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ABSTRACT

Background: Explainable artificial intelligence (XAI) emerged to improve the transparency of machine learning models and
increase understanding of how models make actions and decisions. It helps to present complex models in a more digestible form
from a human perspective. However, XAI is still in the development stage and must be used carefully in sensitive domains
including paediatrics, where misuse might have adverse consequences.

Objective: This commentary paper discusses concerns and challenges related to implementation and interpretation of XAI
methods, with the aim of rising awareness of the main concerns regarding their adoption in paediatrics.

Methods: A comprehensive literature review was undertaken to explore the challenges of adopting XAI in paediatrics.
Results: Although XAI has several favorable outcomes, its implementation in paediatrics is prone to challenges including
generalizability, trustworthiness, causality and intervention, and XAI evaluation.

Conclusion: Paediatrics is a very sensitive domain where consequences of misinterpreting AI outcomes might be very sig-
nificant. XAI should be adopted carefully with focus on evaluating the outcomes primarily by including paediatricians in the
loop, enriching the pipeline by injecting domain knowledge promoting a cross-fertilization perspective aiming at filling the gaps
still preventing its adoption.

1 | Explainable Artificial Intelligence decision-making process transparent and trustworthy, detect biases

in model decisions, minimize errors in the model and improve

Artificial intelligence (AI) [1] has shown considerable success in
healthcare applications including paediatrics [2]. However, its suc-
cess and promise has been accompanied by vagueness around how
these models arrive at decisions, particularly with models based on
deep learning. Explainable artificial intelligence (XAI) emerged to
remove the “mystery” around the decision-making and actions in
these models, and to make them more easily accessible and inter-
pretable from a human perspective. Various tools and algorithms
have been developed for this purpose. XAI aims to make the

feature engineering [3].

A recent survey [4] gathering a wide spectrum of clinical
studies highlighted scepticism regarding the potential of AI in
overcoming current barriers to adoption in paediatrics. In
particular, 20 articles were selected for data abstraction and
analysis, with three consistent themes emerging from these
articles, out of which 11 addressed the current state-of-the-art
application of AI in diagnosing and predicting health
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conditions such as behavioral and mental health, cancer,
syndromic and metabolic diseases, and four set out future
opportunities for Al to be adapted, such as the incorporation
of Big Data, cloud computing, precision medicine, and clinical
decision support systems. Of note, five considered specific
challenges of using Al in paediatric medicine related to data
security, handling, authentication, and validation. In addition,
another [5] focused on the ethical implications of using pae-
diatrics data in AI algorithms, stressing the need for specific
and targeted policies relying on ethical principles and ensuring
a fair and secure management of the data.

Overall, although XAI has been employed in different
medical applications, its utility in paediatrics [6] is limited
compared to that in adult practice. In addition to the issues
discussed above, there are multiple complexities [7],
including those specifically related to data acquisition,
which is the cornerstone of AI and XAI models. Inherent
limitations include sample size, external validation, gen-
eralizability, explanation level, trustworthiness, causality
and intervention, and XAI evaluation. These limitations
have a significant impact on AI models, which ultimately
affect the outcome of XAI. Therefore, when end-users in
paediatrics interpret the outcome of XAI, these limitations
should be carefully considered.

2 | Potential Challenges in Utility of XAI in
Paediatrics

Although XAI has transformed complex models into a more
digestible form for human understanding, it is still in the
development phase. There are many concerns that necessi-
tate careful use in paediatrics, some of which are directly
related to XAI, and others indirectly related through the AI
models, data, and the research area. These concerns include
trustworthiness, causality, intervention, and the validation
of XAI outcomes.

2.1 | Sample Size

Successful development of AI models relies on having a
large sample of data. Small sample sizes can lead to poor
model performance and subsequent untrustworthy results.
Data acquisition is often more challenging in studies in
children compared with those in adults, for a variety of
reasons [8]. These include the logistics of conducting pae-
diatric projects with large sample sizes, due in part to costs,
less frequent access to healthcare, and heterogeneity in the
sample because of the changes associated with ongoing
child development and puberty. Large-scale, routinely col-
lected (real-world) datasets in paediatrics hold potential for
future AI and XAI analyses but require data entry at the
point of collection to be as complete as possible, accurate,
and validated [9]. One potential solution to overcome the
issue of small sample size is to use transfer learning, where
learning gained from one task is used to augment functions
in another related task. However, most of the trained
models (dataset is used to train a machine learning

algorithm) use data from adults, which may make them
inappropriate for use in paediatrics.

2.2 | Generalizability

One of the main aims of XAl is to understand the model and to
be able to generalize the results across a given population.
Generalizability demands that the developed model should
perform consistently and reliably on new, unseen data beyond
those used for training. This is a special challenge in paediatrics
due to the diversity in age, sex, race, ethnicity, indices of social
deprivation, child development stages, and sample size [10, 11].
In addition, most paediatric studies train and test a model on a
single cohort from a specific population without external vali-
dation. The results of such models lack generalizability because
there is heterogeneity in phenotypes among the populations. To
improve the generalizability of a model, the included data
should comprehensively represent the diversity of the expected
samples. However, in paediatrics, adequate and complete data
collection is challenging for the aforementioned reasons.

2.3 | Explanation Level

One of the most significant factors in XAI, which has not been
considered yet in previous XAI models, is how we would
counsel patients, if the material we are utilizing in the coun-
seling, is generated through XAI. XAI, and how the model
works should be translatable into a language that patients
without technical background can understand [12]. This is
somehow more challenging and complex in paediatrics because
the counseling needs to be appropriate for situations when
dealing with both Gillick competent [13] children, as well as
adults.

2.4 | Trustworthiness

Despite an increasing number of developed AI models in pae-
diatric research, their deployment in clinical practice is still
limited. Trustworthiness is one of the biggest barriers to im-
plementing the developed AI model in real-life clinical cases
[14]. End-users, including paediatric healthcare providers and
patients, should be able to trust that the AI model decision is
not biased, and that noise and artifacts in the data do not mask
clinically significant findings. They need to feel confident that
variation related to ethnicity and age has been considered, and
that timely detection of any mistake in the system will be
possible. In paediatrics, the degree of confidence in the accurate
performance of a model may need to be higher, because of the
vulnerability of the patient group, with neonates being a clear
example for whom even a small error in decision-making might
have substantial adverse effects [15].

In imaging studies, increased motion artifacts can limit both the
quality and quantity of usable data, witnessing a harder task
than for adults and raising obvious data collection issues. Pae-
diatric studies that have employed AI models have often been
limited by the noise especially affecting small data samples.
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2.5 | Causality and Intervention

Early identification of children who are susceptible to poor
health outcomes in the future and timely targeted intervention
is an important part of paediatric care [16]. Accordingly, when
Al models are implemented in such scenarios, the distinction of
causality from association should be carefully noted. Current
models are reliant on statistical relationships between the input
data and the outcome of interest. However, correlation does not
imply causation and those models do not represent a causal
inference between the input and the output. This means that
when XAl identifies specific variables that affect, for example,
child wellbeing, it does not necessarily mean that an interven-
tion related to those factors would improve child wellbeing.
Raising awareness about this issue is essential for disease pre-
vention and treatment.

2.6 | Age-Related Differences in Manifestations
of Disease

The prevalence, severity, mortality rate, and the risk factors for
the same spectrum of diseases might differ between children
and adults. For instance, paediatric asthma is more common in
males while in adults, it is predominant in females. The severity
of asthma in childhood is determined through factors including
impaired lung function, duration of the symptoms, and is
associated with ethnicity and socioeconomic deprivation. In
adults, the associations are different, including obesity and
smoking [17]. This difference in clinical spectrum is observed in
other diseases including inflammatory bowel disease [18], celiac
disease [19] and cystic kidney diseases [20]. Accordingly, XAI
outcomes generated from a model to perform classification of
asthma in adults cannot be tested, extended, or generalized to
children with asthma. Doing so would generate a false ex-
planation or the model might fail because paediatric data would
be considered as having a different distribution for the model
when compared to adults. Therefore, simply including a dis-
ease, without consideration of the age-dependant risks and as-
sociations does not always mean that the model will
understand, perform well, or generate a trustworthy explana-
tion when it is applied to another age group. The model should
be trained, tested, and validated using paediatric data so the
generated outcome reflects the phenotypical differences due to
that pathology at that stage of life.

2.7 | XAI Evaluation

XAI outcomes need to be validated appropriately, especially
when implemented in a sensitive domain where mis-
interpretation can have important consequences. XAl is
affected by several issues related to causality, feature colli-
nearity, susceptibility to adversarial attacks, and general-
izability. Criticisms with respect to XAI methods assessment
have been acknowledged by pioneering works [21] with
respect to sensitivity and implementation independence.
This issue is still far from being solved and limits the ex-
ploitability and adoption of XAI in critical domains [22].
Despite the many attempts to develop proxies and methods

to assess XAI outcomes quantitively, no formal definition or
standard measure exists so far to determine whether one
specific XAI approach should be considered over others.
Another form of evaluation involves considering the views of
experts in the field of paediatrics. Although evaluation of
XAI based on expert opinion is time-consuming, subjective,
and costly, it may be prudent to involve clinical experts in
the progression, further development, and improvement of
XAI techniques.

3 | Future Direction

To increase trust in XAI models in paediatrics, models should
be inclusive and consider the specific characteristics and
complications relevant to this clinical field. When applying
XAlI, full information should be reported regarding the data
and models used, as well as the age range, ethnicity, and social
demographic characteristics of the sample to allow readers to
consider whether the current outcomes of XAI are also
applicable to other paediatric populations. Specific algorithms
and models need to be developed to process infant and child
imaging modalities accounting for potential complications
related to motion and noise artefacts. Largely because these
characteristics and complexities have not yet been fully con-
sidered in AI models in paediatrics, evaluating XAI outcomes
based only on proxies and statistical measures is not yet a
reality in clinical practice. End-users should be cautious when
interpreting the outcome of XAI. However, as XAl is likely to
be an inevitable complement to Al in paediatrics further work
is needed to ensure that it can be used safely and effectively in
the future.
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