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Abstract Background: Neoadjuvant systemic treatment elicits a pathologic complete

response (pCR) in about 35% of women with breast cancer. In such cases, breast surgery

may be considered overtreatment. We evaluated multivariate algorithms using patient, tumor,

and vacuum-assisted biopsy (VAB) variables to identify patients with breast pCR.

Methods: We developed and tested four multivariate algorithms: a logistic regression with

elastic net penalty, an Extreme Gradient Boosting (XGBoost) tree, Support Vector Machines

(SVM), and neural network. We used data from 457 women, randomly partitioned into

training and test set (2:1), enrolled in three trials with stage 1e3 breast cancer, undergoing

VAB before surgery. False-negative rate (FNR) and specificity were the main outcome mea-

sures. The best performing algorithm was validated in an independent fourth trial.

Results: In the test set (nZ 152), the logistic regression with elastic net penalty, XGboost tree,

SVM, and neural network revealed an FNR of 1.2% (1 of 85 patients with missed residual can-

cer). Specificity of the logistic regression with elastic net penalty was 52.2% (35 of 67 women

with surgically confirmed breast pCR identified), of the XGBoost tree 55.2% (37 of 67), of

SVM 62.7% (42 of 67), and of the neural network 67.2% (45 of 67). External validation

(n Z 50) of the neural network showed an FNR of 0% (0 of 27) and a specificity of 65.2%

(15 of 23). Area under the ROC curve for the neural network was 0.97 (95% CI, 0.94e1.00).

Conclusion: A multivariate algorithm can accurately select breast cancer patients without re-

sidual cancer after neoadjuvant treatment.

ª 2020 Elsevier Ltd. All rights reserved.
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1. Background

Approximately 20e40% of patients with primary

breast cancer undergo neoadjuvant chemotherapy with

or without anti-HER2 treatment [1]. Depending on

tumor biology and stage, about 35% receiving neo-

adjuvant systemic treatment (NST) achieve a patho-
logic complete response (pCR) in the breast; novel

treatment regimens have shown pCR rates of up to

80% in patients with triple-negative cancers and up to

70% in HER-2 positive cancers [2e5]. For these women

without residual disease after NST, subsequent breast-

conserving surgery or even mastectomy may have no

therapeutic effect as all tumor cells have already been
eradicated by NST. However, breast surgery is

currently still required for these patients to diagnose

whether or not residual disease is left after NST. An

alternative, less invasive approach to identify women

without residual disease after NST may help reducing

morbidity by reducing potentially unnecessary surgical

interventions. In the era of multimodality manage-

ment, reduction of surgical interventions could reduce
the burden of treatment for the patient, provider, and

funder. For example, primary breast-ablative surgery

has been de-escalated to breast-conserving surgery [6,7]

and primary axillary lymph node dissection (ALND)

has been de-escalated to sentinel lymph node biopsy

(SLNB) in the adjuvant treatment setting [8,9]. These

are well-evidenced examples that allowed safe de-

escalation on the basis of modern multimodality di-
agnostics and treatment.

However, approaches to confirm pCR in the breast

(ypT0) without surgery have revealed predominately

negative results: the diagnostic accuracy of imaging (ul-

trasonography, mammography, magnetic resonance im-

aging, and positron emission tomographyecomputed

tomography) is insufficient to confirm breast pCR [10,11].

Some single-center trials using vacuum-assisted biopsy
(VAB) to confirm breast pCR yielded promising results

[12,13]dbut recent subsequent confirmatory, multicenter

trials could not reach their primary endpoint: compared to

standard breast surgery, VAB showed high false-negative

rates ranging from 18% to 50% meaning that in many

patients with tumor in the surgical specimen there was no

residual tumor in the VAB specimen [14e17].



Fig. 1. Study ddesign.
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One of these recent multicenter VAB trials showed in

an exploratory analysis that combining the results ofVAB
and imaging resulted in relevantly less missed residual

cancer [14]. Thus, one approach that may help overcome

the challenge to accurately predict breast pCR is the use of

multivariate algorithms which can simultaneously incor-

porate tumor, patient, imaging, and VAB varia-

blesdmultivariate algorithms might allow a more

individualized and accurate prediction of breast pCR.

In this diagnostic study, we aimed to develop and test
different multivariate algorithms (logistic regression

with elastic net penalty, Extreme Gradient Boosting

(XGBoost) tree model, Support Vector Machines

(SVM), neural network) using patient, tumor, and VAB

variables ("intelligent VAB") to identify patients with

breast pCR after neoadjuvant systemic treatment.
2. Methods

2.1. Patient recruitment and selection

We analyzed patients who participated in prospective

studies assessing the feasibility of VAB to accurately

detect residual disease after NST [12e14,18]. The studies

were conducted at 23 sites in the United States, Ger-
many, and South Korea. The trials enrolled women who

presented with clinical stage IeIII breast cancer of any

biological subtype and had a partial or complete

response to NST confirmed by ultrasonography,

mammography, or magnetic resonance imaging. Eval-

uation of response on imaging was conducted as part of

clinical routine according to standard guidelines to

ensure generalizability [19,20]. The minimal invasive
VAB procedure was performed before surgery, under

either ultrasonography or stereotactic guidance.

The full analysis set of the training, test, and addi-

tional validation set was composed of all women who
met the inclusion and exclusion criteria for the respec-

tive trial and underwent image-guided VAB with needles
ranging from 10G to 7G (Fig. 1).

All trials and their combined anonymized analysis

were approved by the respective institutional review

boards and ethics committees. All participants gave

written informed consent to participate in the respective

trials.

2.2. Outcomes and definitions

Histopathologic evaluation of disease response in the

surgical specimen was the reference standard. All pa-

tients underwent guideline-adherent surgery after NST

and the histopathologic evaluation was conducted ac-

cording to standard guidelines [19]. Pathologic complete

response in the breast was defined as the absence of
residual invasive and in situ tumor cells in the surgical

specimen (ypT0).

The false-negative rate (FNR) was defined as all

findings of no residual tumor by the index test (see

below: imaging, VAB, the combination of VAB and

imaging, the multivariate algorithms) among all cases

with residual tumor on final pathologic evaluation of the

surgical specimen (reference test).
We used specificity to quantify possible future

reduction of surgery. Specificity was defined as all cases

with breast pCR by the index test divided by all cases

with a breast pCR on final pathologic evaluation of the

surgical specimen (reference test).

2.3. Algorithm development

We developed and tested four algorithms with

increasing complexity. Choice of algorithms and

reporting on them was informed by guidelines on how to

use machine learning in medicine [21], how to report



Table 1
Variables used for algorithm development.

Variable Classificationa Definition

age numerical (years) numerical age of patient

imaging before NST numerical (mm) largest diameter as assessed by either ultrasound and

mammography and/or MRI as applicable in clinical routine

imaging after NST numerical (mm) largest diameter as assessed by either ultrasound and

mammography and/or MRI as applicable in clinical routine

multifocal disease on

imaging

either

(1) before NST

(2) after NST

(3) none

more than one lesion in one breast quadrant

multicentric disease on

imaging

either

(1) before NST

(2) after NST

(3) none

lesions in more than one breast quadrant

tumor grading either

(1) G1

(2) G2

(3) G3

(4) Gx

according to ASCO/CAP and German S3 guidelines, evaluated

by board certified pathologist on the initial diagnostic biopsy

(not on VAB or surgery specimen)

tumor biology Either

(1) No Special Type (NST)

(2) Invasive Lobular Carcinoma (ILC)

(3) Other

according to ASCO/CAP and German S3 guidelines, evaluated

by board certified pathologist on the initial diagnostic biopsy

(not on VAB or surgery specimen)

additional in situ

carcinoma

yes/no according to ASCO/CAP and German S3 guidelines, evaluated

by board certified pathologist on the initial diagnostic biopsy

(not on VAB or surgery specimen)

estrogen receptor

status

positive/negative according to ASCO/CAP and German S3 guidelines, positive

if � 10%b

progesterone receptor

status

positive/negative according to ASCO/CAP and German S3 guidelines, positive

if � 10%b

Her2Neu receptor

status

positive/negative according to ASCO/CAP and German S3 guidelines, positive if

status �3 or amplified by FISH/CISH

Ki67 score numerical score according to ASCO/CAP and German S3 guidelines, hot spot

evaluation

Neoadjuvant Systemic

Treatment regimens

yes/no for each

(1) Anthracycline

(2) Texane

(3) Platinum

(4) Trastuzumab

(5) Pertuzumab

(6) other

Neoadjuvant Systemic Treatment regimens used

position of Clip marker

to tumor lesion

after NST

Either

(1) Present and within the (former) lesion

(2) Present and �5 mm distance to the (former) lesion

(3) Present and >5 mm distance to the (former) lesion

(4) Not present

position of Clip marker to the tumor lesion on imaging after

NST

needle size used for

VAB

Either

(1) 10G

(2) 9G

(3) 8G

(4) 7G

needle size used for VAB

guidance used for VAB

procedure

Either

(1) sonography

(2) stereotaxy

guidance used for VAB procedure

representative VAB

according to

biopsying physician

yes/no subjective assessment of the biopsying physician

number of specimens

taken during VAB

procedure

numerical number of cores taken

pathologic evaluation

of VAB sample

either (1)e(3); yes/no for (4)

(1) tumor cells in VAB sample (in situ or invasive)

(2) no tumor cells and VAB sample representative of

former tumor region (visible signs of former tumor region

like fibrosis)

evaluated by board certified pathologist, independently

evaluated from surgical specimen

(continued on next page)

A. Pfob et al. / European Journal of Cancer 143 (2021) 134e146 137



Table 1 (continued )

Variable Classificationa Definition

(3) no tumor cells and VAB sample unrepresentative of

former tumor region (no visible signs of former tumor

region like fibrosis)

(4) difficulties with pathologic evaluation of VAB sample

(subjective assessment of responsible pathologist)

NST Z neoadjuvant systemic treatment, VAB Z vacuum-assisted biopsy.
a Dichotomized if applicable for analysis.
b We are aware that a new group of low estrogen receptor positive tumors (1e9%) is currently discussed. As research found these tumors to

behave similar to hormone receptor negative tumors [54] these tumors are considered as hormone receptor negative.
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findings of diagnostic tests [22] and multivariate pre-

diction models [23], as well as previously published

research by our group [24e26]. We provide a detailed

description of all algorithms and the algorithm devel-

opment as well as a detailed evaluation of our study

according to these guidelines [21e23] in the online
Supplementary Appendix.

The four approaches were:

1) Logistic regression with elastic net penalty [27,28].

2) XGBoost tree model [29,30]. The Shapley additive expla-

nations (SHAP) method was used to provide insights into

the black-box model. SHAP assigns an importance value

for a particular prediction to each variable and thus allows

an interpretation which variables were most important in

making a certain prediction [31].

3) SVM with radial basis function kernel [32,33].

4) Deep, multi-layer neural network [34] with rectified Linear

Unit activation [35,36] and Adam optimizer with Nesterov

momentum model optimization [37]. The Local Interpret-

able Model-Agnostic Explanations (LIME) method was

used to provide insights into the black-box model. LIME

values reflect the contribution of each variable to the pre-

diction of a data sample by applying local, linear approxi-

mations to the underlying, complex model [38].

Anonymized data of three prospective trials

[13,14,18] were randomly partitioned into a training set

and a test set (2:1). The three trials used for the algo-

rithm development and testing reported FNRs (missed

residual disease) for VAB of 17.8% (patients analyzed

n Z 398) [14], 30.8% (n Z 40) [18], and 5% (n Z 40)
[13].

The performance of the four algorithms was evalu-

ated with respect to FNR and specificity on the test set.

Because the output of all four multivariate algorithms is

a continuous risk probability, a single threshold (oper-

ating point) for each algorithm was determined to

calculate and report FNR, specificity, NPV, and PPV.

This threshold was determined as the maximum prob-
ability which resulted in a maximum of one false-

negative case on the test set. Histograms plotting the

model predictions against the actual outcomes were used

to assess not only the classification but also the cali-

bration of the algorithms. Also area-under-the-receiver-

operating-characteristic-curve (AUC) was used to eval-

uate algorithm performance.
The best performing algorithm was then validated

using another, fourth trial. This trial reported a false-

negative rate for VAB of 25.9% (patients analyzed

n Z 50) [12].

Point estimates of the outcomes along with two-sided

95% Clopper-Pearson confidence intervals (CIs) are
provided.

We used the PROBAST tool [39] to assess the risk of

bias and the applicability of our model.

2.4. Role of the funding source

There was no funding source for this analysis and

manuscript. The single trials were supported by a Can-

cer Center Support Grant from the National Institutes
of Health (NIH) (CA16672), a NIH P30 grant

(CA016672), and funding from the MD Anderson

Clinical Research Funding Award Program [13], the

German German Research Foundation (DFG) (GZ:HE

6824/5-1) [14], the Seoul National University Hospital

Research Fund (30-2016-0250), and the Institute for

Information and Communications Technology Promo-

tion (IITP) grant funded by the Korea government
(2018-0-00861) [18].
3. Results

3.1. Patients and datasets

A total of 478 women were included in the three inter-

national studies described above. Twenty-one patients

were excluded because they had core cut biopsy instead
of VAB or the biopsy needle was smaller than 10G; the

remaining 457 patients in the full analysis set were

randomly partitioned (2:1) into a training set (n Z 305)

and a test set (n Z 152). Patients from a fourth trial

were used as an additional validation dataset for the

most promising algorithm (n Z 50). We used 19 patient,

tumor, and VAB variables for our predictive models (see

Table 1 for definitions).
With respect to the distribution of baseline data be-

tween the four trials, diameter size on imaging before

NST was lowest in the German trial 1 (mean size

25.2 mm) and highest in the German trial 2 (mean size

31.8 mm, p Z 0.008); diameter size on imaging after



Table 2
Baseline demographic and clinical characteristics of participating

women.

Characteristic Value

Mean age (SD)dyr 51.84 (11.69)

Agedno. (%)

<30 yr 10 (2.2)

30e50 yr 198 (43.3)

51e70 yr 219 (47.9)

>70 yr 30 (6.6)

Gradedno. (%)

1 5 (1.1)

2 147 (32.2)

3 301 (65.9)

x 4 (0.9)

Tumor biologydno. (%)

Her2neu-positive/hormone receptor negative 50 (10.9)

Her2neu-positive/hormone receptor positive 104 (22.8)

Triple-negative 177 (38.7)

Luminal A-like 12 (2.6)

Luminal B-like 114 (24.9)

cT categorydno. (%)

cT0 0 (0.0)

cT1a 1 (0.2)

cT1b 37 (8.1)

cT1c 160 (35.0)

cT2 232 (50.8)

cT3 27 (5.9)

cT4 0 (0.0)

ycT categorydno. (%)

ycT0 191 (41.8)

ycT1a 34 (7.4)

ycT1b 98 (21.4)

ycT1c 99 (21.7)

ycT2 32 (7.0)

ycT3 3 (0.7)

ypT categorydno. (%)

ypT0 217 (47.5)

ypT1a 64 (14.0)

ypT1b 38 (8.3)

ypT1c 53 (11.6)

ypT2 41 (9.0)

ypT3 4 (0.9)

ypT4 0 (0.0)

ypTis 40 (8.8)

ypN categorydno. (%)

ypN0 342 (74.8)

ypNþ 69 (15.1)

ypNx 46 (10.1)

ypT0 stratified for ypNdno. (%)

ypT0 and ypN0 185 (85.2)

ypT0 and ypNþ 9 (4.1)

ypT0 and ypNx 23 (10.6)

Findings on examination of VAB specimendno. (%)

Residual tumor 181 (39.6)

No residual tumor and representative 233 (51.0)

No residual tumor and not representative 43 (9.4)

VAB Z vacuum-assisted biopsy.
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NST was lowest in the German trial 1 (mean size

7.1 mm) and highest in the South Korean trial (mean

size 10.9 mm, p Z 0.023). Significant differences were

observed for the distribution of triple-negative and

luminal tumors (p Z 0.009, p Z 0.002, respectively;

lower numbers in the German trials 1 and 2 compared

the US trial and the South Korean trial). HER2-positive

tumors and tumor biology (NST, ILC, others) were
equally distributed between the four trials (p Z 0.657,

p Z 0.507, respectively).

3.2. Baseline demographic and clinical characteristics

Baseline patient demographic and clinical characteristics

of the 457 patients in the full analysis set are summa-

rized in Table 2.

Examination of the breast surgical specimen (reference

test) showed overall breast pCR (ypT0 status) in 217 pa-

tients (47.5%). By tumor biological subtype, breast pCR

was detected in 103 of 177 patients (58.2%) with triple-
negative breast cancer, 35 of 50 (70.0%) with HER2-

positive cancer/hormone receptor negative, 46 of 104

(44.2%) with HER2-positive cancer/hormone receptor

positive cancer, 1 of 12 (8.3%) with luminal A, and 32 of

114 (28.1%) with Luminal B-like HER2-negative cancer.

3.3. Performance of the four multivariate algorithms and

of imaging and/or VAB

Table 3 shows the diagnostic performance of VAB or

routine clinical imaging response assessment alone and

their combination (assume breast pCR when no tumor
on imaging AND no tumor in VAB) in the detection of

residual disease after NST, as well as the performance

of the multivariate algorithms. All displayed analyses

were evaluated on the same test set (n Z 152). Detailed

cross tabulations are provided in the online Supple-

mentary Appendix.

The calibration of the deep neural network was better

compared to the other three multivariate algorithms
(Fig. 3).

The one false-negative case of the four multivariate

algorithms (out of 85 patients with residual tumor in the

test set) showed residual hormone receptor positive,

HER2 negative ypT1b, ypN0 disease with tumor cellu-

larity <30% (Table 3).

3.4. Insights into variable importance of two black-box

models

Fig. 2 provides insights into the variable importance of

the two black-box models Extreme Gradient Boosting
tree (Fig. 2a, Shapley additive explanations (SHAP)

value summary plot) and Deep Neural Network

(Fig. 2b, LIME summary plot) by using local interpre-

tation methods.
4. Discussion

In this diagnostic study we developed and tested four

multivariate models ("intelligent VAB") to accurately

identify patients with breast pCR after neoadjuvant

systemic treatment. All four models showed a relevantly

lower false-negative rate compared to previous clinical



Table 3
Performance testing of the multivariate algorithms compared to standard imaging and vacuum-assisted biopsy.

False-negative rated%

(95% CI); no.

Specificityd%

(95% CI); no.

Negative predictive valued

% (95% CI); no.

Positive predictive valued

% (95% CI); no.

AUROCdvalue

(95% CI)

Test set (n Z 152)

Imaging 25.9%

(17.0e36.5%);

22 of 85

61.2%

(48.5e72.9%);

41 of 67

65.1%

(52.0e76.7%);

41 of 63

70.8%

(60.2e79.9%);

63 of 89

e

VAB 16.5%

(9.3e26.1%);

14 of 85

89.6%

(79.7e95.7%);

60 of 67

81.1%

(70.3e89.3%);

60 of 74

91.0%

(82.4e96.3%);

71 of 78

e

Imaging þ VAB 5.9%

(1.9e13.2%);

5 of 85

52.2%

(39.7e64.6%);

35 of 67

87.5%

(73.2e95.8%);

35 of 40

71.4%

(62.1e79.6%);

80 of 112

e

Logistic regression with

elastic net penalty

1.2%

(0.0e6.4%);

1 of 85

52.2%

(39.7e64.6%);

35 of 67

97.2%

(85.5e99.9%);

35 of 36

72.4%

(63.3e80.3%);

84 of 116

0.97

(0.95e1.00)

Extreme Gradient

Boosting tree

1.2%

(0.0e6.4%);

1 of 85

55.2%

(42.6e67.4%);

37 of 85

97.4%

(86.2e99.9%);

37 of 38

73.7%

(64.6e81.5%);

84 of 114

0.97

(0.95e0.99)

Support Vector Machine 1.2%

(0.0e6.4%);

1 of 85

62.7% (50.0

e74.2%);

42 of 67

97.7%

(87.7e99.9%);

42 of 43

77.1%

(68.0e84.6%);

84 of 109

0.97

(0.94e0.99)

Deep Neural Network 1.2%

(0.0e6.4%);

1 of 85

67.2% (54.6

e78.2%);

45 of 67

97.8%

(88.5e99.9%);

45 of 46

79.3%

(70.3e86.5%);

84 of 106

0.97

(0.95e0.99)

Validation set (n Z 50)

Deep Neural Network 0.0%

(0.0e12.8%);

0 of 27

65.2%

(42.7e83.6%);

14 of 23

100%

(78.2e100%);

15 of 15

77.1%

(59.9e89.6%);

27 of 35

0.93

(0.86e1.00)

AUROC Z Area-under-the-receiver operating characteristic curve; CI Z confidence interval.
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decision tools like imaging and/or VAB. Specificity of all

four algorithms was comparable to imaging but inferior

to VAB. As hypothesized, the performance among the

four models improved with increasing complexity (lo-

gistic regression with elastic net penalty, XGBoost tree,
SupportSVMs, neural network). FNR (missed residual

disease) of the deep neural network was very low in the

multicenter test sample (false-negative rate of 1%) as

well as in an additional validation cohort (FNR of 0%).

Specificity (ability to identify breast pCR) was 67% in

the test set and 65% in the additional validation cohort.

To our knowledge, this concept of an intelligent VAB

is the first evidence that the majority of patients with
breast pCR could be accurately identified with a very

low FNR to miss residual disease. After recent multi-

center trials reporting negative results on this topic

[14e17], our present analysis re-opens the discussion

about the future management of exceptional responders

to NST: a prospective diagnostic trial to confirm our

findings or even a prospective therapeutic trial to care-

fully evaluate long-term oncologic outcomes of omitting
breast surgery for women with algorithm-diagnosed

breast pCR after NST seem warranted.

In interpreting and applying the findings of our

analysis, some issues need to be addressed.

First, the value of further de-escalation of breast

oncologic surgery is highly controversial. Lumpec-

tomy is a procedure with very low morbidity
compared to other oncological surgeries, but the

treatment burden seems still relevant to patients:

among patients undergoing low-morbidity breast-

conserving surgery and SLNB, 40e50% experience

persistent pain [40] and patients report a relevant
reduction of patient-reported quality of life [41].

Although morbidity is also attributed to radiation

treatment, the reduction of surgery-associated treat-

ment burden in the past (radical mastectomy, to sim-

ple mastectomy, to lumpectomy) showed a positive

impact on patient-reported quality of life and onco-

logic safety could be ensured [42].

Second, for a novel, less invasive diagnostic tool like
our intelligent VAB, a very low rate of missed cancer

(FNR) compared to the previous gold standard (breast

surgery) is the most important measure to warrant

subsequent therapeutic trials comparing long-term

oncologic outcomes of the two approaches [43]despe-

cially in times of post-neoadjuvant treatment re-

gimes [42,44,45]. The exact multimodal management

protocol for a possible future therapeutic trial will have
to be carefully chosen and incorporate clinicians’ and

patients’ considerations [46,47]. Although a low FNR is

clinically most relevant, specificity is of importance, too.

Our results show that multivariate algorithms can ach-

ieve a very low FNR (1%) compared to imaging (26%)

and VAB (17%), but specificity can be further improved:

specificity of the four multivariate algorithms (52%e



Fig. 2. Insights into variable importance of the Extreme Gradient Boosting tree model and the Deep Neural Network using local

interpretation methods. (a) Shapley additive explanations (SHAP) value summary plot of the Extreme Gradient Boosting (XGBoost) tree

model. Positive SHAP values on the x-axis indicate that the variable was important for predicting residual tumor in the breast; negative

values indicates that the variable was important for predicting no residual tumor in the breast. Purple indicates a high variable value (e.g.,

tumor cells in VAB: yes); yellow indicates a low variable value (e.g., tumor cells in VAB: no). The values on the y-axis represent the overall

global variable importance. (b) Local Interpretable Model-Agnostic Explanations (LIME) summary plot for the Deep Neural Network

and its predictions on the test set. Blue indicates that the variable was important for predicting residual tumor in the breast; red indicates

that the variable was important for predicting no residual tumor in the breast. (For interpretation of the references to color in this figure

legend, the reader is referred to the Web version of this article.)

Fig. 2. (continued).
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67%) was comparable to imaging (61%) but inferior to

VAB (89%) alone.
Third, the exact patient population eligible for

further surgical de-escalation in breast cancer treatment

is yet to be defined. With respect to tumor biology,
patients with triple-negative and HER-2 positive tumor

show the highest rates of pCR (60% and 45% in our
sample) whereas especially Luminal A tumors rarely

achieve pCR (8% in our sample). Axillary status is also

important for defining a future patient population: our



Fig. 3. Calibration of the four multivariate algorithms. Calculated probability for residual tumor after neoadjuvant treatment compared to

actual residual cancer (blue) or no residual cancer (red) in surgery. (a) logistic regression with elastic net penalty. (b) Extreme Gradient

Boosting tree. (c) Support-Vector-Machine. (d) deep neural network. . (For interpretation of the references to color in this figure legend,

the reader is referred to the Web version of this article.)
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algorithm predicts solely pCR of the primary tumor in

the breast but not of the axillary nodes. The currently

established diagnostic procedure in determining axillary
disease for patients with early breast cancer is SLNB but

trials are already underway to determine whether SLNB

offers any benefit at all for clinically node negative pa-

tients [48]. Thus, our algorithm may be especially rele-

vant and should be validated in cN0 patients with triple-

negative or HER2-positive (maybe Luminal B) cancers,

as they may be spared the operating room completely

after adequate non-surgical staging of the breast and
axilla. Besides the influence of tumor biology, our

analysis provides additional insights which patients are

at risk of having residual disease after NST. Following

the SHAP and LIME value interpretation for the

XGBoost tree model and the neural network, patients

with larger lesion diameters on imaging before (and

after) NST, older patients, patients with invasive lobular

cancers, and patients with an accompanying in situ

component (as assessed by the initial diagnostic biopsy)

are at higher risk to have residual disease after NST.

This is in line with previous research concluding that

these patients generally respond worse to NST [49e51]

and strengthens the credibility in local interpretation
methods like SHAP [31] and LIME [38] which provide

insights into the predictions made by complex black-box

models.
Fourth, we are aware of the fact that different defi-

nitions of breast pCR exist (ypT0/ypTis). As we are

discussing the possibility to omit breast surgery for

women with breast pCR after NST, we chose the most

conservative definition of breast pCR as absence of both

invasive and in situ tumor cells.

Fifth, our choice to analyze handcrafted variables

instead of an image recognition analysis of the
respective radiologic and pathologic images (which has

been the main application of complex algorithms like

neural networks so far), was informed by the previous

literature: Both imaging [10,11] and VAB [14e17]

resulted in high false-negative rates (missed residual

disease). Image recognition algorithms in other areas

have yielded performance comparable to physician

experts but usually do not surpass them [52]. Also in
the prediction of breast pCR, image recognition anal-

ysis of MRI showed suboptimal accuracy [53]. The sole

analysis of breast images or histopathologic VAB

slides may not account for the complex and individual

interaction of patient, tumor, tumor response, and
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VAB characteristics. Although handcrafted variables

may be subject to interrater variability (as every med-

ical procedure as standardized as it might be), these

variables followed standard clinical protocols as spec-

ified in Table 1. Combining the populations of four

clinical trials caused some heterogeneity of variables

(e.g., ultrasound and mammography and/or MRI were

used as image modalities as applicable in clinical
routine; differences in the distribution of baseline

variables like age, tumor size, and receptor status)

which may however better represent the clinical reality

and strengthen the confidence in the generalizability of

our findings.

5. Conclusion

A multivariate algorithm might accurately select breast

cancer patients without residual disease after neo-

adjuvant treatment. This finding may pave the way to

study omission of surgery in these patients in the future.
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