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~460 million

suffer from thyroid diseases worldwide [1]

Higher in poorer countries
Increases with age




Missed...

@

Symptom Variety

Thyroid diseases can manifest
many different symptoms
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Symptom Overlap

Thyroid disease symptoms
often overlap with mundane
problems, like sleep deprivation
& obesity [2]

Blood Work Ambiguity

Blood work abnormalities can
often be explained by other
mundane problems [2]
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JUST

make a model
to classify it




~ BLOOD.

b ...test dataset [3] from the UCI machine learning repository
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DATASET

AGE SEX '

SURGERY? MEDICATION?
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Sanitisation & Augmentation
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Get dataset Purge irrelevant data Change M/F to 0/1

9172x31 matrix patient ID sex
referral source

T

Change T/F to 0/1

on meds?,
had surgery?,
is marker measured?
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Fill empty values with 0 Multi-label binarisation Augment data

unmeasured blood
markers

T

Train model




Diagnosis

Characters Multi-label

- Healthy A A is the diagnosis

A Hyperthyroid

B T3 toxic AB Both A & B are diagnosed

C Toxic goitre

D Secondary toxic A|B  Ais the more likely diagnosis, but

B is also possible
Elevated TBG
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Diagnosis multi-label binarisation
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Data Augmentation
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Random Forest Ensemble
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( Majority voting )
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One vs Rest Classification

Binary classification:

/A
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Multi-class classification:




Classifier Chaining
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Overall accuracy: 1.0
Overall precision: 1.0
Overall recall: 1.0

Classification Report:
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Training (60%)

Giant Confusion Matrix Heatmap
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Overall accuracy: 0.9798924180327869
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Overall precision: 0.9860525323222735 - ()
Overall recall: 0.980947900740915 eS I I Ig o °

Classification Report:
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True Labels
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Conclusion:

can classify

% accuracy
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Future Direction?

Compile a dataset with more features and more diagnoses,
this can probably help to discriminate differential diagnoses
Give output in terms of severity/stage

Evaluate treatment plans of more diseases
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Thanks!

Do you have any questions?
bmeinfo@cuhk.edu.hk | +852 3943 1935
www.bme.cuhk.edu.hk
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CREDITS: This presentation template was created by Slidesgo, and
- includes icons by Flaticon, and infographics & images by Freepik
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