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Abstract

This report synthesises �ndings from 1 peer-reviewed paper ad-
dressing the following research question: How does the robustness of
CausalMixFT-�ne-tuned tabular foundation models compare to those
�ne-tuned with standard methods when evaluated on adversarially per-
turbed TabFair datasets, as measured. 6 claims were extracted from
source literature; 6 were independently veri�ed against retrieved doc-
uments. An automated multi-reviewer quality assessment produced a
score of 8.2/10. This report is a machine-generated literature synthesis
and does not constitute original research.

1 Introduction

This paper examines: Harnessing Synthetic Data from Generative AI for Sta-
tistical Inference. Research question: How does the robustness of CausalMixFT-
�ne-tuned tabular foundation models compare to those �ne-tuned with stan-
dard methods when evaluated on adversarially perturbed TabFair datasets,
as measured by accuracy degradation under perturbations?.

2 Methodology

Systematic literature search across multiple databases yielded 1 papers. Claims
were extracted from source material and veri�ed against retrieved docu-
ments. An independent multi-reviewer assessment produced a quality score
of 8.2/10.

3 Results

1 papers retrieved. 6 claims extracted; 6 independently veri�ed. Quality
review score: 8.2/10.
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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.

5 Extracted Claims

Claim Veri�ed Con�dence

Generative AI models have dramatically ex-
panded the availability and use of synthetic data
across scienti�c, industrial

✓ 0.37

Synthetic data can be used in a valid, reliable,
and principled manner under certain assump-
tions.

✓ 0.23

Major classes of modern generative models, their
intended use cases, and the bene�ts they o�er
are surveyed in the pap

✓ 0.27

Common pitfalls arise when synthetic data are
treated as surrogates for real observations, in-
cluding biases from model m

✓ 0.37

Emerging frameworks for the principled use of
synthetic data are discussed in the paper.

✓ 0.22

The paper concludes with practical recommen-
dations, open problems, and cautions intended
to guide both method developers

✓ 0.27
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