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Abstract

Counterfactual explanations and algorithmic recourse aim to tell
individuals how to change an unfavourable automated decision, but
recommendations are useful only if they are feasible, actionable, and
causally valid. This review examines how recent methods meet these
requirements and where they fall short. The literature was searched
mainly in Google Scholar for papers published between 2018 and 2026,
and 20 studies on causal counterfactual explanations and algorithmic
recourse were reviewed. The analysis identified three gaps. First, under

Causal Inference, Non-Identifiability. real-world constraints, methods such as DiCE and FACE produce

diverse, feasible, and actionable counterfactuals, but without modelling
causal relationships, and later work shows that recourse can be fragile
or invalidated over time. Second, many methods depend on a fully
known structural causal model (SCM) or causal graph; recent work
relaxes this through probabilistic, learned, and graph-free approaches,
yet these still rely on assumptions about the available causal
information. Third, hidden confounding and non-identifiability make
causal effects hard to estimate; bounding approaches and multi-dataset
methods address this, but depend on known confounding structure or
compatible data, and learned SCMs offer limited guarantees of reliable
counterfactual inference. Overall, the field has moved from single
counterfactual explanations toward methods that operate under partial
causal knowledge, yet no reviewed method resolves all three gaps at
once. Future research should address feasibility, confounding, and
incomplete causal knowledge together.

"© 2026 by the Author(s). Published by IJAR under CC BY 4.0. Unrestricted use allowed
with credit to the author.”

Introduction:-

Artificial intelligence (AI) is widely used in important decision-making processes across various industries,
including healthcare, education, and insurance. Given the impact of these decisions, it is important to understand
how they are made; this is the focus of eXplainable Artificial Intelligence (XAI), a field concerned with
understanding why an Al model makes a specific decision. Several methods fall under XAlI, including SHapley
Additive explanations (SHAP) and Local Interpretable Model-agnostic Explanations (LIME); this review, however,
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focuses on a third approach: counterfactuals. What sets counterfactuals apart from these other methods is that they
do not simply justify the Al's decision; instead, they provide a predicted way of changing the decision made by the
Al For example, if a person applies for a loan and is rejected by a bank's ML model, the counterfactual explanation
would not explain why the applicant was rejected, but would instead state something like, "If the applicant had
reduced their existing credit card debt by $2,000, the loan would have been approved" [1], [2], helping the person
understand how a specific outcome could be changed.

One of the major challenges in the generation of counterfactuals is that, oftentimes, these counterfactuals are not
actionable or feasible; that is, the counterfactual provides a method of changing the outcome that proves to be
impractical for the user. This review addresses studies that propose methods to address this problem using causal
approaches, in order to align recourse with practical settings and make it realistic [3], [4], [5]. The problem with
such methods is that they typically depend heavily on complete knowledge of the underlying structural causal model
(SCM), complete causal graphs, and causal relationships, which are, in most cases, unavailable in real-world
scenarios - this renders such methods impractical under realistic conditions [3], [6], [7]. This review also examines
studies that relax the assumption of such ideal conditions and operate with incomplete or no causal knowledge.
Another challenge that disrupts the generation of causal counterfactuals is "hidden confounding," which occurs
when an unobserved or hidden variable influences the outcome of the algorithmic recourse [8]. This review
therefore also examines studies focused on addressing this problem, as well as studies targeting the scalability,
adversarial robustness, and temporal stability of recourse recommendations [9], [10], [11].

Overall, this review targets three main research gaps:-

1) Feasibility and actionability under real-world constraints: A counterfactual may be valid but still impossible
or unrealistic for a person to act on.

2) Dependence on a fully known SCM/causal graph:Most causal recourse methods assume the true SCM or
causal graph is completely known, which is rarely true in real-world settings.

3) Confounding and non-identifiability: Even with a known causal graph, unobserved variables (confounders)
or multiple SCMs fitting the same data can make counterfactual predictions unreliable.

The paper is organized as follows:-
Section II presents the research methodology, Section III reviews the relevant literature, Section IV discusses the
findings and future research directions, and Section V concludes the review.

Research Methodology:-

The literature reviewed for this research was primarily identified using Google Scholar between July and August
2026. The search terms used to find and select the papers varied throughout the process. The search began with
"counterfactuals in XAI" as a broad topic, without any restriction on publication date, before narrowing to a causal
direction with specific constraints such as unknown SCM, using search terms like "algorithmic recourse under
causal uncertainty" and "causal counterfactuals with incomplete structural causal models." The research was also
narrowed down to research papers between 2018 and 2026 to make sure that the research is relevant to today's time
as the field is evolving rapidly.The earlier studies reviewed were relatively broad in scope, covering the general
topic of counterfactuals. The review was then narrowed to include only papers that targeted fixing a specific
problem related to one of the three identified research gaps. Studies were excluded if they focused on any direction
other than causality, or causality under specific constraints and limitations. The initial searches, conducted using
various search terms, yielded approximately 40-50 candidate papers, of which 20 were ultimately selected, studied,
and summarized.

For each included study, the review focused on the problem it identifies and presents, how it aims to solve that
problem and to what extent, the constraints under which the experiments were conducted or the method was
developed (e.g., unknown SCM, confounding variables), the limitations of the method, and the future work
suggested by the authors. Studies with similar limitations were then grouped together to develop a clearer conceptual
understanding of the common limitations they shared, making it easier to identify the recurring gaps.
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Literature Review
Table I. Reviewed studies grouped by research gap.

S.NO IDENTIFIED RESEARCH Papers
GAP
1. Feasibility and actionability under real- | [2],[4],[9],[10],[11]
world constraints
2. Dependence on a fully known | [3],[5],[6],
SCM/causal graph [71,[12],[13],
[14],[15],[16],
[17],[18],[20]
3. Confounding and non-identifiability [81,[19]

Feasibility and Actionability under Real-World Constraints:-

This review begins with Diverse Counterfactual Explanations (DiCE) [2], a method that improves upon traditional
counterfactual explanations by generating multiple diverse, feasible, and actionable counterfactuals instead of a
single explanation, producing more realistic recommendations. However, it does not account for causal relationships
or user preferences, which may limit its effectiveness. Feasible and Actionable Counterfactual Explanations (FACE)
[4] is another method that generates feasible and actionable paths rather than only suggesting a desired outcome.
The authors argue that explanations should account for both the nature of the counterfactual and the user's ability to
realistically achieve it. As future work, the authors suggest evaluating FACE on more real-world datasets.

Another method with the same limitation, but far more efficient, is Causal Algorithmic Recourse with Model-based
Amortization (CARMA) [9], a neural-network-based approach that uses pretrained causal generative models to
efficiently generate recourse recommendations with limited causal information. Returning to the importance of the
robustness and meaningfulness of generated counterfactuals, On the Adversarial Robustness of Causal Algorithmic
Recourse [10] formulates the adversarially robust recourse problem and shows that existing minimal-cost recourse
methods are fragile. The authors propose methods for generating causally robust recourse and a model regularizer
that encourages classifiers to behave locally linearly and rely on actionable features. The limitation is that their
approach trades off recourse cost against robustness, and future work is needed to extend robust recourse generation
to broader forms of uncertainty and less constrained classifiers. Another problem with counterfactuals is that they
may become ineffective over time as the world around them keeps changing, as shown in Time Can Invalidate
Algorithmic Recourse [11]; using a causal lens, the authors demonstrate this failure mode and propose an algorithm
to address it.

Dependence on a Fully Known SCM/Causal Graph:-

This gap is partly addressed by algorithmic recourse [3], which treats recommended actions as causal interventions
and seeks the minimal feasible intervention needed to obtain a favorable prediction - reflecting a broader shift in
XAI toward telling individuals how a favorable outcome can be achieved, rather than only explaining a decision
after the fact. Its main limitation is that it assumes access to an accurate causal model of realistic settings; suggested
future work includes developing better causal world models and extending the approach to more complex settings.

A related concept, causal constraints, refers to constraints embedded within a model to ensure that a counterfactual
explanation is feasible and consistent with practical cause-and-effect relationships. This is explored in Preserving
Causal Constraints in Counterfactual Explanations for Machine Learning Classifiers [15], which proposes two
approaches: one uses Structural Causal Models (SCMs) to preserve causal constraints during counterfactual
generation, while the other learns feasibility constraints from user feedback using a Variational Autoencoder (VAE)
when causal knowledge is unavailable. The main limitation is that modelling feasibility remains challenging,
especially when causal knowledge is incomplete.

A similar limitation is observed in Counterfactual Explanations as Interventions in Latent Space (CEILS) [5], a
framework that incorporates causal relationships into counterfactual generation while remaining compatible with
existing counterfactual methods. Rather than replacing current generators, CEILS improves their outputs by
producing more feasible and actionable counterfactual explanations that respect causal dependencies. Future work
includes handling partial or uncertain causal graphs and relaxing SCM assumptions, since this ideal scenario is
uncommon in real-world models. To address this limitation, two probabilistic approaches [6] generate interventions
with a high probability of achieving recourse under limited causal knowledge. One models uncertainty in the
structural equations using Gaussian Processes, while the other estimates intervention effects using similar
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subpopulations. Both approaches account for an imperfect causal graph, reflecting the non-ideal conditions under
which counterfactuals must typically be computed. However, the proposed methods still rely on assumptions about
the available causal information and uncertainty model, and future work aims to improve recourse under even more
limited causal knowledge.

Many of the above approaches and methods share one thing in common: they assume the availability of an
underlying, perfect SCM and causal graph, which is generally not the case. This review now turns to an approach
that attempts to address this limitation [7], where the authors propose the first framework that generates feasible
causal recourse without relying on a predefined causal graph or SCM. Recognizing that causal counterfactuals
cannot be reliably identified from observational data alone, they reformulate algorithmic recourse as structure-
preserving interventions and approximate causal relationships using Independent Component Analysis (ICA). Their
methods preserve causal dependencies while producing more feasible, interpretable, and low-cost recourse
recommendations. The limitation here is that the framework still assumes causal sufficiency and does not fully
address unobserved confounders. Future work aims to incorporate auxiliary information and extend the method to
settings with hidden confounding.

To address this same limitation of not knowing the SCM, another proposed method uses the Structural Causal
Marginal Problem (SCMP) [20], a framework that enables causal and counterfactual inference by combining
information from multiple observational and experimental datasets instead of requiring a single complete dataset.
The limitation here is that the framework depends on the availability of compatible partial datasets and assumes they
can be consistently combined; nonetheless, it relaxes the assumption of an underlying SCM and causal graph, which
is precisely the goal of this line of research. Future work focuses on extending SCMP to more complex causal
systems and improving methods for integrating diverse causal information while maintaining reliable counterfactual
inference.

Another approach, causal imputation [12], uses partial knowledge about a causal system to predict outcomes under
different possible actions. It extends SCM-based models to situations where the observed outcome can be
represented as a counterfactual. The main limitation of this method is that it focuses mainly on causal prediction
rather than directly addressing actionable counterfactual recourse; future work includes applying the framework to
noisy and more complex settings. A related method, Advancing Counterfactual Inference through Nonlinear
Quantile Regression [13], addresses a similar constraint: the difficulty of performing counterfactual inference
without access to a predefined SCM. It proposes using observational data and learned causal structure by
formulating counterfactual inference as a quantile regression problem. Its main limitation, again, is that it still
largely depends on the learned causal structure, and future work can aim to improve reliability under incomplete
causal knowledge.

Following the trend of relaxing the assumption of a known SCM, the rank-preservation approach [14] identifies
counterfactual outcomes and introduces a learning method with theoretical guarantees for unbiased and efficient
estimation, but this method becomes unstable in settings with sparse data; future work aims to improve the
framework under such conditions. A method that partly solves the problem of relying on a complete, predefined
SCM is Conditional Intervention for Algorithmic Recourse (CIAR) [16]; it solves the problem only partly, as it still
relies on some causal information, but it demonstrates improved effectiveness and efficiency compared with
previous approaches.

Apart from identifying counterfactuals, it is also necessary to ensure that they are actually useful in real-world
scenarios, that is, meaningful and robust. Traditional algorithmic recourse may change a model's prediction without
actually improving the practical outcome. To address this, one proposed approach is Meaningful Algorithmic
Recourse (MAR), which recommends actions that improve both the prediction and the underlying target, and
Endogenous Algorithmic Recourse (EAR), which limits interventions to causes of the target [17]. The limitation
here is the same as in many papers discussed above: the assumption of complete knowledge of the SCM and causal
relationships. Similarly, Improvement-Focused Causal Recourse (ICR) [18] works toward generating genuinely
helpful counterfactuals and is one of the few studies that aims at real improvement rather than mere acceptance.

Confounding and Non-Identifiability:-

Another limitation common in such cases is known as confounding: it occurs when an unobserved variable
influences both the cause (intervention) and the outcome, creating a misleading association between them. As a
result, the true causal effect of an intervention cannot be accurately estimated. Since hidden confounders are
common in practical settings, these assumptions can lead to unreliable recourse recommendations. The authors [8]
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propose a framework that relaxes these assumptions by accounting for unobserved confounding and computing
bounds on counterfactual effects rather than exact estimates. The main limitation here is that the approach still relies
on knowledge of the causal graph and confounding structure, which may not always be available. Future work
includes improving the computational efficiency of the algorithms and extending the framework to broader fairness
and real-world applications.

Alongside this method, another approach learns an SCM using observational data alone, but with a major limitation:
learning an SCM from observational data does not necessarily guarantee reliable counterfactual inference. This is
demonstrated in Counterfactual (Non-)identifiability of Learned Structural Causal Models [19], which proves that
identifiability holds only under certain simple conditions, such as monotonic, single-dimensional generation
mechanisms, and proposes a worst-case error estimation method that quantifies the reliability of counterfactual
predictions, allowing practitioners to assess how much a learned Deep Structural Causal Model (DSCM) can be
trusted. The limitation primarily highlighted in this study is that the proposed approach does not resolve the
fundamental problem of counterfactual non-identifiability for general multi-dimensional generation mechanisms;
instead, it estimates the uncertainty associated with the predictions. It does not necessarily provide a new generative
method but rather explores an existing limitation; future work aims to develop methods that improve the
identifiability of learned SCMs, extend the analysis to more complex causal settings, and provide stronger
guarantees for reliable counterfactual inference.

TABLE II. Taxonomy of Counterfactual Explanations and Algorithmic Recourse Methods.

S.NO Method Causal Assumption | Feasibility Type Main Limitation
I. Counterfactual No explicit causal Counterfactual May suggest changes
Explanations without model; relies on explanations based | that are not actionable
Opening the Black feature changes to on changes to or causally feasible in
Box [1] explain individual input features the real world
predictions
S.NO Method Causal Assumption | Feasibility Type Main Limitation
2. DiCE [2] Does not require an Diverse Does not explicitly
explicit causal counterfactuals account for causal
model subject to feature relationships or user
constraints preferences
3. Algorithmic Recourse | Assumes access to Minimal feasible Depends on the
[3] an accurate causal causal availability and
model interventions accuracy of the causal
model
4. FACE [4] Uses the data Data-manifold- Feasible paths are not
distribution to based feasible and necessarily causally
identify feasible actionable paths valid

paths; no explicit
causal model

required
5. CEILSJ5] Incorporates causal Causally Handling partial
relationships into consistent, feasible causal graphs and
counterfactual and actionable relaxing SCM
generation counterfactuals assumptions remains
challenging
6. Probabilistic Uses probabilistic Recourse under Relies on assumptions
Recourse [6] causal models and | causal uncertainty about causal
allows imperfect information and
causal knowledge uncertainty
7. Causal Recourse Does not require a Feasible, Does not fully address
without Prior predefined causal structure- unobserved
Structural Knowledge graph or SCM; preserving causal confounding
[7] assumes causal recourse
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sufficiency
8. Recourse under Allows partially or Bounds on Requires information
Confounding [8] fully confounded counterfactual about the causal graph
settings effects and confounding
structure
9. CARMA [9] Uses pretrained Scalable recourse Depends on the
causal generative recommendations available causal
models information and model
setup
10. Adversarially Robust | Uses a causal model Robustness to Trades off recourse
Recourse [10] and an adversarial adversarial cost against robustness
threat model changes
11. Temporal Recourse Considers changes Recourse that Previously valid
[11] in the environment accounts for recourse can become
over time temporal changes ineffective as
conditions change
12. Causal Imputation Uses partial Counterfactual Focuses on causal
[12] knowledge of the outcome prediction rather than
causal system prediction directly generating
actionable recourse
13. Nonlinear Quantile Learns causal Counterfactual Reliability still
Regression [13] structure from inference using depends on the learned
observational data | quantile regression causal structure
S.NO Method Causal Assumption | Feasibility Type Main Limitation
14. Rank-Preservation Assumes rank Counterfactual Can be unstable with
Approach [14] preservation for outcome sparse data
counterfactual estimation
outcome estimation
15. Causal Constraints Uses an SCM or Constraint-based Feasibility modeling
[15] learned feasibility counterfactual remains challenging
constraints feasibility when causal
knowledge is
incomplete
16. Conditional Uses some causal Intervention-based Does not eliminate
Intervention [16] information for algorithmic dependence on causal
conditional recourse information
interventions
17. Meaningful and Uses a causal model Meaningful and Assumes knowledge
Robust Recourse [17] to assess robust recourse of the SCM and causal
meaningfulness and relationships
robustness
18. Improvement- Uses causal recourse Improvement- Dependence on known
Focused Causal to target practical focused recourse SCM
Recourse (ICR) [18] improvement
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19. Counterfactual Non- Studies Identifiability and General
Identifiability [19] identifiability in reliability multidimensional
learned SCMs assessment counterfactuals may
remain non
identifiable
20. Structural Causal Combines Causal inference Depends on the
Marginal Problem compatible partial with incomplete availability and
(SCMP) [20] observational and datasets compatibility of partial
experimental datasets
information
Summary:-

This review traces a clear progression in the development of counterfactual explanations and algorithmic recourse.
Earlier papers introduced counterfactual explanations as a way of providing actionable recourse rather than plain
explanations, while later methods such as DiCE [2] and FACE [4] improved on these by making recommendations
more actionable, feasible, and realistic — marking a shift towards incorporating causal relationships into
counterfactual explanations. As the review progresses, researchers are seen incorporating SCMs, causal graphs, and
causal relationships to align counterfactuals with real-world settings [15], [5], but then confronting the reality that a
complete underlying SCM or full causal information is usually unavailable, prompting studies to relax these
assumptions while still generating actionable and feasible counterfactuals [5] ,[6], [7], [12],[13],[14],[20] Another
realistic problem is that of hidden confounders, which many studies aim to solve [8], and most recently the field has
shifted focus toward the scalability, adversarial robustness, and temporal stability of recourse recommendations
[91,[10],[11],[18]. Across all of this work, a common thread emerges: the field has progressively relaxed the
idealized assumption of a fully known and correct causal model, replacing it with methods that operate under partial
knowledge and bounded uncertainty. However, no method reviewed here fully resolves feasibility, confounding, and
incomplete causal knowledge simultaneously, as each new method or contribution tends to relax one assumption
while retaining the others - suggesting that an open direction for future research is addressing these three gaps
simultaneously.

Discussion and Future Direction:-

The study focuses on three major research gaps and demonstrates different ways in which these can be resolved. For
the first gap, "Feasibility and Actionability," rather than examining factors such as validity over time, practical
implementation, and generation in isolation, future researchers could observe how these factors act in accordance
with one another and how one affects the other, in order to arrive at a complete method that resolves all of these
limitations jointly. For "Dependence on a Fully Known SCM," rather than completely relaxing the assumption at
once, one could start with partial information about the SCM and progressively improve the method to eventually
eliminate the dependence entirely. For "Confounding and Non-Identifiability," future work could address these two
problems jointly rather than in isolation, since confounding and non-identifiability frequently co-occur in real-world
causal systems and are unlikely to be fully resolved when treated as independent limitations.

The study also observes a recurring trend across the different papers: each paper focuses on relaxing only a single
assumption, that is, it addresses just one limitation at a time. In the future, researchers should aim to incorporate all
three gaps, and potentially the different methods proposed to address them, into an integrated framework capable of
solving all three problems simultaneously. This task may prove quite difficult, as these gaps are individually
challenging to overcome, but it could become a viable future direction once further advancements are made as the
field progresses.

Conclusion:-

In conclusion, this paper analyzed the progress of counterfactuals in recent years and identified research gaps and
different problems by reviewing 20 carefully selected research papers. Three major gaps were identified and
explained: the first being "Feasibility and Actionability under Real-World Constraints," that is, the recourse must be
possible for the user to carry out in practical settings, as counterfactuals have many practical and important
applications in industries such as healthcare, banking, finance, and other important sectors; second "Dependence on
the SCM," as a fully defined SCM is usually not available in practical, real-world scenarios and finally,
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"Confounding and Non-Identifiability," which represents the problem that many hidden variables may contribute to
the recourse;

This review, in synthesizing the progress and limitations of twenty studies spanning 2018 to 2026, aims to serve as a
consolidated reference point for researchers entering this field, as well as a starting direction for future work seeking
to address feasibility, SCM-dependence, and confounding. The study can also provide foundational knowledge to
support improvements in the field. It is also observed that, across the papers reviewed, there is a trend where each
new method tends to relax one assumption but still largely depends on the others; therefore, for future work,
researchers should aim to integrate different methods, or create new methods, that relax the assumptions of all three
gaps discussed above.
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