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Abstract. In today’s complex world, the intricate connections between
human health, socio-economic factors, and environmental conditions ne-
cessitate a holistic approach to health challenges. This paper highlights
the critical need for the One Health paradigm, emphasizing a compre-
hensive framework that integrates human, economic, and environmen-
tal health considerations. By incorporating Explainable Artificial Intel-
ligence (XAI) principles, this paper showcases a pioneering method to
make the sophisticated insights derived from AI more accessible and ac-
tionable for a broad range of stakeholders, including healthcare profes-
sionals, environmental experts, and policy makers. Within the framework
of the MISTRAL H2020 European project, we illustrate a healthcare
model that employs XAI to demystify AI algorithms, thereby foster-
ing trust and enhancing understanding among its users. This innovative
approach not only improves clinical decision-making but also addresses
environmental health issues by rendering the opaque decision-making
processes of Machine Learning (ML) models transparent and understand-
able. The framework’s significance is underlined by its capacity to inform
Health Impact Assessments (HIA) and predict disease risks, facilitating
precise interventions and informed policy development. Furthermore, we
propose a method for engineering and accessing this framework online,
allowing users to engage directly with the system.

Keywords: Explainable Artificial Intelligence · Web Application · Life
Science.

1 Introduction

The rising need for high-quality healthcare, exacerbated by significant global
issues like COVID-19, alongside financial constraints, presents a challenge for
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societies to deliver sustainable healthcare services. Enhancing quality and fos-
tering innovation are pivotal elements in the pursuit of improved medical results.
Artificial Intelligence (AI) stands out as a potential tool for expediting healthcare
innovation [29, 11]. The healthcare sector is replete with data-intensive proce-
dures, and the availability of vast datasets, alongside advancements in computing
capabilities and AI methodologies, has opened up vast research prospects [3, 6,
2, 7].

An advantage of utilizing AI in healthcare within the era of big data lies
in the ability to algorithmically uncover complex patterns and relationships
within data, thereby eliminating the necessity of hiring additional healthcare
professionals for data analysis. AI advancements find different applications in
healthcare, including predicting an approach based on diffusion tensor imaging
for Alzheimer’s disease [13], Non-Alcoholic Fatty Liver Disease (NAFLD) diag-
nosis [25, 26], Mild Cognitive Impairment (MCI) impairment [27] or Metabolic
syndrome [16]. Nevertheless, AI adoption within the healthcare sector represents
only one facet of AI progress. Indeed, AI has demonstrated its significance in
various other research domains, including information security applications [5],
Unmanned Aerial Vehicle (UAV) detection [14], agriculture [19], cyber attack
detection [15] and finance [9]. Therefore, Healthcare is considered as a socio-
technical system that integrates socio-economic, environmental [21], and func-
tional components. Due to this, considering all the components involved and,
according to the World Health Organization (WHO)3, ’One Health’ is defined
as following [1]:

“One Health” is an integrated, unifying approach to balance and optimize
the health of people, animals, and the environment. It is particularly
important to prevent, predict, detect, and respond to global health threats
such as the COVID-19 pandemic.

In this regard, Explainable Artificial Intelligence (XAI) plays a pivotal role in
bolstering transparency, fostering trust, and guaranteeing interpretability within
the healthcare domain, notably in diagnostics and treatment strategy develop-
ment [17]. The emergence of XAI approaches, such as those outlined by Gerlings
et al. [8], has empowered healthcare practitioners to delve into the inner workings
of AI systems, elucidating the mechanisms underpinning AI-driven conclusions.
Such transparency is indispensable in healthcare, given the high stakes entailing
human lives and patient welfare.

This paper introduces a pioneering web application framework, developed as
part of the European MISTRAL H2020 project, leveraging XAI to make the
intricate insights derived from AI more accessible and actionable for a broad
range of stakeholders. Our novel contributions lie in the unique integration of
XAI within a comprehensive health framework, enabling not just improved clin-
ical decision-making but also addressing environmental health challenges with
a high level of transparency and understandability. Furthermore, we introduce

3 https://www.who.int
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a web framework, allowing direct engagement and interaction by users ranging
from healthcare professionals to policy-makers.

The remaining paper is organized as follows. Section 2 shows the related
works. In section 3, we present the description of our framework for One Health
Platform. Finally, section 5 concludes the paper.

2 Background

In this section, we present initial concepts that are utilized throughout the re-
mainder of the manuscript. Specifically, section 2.1 details how XAI is used in
certain application areas, while section 2.2 describes some European projects in
which XAI is being used.

2.1 XAI in Healthcare/One Health

The increasing complexity of AI systems within healthcare presents both oppor-
tunities and challenges [8]. While these systems exhibit the capability to discern
subtle patterns within extensive datasets, thereby enhancing decision-making
tasks such as diagnosis, they also often succumb to the "black box" phenomenon.
This phenomenon renders the decision-making processes of AI models opaque
and difficult to comprehend. We contend that given the multi-stakeholder nature
of healthcare, particularly within the framework of One Health, where the im-
pact of AI can extend beyond clinicians to include patients, insurance providers,
and regulatory bodies, there exists a pressing need to employ XAI techniques.

The One Health paradigm acknowledges the interconnectedness of human,
animal, and environmental health, highlighting the significance of XAI in ad-
dressing the complex and multifaceted nature of health challenges spanning
these interconnected domains. XAI not only simplifies systems but also im-
proves decision-making by making intricate AI-driven analyses accessible and
understandable. It promotes interdisciplinary collaboration among healthcare
practitioners, environmental researchers, and policymakers, while also promot-
ing public involvement and confidence by clarifying the role of AI in healthcare
and environmental stewardship.

Overall, the benefits of XAI in healthcare, particularly within the context of
One Health, encompass simplifying system complexity [4, 23], enhancing compre-
hension of decision-making outcomes for patients and stakeholders, improving
system troubleshooting capabilities, fostering patient trust, facilitating interdis-
ciplinary collaboration, and offering a comprehensive evaluation that integrates
human, animal, and environmental health dynamics.

2.2 XAI in EU Project

As stated earlier, this work is in light of the MISTRAL H2020 project. We here
briefly review similar frameworks that are applied and mention our differences.
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– XMANAI - Explainable Manufacturing Artificial Intelligence4: En-
hances manufacturing with Explainable AI, emphasizing a "human-centric"
approach for transparent and trustworthy AI processes. Introduces explain-
able glass-box models and a comprehensive data management plan focused
on ethical standards and security, aiming to boost trust in AI within the
industry.

– AI-PROFICIENT - Enhancing AI Transparency in Manufactur-
ing5: Focuses on increasing AI acceptance by improving explainability and
transparency. Integrates XAI techniques to make AI decisions understand-
able, featuring innovations like explainable models and auditability systems.
Bridges technical excellence with ethical considerations to foster human-
machine collaboration and enhance product quality.

3 Analysis Framework for One Health Platform

In this section, we introduce the conceptual XAI framework adopted in the
H2020 project. The framework is developed for different Stakeholders, or end-
users , such as researchers, public health officials, environmental scientists, urban
planners, policymakers, health economists, etc. The framework, AI-based, repre-
sents a tool, capable of improving clinical decision making, but also of addressing
environmental health challenges. In addition, the proposed solution is designed
also to serve as a support tool for environmentalists and policymakers alike. In-
deed, in this domain, XAI plays a crucial role in enhancing transparency, trust,
and decision-making capabilities for these stakeholders. Data harmonization is
facilitated by a central Health XAI module, which then supports various tasks,
ranging from predictive modeling to interactive analytics. It also shows the flow
of information and decision-making processes across different stakeholders.

Figure 1 shows the logical-conceptual design of our framework. In order to
describe, the components of our framework, we aim to answer the following “wh-”
question words in the following:

– Why this Framework? (section 3.1)
– How is the Framework Operationlized? (section 3.2)
– Who are the main beneficiary stakeholders? (section 3.3)
– What is the role of XAI therein? (section 3.4)

3.1 Motivation

The framework designed, is crafted to tackle the intricate task of integrating
and analyzing multidimensional and frequently non-interoperable health, envi-
ronmental, and socio-economic data. Its primary objective is to forecast and
oversee the effects of environmental exposures on public health. A significant
challenge encountered within the health domain pertains to the volume and
4 https://ai4manufacturing.eu/
5 https://ai-proficient.eu/
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Health XAI Framework
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Fig. 1. Logical-conceptual formalization of the framework involves representing the
tasks, stakeholders, and data flow within the framework.

variability of data across these realms. This necessitates a systematic approach
to ensure that the insights gleaned from AI models are not only precise but also
comprehensible and applicable to diverse decision-makers.

Figure 2 shows how the framework integrates different data sources such as
environmental, socioeconomic, and clinical. The outcome of this integration con-
tributes to Machine Learning (ML) models tasked with evaluating disease risks,
including stroke, dementia, and Coronary Heart Disease (CHD), and forecasting
outcomes related to frailty. Moreover, integral to this procedure is the Health Im-
pact Assessments (HIA), which examines the potential impacts of environmental
alterations on human health outcomes.

The following Usage Scenario is a reference point for the formalization of the
data flow of Figure 2. Let’s consider a scenario where a public health official is
tasked with evaluating the influence of air quality on cardiovascular health in an
urban setting. Historically, this undertaking would involve conducting separate
analyses of environmental data, patient health records, and socioeconomic status
reports, each relying on unique coding systems and databases. The key objective
outlined in our research is to unify these disparate data sources into an integrated
model, to attain high precision in forecasting heart disease. The implications of
these predictions can be pivotal. For instance, the machine learning system may
unveil that regions characterized by lower socioeconomic status and elevated
pollution levels exhibit a heightened incidence of CHD. Such revelations empower
decision-makers, including city mayors, to enact focused interventions, such as
installing air filtration systems in particular neighborhoods or advocating for
policy revisions to mitigate emissions. The effectiveness of these interventions
hinges upon the seamless integration of these disparate data sources.
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Fig. 2. Data Flow representation of the Framework.

The next section depicts the layered architecture of the framework. In par-
ticular, it describes the operation of each layer present in the framework.

3.2 How is this Framework Operationalized?

The framework employs AI algorithms to gather, integrate, and analyze data
from diverse sources, encompassing clinical, environmental, and socio-economic
datasets. Specifically, Figure 3 represents the function of each tier adopted within
the framework. Each tier comprises distinct objectives and responsibilities.

Therefore, through the adoption of this architecture, it is possible: (i) pro-
mote effective, standardized data collection approaches, (ii) integrate diverse
data sources, fostering a greater understanding of complex and dynamic sys-
tems and, (iii) represent data using common ontologies and uniform sharing
protocols. System layers are described below.

Layer 1: Data Provider - This layer is responsible for the initial collection
of data from various sources, including third-party software and databases. It
involves the use of software connectors to facilitate the integration of this multi-
source data.

Layer 2: Federated Data Management and Processing - Here, the
data collected from Layer 1 are processed, integrated, and managed. Utilizing
Federated Learning (FL) approaches, this layer ensures that data across dif-
ferent platforms and formats are standardized and ready for analysis without
compromising on privacy and security.

Layer 3: Big Data Analytics and Data Visualization - The final layer
employs advanced ML models to analyze the processed data, providing insights
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Fig. 3. Layered representation of the MISTRAL project framework.

into potential health impacts. It includes an intelligent dashboard with visual-
ization tools and counterfactual analysis capabilities, allowing stakeholders to
explore the data interactively and derive actionable intelligence.

The flow between these layers ensures a seamless transition from data col-
lection to insightful analytics. It allows the system to predict disease risk and
frailty-related outcomes effectively, providing a robust HIA that informs decision-
makers in the healthcare and environmental sectors.

3.3 Who are the main beneficiary stakeholders?

The primary beneficiaries of this framework are:

1. Public Health Officials and Epidemiologists: who can use the framework’s
outputs to identify health risks and target interventions.

2. Policymakers and Urban Planners: who can apply the insights to shape ef-
fective environmental and social policies.

3. Environmental Scientists: who benefit from exposure estimation and impact
assessments to understand and mitigate environmental health risks.

4. Doctors and Clinicians: who can make better diagnostic and treatment de-
cisions based on predictive models.

5. The General Public: who ultimately benefits from improved public health
outcomes and more effective environmental policies.
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3.4 What is the Role of XAI in the proposed framework?

XAI acts as a critical intermediary within our framework, bridging the gap be-
tween complex AI systems and users. It ensures that AI-driven decisions are
not only transparent but also understandable and reliable. This empowerment
allows stakeholders from different backgrounds to make informed decisions with
confidence.

The integration of XAI techniques is crucial across all levels of the framework,
enriching the interaction between users and the system through various methods:

– Layer 1: Data Aggregation and Initial Insights
At this foundational layer, we aggregate data from multiple sources using
third-party software connectors. The focus here is on preparing the data for
further analysis while maintaining its integrity and richness.
• Counterfactual Explanations (CFEs): These are utilized to understand

how altering input data could impact model predictions [10].
• Feature Importance: Tools like SHapley Additive exPlanations (SHAP)

values help identify which data points are most influential in the model’s
predictions. This insight can guide data scientists in focusing on the most
impactful data sources and variables [18, ?].

– Layer 2: Data Integration and Processing
This layer emphasizes harmonizing the collected data and preparing it for
detailed analysis, maintaining a strong focus on privacy and data integrity.
• Local Interpretable Model-agnostic Explanations (LIME): By applying

LIME, we can offer clinicians and researchers interpretable models that
explain predictions on an individual level [22]. For instance, explaining
the prediction of patient risk factors for respiratory disease by highlight-
ing specific lifestyle variables and medical history elements that con-
tribute most significantly to the model’s output.

• Rule-based Explanations: Providing precise rules that explain the rea-
soning behind a model’s decision [28]. For example, identifying specific
thresholds of blood markers that trigger a diagnosis of a particular con-
dition, offering clear guidance for clinical decisions.

– Layer 3: Analysis and Visualization
The topmost layer focuses on analyzing the processed data and presenting it
in an intuitive manner through an intelligent dashboard, enhancing decision-
making and stakeholder engagement.
• Counterfactual Explanations: Beyond individual patient scenarios, CFEs

at this layer can illustrate how broader public health policies (e.g., smok-
ing cessation programs) could impact community health outcomes.

• Concept Activation Vectors (CAVs): This method allows for the visu-
alization of complex, abstract concepts (like stress levels) in data [12],
showing how they relate to health outcomes. For instance, demonstrating
through the dashboard how varying levels of urban noise pollution corre-
late with reported stress levels and cardiovascular health across different
demographics.
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• Specialized Visual Explanations: methods such as Grad-CAM [24] and
Layer-wise Relevance Propagation (LRP) [20] provide insights into which
parts of a given input image were deemed important by the CNN for
a particular classification decision. This method is particularly useful
in medical imaging, where understanding the model’s focus can aid in
diagnosing conditions such as tumours.

4 Future Directions and Evaluation Strategies

While the current exploration serves as a foundational perspective on integrat-
ing XAI within healthcare frameworks, future research will aim to empirically
validate the proposed methodologies. The anticipated evaluation of our frame-
work encompasses a multi-faceted approach designed to assess both its technical
efficacy and its impact on user trust, decision-making, and interdisciplinary col-
laboration.

Future studies will focus on simulating the framework’s performance using
synthetic datasets that mimic real-world healthcare scenarios. Key performance
indicators, such as accuracy, precision, and interpretability scores, will be crit-
ical in benchmarking our XAI implementations against existing AI models in
healthcare.

Surveys and interactive workshops with potential end-users, including health-
care professionals, policymakers, and environmental scientists, will be instru-
mental in assessing the framework’s ability to enhance user trust and improve
decision-making processes. Scenarios and case studies will be developed to facil-
itate this evaluation, aiming to capture the nuanced impact of explainability on
user interactions with AI systems.

The framework’s potential to foster interdisciplinary collaboration will be
explored through expert panels and consensus-building exercises. By involving
a broad range of stakeholders in these discussions, we aim to identify and ad-
dress the unique challenges and opportunities presented by the integration of
environmental, health, and socioeconomic data.

The proposed framework, by demystifying AI’s decision-making processes
and ensuring the relevance and understandability of its insights, has the potential
to significantly impact various domains. In healthcare, it promises to enhance
clinical decision-making, patient engagement, and personalized care strategies.
For environmental health, it offers a novel approach to assessing and addressing
the impacts of environmental factors on public health. Ultimately, by fostering
an environment of transparency and trust, the framework aims to bridge the gap
between complex AI analyses and actionable, informed decision-making across
multiple sectors.

5 Conclusion

In this paper, we propose a healthcare framework that leverages XAI to elucidate
AI, as part of the European MISTRAL H2020 project. By integrating different
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XAI methodologies at various stages of our framework, we aim to make AI in
healthcare not just a tool for prediction but also a platform for understanding,
learning, and informed decision-making. This approach ensures that the insights
generated by AI models are accessible, actionable, and trustworthy, catering to
the nuanced needs of healthcare providers, policymakers, environmental scien-
tists, and the general public. Future directions entail the comprehensive refine-
ment of the framework within the Mistral project, as well as the development of
a web-based interface optimized for managing all stages of user interaction.
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