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STUDY BACKGROUND PATHAI MODEL

Distortion to the nuclear envelope, such as altered size, shape, and morphology, is a common feature of cancer reflective of the underlying hallmark Example of model
genomic instability2. Nuclear morphology is a common visual aid to diagnostic and prognostic pathology. Nuclei can be well-established markers of performance. A) Representative
specific cancers; for example, a clear nucleus (“Orphan Annie Eye”) is a known indication for papillary thyroid carcinoma?’. Nuclear structure changes whole slide image patch from a
during mitosis, and distorted nuclei can indicate dysregulated replication processes, genetic mutations that affect stability and function of the nuclear patient with mesothelioma stained
envelope, aneuploidy, and genome instability!. Nuclear features have been found to correlate with prognosis in several cancer subtypes. with H&E. B) Ground truth nuclei
iIdentified manually. C) Nuclei
To enable the use of nuclear morphology in digital pathology, we developed a pan-tissue, deep-learning-based digital pathology pipeline for exhaustive predicted by model. Each color
nucleus detection, instance segmentation, and classification on whole-slide hematoxylin and eosin (H&E)-stained pathology images. represents a nucleus instance.

METHODS RESULTS RESULTS CONCLUSIONS

Samples. Over 29,000 manual nucleus annotations were collected Figure 3. Nuclear segmentation and cell type identification. Figure 4. nuHIFs predict features of several cancer subtypes. We have developed a powerful pan-tissue approach for nucleus segmentation

from H&E images from 21 tumor types at 40x and 20x magnification and featurization on entire whole-slide images. This method enables the
from The Cancer Genome Atlas (TCGA). A proprietary set of H&E- T G T e [ T PP ) P PR == ) WGD P)HRD -) HER2 status tructi f predicti del d the identificati f feat linki |

| . er 6 Alle : | B L W S b8 W S]] prasma cel oF — rurtre,auRoc 081 0F — ruttre.AuRoC - 055 OF — e ARG -068 construction of predictive models and the identification of features linking nuclear
stained tissue biopsies of skin, liver non-alcoholic steatohepatitis, colon - | W Lymphocyte morphology with clinically-relevant prognostic biomarkers, such as WGD and HRD

inflammatory bowel disease, and kidney lupus was also used. * ol ke %EG i A TR (o o across multiple cancer types, including BRCA, PRAD, and LUAD. These results

Machine Learning Model and Deployment. Annotations were used to 55 | Fibroblast | | | highlight the potential of machine learning-guided nuclear morphometry as a

train an object detection and segmentation model for identifying :Icznctereé'tie“alce” prognostic tool for cancer pathologists.

cellular nuclei. Application of the model to held-out test data, including o | 15 NCUSIETMINALE

held-out tissue types, demonstrated performance comparable to 3 Yo Gl Ve T e S DS

models described in the literature (mean Dice score=0.80, aggregated AT s A AT AT sl Aty TCGA BRCA (N= cti CONTACT
_ _ | » AITTE T S Ko T IE A e N T (N=776). A) nuHIFs predictive of WGD were Mean Cancer Nuclear

Jaccard index=0.60). Our implementation enabled the application of (O TR APV o (V5 TI AL A Y s Eccentricity, SD Cancer Nuclear Major Axis Length, and SD Cancer Nuclear Minor

the model to whole-slide images rather than sampling regions of Do) P RS S| Al Pe) f R aig e S Axis Length (AUROC=0.81). B) nuHIFs predictive of HRD were SD Cancer Nuclear B e sk

interest from tissue samples, as is more commonly performed. We ; ; \ > ,:(3.::;‘;:." 18, Pe_rimeter_, SD Cancer Nuclear Mean Color (“Purple-_ne_ss”), and SD Cancer Nuclear Email: ilan.wapinski@pathai.com

deployed our model on primary diagnostic H&E slides from the breast e Minor Axis Length (AUROC=0.69). C) nuHIFs predictive of HER2 status were SD

cancer (BRCA, N=892). prostate adenocarcinoma (PRAD, N=392), and 2 i R T SR [ smooth muscle cel ﬁanlcer l\éuclz_ls_z?[r M'Al\rboFgoAglsoLGeEgngth, SD Cancer Nuclear Eccentricity, and SD Cancer

lung adenocarcinoma (LUAD, N=426) TCGA cohorts. We extracted RN L W BN S\ | Endothelial cell uclear Solidity ( =0.68).

Interpretable features describing the shape (circularity, eccentricity, «\ :E/k:rr\:)iljz;te . D)WGD | _E)HRD F)_ GIeasonGrade 8-10 REFERENCES

area, and major and minor axis dimensions), size, staining intensity i £ ‘ T

(mean and standard deviation), coloring, and texture of each nucleus.

TCGA BRCA

¥ [ Macrophage . -
| [ Plasma cel | 1. Chow, K., R.E. Factor, and K.S. Ullman. (2012). The nuclear envelope

Nuclei were assigned as cancer or other cell types using separately S8 % W Cancer epithelial cell - ' ' environment and its cancer connections. Nat Rev Cancer. 12(3):196-209.
trained convolutional neural networks. We used the mean and standard S8 [ Normal cell | . . 2. Fischer, E.G. (2020) Nuclear morphology and the biology of cancer cells.

deviation (SD) of each feature across all cancer nuclei to summarize SRS L PR SRR e A, Y O Other cel | | | ~ Acta Cytol. 64(6):511-519..
the cancer nuclear morphology on each slide, leading to the W A DO W W Ta o e O BER "Gl W Indeterminate 3. Hapke, M.R. and L.P. Dehner. (1979). The optically clear nucleus. A reliable
identification of nuclear human-interpretable features (nuHIFs) NS A ALY B i, S K s 0 0z 0 ds o5 0 do oz di 05 a5 1o sign of papillary carcinoma of the thyroid? Am J Surg Pathol. 3(1):31-38.

' ! R IRRACEPACACER Y, B ( SBF=aeS N OAGHY, R PR PR | 4. Telli, M.L., KM. Timmes, J. Reid, et al. (2016). Homologous Recombination

Axis Length, Mean Cancer Nuclear Grayscale Intensity, and SD Cancer Nuclear Mean neoadjuvant chemotherapy in patients with triple-negative breast cancer.
Color (AUROC=0.70). E) nuHIFs predictive of HRD were Mean Cancer Nuclear Clin Cancer Res. 22(15):3764-3773.
48 4 AT i o oo . [T Eccentricity, SD Cancer Nuclear Major Axis Length, and SD Cancer Nuclear Minor

e « SR | | s ot Axis Length (AUROC=0.68). F) nuHIFs predictive of Gleason grade 8-10 were SD
Input from 24 ctaonsby | Breast Any tisue type = Tt 2 ol TRy e 2 6 g [ Macrophage Cancer Nuclear Grayscale Texture (SD Intensity), SD Cancer Nuclear Mean Color,

tumor types and 5 48””°ta;‘i°tnslbyd
other diseases pPeopie trained skt | PR 55 L fatal 77| s T (a® : _
by pathologists {2 HeE — oA b /74 D Fibroblast and Mean Cancer Nuclear Mean Color (AUROC=0.68; N=264).
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B Indaterminate G) WGD H) HRD TCGA LUAD (N=401). G) nuHIFs
Y T p—— predictive of WGD were Mean
Cancer Nuclear Eccentricity, SD
E§ AV Ve oot GV B | Al Cancer Nuclear Major Axis Length, | : _
Predictive Analysis. We used nuclear features to construct Pl e o A . | and SD Cancer Nuclear Minor Axis This poster template was developed by SciStories LLC.

Interpretable logistic regression classification models for predicting | | Length (AUROC=0.71). H) nuHIFs https://scistories.com/
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whole genome doubling (WGD), homologous recombination deficiency SALLL GG J et Sy i e A L =4 | predictive of HRD were SD Cancer

(HRD%), and markers of prognosis. For each dataset, a multivariate Representative H&E images of breast cancer (TCGA BRCA), prostate | Nuclear Perimeter, SD  Cancer
logistic regression classification model was used with elastic net adenocarcinoma (TCGA PRAD), and lung adenocarcinoma (TCGA LUAD) are | Yo g e hoclear Mean Golor, and SD

shown at 40X magnification, with and without nuclear segmentation. Colors SR ~ Cancer Nuclear Minor Axis Length
indicate identified cell types for each image. (AUROC=0.68).
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Figure 1. Machine learning model training and deployment.
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The results shown here are based upon data generated by the TCGA
Research Network: https://www.cancer.gov/tcga.

TCGA LUAD

regularization. A 67%/33% stratified train/test split was used.
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https://www.cancer.gov/about-nci/organization/ccg/research/structural-genomics/tcga

