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Abstract

Medical diagnostics, particularly in fields like histopathol-
ogy, rely on the expert interpretation of complex visual
data. As artificial intelligence (AI) systems become in-
creasingly integrated into these processes, their lack of
transparency presents a significant barrier to adoption. To
bridge this gap, explainability methods are essential to en-
sure that AI-generated insights align with the mental mod-
els of medical professionals.

This study extends the End-User-Centered Explainable
AI (EUCA) framework by introducing novel concept-
based explainability methods and the Concept-Driven De-
sign (CDD) methodology. The concept-based exten-
sion includes concept alignment and concept importance,
which enhance the interpretability of AI predictions by en-
suring their alignment with domain-specific concepts used
by medical professionals. Furthermore, the CDD inte-
grates human-centered design principles with explainabil-
ity techniques to develop AI systems that better align with
expert reasoning.

An initial round of expert testing demonstrated the
usefulness of the proposed concept-based explainability
methods. The preliminary results suggest a positive im-
pact, highlighting the potential of these methods to im-
prove AI-assisted medical diagnostics.

Keywords: Artificial Intelligence, Explainable Artificial
Intelligence, Explainability Methods, Concept-based Ex-
plainability

1 Introduction

Advancements in machine learning (ML) promise the cre-
ation of Artificial Intelligence (AI) capable of perceiving,
learning, deciding, and acting independently. However,
these systems may not be able to explain their decisions
and actions to human users. Therefore, Explainable Arti-
ficial Intelligence (XAI) is essential for achieving under-
standing, trust, and effective management of artificially
intelligent assistants [3]. XAI is not just about an AI’s
ability to solve a problem with a certain accuracy, but also
its capacity to explain why a particular solution was cho-

sen. This research area aims to make the results of AI sys-
tems more understandable to humans [12]. However, these
methods often fail to align with the way medical profes-
sionals reason about diagnoses, making AI explanations
difficult to interpret in clinical contexts. The End-User-
Centered Explainable AI (EUCA) framework attempts to
bridge this gap by systematically categorizing explainabil-
ity techniques and structuring them in a way that is more
accessible to non-technical users. Although EUCA pro-
vides a strong foundation, there remains a space for further
refinement to ensure that AI-generated explanations align
with domain-specific high-level concepts used by medical
experts.

This study extends the EUCA framework by introduc-
ing novel concept-based explainability methods tailored to
the Nottingham Grading System (NGS) for breast cancer
classification. We propose new methods that allow AI-
generated explanations to be structured around clinically
relevant concepts. This ensures that medical profession-
als can interpret and validate AI decisions more effec-
tively. Furthermore, we propose a Concept-Driven De-
sign (CDD) approach, which integrates human-centered
design principles with explainability techniques to develop
AI systems that align more closely with expert reasoning.

To evaluate the usefulness of these concept-based ex-
plainability methods, we conducted a testing with a do-
main expert. Our findings indicate that that concept-
based explainability methods offer more meaningful in-
sights than traditional explainability techniques, such as
example-based or feature-based approaches. The findings
highlight the usefulness of concept-based explanations in
making AI-generated insights more interpretable and clin-
ically relevant.

This paper is structured as follows: Section 2 discusses
related work on explainability methods in medical AI. Sec-
tion 3 details the research methodology. Section 4 de-
scribes the feature extraction process essential for devel-
oping the explainability methods. Section 6 introduces
the proposed concept-based explainability methods, while
Section 7 presents the expert evaluation results of the im-
plemented explainability methods. Finally, Section 8 con-
cludes with a discussion of the findings and directions for
future research.
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2 Related work

Several studies have explored different explainability tech-
niques in medical AI applications. Calisto et al. [1] intro-
duced the BreastScreening web application, which inte-
grates an AI assistant to provide radiologists with a second
opinion in breast cancer diagnosis. This solution employs
a DenseNet model for classification and segmentation, al-
lowing radiologists to accept or reject AI-generated classi-
fications. The system includes an explanation function-
ality via heatmaps that visually indicate lesion severity.
Testing with 45 clinicians demonstrated that diagnostic ac-
curacy increased with AI assistance, and diagnoses were
completed 31% faster. Furthermore, 93% of clinicians re-
ported trust in the system’s recommendations, highlighting
the importance of integrating explainability into AI-driven
medical tools.

Similarly, Tosun et al. [18] developed HistoMapr-
Breast, an application leveraging XAI to enhance breast
biopsy diagnostics through automated whole slide image
analysis. A key contribution of HistoMapr-Breast is its
ability to quantify diagnostic features and translate them
into pathologist-friendly descriptions. The model iden-
tifies 18 different features which provides a pathologists
with a clearer understanding of AI-driven decisions. The
system includes a “Why?” button that allows patholo-
gists to explore the rationale behind AI-generated classi-
fications, providing explanations in an interpretable and
clinically relevant manner. This feature highlights which
attributes contributed to the prediction, their respective
weights, and the model’s confidence score. Addition-
ally, the system compares the analyzed region with similar
cases from a reference database, offering a broader context
for decision-making.

Although previously mentioned studies have employed
explainability methods that were available at the time,
End-User-Centered Explainable AI (EUCA) synthesized
a comprehensive taxonomy of explainability techniques
based on an extensive review of prior research. Due to
its structured and user-centered approach, EUCA was se-
lected as the foundation for this study. EUCA specifi-
cally addresses the challenges of making AI understand-
able for non-technical users. One of the primary issues is
the lack of AI-related knowledge among end-users, mak-
ing traditional explanation techniques ineffective. Ad-
ditionally, different user roles, tasks, and goals require
tailored explainability approaches. To tackle these chal-
lenges, EUCA provides a structured framework compris-
ing twelve user-friendly explanation forms, categorized
into four main types. The feature-based explanations
group includes feature attribute, feature shape, and fea-
ture interaction methods, which highlight key features in-
fluencing AI predictions. The example-based explana-
tions category consists of similar, typical, and counterfac-
tual examples, offering context-driven justifications for AI
outputs. The rule-based explanations set includes rule
text and decision tree visualizations, providing structured

reasoning paths. Finally, the contextual information cat-
egory offers insights into input data, output predictions,
model performance, and dataset metadata. The EUCA
framework also introduces a prototyping workflow that fa-
cilitates the development of explainable AI solutions.

Figure 1: The suggested prototyping workflow using
EUCA framework [6]

3 Research methodology

We chose to use the EUCA and its proposed workflow,
introduced in section 2, for the prototyping of explainabil-
ity methods, as it provides templates for 12 established
explainability techniques and serves as a solid foundation
for method design. Additionally, we extend the framework
by incorporating new concept-based explainability meth-
ods that emerged through a deeper understanding of the
domain.

The first step in the process for designing the explain-
ability methods involved identifying the source of domain
knowledge. Given the high value of domain experts’ time
and their significant time constraints, we chose to extract
domain knowledge from existing scientific publications.
By studying an extensive range of works focused on the
Nottingham Grading System (NGS), referenced in section
4, we were able to acquire sufficient knowledge to initiate
the first iteration of the EUCA card prototyping workflow,
as depicted in fig. 1. Using the extracted domain knowl-
edge, we identified specific features relevant to each of the
NGS criteria. These features were then used to design
low-fidelity and high-fidelity prototypes containing a to-
tal of 36 EUCA explainability cards, with 12 explainabil-
ity methods dedicated to each criterion within the NGS.
For example-based explainability methods, the feature ex-
traction process focused on identifying the most relevant
images from the NGS domain that could be applied to spe-
cific methods.

The proposed methodology for prototyping explainabil-
ity methods, illustrated in fig. 2, not only guided our initial
design efforts but also served as the foundation for extend-
ing the EUCA framework with novel concept-based ex-
plainability methods.
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Figure 2: Our proposed methodology used for prototyping
of explainability methods

4 Features extraction

Many ML studies and methods focused on classifying
NGS criteria rely heavily on handcrafted features [4, 14,
5, 10, 8, 13]. These features are inherently interpretable
for humans, which makes them particularly suitable for
our prototypes of explainability methods.

For the mitotic count criterion, we concluded that in-
terpreting why AI predicts a specific number of mitoses
within a region is not particularly meaningful. Instead, the
focus should shift to individual mitoses, providing expla-
nations for why AI identified specific cells as mitotic. For
this criterion, we identified more than seventy handcrafted
features from the studies [14, 5, 10, 8]. These features can
be broadly categorized into morphological features (e.g.
area, eccentricity), texture features (e.g. chromatin den-
sity, contrast) and color and intensity features (e.g. mean
intensity, skewness of patch intensities across seven color
channels) [20]. However, to ensure that the selected fea-
tures are easily understandable for domain experts, we
chose three features that are both intuitive and seamlessly
applicable to the EUCA explainability templates: eccen-
tricity, aspect ratio and area.

The features of the nuclear pleomorphism criterion, as
proposed by Faridi et al. in their study [4], include nu-
clear size, chromatin density, contour regularity, and the
presence of nucleoli. Similarly, the study by Teoh et al.
[17] generalizes the description of nuclear pleomorphism
into three main categories: size, shape, and appearance.
For our prototypes, we selected features from the size cat-
egory, specifically nuclear size and nuclear aspect ratio,
because of their ease of interpretation.

Tubule formation is defined as a structure consisting of
at least one lumen (i.e., white region) surrounded by tumor
cells [2]. To identify true tubules, Nguyen et al., in their
study [13], utilized morphological features such as area,
circularity, and curvature, as well as textural features like
the histogram of intensity, histogram of gradient magni-
tude and orientation, and co-occurrence. Considering the
need to interpret the extent of tubule formation within a
specific area, we selected percentage of tubule formation
and tubule aspect ratio as features for our prototypes of
explanation methods.

5 Concept-based explainability

The concept-based explainability methods are built on
Testing with Concept Activation Vectors (TCAV). TCAV
is an interpretability method that leverages directional
derivatives to quantify the influence of a user-defined con-
cept on a classification result. For example, it can mea-
sure how sensitive a model’s prediction of a zebra is to the
presence of stripes [7]. In their study, Kim et al. [7] ap-
plied TCAV in the medical domain and observed that its
results sometimes diverged from doctors’ heuristics. This
highlights TCAV’s potential as a tool for assisting experts
in interpreting and addressing model errors, particularly
when predictions deviate from expert judgment.

5.1 Concept alignment

Concept alignment explanations help verify whether the
model has learned to utilize abstract ideas that align with
human reasoning. Rather than focusing on individual fea-
tures, this method evaluates whether the model under-
stands broader diagnostic concepts. The primary goal of
this explainability method is to provide domain experts
with a way to propose important concepts relevant to their
field. Once a concept is proposed, the AI team employs
TCAV to interpret the model’s decisions.

The interpretation offers a distinct perspective for the
domain expert. Instead of analyzing the explanation
method solely from the model’s perspective, trying to de-
cipher what the AI communicates, the expert focuses on
evaluating the alignment between their perception of the
concept and the AI’s perception and utilization of the same
concept.

The high-fidelity prototypes for this explainability
method are presented as follows: In the first image (fig.
4), we see an overview screen displaying all concepts sug-
gested by the domain expert, along with their current sta-
tus (submitted, in progress, or resolved). Domain experts
can propose new concepts using the interface and once the
proposal is submitted, the AI team begins working on the
concept’s interpretation. Upon completion, the domain ex-
pert can view the results, as displayed in fig. 5. On this
screen, the domain expert evaluates the alignment between
the proposed concept and the AI’s interpretation.

Based on the testing conducted with the domain expert
in section 7, this explainability method proved to be the
most useful among all methods and served as the founda-
tion for the development of the Concept Driven Design,
described in section 6.

5.2 Concept importance

The concept importance explainability method demon-
strates how a specific concept, aggregated from the
concept-alignment method, influences the model’s predic-
tion. This explainability method, shown in fig. 3, helps
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determine whether the model has learned to focus on rele-
vant, high-level ideas or is being misled by unrelated con-
cepts.

Concept importance is similar to the feature attribute ex-
plainability method from EUCA, which defines a feature
as ”the individual pixels, a highlighted object, or an ex-
plicit concept”. The key difference lies in the source of
the concept. In concept importance, the source is based
on concept-alignment explanations, which rely on domain
experts proposing the concept.

5.3 High-fidelity prototype

The concept-based explainability methods initially con-
ceptualized in the low-fidelity prototype were further de-
veloped into a high-fidelity prototype and integrated into a
modal interface. This interface is displayed to users when
they choose to view explanations for a specific annota-
tion. On the figures 3-5 is a curated selection of high-
fidelity prototype screens showcasing our novel explain-
ability methods.

Figure 3: High-fidelity prototype of the screen containing
the concept importance explainability method

Figure 4: High-fidelity prototype of the overview screen
of concept alignment explainability method

6 Concept Driven Design

Explanations that are overly technical or visually complex
can be challenging to interpret, even for experts. While

Figure 5: High-fidelity prototype of the screen with result
of suggested concept for concept alignment explainability
method

the intention behind most explanations is to facilitate user
understanding, some methods are predominantly designed
with a focus on technical execution rather than user expe-
rience. This technique centered design can impede users
from fully grasping the explanations and may reduce their
effectiveness [11]. When visual explanations are not intu-
itive or accessible, they can also undermine trust by creat-
ing confusion or misinterpretation [16].

The traditional approach to designing explainability,
without utilizing the HCD approach, often relies on
the limitations of currently available explainability tech-
niques. While ML studies typically focus on extracting
relevant input features from a model, along with their con-
tribution to the output, which can serve as the foundation
for explanations, they often fail to address whether these
explanations are suitable for humans operating in the spe-
cific context [15].

The traditional ML approach also has one more critical
issue. From the domain expert’s perspective, understand-
ing the explanations provided by AI models can be chal-
lenging, as they must interpret these explanations solely
from the AI’s point of view. In our case, this shift in
perspective did not align with the expert’s mental model.
Testing revealed that a more intuitive approach to explain-
ability methods involves allowing the domain expert to
interact with the AI by asking concept-related questions
and assessing the alignment between their understanding
of the concept and the AI’s interpretation. This interac-
tive process empowers the expert to confirm whether the
model employs the same concepts considered relevant in
their domain.

We decided to expand this concept further by integrat-
ing it with the HCD approach, resulting in the first iter-
ation of the CDD. Following extensive discussions with
UX experts and multiple iterations, the final version of the
CDD was developed, as illustrated in fig. 6. The proposed
CDD, depicted in fig. 6, involves four key actors: the do-
main expert, UX expert, AI expert, and the AI model. It
adheres to the HCD approach, with actions and objects
color-coded to correspond to the specific phases of the
HCD. The extension of the HCD lies in the inclusion of
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a step focused on validation of the alignment between the
domain expert’s mental model and the AI’s interpretation
of concepts. For the questioning and mapping of mental
concepts, resources such as the XAI question banks pro-
posed by Liao et al. [9] or the conceptual framework for
reason explanations introduced by Wang et al. [19] can be
employed.

Figure 6: Flowchart illustrating the proposed CDD, inte-
grating the HCD approach into explainability workflows.
The framework involves four key actors: the domain ex-
pert, UX expert, AI expert, and the AI model, organized
into distinct columns to highlight their individual contri-
butions. The actions and objects within the flowchart are
color-coded to correspond with the specific phases of the
HCD shown on the left. The CDD emphasizes the valida-
tion of the alignment between the domain expert’s mental
model and the AI model’s interpretation of concepts.

7 Testing with domain expert

The testing session with a domain expert in pathology em-
ployed the thinking aloud protocol and revolved around
four key tasks. The primary aim was to assess the use-
fulness of the applied explainability methods and usabil-
ity of the overall prototype design. Additionally, the test-
ing aimed to gather valuable feedback to guide further it-
erations of the prototype or its eventual integration into
the Annotaid application. A further objective was to ob-
serve the domain expert’s interaction with the explainabil-
ity methods, providing insights into potential areas for the
development of new methods.

Task 1: Annotate a region using a square annotation
tool. After completing this task, the expert was asked to
evaluate the ease of annotation on a scale from 1 to 10,
where 1 indicated a very easy process, and 10 represented
the highest level of difficulty. Task 2: Use the AI assis-

tant to determine the nuclear pleomorphism score. Upon
finishing this task, the expert was asked to rate the ease of
locating the AI assistant using the same 1 to 10 scale as
in Task 1. Task 3: Review all explainability methods. In
this task, the expert independently explored all the explain-
ability methods provided in the prototype. Assistance was
available if requested to clarify any uncertainties or ensure
a complete understanding of the functionality of specific
methods. This step was designed to prepare the expert for
the subsequent evaluation. Task 4: Evaluate the useful-
ness of each explainability method on a scale from 1 to 10,
where 1 represented not useful at all, and 10 represented
highly useful.

The expert rated the first two tasks as very easy (score of
1 for both) and the usefulness ratings for the explainabil-
ity methods, derived from tasks 3 and 4, are summarized
in Table 1. Notably, the newly proposed concept align-
ment and concept importance methods received high
ratings of 8, indicating that they significantly enhanced
the expert’s understanding of the AI model by aligning
its reasoning with domain-specific diagnostic concepts.
The performance method, which provides insight into the
model’s reliability via confidence scores, was rated mod-
erately useful (5). In contrast, traditional methods such as
saliency maps, example-based explanations, and feature-
based techniques received low ratings, as the expert found
these approaches less effective in understanding the AI’s
decision.

Explainability Method Usefulness Rating (1-10)
Concept Alignment 8
Concept Importance 8
Performance 5
Decision Tree 5
Dataset 1
Similar Example 1
Typical Example 1
Counterfactual Example 1
Feature Attribute 1
Feature Shape 1
Feature Interaction 1
Rule Text 1

Table 1: Usefulness ratings for applied explainability
methods

The expert commented that the concept alignment
method was particularly valuable because it allowed her to
verify that the AI model internalized diagnostic concepts
in a manner that mirrored her own clinical reasoning. She
noted, “It is much easier than trying to view the explana-
tions solely through the AI’s perspective.” Similarly, the
concept importance method was praised for providing lo-
calized insights into which features most influenced the
predictions; however, the expert observed that its utility di-
minishes when applied globally. The performance method
was appreciated for its role in calibrating trust in the AI
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model, while the decision tree explanation was recognized
for its simplicity in visualizing the decision process. In
contrast, methods such as saliency maps and example-
based explanations were found to be of limited practical
value. Additionally, during the evaluation of the nuclear
pleomorphism criterion, the expert suggested incorporat-
ing further concepts, such as the presence or absence of
nucleoli and distinctions in the intensity of nuclear stain-
ing, to improve concept-based explanations. This instant
feedback underscores the intuitive appeal and potential for
rapid adoption of concept-driven methods in clinical prac-
tice.

8 Conclusion and Further Work

This study introduced novel concept-based explainability
methods and explored the application of the extended End-
User-Centered Explainable AI (EUCA) framework within
the Nottingham Grading System (NGS) for breast can-
cer classification. By aligning AI-generated explanations
with high-level, domain-specific concepts used by medi-
cal professionals, we extended the EUCA framework to
bridge the gap between complex AI reasoning and clinical
decision-making. Furthermore, we proposed a concept-
driven design approach, integrating human-centered de-
sign principles with explainability techniques tailored to
the needs of domain experts.

Expert evaluation revealed that concept-based explain-
ability methods offer more meaningful insights than tra-
ditional explainability techniques, such as example-based
or feature-based approaches. The findings highlight the
usefulness of concept-based explanations in making AI-
generated insights more interpretable and clinically rele-
vant.

Despite these advancements, the practical implementa-
tion of concept-driven design in real-world clinical set-
tings remains an open challenge. While this study es-
tablishes a theoretical foundation and presents a func-
tional prototype, future research should focus on deploy-
ing and validating this approach. A key direction for future
work is the iterative refinement of explainability methods
through direct collaboration with domain experts, ensur-
ing that AI-generated insights align with their evolving
needs and expectations. Additionally, expanding the scope
of concept-based explainability to other medical domains
beyond breast cancer diagnostics could further validate its
adaptability and effectiveness.

Ultimately, this study contributes to the broader effort
of making AI-assisted medical diagnostics more inter-
pretable and aligned with expert reasoning. By advancing
concept-based explainability, we move closer to integrat-
ing AI systems that not only provide accurate predictions
but also communicate their decision-making processes in
a way that enhances usefulness of explainability methods
utilized in AI assisted medical diagnostics.
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