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Abstract

Most of the recent works on post-hoc example-based eX-
plainable AI (XAI) methods revolves around employing
counterfactual explanations to provide justification of the pre-
dictions made by AI systems. Counterfactuals show what
changes to the input-features change the output decision.
However, a lesser-known, special-case of the counterfacual
is the semi-factual, which provide explanations about what
changes to the input-features do not change the output deci-
sion. Semi-factuals are potentially as useful as counterfactu-
als but have received little attention in the XAI literature. My
doctoral research aims to establish a comprehensive frame-
work for the use of semi-factuals in XAI by developing novel
methods for their computation, supported by user tests.

Introduction
Counterfactual explanations tell people about the input-
features of an AI system that might change in order for to
change an outcome decision (usually to the desired option;
see e.g., (Smyth and Keane 2022)). For example, when a
customer is refused a loan, the counterfactual explanation
might say ”if you asked for a loan with shorter term, it
would have been approved”. Semi-factuals, on the contrary,
tell people about the feature changes that do not change the
outcome decision. So, in the banking recourse example, the
semi-facutal might say, ”even if you doubled your income,
you would still be refused the loan”. Counterfactuals and
semi-factuals have been shown to have different cognitive
effects on users, the former tends to inform about enabling
conditions, whereas the latter can weaken causal support
(McCloy and Byrne 2002). Though semi-factuals have been
studied in the Cognitive Sciences, they are only beginning
to be appreciated in XAI, even though they have as much
potential as counterfactuals (albeit in different contexts).

In my PhD research I am developing novel methods for
generating semi-factual explanations which would help peo-
ple better understand AI systems. Furthermore, I will also
explore how people perceive semi-factuals in user studies
and how their understanding of the causality can be affected.
My dissertation focuses on 3 main research questions:
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• RQ1: What does the prior literature on semi-factuals in
the field of Cognitive Science and AI tell us about the
desiderata for their use?

• RQ2: What novel methods can be devised to effectively
generate and interpret semi-factual explanations for AI
systems?

• RQ3: How do people comprehend and interpret semi-
factuals and how do these explanations impact their trust
and understanding of AI systems?

Progress To Date
My recent work (Aryal and Keane 2023) has focused on sur-
veying the historical and recent works on semi-factuals and
on formalising computational and cognitive desiderata for
semi-factuals in XAI (RQ1). I have also performed bench-
mark evaluations of historical methods and propose a novel,
baseline algorithm – the Most Distant Neighbor (MDN)
method – to support benchmarking.

Semi-factuals have been extensively studied in Philoso-
phy (Bennett 1982) and Psychology (McCloy and Byrne
2002) from different perspectives. The psychological re-
search shows that semi-factuals tend to weaken the causal
dependencies between the input and the outcome. When
someone is told that “even doubling your income will not
lead to a loan approval” they are more likely to think that
income is really not causally important in the domain.

The origin of semi-factuals in the context of XAI can be
attributed to the research on post-hoc example-based ex-
planations in the field of Case-Based Reasoning (CBR).
In this research, semi-factual explanations have been char-
acterized as a fortiori arguments which can provide more
convincing explanations for a given case than a ”standard”
Nearest Neighbor (Doyle et al. 2004). Other work has used
similarity to a Nearest Unlike Neighbor (NUN) (Cummins
and Bridge 2006) or surrogate models (like LIME) (Nu-
gent, Doyle, and Cunningham 2009) to compute the semi-
factuals. More recently, Kenny & Keane (2021) advanced
a generative method for computing both semi-factuals and
counterfacutals in a unified framework, work that has sig-
nificantly fueled interest in new uses of semi-factuals (e.g.,
(Artelt and Hammer 2022; Lu et al. 2022; Vats et al. 2022;
Zhao et al. 2022; Kenny and Huang 2023)).

Stepping on from this previous work, we have intro-
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duced a novel naı̈ve benchmark, the Most Distant Neigh-
bors (MDNs), that finds furthest neighbor of the query along
some feature-dimension while being in the same class as
query (this is analogous to the use of NUNs in counter-
factuals, where an existing datapoint is used as an explana-
tion). MDNs are known data-points in the dataset that share
some common features with the query but are far from it on
some key-feature. We have shown that they meet many of
the desiderata for semi-factuals though they may not be an
optimal solution. Furthermore, we experimentally compared
four historical methods against the MDN algorithm to pro-
vide a solid baseline for future works. The algorithms were
evaluated on key distance metrics for assessing good semi-
factuals. The results show that MDN performed best in four
of the seven metrics including distance from the query, al-
though MDN scored less well on sparsity.

Future Work and Timeline
• Phase 1: Optimized MDNs

The proposed MDN algorithm could be further optimized to
find instances with fewer feature differences from the query
while also not compromising its overall efficiency (to im-
prove sparcity). This involves augmenting the original MDN
method with a regularizer which penalizes the method for
finding semi-factuals with more feature-differences, to im-
prove its sparsity without compromising on other metrics.

• Phase 2: Generative Model for MDNs
All the historical methods including MDN, find semi-
factuals that are actual instances in the dataset. This opens a
promising avenue to explore the use of a generative model
such as Variational Autoencoder (VAE) to produce semi-
factual for the query, given its success in counterfactual
explanations (Pawelczyk, Broelemann, and Kasneci 2020).
Specifically, we propose to employ a variant of VAE, called
Conditional VAE (CVAE) which takes a conditional infor-
mation as additional input to both the encoder and decoder.
This allows the latent space to not only learn the represen-
tations of the data but also the intrinsic relationship between
the data and the provided information. In similar vein, we
can train a CVAE with Query-MDN pairs where the model
would learn to generate the MDN conditioned on its Query.

Both Phases 1 & 2 aim to answer RQ2 and are a work-in-
progress. I anticipate results by the workshop date (February
21, 2024).

• Phase 3: User Study
To assess how semi-factual explanations impact people’s un-
derstanding about the AI system and domain, we propose to
conduct a carefully designed user study to psychologically
validate these explanation methods (RQ3).

• Phase 4: MDNs for Images
The existing semi-factual methodologies have been specifi-
cally curated for tabular datasets to be able to compare with
the historical benchmarks. However, their application within
the image domain has received less attention. We propose
to expand MDNs for images which primarily emphasize on
generating semi-factual explanations (RQ2).

Objective Timeline
Phase 1 & 2 (RQ2) Sept 2023 - Nov 2023
Phase 3 (RQ3) Dec 2024 - Feb 2024
Phase 4 (RQ2) March 2024 - June 2024

Table 1: Research Timeline
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