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Problem: Imbalanced Datasets
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» Models trained on such imbalanced datasets often exhibit a bias towards the
majority class. (High accuracy for majority class, low accuracy for minority
classes.)

> Can lead to inequitable healthcare outcomes.
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Fairness Metrics
Accuracy is not a good indicator of fairness.
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https://upload.wikimedia.org/wikipedia/commons/thumb/1/13/Roc_curve.svg/440px-Roc_curve.svg.png
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Existing Method: SMOTE Algorithm
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https://rikunert.com/smote_explained
Our SMOTE implementation:

» Number of minority class samples: T ~~ 1000
» Number of nearest neighbors: K =5
» N %, amount of SMOTE: 90%
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Why Denoising Diffusion Probabilistic Model?

https://openai.com/dall-e-27?ref=assemblyai.com
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Denoising Diffusion Probabilistic Model

Po(X-11x¢)

q(xe|x;_1)

G —————- Forward Diffusion

------ -p Reverse Diffusion

Forward (noising) process:

q(x¢|xe—1) = N(x¢; MXH, Brl).

Denoising process:

po(xe—1|x¢) ~ N (xe—1; po(Xt, t), Zg(xe, t))

https://miro.medium.com/v2/resize:fit:1400/format:webp/1*MLRitrnUd0y6rPtZfNw04w.png
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Forward Diffusion Process

Definition:
q(xe|xe—1) ~ N(xt; /1 — Bexe—1, Bel)
Simplification:
q(x¢|x0) ~ N (x¢; vVarxo, (1 — ag)l)
where a; :=1— §; and at := I'Igzlas

Sampling is easy!

Xt|X0 =V &txo + vV 1-— O_éte
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Denoising Diffusion Process

Parameterize Mean:

(xt

X =
/’LG ty \/Oé—tL
Loss Function:

5|mple = HE - 60(\/>X0 + V1 — ae, t)Hz
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Conditional DDPM AT ONE SPECIFIC TIME STEP
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DATA AUGMENTATION PROCESS
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MNIST Experiment

Experiment
Test Conditional DDPM on 2 classes of MNIST

Control Methods
» Unbalanced data: choose 100% of class 7 samples and 10% of class 2
samples

» Balanced data: even split between class 7 and class 2 (Original data)

Augmentation Methods
» Data augmented by SMOTE
» Data augmented by DDPM (Aug_DDPM)
» Fully DDPM-generated data (Full_gen)
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Biased Classifier due to training on Imbalanced Data

MNIST Imbalanced Dataset Composition
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Confusion Matrices
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Results: Fairness Metrics

F1 | Precision | Recall | AUROC
Unbalanced | 0.829 0.751 0.998 0.834
Balanced | 0.948 0.936 0.961 0.948
SMOTE | 0.947 0.933 0.963 0.947
Aug_DDPM | 0.948 0.937 0.960 0.948
Full_gen 0.948 0.940 0.957 0.948

Table: Performance of Augmented Datasets
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Next Steps: Electronic Health Records (EHR)
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Future Questions:

» Will a Conditional DDPM be superior to existing methods for EHR?
» How can we account for multiple classes in our implementation?

» How do we assess the quality of synthetically generated tabular data?

=] F
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