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Question Al for Health

How to determine the sample-
size for machine learning in
dental imaging?
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In Theory: Definition Al for Health

“In classical statistics, Sample-Size
Determination Methodologies (SSDMs)
estimate the optimum number of participants
to arrive at scientifically valid results, often
balancing an acceptable degree of precision
with availability of resources”

Sample-Size Determination Methodologies for Machine Learning in Medical Imaging Research: A Systematic Review

*September 2019
*Canadian Association of Radiologists Journal 70(4)
DOI:10.1016/j.carj.2019.06.002



https://www.researchgate.net/journal/Canadian-Association-of-Radiologists-Journal-1488-2361
http://dx.doi.org/10.1016/j.carj.2019.06.002

In Theory: in Medicine/Dentistry Al for Health

“Analogously, for ML in medical imaging, we define an
SSDM as a procedure to estimate the number of images
required for an ML algorithm to reach a particular
threshold of performance, or a sufficiently low
generalizability error. While sample size issues may
affect many ML disciplines, this is a particularly
poignant challenge in medical imaging, where access to
large quantities of high quality data is elusive”

Sample-Size Determination Methodologies for Machine Learning in Medical Imaging Research: A Systematic Review
*September 2019

*Canadian Association of Radiologists Journal 70(4)
DOI:10.1016/j.carj.2019.06.002
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In Theory: Approaches

Pre Hoc SSDMs

Al:+

Post Hoc SSDMs

Al for Health

ITU-WHO Focus Group

Efficiency

Fast, not computationally
demanding

Computationally Demanding
(require Performance Testing
Procedures - PTPs)

Machine Learning (ML)

Validated for simpler binary

Validated for multiclass

algorithms and single hidden
layer feed forward neural
networks

Task classification tasks classification problems
Dimensionality/Imaging Generally for low dimensional Validated for higher
Modality data dimensional data
Algorithm Validated for simple ML Validated for more complex

algorithms and convolutional
neural networks

Complexity of Problem

Ideal for relatively simpler
tasks (c.g. high inter-class
differences, distributional
assumptions to data structure)

May be more ideal for
complex ML tasks (subtler
inter-class differences, need
for higher generalizability)

Validity of Sample Size
Estimate

Can vary greatly based on
methods used and the ML
tasks.

Error between estimated
performance and actual
performance can <5%.
NxSubsampling and Nx Cross
Validation PTPs may have
higher variance of
performance estimate at low
subsample sizes and low test
sizes respectively.

Sample-Size Determination Methodologies for Machine Learning in Medical Imaging Research: A Systematic Review

*September 2019

*Canadian Association of Radiologists Journal 70(4)

DOI:10.1016/j.carj.2019.06.002
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|n Practice Al for Health

« The Goal of your Project

« The Task you are planning to

* The Architecture or Network

« The Availability of Data

* Previous researches or papers
« The Annotation Process

* The Infrastructure

 The Modality
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Panoramic or OPG — 1.000
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Panoramic or OPG — 1.000

Periapical or Intraoral — 18.000

Lateral Cephalometric — 1.000

CBCT - 180.000
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The DICOM Hierarchy Al: = Alfor Health

DICOM Hierarchy

serie’
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Quantity x Quality

Al:+

Al for Health

ITU-WHO Focus Group

4742_160909_132405_17584.jpg

4800_180906_112621_25344jpg

R e L

4746_161122_140135_26712jpg

-

4790_161201_113320_27127 jpg

o —

Dr. Nielsen S. Pereira — nielsen.spereira@gmail.com




Annotation Task Al for Health

1. The Annotation Tool

. Experienced and Certified Team
. OMFR Supervisor

. Annotation Guideline

. Calibration Meeting

. Calibration Dataset

. Team annotation follow up and corrections

o N OO O A WD

. Specify a Deadline
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Modality Amount

Lietal. |
Chen et al. X
Orhan et al.
Moidu et al.
Choi et al.
Ezhov et al.
Sivasundaram et al.

Lee et al.
Basaran et al.

Yiksel et al.
Yang et al.
Yang et al.

Lee et al.
Herbst et al.
Lietal.
Bayrakdar et al.
Duman et al.
Hiraiwa et al.
Fukuda et al.
Lietal.
Sherwood et al.

Endres et al.

Ekert et al.
Deleat-Besson et al.
Deleat-Besson et al.

Zhang et al.

Lietal.
Caputo et al.
Yilmaz et al.
Zadrozny et al.

Duan et al.

Setzer et al.

Okada et al.
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Open Dataset Risk Al for Health

The Raw Data
Metadata (Gender, Sex, Equipment, etc.)
The ORIGIN of the data

Selection Criteria (Randomization / Anonymization

a &~ 0 bdp =

If annotated, the quality of the annotation
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Thank you very much!




