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approximately 0.65 on INSEMA training cohort and of 0.62 on the

Mannheim cohort, respectively (Fig. 2A and data not shown). However,

The Intergroup Sentinel Mamma (INSEMA) study as well as other ongoing studies aim at safe de- Table 1 shows a comparison of relevant tumor characteristics across the different data sets used for training and testing. INSEMA and Mannheim were verformance of the image model was random on the INSEMA
escalation of axillary surgery, which is highly desirable to reduce side effects such as similar, whereas TCGA was a higher-risk cohort. det ined by blinded t) and TCGA BRCA test sets (Fig. 2 B
lymphedema?. Nevertheless, it would be helpful to obtain new biomarkers that convey the same (de erm.me y DEnge .assessmen an : =5t SELS TS '
prognostic information as sentinel |ymph node (SLN) status. characteristic n (%) n INSEMA training (n=762)= INSEMA hold-out (n=381)= Mannheim (n=150)= TCGA (n=650) | C) The Image model tralned. on TCGA a|s$) ylelded random performance
As known from classical histopathology, primary breast tumor tissue exhibits features such as ER/PR status on the. INSEMA a.n.d Mannheim cohorts (Figure 2D a.nd data not ShOWF.l).
loss of differentiation compared to the original, glandular structure and increased cell ER/PR positive 752 (98.7) 374 (98.16) 150 (100) 467 (71.85) The.cllnlcal classitier, whose performance was dominated by tf‘mor 2126,
proliferation, which correlate with aggressiveness of tumor growth and might as well correlate ER/PR negative 10 (1.31) 7 (1.84) 0(0) 139 (21.38) retamed an _AUROC of abQUt 0.62 on the INSEM'.A‘ set. .Inclu5|or1 of the
with tumor spread into the lymph nodes. unclear 0 (0) 0 (0) 0 (0) 44 (6.77) image classifier output in thg logistic regrsessmn did not improve
As shown by numerous studies?, such features can be extracted from hematoxylin and eosin HER2 status performance on INSEMA fand yielded a numerically worse performance
(H&E)-stained breast cancer tissue sections using deep learning (DL)-based image analysis and HER2 positive 37 (4.86) 18 (4.72) 0 (0) 108 (16.62) (AUROC of approx. 0.61, Fig. 2 E,F).
can be used to generate digital prognostic tools. HER2 negative 725 (95.14) 363 (95.28) 150 (100) 454 (69.85)

unclear 0 (0) 0 (0) 0 (0) 88 (13.54)

G2 461 (60.50) 233 (61.15) 150 (100) n.a.

In contrast to known clinical risk factors for lymph node positivity such as

Cohorts and patients s_i — 31(4.07) S (2.36) 0(0) n.a. pathologica'I tumor stage and Ki-67, our image analysis algorithms trained
To train an image analysis model to predict SLN status, we used cases from the INSEMA standard oTO 0(0) 0(0) 2 (1.33) 0(0) on H&Ed§ta|ns of.thle primary tuln;ors :on;] 'NSE'VILA or TCGA were u.nablle
arm (n=762) and a cohort from the Women’s Clinic in Mannheim, Germany (n=150). For oT1 590 (77.43) 301 (79.00) 84 (56) 182 (28.00) to plre |;t sentm? ”staftus, ,?ht o:g kt _T_h.tec niGHe Wai prelvu?(usy;
INSEMA, we used a segmentation algorithm that we had trained on part of the The Cancer oT2 168 (22.05) 77 (20.21) 64 (42.67) 360 (55.38) Zmp OyEI successtd Vh-Or IO | e: di‘?‘ > 1hIS bmaly su;]ggesd d lack o
Genome Atlas (TCGA) breast cancer cohort3 to exclude slides where this algorithm did not detect oT3 4(0.52) 2(0.52) 0(0) 88 (12.54) etectable systematic histological differences by lymph node status in
enough tumor-containing tiles. The final image analysis model was tested on a holdout INSEMA oT4 0(0) 1(0.26) 0(0) 20 (3.08) these cohorts.
set (n=381) and on the higher risk TCGA cohort® (n=650). Vice versa, we trained a model on SLN positive 99 (12.99) 50 (13.12) 22 (14.67) 357 (54.92) . . . N
TCGA whole slide images (WSIs) and tested it on the other cohorts. For the clinical classifier, we : As in real life, both COhO”? are dgmlnatfed bY ER-positive breast tumors,
used the Ki-67 values and pT stages of the Mannheim cohort. See Table 1 for cohort Table 1. Descriptive characteristics of the 4 data sets from 3 independent cohorts employed in the study. and tflet INtSEMA COQ.Ort |Sr;.”part|culfr Ilf\lsfz:\l;:x hotcr;]oglen.oulstalso W!th
- : : respect to tumor grading. Still, even for , pathological tumor size
characteristics (ER: estrogen receptor, PR: progesterone receptor). and cell proliferation were useful factors to predict SLN status. Of note,
using our current pipeline, tumor size is not detected in the image
Model design and training A 10 - B .. P C 10 P analysis model, although high cell proliferation, which may in turn lead to
We trained a DL image analysis model on H&E-stained WSIs of primary breast tumors. This increased tumor sizes, might be seen.
model was based on a Resnet50 Convolutional Neural Network (CNN) architecture pre-trained o8- - - The finding that our image analysis algorithm failed to properly predict
with ImageNet. The entire histological images were first tessellated into smaller patches, which lymph node status, together with the observation that tumor size was the
were processed individually. For training, the INSEMA training set was divided into folds and oe. J d be. P /i be. 7 Z best predictor of SLN status, may argue that tumor spread into the lymph

training was performed by 5-fold cross-validation (Figure 1). The Mannheim set was ¢ d 2 e 2 nodes is mostly a stochastic process driven by the total number and local
subsequently used for hyperparameter tuning. We used test time augmentation (TTA) to g g g spread of cancer cells in these cohorts.
. . . S 0.4- o~ S 0.4- o L 0.4 L .. . .
improve model generalization. 3 Ve 3 (s & One limitation of our approach may be, however, that by averaging
Traini probability scores across all tiles generated from a tumor, we don’t fully
rainin o - “ ] ]
& 027 o 2 Vg 02 take into account that tumors may be heterogeneous and may contain
1 V erformance on V1 ) o e ' ' ' ion-
----- =D T T T NPT small areas with a high propensity for tL.Jmor cell spread. Attentlon. basted
y) ---- = performance on V2 0.0 .# | | 95 "E-’;EIIELSEE!]-D.E-EI?EI | 0.0 - I-' | | 95 -‘:’;EICIAEIIE-I:I.E-{IIE | 0.0 - If' | | 95 ﬁ-’:.EIIEI.:uEIE-CI.Edl-: | methods could be tested to address this prob|em_ However, con5|der|ng
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 the negative results so far, in our experience, it is unlikely that this would
performance be sufficient to yield an accurate predictor of SLN status. Moreover, in
E F
4 ---- = performance on V4 D 104 , L0 , Lo ] other studies where we employed very similar approaches, we managed
s I B B B = performance on V5 to predict lymph node status for prostate and colorectal cancer,
. demonstrating that this is feasible in principle®~.
Validation fold e s e o > 4
Figure 1. Cross-Validation Procedure. The INSEMA training set was divided in 5 folds and 5 £ 06. %06 , ¥ 06 Thus, DL-based WSI analysis may not be a good strategy to replace
models were trained using 4 folds as training data and the remaining fold as validation fold. : E s §ent|nel r?ode z.assessment for breast cancer patients, especially in low- to
Performances of these models were then averaged. £ » fﬂ ) fﬂ . intermediate-risk, hormone receptor-positive breast cancer.
For inference, a probability score was assigned to each tile of a slide. This score was considered
SLN positive if the CNN output was higher than 0.5 and the predictions for all tiles were 0.2 - 0.2 1 0.2 1
averaged to obtain a slide level prediction. Training and inference were implemented in Python.
. . . . . . . . . Fod Mean ROC (AUC = 0.5139) 14 Mean ROC (AUC = 0.6216) L’ Mean ROC (AUC = 0.6056)
To generate the clinical classifier, we fitted a logistic regression, where we could also integrate 0.0{ # 95 % C1 0.4172-0.6102 0.0{ 4 95 % C1 0.538-0.6999 0.0{ / 95 % C1 0.521-0.6807
h del dditi | iabl r - - - - - - - - - - - - - - : 1. Reimer T et al. (2022). Patient-reported outcomes for the Intergroup Sentinel Mamma study (INSEMA): A
the model output as an additional variable. 0.0 02 F;I’;i pDSitin;gm 0.8 Lo 0.0 0.2 Fa?:; Pmltwifm 0.8 L0 0.0 0.2 Fa?:; F‘nﬁntiwei:te 0.8 Lo randomised trial with persistent impact of axillary surgery on arm and breast symptoms in patients with early
- - breast cancer. EClinicalMedicine 55:101756. doi: 10.1016/j.eclinm.2022.101756.
2. Duggento A et al. (2021). Deep computational pathology in breast cancer.
Statistics Figure 2. Internal and external performance of the generated models. A Internal cross-validation performance of the INSEMA-trained DL Semin Cancer Biol. 72:226-237. doi: 10.1016/j.semcancer.2020.08.006.
. . . 3. Cancer Genome Atlas Network. Comprehensive molecular portraits of human breast tumours. Nature
. : . : model. B Performance of the INSEMA-trained DL model on the INSEMA hold-out test set (blin nalysis). C Performance of the INSEMA- . y
We report the mean Area under the Receiver Operating Characteristic (AUROC) curve as metric. ' o.ded oL € 3 | a t(:\ OTCG; Sh ' D s ?d Od(: OTCG:t S q DLO d :u| eihseIN(Sl:EM:etd i a:/sEsI)) p erforma f:ho ' e. IS del 398\(/74151)?1-70{ ?;(')-211()’-1;’38/Tatur_e11412- i et o o I _
: : : : raine model on the cohort. D Performance of a -traine model on the est set. E Performance of the clinical mode . Wessels F et al. . Deep learning approach to predict lymph node metastasis directly from primary
95% confldence mtervals (95%CIS) were generated by bOOtStrappmg (1OOOX) CalCU|at|0nS were . . . o tumour histology in prostate cancer. BJU Int. 128(3):352-360. doi: 10.1111/bju.15386.
oerformed in Python 3.7.7 extended with the library SciPy. on INSEMA. F Performance of the combined model on the INSEMA hold-out set. Mean ROC curves are shown in orange, corresponding 95% 5. Kiehl L, Kuntz S et al. (2021). Deep learning can predict lymph node status directly from histology in
Cls in grey. colorectal cancer. Eur J Cancer. 157:464-473. doi: 10.1016/j.ejca.2021.08.039.
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