Al-Based Reconstruction for
Fast MRI
A Systemic Review & Meta-Analysis
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Introduction F/A/:\\\U

« Critical Role of MRI in Medical Diagnostics
« Challenges of long acquisition times
« Solution: Al-based reconstruction as a solution

« Goal of the paper: Review Al advancements in MRI

Source 8: Case courtesy of Frank Gaillard, Radiopaedia.org, rID: 2756
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Background F/A\\U
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(Right) Compressed sensing samples at random (incoherent) intervals
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(Left) A random sampling of the original MRI space.
(Middle) The image reconstructed without Al.

(Right) The image reconstructed with Al (combined with CS)
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ML/AI Architectures
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Methodology

Data collection process

)

Identification

)

Screening

[

Eligibility

Included

Records identified through database
searching (n = 1460)
Google scholar, PudMed, IEEE,
Cross Ref

Records after duplicates removed
(n=1144)

r

Records screened

(n=578)

F

Full-text articles
assessed for eligibility

Records excluded
(n = 455)

(n =123)

¥

Studies included in
qualitative synthesis
(n=92)

F

Studies included in
quantitative synthesis
(meta-analysis)
(n=74)

Full-text articles excluded, with
reasons
(n=31)

Full text unavailable (n=5)

Not in English (n=1)

Irrelevant (n=18)

Review article (n=3)

No new model proposed (n=3)
Not a research paper (n=1)

Publication number

40

20

=AU

Canada [ ]Korea H UK
China MNetherands USA
Country Germany| | Switzerdand Others
India Turkey
| —
| —
——
—/
2017 2018 2019 2020
Year

Master Seminar : "Spatio-Temporal data analysis techniques with application in medical imaging"



Methodology FA\\U

Data Collection

* Number of studies used in each analysis test. — -
Statistical test Number
« Abbreviations: Frequency bar charts 92
PCA: principal component analysis; RN NI SR VS o2
Comparison of SSIM performance 52
SSIM: structural similarity index, a popular metric of Comparison of PSNR performance 46
performance of deep learning model in CS reconstruction; [ R e e P —— 16
PSNR: peak signal-to-noise ratio. Deeks' test for PSNR improvement 9
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Methodology

Dataset-type & Sample-size
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Methodology

Input data Augmentation & Input Pixel number
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Methodology
MRI Sequence & MRI region
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Key Findings and Highlights
Learning Type & Category
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Key Findings and Highlights

Loss Function & Clustering
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Key Findings and Highlights

Parameter number & Computation time
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Key Findings and Highlights

Key Design Traits
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Key Findings and Highlights

Input Image Characteristics
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Key Findings and Highlights

Performance: Prospective-vs-Retrospective & Performance Metrics
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Key Findings and Highlights

Performance: Different Metrics comparison and Heatmap
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Key Findings and Highlights

Performance: Popular models used for comparison
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Key Findings and Highlights

Summary

* Private: 44.6%
* Public: 32.6%
* Both: 22%

Dataset
Diversity

Model Design
Evolution

* U-Net Dominance: 40%
(Correlation with time: 0.87)

* Trend: Supervised and

unrolled models rising

* Popular: SSIM and PSNR

* Sensitivity: SSIM for
lower, PSNR for higher
model performance

Performance

Metrics

)/

Reproducibility
Challenge

« Difficulty: Increasing
« Hard(Corr): 0.84
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Key Findings and Highlights

Summary

=AU

» Standard: 2D, 256x256, T1/T2
weighted

* Augmentation: To expand datasets

Image
Characteristics

Benchmarking

» Baseline: Zero-filling in 51.9% of
studies

» Acceleration Impact: Higher ratios

challenge performance

Technical
Notes

» Complex Signal Processing: Real-
imaginary split in 60.9% of models

« Computation Stats: Stable over time

Loss
Functions

Common: MSE, L1, L2 (Preference
for L1 to reduce oversmoothing)

Master Seminar : "Spatio-Temporal data analysis techniques with application in medical imaging"

20



Challenges and Outlook
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mmmm Challenges:

 Large Training Dataset Dependency
» Generalizability

 Training Duration

« Motion Artifact Sensitivity

— S

« Advancement Pace
* Image Exploration
 Benchmark Creation
« Healthcare Impact
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Beyond the Paper

Title/Abstract containing keywords like “MRI”, “reconstruction” & “deep learning”
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Beyond the Paper

Recent Research Trends: Meta-Analysis Overview (2021-2023)

Architecture
Diverse AI/ML architecture used.

Adaptive-CS-Net, Cascade-Net,
CRNN-MRI, Kalman-Filter, highly tuned
PG-DL, C-SENSE Al

Input dimension
Mostly 2D.

Performance metric
SSIM,PSNR widely used.

SNR, ERD, MSE, convergence
analysis, 1Q, Noise, Motion artifacts,
lesion detection, diagnostic certainty,
apparent SNR, apparent CNR, lesion

size, line profile. Qualitative metric still
used in niche cases.

=AU

Region
cardiac, knee, shoulder, prostate.

Acceleration ratio achieved
2-13 times.

Compared with
ResNet.
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Beyond the Paper

Search Trend (source 7)

L

FAU

Number of Research articles
35000

Search: "Image processing deep learning"

30000 30,905

27,393

25000
21,695

20000 20,589

—e—ScienceDirect

15000 14,050

10,239 —e—Springer

10000 7474

5111 8483

3259 4150
3302 5066

>000 1309 1431 1637 1713 2006 2187 2343 2504 2807

133 4537
1173 # —— = 0 2394 2p57 3014 3554 3695

2004 2006 2008 2010 2012 2014 2016 2018 2020 2022 2024
Year

Master Seminar : "Spatio-Temporal data analysis techniques with application in medical imaging" 24



Beyond the Paper FAU

The timeline of DL-based segmentation algorithms for 2D images, from 2014 to 2020. (source 6)
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