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Research Highlight

e We learned how to involve Al usefully in pathologists™ diagnosis workflow given that most Al is still

nascent and error-prone.

* We chose detecting breast cancer metastasis as a probe, and proposed Impetus — a tool where

pathologists can quickly train and adapt a deep-learning Al model with a few annotations.

e We summarized observations and lessons learned from a user study, and provided implications for

future medical-Al system design.
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Glossary

1. Pathology: Discipline in medicine, which diagnoses diseases from tissue, which is obtained by
biopsy or surgical procedure. Pathology uses many biomedical techniques, and the two mainly
used are microscopy and immunohistochemistry (IHC)!:
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Glossary

2. Breast Cancer: A malignant tumor evolves from the breast gland tissue and which is capable of
spreading in local lymph nodes, i.e. lymph node metastasis or via blood vessels in distant organs,
..e. distant metastasis';
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Glossary

3. Lymph Node Metastases: Deposits of malignant tumor cells in regional lymph nodes. Lymph node
metastases are crucial prognostic information, because it is often coupled to a systemic tumor
disease and indicating later appearing distant metastases!.

Sentinel 4
nodes
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Glossary

4. Whole Slide Imaging: scans a complete microscope slide and creates a single high-resolution digital
file. This Is commonly achieved by capturing many small high-resolution image tiles or strips and
then montaging them to create a full image of a histological section'.
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Diagnosing with Pathology: Biopsy & Glass Slides

1. An example of tumor under CT

2. Biopsy under stereotaxy
3. Cutinto slides and stain with Hematoxylin and Eosin (H&E) staining

4. Glass slide after staining

1 Image credit: https://en.wikipedia.org/wiki/Biopsy
g CLA HCI 2 Image credit: https://commons.wikimedia.org/wiki/File:Brain biopsy under stereotaxy.jpg
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Diagnosing with Digital Pathology: Analytics
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5. Manual examination with glass slides
6. Scan glass slides with the slide scanner
7. Digitized whole slide image (WSI)
*8. Image analytics with deep-learning-based methods
=D U CL A H CI 5 Image credit: https://www.leica-microsystems.com/products/light-microscopes/p/leica-multiviews/
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Problems of Existing Al in Digital Pathology

e Factor #1: High appearance variance between different patients/medical centers

Left: Different subtypes of ovarian carcinomas

Up: Breast cancer samples TUPAC dataset (from different medical centers)

1. Kobel, M., Kalloger, S. E., Baker, P. M., Ewanowich, C. A., Arseneau, J., Zherebitskiy, V., ... & Gilks, C. B. (2010). Diagnosis of ovarian carcinoma cell type is
highly reproducible: a transcanadian study. The American journal of surgical pathology, 34(7), 984-993.
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Problems of Existing Al in Digital Pathology

e Factor #2: Large dataset
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Problems of Existing Al in Digital Pathology

e Factor #3: Poor inter-observer consistency in data labeling

Difference in workflow in different labs
Fatigue

Sampling bias
Time constraint

Level of experience

T = -

Vague descriptions i medical guideline
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Problems of Existing Al in Digital Pathology

Result: Poor performance of Al in specific digital pathology tasks

Al Predictions
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Purpose of this Research

When Al is still nascent and error-prone, how
can physicians still make use of such ‘imperfect’
Al in their existing workflow of diagnosis?
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Proposed Solution: Human-Al Interactive Machine Learning Interface

main.py

Datsiinin tyid GoLhd Ll System status: na lasks Edit diagnosis

* Recormmended

Heatmen Shike ) tereman ) Narm

Application: breast cancer metastasis;

| LAdAmm by 2.50mm

System Description: Impetus, a mixed-
initiative system that helps a pathologist
quickly adapt a pre-trained deep-learning
Al model into a localized dataset (with a
few Whole Slide Images);

v MNormal

J 2.91mm by 1.55..

v Tumew

. 3.46mm by 2.40.
z- '

Intuition: the system recommends
uncertain/outlier regions, user provide

abels agilely, while the backend learns user
abels on-the-fly.

User Interface of Impetus
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Scenario Walkthrough of Impetus

Al Guiding Pathologists™ Attention to Regions of Major Outliers

Ul Component:

- Q b

 Attention Map: a heatmap overlay on WSI, B I ™ [ st
demonstrating the outlier and uncertain tiles in the
WS, calculated by Isolation Forest algorithm;

AREntinT man — Slide 4 — Iresahion O

* Recommendation box: shown in yellow boxes,
draws pathologists attention by illustrating the
largest two outlier clusters, calculated by DBSCAN.

Marmal

User Interaction:

Tumar

* Users are required to check each of the

recommended boxes and provide labels (whether
they contain tumor tissues or not).

Attention map and recommendation box
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Scenario Walkthrough of Impetus

Al Using Agile Labeling to Train and Adapt Itself On-the-fly

Data inlo Slides Annolzlions

System status: no tasks

v Recommended

ATentinT MAS —Sina d —Faraman 0

Ul Component:

 Recommendation box

User Interaction:

* Users are required to check each of the
recommended boxes and provide labels (whether
they contain tumor tissues or not).

Labeling recommendation boxes



Scenario Walkthrough of Impetus

Al Using Agile Labeling to Train and Adapt Itself On-the-fly

Ul Component:

* Attention map

main.py
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° Recommendation box 2 NEES i System status: no tasks

Cdil dizgriosi

v Rocommended

* Prediction map: a heatmap overlay on WSI, which
indicates the Al probabilities on each tile. oy el ~

User Interaction:

* Users are required to provide labels (tumor/normal)
for the recommendation boxes;

* Or, draw boxes over the WSI and provide labels.

Norma

Tumaor

Backend:

* The system learns from the user annotations with our

proposed active multiple instance learning approach
and adapts itself on-the-fly.

Prediction map and agile labeling



Scenario Walkthrough of Impetus

Al Taking Initiatives Appropriately for the Level of Performance Confidence

Backend:

e System generate diagnosis based on Al confidence

User Interaction:

 Examine and generate a diagnosis with the dialogue

DOX.

main.py

- o B

Al Confidence

Al-Initiated Action

Physician-Initiated Action

High

Low

Performing diagnosis automatically in the
background; marking WSIs as diagnosed

Pre-filling the diagnosis box without di-

rectly labeling the WSI

Showing original WSI by default to
prompt for manual diagnosis

Doing nothing and accepts Al's results;
can re-open a WSI to overwrite Al's result

Performing diagnosis with help from Al
predictions; confirming or correcting the
pre-filled dialogue

Performing diagnosis with little input
from Al

Data Into Slees
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Surgical nate: nodel
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Performance confidence and suggested diagnosis
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Scenario Walkthrough of Impetus

Data info Slices Annotations

System status: na tasks Add niagnasis

v Reocommendod . : :
Attantion map — Slide 4 — Iteration 0
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User Study
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User Study & Lessons Learned: Recommendation Box

... [the recommendation box/| seems a little bit random. It s not necessarily areas that I

would [look at] ... (P3)

The things it s focusing on does not correlate with at least what my brain thinks I am
looking for. (P6)

Lesson #1 To explain Al's guidance, suggestions and recommendations, the system
should go beyond a one-size-fits-all concept and provide instance-specific details
that allow a medical user to see evidence that leads to a recommendation.

Recommendation #1: an overview + instance-based explanation of Al's suggestions.
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User Study & Lessons Learned: Recommendation Box

So I just look at the ones in the [recommendation] square? (P7)

Am [ supposed to assume the rest of it is normal? I don 't have to go searching for the
rest of the slides for [tumor]? (P2)

Lesson #2 Medical diagnosis is seldom a one-shot task, thus Al's recommendations
need to continuously direct a medical user to filter and prioritize a large task space,
taking into account new information extracted from a user’s up-to-date input.

Recommendation #2: make Al-generated suggestions always available (and
constantly evolving) throughout the process of a (manual) examination.

Samueli -y UCLA HCI
School of Engineering ?;\;O;// R E S E A R C H




User Study & Lessons Learned: Attention Map

The attention map shows the same thing as the recommended box. The box is enough to
direct my attention. (P2)

I don t really see the point of the attention map ... These two maps are redundant. (P4)

Lesson #3 Medical tasks are often time-critical, thus the benefits of Al's guidance,
suggestions and recommendations need to be weighed by the amount of extra
efforts incurred and the actionability of the provided information.

Recommendation #3: weigh the amount of extra efforts by co-designing a system
with target medical users, as different physicians have different notions of time
urgency.

Attention Map
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User Study & Lessons Learned: Prediction Map

That was all negative, and I didn t get a strong heatmap signal, so it was confirmatory
and somewhat helpful. (P6)

Lesson #4 To guide the examination process with prioritization, Al should help a
medical user narrow in small regions of a large task space, as well as helping them

filter out information within specific regions.

Recommendation #4: use visualization to filter out information, I.e., leverage Al's
results to reduce information load for the physicians.

Prediction Map
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User Study & Lessons Learned: Agile Labeling

“This is actually adding more work for me, but I would be willing to add
labels knowing I would be improving the model” (P4)

Lesson #5 It Is possible for medical users to provide labels during their workflow
with acceptable extra effort. However, the system should provide explicit feedback

on how the model improves as a result, as a way to motivate and guide medical
users future inputs.

Recommendation #5: when adapting the model on-the-fly, show a visualization that
Indicates the model's performance changes as the physician labels more data.

Agile Labeling
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User Study & Lessons Learned: Performance Confidence

High confidence: Click to see Al predictions

On the ones that it said it s confident but didn t really tell you it's negative, I still felt
like I had to look at those to confirm. I wasn t going to trust the system [to confirm]
that it’s negative (P2)

Lesson #6 Tasks treated equally by an Al might carry different weights to a medical
user. Thus for medically high-staked tasks, Al should provide information to validate
Its confidence level.

Recommendation #6: provide additional justification for a negative diagnosis of a
high-staked disease

Slide 4
Macro

Performance Confidence
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Contributions

1. The first suite of interaction techniques the enables physicians to interact with Al with adaptive
degree of initiatives based on Al's capabilities and limitations;

2. A proof-of-concept system that embodies these techniques as an integrated diagnostic tool for
pathologists to detect tumors from histological slides:

3. A summary of observations and lessons learned that provides empirical evidence of employing
mixed-initiative interaction in the medical imaging domain.
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