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TISSUE SAMPLE) 202
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PATHOLOGIST ANALYZES STAINED IMAGE

A

RECEIVE GENOMIC SEQUENCING DATA (e.g., DNA/RNA
SEQUENCING DATA) &

ANALYZE GENOMIC SEQUENCING DATA 206

\ 4

PATHOLOGIST MANUALLY DIAGNOSES PREDICTED CANCER TYPE
FROM HISTOPATHOLOGY IMAGES, GENOMIC SEQUENCING
DATA 208

PATHOLOGIST GENERATES PATHOLOGY REPORT
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END
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( START )

v 2592
RECEIVE TILE-LABELED H&E SLIDE TRAINING IMAGES
PERFORM PRE-PROCESSING ON TRAINING IMAGES
\ A 2606

PROVIDE TILE-LABELED H&E SLIDE IMAGES TO DEEP LEARNING
FRAMEWORK
&

ANALYZE IMAGES ON TILE BASIS FOR TISSUE CLASSIFICATION,
PIXEL BASIS FOR CELL SEGMENTATION, AND ON TILE BASIS
FOR BIOMARKER CLASSIFICATION TO TRAIN MULTISCALE
BIOMARKER CLASSIFIER

v 2508

GENERATE TRAINED MULTISCALE BIOMARKER CLASSIFICATION
MODEL FOR BIOMARKER {WHICH MAY INCLUDE CELL
SEGMMENTATION MODEL AND TISSUE CLASSIFICATION
MODEL)

¥ /610

RECEIVE NEW UNLABELED H&E SLIDE IMAGE & PROVIDE TO
SET OF TRAINED MULTISCALE BIOMARKER CLASSIFIERS

v /612

PREDICT BIOMARKER CLASSIFCATION ON UNLABELED H&E
SLIDE IMAGE

Y

FIG. 6 (o )
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708+

700 ( START )
v 2702
PRE-PROCESSING RECEIVED IMAGES {e.g., HISTOPATHOLOGY
IMAGES)
l 704

APPLY TISSUE MASK PROCESS TO MEDICAL IMAGES USING A
TILING PROCEDURE {e.g., tissue and cell/lymphocyte tiling
procedure)

!

706

PERFORM TISSUE CLASSIFICATION ON EACH TILE IN IMAGE
(e.g., tissue classifications for tumor, stroma, normal

epithelial, etc.} {using tiled FCN architecture)

! v

710

PERFORM PIXEL-BASED CELL SEGMENTATION
ON PIXEL W/IN TILE BY APPLYING A TRAINED
CELL (NUCLE!) MODEL (e.g., using UNET

PERFORM PIXEL-BASED LYMPHOCYTE
SEGMENTATION ON PIXELS W/IN TILE BY
APPLYING A TRAINED LYMPHOCYTE

architecture) MODEL {e.g., using UNET architecture)
7125, l l 714
PERFORM CELL PERFORM LYMPHOCYTE
SEGMENTATION SEGMENTATION
PROCESSING PROCESSING

l L

PERFORM CELL & LYMPHOCYTE SEGMENTATION
INTEGRATION (e.g., combining cell contours with lymphocyte
contours)

&

DETERMINE LYMPHOCYTE SCORE FOR EACH CELL, TISSUE
CLASS

l 718

DETERMINE TUMOR INFILTRATING LYMPHOCYTE % (TiL %)
FOR EACH CELL SEGMENTATION & FOR ENTIRE MEDICAL
IMAGE & PERFORM ACCEPT/REJECT PROTOCOL ON IMAGE

Y

(o) FIG. 7



U.S. Patent Mar. 23, 2021 Sheet 8 of 41 US 10,957,041 B2
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RECEIVE MOLECULAR TRAINING DATASET FOR A PLURALITY OF
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LABELING MOLECULAR DATA TRAINING DATASET BY
BIOMARKER USING CLUSTERING

i) /806
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HISTOPATHOLOGY IMAGES ASSOCIATED WITH THE
MOLECULAR DATA
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FOR EACH BIOMARKER CLUSTER, PROVIDE LABELED
HISTOPATHOLOGY IMAGES TO DEEP LEARNING FRAMEWORK
TRAINING MODULE & TRAIN BIOMARKER CLASSIFIER

¥ 810

GENERATE A SET OF TRAINED BIOMARKER CLASSIFIERS

| 812

RECEIVE NEW UNLABELED HISTOPATHOLOGY IMAGE &
PROVIDE TO SET OF TRAINED BIOMARKER CLASSIFIERS

+ /814

PREDICT BIOMARKER CLASSIFICATION ON UNLABELED
HISTOPATHOLOGY IMAGE

FIG. 8 Y

( END )
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GENERATE PREDICTED BIOMARKER STATUS PATIENT REPORT

AND STORE, DISPLAY, AND/OR COMMUNICATE TO EXTERNAL

SYSTEM (GENOMIC SEQUENCING SYSTEM, PATHOLOGY LAB,
THERAPY DECISIONAL SYSTEM, PHYSICIAN, etc.)
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GENERATE OVERLAY MAP FOR IMAGE AND STORE, DISPLAY,
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902

END
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( START )

v 1102
RECEIVE DIGITAL IMAGE FILE
(e.g., from external database)
, 1104
ANALYZE METADATA IN DIGITAL IMAGE FILE AND RETRIEVE
MEDICAL IMAGE AT KNOWN RESOLUTION

l (OPTIONALLY) DOWNSAMPLE MEDICAL IMAGE AND
: GENERATE MEDICAL IMAGE AT OPTIMIZED RESOLUTION

I 1108

PERFORM BRIGHTNESS NORMALIZATION BY IDENTIFYING AND
REMOVING PIXELS ABOVE/BELOW BRIGHTNESS THRESHOLD

v 1110

PERFORM OBJECT NORMALIZATION BY IDENTIFYING AND
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v 1112

PERFORM TILING PROCESS ON NORMALIZED IMAGE

)\ 4

( END )
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FIG. 16A — 16F
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IMAGES) & PERFORM PRE-PROCESSING

il 2804

PROCESS AND APPLY EACH IMAGE TO TRAINED DEEP
LEARNING FRAMEWORK {e.g. TILE-BASED FCN, PIXEL-BASED
FCN)

i) 2806

APPLY EACH IMAGE TO TRAINED CLASSIFIERS {e.g. TRAINED
TISSUE CLASSIFIER, TRAINED CELL SEGMENTATION, TRAINED
BIOMARKER SEGMENTATOIN) & DETERMINE BIOMARKER
STATUS, BIOMARKER METRICS FOR EACH IMAGE

¥ 2808

GENERATE BIOMARKER STATUS AND/OR BIOMARKER
METRICS AND SEND TO TUMOR THERAPY DECISION SYSTEM

\ 4 2810
TUMOR THERAPY DECISION SYSTEM FILTER LISTED THERAPIES
DOWN TO MATCHED THERAPIES BASED ON BIOMARKER
STATUS/METRICS AND GENERATES MATCHED THERAPIES
REPORT

¥

( END )

FIG. 28
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