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Imaging Biomarkers in Drug Evaluation Trials

Imaging biomarker
* Measurable defined characteristic
* Indicator of processes or responses to an intervention
* Numerical or categorical outcome measure
* Based on in-vivo medical imaging

The role of Al in producing imaging biomarkers
Examples in drug evaluation trials

* Lung emphysema secondary to a,-antitrypsin deficiency
* Early treatment of patients with arthralgia suspected of developing

rheumatoid arthritis
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Different Routes to Produce an Imaging Biomarker

Classical versus Deep Learning
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Classical Route: Lung CT Densitometry

Pulmonary emphysema is defined in pathological terms:
Permanently enlarged distal airspaces and destruction of their walls?!
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Direct way of measuring emphysema: quantification of tissue density
X-ray absorption = physical density
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Only in the lungs: 3D imaging data from Computed Tomography
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Lung CT = Densitometry

E Hep
& -& vEere R

From image processing we obtain:
* Lung Volume (V)

15t percentile density
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Classical Route: Lung CT Densitometry to Quantify Emphysema
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Lung Densitometry in Drug Evaluation Trials on Emphysema Secondary to

a1-Antitrypsin Deficiency
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Putting Things into Perspective

Natural progression of AATD emphysema

* Each liter of lung tissue looses 2 gram (HU) per year
Treatment effect of AAT augmentation therapy

* Of each liter of lung tissue 1 gram (HU) is preserved each year

Tolerance levels for CT number accuracy in clinical practice?:
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Quality Control of CT Scanners,
More Strictly than Clinical Tolerance Levels

Difference from Baseline [HU]
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To correct this, internal recalibration during image analysis

Stoel BC, et al. Proc Am Thorac Soc. 15;5(9):929-33 2008 19-sep-24



Different Routes to Produce an Imaging Biomarker

Classical versus Deep Learning

Rheumatoid arthritis (RA) is the most common autoimmune diseases

Asymptomatic Clinically Suspect Arthralgia Arthritis, RA Destructive RA
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A

TREAT EARLIER Trial

Early, preventive treatment in Clinically Suspect Arthralgia (CSA) patients:
* Placebo (n=117)

* Single intramuscular glucocorticoid-injection and a one-year course of oral methotrexate (n=119)

-. High resolution plane m * Four time points (BL, 4, 12 and 24 months)
Location T1 fat-suppressed + contrast
COR 805

TRA 805

P s05 * Visually scored by the RAMRIS system, by
TRA 805 clinical experts

COR 792

TRA 787
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Inflammatory Lesions in Rheumatoid Arthritis (RA)

According to the RAMRIS system:
* Tenosynovitis

Inflammation of tendon sheaths

No tenosynovitis

<1.5mm tenosynovial contrast enhancement
21.5mm but <3mm tenosynovial contrast enhancement

w N = O

>3mm tenosynovial contrast enhancement

* Synovitis N\ VS
Inflammation of synovial joint-space
normal

mild (up to % of presumed maximum area)
moderate (up to % of presumed maximum area)

w N = O

severe (>% of presumed maximum)
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Inflammatory Lesions in RA

* Bone marrow edema (BME)

A.k.a. osteitis (bone inflammation)

no BME

1-33% of bone with osteitis
34 - 66% of bone with osteitis
67 — 100% of bone with osteitis

w N = O
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Can Al Help?

Input Predictions
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A. In assessing severity of arthritis? L | Werel

* By simulation visual scoring (RAMRIS)
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Images for scoring

* Training set: 727 clinically suspect arthralgia (CSA); 1247 early onset
arthritis; and 174 healthy controls

* Validation set: 127 CSA patients from the TREAT-EARLIER trial

Li, Y et al., Ann Rheum Dis, POS1376, 2024
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Simulating Visual Scoring — Results
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Can Al Help?

Inpum Treatment arm classification

B. Localizing treatment effects? /
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Localizing Possible Treatment Effects: Change Maps

- Assumptions
* Predictable changes are coming from the (non-calibrated) MRI scanner
><

* Unpredictable changes are relevant changes

Otsu on Positive Pixels Otsu on Negative Pixels

Subtract(Baseline - Re Follow-up) Subtract(Follow-up - Re Baseline)

Follow-up

m

intensity
M increase

M decrease

Bascline Follow up Proposed Model

HassanZadeh, T et al. Biomedical Signal Processing and Control 88, 2024 19-sep-24




Classification, Explanation Methods

Focused on change maps of the wrist (since segmentations are available)
1. By Input Blocking

* At a voxel level: by square masks at each position in the image

* At anatomical level (tenosynovium, synovium, bones, tendons, vessels, skin, remaining tissue)

2. By Class Activation Maps (CAMs)

Neural Network

Label

Features

HassanZadeh, T et al. in preparation 19-sep-24



Interpretation of Blocking Effects

Original
change map:

Trained CNN

@' Inltlal classification:

Masked
chan .
Trained CNN

% CIassnflcatlon after masking:
FN FP TN FP FN TP

Confidence
change in target P N N P
class (P/N): N\ "y Y\ \
=== |nconclusive/not helping mmm Relevant Irrelevant mmm Misleading

19 HassanZadeh, T et al. in preparation 19-sep-24




Results: Voxel-based Blocking and CAMs

4 Misleading

Image data Saliency maps

Baseline Follow-up Change map A Confidence CAM

Example 1 (TN): RIS
Label =PLA i
Output = PLA

Example 2 (TP): o oA
Label =TRT
Output = TRT

L} Relevant

Example 3 (FN):
Label =TRT
Output = PLA

Example 4 (FP):
Label =PLA
Output = TRT N

HassanZadeh, T et al. in preparation
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Anatomical Level Masking

m

74.05 63.24 77.84 72.97 75.14 80.00

Relevant 6.49 17.30 2.70 7.57 541 0.54
Misleading 1.08 1.08 0.00 2.16 0.54 0.00
Not 18.38 18.38 19.46 1730 18.92 19.46

helping

21 HassanZadeh, T et al. in preparation 19-sep-24




Can Al Help?

A. In assessing severity of arthritis?
* By simulation visual scoring (RAMRIS)

B. Localizing treatment effects?

C. Predicting treatment response? Treatment arm
h=

* Facilitate patient selection

* Prevent overtreatment

Non-responder Responder

n=79 n=34

Definition of treatment response:
Decrease in visual score of inflammation > 3 points (RAMRIS)
= smallest detectable change in visual score, by two observers

HassanZadeh, T et al., Ann Rheum Dis, OP0182 2024 19-sep-24



Treatment Response Prediction: Two-step Approach

MRI Scans

1. RAMRIS score estimation @

2. Treatment response prediction

TS W

0 Five times 3-fold cross-validation
with different splits, with hold-out test set

Training
“Validation” i.e. Monitoring
Testing

5x = Mean AUC

Axial Coronal

Fold
1 i 2 3

Ilteration
W N -
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Treatment Response Prediction: Results

AUC: 72% *£ 7.83

Test characteristics (n=27):
* Positive predictive value:
* Negative predictive value:
* Sensitivity:
* Specificity:

65 %
79 %
53 %
86 %

HassanZadeh, T et al., Ann Rheum Dis, OP0182 2024

5th Experiment:
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Conclusions on the Role of Al

Al can helpin
* Assessing severity of arthritis
* Localizing treatment effects
* Predicting treatment response, to facilitate patient selection

Classical imaging biomarker Deep learning based biomarker

Easily explainable Explainable Al: work in progress
Manual correction possible Work in progress

Quality control is relatively simple Complex

Imaging biomarkers are interpretable Interpretation through saliency maps
Restricted to chosen features Possibility to discover new features
Based on prior knowledge Hypothesis generation

Both need stringent quality control of image acquisition
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