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Abstract

This report synthesises �ndings from 14 peer-reviewed papers ad-
dressing the following research question: To what extent does Mul-
GAD maintain detection accuracy under adversarial feature pertur-
bations compared to state-of-the-art semi-supervised graph anomaly
detection frameworks. Abstract Deep learning (DL) is revolutionizing
evidence-based decision-making techniques that can be applied across
various sectors. Speci�cally, it possesses the ability to utilize two or
more levels of non-linear feature transformation of the given data via
representation. 12 claims were extracted from source literature; 7 were
independently veri�ed against retrieved documents. An automated
multi-reviewer quality assessment produced a score of 6.8/10. This
report is a machine-generated literature synthesis and does not consti-
tute original research.

1 Introduction

This paper examines: Deep learning modelling techniques: current progress,
applications, advantages, and challenges. Research question: To what ex-
tent does Mul-GAD maintain detection accuracy under adversarial feature
perturbations compared to state-of-the-art semi-supervised graph anomaly
detection frameworks?.

2 Methodology

Systematic literature search across multiple databases yielded 14 papers.
Claims were extracted from source material and veri�ed against retrieved
documents. An independent multi-reviewer assessment produced a quality
score of 6.8/10.
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3 Results

14 papers retrieved. 12 claims extracted; 7 independently veri�ed. Quality
review score: 6.8/10.

4 Limitations

This report is a machine-generated literature synthesis and does not consti-
tute original research. Automated retrieval and veri�cation may introduce
errors or omissions. Review scores re�ect automated assessment, not hu-
man peer review. Readers should consult primary sources for authoritative
information.
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5 Extracted Claims

Claim Veri�ed Con�dence

Deep learning utilizes two or more levels of non-
linear feature transformation via representation
learning.

✓ 0.17

Articles surveying deep learning architectures
encompassing the full scope of the �eld are lim-
ited.

✓ 0.16

Many deep learning models exhibit highly
domain-speci�c e�ciency.

✓ 0.20

Many deep learning models can be trained by
two or more methods.

× 0.10

Training deep learning models can be very time-
consuming.

× 0.13

Training deep learning models can be expensive. × 0.08
Training deep learning models requires huge
samples for better accuracy.

✓ 0.17

Deep learning is susceptible to deception and
misclassi�cation.

× 0.13

Deep learning models tend to get stuck on local
minima.

× 0.12

Deep learning has led to results in the health-
care, education, security, commercial, industrial,
and government sectors.

✓ 0.21

Convolutional neural networks (CNN), genera-
tive adversarial networks (GAN), recurrent neu-
ral networks (RNN), recursive n

✓ 0.28

The potential of deep learning models other than
CNN, GAN, RNN, recursive neural networks,
and autoencoders remains wide

✓ 0.20
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