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Introduction

¢

Accurately classifying medical images is crucial for early diagnosis and effective treatment, but limited

training data remains a critical obstacle.

Traditional data augmentation techniques like geometric transformations and color jittering are used to

expand datasets in literature.

Another strategy is Self-Supervised Learning, which holds promise by learning representations from
unlabeled data. Despite its potential, aligning learned features with specific diagnosis tasks proves to be

challenging, and the performance in medical domains often falls short of optimal levels.

Transfer Learning, where leveraging pre-trained models on large-scale datasets can enhance performance
on smaller medical datasets. However, the presence of domain mismatch, characterized by differences
between the training and target datasets, poses a substantial challenge and can significantly impact the

model's generalizability.

This paper introduces a novel TextBased Style-Manipulated GAN augmentation framework (TB-SMGAN)
that overcomes these limitations by leveraging the combined capabilities of StyleGAN2-ADA (Karras et al.,
2020) and StyleCLIP (Patashnik et al., 2021).
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Introduction

¢ RuleBased Information Extraction from X—tay Reports: We develop a novel rule-based algorithm for

accurately extracting relevant information from X-ray reports. This extracted information provides

additional context for medical image analysis and enhances the effectiveness of downstream tasks.

¢ Fine-Tuning CLIP for Medical Domain Adaptation: We fine-tune CLIP using various text extraction methods

specifically tailored for the medical domain. This domain adaptation ensures the learned representations
are relevant and informative for medical applications, leading to improved performance in subseqguent

tasks.

¢ TextBased Latent Space Manipulations for Medical Data Augmentation: This work introduces a novel

approach that utilizes text-based information to manipulate the latent space of GANSs. This approach
enables the generation of synthetic medical data that is not only realistic but also semantically aligned with
the extracted textual information, further enriching the training dataset and improving the generalizability

of deep learning models trained on augmented data.
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TB-SMGAN FrameWork
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Experiment results

4 Datasets

¢ we employ the CheXpert dataset (Irvin et al., 2019), comprising about 225,000 chest

X—ray images from Stanford University Medical Center.

& The dataset includes 14 classes, with uncertain labels categorized as positive,

negative, or uncertain.

¢ On our framework, we focus on five specific classes—Atelectasis, Cardiomegaly,

Consolidation, Edema, and Pleural Effusion.
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Experiment results

¢ TB-SMGAN Framework

¢ This section presents the experimental results of our proposed method for augmenting chest X—

ray datasets using text-based style manipulations

Table 1. Classification results on only synthetic data generated by TB-SMGAN

Fine-Tuning Cardiomegaly |Edema Consolidatio |Atelectasis |Pleural- Mean
Strategy (PR-AUC) (PR-AUC) [n (PR-AUC) [(PR-AUC) |Effusion AUC
(PR-AUC)

a ~ rule-based (-) 0,147 0,198 0,196 0.194 0,193 0,186
T mpessiens T impression (<) (0,191 0,203 0,159 0,169 0,175 0,179
= S j_ rule-based-V2 (-) (0,234 0,228 0,126 0,169 0,227 0,197
> WGSum original-CLIP (-) |0,151 041 0,225 0,197 0411 0,279
: : WGSum- 0,254 0,241 0,207 0,247 0,24 0.238

( generated (-)

H=»  rule-based

L randomized (-) 0,19 0,269 0,182 0,261 0,312 0,243
- ~ inverted 0,241 0.294 0,219 0.221 0,277 0,251
7 etV | rule-based (+) 0,579 0,235 0,17 0,364 0432 0.356
Fiformiation impression (+) 0,27 0,232 0,353 0,516 0,455 0,365
Exmeion] | pyle-based-V2 (+) [0,208 0.382 0,222 0.281 0.619 0,342
original-CLIP (+) (0,339 0,38 0,336 0.26 0,205 0,304
WGSum- 0,159 0,579 0,281 0,221 0,315 0311

generated (+)
randomized (+) |0318 0,181 0,288 0,217 0,187 0,238
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Experiment results

¢ TB-SMGAN Framework

Table 2. Classification performance resulis of fine-tuning strategies on text-based style manipulated GAN

augmented dataset
Fine-Tuning Strategy I((l‘,a}rl'ﬂi\t)ll’!;‘e:;al_\‘l(!lpd]::l\al. o) ((PDI:_SKI;‘?; i ;:)t:{l::tla:n; Flf;:::‘ol; ) Mean AUC
(PR-AUC)

|pure-dalaset 0,719 0,745 0,615 0,633 0,842 ),711
;:'sﬁ_’\f;d(i?’ ks il v 0756 .59 D644 0,847 0,709
impression (+) 0,688 0,766 0,562 0,68 0,855 0,71
original-clip (+) 0,738 0,779 0,566 0,667 0,843 0,719
rule-based-V2 (+) 0,658 0.8 0,643 0,66 0,841 0,72
rule-based (-) 0,641 0,782 0,728 0,624 0,837 0,722
inverted 0,7 0,788 0,66 0,651 0,841 0,728
rule-based (+) 0,684 0,796 0.659 0,693 0,821 0,731
'WGSum-generated (-) 0.659 0,791 0.671 0.698 0.834 0,731
randomized (+) 0,678 0,818 0.614 0,712 0,835 0,731
rule-based-V2 (-) 0,649 0,787 0,703 0,707 0,838 0,737
randomized (-) 0,682 0,791 0,688 0,701 0,827 0,738
'WGSum-generated (+) 0,687 0,79 0,669 0,691 0,852 0,738
lensemble-without-impression 0.694 0,796 0,69 0,701 0,818 0,74
impression (-) 0,664 0,796 0,758 0,682 0,823 0,744
[StyleGAN2-Augmentation 0,71 0,772 0,676 0,702 0,863 0,745
original-clip (-) 0.67 0.81 0.706 0,727 0,827 0,748
rule-based (+) and inverted 0,723 0,796 0.658 0,743 0,847 0,753
TB-SMGAN (ensemble) 0,672 0,802 P.783 0,667 0,845 0,754
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Conclusion

& Thiswork leverages the generative power of StyleGAN2-ADA to perform data

augmentation for medical image datasets.

& Moreover, we introduce a textbased style manipulated GAN augmentation technique
named TB-SMGAN for the medical domain.

& We utilize DeepAUC, the top solution of the CheXpert competition, to demonstrate the

effectiveness of our GAN augmentation technique.
& While our findings are promising, there are several directions for future research.

& First, it would be beneficial to explore the application of our proposed framework to

other domains beyond medical imaging, to assess its generalizability.

¢ Second, developing a consistent measurement methodology for the quality of the

dataset could yield valuable insights
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