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Abstract14

Artificial Intelligence (AI) is increasingly integrated into healthcare, supporting15

tasks involving diagnosis, prognosis, treatment, and monitoring. As these systems16

become more complex, ensuring that they are trustworthy has become a cen-17

tral research priority. Trustworthy AI has emerged to address these requirements18

and promote trust among stakeholders. Yet, an important question remains: are19

the foundations on which trustworthy AI in healthcare is being built sufficiently20

well-defined? To address this question, we conducted a scoping review of 67521

articles published between 2015 and 2025, including 41 review articles and 63422

research articles. We examined how eight concepts central to trustworthy AI23

Interpretability, Explainability, Transparency, Fairness, Bias, Robustness, Relia-24

bility, and Validity have been defined and studied using thematic synthesis and25

semantic analysis. We found substantial conceptual overlap and inconsistency26

across the literature. In particular, Interpretability, Explainability, and Trans-27

parency were frequently used interchangeably, while contradictions and variations28

were also identified in the definitions of other concepts. Beyond these concep-29

tual challenges, we characterized the current landscape of trustworthy AI in30

healthcare, revealing sustained growth in research across clinical domains, data31

types, AI approaches, and methods for Interpretability, Explainability, valida-32

tion, Fairness, and Bias. However, the evidence remains unequally distributed,33
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with classical Machine Learning (ML), Electronic Health Records (EHR), neu-34

rology and oncology, SHAP, and hold-out validation predominating within their35

respective category groups. Based on these findings, we propose a framework36

that unifies definitions and clarifies relationships among the concepts examined.37

We further identify key research gaps in conceptual standardization, validation38

methods, clinical and data coverage, and AI approaches and tasks implemen-39

tation. We conclude by identifying priorities for future research and proposing40

recommendations to strengthen the conceptual and evidentiary foundations of41

trustworthy AI in healthcare.42

Keywords: Artificial Intelligence, Bias, Explainability, Fairness, Healthcare,43

Interpretability, Reliability, Robustness, Transparency, Trustworthy AI, Validity44

1 Introduction45

Artificial intelligence (AI) is defined as the ability of machines to simulate human intel-46

ligence [1, 2]. The use of AI in healthcare has been steadily increasing, with researchers47

continually developing new models for various healthcare applications [3–7]. Despite48

the exponential growth in the number of publications related to the development of49

AI models in healthcare, only a small fraction of these studies proceeds to real-world50

evaluation [8, 9]. In a review of 172 studies proposing AI models for intensive care51

units (ICUs), Fleuren et al. found that 93% were limited to prototyping or model52

development stages. In contrast, only 1% assessed the models using clinically relevant53

outcomes. Notably, none of the reviewed studies had integrated the proposed models54

into the actual workflows of clinical institutions [10]. Several studies have discussed55

the various barriers that hinder the integration of AI technologies into clinical prac-56

tice. Berardi et al. proposes a division of the mental health system into four levels:57

macro (health policy), meso (healthcare organizations), micro (health professionals),58

and nano (patients). At the macro and meso levels, the main barriers identified include59

limitations in infrastructure, investment, coverage, lack of interdisciplinary collabora-60

tion, incentives for researchers, and legal regulations [11]. At the micro level, this and61

related studies report that insufficient knowledge, education, or training among health62

professionals represents key obstacles to the effective adoption of AI technologies [11–63

13]. Finally, at the nano level, challenges are associated with the limited adaptability of64

AI models to individual patients, biases in models, and a lack of information on vulner-65

able or underrepresented populations [11, 14–16]. To address these limitations, mainly66

those present at the micro and nano levels, which are inherently human-centered, the67

field of trustworthy AI has emerged. For an AI system to be considered trustworthy, it68

must not only be functional, efficient, and technically robust, but also adhere to eth-69

ical principles, ensure safety and transparency, prioritize human-centric design, and70

provide outputs and processes that are understandable to human users [17–19].71
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1.1 Trustworthy AI common challenges72

The most common and visible challenge in this context is that most AI models, regard-73

less of their type, tend to operate as black boxes. These are systems based on highly74

complex mathematical functions that are difficult to interpret and explain, even by75

domain experts [20]. As a result, understanding how these models function, why they76

produce specific outputs, and under what circumstances they may fail is often unclear77

[21, 22].78

In addition, the concepts that form the basis of this field have not been system-79

atically collected, analyzed, and unified. Our findings show that concepts such as80

Explainability, Interpretability, and Transparency are used interchangeably. Also, the81

definitions of Bias, Fairness, Reliability, and Validity proposed by different authors82

present contradictions and inconsistencies. This indicates that there is no consensus83

on the fundamentals of trustworthy AI. Although these concepts and their definitions84

will be presented and discussed in later sections, it is important to mention them here85

because inconsistencies in these fundamental concepts represent a significant obstacle86

to the implementation of trustworthy AI in real-life settings. Furthermore, to the best87

of our knowledge, no article has addressed this problem as comprehensively as this88

review.89

In this sense, this article has three main objectives: 1) Analyze the patterns, sim-90

ilarities, and differences that emerge in the definitions and use of concepts related91

to trustworthy AI in the literature; 2) Propose a conceptual framework using uni-92

fied definitions of the concepts related to trustworthy AI; 3) Characterize the current93

landscape of trustworthy AI in healthcare and identify knowledge gaps in the exist-94

ing literature. Through a comprehensive analysis of key concepts and methodological95

approaches, the review addresses the following research questions:96

• RQ1. How have trustworthy AI concepts been studied and implemented97

in healthcare contexts?98

• RQ2. What are the current research trends, methodological characteris-99

tics, and knowledge gaps in trustworthy AI for healthcare?100

To address the research questions, a systematic search was conducted to identify101

relevant review and research articles, select those aligned with key topics, extract102

data and relevant results, propose a conceptual definition framework using the review103

articles, and report the findings of the research articles.104

1.2 Historical context105

In 1943, McCulloch and Pitts proposed the first mathematical model of an artifi-106

cial neural network based on the structure of biological neurons [23]. Later, in 1950,107

Alan Turing introduced the idea of machine intelligence through the Imitation Game108

(now known as the Turing Test), in which he posed the famous question, “Can109

machines think?” [24]. The term Artificial Intelligence was first introduced in 1955110

when McCarthy et al. proposed the Dartmouth Summer Research Project on Artifi-111

cial Intelligence for the summer of 1956. The proposal was based on the conjecture112

that “every aspect of learning or any other feature of intelligence can in principle be113
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so precisely described that a machine can be made to simulate it” [25]. Since then, the114

field has evolved rapidly, giving rise to a wide range of AI methods and applications115

across numerous domains.116

Although the evolution of trustworthy AI is closely linked to that of AI, it was117

not until 1978 that MYCIN, the first rule-based expert system capable of provid-118

ing explanations, was proposed [26, 27]. In the early 1990s, as part of the Strategic119

Computing Initiative funded by the Defense Advanced Research Projects Agency120

(DARPA) [28], Swartout et al. introduced one of the first design frameworks for121

explainable expert systems, proposing explanation mechanisms that extended beyond122

simple rule tracing [29]. Later, in 2004, Van Lent et al. presented one of the earliest123

documented uses of the acronym XAI (eXplainable Artificial Intelligence), referring124

to an explainable AI feature integrated into the Full Spectrum Command system [30].125

The acronym became widely adopted following the launch of DARPA’s Explainable126

Artificial Intelligence (XAI) program in 2015, whose objective was to develop expla-127

nation techniques that enable end users to understand, trust, and effectively manage128

AI systems [31, 32]. This program marked the beginning of the modern resurgence129

of XAI research. Subsequently, widely adopted techniques such as Local Interpretable130

Model-agnostic Explanations (LIME) (2016) [33] and SHapley Additive exPlanations131

(SHAP) (2017) [34] were introduced. Furthermore, in 2016, the IEEE Global Initiative132

for Ethical Considerations in Artificial Intelligence and Autonomous Systems aimed to133

promote AI systems that prioritize human well-being and adhere to ethical principles,134

including Human Benefit, Responsibility, Transparency, and Education and Awareness135

[35]. At the governmental level, Canada launched the Pan-Canadian Artificial Intel-136

ligence Strategy (PCAIS) in 2017, investing approximately CAD$125 million in six137

strategic areas: (1) Talent and Research, (2) National AI Institutes, (3) Commercial-138

ization and Adoption, (4) Standards and Conformity, (5) Compute and Infrastructure,139

and (6) Responsible AI and Ethics [36]. At the international level, the European140

Union’s General Data Protection Regulation (GDPR), which became enforceable in141

2018, established a legal framework for protecting personal data by requiring orga-142

nizations to comply with principles such as lawfulness, fairness, transparency, data143

integrity, confidentiality, and accountability [37].144

1.3 Background145

A growing body of research has focused on developing explanation methods that aim146

to increase transparency and user trust. These techniques typically identify the input147

features or attributes that contribute most to a model’s predictions, either through fea-148

ture importance measures or, in the case of neural networks, gradient-based approaches149

[38–40]. XAI methods can generally be categorized into model-agnostic and model-150

specific approaches. Model-agnostic methods can be applied to a wide range of AI151

models because they explain predictions by analyzing the relationship between inputs152

and outputs without requiring access to the model’s internal mechanisms. In contrast,153

model-specific methods are tailored to a particular model architecture and leverage its154

internal structure to provide insights into the model’s predictions and, in some cases,155

its internal representations [41]. XAI methods can also be categorized as ante-hoc156

or post-hoc approaches. Ante-hoc approaches, often referred to as glass-box models,157
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are inherently interpretable and explainable. A decision tree is a common example,158

as its internal structure can be directly examined to understand the rules underly-159

ing its predictions. In contrast, post-hoc approaches aim to explain the predictions of160

already trained models. For example, methods such as SHAP estimate the contribu-161

tion of each input feature to a prediction by analyzing how changes in the input affect162

the model’s output [42]. In this section, we provide an overview of the XAI methods163

most frequently identified in our review. We strongly recommend to check the book164

by Christoph Molnar, ”Interpretable Machine Learning: A Guide for Making Black165

Box Models Explainable”, to get a deeper understanding of the concepts and methods166

explained here [43].167

1.3.1 SHAP168

SHAP is a model-agnostic post-hoc technique based on game theory that aims to169

quantify the contribution of each feature to a model’s prediction for a specific input170

instance. The calculation of the contribution of a feature j involves considering all171

possible subsets of features that do not include j. The trained model is then used to172

generate predictions for each subset, both with and without feature j. The difference173

between these predictions represents the marginal contribution of j (i.e., its marginal174

contribution to the prediction, indicating whether the feature increases or decreases175

the model output) across all possible feature combinations [34]. This contribution is176

calculated using the Shapley value formulation (Eq. (1)), introduced by Lloyd Shapley177

in 1953 [44].178

ϕj =
∑

S⊆N\{j}

|S|!(|N | − |S| − 1)!

|N |!
(V (S ∪ {j})− V (S)) (1)

In this equation, ϕj represents the contribution value of feature j; S represents a179

subset of features in a given combination; N is the total number of features; V (S)180

represents the model’s prediction using the set of features in S; V (S ∪ j) represents181

the model’s prediction when feature j is added to set S; (V (S ∪ j)− V (S)) represents182

the marginal contribution of feature j;
∑

S⊆N\j represents the summation over all183

possible feature subsets that do not include j; and |S|!(|N |−|S|−1)!
|N |! represents the weight184

assigned to each feature combination. An example of SHAP implementation can be185

found in the tutorial by Ponce-Bobadilla et al. [45].186

1.3.2 LIME187

LIME is a model-agnostic post-hoc technique that explains the prediction of a specific188

input instance by constructing a locally interpretable approximation of the original189

model. This approximation is typically a simple linear model. To build it, LIME gener-190

ates perturbed versions of the input instance and obtains the corresponding predictions191

from the original model. The resulting surrogate model estimates the contribution192

of each feature to the prediction through its coefficients, providing an interpretable193

approximation of the model’s local behavior [33].194

From a mathematical perspective, LIME can be described using three main195

equations. Considering x as the original input instance and z as a perturbed instance,196
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the first step consists of calculating an exponential kernel with width σ2, which incor-197

porates a distance function D(x, z) to measure the similarity between both instances198

(Equation (2)).199

πx(z) = exp

(

−
D(x, z)2

σ2

)

(2)

Equation (3) calculates the local fidelity of the local model. Here, z′ is the rep-200

resentation of z used by the local model. Similarly, πx(z) represents the proximity201

weight assigned to the perturbed instance; f(z) represents the prediction generated202

by the original model; g(z′) represents the prediction generated by the local model;203

and
∑

z,z′∈Z represents the summation over all perturbed instances within the set Z.204

L(f, g, πx) =
∑

z,z′∈Z

πx(z) (f(z)− g(z′))
2

(3)

Finally, Equation (4) defines the optimization objective used to identify the opti-205

mal local model g that minimizes the combination of L(f, g, πx) (local fidelity) and206

the model complexity term Ω(g). Here, G represents the set of possible local models207

considered during the optimization process.208

ξ(x) = argmin
g∈G

L(f, g, πx) + Ω(g) (4)

1.3.3 Grad-CAM209

Gradient-weighted Class Activation Mapping (Grad-CAM) is a model-specific post-210

hoc technique that explains and visualizes the predictions of deep learning models,211

particularly Convolutional Neural Networks (CNNs) [46, 47]. Grad-CAM computes the212

importance of each feature map in the last convolutional layer by using the gradients213

of the pre-softmax class score (logit) of a target class with respect to the activations of214

that layer. Equation (5) computes the importance weight αc
k associated with feature215

map k for class c. Here, Ak denotes the k-th feature map of size i× j; K is the total216

number of feature maps; Z is the number of elements in Ak; and ∂yc

∂Ak
ij

represents the217

gradient of the pre-softmax class score yc with respect to the activation at position218

(i, j) in feature map Ak.219

αc
k =

1

Z

∑

i

∑

j

∂yc

∂Ak
ij

(5)

The final class activation map Lc
Grad-CAM is obtained by applying a ReLU function220

to the weighted combination of feature maps
∑

k α
c
kA

k (Equation. (6)). The ReLU221

operation discards negative values and retains only the regions with positive contri-222

butions to the target class score, indicating the areas of the input representation that223

most strongly support the model’s prediction for that specific class.224

Lc
Grad-CAM = ReLU

(

∑

k

αc
kA

k

)

(6)
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1.3.4 Gini Importance225

Gini Importance is a model-specific post-hoc method used for decision tree-based226

models, such as random forests and gradient boosting. It estimates feature relevance227

based on the reduction in Gini Impurity resulting from splits involving each feature.228

Gini Impurity is computed at each node where the model uses a feature to define a229

split and make a decision [48, 49]. Equation (7) defines the Gini Impurity G(a) for a230

node a. Here, N is the total number of samples at node a, and Nk is the number of231

samples belonging to class k.232

G(a) = 1−
1

N2

K
∑

k

N2
k (7)

When a split is generated, the initial node a is referred to as the parent node.233

Equation (8) defines the reduction in Gini Impurity resulting from a split, where G(aL)234

and G(aR) are the Gini Impurity values of the resulting child nodes, and NL and NR235

are the numbers of samples in each child node, respectively.236

∆G(a) = G(a)−
1

N
(NLG(aL) +NRG(aR)) (8)

The Gini importance of a feature j in a single tree t is defined as the sum of the237

Gini impurity reductions ∆G(a) over the set of nodes S at which feature j is used to238

perform a split (Equation (9)).239

Itj =
∑

a∈Sj

∆G(a) (9)

Equation (10) defines the normalized Gini feature importance for an ensemble240

of decision trees. The term
∑τ

t=1 Itj represents the sum of the Gini importance of241

feature j across all τ trees. The denominator,
∑M

m=1

∑τ
t=1 Itm, represents the total242

Gini importance across all M features and τ trees.243

FIj =

τ
∑

t=1

Itj

M
∑

m=1

τ
∑

t=1

Ibm

(10)

1.3.5 Permutation importance244

Permutation importance is a model-agnostic, post-hoc method that quantifies the245

effect of randomly shuffling the values of a specific feature on model performance [43].246

Permutation importance was originally introduced by Leo Breiman (2001) as a tool247

for Random Forests[50]. It was later mathematically formalized and generalized into a248

model-agnostic framework known as Model Reliance by Fisher, Rudin, and Dominici249

(2019) [51]. To calculate the permutation importance of a feature j, we first compute250

the model’s error eorig when making predictions on the original test set. Equation (11)251
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represents the calculation of the original error eorig, where Ntest is the total number of252

samples in the test set, and
∑Ntest

i=1 L
(

y(i), f
(

x̂(i)
))

represents the sum of an arbitrary253

loss function L evaluated between the true label y(i) and the model prediction f
(

x̂(i)
)

.254

eorig =
1

Ntest

Ntest
∑

i=1

L
(

y(i), f
(

x̂(i)
))

(11)

Equation (12) shows the calculation of the error eperm,j for the matrix Xperm,j ,255

where the values of j are permuted.256

eperm,j =
1

Ntest

Ntest
∑

i=1

L
(

y(i), f
(

x̂
(i)
perm,j

))

(12)

Then, the original error eorig is compared with the error eperm,j corresponding to257

the predictions using the matrix Xperm,j . Equations (13) and (14) show two ways to258

calculate the final feature importance.259

FIj =
eperm,j

eorig
(13)

FIj = eperm,j − eorig (14)

2 Result260

A total of 675 articles were included, of which 41 were review articles and 634 were261

research articles. Table 1 presents the unified definitions proposed for the concepts262

of interest, while Figure 1 illustrates the relationships among these concepts using a263

Venn diagram. Similarly, Section 2.2 section presents the most relevant data extracted264

from the included research articles.265

2.1 Definitions proposal266

This section presents the intermediate findings that led to the unified definitions pro-267

posed in Table 1. The relationships among these concepts are illustrated in Figure 1.268

These findings are the result of a mixed-methods analysis combining thematic synthesis269

(Sections 2.1.1 and 5.4.1) and semantic analysis (Sections 2.1.2 and 5.4.2).270

2.1.1 Thematic synthesis271

The thematic synthesis identified 108 definitions, from which 25 codes were generated.272

The codes with the highest number of associated definitions were “Explainability” (27273

definitions), “Interpretability” (26 definitions), “Transparency” (24 definitions), and274

“Explainable–Interpretable” (19 definitions). The latter code was created to identify275

studies that treated Explainability and Interpretability as interchangeable concepts276

or synonyms. The complete distribution of definitions across all codes is presented in277

Supplementary Figure S1. Furthermore, this synthesis revealed several differences and278

contradictions among the definitions proposed for the same concept:279
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• Reliability : [52, 53] define a reliable model as one that produces consistent results280

under similar conditions. In contrast, [54–56] define reliability as the ability to pro-281

duce consistent results under different conditions, such as across datasets or clinical282

settings.283

• Bias: [55, 57–60] define bias as a systematic, non-random error/behavior that may284

generate discrimination, harm, or inequity. Alternatively, [61–66] emphasize that285

bias can originate from both the data and the algorithm, making it a potential286

source of systematic errors.287

• Validity : [67] define validity as the ability of a model to maintain its performance on288

external datasets (different from the training dataset). Meanwhile, [68] states that289

this is defined by the end user based on the model’s accuracy.290

2.1.2 Semantic analysis291

All review articles that provided definitions of the concepts of interest were included,292

regardless of whether those definitions were originally proposed by the authors or293

adopted from previous studies, several source works were cited repeatedly across the294

included articles. Among the most frequently cited were the review by Arrieta et al. (4295

citations), which defines Explainability, Interpretability, Transparency, and Fairness296

[69]; Miller T. (3 citations), who discusses Robustness and Interpretability, and states297

that Interpretability and Explainability are equivalent concepts [70]; Lipton ZC (2298

citations), who focuses on Interpretability and also defines Transparency [71]; and the299

OECD recommendations (2 citations), which, although they do not provide explicit300

definitions, were used by several studies as a conceptual basis [72]. We consider these301

studies as source articles. However, we did not find many articles that consistently302

cited the same reference for a given definition.303

In addition, the definitions reported by [66] and [58] showed a high degree of sim-304

ilarity for Explainability, Fairness, and Robustness, likely because both publications305

originated from the same research group. To avoid redundancy in the thematic syn-306

thesis, we retained the definitions from the earlier publication [66]. The most recent307

publication was also included because it introduced a definition of Bias that was not308

present in the earlier work. The complete set of extracted definitions, together with309

their corresponding thematic labels, is provided in the Supplementary Material.310

2.2 Research articles311

This section summarizes the data extracted from the 634 research articles included in312

this study. In some figures, the sum of the category counts exceeds the total number of313

articles because a single study could be assigned to multiple categories within the same314

variable. For example, one article may have used signals, medical images, and EHRs315

to train its models, while also applying both ML and deep learning (DL) methods for316

classification and regression tasks. Section 2.2.1 presents general information about the317

included articles. Section 2.2.2 compares the concepts addressed by the authors with318

the definitions proposed in Table 1. Section 2.2.3 summarizes the AI tasks performed319

and the models implemented. Section 2.2.4 presents the XAI techniques used. Finally,320

Sections 2.2.5 and 2.2.6 describe the validation techniques and the methods used to321
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Concept Definition

Explainability Explainability is the ability of a model to provide a human-
understandable justification of model behavior and predictions. This
is achieved by offering insights into the decision-making processes in
a clear way, enabling users to comprehend the reasoning behind deci-
sions. Explainability focuses on describing the mechanisms that drive
decisions, revealing the system’s strengths and weaknesses, and giving
clear guidance to users so they can recognize why and how (as long as
they have basic knowledge of the field) decisions are made.

Interpretability Interpretability is the ability to make the model’s behavior, decision-
making, and reasoning human-understandable through clear insights.
Focusing on ensuring that the decisions are easy for users (whether
experts or non-experts) to comprehend. Interpretability addresses why
decisions are made, but not necessarily how they are made, as this is
covered by explainability, which provides more technical details.

Transparency Transparency is the property of a model to disclose information about
its structure and functionality, including the data used for training, the
training process, and the decision-making processes, in a manner that
is understandable to stakeholders (patients, healthcare professionals,
caregivers, and policymakers). It provides information to answer why
and how decisions are made, while also helping to identify data and
model biases. Transparency serves as the foundation for model accessi-
bility and trust among stakeholders, representing the first step toward
achieving genuine patient–clinician understanding.

Bias Bias is a model’s tendency to exhibit specific decision-making behavior
due to the use of data from particular characteristics and/or popu-
lations during the training process, potentially leading to systematic
non-random errors and, consequently, discriminatory results or misdi-
agnoses. Bias is an inherent property of the model and may originate
from both the data and the coding process.

Fairness Fairness is the property of a model related to equitable decision-making,
aiming to address and reduce algorithmic biases and discriminatory out-
comes. The underrepresentation of marginalized user populations due
to systemic inequalities in training data can lead to unfavorable mod-
els that contribute to healthcare disparities. Fairness is closely related
to model robustness. However, it is more specific, as it concerns the
model’s performance not across different conditions, but across popu-
lations with particular characteristics.

Robustness Robustness is the property of a model to maintain consistent and
stable performance despite variations, noise, and differences in input
data. This property also applies to techniques designed to provide
explainability, which should generate accurate explanations despite
such variations.

Reliability Reliability is the property of a model to maintain consistent and stable
performance under the same conditions or scenarios. In other words,
the model should yield consistent outputs when exposed to the same
inputs and environment.

Validity Validity is the property of a model to perform as intended, which
depends on both robustness and reliability, and it is not achieved if
either component is absent.

Table 1 Definitions proposal of trustworthy AI concepts
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Fig. 1 Venn diagram that represents the relationship between the proposed definitions.

address fairness, respectively. Due to the large number of categories in some of the322

topics, it was decided to group some of them. The table containing the extracted data323

can be found in the supplementary material.324

2.2.1 General information325

The general information extracted from each study included the year of publication,326

the geographical region of the authors’ affiliations, the clinical domain, and the types327

of data used to train the AI models. Figure 2 summarizes the distribution of the328

categories within each topic. The review included studies published between January329

1, 2015, and November 2025. Because relatively few studies were published between330

2015 and 2019, these years were grouped into a single category.331

Regarding the geographical region, studies with at least one author affiliated with332

an institution outside the predominant region were classified as “International”. In333

addition, the “Others” category comprises “Oceania”, “Sub-Saharan Africa”, “Latin334

America and the Caribbean”, and “Eastern Europe and Russia”.335

The clinical domains were defined to encompass the broadest possible range of336

medical specialties. The “Not specified” category includes studies whose primary focus337

was not a specific aspect of human health but rather healthcare processes or systems,338

such as emergency department readmissions. In contrast, “General / Multisystem”339

refers to studies that were not limited to a particular organ, physiological system, or340

disease, including, for example, studies that analyzed medical images from multiple341

anatomical regions or predicted mortality.342
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Finally, the data used to train the AI models were grouped into six main cate-343

gories. Demographic information was included within the “Electronic Health Records”344

category.345
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Fig. 2 Overview of the general information extracted from the included studies. (A) Number of
publications by year (2015–2025). (B) Geographical regions of the authors’ affiliations. (C) Clinical
domains addressed in the included studies. (D) Distribution of the data types used to train the AI
models.

2.2.2 Concepts addressed346

The concepts explicitly discussed in each study, together with literal mentions, were347

used to identify the concepts addressed according to the authors. In contrast, the XAI348
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techniques employed, the use of external datasets for validation, the methods used349

to address bias, and the analyses performed on the developed models were used to350

identify the concepts addressed according to the definitions proposed in this study.351

Figure 3 compares these two perspectives.352
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perspectives.
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2.2.3 XAI techniques353

Figure 4 summarizes the XAI techniques used in the analyzed studies. The “Feature354

importance” category groups together methods for assessing feature relevance, includ-355

ing Gini importance and permutation importance (Sections 1.3.4, 1.3.5). However,356

it is not feasible to list all the techniques included in this category because several357

studies proposed their own methods for estimating feature importance. Similarly, the358

“Others” category comprises less frequently used methods, such as Testing with Con-359

cept Activation Vectors (TCAV). The findings presented in this section were used to360

support the comparisons described in Section 2.2.2.361

0 50 100 150 200 250 300 350 400
Number of articles

LLM(s)

Symbolic models

Rule-based

Attention-based

Other

Gradient-based

Grad-CAM

LIME-based

Feature importance

SHAP-based

10

10

15

16

16

39

79

110

152

401

Technique(s) used

Year of publication
Before 2020
2020
2021
2022
2023
2024
2025

Fig. 4 Distribution of XAI techniques used in the analyzed articles.

2.2.4 Implementations362

Figure 5 summarizes the AI models implemented in the included studies. The model363

categories comprise the most frequently used AI model types, as well as hybrid364

approaches combining DL models for feature extraction with ML models for pre-365

diction. In this context, the “Other” category includes less frequently used models,366

such as those based on swarm intelligence. Similarly, the summary of model families367

shows that most studies trained multiple models for comparison. Regarding the tasks368

performed, “Classification” and “Regression” were the predominant categories.369
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2.2.5 Validation techniques370

Validation techniques provide evidence to assess the Robustness, Reliability, and Valid-371

ity of AI models according to the definitions proposed in Table 1. Figure 6 summarizes372

the distribution of the validation methods used in the included studies.373
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2.2.6 Fairness addressing techniques374

The techniques used here are closely related to bias mitigation, which, according to375

Table 1, is the model’s tendency to exhibit a specific behavior. Figure 7 summarizes376

the frequency of the methods used in the included studies to address this issue. Most377

of these methods mitigate bias by modifying the data distribution, either by balancing378

the number of samples across classes or by assigning class weights during training to379

reduce the model’s tendency to favor a particular class. The category “No method380

applied” indicates that the study did not report any strategy for addressing bias.381
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3 Discussion382

Trustworthy AI is a field that has emerged to address limitations related to users’ lack383

of trust and understanding of how AI models work, which have contributed to the384

limited implementation of AI models in clinical settings compared with the number of385

models published. However, some fundamental concepts have been defined in different386

ways, and there is no consensus regarding their meaning, leading to contradictions and387

discrepancies among definitions proposed in the literature. The definitions in Table 1388

represent a proposal to unify concepts identified in review articles published between389

2020 and 2025 and included in this study. We analyzed 41 review articles and 634390

research articles, providing a substantial body of evidence from which to characterize391

the current state of trustworthy AI research in healthcare across the topics, method-392

ologies, and data types examined. Together, these findings characterize an intersection393

of conceptual and methodological aspects that may contribute to advancing the field394

of trustworthy AI in healthcare.395

3.1 Definitions relationship396

Figure 1 illustrates the relationships among the concepts defined in Table 1. Trans-397

parency is proposed as the overarching concept encompassing aspects related to398

understanding how a model operates and the rationale underlying its decision-making.399
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Within this framework, Explainability encompasses Interpretability because, accord-400

ing to our definition, it describes the mechanisms underlying a model’s decisions in a401

way that enables users with sufficient domain knowledge to understand why and how402

those decisions are made. Interpretability refers to the extent to which the model’s403

decisions can be easily understood by users, regardless of their level of domain knowl-404

edge. While Interpretability primarily addresses why a decision is made, it does not405

necessarily provide insight into how the model arrived at that decision. Therefore, a406

model may be explainable without being fully interpretable.407

Similarly, Robustness encompasses aspects related to model performance, as it408

refers to the ability of a model to maintain consistent and stable performance despite409

variations in the input data. In contrast, Reliability refers to the property of a model410

to maintain consistent and stable performance under the same conditions or scenar-411

ios. Validation techniques used to assess Reliability include hold-out methods, such as412

train–test splitting, and resampling methods, such as K-fold cross-validation. In these413

approaches, the validation or test data are not used during training but are gener-414

ally expected to represent conditions consistent with those used to train the model.415

Therefore, Reliability can be considered a specific case within the broader concept416

of Robustness, as it concerns model performance when evaluated under conditions417

consistent with those encountered during training. In contrast, Validity is related to418

both concepts because it refers to the ability of a model to perform as intended, and419

therefore depends on its ability to maintain appropriate performance across the con-420

ditions under which it is evaluated. Thus, Validity may be compromised when either421

Robustness or Reliability is insufficient.422

Furthermore, Fairness encompasses Bias because, by definition, it seeks to identify423

and mitigate algorithmic and data-related biases to minimize discriminatory outcomes.424

Both concepts also lie at the intersection of Transparency and Robustness. Address-425

ing Bias requires an understanding of the specific characteristics of the populations426

represented in the data, the properties of the data itself, and the model’s behavior427

when evaluated across different populations or samples. That understanding requires428

sufficient Transparency to examine the data, model properties and mechanism, and429

decision-making processes. At the same time, Fairness is closely related to Robustness430

because it requires assessing whether model performance remains consistent across431

populations with different characteristics. Thus, evaluating Fairness involves exam-432

ining how variations in population characteristics may affect model behavior and433

performance.434

In summary, the relationships proposed in Figure 1 indicate that a model cannot be435

considered valid, interpretable, or capable of making fair decisions without sufficient436

Transparency to provide the information needed to formulate understandable expla-437

nations, and identify and address Bias. At the same time, these properties depend on438

the model behaving as expected when exposed to variations in its inputs and produc-439

ing consistent results under the same conditions. Thus, Transparency, Explainability,440

Interpretability, Fairness, Bias, Robustness, Reliability, and Validity should not be441

considered isolated concepts, but rather interconnected components of trustworthy AI.442
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3.2 Thematic synthesis and semantic analysis443

The fact that most of the definitions were related to Explainability, Interpretability,444

and Transparency suggests that the field has primarily focused on developing ways to445

analyze, understand, and explain how AI models work and make decisions. However,446

the 19 definitions associated with the “Explainable-Interpretable” code highlight a447

lack of clarity regarding the use of concepts that may be closely related. Additionally,448

the proposed definitions help address the contradictions and discrepancies identified449

in the literature, specifically in the definitions of Reliability, Bias, and Validity. These450

findings highlight the importance of reaching a consensus on the definitions of funda-451

mental concepts in trustworthy AI, as the use of consistent terminology can facilitate452

communication, knowledge sharing, and further scientific progress in the field.453

Furthermore, the fact that we did not identify a widely cited source article may454

suggest that there is not yet a work that has systematically compiled, unified, and455

proposed definitions that could serve as a basis for broader discussion within the456

research community and, ultimately, consensus.457

3.3 Research articles458

In general terms, the extracted data revealed several trends in the field of trustwor-459

thy AI in healthcare: (1) the number of articles published increased substantially from460

2015 to 2025; (2) Northeast Asia was the most represented geographical region, fol-461

lowed by international collaborations; (3) Neurology, oncology, and cardiology were462

the clinical domains with the highest number of related studies; (4) EHRs, medi-463

cal images, and physiological signals were the most commonly used data types; (5)464

classical ML and DL were the predominant AI approaches; (6) among ML models,465

decision-tree-based models, particularly gradient boosting and random forests, were466

the most commonly used, while CNNs were the most common DL models; (7) clas-467

sification was the most frequently performed task; (8) among XAI techniques, SHAP468

was the most frequently used, followed by feature importance methods, such as Gini469

Importance and Permutation Importance, LIME, and Grad-CAM; (9) hold-out and470

resampling-based validation techniques were the most frequently used; and (10) fewer471

than half of the analyzed studies implemented techniques to address bias or fairness,472

with synthetic data generation being the most frequently used approach.473

The growth in the number of publications and the diversity of researchers work-474

ing in this area indicate that trustworthy AI in healthcare is an expanding field that475

is attracting increasing attention from the scientific community worldwide. Similarly,476

the distribution of studies across clinical domains is highly variable. Although neurol-477

ogy, oncology, and cardiology account for a relatively large number of publications,478

these values represent high-frequency categories within the overall distribution rather479

than evidence of a predominant focus. In fact, most studies are distributed across480

the remaining 14 clinical domains. This suggests that research in trustworthy AI is481

not concentrated exclusively on a specific clinical domain, but is being investigated482

across a broad range of healthcare areas. Similarly, it can be seen that for most clin-483

ical domains, the number of publications has increased over time, with 2025 being484
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the year in which the most articles were published, except for the categories “Gen-485

eral / Multisystem”, “Not specified”, “Obstetrics / Gynecology”, “Hematology”, and486

“Odontology”.487

Similar to the trend observed across data types, where the use of all data types488

increased over time and 2025 had the highest number of articles using each type, more489

than half of the studies used EHRs. Among these studies, more than 10% used some490

version of the Medical Information Mart for Intensive Care (MIMIC) [73, 74]. Sup-491

plementary Figure S2 shows the top 10 most used datasets by the studies included.492

The multimodal approaches represented approximately 14%(91) of the included arti-493

cles (Supplementary Figure S3). Signals were the most frequently used data type in494

multimodal approaches, commonly combined with EHRs, medical images, question-495

naires, or other signals collected from different sources. Multimodal AI refers to the496

use of data collected from different sources(modality) to train an AI model[75, 76].497

The widespread use of EHRs may be partly attributed to their relatively lower storage498

and data-collection requirements. In contrast, medical images, physiological signals,499

and genomic data often require greater storage capacity and specialized equipment or500

protocols for data acquisition, which may increase the technical and logistical com-501

plexity of their use. Similarly, the large number of samples available in established502

datasets such as MIMIC may facilitate access to EHR data and encourage researchers503

to focus their efforts on these datasets.504

3.3.1 Concepts addressed505

As noted earlier, the number of publications in this area has increased over time.506

This is also reflected in the study of specific concepts. In Figure 3, it can be observed507

that, according to the proposed definitions, most of the articles address Interpretabil-508

ity. This finding is supported and complemented by the results presented in Figure 4,509

which show that SHAP, LIME, Grad-CAM, and feature importance methods were510

among the most widely implemented XAI techniques. Most of these techniques high-511

light the relevance of features in the model’s decision-making process, which can help512

users understand why a particular decision was made—a key aspect of Interpretability.513

However, they do not necessarily provide insight into how the underlying mechanisms514

of the model operate or contribute to its decision-making process, which is a key aspect515

of Explainability. Consequently, the articles that reported addressing “Explainability516

and Interpretability,” “Explainability, Interpretability, and Transparency,” or “Inter-517

pretability and Transparency” may have done so because these concepts were used518

interchangeably rather than as distinct concepts with clearly differentiated meanings.519

Likewise, Reliability was the most frequently addressed concept according to our520

definitions (Figure 3), as almost all articles used validation techniques that assessed521

model performance using samples from the original dataset, that is, samples acquired522

under conditions similar to those used for training (Figure 6). In contrast, Robustness523

was assessed by 102 articles through external and temporal validation, as well as direct524

robustness tests, such as introducing artificial variations into the test data. External525

validation was used in 86 articles, of which 69 used one external dataset, 14 used two,526

and 3 used three or more (Supplementary Fig. S4). This finding may suggest that527

the availability of datasets containing sufficient and reliable information about data528
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collection protocols and study participants is likely to be limited. This is particularly529

important when selecting an external dataset because, although the goal is to assess530

model Robustness, a certain degree of consistency in data collection is necessary to531

ensure that differences in model performance can be meaningfully attributed to vari-532

ations in the data rather than to differences in the data collection process. Similarly,533

only 89 studies (∼14%) addressed Validity using validation techniques related to Reli-534

ability and Robustness. The relatively low number of studies addressing Robustness535

and Validity suggests a potential gap in evaluating model performance under condi-536

tions beyond those represented in the training data. Together, these findings highlight537

an opportunity to develop and use datasets acquired under well-documented and var-538

ied conditions, enabling more comprehensive assessment of AI models’ Robustness and539

Validity.540

The concepts of Fairness and Bias were addressed primarily through techniques for541

modifying the data distribution, including synthetic data generation, such as SMOTE542

[77], resampling (upsampling, downsampling, or random removal of samples), and543

reweighting (assigning class weights during training) (Figure 7). More than half of544

the analyzed articles did not report applying any such method (Figure 3). However,545

it is not possible to determine whether this was because the data had already been546

balanced or preprocessed by the authors or dataset providers, or because no approach547

to addressing Bias was undertaken. Among the analyzed studies, Ravindranath E et548

al. was the only study identified that directly addressed Fairness beyond applying549

a technique aimed at Bias mitigation [78]. This finding suggests an opportunity for550

further research into the development and evaluation of Fairness methods for AI551

models applied in healthcare.552

Explainability, on the other hand, was addressed in only 18 articles (<3%), primar-553

ily in studies that implemented rule-based or symbolic techniques. The two techniques554

most commonly used in these studies were QLattice, which can generate mathemat-555

ical expressions that provide insight into not only why but also how a model makes556

decisions [79], and Anchors, which uses conditional rules (IF–THEN) to help explain557

how a model generates predictions [80]. Furthermore, Transparency was not addressed558

by any article according to the definition proposed in this study, as none provided559

sufficient information about the model and its operation, the training and validation560

processes, the Bias present in the data and model, and other factors.561

Finally, it is worth noting that in 33.6% (213) of the studies analyzed, the concepts562

identified by the authors coincided with those identified according to the definitions563

proposed in this study. Thus, while the proposed definitions align with the terminology564

used in a substantial proportion of studies, the disagreement observed in the remaining565

articles highlights the extent of the terminological inconsistency within the field.566

3.3.2 Implementations567

The predominant AI approaches were classical ML and DL. Among ML approaches,568

decision-tree-based and statistical models, such as linear regression, were the most569

commonly implemented, while CNNs were the most frequently used DL models. The570

prevalence of these models may be related to their lower complexity, which facilitates571

the interpretation and/or explanation of their predictions. For example, decision trees572
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have an inherently interpretable structure that can be visualized [81–84]. Similarly,573

CNNs are widely used in medical imaging, where XAI techniques such as Grad-CAM574

can be used to visualize the image regions that contribute most strongly to a partic-575

ular class prediction. Figure 5 shows an increasing trend in the use of ML models, as576

well as hybrid models and LLMs, whereas fuzzy approaches show a declining trend577

and the use of DL models appears relatively stable. The number of tasks performed578

also increased overall, with classification remaining the predominant task. These find-579

ings suggest that, within trustworthy AI research, well-established model families and580

tasks with clearly defined prediction targets continue to dominate. The limited use of581

alternative model architectures presents opportunities to explore a broader range of582

neural network architectures and hybrid approaches in trustworthy AI for healthcare,583

particularly for less explored tasks such as segmentation, clustering, and generative584

tasks.585

3.4 Research gaps and recomendations586

This section summarizes the specific research gaps identified in this review and pro-587

poses recommendations for future research. Although Table 1 and Figure 3 propose588

unified definitions and relationships among fundamental concepts as a basis for build-589

ing consensus in trustworthy AI for healthcare, further work is needed to determine590

whether other related concepts, such as Accountability, Applicability, Generalizabil-591

ity, Inclusivity, Traceability, Understandability, Usability, among others, should also592

be unified and clearly differentiated. Furthermore, there are currently no widely593

established guidelines for quantifying or evaluating Interpretability, Explainability, or594

Transparency in AI models. Several clinical domains, data types, model architec-595

tures, and AI tasks also remain under-explored. Most XAI methods identified in this596

review primarily provide information about Interpretability, with limited evidence of597

approaches that enable users to understand the underlying mechanisms of AI models.598

Similarly, there is a potential gap in the implementation of multimodal approaches and599

the evaluation of model performance under conditions beyond those represented in the600

training data, including evaluation across populations with different characteristics.601

Based on these gaps, we propose the following recommendations:602

• Adopt the definitions presented in Table 1 as a basis for analysis, discussion, and603

consensus-building within the trustworthy AI community.604

• Identify additional concepts related to trustworthy AI in healthcare that may require605

standardization, further discussion, and future consensus.606

• Develop standardized methods for evaluating Interpretability, Explainability, Trans-607

parency, and Fairness.608

• Encourage research in under-studied clinical domains, such as dentistry, dermatol-609

ogy, and hematology, among others; promote the implementation of multimodal610

approaches and exploration of hybrid models (DL + ML), LLMs, and fuzzy models611

for less explored tasks, including segmentation, clustering, and generative tasks.612

• Develop open-access databases and datasets with comprehensive information on613

data-collection protocols, population characteristics, and sample characteristics to614
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facilitate the use of diverse data types, more comprehensive Robustness validation,615

and approaches addressing Fairness and Bias.616

3.5 Limitations617

The limitations of this study include the time required to analyze the articles and618

extracted data, as well as to write, revise, and publish the manuscript. Given the rapid619

growth of the field, some of the trends and distributions presented in the figures may620

have changed by the time this article is consulted. (MORE TO BE ADDED)621

4 Conclusion622

This study analyzed a total of 675 articles published between 2015 and 2025 on trust-623

worthy AI in healthcare. The findings show that the trustworthy AI concepts examined624

in this study have been defined by multiple authors, without a consensus or highly625

cited reference emerging from the literature. Furthermore, several definitions contained626

contradictions and inconsistencies, while many studies used Interpretability, Explain-627

ability, and Transparency interchangeably despite treating them as distinct concepts.628

To address these inconsistencies, Table 1 proposes a set of unified definitions for629

the concepts examined in this review. These definitions resulted from a methodology630

combining qualitative and quantitative techniques to harmonize definitions previously631

proposed, specifically within the healthcare domain. However, their applicability is632

not necessarily limited to healthcare, as these concepts form part of the conceptual633

foundations of trustworthy AI.634

This is an evolving field, with a steady increase in the number of publications since635

2015. According to the definitions proposed in this study, Reliability and Interpretabil-636

ity were the concepts most frequently addressed. Transparency was not addressed637

by any article, whereas Explainability was addressed by fewer than 10% of the arti-638

cles analyzed. Moreover, several research gaps remain, including limited evaluation of639

Robustness, Validity, and Fairness, as well as the limited exploration of certain clini-640

cal domains, data types, model architectures, and AI tasks. To address these gaps, we641

propose recommendations for future research, as described in Section 3.3.642

5 Methodology643

This scoping review followed the Preferred Reporting Items for Systematic Reviews644

and Meta-Analyses (PRISMA) guidelines [85–87]. The included studies were classified645

into two categories: review articles and research articles. To identify the trustworthy646

AI concepts to be analyzed, unified, and defined, we adopted as a reference the liter-647

ature review by Tucci et al., which analyzed 57 studies and identified 42 factors that648

enhance end-user trust in medical AI systems [88]. Among these, the most frequently649

investigated factors were:650

• Explainability651

• Interpretability652

• Transparency653
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• Reliability654

• Fairness655

• Robustness656

• Validity657

Based on the importance of these factors in shaping end-user trust, we selected658

them as the primary concepts examined in this review. In addition, we included Bias659

because of its close conceptual relationship with Fairness.660

5.1 Search strategy661

A structured literature search was conducted in IEEE Xplore, PubMed/MEDLINE,662

Embase, CINAHL, PsycINFO, Scopus, and Web of Science between September and663

November 2025. This time frame refers to when the searches were performed. The664

search was limited to articles published from January 2015 onward. The starting year665

was selected to examine the evolution of research in trustworthy AI before, during,666

and after major milestones in the field, including the launch of the DARPA XAI667

program, the introduction of LIME and SHAP, and the publication of key ethical and668

regulatory initiatives by the IEEE and the EU (find more about the historical context669

in the section 1.2). Search filters included articles published in English from January670

1, 2015, onward.671

The final search string was developed based on three core topics: Trustworthy672

AI, Heathcare and Real-world implementation. Keywords related to each one were673

combined using Boolean operators. The complete search string is provided below:674

(”trustworthy ai” OR ”trustworthy artificial intelligence” OR ”responsible ai” OR ”eth-675

ical ai” OR ”reliable ai” OR ”reliable artificial intelligence” OR ”explainable ai” OR676

”interpretable ai” OR ”explainable artificial intelligence” OR ”interpretable artificial intel-677

ligence” OR ”transparent ai” OR ”robust ai” OR ”safe ai” OR ”secure ai” OR ”fair ai”678

OR ”accountable ai” OR ”human-centered ai” OR ”responsible machine learning” OR679

”explainable machine learning” OR ”interpretable machine learning” OR ”robust machine680

learning” OR ”reliable machine learning”) AND (healthcare OR ”medical services” OR681

”medical diagnostic imaging” OR diseases OR illness OR ”biological system modeling” OR682

”biomedical imaging” OR ”medical diagnosis” OR ”biomedical monitoring” OR ”medical683

imaging” OR hospitals OR sensors OR ”public healthcare”) AND (”real-time systems”684

OR monitoring OR ”technological innovation” OR industries OR ”solid modeling” OR685

”market research” OR software) NOT (”IoT” OR ”Internet of things” OR blockchain)686

5.2 Study selection687

For each, specific inclusion and exclusion criteria were established to ensure consistency688

in the selection process. The following inclusion and exclusion criteria were used to689

select relevant review articles:690

I1. Provide specific definitions of the following concepts of interest presented in the first691

part of section 5:692

E1. Do not provide any definition of interest.693

E2. It is not related to healthcare.694

E3. Published before 2020.695
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The following inclusion and exclusion criteria were used to select research articles:696

I1. Includes any technique related to interpretability or explainability (according to our697

definitions).698

I2. Implements external validation using one or more datasets or tested in real-world699

scenarios.700

I3. Proposes or uses methods related to bias/unbias.701

I4. Original research articles from journals.702

E1. Does not implement anything related to the concepts of interest. Just a designing,703

framework, or general idea.704

E2. It is not related to healthcare.705

5.3 Screening706

Study selection was conducted using Covidence systematic review software (Veritas707

Health Innovation, Melbourne, Australia; www.covidence.org). Titles and abstracts708

(first stage), and full-text (second stage) were screened independently by two reviewers709

according to the predefined inclusion and exclusion criteria. Disagreements between710

the two reviewers were resolved through discussion in both stages. Fig. 8 shows the711

PRISMA[85–87] diagram where all the data of each step are illustrated.712

5.4 Review articles data extraction and definitions proposal713

5.4.1 Thematic synthesis714

The thematic synthesis was conducted using ATLAS.ti qualitative data analysis715

software (Scientific Software Development GmbH, www.atlasti.com). All definitions716

presented in each of the analyzed review articles were identified using this software.717

Some articles presented more than one definition; therefore, all definitions were initially718

considered, regardless of whether or not they were proposed by the authors. Subse-719

quently, different codes or labels were assigned to each definition based on its content720

following the thematic synthesis methodology proposed by Thomas and Harden [89].721

The goal was to compare the definitions related to each of the concepts of interest.722

5.4.2 Semantic analysis723

Once the definitions were grouped, semantic embeddings were generated for each one724

using the all-mpnet-base-v2 model from the Sentence-Transformers framework [90].725

Next, the cosine distance between the embeddings was calculated (this allows us to726

determine how similar the vectors are to one another). Distance values range from 0727

(similar) to 2 (opposite) (1 indicates that they are different). Using these distances, the728

UPGMA algorithm [91] was applied to create a hierarchical cluster based on similarity.729

In this case, a threshold of 0.5 was used to generate the clusters, since values below 1730

indicate similarity. Clusters could only be formed if the distance between definitions731

was 0.5 or less. Definitions that did not meet this criterion were not grouped together.732
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Fig. 8 Study selection and exclusion diagram according to the PRISMA guideline.

For each cluster, a similarity matrix was calculated using cosine similarity as the733

metric to identify repeated or highly redundant definitions. This is because cosine sim-734

ilarity allows us to quantify how similar two vectors are; in this case, the values range735

from -1 (opposite) to 1 (similar) (0 means they are different). This metric allows us736

to calculate the angle between the two vectors using the arccosine function, whereby737

angles closer to 0° indicate greater similarity. For this reason, to identify the aforemen-738

tioned patterns, we decided to set a threshold of 30° (corresponding to a similarity of739

0.86). All definitions that had an angle between them equal to or less than this value740

were reviewed independently—both at the definition level and at the level of the ref-741

erences used to construct them (if any)—in an effort to reduce the noise that repeated742

or redundant definitions might generate. Additionally, all definitions were reviewed743

individually to determine whether there were source articles (cited by multiple defini-744

tions) or whether, conversely, they proposed their own definition. An N-gram analysis745

was then performed, which consisted of determining the frequency of unigrams (one746
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Fig. 9 Study selection and exclusion diagram according to the PRISMA guideline.

word) and bigrams (two words) in all definitions of each concept. Furthermore, the747

most frequent N-grams were used to construct graph representations of the seman-748

tic relationships between the bigrams, using the unigrams they have in common as749

connections. Finally, the definitions proposed in Table 1 were constructed using this750

semantic relationship.751

5.5 Research articles data extraction752

The extracted data from the selected articles included: Year of publication, Geograph-753

ical region, Clinical domain addressed, Concepts addressed according to the authors,754

Task(s) performed, AI method, Model(s) implemented, Data type(s), It was a mul-755

timodal AI approach?, Technique(s) used for interpretability/explainability, Did the756

study used external databases used for validation?, Validation technique(s), there was757

any Fairness / Bias addressing?, Method(s) used for Fairness / Bias addressing, Con-758

cepts addressed according to our definitions, and Did the concepts addressed by the759

authors match with ours?760
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