
Capítulo

8
Barriers and Pathways to Clinical Translation of
AI in Automated Neonatal Pain Assessment

Leonardo Antunes Ferreira, Lucas Pereira Carlini, Gabriel de Almeida Sá 
Coutrin, Lucas Fontes Buzuti, Roberto Gonçalves de Magalhães Júnior,
Rafael Nobre Orsi, Tatiany Marcondes Heiderich, Gabriela Cianciarullo, 
Salvador Pinillos Gimenez, Craig Pirie, Carlos Francisco Moreno-García, 
Marina Carvalho de Moraes Barros, Ruth Guinsburg, Carlos Eduardo 
Thomaz

Abstract

This work highlights the grand challenge of developing trustworthy Artificial Intelligence 
(AI) systems for neonatal pain assessment, structured around three pillars: (I) standard-
ized, privacy-preserving data acquisition; (II) clinically safe and reliable AI; and (III) 
multicentre validation. We argue that predictive performance alone is insufficient for clin-
ical translation. Safe clinical deployment requires explainability, calibration, uncertainty 
estimation, temporal modelling, equity-aware evaluation, and robust acquisition infras-
tructures. A multidimensional metric framework is proposed to track technical, clinical, 
systemic, and equity-related progress over the next decade. Only a coordinated and mul-
tidisciplinary effort can enable responsible and sustainable AI-driven improvements in 
automated neonatal pain management.

8.1 Introduction
Pain during the neonatal period represents a major clinical concern rather than a niche 
issue. Observational studies and systematic reviews indicate that newborns in intensive
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Figure 1.1. The three pillars of trustworthy AI-based neonatal assessment.

care are exposed to multiple painful procedures each day [Perry et al. 2018; Llerena et al.
2023], reinforcing the need for systematic pain recognition and consistent implementation
of evidence-based analgesia and comfort management strategies in Neonatal Intensive
Care Units (NICUs) [Sunwoo and El-Dib 2026]. However, substantial variability persists
across institutions in the application of these practices. In clinical routine, neonatal pain
assessment still relies predominantly on intermittent, observer-based scales that evaluate
facial expressions and body movements during potentially painful events. These methods
exhibit considerable inter-observer variability and inconsistent reporting practices [Ller-
ena et al. 2023; Sunwoo and El-Dib 2026], limiting their suitability for continuous moni-
toring and timely intervention. Beyond the immediate clinical burden, repeated exposure
to pain in preterm infants has been associated with alterations in brain development and
later neurodevelopmental outcomes, including measurable differences in brain structure,
connectivity, and subsequent cognitive, behavioural, and pain responses [R. E. Grunau
2013].

In Brazil, neonatal pain management is closely linked to the national burden of
preterm birth, neonatal morbidity and mortality, and structural inequalities [Victor et al.
2025]. National analyses report persistent regional and sociodemographic disparities in
preterm birth trends, and population-based studies demonstrate ethnic-racial inequalities
in adverse birth and neonatal outcomes [Victor et al. 2025]. At the same time, the Brazil-
ian Ministry of Health is consolidating a national digital health infrastructure with the
development of national interoperability frameworks [Ministério da Saúde 2020], thereby
creating a policy window for neonatal digital innovation as a coordinated, equity-oriented
national program.

Automated pain assessment should therefore not be conceptualized solely as a
computational modelling task, but as a multimodal sociotechnical challenge. It involves
integrating facial, audio, physiological, and contextual data with governance frameworks,
regulatory requirements, and clinical workflows. Although technical feasibility has al-
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ready been demonstrated from a computational perspective [Salekin et al. 2021; Ferreira 
et al. 2025], safe clinical deployment requires a systems-level architecture rather than 
incremental gains in predictive performance. In neonatology, where errors may have 
long-term consequences for patients and families, AI systems must extend beyond accu-
racy to incorporate interpretability, calibration, uncertainty quantification, and rigorous 
validation across heterogeneous and extremely sensitive NICU populations.

The central challenge for the next decade is to design, validate, and build a trust-
worthy, continuously operating, and regulatorily compliant AI infrastructure (hardware 
and software) for neonatal pain assessment that is clinically actionable, probabilistically 
reliable, equitable across populations, and demonstrably robust under real-world condi-
tions.

This paper is structured into five s ections. The first three examine the challenges 
and potential pathways related to three interdependent pillars, as illustrated in Figure 
1.1, essential for the transition from research to clinical implementation: data (Section 
2), reliability and safety (Section 3), and multicentre validation (Section 4). Section 5 
proposes a multidimensional metric framework to track technical, clinical, systemic, and 
equity-related progress over the next decade. Section 6 concludes the paper.

8.2 Pillar I: Standardized and Privacy-Preserving Data Acquisition
AI systems require large volumes of high-quality and representative data to learn robust 
patterns and generate reliable predictions. In neonatal pain assessment, however, datasets 
are typically limited in size, heterogeneous, and frequently restricted to individual insti-
tutions. This structural constraint limits generalizability, weakens reproducibility across 
independent studies, and ultimately hinders clinical translation.

Data acquisition in neonatal populations is constrained by ethics, law, and clini-
cal feasibility. Research involving newborns requires institutional ethics approval and ex-
plicit parental informed consent under Brazilian regulations [Conselho Nacional de Saúde 
2012], while intentional pain induction for research is unacceptable. Consequently, data 
collection must be limited to clinically indicated painful procedures, reducing sample di-
versity and making data acquisition dependent on routine NICU care.

Beyond ethical and governance constraints, data acquisition in neonatal environ-
ments depends on complex sensing infrastructures. Continuous monitoring systems typ-
ically rely on multimodal instrumentation, including cameras for facial analysis, micro-
phones for cry detection, and physiological sensors for heart rate and oxygen saturation 
[Sanga, Fosah, and Ejuh 2025]. In practice, signal stability may be affected by motion 
artifacts, calibration errors, partial occlusions caused by medical equipment, and routine 
caregiving activities. Acquisition conditions in NICUs are therefore inherently noisy and 
heterogeneous, with variations in lighting and patient positioning that complicate dataset 
standardization.

Within this constrained environment, bias frequently originates from data acqui-
sition processes rather than solely from algorithmic design. Single-centre datasets reflect 
local clinical routines, demographic characteristics, equipment availability, and documen-
tation practices. Models trained on such data risk systematic underperformance when

Grandes Desafios da Computação Aplicada à Saúde

88 ©2026 SBC – Soc. Bras. de Computação



deployed in underrepresented populations or regions. Documented regional and sociode-
mographic disparities in neonatal outcomes [Victor et al. 2025] further emphasize the 
need to explicitly address distributional heterogeneity when designing multicentre studies 
and evaluating deployment strategies.

Privacy introduces an additional layer of complexity because neonatal pain assess-
ment involves highly sensitive health information and may include biometric identifiers 
such as facial images. Under the Lei Geral de Proteção de Dados Pessoais (LGPD), health 
and biometric data are classified as sensitive personal data and therefore require enhanced 
safeguards and clearly defined legal bases for processing and storage [Brasil 2018]. Con-
tinuous monitoring systems amplify exposure risks due to prolonged data capture, high 
temporal resolution, and the possibility of secondary data use beyond the originally autho-
rized clinical or research purpose. Governance frameworks must therefore reconcile data 
utility with strict requirements for purpose limitation, long-term protection, traceability, 
and accountability.

The field t herefore needs h armonized, privacy-preserving acquisition standards. 
These should define modality-specific protocols, device configurations, contextual meta-
data, and labelling procedures grounded in validated clinical scales such as the Neonatal 
Facial Coding System (NFCS) [R. V. Grunau and Craig 1987]. Synthetic data genera-
tion may reduce scarcity [Buzuti et al. 2024], but it cannot replace multicentre acquisi-
tion because it remains constrained by the source data distribution. Secure infrastruc-
tures, including protected on-site storage [World Health Organization B 2023], edge-
based privacy-preserving representations [Heydari and Mahmoud 2025], and federated 
learning [Pati et al. 2024], provide a bridge between acquisition and validation without 
requiring unrestricted circulation of raw neonatal data.

8.3 Pillar II: Clinically Safe and Reliable AI
In neonatal care, a statement such as “the model predicted pain” is not clinically action-
able unless clinicians understand the basis of the prediction, its uncertainty, and its impli-
cations within established protocols. From a regulatory perspective, explainability is also 
aligned with data protection frameworks such as the LGPD, which establishes the right 
to review decisions based solely on automated processing [Brasil 2018]. Explainability, 
calibration, and rejection mechanisms should therefore be treated as safety requirements 
rather than optional enhancements [World Health Organization A 2021].

Current research often reports incremental classification gains on non-standardized 
and frequently private datasets [Heiderich et al. 2023]. Without shared benchmarks and 
clinically meaningful evaluation criteria, such gains do not establish clinical utility. The 
reliability pillar must therefore connect model development to the acquisition standards 
described above (Pillar I) and to the external validation protocols described below (Pillar 
III).

Explainability is commonly pursued through eXplainable Artificial Intelligence 
(XAI) techniques that attribute relevance to input features. In image-based systems, 
heatmaps are often presented as evidence of plausible focus regions. However, empir-
ical studies have shown that some XAI methods fail to faithfully represent internal model 
reasoning [Adebayo et al. 2018]. Furthermore, the coexistence of multiple explainers,
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including Grad-CAM, SHAP, and LIME, introduces the disagreement problem, whereby
different methods highlight distinct regions for the same input and model [Pirie et al.
2025]. Visual plausibility alone does not guarantee clinical validity, and uncritical re-
liance on these heatmaps may lead to overinterpretation [Ghassemi, Oakden-Rayner, and
Beam 2021]. Future research should therefore prioritize concept-based and clinically
grounded approaches that align computational representations with established pain as-
sessment constructs, such as facial action units or validated clinical pain scales.

Reliable deployment also requires calibrated probabilities, uncertainty-aware out-
puts, selective abstention, and temporal modelling. Calibration links predicted probabili-
ties to observed outcome frequencies [Guo et al. 2017], uncertainty estimation identifies
low-confidence cases [Kendall and Gal 2017], selective prediction defers unreliable cases
to expert review [Geifman and El-Yaniv 2017], and temporal representations capture pain
trajectories across procedures and recovery phases, capable of supporting early warning
signals and clinically actionable interventions [Ferreira et al. 2025].

Recent advances in foundation models and large language models (LLMs) expand
the capacity to process heterogeneous and unstructured data, including facial video, au-
dio signals, physiological measurements, and clinical documentation [Bommasani et al.
2021]. Multimodal architectures may support integrated reasoning, while LLMs may
transform validated outputs into structured summaries for electronic health records or
clinical decision support systems [Buzuti et al. 2024; Pereira Carlini et al. 2025]. Never-
theless, AI-generated outputs must undergo explicit human validation before inclusion in
clinical records or automated decision-making, as healthcare professionals retain ultimate
responsibility for clinical decisions under Brazilian Resolution CFM No. 2.4541.

A modular and hierarchical architecture offers a promising design strategy. Task-
specific predictive models can generate calibrated predictions, uncertainty estimates, and
clinically grounded explanations. Safety mechanisms enforce predefined reliability thresh-
olds through selective prediction. A higher-level reasoning component, such as LLMs
can synthesize these outputs into structured summaries adapted to clinical context and
professional roles. Within such systems, any personalization mechanisms must remain
transparent in order to prevent hidden biases and preserve accountability.

Even with advances in algorithmic safety, AI systems for NICUs must operate
under strict computational and spatial constraints. Operational feasibility therefore be-
comes a central requirement. Edge inference, model compression, and hardware-aware
optimization are essential for reliable deployment in resource-constrained clinical set-
tings [Shi et al. 2016; Heydari and Mahmoud 2025]. Neonatal monitoring platforms
often rely on distributed architectures in which embedded devices handle signal acquisi-
tion and lightweight preprocessing, while computationally intensive tasks, including deep
learning inference, multimodal fusion, and temporal analysis, are executed on hospital
servers or external workstations [Sanga, Fosah, and Ejuh 2025]. These systems must also
ensure secure communication and management of sensitive neonatal data across devices
and clinical infrastructures.

1https://www.in.gov.br/web/dou/-/resolucao-cfm-n-2.454-de-11-de-fevereiro-de-2026-689247948
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8.4 Pillar III: Multicentre Validation and Clinical Translation
The absence of multicentre validation remains a central barrier to the clinical legitimacy 
of AI systems for neonatal pain assessment. Favourable results obtained in single-centre 
studies are insufficient to justify deployment in NICU environments characterized by vari-
ability in patient populations, clinical practices, equipment, staffing, and environmental 
conditions. In Brazil, this variability is further amplified by geographic, socioeconomic, 
and infrastructural heterogeneity [Victor et al. 2025].

Single-centre datasets encode local clinical practices, equipment configurations, 
documentation standards, and patient case-mixing. Scalable deployment therefore re-
quires empirical evidence across regions and hospital types that differ in operational rou-
tines and demographic composition. Although pain in neonates is a universal physio-
logical phenomenon [Schiavenato et al. 2008], dataset bias related to ethnicity, imaging 
conditions, clinical protocols, and caregiving practices can compromise external validity.

Addressing these challenges requires sustained coordination among hospitals, uni-
versities, and research networks operating within interoperable governance frameworks 
aligned with LGPD requirements. Standardized experimental designs should become rou-
tine practice, including leave-one-centre-out validation and cross-regional testing. Such 
protocols quantify performance degradation under distribution shift, estimate model trans-
portability, and reveal centre-specific v ulnerabilities t hat m ay r emain h idden i n single-
centre evaluations.

Because unrestricted data sharing is often unfeasible, privacy-preserving bench-
marking mechanisms are essential. Federated evaluation frameworks [Pati et al. 2024] 
and secure research environments can enable cross-site assessment while complying with 
legal and ethical constraints. Interoperability standards, harmonized metadata schemas, 
and consistent labelling procedures are critical for enabling reproducible multicentre anal-
yses. In addition, heterogeneity in hardware configurations, staffing patterns, workflow 
organization, and environmental conditions should be systematically documented to sup-
port meaningful cross-site interpretation of results.

Existing national infrastructures provide an opportunity to operationalize such col-
laboration. Networks such as the Rede Brasileira de Pesquisas Neonatais2 could support 
an AI-oriented extension defining shared reference datasets, standardized reporting tem-
plates, and minimum evaluation criteria. These criteria should include calibration met-
rics, uncertainty estimation procedures, selective rejection policies, and temporal evalu-
ation protocols. Multicentre validation should then feed back into model refinement and 
acquisition standards, ensuring that deployment evidence remains iterative rather than a 
one-time endpoint.

8.5 Metrics for Tracking Progress Over the Next Decade
This section proposes metrics for monitoring the roadmap over the next decade. The 
goal is to move beyond isolated classification r esults a nd evaluate w hether acquisition 
standards, reliability mechanisms, validation evidence, workflow integration, and equity 
safeguards are improving together.

2https://redeneonatal.com.br/
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8.5.1 Technical Metrics

Calibration: Monitor Expected Calibration Error (ECE) and Brier score across institu-
tions and over time, given the known susceptibility of neural networks to miscalibration 
under distribution shift [Guo et al. 2017]. Reliable probability estimates are essential for 
clinical decision-making and risk communication.

Uncertainty quantification: Evaluate uncertainty estimates under controlled perturba-
tions and predefined distribution shifts [Ovadia et al. 2 019]. Selective prediction should 
be quantified using risk–coverage curves and coverage levels at fixed risk thresholds, ex-
plicitly assessing abstention behaviour in safety-critical scenarios [Kendall and Gal 2017].

Explainability: Evaluate the clinical plausibility and stability of explanations produced 
by XAI methods. Quantitative assessment should include metrics to measure the causal 
contribution of predominant features to model predictions [Pirie et al. 2025].

8.5.2 Clinical Metrics

Concordance: Measure agreement between AI predictions and validated neonatal pain 
scales, enabling systematic comparison between computational outputs and established 
clinical knowledge. Such concordance metrics can support bidirectional learning between 
clinicians and intelligent systems.

Decision impact: Evaluate the effect of AI systems on clinical workflows and decision-
making. Relevant indicators may include reductions in time to analgesia reassessment, 
decreases in unrecognized pain episodes, and reductions in unnecessary interventions.

8.5.3 Systemic Metrics

Adoption and coverage: Monitor the number and proportion of NICUs integrating AI-
based monitoring systems, including geographic distribution, system uptime, and degree 
of integration with clinical workflows and information systems.

Cost-effectiveness: Estimate cost per NICU bed, maintenance costs, incremental staff 
workload, and computational requirements under edge-computing constraints [Heydari 
and Mahmoud 2025].

Governance compliance: Document the proportion of sites implementing data protec-
tion impact assessments, audit logging mechanisms, monitoring dashboards, and model 
update governance aligned with medical device lifecycle principles [World Health Orga-
nization A 2021].

8.5.4 Equity Metrics

Stratified p erformance: Report predictive performance, calibration quality, uncertainty 
estimates, and interpretability analyses stratified by relevant demographic and contextual 
factors, including region, facility type, gestational age, and sex. Where ethically justified, 
stratification by skin tone categories may also be considered to monitor known r isks of 
algorithmic bias [Obermeyer et al. 2019].

Coverage equity under rejection: Ensure that selective prediction mechanisms do not 
disproportionately reduce coverage in under-resourced populations or regions. Risk–coverage
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profiles should therefore be stratified to  verify equitable behaviour across groups [Geif-
man and El-Yaniv 2017].

8.6 Conclusion
The grand challenge for the coming decade is to operationalize a clinically safe, regu-
latorily compliant, and continuously monitored AI infrastructure for neonatal pain as-
sessment. The unresolved problem is not only technical accuracy, but the absence of 
an integrated translation pathway linking reliable ground-truth practices, sensitive data 
acquisition, privacy-preserving governance, calibrated and uncertainty-aware modelling, 
clinical interpretability, multicentre validation, and hospital workflow integration.

The roadmap proposed here treats standardized data acquisition, reliable AI, and 
multicentre validation as mutually reinforcing pillars. Acquisition standards make model 
evidence reproducible, calibrated and rejectable models make clinical review safer, ex-
ternal validation exposes weaknesses that should refine both datasets and algorithms, and 
post-deployment monitoring closes the lifecycle through recalibration, audit, and gover-
nance revision. Progress should therefore be assessed through reliability, transparency, 
equity, governance, clinical impact, and sustainability, not through predictive accuracy 
alone. Only sustained collaboration among clinicians, engineers, ethicists, regulators, 
hospital managers, and public digital health programs can transform automated neonatal 
pain assessment from promising research into responsible clinical infrastructure.
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