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Abstract

This report synthesises findings from 4 peer-reviewed papers ad-
dressing the following research question: How does integrating counter-
factual explanations into causal inference models affect their robustness
against covariate shifts in tabular data benchmarks. 14 claims were
extracted from source literature; 0 were independently verified against
retrieved documents. An automated multi-reviewer quality assessment
produced a score of 3.1/10. This report is a machine-generated litera-
ture synthesis and does not constitute original research.

1 Introduction

This paper examines: The Causal Round Trip: Generating Authentic Coun-
terfactuals by Eliminating Information Loss. Research question: How does
integrating counterfactual explanations into causal inference models affect
their robustness against covariate shifts in tabular data benchmarks?.

2 Methodology

Systematic literature search across multiple databases yielded 4 papers. Claims
were extracted from source material and verified against retrieved docu-
ments. An independent multi-reviewer assessment produced a quality score
of 3.1/10.

3 Results

4 papers retrieved. 14 claims extracted; 0 independently verified. Quality
review score: 3.1/10.



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

FExogenous nodes in the proposed model are X 0.06
modeled non-parametrically via the Empirical

Distribution of the observed data

The CausalDiffusionModel employs a Residual X 0.00
MLP (He et al., 2016) as the denoising network

$\epsilon$$\ theta$(vt, t, c).

Continuous parent nodes are standardized using X 0.02
StandardScaler, while categorical parent nodes

are one-hot encoded using

The total loss function is defined as Ltotal = X 0.03
Ldiffusion + $\lambda$ $\cdot$ Ltask.
The auxiliary loss Ltask is implemented as Mean X 0.03

Squared Error for continuous nodes and Cross-

Entropy loss for discrete n

On the benchmark table provided, the BELM- X 0.02
MDCM method achieved a Mean ATE of

5266.87 $\pm$ 197.14.

On the benchmark table provided, the Causal X 0.02
Forest method achieved a Mean ATE of 4895.77

$\pm$ 69.26.

On the benchmark table provided, the Double X 0.04

Machine Learning method achieved a Mean ATE

of 4285.63 $\pm$ 550.97.

The framework was evaluated on the Lalonde X 0.04
dataset (Lalonde, 1986), which has a known

RCT ground truth.

On the Lalonde dataset, the BELM-MDCM X 0.03
framework achieved a mean ATE estimate of

1567.36 $\pm$ 201.62.

The RCT Benchmark ATE for the Lalonde X 0.02
dataset is approximately 1794.

On the Lalonde dataset, the Causal Forest base- X 0.03
line exhibited a standard deviation of 785.59.

The BELM-MDCM framework’s standard devi- X 0.06

ation on the Lalonde dataset is approximately

four times lower than that of the C

Results for all models on the Lalonde dataset X 0.03
are reported as Mean $\pm$ Standard Deviation

across 5 independent runs.
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