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Abstract

This report synthesises findings from 15 peer-reviewed papers ad-
dressing the following research question: What are the accuracy trade-
offs when applying adversarially-trained graph convolutional networks
for missing data imputation in code generation dependency graphs,
as measured by BLEU scores on. Traditional machine learning meth-
ods face unique challenges when applied to healthcare predictive an-
alytics. The high-dimensional nature of healthcare data necessitates
labor-intensive and time-consuming processes when selecting an appro-
priate set of features for each new task. 11 claims were extracted from
source literature; 10 were independently verified against retrieved doc-
uments. An automated multi-reviewer quality assessment produced a
score of 8.5/10. This report is a machine-generated literature synthesis
and does not constitute original research.

1 Introduction

This paper examines: Time Series Prediction Using Deep Learning Methods
in Healthcare. Research question: What are the accuracy trade-offs when
applying adversarially-trained graph convolutional networks for missing data
imputation in code generation dependency graphs, as measured by BLEU
scores on adversarially perturbed test sets compared to non-adversarial meth-
ods?.

2 Methodology

Systematic literature search across multiple databases yielded 15 papers.
Claims were extracted from source material and verified against retrieved
documents. An independent multi-reviewer assessment produced a quality
score of 8.5/10.



3 Results

15 papers retrieved. 11 claims extracted; 10 independently verified. Quality
review score: 8.5/10.

4 Limitations

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



5 Extracted Claims

Claim Verified Confidence

Traditional machine learning methods face v 0.27
unique challenges when applied to healthcare

predictive analytics.

The high-dimensional nature of healthcare data v 0.31
necessitates labor-intensive and time-consuming

processes for feature sel

Traditional machine learning methods depend v 0.30
heavily on feature engineering to capture the se-

quential nature of patient d

Traditional machine learning methods often fail v 0.26
to adequately leverage the temporal patterns of
medical events and their

Recent deep learning methods have shown v 0.31
promising performance for various healthcare

prediction tasks.

Deep learning techniques excel at learning useful v 0.38
representations of medical concepts and patient

clinical data from hig

The authors systematically reviewed research v 0.28
works focusing on advancing deep neural net-

works for patient structured tim

The study searched MEDLINE, IEEE, Scopus, v 0.23
and ACM Digital Library for relevant publica-

tions.

The literature search covered publications avail- X 0.07
able through November 4, 2021.

Researchers have contributed to deep time series v 0.29
prediction literature in 10 identifiable research

streams.

Identified research streams in deep time series v 0.34
prediction include DL models, missing value

handling, addressing tempora
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