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Abstract— Post hoc explanation methods describe how a 
model’s output co-varies with its inputs, which is not the 
same as how the world responds to a change. This paper 
examines causal machine learning as a foundation for 
explainable and interpretable AI. It reviews the limits of 
associational attribution, surveys methods for causal 
discovery, effect estimation, counterfactual generation and 
causal attribution, and proposes CausalXAI, a modular 
pipeline that connects them. In a controlled simulation 
with known ground truth, standard permutation 
importance and Shapley-style attributions placed 29–41% 
of their importance on a feature with no causal effect, 
whereas the causal pipeline placed none, and its effect-
estimation error was 0.027 against 0.54 at 2,000 training 
samples. Under a shift in the spurious feature’s behaviour, 
the causal-parent model held a constant error while the 
all-feature model’s error rose 2.7-fold. We discuss 
assumptions, limitations and ethical considerations. 

Keywords: causal machine learning, explainable AI, 
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I. Introduction 

Machine learning models now inform decisions about credit, 
hiring, diagnosis and sentencing, yet the best-performing 
models are often opaque to the people they affect. Explainable 
AI (XAI) has answered with arguments for inherently 

interpretable models in high-stakes settings [1], [2] and with 
post hoc tools such as LIME [3] and SHAP [4]. Both lines of 
work share a weakness: they describe what a model does with 
its inputs, not what would happen in the world if an input were 
changed. Attribution maps can look plausible while being 
nearly independent of the model’s learned parameters [5], and 
importance scores can credit variables that have no effect on 
the outcome under intervention. 

Causal inference supplies the missing vocabulary. Pearl’s 
ladder of causation separates association, intervention and 
counterfactual reasoning [6], and an explanation that answers 
“what if” questions sits on its upper rungs. Causal machine 
learning (causal ML) pairs this vocabulary with flexible 
learners to estimate effects, discover structure and learn 
representations that survive distribution shift [7]. Surveys 
cover causal interpretability [8] and open problems in the 
wider field [9], but they treat explanation as one application 
among many. 

This paper takes explanation as the organising goal and makes 
three contributions. First, it states why associational 
explanations fail and what a causal explanation must deliver. 
Second, it proposes CausalXAI, a modular framework that 
links causal discovery, effect estimation, counterfactual 
generation and causal attribution in one pipeline (Fig. 1). 
Third, it evaluates the framework on controlled simulations 
whose causal structure is known, so explanation fidelity is 
measured directly instead of judged by eye. 
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Section II reviews the foundations, Section III surveys causal 
ML methods for explanation, Section IV presents the 
framework, Section V reports experiments, Section VI 
discusses limits, and Section VII concludes. 

II. Background 

A. Two formalisms for causation 

The potential-outcomes framework defines the causal effect of 
a binary treatment T on an outcome Y for unit i as the 
difference between two outcomes, only one of which is ever 
observed [10], [11]. The structural causal model (SCM) 
framework instead represents the world as a set of equations, 
each variable determined by its direct causes and an 
exogenous noise term, with a directed acyclic graph (DAG) 
recording who causes whom [6]. The two are logically 
equivalent for most practical purposes. SCMs are preferred for 
explanation because they define three query types of 
increasing strength: observing, intervening with the do-
operator, and imagining counterfactuals. Bareinboim et 
al. show that these layers are separated: data from a lower 
layer cannot, in general, answer a question from a higher one 
without extra assumptions [12]. 

Two assumptions carry most of the weight in practice. 
Ignorability (no unmeasured confounding) lets effects be read 
from observational data after adjustment, and the Markov and 
faithfulness conditions let a graph be recovered from 
conditional independences [13]. 

B. Why associational explanations fall short 

Post hoc attribution methods answer the question “which 
inputs does the model’s output co-vary with?” That is an 
observational question about the model, and it inherits three 
problems. 

1. Correlated features. When two inputs are 
correlated, a model can lean on either, and Shapley-
style methods split credit between them according to 
the sampling distribution they assume. Janzing et 
al. argue that feature relevance is intrinsically a 
causal question, because the right reference 
distribution depends on interventions, not on 
observed co-occurrence [14]. 

2. Spurious dependence. A model trained on 
associational data can exploit a feature that is 
correlated with the label only in the training 
environment. Explaining that model faithfully yields 
a faithful description of a brittle rule. Invariant 
prediction [15] and invariant risk minimisation [16] 
target this failure by seeking predictors whose 

relationship to the outcome is stable across 
environments. 

3. No action semantics. A saliency map says where a 
model looked, not what a person should change. 
Recourse requires knowing which changes are 
possible and what they would cause downstream. 

A causal explanation therefore needs to meet four 
requirements: it must respect the data-generating structure, 
separate direct from indirect influence, support interventions 
on actionable features, and report uncertainty about its own 
assumptions. 

III. Causal ML Methods for Explanation 

Causal ML methods contribute to explanation at four points: 
learning structure, estimating effects, generating 
counterfactuals and attributing model behaviour. Table I 
summarises the families covered below. 

Table I. Method families and what each contributes to 
explanation. 

Family Representativ
e methods 

Explanator
y output 

Main 
assumption 

Causal 
discovery 

PC [17], 
NOTEARS 
[18] 

Graph of 
direct 
dependencie
s 

Faithfulness
, causal 
sufficiency 

Effect 
estimation 

Double ML 
[19], meta-
learners [20], 
causal forests 
[21], [22], 
TARNet [23], 
CEVAE [24] 

Average and 
conditional 
treatment 
effects 

Ignorability
, overlap 

Counterfactua
l generation 

Wachter et 
al. [25], DiCE 
[26], recourse 
via SCMs [27] 

Minimal 
actionable 
changes 

Known or 
estimated 
SCM 

Causal 
attribution 

Causal 
Shapley [28], 
asymmetric 
Shapley [29], 
neural 
attributions 
[30], CaCE 
[31] 

Feature or 
concept 
contribution
s under 
intervention 

Valid 
causal 
graph 
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A. Structure learning 

Constraint-based algorithms such as PC test conditional 
independences to recover an equivalence class of DAGs [17]. 
Score-based methods search over graphs, and NOTEARS 
recasts the acyclicity constraint as a smooth equality, making 
gradient-based optimisation possible [18]. Learned graphs are 
rarely trusted alone. In an explanation pipeline they serve as a 
hypothesis that domain experts can audit and correct. 

B. Effect estimation 

Double machine learning removes first-order bias from 
nuisance estimation by combining orthogonal scores with 
cross-fitting, so flexible learners can be used without 
sacrificing valid inference on an effect [19]. Meta-learners (S, 
T and X) reduce heterogeneous effect estimation to supervised 
regression [20]. Tree-based estimators partition the covariate 
space to find subgroups whose effects differ [21], and causal 
forests add asymptotic confidence intervals [22]. Neural 
approaches learn balanced representations, with generalisation 
bounds for individual effects [23], [24]. Here, an effect 
estimate is itself an explanation: it states how much the 
outcome moves when a lever moves, and for whom. 

C. Counterfactual explanations 

Wachter et al. frame an explanation as the smallest change to 
an input that flips a model’s decision [25]. DiCE extends this 
to diverse sets of counterfactuals [26]. A limitation follows 
from Section II: perturbing one feature while freezing its 
correlates can produce an input that no real person could have. 
Karimi et al. therefore replace feature perturbation with 
interventions in an SCM, so downstream variables update 
when an upstream variable is changed [27]. 

D. Causal attribution 

Causal Shapley values estimate each feature’s contribution 
using interventional rather than observational expectations and 
can separate direct from indirect effects [28]. Asymmetric 
Shapley values let known causal ordering shape how credit is 
distributed [29]. For deep networks, Chattopadhyay et 
al. compute attributions as average causal effects of neurons 
on outputs [30], and Goyal et al. measure the effect of human-
interpretable concepts on a classifier’s prediction [31]. Open-
source tooling such as DoWhy standardises the model-
identify-estimate-refute workflow that these methods share 
[32]. Sequential settings add time-varying confounding, which 
counterfactual recurrent models address [33], and Chou et 
al. review how counterfactual methods relate to the human-
facing notion of causability [34]. 

IV. The CausalXAI Framework 

CausalXAI is a four-stage pipeline (Fig. 1) that turns 
observational data and domain knowledge into explanations a 
decision-maker can act on. 

 

Fig. 1. The CausalXAI pipeline. Checks apply to stages 2 to 4, 
and a failed check sends the analyst back to the graph. 

Stage 1: Inputs. The analyst supplies the features, the 
outcome, any known temporal ordering, and constraints on 
which features are actionable. Time ordering is often the 
cheapest source of causal knowledge, since a variable 
measured after the outcome cannot cause it. 

Stage 2: Structure. A graph is either specified by experts or 
learned with a discovery algorithm [17], [18], then audited 
edge by edge. Variables that are consequences of the outcome 
are removed from the outcome model. This step is what makes 
the explanation causal rather than associational. 

Stage 3: Mechanisms. An outcome model g is fitted on the 
non-descendants of the outcome with a flexible learner. For 
every variable that has parents in the graph, a structural 
equation xj = mj(paj) + uj is fitted, so that an intervention on an 
upstream variable can propagate to its descendants. 

Stage 4: Explanation. Three outputs are produced from the 
fitted model. The first is the average interventional effect of a 
one-unit change in each feature, computed by abduction, 
action and prediction: the residual uj of each unit is recovered, 
the intervention is applied, descendants are recomputed, and g 
is re-evaluated. 

 

The second is an importance share, sj = |τ̂j| / Σk |τ̂k| for 
standardised features, which ranks features by what they cause 
rather than by what they predict. The third is a counterfactual: 
for a unit with an unfavourable prediction, the smallest change 
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within the actionable features that alters the outcome, searched 
over the same structural equations [27]. 

Checks. Every explanation passes through refutation tests 
such as the placebo-treatment and random-common-cause 
checks implemented in DoWhy [32], a sensitivity analysis for 
unmeasured confounding, and bootstrap intervals. A failed 
check returns the analyst to Stage 2. 

V. Experiments and Results 

A. Setup 

Data come from a known structural causal model with four 
observed features. X3 is a consequence of the outcome: highly 
predictive, causally inert. 

 

True one-unit effects on Y, computed from the model with 
400,000 draws, are 2.37 for X1 (including its path through X2), 
1.06 for X2, 0 for X3 and 0.50 for X4, which gives true 
importance shares of 60.3%, 27.0%, 0% and 12.7%. 

All learners are histogram-based gradient boosting regressors 
from scikit-learn [35], which follow the design of LightGBM 
[36] (100 iterations, learning rate 0.1). Three explainers use a 
model trained on all four features: a what-if analysis that shifts 
one feature and holds the others fixed, permutation 
importance, and exact marginal Shapley values [4] computed 
on 60 test points against 40 background points. CausalXAI 
receives the graph implied by time ordering, fits a linear 
equation for X2 given X1, and trains its outcome model on X1, 
X2 and X4 only. Each setting is repeated 12 times with 250 to 
5,000 training samples and evaluated on 2,000 fresh draws. 

B. Attribution fidelity 

At 2,000 training samples both associational methods put 
about a third of their importance on X3 and rank features little 
better than chance against the truth (Table II). CausalXAI 
gives X3 exactly zero because the graph keeps it out of the 
outcome model, so this comparison measures what the 
pipeline does with correct structure, not whether it can find 
that structure. 

Table II. Attribution fidelity at 2,000 training samples, mean 
of 12 runs. The true importance of X3 is 0%. 

Method Importance 
on X3 (%) 

Spearman ρ 
with true 
shares 

Top 
feature 
correct 
(%) 

Permutation 
importance 

36.3 0.05 42 

Marginal 
Shapley 
values 

31.7 −0.12 25 

CausalXAI 0.0 1.00 100 

With 5,000 samples the associational methods improve their 
rank agreement (ρ of about 0.4 and top-feature accuracy of 
92% and 75%) but still assign 29–31% of importance to X3. 

C. Effect estimation 

Fig. 2 compares each method’s estimates of the one-unit 
effects against the true values, as mean absolute error across 
the four features. 

 

Fig. 2. Error of one-unit effect estimates against the true 
structural effects, by training sample size. 

More data tightens the CausalXAI estimates by about a factor 
of five, but the what-if error is a bias that more data does not 
remove: the boosted model correctly uses X3 to predict Y, and 
the what-if treats X3 as a lever it is not. 

D. Robustness under distribution shift 

To test whether the explanation exposes brittleness, models 
are trained on 2,000 samples and tested on data in which X3’s 
dependence on Y is progressively broken, by mixing a fraction 
s of a shuffled copy of Y into its equation (Fig. 3). 
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Fig. 3. Test error under increasing shift in the non-causal 
feature’s mechanism. 

The all-feature model is more accurate without shift, because 
X3 genuinely carries information about Y. That is why 
accuracy alone cannot reveal the problem: the weakness 
appears only when the environment changes, and the 
attribution results above flag it beforehand. 

VI. Discussion and Limitations 

The central result is that associational explanations and causal 
explanations answer different questions, and only the second 
matches what a decision-maker wants to know. In the 
simulation the outcome-model explanation put 29–41% of its 
importance on a feature that has no causal effect, and its 
“what-if” estimates were off by roughly 0.5 outcome units 
regardless of sample size. More data made the model a better 
predictor but not a better explanation. The causal pipeline’s 
error fell steadily with sample size because its remaining error 
was estimation noise, not a modelling mismatch. 

The shift experiment shows why this matters beyond 
explanation. A model that leans on an effect of the outcome 
predicts well in-distribution and fails when that dependence 
weakens, while the causal-parent model keeps a constant 
error. Explanations that expose such reliance are a diagnostic 
for this failure before deployment. 

Several limitations bound these claims. 

1. The graph was supplied. The causal pipeline 
received the correct graph, which here follows from 
temporal ordering. Errors in a discovered graph 
propagate directly into effects and counterfactuals. 
Discovery methods [17], [18] need strong 
assumptions, so graphs should be treated as audited 
hypotheses and effects reported with sensitivity 
analysis. 

2. Unmeasured confounding. The simulation has none. 
Real observational data usually does, and no 
estimator removes it without further assumptions, 
instruments or experiments. 

3. Scale and realism. The study uses four variables, 
one data-generating process and 12 replications per 
setting. It demonstrates a mechanism; it does not 
benchmark performance on real tabular, image or text 
data. 

4. Model versus world. The pipeline explains the 
phenomenon, not the trained model. If a deployed 
model relies on a non-causal feature, the causal 
explanation will omit it, so audits of the model and of 
the world should both be run and compared. 

5. Human evaluation. Fidelity to ground truth is 
necessary but not sufficient. Whether practitioners 
understand and act correctly on causal explanations is 
a separate empirical question [34]. 

Finally, recourse built on causal models carries ethical weight. 
A counterfactual that recommends changing a feature the 
person cannot change, or that shifts costs onto a protected 
group, is a harmful explanation even if it is causally valid. 
Actionability and fairness constraints belong in the 
counterfactual generator, not in a later review. 

VII. Conclusion 

Explanations that describe a model’s associations cannot, by 
themselves, tell people what would change if they acted. This 
paper argued that causal ML supplies the missing pieces 
(structure, effects, counterfactuals and interventional 
attribution) and organised them into the CausalXAI pipeline. 
In a controlled simulation, the pipeline recovered true causal 
effects with an error of 0.017–0.093 against 0.51–0.62 for a 
standard what-if analysis, assigned no importance to a purely 
predictive non-cause, and kept a stable error when that 
feature’s behaviour changed. 

Three directions follow. First, jointly evaluating discovered 
graphs and the explanations built on them, with uncertainty 
carried through. Second, benchmarks on real data with 
experimental ground truth, such as randomised trials with 
observational counterparts. Third, user studies that test 
whether causal explanations improve decisions, not just 
fidelity scores. 
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