.069), the HER2 status had the value
of 0.041 (Fig. 4C and Table S5). In addition, the HER2-zero
patients had the highest risk of death (SHAP value = 0.095),

Table 1 (continued) | Baseline patient characteristics

SRRSH cohort (N = 3214) CHLP cohort (N = 16,273)

Characteristics Her2 zero Her2 low Her2 positive p Her2 zero Her2 low Her2 positive p

Subtype <0.001b <0.001b

Luminal A 278(27.55%) 462(33.02%) 0(0.00%) 2829(49.96%) 2246(34.71%) 0(0.00%)

Luminal B/HER2
negative

239(23.69%) 400(28.59%) 0(0.00%) 1099(19.41%) 2877(44.46%) 0(0.00%)

Luminal B/HER2
positive

0(0.00%) 0(0.00%) 351(43.55%) 0(0.00%) 0(0.00%) 2988(72.17%)

HER2 positive 0(0.00%) 0(0.00%) 441(54.71%) 0(0.00%) 0(0.00%) 1152(27.83%)

Triple negative 370(36.67%) 303(21.66%) 0(0.00%) 1446(25.54%) 1277(19.73%) 0(0.00%)

Missing 122(12.09%) 234(16.73%) 14(1.74%) 288(5.09%) 71(1.10%) 0(0.00%)

Endocrine therapy <0.001c <0001c

Yes 647(64.12%) 1100(78.63%) 380(47.15%) 4034(71.25%) 5107(78.92%) 2824(68.21%)

No 245(24.28%) 232(16.58%) 293(36.35%) 1424(25.15%) 1257(19.43%) 1092(26.38%)

Missing 117(11.60%) 67(4.79%) 133(16.50%) 204(3.60%) 107(1.65%) 224(5.41%)

Radiation therapy <0.001c <0.001c

Yes 606(60.06%) 916(65.48%) 429(53.23%) 3786(66.87%) 3919(60.56%) 2368(57.20%)

No 383(37.96%) 439(31.38%) 352(43.67%) 1847(32.62%) 2428(37.52%) 1751(42.29%)

Missing 20(1.98%) 44(3.15%) 25(3.10%) 29(0.51%) 124(1.92%) 21(0.51%)

Her2 target therapy <0.001c <0.001c

Yes 4(0.40%) 14(1.00%) 431(53.47%) 0(0.00%) 0(0.00%) 1895(45.77%)

No 1005(99.60%) 1385(99.00%) 375(46.53%) 5662(100.00%) 6471(100.00%) 2245(54.23%)

Ki67 index <0.001b

<15% 295(29.24%) 533(38.10%) 118(14.64%) 2035(35.94%) 1291(19.95%) 737(17.80%) <0.001b

15–35% 280(27.75%) 500(35.74%) 356(44.17%) 2304(40.69%) 3044(47.04%) 1891(45.68%)

>35% 356(35.28%) 324(23.16%) 295(36.60%) 1035(18.28%) 2065(31.91%) 1459(35.24%)

Missing 78(7.73%) 42(3.00%) 37(4.59%) 288(5.09%) 71(1.10%) 53(1.28%)

Chemotherapy
protocols

<0.001b NA

EC+ T 323(32.01%) 376(26.88%) 132(16.38%) NA NA NA

FEC 113(11.20%) 50(3.57%) 61(7.57%) NA NA NA

TC 222(22.00%) 376(26.88%) 52(6.45%) NA NA NA

Chemo+Target 158(15.66%) 322(23.02%) 71(8.81%) NA NA NA

Others 96(9.51%) 169(12.08%) 190(23.57%) NA NA NA

Missing 97(9.61%) 106(7.58%) 300(37.22%) NA NA NA

Vital status <0.001c <0.001c

Alive 920(91.18%) 1349(96.43%) 764(94.79%) 4975(87.87%) 5956(92.04%) 3866(93.38%)

Deceased 67(6.64%) 39(2.79%) 36(4.47%) 669(11.82%) 480(7.42%) 253(6.11%)

Missing 22(2.18%) 11(0.79%) 6(0.74%) 18(0.32%) 35(0.54%) 21(0.51%)

Recurrence 0.019c NA

Yes 88(8.72%) 81(5.79%) 53(6.58%) NA NA NA

No 921(91.28%) 1318(94.21%) 753(93.42%) NA NA NA
aThe tumor stage was defined according to the latest TNM classification edition of the American Joint Committee on Cancer (AJCC), early stage indicated Stage I, II, Late stage indicated Stage III, IV.
bPearson’s χ2 test for data with more than two categories.
cFisher’s exact test for data with two categories.
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whereas the HER2-low patients and HER2-positive patients had the
SHAP values of −0.043 and −0.054, respectively (Fig. 4D). Similar
patterns were also identified in HoR positive and HoR-negative
subgroup (Fig. 4E, F).

Discussion
In this study, we systematically evaluated the impact of HER2 status on the
outcomes of BC patients who only received adjuvant chemotherapy for the
first time by employing a three-phase, multi-cohort retrospective study.

Fig. 1 | Kaplan-Meier survival analysis for overall survival in SRRSH and CHLP
cohorts. Kaplan–Meier survival analysis for overall survival in A and B cohorts.
Comparison of HER2-low, HER2-positive and HER2-zero breast cancer for

complete cohort (A, B), hormone receptor-positive tumors (C, D), and hormone
receptor negative tumors (E, F). p values are from the stratified log rank test.

https://doi.org/10.1038/s41698-025-00998-3 Article

npj Precision Oncology |           (2025) 9:208 5

www.nature.com/npjprecisiononcology


HER2-low patients showed significantly betterOS compared toHER2-zero
patients in both the SRRSHandCHLPcohorts, andHER2-lowpatients also
demonstrated significantly reduced risk of death compared to HER2-zero
patients in both cohorts. In subgroup analysis, HER2-low and HER2-
positive patients had significantly reduced risk of death compared toHER2-
zero patients in HoR-positive subset, whereas HER2-low patients had no

difference of death risk compared toHER2-zero patients in both cohorts in
HoR-negative subset. Furthermore, we optimizedmachine learningmodels
to predict the OS of the patients. The MLP model demonstrated the best
performance among all the models in both cohorts. The SHAP value of
HER2 status in theMLPmodel demonstrated a strong association with the
OS of BC patients from CHLP cohort.

Fig. 2 | Overall survival and disease-free survival in HER2-low and HER2-zero
breast cancer. Forrest plots for multivariable Cox proportional hazard analysis for
risk of death (A,B) or recurrence of disease (C) inHER2-low tumors compared with

HER2-zero tumors. multivariable analysis included clinicopathological factors as
indicated in the “Methods” section. HR hazard ratio. *p value for interaction
between HER2 status and hormone receptor status.

Table 2 | Multivariable COX proportional hazard model for overall survival in two cohorts

OS SRRSH cohort CHLP cohort

Clinic-pathological variables Hazard ratio (95% CI) p Hazard ratio (95% CI) p

Age (per unit) 0.61 (0.49–1.32) <0.001 1.03 (1.03–1.04) <0.001

Stage (Late vs. Early) 4.29 (2.73–6.74) <0.001 1.96 (1.70–2.26) <0.001

Her2 status

Her2 zero Reference Reference

Her2 low 0.62 (0.39–0.97) 0.037 0.63 (0.55–0.73) <0.001

Her2 positive 0.73 (0.40–1.32) 0.297 0.51 (0.42–0.61) <0.001

Ki67 status

<15% Reference Reference

15–35% 2.23 (1.30–3.81) 0.004 1.88 (1.57–2.26) <0.001

>35% 2.07 (1.13–3.79) 0.018 2.57 (2.09–3.15) <0.001

Histologic type

Invasive ductal carcinoma Reference Reference

Invasive lobular carcinoma 1.94 (0.70–5.40) 0.206 0.90 (0.74–1.09) 0.293

Others 1.29 (0.61–2.70) 0.504 0.90 (0.70–1.14) 0.377

Intravascular cancer thrombus (Yes vs. No) 2.41 (1.44–4.01) <0.001 1.32 (1.14–1.53) <0.001

Endocrine therapy (Yes vs. No) 0.59 (0.35–0.98) 0.042 0.58 (0.51–0.66) <0.001

Her2 target therapy (Yes vs. No) 0.42 (0.15–1.18) 0.099 0.69 (0.52–0.92) 0.012

Radiation therapy (Yes vs. No) 0.56 (0.36–0.89) 0.013 0.69 (0.52–0.92) <0.001

The bold values indicate significance.
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The impact of HER2-low positivity on the survival of BC patients who
received adjuvant chemotherapy has not been reported to date. In the
current study, we showed that HER2-low patients had significantly
improved OS compared to HER2-zero patients in adjuvant setting. This

aligns with the results from the pooled analyses of neoadjuvant che-
motherapy across four prospective trials in Europe8. A recently published
meta-analysis also suggested that HER2-low positivity was associated with
improvedpathological complete response (pCR) rate,DFSandOS in theBC

Fig. 3 | Machine learning and statistic models integrated multiple clinic-
pathological features. A, B In B cohort, all the models showed excellent perfor-
mance in predicting OS (AUC score = 0.82) except statistic model (AUC score =
0.69), while the MLP model demonstrated the highest performance in A cohort
among all the models (AUC score = 0.73); C, D In HoR positive patients, the MLP

model demonstrated the best performance in predicting OS. The AUC scores were
0.81 and 0.73 for B cohort andA cohort, respectively. E, F In HoR negative patients,
theMLPmodel also demonstrated the best performance in predicting OS. The AUC
scores were 0.81 and 0.64 for B cohort and A cohort, respectively.
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patients who received neoadjuvant chemotherapy16. Our findings suggest
that HER2-low positivity was also a favorable feature of survival in the
adjuvant setting. Interestingly, we also reported discordancewith the results
of neoadjuvant setting in subgroup analysis. We showed that the benefit of
HER2-lowpositivity onOSwas only observed inHoR-positive patients, not
in HoR-negative patients in both cohorts. This is in contrast to the findings
in a European study, which suggested that HER2-low positivity was cor-
relatedwith improvedOS inHoR-negative patients, but not inHoR-positive
patients8. Despite the discordance, more studies supported our
findings11,17–19. A retrospective study involving 1,136,016 BC patients from
National Cancer Database demonstrated that HER2-low patients had sig-
nificantly better OS than HER2-zero patients in HoR-positive patients, but
not in TNBC subgroup17. Another study showed that HER2-low positivity
was significantly associated with favorable OS in high genomic risk patients
(RS > 25)19. This discordance may be derived from the race disparity and
inter-patientheterogeneity.As the studies supportedour resultsweremostly
fromoriental ormixedpopulations, likeChinese11, Korean18, American17, or
Jews19,while the study against uswas fromGermany8.The crosstalk between
HER2 signaling andER signalingmay also contribute to the difference. Shao
et al. reported thatHER2-lowpatients showed less loss/deletion in 17qpeaks
than HER2-0 patients in HoR-positive subset, which further explained the
molecular mechanisms beneath the survival advantage. Therefore, our
findings suggested the survival benefit of HER2-low patients over HER2-
zeropatientswhoonly received adjuvant chemotherapy, and the benefitwas
mainly restricted to HoR-positive patients. Intensified targeted therapies
like T-DXd may be applied in HER2-low and HoR-negative BC patients.
Future research may warrant exploring the different role of HER2-low
positivity in neoadjuvant and adjuvant chemotherapy.

HER2-low BC exhibits significantly molecular heterogeneity, which
may contribute to the discrepancy in the survival and the response to
chemotherapy. There were over 50% luminal BC and approximately 20%
TNBC in HER2-low patients, while HER2-zero patients had higher

proportion of TNBC (around 25%) and similar luminal BC. This was
identical to another Chinese cohort which had multi-omics data11. The
multi-omics study showed that HER2-low tumors weremore distinguished
from HER2-zero tumors in HoR-negative BC, which were less similar to
basal-like tumors. HoR-negative and HER2-low tumors had significantly
more PIK3CA mutation, FGFR4/PTK6/ERBB4 overexpression and lipid
metabolism activation. In HoR-positive and HER2-low tumors, less loss/
deletion in 17q peaks was identified compared to HER2-zero tumors. The
peaks located in NF1, NBR1, and BRCA1 genes, which may influence sur-
vival and treatment efficacy20–22. Nevertheless, another comprehensive
genomic study involving 1039 HER2 negative metastatic BC patients
indicated that HER2-low tumors only had higher rate of ERBB2 copy count
and lower rate ofERBB2hemi-deletion thanHER2-zero tumors13, implying
HoR status was the major factor of biological behavior of the tumor.
However, no prognosis or treatment datawere provided in this study, which
reduced its clinical value. Our study and existing molecular studies provide
the clues for precise medications like T-DXd to the HER2-low tumors,
though more explorations were still warranted.

We successfully applied multiple machine learning models to predict
the OS of participating BC patients in this study. Among them, the MLP
model demonstrated the best performance in predicting the OS. The SHAP
value based on theMLPmodel also emphasized the substance ofHER2-low
positivity. No prior study has used multiple machine learning models to
optimize survival prediction inbreast cancer.A recentmeta-analysis utilized
four model building strategies to predict the 10-year risk of breast cancer
related mortality in a population-based cohort study. The results showed
that regression-basedmethods had better andmore consistent performance
comparedwithmachine learning approaches23. This does not alignwith our
finding, but our results showed that MLP model’s predictive performance
was significantly better than the Cox-regressionmodel in the CHLP cohort.
Regarding model generalization, the MLP model also showed a slight
advantage in the SRRSH cohort. In addition,machine learningmodels were

Fig. 4 | The SHAPvalues for each variable underMLPmodel inCHLP cohort.The
SHAP values for each variable under MLP model in B cohort. A HER2 status has the
closest association with the OS in all patients (SHAP value = 0.063); B InHoR positive
tumors, HER2 status showed the value of 0.037; C In HoR negative tumors,
HER2 status had the SHAP value of 0.041.D The HER2-zero patients had the highest

riskof death (SHAPvalue = 0.095),whereas theHER2-lowpatients andHER2-positive
patients had the SHAP value of−0.043 and −0.054, respectively; E, F In subgroup
analysis,HER2-zeropatients had thehighest riskofdeath comparewithHER2-lowand
HER2-positive patients in both HoR positive tumors and HoR negative tumors.
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also applied in thepredictionofpCRusingmulti-omicsdata14, the efficacyof
immunotherapy response using radiomic data24, and the distant metastasis
of breast cancer using transcriptomic data15. Our studywas the first study to
use multiple machine learning models across two independent cohorts for
predicting survival in HER2-low BC patients, which highlighted the
potential of artificial intelligence in the precise treatment of BC.

Our study has significant strengths, including large populations across
multiple independent cohorts of BC patients, critical study design, and the
application of machine learning models. However, we also acknowledge
several limitations. First, we only performed analysis of OS of the partici-
pants. DFS data was not available in the CHLP cohort, which restrained our
exploration, especially in HoR-positive BC patients, as the survival may lag
years behind recurrence in them. We analyzed the DFS in the SRRSH
cohort,which showednodifferencebetweenHER2-lowpatients andHER2-
zero patients. This may be attributed to the high proportion of bone and
lymph node recurrences. As the breast cancer patients with bone only
metastasis usually have better survival than patients with other recurrence
sites25.DFSdata inCHLPcohortwas also under chart-review to validate this
result. Second, we did not include tumor grade in the models for too many
missing data in both cohorts. Tumor grade is one of the known factors
affecting the outcomes ofBCpatients.The lack of this variablemayaffect the
robustness of our models. Thus, our results should be interpreted with
caution. Third, biasmay exist in the evaluation ofHER2 expression between
two cohorts, especially in the low range (IHC 0 or 1+). Therefore, we
reevaluated the slides by two independent pathologists in both cohorts,
which may reduce the bias. However, the regional variation and inter-
observer difference in the practice of classifyingHER2 intensity of IHCmay
still exist due to large population, which require us interpreting the results
with caution. Lastly, we failed to identify ER-low (ER 1–10%) cancers in
HoR-positive subgroup, as this group of patients may have distinct biolo-
gical entities and clinical outcomes25.

Our studyprovidednewknowledge regarding the impact ofHER2-low
positivity on survival of the BC patients who only received adjuvant che-
motherapy from two independent cohorts. HER2-low patients had
significantly better OS compared toHER2-zero patients, especially in HoR-
positive subgroup. We also established and optimized machine learning
models to predict the survival of BC patients, which demonstrated high
robustness compare to regression-based model. These findings could help
us to stratify our patients more precisely, and they may also inform new
targeted therapeutic strategies for BC patients.

Methods
Ethics
This study was performed in accordance with the Declaration of Helsinki.
The studywas approved and supervisedby the InstitutionalReviewBoardof
SRRSH (IRB#: 20210910-30) and CHLP (IRB#: 20241347-2). All the
patients enrolled in this study were fully informed and gave their consent,
and received periodical follow-up.

Study design, clinical cohorts, and central pathology
An overview of the study design is depicted in Fig. S1. The study followed
REMARK guideline26. The BC patients who were treated in the Surgical
Oncology Department of SRRSH from January 1, 1996 to December 31,
2023 were recruited into the SRRSH cohort, and those treated in Breast
Oncology Department of CHLP from 2005 to 2023 were recruited into
CHLPcohort. In total, therewere 3220 and16,273BCpatientswho received
adjuvant chemotherapy participating in this study from SRRSH cohort and
CHLP cohort, respectively. The criteria of enrollment were defined as fol-
lows: (1)Willingness to participate in the study and signedwritten informed
consent; (2) Patients with unilateral invasive cancer and only received
surgery and adjuvant chemotherapy; (3) Central pathological evaluation of
ER, PR, HER2, and Ki67 at Department of Pathology at SRRSH or CHLP;
(4) No distant metastasis at the time of diagnosis; (5) No neoadjuvant
chemotherapy.

The demographic features of cohorts SRRSH and CHLP were listed in
Table 1. The clinic-pathological variables including age, tumor stage,
intravascular cancer thrombus, histological subtype, ER, PR, HER2, Ki67
level and treatment modalities were collected from electronic medical
records and the central pathology department. The primary tumor speci-
mens were obtained during surgery and underwent a central pathology
evaluation for histological evaluation and ER, PR, HER2, and Ki67 exam-
ination by the department of pathology at SRRSH or CHLP, respectively.
The ER/PR positivity was defined as ≥1% positively stained tumor cells in
IHC staining27. All the pathology results were independently reviewed and
confirmed by two experienced pathologists in accordance with the 5th
World Health Organization (WHO) Classification of Tumors of the
Breast28. The tumor stage was defined according to the latest TNM classi-
fication edition of the American Joint Committee on Cancer (AJCC). Stage
III/IV was defined as late stage, and stage I/II was defined as early stage. OS
was defined as the period from the time of surgery to the time of death for
any cause or the time of last follow-up. DFS was defined as the period from
the time of surgery to the time of relapse, or death from any cause. Recur-
rence included both local, regional and distant recurrence.

Evaluation and rescoring of HER2 status
All the evaluations of HER2 status in this study were in accordancewith the
2018 ASCO/CAP guidelines29. Briefly, the IHC staining of HER2 positivity
was performed utilizing Ventana BenchMark Ultra automatic stainer and
the Ventana Ultra View universal DAB detection kit (Ventana Medical
System Inc., Roche Tucson, USA). We exclusively used antibodies pur-
chased from Roche Ventana. Subsequently, a dual-probe fluorescence
in situ hybridization (FISH) test was performed for those samples with
equivocal IHC results (2+) using the PathVysion HER2 DNA probe Kit
(Vysis Inc. inDownersGrove, IL) on the same specimen as the IHC test. All
the IHC and FISH results were evaluated by two independent experienced
pathologists.

The definition for HER2 overexpression (HER2 3+) varied from 30%
to 10% in 201330,31, which affected the identification of HER 2+. However,
the criteria of HER2 1+ and HER2 zero have remained unchanged from
1998 until today. Therefore, two independent experienced pathologists
reevaluated the HER2 3+ versus HER2 2+ of enrolled patients from 2007
to 2013.

Machine learning prediction models
Four machine learning models, namely Random Forest, Extreme Gradient
Boosting (XGBoost), Categorical Boosting (CatBoost), and Multi-Layer
Perceptron (MLP), were employed to predict the 5-year survival outcome.
Themodelswere implementedusing functions fromthreePythonpackages:
scikit-learn, xgboost, and catboost. The independent variables of themodels
were as follows: HER2 status (HER2-zero (0) vs. HER2-low (1) vs. HER2-
positive (2)), age, stage (Early (0) vs. Late (1)), Ki67 status (<15% (0) vs.
15%–35% (1) vs. >35% (2)), histologic type (Invasive ductal (0) vs. Invasive
lobular (1) vs. Others (2)), intravascular cancer thrombus (No (0) vs. Yes
(1)), endocrine therapy (No (0) vs. Yes (1)), target therapy (No (0) vs. Yes
(1)), and radiation therapy (No (0) vs. Yes (1)). Among these, age was
sequentially encoded into the model as 0 to 5 according to the variable
binning rules in Table 1. The dependent variable of the model, namely the
5-year survival outcome, was encoded as survival (0) and death (1).

In the CHLP cohort and two subgroups (HoR positive and HoR
negative), the dataset was randomly split into evaluation and test sets
in a ratio of 8:2. Only complete observations were used in the ana-
lysis. Sample sizes for each dataset are provided in the ‘Sample’ row
of Table S1. In the evaluation set, the models utilized a random
search strategy within a finite parameter space to search for the
optimal parameter combinations through five-fold cross-validation.
The model’s generalizability was evaluated by first comparing the
CHLP and SRRSH cohorts using t-tests and then validating it on the
SRRSH cohort (Table S2). A sensitivity analysis was conducted by
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randomly splitting the dataset 10 times with a fixed split ratio. The
mean and variance of the model’s performance were reported.

We performed attribution analysis on the optimized models using
SHapleyAdditive exPlanations (SHAP)on the entire dataset32. SHAPvalues
show the contribution of each feature to themodel, implicitly controlling for
other features. A positive SHAP value indicates a positive correlation
between the variable and the occurrence of the death outcome, whereas a
negative value indicates a negative correlation.

Statistical analysis
Pearson’s χ2 test (for categorical parameters more than two categories),
Mann–Whitney test (for continuous parameters), and Fisher’s exact test
(for binary parameters) were employed for evaluating the correlations
between HER2 status and clinic-pathological parameters.

Multivariable Cox proportional hazard models including same vari-
ables as machine learning models were used to report hazard ratios (HR)
with95%CIsofOS. Similarly,multivariableCoxproportional hazardmodel
involving same variables was used to report HR and 95% CIs of DFS in
SRRSH cohort. The missing data was not imputed in all regression models.

Survival curves of OS and DFS were estimated using Kaplan–Meier
method and a two-sided log-rank test was applied evaluating the difference
between groups according to HER2 status. Subgroup analysis was per-
formed according to HoR status. The models for HoR positive patients
involved all the variables, whereas themodels forHoRnegative patients had
all the variables except endocrine therapy. The Receiver Operating Char-
acteristic (ROC) curve was utilized to evaluate the prediction performance
of the models. The generalization performance was validated on the testing
set of the CHLP cohort and on the entire dataset of SRRSH cohort. The
machine learning model with the best generalization performance was
uploaded to the cloud service and served as the core model for the online
prediction website (https://s481r82389.imdo.co/home).

All the statistic test was two-sided and the threshold of significancewas
set at 5%. The statistical analyses were performed using SPSS Statistics 27
(SPSS Inc, Chicago, US) and Excel (Microsoft, WA).

Data availability
The datasets generated and/or analyzed during the current study are not
publicly available due to patients’ privacy protection, but are available from
the corresponding author on reasonable request.

Code availability
The code for this study is available in GitHub and can be accessed via this
link https://github.com/Maxin-C/Her2-Low-ML.git.
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