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Abstract

Shapley values, derived from cooperative game theory, are widely used in machine
learning to design, audit, and recommend recourse for complex models. A wide va-
riety of implementations has resulted in explanation multiplicity, the phenomenon
where multiple contradictory Shapley value explanations can be derived for the
same model and data instance. In this position paper, we argue that an explanation
is mathematically underspecified without a formal definition of context of use and
a corresponding disclosure of technical assumptions. To enable both goals, we in-
troduce a generalized definition of Shapley values and use it to reframe multiplicity
as a parametrization problem. Using this unified parametrization, we propose a
roadmap for the entire explanation lifecycle, calling focus on two primary research
directions. First, we posit that context of use is a formal input to the explanatory
process. As such, we require rigorous guidelines to map stakeholder questions
to specific mathematical parameters. Second, we argue that an explanation is
incomplete without a meta-explanation: a structured disclosure of the underlying
assumptions and implementation choices used in its construction. As a step towards
this second direction, we propose the Shapley Value Explainability Card. Finally,
we demonstrate through several examples how each parameter choice implies
specific mathematical assumptions about the data or the explanation’s intended use,
and provide a detailed call to action towards a more transparent and context-aware
explanation lifecycle.

1 Introduction

Shapley values [40] have emerged as a dominant framework for feature attribution in machine
learning, largely due to their axiomatic foundation in cooperative game theory. However, their
theoretical promise of uniqueness is increasingly contradicted by practical ambiguity, which can
result in misuse [11]. A growing body of literature demonstrates that applying different Shapley
value implementations to the same model and unit can yield significantly differing—and often
contradictory—explanations [45, 32, 48, 9, 5, 23, 11, 42, 26, 10]. This phenomenon of “explana-
tion multiplicity” [45] (or “Rashomon effect” [7, 42]) has sparked a contentious debate regarding
trustworthiness: if a single unit can be explained in multiple ways, which explanation is correct?

Recent research suggests that these discrepancies are often attributable to specific modeling choices
made during the explanation process [45, 23, 9, 29, 32]. For example, correlated features that
are not used by the model can have significant or zero importance depending on the sampling
methodology [9, 29]. This demonstrates that feature importance is not an intrinsic property of the
model-unit pair, but rather a normative outcome of the underlying choices for the explanation.

In this work, we first express these modeling choices as parametrization of the Shapley game,
and frame explanation multiplicity as the result of different parameter choices. Then we use this
parametrization to propose a new explanation lifecycle, Fig. 1. We argue that when different
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Figure 1: The proposed explanation pipeline that uses the unified definition to define the Shapley
parameters and the Shapley explainability cards (meta-explanation). We issue a call to action for
many parts of the pipeline, most notably mapping the explainability context to the mathematical
parameters.

SHAPLEY VALUE EXPLANATION

Context: Local Explicand: Person x

Model: MLP Classifier Target g ◦ f : f(x)

Ref. Set D: Population Assume: Independence

Attributes Z: Original set Other: -

(a) Explaining unit x using the entire dataset and the
model

SHAPLEY VALUE EXPLANATION

Context: Local Explicand: Person x

Model f : MLP Classifier Target g ◦ f : f(x) is “Maybe”

Ref. Set D: “Maybe” units Assume: Independence

Attributes Z: Original set Other: -

(b) Explaining unit x using a subset of the dataset and
a composite profit function

Figure 2: Different Shapley value games explain different questions for the same model and person.

parametrization can lead to several significantly different but valid explanations, the community must
abandon the search for a singular unique Shapley value in favor of documented normative alignment.
Specifically, we propose that we need to 1) formally describe the relationship between parameter
choice and context of use of the explanation, and 2) disclose the explanation design choices to
the explanation recipient.

We make the following contributions: 1) We introduce a unified definition of Shapley values that inte-
grates existing disjoint methods into a single parametric framework, 2) We demonstrate, through vari-
ous game formulations, that feature importance is relative to the choice of parameters (f, g,D,Z, pS )
and that different valid choices correspond to semantically distinct questions, 3) We propose a new
explanation lifecycle (Fig. 1) and outline a call to action for future research focused on mapping
these parameters to specific stakeholder goals and normative contexts, and 4) we introduce the
concept of meta-explanations and, as an initial solution to the problem of disclosure, we propose the
Shapley value Explainability Card (Fig. 2), a documentation standard inspired by Model Cards [33],
to communicate these parameters to stakeholders.

2 A unified definition for Shapley values

Existing Shapley value implementations are often presented as distinct algorithms, yet they can be
unified as specific configurations of a single mathematical definition. We propose a generalized
definition that extends existing work [6, 32]. See also Algorithm 1.
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Algorithm 1 Calculating Shapley values

Require: Model f , profit function g, hybrid data distributions pD,Xobs

S for all S where S ⊆ Z ,
parameters A and m−1.

1: ϕ(x) = ⟨0, . . . , 0⟩
2: for i ∈ Z do
3: for S ⊆ Z \ {i} do
4: U1 ∼ pS∪i

5: U2 ∼ pS
6: X1 = m−1(U1)
7: X2 = m−1(U2)
8: ϕiS (v) = g(f,U1,A)− g(f,U2,A)
9: ϕi(v) = ϕi(v) + 1

|Z|
1

(|Z|−1
|S| )

ϕiS (v)

10: end for
11: end for
12: Return ϕ(v)

Definition 2.1 (Shapley value). Given a model f , some profit function g ◦ f , a background dataset D
consisting of features X , a set of features to be explained Z , and an invertible function m : Z → X
that maps the elements of Z to elements of X . For an observed unit xobs, we define distributions
pD,xobs

S for each S ⊆ Z , denoted as pS for brevity when D and xobs are clear from context. Then the
contribution of each feature Z to the outcome value g(f(xobs)) of is the following, where A is a set
of parameters, and n = |Z|.

ϕi =
∑

S⊆Z\i

|S|!(n− |S| − 1)!

n!

(
E

x∼pS∪i

[g(f, x,A)]− E
x∼pS

[g(f, x,A)]

)
(1)

The unified Shapley value definition allows us to further define a specific Shapley game and a specific
Shapley question.
Definition 2.2 (The Shapley Game and the Shapley Question). Every instantiation of
{f, g,D,Z,X , pS} defines a specific Shapley Game, which answers a specific Shapley Question:
“How does the presence of attributes Z contribute to the unit xobs achieving the outcome g(f(xobs)),
relative to the expected outcome of hypothetical reference units drawn pD,xobs

S ?”

Using the generalized definition, we situate existing literature within a unified parameter space. We
highlight how disparate modeling choices give rise to the phenomenon of explanation multiplicity.

2.1 Fill-in methods

Shapley values are computed over coalitions (subsets) of varying sizes. While one could train a
unique model for every possible coalition [44], we typically aim to explain a single model defined
over inputs of a fixed length. We therefore must “fill-in” missing values [11], a process that requires
assumptions about the characteristics of hypothetical units—namely, which values features can
take and how they interact. Following [32], we frame disparate fill-in methods as specific ways to
parametrize the background data D and the hybrid data distributions pD,xobs

S .

2.1.1 Background data

The background data D, typically represented as an empirical dataset where xobs ∈ D, or as a
Data Generating Process (DGP) for causal frameworks, constrains pD,xobs

S . Specifically, D acts as a
functional constraint that dictates the support and range of perturbations available to the explainer,
regardless of the specific distributional assumptions eventually adopted.

While subselecting background data is often employed to facilitate tractable approximations of
the Shapley value, the choice to restrict D frequently serves a normative purpose, to curate a
specific contrastive signal [32, 48]. For example, explaining why a student received a ’B+’, using
as background data students who received an ’A-’ [32], or evaluating the 15-year mortality risk
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of a 75-year-old male by subselecting a cohort of age- and gender-matched peers instead of the
general-population, a baseline which is clinically irrelevant [10]. So, because these choices are
dictated by context-specific logic rather than mathematical necessity, they represent a hidden “degree
of freedom” that must be explicitly documented.

The following lemma characterizes how background data determines the total distance between
explanations parameterized by distinct datasets.
Lemma 2.3. Let f be a model, g a profit function, and ϕ(f, x,D1) and ϕ(f, x,D2) the Shapley
value explanations for observation x produced using background data D1 and D2 respectively. Their
aggregate difference in feature attributions is given by:

dD1,D2
(x) =

∑
i

ϕi(f, x,D1)−
∑
i

ϕi(f, x,D2) = ED2
x [f(x)]− ED1

x [f(x)] (2)

Proof. Proof follows from the efficiency property [34, 45]:
∑

i ϕi(f, x,D) = f(x)− Exf(x).

Impact on explanation. We see that the aggregate difference in feature contributions between the two
explanations derived from distinct background subsets is equivalent to the difference in the means of
those subsets. While this difference may be negligible under unbiased sampling, it becomes a primary
driver of explanation multiplicity when subsets are selected purposefully to satisfy a contrastive
property. In the grading example, comparing a student against an ‘F’ cohort versus an ‘A+’ cohort
creates a fundamental shift in the reference mean. Such a selection would invert the signs of the
feature contributions and potentially their magnitudes. Consequently, the “important” features might
be fundamentally different between the two explanations based solely on the choice of D.

2.1.2 Hybrid data distributions

Constructing hybrid units–mixtures of observed and reference features–requires defining a distribution
to fill-in the complement set S̄ . Existing literature primarily considers five classes of distributions: uni-
form [43], marginal [12, 30, 14, 31], product of marginals [16], conditional [2, 21, 36], and—where
a causal graph is known—interventional [23].We extend the framework from [32] to incorporate the
interventional distribution.

Formally, given a unit xobs, background data D, and a subset of features S, we must define values
for the complement set S̄ = X \ S. To estimate the expected value E

x∼p
D,xobs
S

[f(x)], we generate

hybrid units where features in S are set to xobs,S (or do(XS = xobs,S)). The features in S̄ are then
sampled from a distribution pD,xobs

S̄ derived from one of the aforementioned strategies.

A frequent simplification uses a single “baseline unit" to populate S̄, effectively replacing D with a
single unit; this represents a special case of the marginal distribution. Common “neutral" choices
include the all-zeroes vector or the mean feature value [30, 19]. More recently, “dynamic" baselines
have been introduced to facilitate pairwise comparisons between specific instances [39, 32].

Impact on explanation. The diverse assumptions of these distributions have sparked intense
debate [28, 45]. Conditional distributions capture data correlations, attributing importance even
to features unused by the model, whereas marginal distributions possibly attributes model-specific
importance [32, 29, 9]. Uniform, marginal, and product-of-marginal approaches differ in the weight
assigned to outliers during hybrid unit construction [32]. Only the interventional distribution respects
causality, providing both direct and indirect effects [23], though some argue the marginal is closer to
the interventional than the conditional [26, 29]. These differences make distributional assumptions
pivotal for the resulting explanation.

2.2 Explanation Features

Existing methodologies often advocate for an attribution space Z distinct from the model’s input
space X . We formalize this via a mapping m : Z → X , where explanations are calculated over Z
but model evaluations occur in X .

[29] utilizes such mappings to group correlated features while using marginal distributions. For
example, systolic and diastolic pressures may be aggregated into a single "blood pressure" feature
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to reflect that medical interventions typically affect these variables simultaneously. In our notation,
zi ∈ Z maps to the tuple (xj , . . . , xk) ⊆ X , ensuring that hybrid instances remain in the space of X
while providing semantically coherent concept-level explanations that are always sampled jointly.

We suggest a similar imperative for one-hot encoded features. Mapping categorical variables in
Z to their encoded representations in X preserves interpretability, prevents unnecessary feature
proliferation, and ensures distributional consistency by avoiding nonsensical hybrid states where
multiple mutually exclusive categories are simultaneously active.

Finally, in recourse, attributing importance to non-actionable attributes like age may be undesir-
able [47]. Using the mapping to make these variables invariant, we restrict attribution to actionable
dimensions.

Impact on explanation. These choices—grouping, re-encoding, and exclusion-fundamentally alter
the list of features that are explained, and therefore the magnitude of the new features.

2.3 Profit functions

Recent work argues that many explainability questions cannot be addressed by explaining model
outputs f(x) alone, proposing instead to explain a composite profit function g ◦ f [6, 16, 39, 13, 24].
While g commonly defaults to the identity function, it can represent specific latent consequences or
other functions defined over the model output.

For example, in ranking, profit functions, based on the rank of a unit defined over the score of all units,
are used to explain ranked outputs [39, 13, 24]. For these methods, we could set g to be the function
of a unit’s rank, setting A to be the score f(x), and rank of all other observed units in the dataset.
Further, [16, 6] introduce profit functions for a variety of questions, such as intergroup differences.
Our framework accommodates these by allowing g to handle sets of observations xi ⊆ X , achieved
by setting pDS to include hybrid units for all xi, and ensuring that empirical averaging occurs within
the profit function to accommodate different averaging strategies per profit function (see Algorithm 1
and the specific profit functions of these works).

Returning to the grade example from Section 2.1.1, consider a student who received a B+. By
explaining the function g(f(x)) = 1f(x)=A−(x) instead of f(x), we shift the inquiry from the
label changing to any grade, to the grade being within the decision boundary of A-; contributions
to receiving any other grade are rendered irrelevant, thus isolating the features that can induce A-.
Crucially, this is distinct from selecting a reference set D consisting of students who received an A-.
The reference set determines the source of possible feature values used to construct hybrid units,
providing values that, in some combination, were graded as A-. The profit function, conversely,
determines the evaluation criterion—dictating whether those hybrid units count as a "success."

Impact on explanation. Altering the profit function does not merely shift the mathematical baseline;
it fundamentally changes the unit, magnitude, and sign of the attribution. Normatively, because
the choice of g defines the unit of the question being asked, it must be explicitly disclosed for the
resulting explanation to be valid and comprehensible.

2.4 Higher-order Shapley values

Our framework naturally incorporates Shapley value interactions (SVI) [46] or any measure based
on a weighted sum of differences, such as the Banzhaf Index [4, 16]. We introduce a generalized
definition that flexibly accommodates various indices by modifying the target set T , weights wS , and
difference function ∆S , (remember n = |Z|):

ϕT =
∑

S⊆Z\T

wS∆S (3)

Shapley: T = {i}, wS = |S|!(n−|S|−1)!
n! , and ∆S = Ex∼pS∪{i} [g(f, x,A)]− Ex∼pS [g(f, x,A)].

Banzhaf Index: T = {i}, wS = 1
2n−1 , and ∆S matches Shapley.

SVI: T ⊆ Z , wS = (n−|T |−|S|)!|S|!
(n−|T |+1)! , and ∆S =

∑
W⊆T (−1)|W|−|T |Ex∼pS∪W [g(f, x,A)].
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Impact on Explanation. While we do not include T , wS , and ∆S in definition 2.1 to minimize the
notation and keep the position simple, the method being used has a large impact on the explanations.
For example, SVI are able to account for feature interactions of up to size |T |.

2.5 Approximations

Analogous to higher-order indices, Shapley value approximation methods (for example [30, 10, 8, 35,
27, 31, 3, 45, 1]) function as aggregation procedures that take the parameters of Definition 2.1 as input
to estimate feature contributions. These methods introduce various forms of approximation error
and new parameters depending on their implementation—such as the number of coalition samples
m in Monte Carlo approaches [8] or the specific distributional assumptions used to approximate
conditional expectations [9, 2]. While these auxiliary parameters are omitted from the core definition
for brevity, approximations are critical components of the explanatory metadata and are thus included
in our proposed Shapley Card.

Impact on Explanation. Approximation methods introduce inherent uncertainty into the resulting
attribution. Consequently, the choice of algorithm and, more importantly, the expected error bounds
must be disclosed to the recipient to ensure the explanation’s reliability and prevent over-interpretation
of statistically insignificant results.

2.6 Complex games

Shapley values extend beyond standard model explanations to address more complex inquiries,
such as identifying biased outcomes using pattern mining [37] or explaining pairwise preference
learning [25]. Our framework naturally accommodates these complex formulations. We provide
more details on how our framework can represent these two specific examples below.

In [25], they examine problems that do not adhere to the rankability assumption, specifically, scenarios
where no total order exists over the items, but rather only pairwise preferences. To explain a preference
relation between two units xl and xr, they construct a composite unit (xl, xr) and perturb the features
of both items simultaneously—for a set S , both xl

S̄ and xr
S̄ are altered at the same time. We can model

this through the attribute space Z using the feature grouping mechanism from [29]. Specifically,
we define the explainable attributes as tuples Zi = (X l

i ,X r
i ), forcing the simultaneous perturbation

required.

In [37], they employ pattern mining to identify biased subgroups defined by specific feature-value
pairs (e.g., {age > 25, sex = Male}). After identifying itemsets with anomalous outcomes, they
use Shapley values to determine which term in the itemset definition drives the disparity. In this
setting, the “absence” of a feature corresponds to removing a constraint from the itemset definition.
Consequently, no sampling is required. We model this deterministically by defining pS such that it
yields the modified itemset (the subset of constraints) with probability 1.

Impact on Explanation. We argue that as the complexity of the game increases, explicit documenta-
tion of the explanatory parameters becomes indispensable.

3 The explanation lifecycle: a call to action

The primary goal of this work is a paradigm shift in the explanation lifecycle, Fig. 1. We argue that
context of use must be a formal input to the explanatory process, driving both the mathematical
production of the attribution and its subsequent disclosure. Context can include diverse objectives
such as model development, auditing, recourse recommendation, and individual decision-level
explanations. By explicitly incorporating context, we disambiguate explanation multiplicity–the lack
of a unique explanation per model and unit. This disclosure increases transparency and clarifies the
transportability of the explanation across different domains.

3.1 Formalizing Intent

To provide a meaningful explanation, practitioners must first map the normative context to specific
mathematical parameters. We call this process defining the “Shapley question.” Current work focuses
heavily on the computational properties of estimation techniques. We urge the community to expand
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Table 1: Components of the Shapley Card.

Parameter Notation Technical Specification Meaning

Intended Context Normative definition of context Why was this explanation created?
Explicand xobs Unit(s) being explained Who is this explanation about?
Model f,X Model to be interpreted and input space How are the outcomes produced?
Target g ◦ f Profit function (Units/Scale) What specific outcome is being explained?
Reference D Background data Who are we comparing against?
Attributes Z Feature grouping/mapping What are the players in the coalition?
Assumptions pS Distributional assumptions How do we generate hybrid units?
Other Implementation / Approximation Is the value estimated? (what is the error)?

this rigor to the normative implications of all parameters. Future work must establish a formal
taxonomy of standard configurations tailored to specific stakeholder goals. For example, auditing may
require the population as the reference set D to detect systemic bias, whereas individual recourse may
require a reference set of“similar neighbors” to suggest attainable changes. Furthermore, research is
required to identify the bounds of manipulation; we must determine which parameter combinations
are robust for a given context and which are brittle or prone to adversarial exploitation [41].

3.2 Answering the question

Once the parameters are set, the resulting Shapley explanations can be evaluated. Existing evaluation
metrics typically measure “faithfulness” to the model [5, 15]. However, if multiple faithful expla-
nations exist, we need new metrics that measure alignment: does the chosen configuration actually
answer the specific question the user intended to ask? How do the different explanations compare?

3.3 Standardizing Disclosure: the Shapley Card

Because distinct parameter configurations could correspond to equally valid yet semantically distinct
questions, presenting a Shapley value in isolation is not merely incomplete—it is potentially mis-
leading. To address this ambiguity, we propose the Shapley Card—a structured meta-explanation
documentation framework inspired by Model Cards [33] and Datasheets for Datasets [22]. By
explicitly reporting the parameter choices that define the underlying cooperative game (Table 1)
—The Shapley Card provides the necessary context to transform a feature importance score into a
transparent, interpretable artifact. However, the Card is only a starting point. We call on the commu-
nity to design meta-explanations that go beyond raw parameters, creating interfaces appropriate for
stakeholders with varying technical literacy. Figure 2 shows an example of a Shapley Card.

4 Case Studies

This section presents case studies across synthetic and real-world datasets, spanning both tabular
and image data. The examples serve a dual purpose: first, we demonstrate the practical impact
of explanation multiplicity, a well-documented challenge in the literature [45, 32, 48, 9, 5, 23, 11,
42, 26, 10], second, we provide an initial paradigm for mapping explanation context to specific
Shapley Questions. We provide a simple case study using Partial Dependence Plots (PDPs) [20] in
Appendix D.

4.1 Case Study 1: Synthetic Dataset - Average vs. Targeted Local Explanation

Dataset - Survival show auditions We created an artificial dataset of 28,000 datapoints inspired
by [48]. The task is to get an audition for a survival show. The dataset consists of three features
X1, X2, and X3, which can be thought of as “muscle mass”, “height”, and “gender”. We have three
classification outcomes, “no”, “maybe”, and “yes”, indicating whether someone will be auditioned or
not. We use different features for deciding the outcome per gender. We create the dataset as follows.

We define X1 as a Gaussian mixture X1 ∼ 0.29N (25, 52) + 0.42N (75, 52) + 0.29N (125, 52). The
variable X3 ∼ Bernoulli(0.5) serves as a gender indicator where 0 represents men and 1 represents
women. Finally, X2 is a conditional Gaussian mixture dependent on X3: for women (X3 = 1),
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X2 ∼ 0.29N (40, 52)+0.42N (45, 52)+0.29N (55, 52), whereas for men (X3 = 0), the distribution
shifts to X2 ∼ 0.29N (40, 52) + 0.42N (50, 52) + 0.29N (60, 52).

Whether a unit will audition is determined based on the following rules, and illustrated in Figure 7
in the Appendix. We can quickly note that height (X2) matters only for women, and that there are
women who would get a better outcome if they were men.

no : X1 ≤ 50 (4)
no : 50 < X1 ≤ 100 and X3 = 1 and X2 ≤ 50 (5)

maybe : 50 < X1 ≤ 100 and X3 = 0 (6)
maybe : 50 < X1 ≤ 100 and X3 = 1 and X2 > 50 (7)

yes : X1 > 100 (8)

Model We train-test split 70-30% of the data, and train a Multi-Layer Perceptron Classifier, with
a maximum of 300 iterations. The accuracy is 0.993, and the confusion matrix is shown below in
Figure 3a.

Context. Let’s suppose we are the agent of contestant x, shown in Figure 3b. The contestant is a
woman (X3 = 1) with X1 = 91 and X2 = 47. The contestant received the "no" outcome as dictated
by rule 5. We are interested in finding out why our contestant wasn’t wait-listed.

Parameter Setting 1. In Figure 2a, we see the explanation we would get out-of-the-box using SHAP
on this dataset 1. This simply means that we implicitly chose values for all variables in Definition 2.1.
Specifically, for this dataset, we chose g = f and Z = X , and pDS are created using the marginal
fill-in method, and D is the entire training set. According to Definition 2.2 then, Figure 2a corresponds
to “How would the features {X1, X2, X3} contribute to unit xa receiving outcome no, relative to the
average outcome of other units drawn assuming marginally independent features with probability
distributions defined using the values of the entire training population.” While this question and the
corresponding explanation are perfectly valid, we will examine another option.

Parameter Setting 2. The agent of this unit wanted to know why their client didn’t get wait-listed. We
can interpret this task as “How would the features {X1, X2, X3} contribute to unit xa not receiving
outcome maybe and receiving no instead, relative to the average outcome of other units drawn
assuming marginally independent features with probability distributions defined using the values of
the units of the training population that received maybe”. In other words, we set g = 1f(x)=maybe(x),
Z = X , and pD

′

S are created using the marginal fill-in method, and D′ contains only the units from
training set that received outcome maybe. This explanation is shown in Figure 2b.

Discussion. The two explanations are significantly different. In 2a, X1 is the most important, and X3,
an indication of discrimination, is also high. In 2b, X1 is not contributing, and X3 is the main reason
this unit did not receive a different outcome. Note that, depending on the definition of discrimination,
the difference in the impact of the protected feature X3 between the two explanations could affect
whether this outcome is considered discriminatory.

Validation. One could make the argument that the second explanation is answering the agent’s
question directly. Since we know exactly how outcomes are assigned for this dataset, we know that
this unit received no because of rule 5. We also know that the question “why isn’t the outcome maybe
and is no” would require that the unit qualifies for either of the two rules 6 and 7. If the unit qualified
for 6, then X3 should be 0, and, if the unit qualified for 7, then X2 should be more than 50, making
X2 and X3 the only important features for the question, as shown in the second explanation.

4.2 Case study 2: Synthetic Dataset - Understanding Prediction Errors

We will examine a case where explainability can help us understand prediction errors. This example
serves a dual role. In addition to arguing for the careful selection of the Shapley value parameters, we
also point out that choosing the parameters carefully can expand their utility. We omit the Shapley
card in the interest of space. The dataset and model are the same as in Case Study 1.

Context & Parameter Setting. Assume we want to understand why the items in Figure 3a are
misclassified. We explain the missclassified units and the units that were correctly classified, and

1but with no sampling of the background data to remove the approximation error from the comparison
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(a) Confusion Matrix (b) Explicands (c) Explanations of all misclassified units

(d) Explanations of units correctly label as “no” (e) Explanations of units correctly label as “maybe”

Figure 3: Model and Dataset information for case studies 1 & 2, and explanations for case study 2.

compare the explanations. In Figure 3, we show the explanations for the misclassified items that
are classified as no instead of maybe, the explanations of similar items classified as no correctly,
and similar items classified as maybe correctly. To identify similar items, we find the units that are
correctly classified and have a minimum Euclidean distance from the incorrectly classified units,
shown in Figure 3b. To create the explanations, we use g = 1f(x)=maybe(x) like in the previous
example. The reason we want to use g for this example is to remove the effect of the feature
importance of the units when they are classified in Yes. We provide the same explanations using
g = f in the Appendix Figure 8. There, we can see that even in this simple dataset, the importance of
X1 is fluctuating more; recall that all units considered have almost identical X1 values.

Discussion. Looking at the explanations, we can see that the misclassified units, whose real label
is Maybe, receive explanations almost identical to the units whose label is correctly classified as
No. Additionally, the labels of the units that are correctly classified as Maybe mainly differ in the
contribution of X2. We conclude that the model is underestimating the effect of X2 for these units.

Validation. Since we have access to the model, we can use this information to confirm that X2 is
the reason these units are misclassified. Indeed, changing only the value of X2 can flip the label
for these units at a threshold of about 50.3 instead of 50. While we could do this test without these
explanations, the explanations provide us with a specific hypothesis that we can easily confirm.

4.3 Case Study 3: Real Data - Average vs. Targeted Local Explanation

Dataset & Model.We use ACSIncome [17, 18] from CA (2018), and logistic regression. We train-test
split 80%-20% and the accuracy is 0.8166. The task is to predict if income is more than 50K.

Context & Parameter Setting. We explain a 28-year old, female, full-time federal employee with an
associate’s degree. Her salary is below 50K, and we want to know how a higher degree would impact
her salary. We produce two explanations, one using the entire population as D and one using only
full-time federal employees that have associate’s degrees or higher. The outcome is binary so g = f .
This dataset contains many categorical variables that require one-hot encoding. We use Z → X , so
the explanation uses the input features, and the model uses one-hot encoded 2, see Section 2.2.

Discussion & Validation. In Fig. 4 we see that “SCHL” has a much higher importance in the second
setting. In Fig 4c we can see how the means of the features shift when we subselect for this person’s
relevant colleagues. That is not surprising, real data generally has structure and subselecting the
background data based on some feature-based criterion will affect the feature distributions of other
features. If a feature whose mean changed was used by the model, then this subselection will also
affect the means of the outcomes (see lemma 2.3), and if that feature is also important, then the shift
of the model outcomes will be significant and the subselection will end up affecting the explanations.

2Note: in Python, we can implement the mapping m : Z → X using a scikit-learn [38] pipeline.
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(a) Explanation when D is the population (b) Explanation when D consists of similar people

(c) Shift of means for Case Study 3

Figure 4: Explanations for Case Study 3 on ACSIncome.

We see that in this case, the subselection of the relevant colleagues in combination with the model
translates the shift of the mean of SCHL into a significantly higher feature importance. In short,
we confirm that changing the background data based on the question can significantly impact the
explanations [32, 48, 10]. See also Fig 9 in the Appendix for the complete explanations from Fig. 4.

4.4 Case Study 4: Image Data - Impact of Stochastic Subsampling

Dataset & Model. For this experiment, we used the MNIST image classification setup from the
official SHAP documentation 3. Were they utilize a CNN trained via PyTorch with the SHAP Deep
Explainer, a marginal approach [30].

Context & Parameter Setting. This Case Study aims to illustrate how the multiplicity problem
manifests in standard, real-world workflows. Following the workflow of this SHAP documentation
experiment, we explained three specific digits using two different random subsets of background
data (D)—a parameter often subsampled in practice. In the following experiment, the model and
the specific images being explained remain identical; only the background datasets (sampled from
the held-out test set) are varied. The model and all parameters, including the size of the background
dataset (100), are taken as is from the SHAP example. The context for this experiment can be seen as
whether the standard out-of-the-box average local explanation differs when we use different subsets
of background data sampled at random.

Discussion & Validation. As shown in Figure Fig. 5, the highlighted "important" pixels change
significantly between the two runs. For instance, many pixels in the bottom-middle region appear as
important only in the second set of explanations. This demonstrates that even common preprocessing
choices, like random subsampling, introduce a form of "implementation noise" that can alter the
explanation’s narrative.

4.5 Case Study 5: Image Data - Differences Between Digits

Dataset & Model. Same as the previous Case Study.

3https://shap.readthedocs.io/en/latest/example_notebooks/image_examples/image_
classification/PyTorch%20Deep%20Explainer%20MNIST%20example.html
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(a) First random subset of background data (b) Second random subset of background data

Figure 5: Explanations for Case Study 4. Shapley value explanations depend on the background
dataset even when using random subsampling. In this plot, we build on an example from SHAP
documentation. We show Shapley value explanations of three images from MNIST using a CNN and
Deep Explainer, and different background data. Both explanations use the same model. This SHAP
visualization shows the image being explained in the first column and explanations for classes 0-9
from left to right. We see that depending on the background data, different pixels are important for
different classes.

(a) The background data consists of images of 1 or 7
only

(b) The background data consists of images of 5 or 8
only

Figure 6: Explanations for Case Study 5. Shapley value explanations can explain meaningful
questions for image data. In this plot, we continue with the same setup as Figure 5.

Context & Parameter Setting. We further investigate how targeted parameter choices correspond to
distinct semantic questions (Fig. 6). We explained the same three images of digits "1" and "7" under
two different conditions:

• Intra-class comparison: Using a background of only "1" and "7" images. This answers:
"What distinguishes these specific instances from the general 1/7 category?"

• Inter-class comparison: Using a background of "5" and "8" images. This answers: "What
features distinguish a 1 or 7 from a 5 or 8?"

Discussion & Validation. The resulting importance maps are qualitatively different. In the first
case, only pixels typical of 1s or 7s are highlighted. In the second, features shared with the 5s or
8s—such as the lower-left curve of an "8"—are highlighted as important to the explanation. These
results confirm that SHAP outputs are not just sensitive to "noise," but are fundamentally driven by
the user’s implicit or explicit parameter choices. We believe this strongly supports our argument that
documenting these parameters via a Shapley Card is essential for real-world interpretability.

5 Alternative Views

In this section, we address two credible counter-arguments to our proposal: the preference for
standardization over parametrization, and the view that explanation multiplicity arises solely from a
lack of causal identification.

View 1: Standardization is preferable to parametrization. While explanation multiplicity is widely
acknowledged, a prevalent response in the literature is to resolve it through standardization—either
by proposing a single “canonical” implementation or by aggregating multiple methods [5, 32, 45, 29].
This perspective effectively treats the Shapley value’s axiomatic uniqueness as a mandate for a single
universal configuration, typically defaulting to the marginal expectation over the training distribution.
From this perspective, exposing multiple degrees of freedom (g,D,Z, pS) perhaps can be seen as
imposing excessive cognitive load on stakeholders and hindering comparison across different models.

Response: We contend that standardization prioritizes consistency over validity, creating a risk of
misalignment. As we demonstrated in Section 2, different parameter choices answer fundamentally
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different questions. The game-theoretic guarantee of uniqueness holds only for a fixed game; it does
not dictate which game is appropriate to play. By fixing a canonical configuration, one implicitly
fixes a canonical question, which may be irrelevant to the stakeholder’s actual context [9, 48]. We
argue that the complexity of the Shapley Card is not artificial; it reflects the inherent complexity of
explainability. Hiding these choices does not eliminate the normative assumptions; it merely obscures
them, leading to a false sense of objectivity.

View 2: Multiplicity is a failure of causal identification. Some works suggest that explanation
multiplicity is a side effect of lacking knowledge regarding the underlying data-generating process.
Work by [26, 23] suggests that if the underlying Structural Causal Model (SCM) of the data were fully
known, there would be a single, uniquely correct Shapley value based on do-calculus interventions.
Under this view, our framework’s parameters could be seen as simply proxies for missing causal
knowledge.

Response: We agree that causal insight clarifies pS , but we maintain that it does not resolve mul-
tiplicity. Even with a perfect SCM, normative choices remain: one must still select the reference
population D (e.g., relative to the population mean vs. a specific control group) and the profit function
g (e.g., explaining the raw probability vs. the classification label) remain subjective definitions of
the question, not objective properties of the model/data. Causal knowledge tells us how variables
interact, but it cannot tell us which interaction is relevant to the stakeholder’s specific question.

6 Summary

In this position paper, we provided a unifying Shapley value definition and demonstrated that feature
importance is not an intrinsic property of a model or the data, but an outcome strictly defined by
the parameters of the Shapley game. Since distinct configurations represent semantically distinct
explanations, explanation multiplicity is expected; as a community it is our responsibility to determine
which explanation aligns with a specific inquiry, or to acknowledge when no such alignment exists.
To assist with this selection we issue a call to action, and to ensure trustworthiness, we propose
Shapley Cards, arguing that reporting a value without its defining parameters obscures the underlying
question and its formulation—rendering interpretation impossible. By shifting the conversation from
“which method is best” to “which question is being asked,” we believe the field can move toward a
more transparent, reproducible, and scientifically rigorous science of explainability.
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A Dataset

In Figure 7, we illustrate the features and the outcomes of the dataset used in the examples for men
and women respectively.

Figure 7: Feature values and outcomes for men (X3 = 0) on the left and women (X3 = 1) on the
right. The dashed line indicates the cutoff for ’C2’ for women.

B Case Study 2 - Supplementary

In Figure 8. We replicate the experiment of example 2 explaining f directly instead of g =
1f(x)=maybe(x). We include the comparison of these two experiments in the main text.

C Case Study 3 - Supplementary

In Figure 9 we provide the complete explanation from Case Study 3.

D Case Study 6: Beyond Shapley values

We run a simple experiment using Partial Dependence Plots (PDPs) [20] to illustrate that explanation
multiplicity is not unique to Shapley values.
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(a) Explanations of all missclassified units using g =
f as the profit function

(b) Explanations of units correctly label as “no” using
g = f as the profit function

(c) Explanations of units correctly label as “maybe”
using g = f as the profit function

Figure 8: Explanations of different groups of units for the second example using g = f .

(a) Explanation when D is the population (b) Explanation when D consists of similar people

Figure 9: Extended explanation of Case Study 3.

Partial Dependence Plots (PDP) also depend on the background data. In Fig. 10, we show PDPs for
the survival show audition dataset introduced for Case Study 1, and the outcome class “Maybe” for
three different background datasets: 10a for the entire population, 10b for women and 10c for men.
In 10a, we see dependence on the gender (X3). Looking at this dependence in more detail in the next
two figures, we notice that for women, X2 becomes important after the threshold of 50, correctly
reflecting the fact that women need an X2 value of 50 or higher to be classified in this class. This
shows that the PDPs will produce different and meaningful results depending on the background data.
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(a) Entire population (b) Women (c) Men

Figure 10: Different subsets of the background data result in PDPs with different functional form for
the same model and data.
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