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Abstract

Algorithmic explanations are intended to help stakeholders
understand opaque algorithmic decisions, but in practice, they
often fall short. First, the meaning of algorithmic explana-
tions is often not what one might intuitively expect, so expert
knowledge is required to interpret them correctly. Second, re-
cent work has shown that popular explanation algorithms are
uninformative about the behavior of complex decision func-
tions. Together, these issues create a gap between what ex-
planations appear to convey and what they actually provide.
In this work, we propose Explanation Cards for Explanation
Algorithms, which augment standard explanations with com-
plementary information about robustness and validity, as well
as clear instructions for interpretation. The complementary
information can render otherwise uninformative explanations
practically useful, while also helping to detect cases where
they are not. Importantly, the interpretation instructions in ex-
planation cards shift responsibility from users to providers:
Rather than expecting users to recognize what can and can-
not be concluded from an explanation, providers must make
this explicit upfront. Using counterfactual explanations and
SHAP as examples, we demonstrate how providers can con-
struct explanation cards and that these cards provide users
with the guidance needed for sound interpretation. We fur-
ther argue that explanation cards might offer a practical way
to operationalize some provisions of the EU Al Act. Overall,
explanation cards are a significant step toward making expla-
nation algorithms fit for real-world use cases.

Code — https://github.com/tml-tuebingen/explanation-card
Version with appendix — https://arxiv.org/abs/2606.16786

1 Introduction

Explainable machine learning (XAI) methods are meant to
help stakeholders understand opaque, black-box machine
learning models. For example, XAl methods have been dis-
cussed as a tool towards enabling transparency for users
affected by algorithmic decisions, and they have also been
discussed as tools to debug algorithmic decisions (Ribeiro,
Singh, and Guestrin 2016; Wachter, Mittelstadt, and Russell
2017). Meanwhile, the field of explainable machine learning
faces fundamental criticism, and various authors have advo-
cated against their use in high-stakes settings (Lipton 2018;
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Rudin 2019; Krishnan 2020; Krishna et al. 2022; Freiesleben
and Konig 2023; Corbett and Denton 2023; Schmitt et al.
2024; Deck et al. 2024; Skirzynski, Danks, and Ustun 2025;
Bordt, Raidl, and von Luxburg 2025).

Challenge of Misinterpretation. A prominent criticism
is that algorithmic explanations lend themselves to misin-
terpretation (Ghassemi, Oakden-Rayner, and Beam 2021;
Bordt, Raidl, and von Luxburg 2025), leading stakehold-
ers to derive wrong conclusions from explanations (Mol-
nar et al. 2020; Bordt et al. 2022; Freiesleben and Konig
2023; Huang and Marques-Silva 2023; Geirhos et al. 2024;
Tomaszewska and Biecek 2024; Khadar et al. 2025). One
cause of misinterpretation is that the meaning of explana-
tions is often not what one would intuitively expect (Bhatt
et al. 2020). Instead, detailed expert knowledge is required to
translate them into justified insight (Khadar et al. 2025). This
is particularly problematic in high-stakes settings, where ex-
planations are intended to help non-expert stakeholders un-
derstand how a machine learning model arrived at a partic-
ular decision (Bordt et al. 2022). For example, Ghassemi,
Oakden-Rayner, and Beam (2021) notes in a medical con-
text that the “interpretability gap of explainability methods
relies on humans to decide what a given explanation might
mean”.

Technical Challenges of Explaining Complex Models.
Research on the technical properties of explanation algo-
rithms has highlighted significant drawbacks in many pop-
ular algorithms. For example, it has been shown that the
output of explanation algorithms is sensitive to seemingly
irrelevant changes in the model that one aims to explain
(Dombrowski et al. 2019; Slack et al. 2020). More generally,
work has shown that strong assumptions about the underly-
ing model are required for explanations to be practically use-
ful, and that the explanations themselves provide no means
of assessing whether those assumptions are met (Garreau
and von Luxburg 2020; Bordt and von Luxburg 2023). In
particular, Giinther et al. (2025) has demonstrated that local
feature attributions are only informative about models that
are sufficiently simple. Taken together, these results suggest
that in settings where the model is complex, algorithmic ex-
planations may not justify any intuitive interpretation at all.

Explanation Cards for Explanation Algorithms. In this
paper, we propose a pragmatic solution that addresses both
the problem of model complexity and misinterpretation:



Explanation Cards for Explanation Algorithms. Expla-
nation Cards augment the output of standard explanation
algorithms with complementary information about their
robustness and validity, and provide clear instructions for
how the output of the explanation algorithms should be
interpreted. From a technical perspective, this comple-
mentary information renders the explanations informative.
From the perspective of the stakeholder who receives the
explanation card, the complementary information makes the
explanation practically useful whenever possible, while also
helping to detect cases where it is not. Most importantly,
the instructions for interpretation shift responsibility from
the user to the provider of the explanation: Rather than
expecting the user to recognize what can and cannot be
concluded from an explanation, providers must make this
explicit upfront.

Our key contributions are the following:

* We suggest using explanation cards to alleviate chal-
lenges in interpreting the output of common explanation
algorithms. To construct such cards, one needs to derive
technical guarantees about the specific explanation, and
translate those to natural-language statements that outline
to a user which concrete interpretations can and cannot
be drawn from the given explanation.

* We derive the necessary mathematical guarantees to con-
struct two example explanation cards: an explanation
card for counterfactual explanations for loan decisions
(Section 4), and an explanation card for SHAP explana-
tions in medical diagnosis (Section 5).

* In a legal analysis, we show how the use of explanation
cards could help to satisfy the transparency and explain-
ability standards set by the EU AI Act (Section 6).

2 Related Work

In this paper, we focus on post-hoc explanation algorithms
(Ribeiro, Singh, and Guestrin 2016; Lundberg and Lee
2017; Wachter, Mittelstadt, and Russell 2017). They are
widely used, for example, for model debugging (Adebayo
et al. 2020), but also in high-stakes scenarios like medicine
(Borys et al. 2023), recourse recommendations (Karimi et al.
2022) or detecting discrimination (Agarwal et al. 2018). For
a general overview of the big field of explainable Al (XAI),
we refer the reader to Molnar (2025).

Counterfactual Explanations. The first explanation al-
gorithm discussed in this work is counterfactual explana-
tions (Wachter, Mittelstadt, and Russell 2017). Counterfac-
tual explanations have gained significant attention because
they align with how humans naturally reason about cause
and effect (Miller 2019; Byrne 2019). They have also been
proposed as a recourse mechanism, for example, in credit
lending (Ustun, Spangher, and Liu 2019). However, it is
also known that counterfactuals lack robustness: An adver-
sary can train models with unstable counterfactuals (Slack
et al. 2021) and generally, small changes in the observa-
tion can lead to different explanations (Fokkema, De Heide,
and Van Erven 2023). Furthermore, changes in one fea-
ture may have unexpected downstream causal effects on
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other features (Karimi, Scholkopf, and Valera 2021; Karimi
et al. 2022; Konig, Freiesleben, and Grosse-Wentrup 2023;
Konig et al. 2025) and a counterfactual may be invali-
dated if changed slightly (Dominguez-Olmedo, Karimi, and
Scholkopf 2022). More recently, it was shown that counter-
factuals are not informative for arbitrarily complex functions
(Giinther et al. 2025). These insights have led to a num-
ber of attempts to make counterfactuals more robust (Artelt
et al. 2021; Zhang et al. 2023; Leofante and Potyka 2024).
Particularly related to our work are regional counterfactu-
als (Fernandez et al. 2020; VanNostrand et al. 2023), which
have been proven to be easier to understand for a subject
(VanNostrand et al. 2024).

SHAP Explanations. The second explanation algorithm
discussed in this work is SHAP (Lundberg and Lee 2017).
SHAP has become one of the most widely used post-hoc
explanation algorithms due to its ease of use and model-
agnostic applicability (Lundberg, Erion, and Lee 2018; Mol-
nar 2025). However, the algorithm has also been frequently
criticized (Kumar et al. 2020): Similar to counterfactual ex-
planations, SHAP is sensitive to off-manifold behavior (Frye
et al. 2020; Taufiq, Blobaum, and Minorics 2023) and can be
manipulated by an adversary (Slack et al. 2020; Hwang et al.
2025). Furthermore, the presence of variable interactions
limits the interpretation of the SHAP attributions, which has
given rise to algorithmic variants that also attribute interac-
tions (Lundberg, Erion, and Lee 2018; Zhang et al. 2021;
Bordt and von Luxburg 2023; Fumagalli et al. 2023). Tech-
niques like these also exist for global methods that aim to ex-
plain the data (K6nig, Giinther, and von Luxburg 2025). But
even for models without interactions, SHAP values remain
uninformative for complex functions due to their potential
instability (Giinther et al. 2025). We hence present several
SHAP explanations, presenting their stability, and give ad-
ditional information that reveals whether they connect to the
prediction, which is only possible if the model does not ex-
hibit strong interactions.

Legal Discussion Around Explainability. In the context
of high-stakes decisions, the connection to the legal domain
has also been widely examined: Explainability requirements
have been discussed in relation to the General Data Protec-
tion Regulation (GDPR) (Wachter, Mittelstadt, and Russell
2017; Hamon et al. 2022; Selbst and Powles 2018), vari-
ous drafts and the final version of the Al Act (Panigutti et al.
2023; Kaminski and Malgieri 2025), and their combined im-
plications (Hacker and Passoth 2020; Ebers 2020; Nannini
2024).

Explanation Cards are inspired by model cards
(Mitchell et al. 2019) and datasheets (Gebru et al. 2021).
They are also closely related to saliency cards, proposed
by Boggust et al. (2023). However, we develop explana-
tion cards for tabular data rather than for images, and tai-
lor them to a non-expert audience. Explanation cards move
beyond previous approaches that enhance explanation algo-
rithms with robustness and stability measures (Bhatt, Weller,
and Moura 2021; Velmurugan et al. 2021; Dasgupta, Frost,
and Moshkovitz 2022; Dhurandhar et al. 2024) because they
both enrich the explanations with additional information
and focus on how this information can be communicated to



stakeholders in real-world applications. In this respect, ex-
planation cards provide a step towards user-centric explain-
ability (Miller 2019; Liao and Varshney 2021; Freiesleben
and Konig 2023; Schor et al. 2024; Hullman, Guo, and Us-
tun 2025).

3 Problem Setup

We consider machine learning algorithms that make predic-
tions in social contexts. Specifically, we consider the setup
where an algorithm is trained on tabular data to predict in-
dividual characteristics, such as a medical diagnosis or the
probability of loan repayment. Each dimension of the input
encodes a different property of a person, for example, their
age, income, or blood pressure. The machine learning algo-
rithm is used to learn a decision function f : R? — R,
outputting a score or a probability f(z() for an individual
xo. This score can be transformed to a binary prediction
(“receives the loan” or “does not receive the loan”). In ad-
dition to the prediction, the provider of the machine learn-
ing system provides an explanation. In this work, we con-
sider counterfactual explanations, introduced by Wachter,
Mittelstadt, and Russell (2017), and SHAP, introduced by
Lundberg and Lee (2017). Counterfactual explanations pro-
vide another datapoint close to zg that has a different pre-
diction. SHAP provides a scalar feature importance value
for each dimension of the input.

Our main research question is whether individuals who
are affected by machine predictions can make use of the ex-
planations to answer questions that are practically relevant
(Liao and Varshney 2021; Bordt, Raidl, and von Luxburg
2025). For example, a loan applicant might want to know
whether earning more would be sufficient to be granted the
loan, and a doctor might want to know how a change in a pa-
tient’s blood pressure would change the predicted outcome.

We also ask whether the provided explanations satisfy
the informativeness condition from Giinther et al. (2025).
Informativeness is a mathematical notion that quantifies
whether an explanation provides any information about the
behavior of the decision function. Informativeness can be
seen as a necessary condition on explanation algorithms, as
a non-informative explanation does not provide a robust de-
scription of the predictive behavior of the decision function.
A key insight of this framework is that explanations tend to
be informative if one can construct local regions in which the
explanations behave benignly, for example, they only vary
by a small amount. These regions will show up on our ex-
planation cards below, for example, as “’region of stability”
in the case of counterfactuals.

In the mathematical parts of the paper, we consider a
dataspace X C R? with a probability distribution P. For the
set of all features, we write [d] := {1, ..., d}. We denote the
features of a point z by (z(1, ..., (). If we consider a sub-
set of features S = {41, ..., jis|} C [d] of some pointz € X,
we write (%) 1= (201) ... 2(1s1)). We aim to explain the
prediction of the function f at the point zy € X’. We assume
that f is a real-valued scoring function from which we can
derive a final binary prediction by thresholding, ¢ denotes
the threshold with respect to which the prediction is derived.
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4 Explanation Cards for Counterfactual
Explanations

In this section, we introduce Explanation Cards for coun-
terfactual explanations. We begin by discussing the intuitive
interpretations that humans may assign to counterfactual ex-
planations (Section 4.1). We then show that these interpre-
tations are invalid for decision functions that have a com-
plex decision boundary (Section 4.2). Explanation Cards can
overcome this problem: They provide the user with an inter-
pretation that is valid for the given decision function (Sec-
tion 4.3).

4.1 Interpreting Counterfactual Explanations

We begin by discussing the real-world interpretations that
humans may assign to counterfactual explanations. For il-
lustration, we consider a simplified setup where a machine
learning model determines loan approval based on three at-
tributes: age, income, and current account balance (Wachter,
Mittelstadt, and Russell 2017; Mothilal, Sharma, and Tan
2020; Karimi, Scholkopf, and Valera 2021; Verma et al.
2024). As an affected person, the loan applicant has under
certain circumstances the right to obtain clear and meaning-
ful explanations according to Article 86 of the European Al
Act. Concretely, assume that a 32-year-old applicant with a
yearly income of $50,000 and a current account balance of
$4.,000 is denied a loan. To offer recourse, the bank provides
a counterfactual explanation,a nearby datapoint from a dif-
ferent class.

An automated system has denied your loan applica-
tion because your current account balance is too low.
To receive the loan upon reapplication, you are sug-
gested to increase your account balance to $14,000.

The applicant now attempts to implement the counterfac-
tual explanation. To do so, she will interpret the counter-
factual explanation, meaning that she attempts to infer real-
world behaviors that would lead to loan approval (Wachter,
Mittelstadt, and Russell 2017; Ustun, Spangher, and Liu
2019; Karimi, Scholkopf, and Valera 2021; Bordt, Raidl, and
von Luxburg 2025). For example, the applicant may con-
clude that increasing her yearly income to $55,000 will al-
low her to save $5,000 per year, so that at age 34, she will
have saved the required $10,000. In doing so, the applicant
makes implicit assumptions about the explanation and the
machine learning algorithm’s behavior. Concretely, the ap-
plicant assumes that:

1. Monotonicity: Although the explanation requires an in-
crease of $10,000 in balance, a growth of more than
$10,000 would also result in a positive outcome. In gen-
eral, the counterfactual would still be valid if the yearly
income and account balance are increased further.

2. Stability of the Counterfactual: The provided explana-
tion will still be valid if, over the course of implement-
ing the explanation in the real world, the values of some
of the other features change. In our example, the appli-
cant assumes that the counterfactual explanation remains
valid even after she has become two years older.
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Figure 1: Intuitive Interpretations of Counterfactual Explanations May Be Invalid for Complex Models. The left panel
illustrates a and its counterfactual explanation. It summarizes the factual knowledge that a user has after receiving
their explanation. The middle plot illustrates a decision boundary as it might implicitly be assumed by the user who tries to
interpret the received explanation. It satisfies the properties of monotonicity (white arrows), stability around the counterfactual
(blue box), and stability around the input (green box). The right panel shows the decision boundary of a complex model as it
might be used by the bank. Here, the counterfactual does not satisfy stability or monotonicity. For this model, the user’s intuitive
interpretations are invalid.

In addition, we argue that the applicant might also assume of a random forest classifier, a popular machine learning al-
that gorithm for tabular datasets. For this decision boundary, the
user’s intuitive interpretations are invalid: The counterfac-
tual is not monotone, because moving further into the hours
worked direction invalidates the counterfactual. The coun-
terfactual is also not stable around the input, because slightly
increasing the hours worked moves the counterfactual in the
direction of the negative class. Similarly, the counterfactual
itself is not stable.

3. Stability Around the Input: Other applicants with a
similar background are suggested to implement similar
changes. For example, people in the 30-35 age group,
with a salary of $45,000-55,000, and a balance lower
than $5,000, would be granted the loan after increasing
their savings by approximately $10,000.

The fact that the applicant draws conclusions about the It is important to stress that the user who receives the ex-
real world from the explanations is not specific to counter- planation cannot know whether the bank’s function behaves
factuals: Work in human-centered explainability has shown as in the middle plot (which would be good) or as in the right
that such interpretations are what human decision makers plot (in which case the explanation, albeit formally being a
are ultimately interested in (Liao and Varshney 2021; Raees correct counterfactual, might be misleading to the user). Of
et al. 2024). course, one could argue that a bank might be unlikely to use

a funny decision function as in the right plot. But the key
4.2 Intuitive Interpretations of Counterfactual point is that the user cannot take this for granted, which di-
Explanations May Be Invalid for Complex rectly leads to our explanation cards: Whether the bank uses
Models a nice model, as in the middle of the plot, or a funny model,
as in the right plot, will become apparent from the explana-

Whether the intuitive interpretations from the previous Sec- tion card that we introduce below.

tion 4.1 are valid depends strongly on the geometry of the
decision boundary — that is, on the specific machine learn-
ing model that the bank employs (Laugel et al. 2019; Artelt
et al. 2021; Zhang et al. 2023). This is illustrated in Figure
1. In the left panel of the Figure 1, we illustrate an individual
and a corresponding counterfactual explanation. In the mid-
dle panel of Figure 1, we illustrate the decision boundary as
it might be implicitly imagined by a user who interprets the

Whether a counterfactual explanation is stable also has
strong mathematical implications. We can formalize the
above conditions as mathematical assumptions on the expla-
nations. In each of them, ¢ is the decision threshold, meaning
all points z € X yielding f(x) < t are assigned the same
label as xg, and all points z € X yielding f(x) > ¢ are
assigned the other label.

explanation as discussed in the previous Section 4.1. For this 1. Monotonicity: Let z¢ be a counterfactual explanation,
decision boundary, the user’s intuitive interpretations would and let X C X be such that z¢ € X and Vo € X :
be valid. In the right panel of Figure 1, we depict how the f(x) > t. The set X is called monotonically increasing
decision boundary of the machine learning model may actu- in feature j if for all z € X it holds that f(z + Aej) >t
ally look like. Concretely, we depict the decision boundary for any A > 0, where ¢; is the j-th standard basis vector.
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Explanation Card for Counterfactual Explanations in Loan Approval, Targeting the Loan Applicant

An automated system has denied your loan application because you do not have savings. To receive a loan upon reap-
plication, you are suggested to open a savings account and increase your savings to 100 DM.

The action suggested by the counterfactual explanation remains valid as long as you do not open a checking account,
and your savings are above 100 DM. Your housing and possible other credits do not influence the prediction.

However, changes in other features, such as your job, the number of people financially dependent on you, etc. may alter
the loan decision. In these cases, the reapplication may no longer be successful.

Similar applicants who are younger than 26.5 years, do not have a checking account, and have savings of less than 100
DM are denied the loan for the same reason and are advised of the same changes.

Figure 2: Counterfactual.

Stability of the Counterfactual.

Stability around the input. Further caveat.

Explanation Card for a Counterfactual Explanation in Loan Approval. The explanation card provides the machine de-
cision, the counterfactual, as well as the necessary information about the stability that is required for interpretation. It also
provides information about the monotonicity of the counterfactual. In this example, the classifier is a decision tree trained on

the South German Credit dataset (Gromping 2019).

2. Stability of the Counterfactual: A counterfactual ex-
planation z¢ is stable if there exist vectors [,u € R?
such that | < z¢ < w and f(z) > ¢t for all [ <
x < u, where the inequalities are coordinate-wise and
R:=RU{-00,00}.

3. Stability Around the Input: A counterfactual explana-
tion ¢ for the data point z is stable around the input if
there exist vectors I, v € R? such that | < zy < w and
fle) <t < flx+ (x¢ —x)) forall I < =z < w.

Again, the inequalities are coordinate-wise and R :=
R U {—00,0}.

Now, we can show that counterfactuals that do not pro-
vide a region of stability do not provide reliable information
about the behavior of the decision function:

Theorem 1 (Non-Intuitive Counterfactual Explanations Are
Not Informative, Informal). Let xo¢ € X be such that
flzo) < t, and let xc € X be a counterfactual explana-
tion for xq. If x¢ is neither a stable counterfactual nor sta-
ble around the input, then it is non-informative. The mono-
tonicity of x¢ alone, that is, X = {x ¢} is not sufficient for
informativeness.

For a discussion of the mathematical concept of “infor-
mative” explanations, we refer to Giinther et al. (2025); a
formal statement of the theorem and the proof can be found
in Appendix A.1 of the arXiv version.

4.3 Explanation Cards Provide the User with
Valid Interpretations

In this section, we propose an explanation card for coun-
terfactual explanations. The explanation card provides in-
formation about the counterfactual’s stability, enabling the
user to interpret it. In a nutshell, the provider of the ex-
planation, who has access to the decision boundary, en-
riches the explanation with additional information and

clearly communicates to the user which interpretations
are valid.

Figure 2 depicts our suggestion for an explanation card for
a counterfactual explanation. In the first paragraph, the ex-
planation card provides the machine decision and the coun-
terfactual explanation. In the second paragraph, the expla-
nation card provides information about the stability of the
counterfactual: In the provided example, it communicates to
the user that the counterfactual remains valid as long as they
sufficiently increase their savings and do not open a check-
ing account. The third paragraph provides the applicant with
additional information about how changes in other features,
for example stemming from downstream causal effects of
the implemented action, may affect the credit decision. In
the last paragraph, the explanation card provides additional
information about the stability around the input: Individuals
in the same age group who have a similar financial back-
ground obtain the same prediction and suggested change as
the applicant. Additional examples of explanation cards for
counterfactuals are provided in Appendix B of the arXiv ver-
sion.

At an intuitive level, the benefits of the additional in-
formation in the explanation card are obvious: The appli-
cant now knows what conclusions can and cannot be drawn
from the explanations. As we show in the following theo-
rem, these benefits can also be described mathematically:

Theorem 2 (Stable Counterfactual Explanations Are Infor-
mative, Informal). Let xg € X be such that f(xo) < t, and
let xc € X be a counterfactual explanation for xg. If x¢ is
a stable counterfactual or stable around the input, then it is
informative.

The formal theorem and its proof can be found in the Ap-
pendix A.2 of the arXiv version. An important property of
the explanation card is that it provides the size of the regions
within which the counterfactual remains stable. Mathemati-
cally, it is possible that the counterfactuals are stable only to



tiny changes in the input variables; this would probably be
considered useless by most people. Explanation cards reveal
this and make the actual amount of stability transparent to
the user.

5 Explanation Cards for SHAP

As follows, we propose Explanation Cards for SHAP, one of
the most popular explanation algorithms (Lundberg and Lee
2017). SHAP decomposes the prediction at point x( into a
sum of individual contributions of each feature, plus the ex-
pected prediction as a baseline. Mathematically, this means

f(xo) = @1(!170) + ...+ <I>d(x0) + E(f(X)),

where ®;(x() is the SHAP value of feature j at xy. For a
detailed mathematical definition, see Appendix C.1 of the
arXiv version. We consider the common interventional ver-
sion of SHAP, which is also implemented in the Python
package shap (Lundberg and Lee 2017; Janzing, Minorics,
and Blobaum 2020).

In Section 5.1, we consider a hypothetical example where
a doctor uses SHAP to understand a model and derive in-
tuitive interpretations they might draw from the SHAP val-
ues. As we will see in Section 5.2, these interpretations rely
on assumptions about the underlying model, which may not
hold in complex decision models. When presented with the
corresponding explanation card, introduced in Section 5.3,
the doctor is able to assess whether their intuitive interpreta-
tions are justified.

5.1 Intuitive Interpretations of SHAP Values

Consider the following scenario: A doctor is using an Al
model to predict whether a patient has chronic heart disease.
As such, the doctor could be a deployer in the sense of Arti-
cle 3(4) of the Al Act and the provider of the system might
need to ensure transparency according to Article 13 AIA.
Assume the doctor is given SHAP explanations to gain in-
sight into the model’s prediction behavior. ! For example,
suppose the patient in question is 43 years old, and the cor-
responding SHAP value for age is —0.22. From this single
SHAP value, there may arise the first misinterpretation:

1. Stability: Similar patients of a similar age have a similar
SHAP value.

This interpretation seems natural. However, it does not nec-
essarily hold. A common way to get a more representative
picture, is by plotting several SHAP values in a SHAP de-
pendence plot. It shows SHAP values across many instances
by age, allowing for a better understanding of their stability.
Figure 3 shows such a dependence plot across the dataset,
confirming that most patients around age 43 have similar
negative SHAP values, ranging from roughly —0.3 to —0.1.

'Note that in this setting, the doctor does not aim to learn
about real-world relationships between the features and the target.
Rather, the doctor wants to decide whether to trust the model’s de-
cision. Assuming that interventional SHAP provides insight into
real-world statistical or causal relationships is another common
misinterpretation; see Chen et al. (2020); Janzing, Minorics, and
Blobaum (2020); Freiesleben et al. (2024) for a discussion.
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Figure 3: A classical SHAP dependence plot for age, gener-
ated by the shap package.

However, even this SHAP dependence plot might still
lead to misinterpretation. In particular, the doctor may con-
clude:

2. Extrapolation: The SHAP value of the 43-year-old pa-
tient is negative and the one of a 53-year-old patient is
zero. Hence, the patient would have a higher predicted
risk if they were older.

3. Monotonicity: The SHAP values in the plot increase
with age. Hence, the predicted risk increases with age.

In general, neither of these interpretations holds. In the fol-
lowing section, we explain why and subsequently address
the problem using our explanation card in Section 5.3.

5.2 The Intuitive Interpretations May Be Invalid
for Complex Models

The presented interpretations do not hold for arbitrarily
complex models: Interpretation 1 needs the model to be sta-
ble, and Interpretation 2 and 3 need the model to be additive.
In the following, we formalize the interpretations, discuss
them further, and connect them to mathematical theory.

SHAP Values Are Stable Only if the Model is Stable
We begin by formalizing the concept of stability for SHAP
values.

Definition 3 (Local Stability). For an instance xy € R
we call its SHAP values locally stable with respect to a lo-
cal region U around x and tolerance thresholds €1, ..., eq if
|®;(z) — Dj(x0)| <ejforj=1,..,dandall x € U.

It is clear that the SHAP values can only be stable if the
model itself is stable: As it holds f(z) = ®(z) + ... +
®,(z)+E(f(X)), the model can vary by at moste1 +...+¢&4
within a region U if our SHAP values are stable within
U with respect to tolerance thresholds €1, ...,£4. As one is
usually not given any stability guarantees for a model, the
stability of the SHAP values is not guaranteed either. As a
counterexample, consider Figure 4a. It shows the SHAP val-
ues for age of a patient (red dot) as well as their 50 nearest
neighbors (blue dots, representing a local region U). As we
see, there is no stability in the SHAP value, not even for
those neighbors of the same or very similar age, who have
SHAP values with positive as well as negative signs. Hence,
it is always important to consider several SHAP values, for
example, in a SHAP dependence plot, if one wants to un-
derstand the prediction mechanism of the model. A single
SHAP value is not representative of that.
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Figure 4: SHAP dependence plots for one datapoint (red) and its 50 nearest neighbors in the input space (blue). Figures 4b
and 4d additionally show the prediction change when varying age while keeping all other features fixed. Figure 4a illustrates
unstable SHAP values. Figure 4b shows a seemingly stable dependence plot that nevertheless misrepresents the prediction
change. This discrepancy is caused by other features, like exercise-induced angina, whose SHAP values may also depend on
age, as shown in Figure 4c. For additive models, shown in Figure 4d, SHAP values are functions of the corresponding feature

and exactly recover the prediction change.

Local stability is not just an intuitive definition; it is also
grounded in theory. As shown in Giinther et al. (2025),
SHAP values are not informative unless we have further
assumptions about our model class. However, when SHAP
values come with stability guarantees, they do become infor-
mative with respect to the definition in Giinther et al. (2025)
as the following theorem states.

Theorem 4 (Locally Stable SHAP Values Are In-
formative, Informal). Consider the  explanation
g(fv 1’0) (((I)l(xO)v () (pd(iﬂo)), Ua (617 () Ed))’ which,
given a point x, returns the SHAP values of xq, a neigh-
borhood U around xg and tolerance thresholds ¢+, ...,&4
such that the SHAP values are locally stable with respect to
U and €1, ...,eq. Then, £ is an informative explanation if
U has positive probability and the tolerance thresholds are
sufficiently small.

A formal version of the theorem, including exact bounds
on ¢; as well as the proof, can be found in Appendix C.2
of the arXiv version. But even if SHAP values are locally
stable, a SHAP dependence plot can still be misleading if
our model is not additive.

Interpretation 2 and 3 Only Hold if the Model Is Addi-
tive. Interpretations 2 and 3 seem natural: If the plot shows
an increase from age 43 to age 53, this might suggest that
the risk of disease would be higher if our patient were older.
Generally, the increase in the plot might raise the impres-
sion that the risk increases with age. However, Figure 4b
shows a counterexample illustrating that neither of the two
has to hold. There, we see the SHAP value of a patient in
red as well as their nearest neighbors. Also here, it seems
that increasing the patient’s age increases the prediction —
but the opposite is true: The red curve shows the change in
prediction if we vary the age of the patient represented by
the red dot with all other features fixed, revealing that the
prediction actually decreases with age. The reason for this
is that the output is decomposed into the SHAP values by
f(z) = ®1(x) + ... + Pg(x) + E(f(X)) and the SHAP de-
pendence plot only shows @1 (x). If the SHAP values of all
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other features stayed the same when age is varied, this would
imply that the SHAP plot exactly reflects the prediction be-
havior of the function (up to a constant). However, each
SHAP values generally depends on all features, rather than
just on its own feature, as has been pointed out repeatedly in
the literature (Lundberg, Erion, and Lee 2018; Zhang et al.
2021; Bordt and von Luxburg 2023; Fumagalli et al. 2023).
Hence, ®, ..., ®; may also change when age is varied, mak-
ing the prediction change in ways not reflected in the plot.
For example, consider the feature of whether a patient has
exercise-induced angina. One could imagine that the pres-
ence of such angina is only considered risky by the model
if the patient is of a certain age. Figure 4c shows the SHAP
values of the same patients as in Figure 4b, but this time for
the feature “exercise induced angina”. And indeed, we ob-
serve that the SHAP values of other patients with exercise-
induced angina vary from 0.3 to 0.5. Thus, this SHAP value
is influenced by other features, possibly also by age. Simi-
larly, a change in age could also cause a strong change in all
other SHAP values, explaining why the red curve in Figure
4b shows such a different prediction behavior than what the
SHAP plot suggests.

However, there is an assumption on the underlying model
under which each SHAP value is invariant to change in
other features: We call a function additive if it can be writ-
ten as a sum of functions that only depend on one feature.
That is, f(z) = fi(zM) + ... + fa(z(D) for component
functions f1,..., f¢ : R — R. To get rid of ambiguous
constants in the components, one often separates the ex-
pected value and mean-centers the components, leading to
f@) = fi(zW) + ... + fa(@D) + E(f(X)). Bordt and
von Luxburg (2023) shows that in this case, every SHAP
value is given by ®;(z) = f;(z\9)). In particular, it only
depends on the corresponding feature and is hence invariant
to changes in other features. Reversely, if each SHAP value
only depends on its own feature, the function f is additive as
itis given by f(x) = ®1(zM) + ... + @4(zD) + E(f(X)).
For an illustration, see Figure 4d. It shows a SHAP depen-



Explanation Card for SHAP Explanations in Medical Diagnosis, Targeting the Doctor

The patient is classified as sick with a predicted score of 0.565. In general, patients with positive scores are classified as
sick; the higher the score, the more certain the classification algorithm.

The plots below show the SHAP values of patients in a local region around the explained instance:

Age: 29-62 Sex: Male Resting BP:  112-160 mmHG
Cholesterol: ~ 157-325 mg/dl Fasting blood sugar: < 120 mg/dl Max heart rate:  120-202
ST depression:  0-3 ST slope:  upsloping or flat

|
% 02! ¢ SHAPvalues .~ . | | SHAP attributes a value of —0.22 to the patient’s age (43),
8 — SHAPregression jorm 8 ' see red dot in the plot.
v 0.0 Max change in prediction !
= il ' The SHAP values or other patients in the local region
é 02|,  TTTTIILL 3 (blue dots) and their regression (blue line) roughly reflect
S Y - how age affects the prediction. The dotted lines show the

30 35 40 iz . 50 55 60 ' maximal/minimal change in prediction if age is varied.
|
Figure 5: Machine decision and SHAP value. Local region. Feature effect on prediction.

Explanation Card for a SHAP Explanation for a doctor debugging a prediction: In the explanation card, the SHAP
explanations are augmented with human-intelligible interpretations, thereby helping prevent misinterpretation. They are split
into general information, the prediction and a local region, and additional feature-wise plots. Depending on the model and
observation, the card may also reveal that SHAP dependence plot does not reflect the prediction behavior as the dotted envelope
is too large.

dence plot for an additive model, and again, a red curve il- the expected unexplained variance of the SHAP value given

lustrating the change in prediction as the age of the person its feature is less than e:

represented by the red dot is varied. Unlike before, we now .

see that all SHAP values lie on a line (and are hence invariant Ex~u (VarX~U (q’ (X)) | XU ))) <e.

to changes in other features) and precisely reflect the predic-

tion behavior. This means that in the case of additive models, The unexplained variance given feature X (/) measures

SHAP values do exactly what one would like them to do: how much variance there is left when we control feature 7,

They split the function value into a sum of feature contribu- and thus, how much the SHAP value varies due to a change

tions, which are completely determined by the feature itself. in other features. With the aid of those quantities, one can

In particular, the SHAP dependence plot also describes the now mathematically quantify to what degree a given SHAP

change in prediction with respect to that feature, rather than value is invariant to change in the other features.

just the SHAP value. As it turns out, this implies approximate additivity of the
In practice, it is unrealistic to expect our function to be model in that local region, analogously to the global and ex-

additive. Nevertheless, for the doctor, it might be sufficient act case.

to understand the predicting behavior only in a local region, Theorem 6 (Local Approximate Invariance of SHAP Val-

meaning for a given patient and similar patients. Also, we ues Implies Local Approximate Additivity). If every SHAP

can further relax the problem by considering approximate value of a function f is approximately invariant to change

statements. If in a local region, all SHAP values are mostly in other features with respect to some local region U and

invariant to change in other features, Interpretation 2 and 3 some error € > 0, f can be approximated by an additive

will be approximately valid in that region. This leads to the model g(x) = g, (x(l)) 4+ gd(l'(d)) +E(f(X) onU

following definition. with mean squared error at most

Definition 5 (SHAP Value Invariant to Change in Other Fea- Ex~u (f(X) — 9(X))?) < d®.

tures). We say that the j-th SHAP value of a function f is )

approximately invariant to change in other features in a lo- The components of g are given by g;(x (])) = E(®;(X) |

cal region U C X and with respect to some error € > 0 if X0 = x(j)).
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The proof is in Appendix C.3 of the arXiv version.
Although most models might not be globally additive, they
might still yield an approximately additive structure in local
regions, which would make an approximate, local version
of Interpretation 2 and 3 realistic. The additive model g, as
defined in Theorem 6, can be estimated by regressing the
SHAP values with a one-dimensional model. The resulting
mean-squared error can serve as a measure for how close
the model is to being additive in the region of interest, and
hence, how strongly a SHAP dependence plot links to the
prediction there. This allows for choosing a region accord-
ingly before further studying the SHAP values with our ex-
planation card.

5.3 Explanation Cards Provide the User with
Valid Interpretations

In this section, we propose an explanation card for SHAP,
targeted towards a doctor aiming to understand a prediction.
The explanation card is presented in Figure 5. It reports the
SHAP values along with the information that the user needs
to arrive at correct interpretations. In the header, the explana-
tion card reports a local region around the explained instance
in which the subsequent analyses are performed. Here, we
consider the hyperbox defined by the 50 nearest neighbors
with respect to the maximum-norm. Below, the card shows
the SHAP values of patients within this region in a depen-
dence plot, separately for each feature. Due to space con-
straints, we only present this for the feature “age”. For a full
card, see Figure 8 in Appendix D of the arXiv version. In
addition to the SHAP dependence plot, we display a regres-
sion of the SHAP values by the corresponding feature as an
estimate for the effect of the that feature on the prediction.
Also, for every point in the region, we vary the age and in-
vestigate the resulting change in prediction. We then take the
maximum and minimum of the change in prediction over all
points in the region, leading to the dotted lines in the plot.
That means that if a feature value is replaced, the change in
prediction stays within the two lines. They thus give an er-
ror bound for Interpretation 2 and 3. If the envelope between
the two lines is too large (see Figure 6), the plot cannot be
related to the prediction behavior and interpretations like 2
and 3 become invalid. For more technical details on how the
card is derived from the SHAP explanations, see Appendix
E.2 of the arXiv version.

In the example presented in Figure 5, the explanation card
confirms an approximately additive structure with a small
envelope, admitting approximate versions of Interpretation
2 and 3. In cases where they do not hold, like in Figure 4b,
the explanation card reveals this: Figure 6 shows the same
points as in Figure 4b but with the dotted lines, which form
a big envelope. Another negative example of a SHAP ex-
planation card with a huge dotted envelope is shown in Fig-
ure 9 in Appendix D of the arXiv version. It is important to
highlight that an explanation card is not guaranteed to make
sense of every explanation. Instead, it can tell us, for a given
explanation, whether one can derive a specific intuitive inter-
pretation from it, and if so, it can translate the mathematical
information to human-understandable language. Especially
in the case of SHAP dependence plots, complex models of-
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SHAP value for

Figure 6: The fact that the dotted envelope is so large reveals
that the SHAP dependence plot (blue points) does NOT re-
flect how the prediction function changes with age.

ten carry interactions, making it impossible to connect the
plot to the prediction. The main point of this section and our
card is to make these cases transparent, rather than to suggest
a recipe for making SHAP values universally meaningful.

6 Explanation Cards and Transparency in
the AI Act

General Setup of the EU AI Act. Within the European
Union, the Al Act (AIA, Regulation (EU) 2024/1689, as
amended by Regulation (EU) 2026/1744) sets specific rules
for the use of Al and distinguishes providers, who develop
an Al system, or have one developed, and place it on the
market or put it into service under their own name or trade-
mark (Art. 3(3) AIA), from deployers, who use a system un-
der their authority in a professional capacity (Art. 3(4) AIA).
Both definitions are simplified; see Kaminski and Selbst
(2025) for an introduction to the AIA. Particular attention
is given to Systems that are classified as high-risk (Art. 6
AIA). These must meet the requirements of Arts. 8 to 15
AIA, which aim to protect health, safety and fundamental
rights (Recital 66 AIA; in detail Paul (2024)). Those require-
ments apply from 2 December 2027 to stand-alone Annex
IIT systems and from 2 August 2028 to systems embedded
in Annex I products (Art. 113 AIA as amended).

Transparency Requirements of Providers. Art. 13 AIA
governs transparency from provider to deployer, with the
aim of mitigating the risks of high-risk systems (Recitals
66 and 72 AIA) and providing usable explanations (Nan-
nini, Balayn, and Smith 2023). High-risk systems must be
“sufficiently transparent to enable deployers to interpret a
system’s output and use it appropriately” (Art. 13(1) AIA);
providers are bound to this via Art. 16, point (a) AIA. The
instructions for use must therefore state, where applicable,
the technical capabilities and characteristics relevant to ex-
plaining the output (Art. 13(3)(b)(iv) AIA) and the informa-
tion deployers need to interpret that output and use it appro-
priately (Art. 13(3)(b)(vii) AIA). Throughout, the focus is
the deployer’s understanding of the system’s capabilities and
the limitations of its performance (Art. 13(3)(b), Recital 72
AIA). Instructions for use are a familiar transparency instru-
ment in EU product safety law under the New Legislative
Framework (Ortigosa 2025).

Explanation Cards could help address AI Act re-
quirements. In practice, providers will rely heavily on har-
monised standards. Currently being developed by CEN-



CENELEC, these standards will guide practical implemen-
tation (see amendment (Comission 2025), Kilian, Jack, and
Ebel (2025)); once their references are published in the Offi-
cial Journal of the European Union, following them will es-
tablish a presumption of conformity (Art. 40(1) AIA). From
our perspective, Explanation Cards could help address the
requirements outlined in Article 13 AIA. As presented in
Section 5, Explanation Cards offer multiple benefits in the
context of Art. 13 AIA. They provide a clear, accessible, and
comprehensive way to communicate explanations about the
system’s outputs, focusing on the individual decisions made
by the system. As a result, Explanation Cards help deploy-
ers understand the capabilities of the system. Additionally,
Explanation Cards also highlight the limitations of the ex-
planations themselves, offering a more nuanced perspective.
This, in turn, leads to a better understanding when assessing
the system’s performance and its limitations, as deployers
gain greater insight into the entirety of the system.

Transparency Requirements Towards Individuals Af-
fected by Al Beyond the transparency requirements in Art.
13 AIA, Explanation Cards could be helpful for other legal
transparency requirements to affected persons (See Section
4). While under Art. 13 AIA it is the explanation capabil-
ity of the card that is relevant, the card could also serve as
an instance-level artifact for an affected person. For exam-
ple, they may help deployers fulfill the duty under Art. 86
AIA, which entitles a person affected by a decision taken
by the deployer on the basis of the output of an Annex III
high-risk system (excluding point 2 thereof), and producing
legal effects or a similarly significant impact that the per-
son considers adverse to their health, safety or fundamen-
tal rights, to clear and meaningful explanations of the role
of the system in the decision-making procedure and of the
decision’s main elements. Since that duty falls on the de-
ployer and applies only where the right does not already
follow from other Union law (Art. 86(3) AIA), Explana-
tion Cards provided under Art. 13 AIA could serve as an
input from which the deployer builds the explanation to the
end user. Likewise, solely automated decision-making un-
der Art. 22 in conjunction with Art. 15(1)(h) GDPR requires
some form of explanation to the data subject (CJEU Case C-
203/22 Dun & Bradstreet ECLI:EU:C:2025:117). On the re-
lationship of these different “affected-person” explainability
requirements, see Nannini (2024); Kaminski and Malgieri
(2025).

Presenting an output together with its explanation card in
a concise and understandable format can support clear com-
munication of both the explanation and its limitations to pro-
fessionals and layperson.

7 Discussion

Explanation Cards to Communicate Valid Interpreta-
tions. In this work, we propose Explanation Cards for Expla-
nation Algorithms, an approach that makes explicit which
interpretations and conclusions can be drawn from particular
post-hoc explanations — and which ones cannot. The goal
of the card is to connect the mathematically abstract concept
of local post-hoc explanations to real-world applications and
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to avoid misinterpretations of explanations. In order to de-
rive reliable interpretations, explanation providers need to
run additional analyses (for example, evaluate the function’s
or explanation’s behavior in a neighborhood of the point of
interest). In making these explicit, explanation cards provide
additional information that goes beyond the standard output
of particular explanation algorithms. Their generation can be
automated by using text templates and simply filling in the
computed values of the concrete application.

Making the Limitations of Interpretations Explicit. If
an explanation does not admit the interpretations that hu-
mans tend to make, it is important to point this out to pre-
vent false conclusions. For instance, the region of stability
around a counterfactual explanation might be tiny, in which
case it would be hard for an affected individual to change
their features such that they are within this region (as in the
right panel in Figure 1). Or the dotted envelope around the
SHAP dependence plot might be so large that the plot cannot
properly connect to the prediction (see Figure 6).

Concrete Examples: Counterfactuals and SHAP. Un-
like related approaches, for example, datasheets for datasets
(Gebru et al. 2021), there is no single explanation card that
works for all explanation algorithms. The card needs to be
designed for a particular explanation algorithm and a par-
ticular use case, taking into account the goals, desired in-
terpretations, and background knowledge of the explanation
receiver. We present two exemplary explanation cards: coun-
terfactual explanations for loan decisions and SHAP expla-
nations for medical diagnosis. Compared to SHAP, Counter-
factuals have a very intuitive definition and meaning, caus-
ing the explanation cards to be easy to communicate to lay
persons. For SHAP, on the other hand, it is less clear what
the cards should contain, and the content naturally becomes
more technical. We are curious whether simpler cards will
be developed in future research.

Related Approaches. The regions of stability around the
input point from Section 4.2 are similar in spirit to anchors
(Ribeiro, Singh, and Guestrin 2018). We explicitly acknowl-
edge this connection: In our view, counterfactual explana-
tions should provide anchors that describe their region of va-
lidity. In the case of SHAP, the dotted lines are constructed
using shifted ICE curves. A similar line of work suggests
finding regions of the input space that are free of interac-
tions (Gkolemis et al. 2024; Herbinger et al. 2024). These
methods may potentially be used in implementations of the
SHAP explanation card to find a suitable local region.

Legal Considerations. Explanations are especially im-
portant when it comes to high-stakes applications, particu-
larly in societal contexts. The use of Al Systems for some of
these decisions is regulated through the EU AI Act, which
lays out requirements regarding transparency and explain-
ability. We believe that Explanation Cards might provide a
path forward to satisfy these requirements.

Future Work. In future work, intuitive interpretations
that users assign to explanations could be studied systemat-
ically via user studies, together with the ability of Explana-
tion Cards to reduce misinterpretations. Also, Explanation
Cards for further explanation algorithms and use cases are
left to be developed.
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