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Harvard Medical School (BIDMC) and Massachusetts Institute of Technology (CSAIL), USA 0.9250 2@
02 ExB Research and Development co., Germany 0.9173 @ =20
03 Independent participant, Germany 0.8680 LI2g
04 Health Sciences Middle East Technical University, Turkey 0.8669 2@
05 NLP LOGIX co., USA 0.8332 L2g
06 University of Toronto, Electrical and Computer Engineering, Canada 0.8181 LI2g
07 The Warwick-QU Team, United Kingdom 0.7999 L2g
08 Radboud University Medical Center, Diagnostic Image Analysis Group, Netherlands 0.7828 2@
09 HTW-BERLIN, Germany 0.7717 @ =

10 University of Toronto, Electrical and Computer Engineering, Canada 0.7666 LI2g
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Automatisch tellen van mitoses
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Automatisch tellen van mitoses

D. C. Ciresan, A. Giusti. L. M. Gambardella, and J. Schmidhuber.
“Mitosis detection in breast cancer histology images with deep neural
networks,” in International Conference on Medical Image Computing

. and Computer-assisted Intervention.  Springer, 2013, pp. 411-418.

Assessment of Mitosis Detection Algorithms 2013
AMIDAL | MICCAT Grand Challenge M. Veta, P. J. van Diest, M. Jiwa, S. Al-Janabi, and J. P. Pluim,
“Mitosis counting in breast cancer: Object-level interobserver agreement
and comparison to an automatic method,” PloS one, vol. 11, no. 8, p.
e0161286, 2016.

E. Zerhouni, D. Lanyi, M. Viana, and M. Gabrani, “Wide residual
networks for mitosis detection,” in Biomedical Imaging (ISBI 2017),

. ) 2017 IEEE 14th International Symposium on.  1EEE, 2017, pp. 924—
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preprint arXiv:1612.07180, 2016.
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Kwantificatie van tumor/stroma-ratio
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Kwantificatie van tumor/stroma-ratio

125 patienten met rectumcarcinoom
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Minimaal 5 jaar follow-up
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Crosstab: Observer 1 versus Observer 2
Observer 2
K=0.548
Stroma-low Stroma-high Total
Stroma-low 75 8 83
Observer1l | Stroma-high 16 26 42
Total 91 34 125
Crosstab: TSR-Visual (consensus) versus TSR-auto
TSR-auto
Kk=0.518
Stroma-low Stroma-high Total
Stroma-low 60 27 87
TSR-visual [ e high 3 35 38
(consensus)
Total 63 62 125
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Table 5. Uni- and multivariate Cox regression analysis for disease-specific survival.
Univariate analysis

Multivariate analysis

Visual Auto

HR (95% Cl) P-val. HR (95% Cl) P-val. HR (95% Cl) P-val.
Age 1.01 (0.98-1.04) 0.376
Gender 0.85 (0.45-1.60) 0.604
T-stage 2.42 (1.47-3.99) 0.001 1.97 (1.16-3.34) 0.012 2.05 (1.24-3.38) 0.005
N-stage 2.16 (1.49-3.14) 0.0001 2.06 (1.13-3.75) 0.018 2.12 (1.17-3.84) 0.014
Surgical procedure 1.48 (0.94-2.31) 0.090
Tumour grade 2.96 (1.42-6.17) 0.004 2.40 (1.05-5.48) 0.038 2.23 (0.99-5.00) 0.052
Adj. chemoth. 1.17 (0.28-4.82) 0.831
Adj. radioth. 2.56 (1.41-4.63) 0.002 0.72(0.27-1.88) 0.496 0.68 (0.27-1.72) 0.417
TSR-visual 1.96 (1.08-3.58) 0.027 2.07 (1.09-3.93) 0.026
TSR-auto 2.57 (1.36-4.86) 0.004 2.75(1.44-5.27) 0.002
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Tumor-geassocieerd stroma

Tumor stroma identification pipeline
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Tumor-geassocieerd stroma
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