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Abstract 

Effective pain assessment and management are crucial to mitigate both immediate and 

long-term consequences of prolonged NICU stays. Accurately assessing pain in premature 

infants is challenging due to their inability to verbally communicate their pain, the potential 

judgement bias by caregivers, the lack of specificity in current pain assessment tools and time 

constraints in a busy hospital environment. This pilot study explores a machine learning 

approach to support pain assessment in neonatal care using cortical activity.  

The current study aims to test machine learning models that autonomously distinguishes 

non-pain related from pain-related cortical activity. The present dataset includes 72 preterm 

infants (27 females), born between 24- and 36-weeks gestational age, from two NICUs: Mount 

Sinai Hospital (Toronto, Canada) and University College London Hospital (London, UK). The 

primary outcome was to assess the accuracy of various machine learning models (XGBoost, 

Support Vector Machines, Random Forest, Logistic Regression, Convolutional Neural 

Networks) in distinguishing EEG features within a one-second pre-lance epoch (non-pain 

related) from a one-second post-lance epoch (pain-related). Performance metrics varied across 

post-menstrual age groups, reflecting developmental differences in EEG patterns. Machine 

learning algorithms can autonomously distinguish the one-second epoch immediately following a 

heel lance from the one-second epoch immediately preceding the procedure in preterm infants. 

Moreover, the performance of these algorithms improves with increasing postmenstrual age, 

demonstrating greater accuracy and reliability in older infants. This study provides a foundation 

for developing an autonomous and accurate tool for pain assessment in neonatal patients that can 

improve pain management practices in NICUs. 

Keywords: Infant Pain Assessment; Preterm Infants; Machine Learning; Neonatal Intensive Care 

Unit; Brain Activity 
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Chapter 1: Introduction 
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Approximately 8% of Canadian children are born prematurely (less than 37 weeks 

gestational age) each year1. These preterm infants often require extended care in the Neonatal 

Intensive Care Unit (NICU), where they are subjected to an average of 12–17 painful procedures 

daily within their first 14 days of life2,3. Frequent early pain exposure has been linked to adverse 

effects on the development of the central nervous system, leading to structural and functional 

cortical changes4. These changes are associated with cognitive and motor difficulties during 

infancy and school age, as well as poorer neurodevelopmental outcomes later in life, including 

altered pain perception and stress regulation5-9. 

Effective pain assessment and management are crucial to mitigate both the immediate 

and long-term consequences of prolonged NICU stays10. However, the major challenge lies in 

objectively assessing pain in non-verbal infants. Current neonatal pain assessment scales rely on 

behavioral (e.g., facial expressions, crying patterns) and/or physiological responses (e.g., heart 

rate, cortisol concentrations) as indirect pain indicators2,11,12. Despite their value, these methods 

face significant challenges, particularly in premature infants. In response, researchers worldwide 

are exploring the use of artificial intelligence (AI) technologies to enhance neonatal pain 

assessment. AI technologies hold the promise of improving the accuracy, feasibility, and 

comprehensiveness of infant pain assessments. This study builds on these advancements by 

proposing a novel AI-driven approach to refine pain assessment methods in neonatal care using 

cortical activity. 

Effects of Pain Exposure on Preterm Infants 

Preterm birth and the subsequent stay in the Neonatal Intensive Care Unit (NICU) can 

have profound impacts on the developing brain of neonates. The NICU environment, with its 

various stressors, contributes to regional alterations in brain structure and function. These 
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changes include decreased frontal and parietal brain width, altered diffusion measures, and 

functional connectivity in the temporal lobes, which are linked to abnormalities in motor 

behavior on neurobehavioral examinations13. 

Frequent early exposure to pain in neonates further exacerbates these impacts, leading to 

structural and functional cortical changes, particularly in regions involved in somatosensory 

processing14. This is especially pronounced in extremely premature neonates, where early pain is 

associated with slower thalamic macrostructural growth and volume losses localized to 

somatosensory regions8. Additionally, greater exposure to neonatal procedural pain is associated 

with reduced white matter fractional anisotropy (FA) and reduced subcortical grey matter 

NAA/choline ratios, indicating impaired brain development4. 

Increased exposure to pain in early life is also linked to the development of attention-

deficit disorders, atypical behaviors such as hypervigilance and exaggerated startle responses, 

and sensorimotor impairments in children, including impaired vision or hearing, cerebral palsy, 

and impaired intellect observed into childhood and adulthood9. Prolonged neonatal pain triggers 

excessive N-methyl-D-aspartate activation, leading to excitotoxic damage in the brain. Over the 

long term, this is associated with reduced brain size in the frontal and parietal regions and the 

development of stress-related psychosocial disabilities (hypervigilance, exaggerated startle 

responses, anxiety)15-18, affecting somatosensory processing by lowering pain thresholds and 

increasing pain sensitivity.  Furthermore, Giordano and colleagues demonstrated that very 

preterm infants who experienced higher levels of pain in the NICU showed significant deficits in 

mental and motor development at a corrected age of 12 months19. These developmental 

differences persisted even after controlling for major preterm birth morbidities. While not the 

focus of the current project, it is critical to note that these painful procedures often occur outside 
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of the typical primary social context of parents (i.e., parent separation due to NICU 

hospitalization), which compounds the impact of painful procedures on the developing neonate20. 

Early-life pain and stress exposure have profound long-term consequences on the 

neurodevelopmental and psychosocial trajectories of preterm infants. These findings underscore 

the critical need for pain management in neonatal care, which is predicated on accurate pain 

assessment. 

Current Preterm Infant Pain Assessment Approaches 

 Accurately assessing pain in preterm infants is crucial for delivering the specialized care 

they require during this vulnerable stage of their development. A recent systematic review 

offered a thorough analysis of currently available tools for evaluating neonatal pain21. Existing 

scales were developed to assess pain, with a smaller number evaluating sedation. As of today, 65 

scales, all of which underwent validity testing, can be used to measure various types of pain 

including acute, prolonged, and postoperative pain. Specifically, 37 scales were validated for 

preterm infants, with several also suitable for different age groups, ranging from preterm and 

term infants to toddlers. Moreover, more than half of these scales employ behavioral methods to 

evaluate pain, reflecting a common approach in assessing infant discomfort. 

Research to date highlights the most evidenced behavioral indicators of pain in infants 

are facial expressions and body movements22. Prominent among these are the Neonatal Facial 

Coding System (NFCS)23, Behavioral Indicators of Infant Pain (BIIP)24 and The Neonatal Infant 

Pain Score (NIPS)25. These tools assess pain through observable behaviors including facial 

expressions (e.g., brow bulge, eye squeeze, nasolabial furrow), crying, body movements, and 

vital signs (e.g., heart rate, breathing patterns). Physiological measures have also been used as 

indicators of pain or stress assessment, though they are less frequently used on their own6. The 
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typical physiological indicators monitored at bedside in the NICU include heart rate, respiratory 

rate, oxygen saturation, and blood pressure26.  The most commonly used scale for pain 

assessment in the NICU is the Premature Infant Pain Profile (PIPP-R)27 and the Neonatal Pain, 

Agitation and Sedation Scale (N-PASS)28, which utilize a combination of both behavioural and 

physiological measures.  

Challenges and Limitations 

While these tools are invaluable in clinical practice, they are not without their challenges. 

These include inherent judgement bias and the feasibility limitations associated from a busy 

hospital environment29,30. Additionally, many assessment tools often fail to consider critical 

infant-specific clinical data such as sex differences, gestational age, postmenstrual age, pain 

history, and concurrent illness, as well as the nature of the pain—whether it is acute-procedural, 

acute-prolonged, or chronic—which are crucial for accurate pain evaluation2,6,31. 

Furthermore, while some studies have shown significant positive correlations between 

multidimensional scale pain responses (e.g., PIPP scores) and increases in the magnitude of 

nociceptive cortical activity, the relationship between behavioral indicators and cortical 

responses is not consistently reliable32-35. This inconsistency is particularly evident under 

conditions such as high stress or following sucrose administration, where behavioral responses 

may not fully reflect the underlying changes in cortical activity detected by 

electroencephalographic features33,36. 

Pain assessments are also compromised by the intermittent nature of bedside caregiver 

assessments, which risk missing critical pain episodes. The variability in observer judgments can 

result in inconsistent treatments with potential long-term consequences37. Specific challenges in 

the NICU setting, such as staffing constraints, insufficient training for medical personnel, time 
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pressures, and a reluctance to modify entrenched practices, exacerbate these issues38. In 

scenarios that demand regular pain monitoring, such as acute postoperative care, relying solely 

on caregiver observations becomes both resource-intensive and inefficient38. 

While physiological measures like heart rate, heart rate variability, and oxygen saturation 

have been associated with infant pain, their utility is complicated by factors such as medication, 

stress, underlying pathological conditions, and other treatments that can affect readings39. 

Furthermore, despite their sensitivity to pain, these indicators lack specificity, making it difficult 

to distinguish between pain-related distress and non-pain-related distress. Their use remains 

largely confined to research settings, limiting their application in everyday clinical practice40. 

Finally, despite the proliferation of over 60 measures, no measures to date incorporate 

cortical measures. Research has shown that while behavioural and physiological measures are 

highly sensitive to pain, they are not specific to pain but rather are elevated when an organism is 

under high stress and distress, regardless of the source. Cortical measures provide a potential 

pathway for measurement that is specific to pain-related distress41. 

Emerging tools and techniques 

In the realm of objective infant pain assessment, cortical activity as measured through 

electroencephalography (EEG) emerges as a promising approach for assessing infant pain. Given 

that traditional methods may not specifically reflect the pain state of preterm infants, examining 

the cortical activity of neonates during painful procedures provides a more precise insight into 

the real-time mechanisms involved in processing pain. Furthermore, incorporating an EEG-based 

indicator of pain in neonates into clinical practice is compelling as it could seamlessly be added 

to ongoing vital monitoring systems as a visual trend, allowing for real-time observation and 

management of neonatal distress32. 
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Electroencephalography as An Assessment Tool 

EEG is highly regarded as a non-invasive technique for evaluating neurological health 

and predicting neurological outcomes42. Technological advancements have now made it feasible 

to extend EEG monitoring over longer periods, particularly for preterm infants43. Therefore, 

conventional EEG is recognized for its prognostic value in identifying pain in infants. Various 

EEG methodologies have thus been developed to analyze how infants react to pain44. One 

significant analytic technique involves event-related potentials (ERPs)—distinct wave form 

activity triggered by sensory, cognitive, or motor events. These are measured using techniques 

such as principal component analysis (PCA) and peak-to-peak amplitude detection36. By 

quantifying ERPs, researchers can directly observe the cortical processing of painful stimuli, 

providing a more accurate assessment of neonatal pain compared to solely behavioral or 

autonomic responses45,46. 

Recent studies have leveraged ERPs evoked by nociceptive stimulation as a key index for 

neonatal pain assessment35,47,48. For instance, Jones et al. identified a specific nociceptive ERP 

component with a characteristic N3P3 waveform in response to heel lance procedures, noting 

these components around 500-700 milliseconds (ms) post-stimulus48. The development of a 

template pattern of nociceptive brain activity in infants at the electrode Cz (central midline 

electrode), contrasting the patterns of neonates' brain activity evoked by noxious and non-

noxious stimulation, marks an important initial foundation towards eventually using cortical 

activity in pain response. Using this method, research by Hauck et al. and Hartley et al. 

demonstrate that the magnitude of brain activity evoked by a noxious heel lance significantly 

differs from that induced by non-noxious stimuli, particularly within the critical time window of 

400 to 700 ms after stimulation49,50. These findings support the distinctive nature of cortical 
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activity in response to noxious versus non-noxious stimuli, underscoring the potential of EEG 

recordings as a robust indicator for pain assessment. 

However, the predominant use of a single-channel, usually the Cz electrode site—the 

vertex electrode positioned on the midline of the scalp—may not fully capture the distributed 

nature of nociceptive brain activity, potentially limiting the comprehensiveness of assessments50. 

New directions in measuring cortical pain responses are moving towards microstate analyses35,51. 

These analyses involve using multichannel EEG to characterize time-varying cortical potentials, 

reducing complex spatial patterns to representative topographic maps. Bucsea et al. specifically 

found that pain-related facial activity levels are associated with differences in nociceptive brain 

activity patterns35. They further highlighted a separate, yet interrelated sequence of early activity 

that correlates with the intensity of the immediate behavioral response, suggesting a complex 

interaction between the cortical activation and the observable pain behavior. Their results 

indicated that cortical responses to pain occur independently of outward behaviors and may 

differ between full-term and preterm infants. This suggests that neonatal pain behaviors reflect 

only a portion of the overall cortical pain response, emphasizing the need for comprehensive, 

multi-channel EEG approaches. 

Despite these advances, the manual, quantitative analysis of cortical brain activity via 

EEG is often hindered by its lack of robustness and the labor-intensive nature of visual 

inspections, which are susceptible to subjective bias and can be complicated by pain-induced 

motor movements52,53. In response, researchers are exploring alternative methods that 

incorporate advanced signal processing and machine learning techniques to improve neonatal 

pain assessment. These innovations aim to develop automated systems capable of recognizing 

patterns from complex data, thus promising a more effective and fully automated approach to 
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pain monitoring in clinical settings. Such advancements have the potential to transform neonatal 

care by providing real-time, accurate assessments of physiological indicators, enhancing pain 

management, and alleviating the burden of pain on preterm infants6,54,55. 

Machine Learning in Infant Pain Assessment 

Recent systematic reviews of the application of machine learning techniques in the field 

of pain medicine demonstrate the wide range of applications of machine learning in pain 

medicine, including pain assessment, prediction, diagnosis, and treatment optimization56-58. In 

2022, over 44 research studies have been reported to utilizing machine learning in their pain 

assessment59. 

Machine learning models have shown promise in accurately predicting pain intensity, 

identifying pain patterns, and classifying different types of pain. However, most of the existing 

techniques for automatic pain assessment are primarily geared towards adults, which may not 

perform as effectively when used with infants60. 

Although limited in practice, current evidence on the use of machine learning in the 

assessment and monitoring of infant pain also appears to be promising61,62. In particular, there is 

a growing number of facial expression-centered machine learning methods for automatic infant 

pain assessment that have demonstrated quite satisfactory performance, as summarized in a 

recent review63,64. The 15 studies found have demonstrated promising results, with accuracies 

ranging from 85% to nearly 100% across various settings. For instance, one study achieved 

perfect sensitivity and specificity in detecting procedural pain, while another reported an 

accuracy of 93.07% alongside notable AUC scores. These models utilize diverse methods and 

datasets, including convolutional neural networks and support vector machines, and are generally 

effective at distinguishing between neutral and painful expressions. Findings from a recent study 
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also found relevant facial regions to discriminate neonatal pain to AI-based model were different 

from those observed by health professionals and parents of neonates65.  

However, significant challenges persist in using facial expressions for pain assessment, 

beyond the lack of specificity to pain mentioned above that is a challenge to all behaviorally 

based measures54,66. Key limitations include difficulties in autodetecting facial points obscured 

by medical devices or low lighting in the NICU, and many studies have utilized static 

photographs or pre-recorded videos, which diminishes their practicality in real-world clinical 

settings. Additionally, hospitalized preterm behaviors are more subtle, making it difficult to 

discern pain intensity nuances that might necessitate treatment adjustments. Furthermore, due to 

their developmental stage, some infants have movement disorders or demonstrate physical 

exertion such as exhaustion or sedation, thus having a restricted capacity to express pain 

behaviorally67. These models require further validation across varied neonatal populations and 

clinical environments to improve their accuracy and minimize subjectivity in pain assessment. 

Thus, there is a need to create machine learning approaches that capitalize on other pain 

indicators to address gaps in the field68. 

Albeit few in number, some studies have utilized multimodal approaches that integrate 

multiple pain indicators to enhance the accuracy of infant pain assessment69-71. For example, 

Zamzmi and colleagues proposed an automated system that combines behavioral and 

physiological indicators to assess infants' pain, demonstrating significant efficacy71. In their 

findings, recognizing pain using single indicators—facial expression, body movement, or vital 

signs—yielded overall accuracies of 88%, 85%, and 82% respectively. However, combining 

these indicators into a multimodal approach increased the accuracy to 95%, underscoring the 

superior performance of this strategy. Similarly, Salekin et al. created a temporal multimodal AI-
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based system that initially generates pain scores from video (face, body) and audio (crying 

sound) signals independently, known as the unimodal approach69. These scores are then 

combined using decision fusion to predict the final pain assessment. Their findings suggest that 

the multimodal approach for assessing postoperative pain in neonates achieved an accuracy of 

79%, which was 6.33% higher than the unimodal approaches, making it a viable alternative to 

manual assessment. 

Other studies underway have proposed using facial electromyography to record facial 

muscle activity-related infant pain, ECG to examine heart rate (HR) changes and HR variability, 

electrodermal activity (skin conductance) to measure catecholamine-induced palmar sweating, 

changes in oxygen saturations and skin perfusion, and EEG to assess brain activity in real 

time72. As noted in the ClinicalTrials.gov Registry, following data collection, Roué and 

colleagues plan on developing a machine-learning algorithm to test a sensor-fusion framework 

designed to integrate data from different sensor modalities72. To our knowledge, no updates have 

been released from that research team. Given the challenges of collecting data with preterm 

infants, it is not unexpected that initial approaches to attempting to use machine learning have 

focused on readily available indicators of pain – behaviour, cardiac, oxygen saturation. However, 

given their lack of specificity to pain, involving the brain in autonomous pain assessment is a 

critical future direction.  

EEG in Machine Learning 

Scalp-recorded EEG is a crucial tool for bedside assessment of newborn brain function, 

but its manual and visual interpretation can be subjective, complicating reliability73.  Moreover, 

obtaining EEG data in hospitalized premature infants is extremely challenging given the 

emotional state of parents having most often given birth unexpectedly to a premature infant and 
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the fragile medical state of the infant. However, previous research has shown that automatic 

analysis of EEG in preterms can be reliable, feasible, and effective. For instance, automatic 

methods for detecting bursting patterns in both single-channel74,75 and multi-channel EEGs76-78 

have been developed. While interobserver agreement among humans in behavioural measures 

typically shows high reliability, this agreement decreases significantly when annotating EEG 

features due to the complexity and subtlety of EEG patterns79,80. Machine learning algorithms 

often achieve performance levels comparable to or even exceeding those of human experts in 

identifying EEG features, demonstrating their potential to provide consistent and accurate results 

in EEG analysis. Leveraging algorithms in this context can help mitigate variability and improve 

the reliability of EEG feature annotation. 

Furthermore, EEG-based algorithms for preterm neonates have demonstrated satisfactory 

results across various metrics such as Area Under the Curve, Kappa score, and percentage 

consistency. These studies cover a range of applications including artefact detection81, seizure 

detection82-84, estimation of functional brain maturation85, quiet sleep staging86, predicting 

neurodevelopmental outcomes87 and the severity of adverse drug effects88 on preterm infants. 

To date, two automated EEG-based pain assessment algorithms exist for neonates89,90. 

The first study included 109 infants between 34 to 42 weeks' gestational age and utilized a 

random forest algorithm to discriminate between responses to a noxious (clinically required heel 

lance) and a non-noxious stimulus (control heel lance)89. The multimodal model, which 

incorporated heart rate, respiratory rate, and EEG data, achieved an accuracy of 81% and an 

AUC of 0.89 for all infants in the dataset. When focusing specifically on preterm infants (n = 

21), the model’s accuracy increased to 88% (AUC of 0.94). Despite the promising application of 

EEG-based machine learning in distinguishing neonatal pain, the noxious-evoked brain activity 
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was assessed using a single feature and a single channel, specifically the magnitude of activity at 

the Cz electrode. This limitation led to a drop in performance when only EEG data was utilized 

across age groups, resulting in an accuracy of 64% and an AUC of 0.75. Additionally, the 

process was not fully automated, as an observer was required to assess and quantify the presence 

of peaks. Furthermore, EEG traces that included artifacts were removed, which may not reflect 

real-time pain monitoring using EEG. 

The second study from that research team included 144 infants ranging from 28 to 40 

weeks PMA and used a bagged decision tree classification model, which was created based on 

observed noxious-evoked cerebral, limb withdrawal, cardiovascular, and facial expression 

responses90. This model achieved an accuracy of 76% (no AUC reported) in distinguishing 

between noxious and non-noxious conditions in the testing set and 74% in preterm infants within 

the same dataset. Additionally, the model performed well in an independent dataset with an 

accuracy of 84% overall and 83% in preterm infants. However, in this model, brain activity was 

also recorded using only the Cz electrode. Furthermore, sub-analyses of accuracy in four 

different postmenstrual age groups (28–31, 31–34, 34–37, and 37–40 weeks) were performed, 

but the sample size in some subgroups was too small to generate reliable results (n = 3 in the 

youngest age group). 

Building on these initial efforts, there remains a need to incorporate multiple EEG 

features and channels to provide a more comprehensive analysis of pain-related cortical activity. 

Additionally, to enhance the accuracy and automation of EEG-based pain assessment in 

neonates, it is crucial to develop methodologies that can handle EEG traces with artifacts and 

utilize automated processes from the outset. This approach not only aims to improve the overall 
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accuracy but also ensures that the assessment can be performed in real-time, reflecting the actual 

conditions within the NICU environment. 

Ethical, Legal, and Social Implications of AI in the NICU 

Before implementing the current pilot study on an AI-driven approach to pain assessment 

in the NICU,  a careful consideration of the ethical, legal, and social implications associated with 

using AI for pain assessment in such sensitive environments91,92 was undertaken. From an 

ethical-legal perspective, an analysis of relevant literature suggested key themes were discerned 

as ensuring equitable distribution of AI benefits, addressing consent and data privacy concerns, 

maintaining robust regulatory oversight, and considering the potential impact on caregiver-infant 

interactions91. Understanding the social context of potential key knowledge users AI in the NICU 

was conducted through qualitative interviews with healthcare practitioners—including 

physicians and nurses—and parents at two tertiary neonatal intensive care units in London, UK, 

and Toronto, Canada, provided valuable perspectives (n = 40). The feedback revealed general 

support among both healthcare professionals and parents for integrating AI technologies into the 

NICU. While emphasizing the importance of shared decision-making and cautioning against 

over-reliance on automated systems, participants also raised concerns about the effectiveness and 

accuracy of these technologies and the emotional impact on caregivers of continuous knowledge 

of pain. Despite these reservations, both healthcare practitioners and primary caregivers 

expressed optimism about the potential of AI to continuously monitor pain and thereby enhance 

the quality of care. They recognized that such technology could lead to better, more responsive 

care for neonates.  
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Current Study 

The objective of the present pilot study is to explore machine learning techniques to 

differentiate EEG features associated with pain resulting from routine heel lance (blood draw via 

lancet to heel) and a one-second epoch preceding the heel lance without any skin-breaking 

stimulation in hospitalized preterm infants.  

The following research question will be addressed: How well can machine learning models 

(XGBoost, Support Vector Machines, Random Forest, Logistic Regression, Convolutional 

Neural Network) distinguish the EEG responses during the one-second post-lance epoch from 

the one-second epoch immediately prior to the heel lance procedure in different postmenstrual 

age (PMA) groups at the time of study (youngest group: PMA ≤ 31 weeks, 6 days; middle group: 

PMA 32 to 33 weeks, 6 days; and oldest group: PMA ≥ 34 weeks)? 

It is hypothesized that machine learning algorithms can accurately distinguish the one-second 

epoch immediately following a heel lance from the one-second epoch immediately preceding the 

procedure in preterm infants. Different machine learning models, including XGBoost, Support 

Vector Machines (SVM), Random Forest (RF), Logistic Regression (LR), and Convolutional 

Neural Networks (CNN), are anticipated to demonstrate varying levels of classification metrics 

(e.g., accuracy, precision, etc.) and summary performance metrics (AUC) in assessing pain. 

Additionally, it is hypothesized that the performance of these models in discriminating the post-

lance epoch will vary across different PMA groups, with potential differences in the EEG 

features and model performance metrics reflective of the developmental stage of the infants. To 

achieve this, real-time recordings of cortical activity through continuous EEG monitoring before 

and during the onset of a routine heel lance procedure will be used. 
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Chapter 2: Machine Learning Classification of Pain Versus Non-Pain-Related 

Electroencephalographic Activity in Preterm Infants  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Note 

 

Chapter 2 is from a manuscript currently under review at JAMA Pediatrics: 

 

Hamwi, L., Du, H., Jasim, S., Wang, X., Shah, V., Cheng, C., Fabrizi, L., Meek, J., 

Fitzgerald, M., Racine, N., Stedman, I., & Pillai Riddell, R*. (submitted). Machine 

learning classification of EEG responses of pain versus non-pain-related stimulus in 

preterm infants. 
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Abstract 

Importance: Unmanaged pain in hospitalized infants has serious long-term complications. 

Infants cannot self-report their pain and current assessment tools have significant limitations 

such as feasibility and lack of specificity, leading to potential under-treatment or over-treatment 

of pain. 

Objective: To enhance pain assessment by exploring machine learning models that 

autonomously pinpoints cortical activity distinguishing pain-related versus non-pain related 

cortical responses in preterm infants.  

Design: Data for this ongoing observational study was conducted between June 2015 and May 

2024. Data was collected during a routine heel lance, while mother holds her child in skin-to-

skin contact. Multiple machine learning models were attempted to analyze multi-channel EEG 

data from 1000 milliseconds before and after the heel lance. 

Setting: Data was collected in two tertiary care NICUs: Mount Sinai Hospital (Toronto, Canada) 

and University College London Hospital (London, United Kingdom). 

Participants: The current dataset comprises 72 preterm infants (27 female), born between 24- 

and 36-weeks gestational age. The mean gestational age at birth was 30.11 weeks, and the mean 

post-menstrual age (PMA) at study was 32.87 weeks. 

Main Outcome(s) and Measure(s): The primary outcome was the accuracy of various machine 

learning models (XGBoost, Support Vector Machines, Random Forest, Logistic Regression, 

Convolutional Neural Network) in distinguishing one-second post-lance EEG epochs from one-

second pre-lance epochs. Performance metrics included accuracy, precision, recall, specificity, 
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F1-score, and AUC. The study also examined how model performance varied across different 

post-menstrual age groups (≤ 31 weeks, 6 days; 32 to 33 weeks, 6 days; ≥34 weeks). 

Results:  The performance metrics varied across PMA groups. In the Oldest PMA group, SVM, 

Logistic Regression, and CNN models demonstrated the highest accuracy (90%) and AUC 

(0.96). In the Middle PMA group, XGBoost model achieved highest accuracy of 0.88, while the 

Random Forest model achieved an AUC of 1.00. For the Youngest PMA group, Random Forest 

had the highest accuracy (73%), although the SVM and CNN models had the highest AUC (0.7). 

Conclusions and Relevance: Machine learning algorithms can autonomously distinguish the 

one-second epoch immediately following a heel lance from the one-second epoch immediately 

preceding the lance in preterm infants. The study provides a foundation for developing an 

autonomous, feasible, and accurate tool for pain assessment in neonatal patients, potentially 

improving pain management practices in NICUs. 
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Introduction 

In 2020, approximately 13.4 million newborns were born prematurely (before 37 weeks 

gestational age) globally1. Preterm infants often require prolonged care in Neonatal Intensive 

Care Units (NICUs), undergoing an average of 12–17 painful procedures daily in their first two 

weeks of life2,3. Frequent pain exposure can adversely affect the central nervous system, leading 

to structural and functional cortical changes that correlate with cognitive and motor difficulties, 

and poorer neurodevelopmental outcomes4-9. 

Effective pain assessment and management are essential to mitigate the immediate and 

long-term consequences of extended NICU stays10. However, assessing pain in hospitalized 

infants is challenging due to the inability to communicate directly11. Current pain assessment 

tools rely on behavioral (e.g., facial expressions, crying) and physiological responses (e.g., heart 

rate, cortisol levels)12-14. Despite their utility, these methods face challenges in preterm infants, 

including lack of specificity to pain-related distress, staffing constraints, and insufficient 

training15,16. The need for improved pain assessment has driven research into artificial 

intelligence technologies to enhance the accuracy and feasibility of infant pain assessment. 

Machine Learning in Infant Pain Assessment 

The application of machine learning (ML) in pain medicine is expanding rapidly17-19. In 

recent years, there has been a growing body of literature focusing on the use of ML for infant 

pain assessment that have yielded promising results in predicting pain intensity, identifying pain 

patterns, and classifying various types of pain 20-22. Particularly, facial expression-centered 

machine learning methods have shown high accuracy in detecting pain23-25. However, challenges 

exist specifically for preterm infants that include detecting facial points obscured by medical 

devices and discerning subtle pain intensity nuances.  
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Multimodal approaches combining behavioral and physiological indicators typically 

integrate data from sources such as facial expressions, heart rate, respiratory rate, and oxygen 

saturation to create a more comprehensive assessment of pain26-28. However, multimodal or 

unimodal approaches integrating facial indicators and/or physiological indicators available from 

routine bedside monitors are based on indicators that lack specificity to the infant pain response. 

To push the field forward, researchers must examine cortical indicators. Cortical indicators hold 

the potential to be the first pain-specific clinical indicator for infant pain-related versus non-pain-

related distress assessment29-31. 

EEG in Machine Learning 

While EEG is essential for the assessment of newborn brain function, its manual 

interpretation can be subjective and time-consuming, however automatic analysis holds great 

promise to be feasible and effective, especially for preterms32-34. EEG-based algorithms have 

demonstrated satisfactory results across various non-pain metrics. Applications include artefact 

detection, seizure detection, sleep staging, functional brain maturation estimation, and predicting 

neurodevelopmental outcomes35-47. 

To date, two automated EEG-based pain assessment algorithms currently exist for 

neonates48,49. The first study included 109 infants (34 to 42 weeks' gestational age) and employed 

a random forest algorithm to differentiate between a clinically required heel lance and a control 

heel lance48. This multimodal model, incorporating heart rate, respiratory rate, and EEG data 

from the Cz electrode, achieved an accuracy of 81% and an AUC of 0.89 for all infants. For 

preterm infants (n = 21), the model's accuracy increased to 88% (AUC of 0.94). Assessing 

noxious-evoked brain activity using only peak-to-peak magnitude across a single EEG channel 

led to further reduced performance with EEG data alone (accuracy of 64%, AUC of 0.75). The 
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process required human assessment of peaks and excluded artifact-affected EEG traces, limiting 

real-time applicability. 

The second study included 144 infants (28 to 40 weeks PMA) and used a bagged decision 

tree model based on noxious-evoked cerebral, limb withdrawal, cardiovascular, and facial 

expression responses. This model achieved an accuracy of 76% (no AUC reported) in 

distinguishing between noxious and non-noxious conditions in the testing set and 74% in preterm 

infants within the same dataset. Additionally, the model performed well in an independent 

dataset with an accuracy of 84% overall and 83% in preterm infants. However, brain activity was 

recorded using the Cz electrode only and sub-analyses across different PMA groups were limited 

by small sample sizes in some subgroups (n = 3 in the youngest group). 

Considering these limitations, there is a need to incorporate multiple EEG features and 

channels for a more comprehensive analysis of pain-related cortical activity. Additionally, 

developing methodologies that handle EEG artifacts and utilize automated processes from the 

outset is crucial for enhancing accuracy and real-time applicability. Finally, integrating 

continuous cortical activity and conducting studies in clinical NICU preterm settings are crucial 

for enhancing applicability50-52. 

Current Study 

 

The objective of the present study is to explore machine learning techniques to 

distinguish the EEG response associated with pain resulting from routine heel lance (blood draw 

via lancet to heel) and a one-second epoch preceding the heel lance without any skin-breaking 

stimulation in hospitalized preterm infants. 
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Method 

To evaluate the feasibility of this approach, an observational study was conducted 

involving clinically required painful procedures in hospitalized preterm newborns. Data 

collection took place at two tertiary care NICUs: Mount Sinai Hospital (Toronto, Canada) and 

Elizabeth Garett Anderson Obstetric Wing, University College London Hospital (London, 

United Kingdom) between June 2015 and May 2024.  

Participants 

The dataset comprises 72 preterm infants (27 females), born between 24- and 36-weeks 

gestational age (see Table 1 for demographic information) at one of the two study sites. Infants 

were recruited only after the child was medically stable. Exclusion criteria included congenital 

malformations, administration of analgesics or sedatives at the time of the study, evidence of 

perinatal hypoxia/ischemia, hormonal imbalances, or any cardiac or neurological abnormalities. 

Additionally, to help ensure a non-pain related distress state pre-lance, infants with diaper rash or 

excoriated buttocks were not included. 

Procedure 

 Across sites, the timing of the study was always standardized around the infants’ 

scheduled feed time, leading up to their routine blood draw (see Figure 1). The data collection 

process was standardized between sites and the same trained senior neonatal research nurse at 

each site (who met and synchronized procedures in person) was present for every study. EEG 

leads were placed on the infants’ scalp while in the cot or incubator. Position of infant was also 

always standardized. The diaper-clad infant was transitioned from the cot to skin-to-skin contact 

with the mother, who was seated comfortably with the child against her bare chest. Within one 

hour following this transfer, the infant received a routine heel lance performed by the research 
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nurse. The exact moment of heel lance was synchronized with the ongoing EEG recording using 

an accelerometer mounted on the lancet to detect the blade's vibrations. A custom-made trigger 

box marked the EEG at the exact moment the blade was released. 

Data Processing 

Signal Acquisition. Data from 10 electrodes (F7, F8, T7, T8, P7, P8, O1, O2, Cz, Pz) 

were recorded according to a subset of the international 10/20 electrode placement system 

(eFigure 1 in Supplement). A soft bonnet was placed on the scalp to secure the electrodes.  

EEG signals collected in the UK were sampled at a rate of 2000 Hz and recorded using 

CURRY. Canadian data were sampled at a rate of 256 Hz and recorded using Moberg CNS 

Envision. To enhance the signal, a differential amplifier amplified the electrical activity detected 

by each active electrode relative to the reference electrode (Fz). The amplified signal then 

underwent filtering with an anti-aliasing filter to remove unwanted frequencies. The filtered 

signal was then converted from analog to digital format using an analog-to-digital converter. The 

exact timing of the lance was extracted from the accelerometer trigger annotation indicating the 

onset of the stimulus and was labeled “1” and whereas the other epoch was labelled as “0”. 

Preprocessing. EEG data was preprocessed using the Harvard Automated Processing 

Pipeline for Electroencephalography HAPPILEE pipeline53 (see pipeline 

in eFigure2 in Supplement) in MATLAB54. Raw data were filtered with a notch filter (48–52 Hz 

for data from the UK; 58–62 Hz for Canadian data) to remove power line noise. Further noise 

was removed using independent component analysis. Wavelet thresholding with a soft empirical 

Bayesian level-dependent threshold was applied using coiflet wavelets optimized for EEG data53. 

Data from the UK was down-sampled to 250Hz to match the sampling rate of the Canadian data. 

All EEG data was re-referenced to the common average. To reflect real-world NICU conditions, 
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where EEG signals often contain artifacts, only basic artifact removal was performed without 

thorough manual inspection. Instead, artifacts present in long-term EEG recordings were 

incorporated into the data-driven training process, an approach proven effective in developing 

ML algorithms for similar applications41. 

Feature Extraction. The most informative features of neonatal EEG signals were 

compiled using the NEURAL software package55 (v0.3.1) within the MATLAB environment 

(MathWorks Inc.). The software generates 30 features grouped into four categories (see eTable 1 

in Supplement): 

1. Amplitude: absolute amplitude and envelope of EEG signal; range EEG; 

2. Spectral: absolute and relative spectral power, spectral entropy (Wiener and Shannon), 

spectral differences, spectral edge frequency, and fractal dimension; 

3. Connectivity: coherence, cross-correlation, and brain symmetry index; 

4. Inter-burst interval: summary measures based on the inter-burst interval annotation. 

Features were calculated at four frequency bands (FB1: 0.5–3Hz; FB2: 3–8Hz; FB3: 8–

15Hz; and FB4: 15–30 Hz) over the entirety of the data in 2-second epochs with 50% 

overlap. This process yielded nearly 1200 features (10 channels x 4 frequency bands x 30 

features) per second. To create a balanced dataset, only the second before the heel lance 

and the second immediately after were exported from each baby for further analysis. 

Feature Selection. To reduce multicollinearity, Pearson correlation coefficients were 

calculated between features. For highly correlated pairs (|r| > 0.8), significance testing was 

conducted to retain the more significantly different feature between the pain and no-pain groups. 

Finally, a tree-based feature selection using XGBoost identified the most important features, 

which were then normalized using a standard scaler prior to machine learning analysis.  
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Classification. Multiple algorithms were evaluated for an epoch-by-epoch binary 

classification of non-noxious stimulus vs. noxious stimulus: support vector machines (SVM), 

random forests (RF), logistic regressions (LR), convolutional neural networks (CNN), and 

gradient boosting (XGBoost) (see Supplement for a description of each algorithm). Reduced 

features across epochs were grouped into a single panda DataFrame, and further analyzed in 

using custom scripts and libraries such as NumPy, SciPy, and Scikit-learn.  

Given the rapid brain development in infants, model performances were explored by 

splitting the data into three datasets based on post-menstrual age (PMA) at time of study: 

Youngest group: PMA ≤ 31 weeks, 6 days (n = 27); Middle group: PMA 32 to 33 weeks, 6 days 

(n = 20); and Oldest group: PMA ≥ 34 weeks (n = 25). This stratification was important because 

the infant brain's structural and functional properties change exponentially early in development. 

Different stages of maturation might exhibit distinct EEG patterns in response to pain, thus 

requiring tailored models for each developmental stage to improve classification accuracy56.  

To obtain the optimal model for predicting pain presence based on extracted EEG 

features, a grid search was conducted with various gradient boosting hyperparameters (see 

Supplementary Material for the hyperparameter tuning parameters tested).  

Performance Evaluation. The full dataset was randomly split into an 80/20 train/test 

dataset. In the training set, a ten-fold cross-validation was conducted to assess model 

performance and generalization. This involved dividing the data into ten equal subsets or "folds." 

The model was trained and evaluated ten times, in each iteration, a different fold served as the 

validation set, while the remaining nine folds formed the training set.  

Various evaluation metrics such as accuracy, precision, recall, and specificity were 

calculated to evaluate the models’ performance on the binary classification task (see eTable 2 in 
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Supplement for details). In addition to the classification metrics, a summary performance metric, 

the Area Under the Receiver Operating Characteristic (ROC) Curve (AUC), was calculated to 

assess how well each model distinguished between classes.  

Results 

The most influential features identified by the XGBoost and RF models varied across the 

PMA groups (see Table 2 for the top features used by these models for each PMA group). 

Similarly, the optimal parameters identified through grid search for XGBoost varied across the 

PMA groups. In contrast, the key parameters used in each model for the CNN, SVM, RF, and LR 

classifiers were set to their default values. The detailed hyperparameter configurations for each 

model are provided in eTable 3 in Supplementary Materials. The performance of several 

machine learning models in classifying the noxious stimulus versus non-noxious stimulus in 

preterm infants was evaluated across three PMA groups. The classification results are 

summarized in Table 3.  

Youngest PMA Group (≤ 31 weeks, 6 days) 

The overall accuracy of predicting the true pain and true non-pain epochs ranged between 

55% and 73%, with the RF model performing the best in this age group. Precision values ranged 

from 0.50 (CNN) to 0.75 (RF), indicating variability in correctly identifying true pain epochs 

from those predicted as pain. Recall, which measures the model's ability to correctly identify all 

actual pain epochs, was at 0.6 across all models. The highest specificity was 0.83 for the RF 

model, indicating its strength in correctly identifying non-pain epochs. The SVM and CNN 

model demonstrated the highest performance with AUCs of 0.70. This was followed by the 

XGBoost model, also with an AUC of 0.67. The RF and LR models showed slightly lower 

performance with AUCs of 0.63 and 0.60, respectively. 



 40 

Middle PMA Group (32 to 33 weeks, 6 days) 

The overall accuracy ranged from 75% to 88%, with the XGBoost model achieving the 

highest accuracy of 0.88 for the Middle PMA group. All models achieved a precision of 1.00. 

Recall varied, with all models achieving 0.50, except for XGBoost, which achieved a true 

positive rate of 0.75. Specificity was also consistently perfect across models (1.00). The RF 

model achieved the highest AUC value of 1.00, indicating perfect performance. The LR model 

followed with an AUC of 0.94. The XGBoost, SVM, and CNN models performed similarly with 

an AUC of 0.88. 

Oldest PMA Group (≥ 34 weeks) 

The overall accuracy ranged from 70% to 90%, with the SVM, LR, and CNN models all 

achieving the highest accuracy of 0.90. Precision values were uniformly high, with all models 

achieving a precision of 1.00. Recall was also high, with SVM, LR, and CNN models reaching 

0.80, indicating strong performance in identifying true pain epochs. Interestingly, XGBoost's 

recall was significantly lower in this age group compared to the two younger PMA groups, 

highlighting a potential challenge in accurately identifying all true pain epochs in the oldest 

infants using this model. Specificity was perfect (1.00) across all models. The SVM, LR, and 

CNN models all achieved the highest AUC value of 0.96. The RF model had a slightly lower 

AUC of 0.92, while the XGBoost model had an AUC of 0.88. 

Discussion 

Our study demonstrated that evoked cortical responses to noxious and non-noxious 

stimuli can be discriminated in preterm infants, in line with previous research.  First, we will 

discuss the overall accuracies and AUC values of multimodal models of van der Vaart and 

colleagues48,49. 



 41 

In the Youngest PMA group, our RF model achieved an accuracy of 73%, outperforming 

the existing EEG-only RF model reported by van der Vaart et al. in 201948, which had an 

accuracy of 64%. However, the AUC for our models ranged from 0.60 to 0.70, slightly lower 

than their reported AUC of 0.75. Despite this, our SVM model demonstrated competitive 

performance with an AUC of 0.70, closely matching their results. In the Middle PMA group, our 

RF model achieved an exceptional AUC of 1.00, surpassing the AUC of 0.89 reported by van der 

Vaart et al.48. Additionally, our LR model performed very well with an AUC of 0.94. For the 

Oldest PMA group, our SVM, LR, and CNN models achieved high accuracies of 90% and an 

AUC of 0.96, significantly outperforming the reported accuracies of 76% and an AUC of 0.82 in 

their multimodal models48. 

Compared to van der Vaart and colleagues’ full model in 202249, which achieved an 

accuracy of 81% and an AUC of 0.90 in the test set, our models, particularly in the Middle and 

Oldest PMA groups, not only match but in some cases surpass the performance with high 

accuracies and AUC values. The comprehensive analysis using multiple EEG features and 

channels likely contributes to this improved accuracy and robustness in distinguishing pain-

related cortical activity. Moreover, our approach takes a more autonomous approach in that no 

stage in data pre-processing or analysis required human judgment. 

Performance across PMA groups 

Thresholds for clinically acceptable standards for evaluation metrics can vary depending 

on the context and the specific medical decision being made57. In the preterm infant pain context, 

the primary concern is to ensure that all true pain epochs are identified, making recall, also 

known as the sensitivity or True Positive Rate, the most important metric to consider. Recall 

measures the proportion of actual pain epochs correctly identified by the model. Falsely flagging 
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a non-painful epoch as pain is less problematic since a graduated pain management approach can 

be employed in the NICU. That is, non-pharmacological methods such as handholding and 

kangaroo care (i.e., skin-to-skin contact), as well as sucrose and feeding, can provide significant 

pain relief before considering more intensive interventions like analgesics or sedatives. 

Our results demonstrate a recall rate that ranges from 0.6 to 0.8. In the Youngest PMA 

group, all models yielded a recall of 0.6. For the Middle PMA group, XGBoost generated a recall 

rate of 0.75, while in the Oldest PMA group, LR, CNN, and SVM achieved a recall of 0.8. The 

significant differences in model performance across PMA groups underscore the importance of 

considering developmental stages when assessing pain in preterm infants. Infants at different 

PMA stages exhibit distinct EEG patterns, reflecting the ongoing development of their nervous 

systems56,58. The youngest PMA group had the lowest performance across all models and 

metrics, highlighting the challenges in accurately classifying pain epochs in this group. This is 

likely due to the heterogeneity in cortical development among infants between 28 and 32 weeks, 

consistent with cortical growth trajectories reported in previous literature59. 

This finding—that model performance increases with PMA—was consistent across all 

metrics. The accuracy of predicting a true pain versus non-pain epoch increased drastically to 

88% with XGBoost in the Middle PMA group and 90% with SVM, LR, and CNN in the Oldest 

PMA group. The proportion of epochs predicted as pain that were actually true pain epochs 

(precision), as well as the models' ability to correctly identify true non-pain epochs (specificity), 

were perfectly classified across the models in the Middle and Oldest PMA groups. 

Additionally, the AUC increased to 0.94 in the Middle PMA group and 0.96 in the Oldest 

PMA group. These improvements highlight the enhanced ability of the models to accurately 

classify pain and non-pain epochs as infants' brains develop. Considering clinical applicability, 



 43 

this suggests that age-specific models implemented in ML tools may be necessary for more 

accurate pain assessment, as they capture a more nuanced understanding of the developmental 

differences within the first weeks of life.  

Furthermore, the varying strengths of different models across PMA groups indicate that 

no single model is universally superior. For example, RF excelled in the Youngest PMA group, 

while XGBoost performed exceptionally well in the Middle PMA group, and SVM, LR and 

CNN equally showed the best performance in the Oldest PMA group. This variability highlights 

the need for a tailored approach, potentially combining multiple models to leverage their 

respective strengths.  

Additionally, our comprehensive feature selection process using tree-based methods like 

XGBoost helps reduce overfitting and enhances model robustness, providing a reliable 

foundation for future research and clinical application. Furthermore, we implemented balanced 

training data across different PMA groups, employing 10-fold cross-validation techniques, and 

performing extensive feature selection using tree-based methods to mitigate potential AI-related 

bias and inaccuracy.  

Limitations and Future Directions  

While our study focused exclusively on clinically-required heel lance procedures, which 

limits the generalizability of our findings to other pain conditions such as chronic or post-

operative pain, the preliminary classification models developed provide a solid foundation for 

distinguishing brain activity during skin-breaking procedures versus otherwise. Future work will 

include more instances of non-pain related distress epochs, such as those time-stamped when the 

infant was crying or receiving continuous positive airway pressure (CPAP) adjustments. This 

will help to enhance the comprehensiveness and applicability of our models to a broader range of 
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pain conditions. Our future work will also incorporate multimodal assessments, including heart 

rate, respiration rate, oxygen saturation, and facial behavioral coding via the Neonatal Facial 

Coding System (NFCS).  

Conclusion 

Results from this study demonstrate the feasibility of using machine learning to 

discriminate preterm infants’ cortical responses to noxious and innocuous stimuli using EEG. By 

leveraging advanced machine learning techniques and ensuring a more automated and robust 

feature extraction process, we address several limitations found in existing studies. This is a step 

towards autonomous real-time pain assessments in NICUs, improving the accuracy and 

consistency of pain management for the most vulnerable patients. 
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Table 1. Demographic Data of Participants 

 Site 

 UCLH, UK  

(n = 27) 

Mount Sinai, Canada 

(n = 45) 

Combined  

(n = 72) 

Mean Gestational age at birth (weeks) (SD) 31.37 (3.88) 29.35 (1.39) 30.11 (2.77) 

    Range of Gestational age at birth (weeks) 24 – 36.86 27 – 32.43 24 – 36.86 

Mean Postmenstrual age at time of study (weeks) (SD) 33.76 (2.72) 32.34 (1.75) 32.87 (2.26) 

    Range of Gestational age at birth (weeks 29.86 – 38 28.71 – 36.29 28.71 – 38 

Mean Postnatal age at time of study (days) (SD) 14.89 (15.51) 21.18 (8.83) 19.13 (12.01) 

    Range of Postnatal age at time of study (days) 0 – 61 7 – 41 0 – 61 

Sex    

    Female 12 15 27 

    Male 17 30 47 

Birth weight (g) 1700.55 

(790.2) 

1168.85 (213.07) 1349.08 (546.57) 

Apgar score (5 min) 8.75 (1.77) 8.42 (1.15) 8.53 (1.39) 

Note: The Apgar score at 5 minutes evaluates a newborn's condition based on five criteria: Appearance (skin color), Pulse 

(heart rate), Grimace response (reflex irritability), Activity (muscle tone), and Respiration (breathing rate and effort). Each criterion is 

scored between 0 and 2, with a total score ranging from 0 to 10. A score of 7-10 indicates good health. 
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Table 2. Important Features identified by XGBoost and Random Forest  

 

PMA Group Features 

Youngest  T7_FB1_spectral_flatness 

T8_FB1_amplitude_skew 

F7_FB1_spectral_flatness 

F8_FB3_spectral_flatness 

_FB3_connectivity_coh_freqmax 

T7_FB2_spectral_flatness 

T7_FB1_spectral_entropy 

F7_FB1_spectral_entropy 

  

Middle T8_FB2_spectral_flatness 

P8_FB1_spectral_flatness 

T7_FB3_spectral_flatness 

T7_FB3_spectral_entropy 

T8_FB2_spectral_entropy 

F7_FB2_spectral_relative_power 

  

Oldest T8_FB2_spectral_flatness 

T7_FB3_amplitude_skew 

O2_FB3_spectral_flatness 

O1_FB4_amplitude_skew 

P7_FB2_spectral_entropy 

P7_FB2_spectral_flatness 

O2_FB1_amplitude_skew 

O2_FB1_amplitude_kurtosis 

O2_FB3_spectral_entropy 

Note: The feature names follow the format: Channel_FrequencyBand_FeatureType. For 

example, "T8_FB2_spectral_flatness" indicates that the feature was extracted from the T8 

channel. "FB2" corresponds to the frequency band from 3 to 8 Hz, and "spectral_flatness" is the 

type of feature extracted from the NEURAL toolbox over the one-second epoch. 
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Table 3. Summary of Metrics of Binary Classification Across Preterm Infants PMA groups  

 

PMA Group Model Accuracy Precision Recall Specificity F1-score AUC 

Youngest 

XGBoost 0.64 0.6 0.6 0.67 0.60 0.67 

SVM 0.64 0.6 0.6 0.67 0.6 0.7 

RF 0.73 0.75 0.6 0.83 0.67 0.63 

LR  0.64 0.6 0.6 0.67 0.6 0.6 

CNN 0.55 0.5 0.6 0.67 0.55 0.7 

Middle  

XGBoost 0.88 1 0.75 1 0.86 0.88 

SVM 0.75 1 0.5 1 0.67 0.88 

RF 0.75 1 0.5 1 0.67 1 

LR  0.75 1 0.5 1 0.67 0.94 

CNN 0.75 1 0.5 1 0.67 0.88 

Oldest 

XGBoost 0.7 1 0.4 1 0.57 0.88 

SVM 0.9 1 0.8 1 0.89 0.96 

RF 0.8 1 0.6 1 0.75 0.92 

LR 0.9 1 0.8 1 0.89 0.96 

CNN 0.9 1 0.8 1 0.89 0.96 

Note: Models examined: XGBoost, Support Vector Machines (SVM), Random Forest (RF), Logistic Regression (LR) and 

Convolutional Neural Networks (CNN). Youngest group: infants with a post-menstrual age (PMA) of 31 weeks, 6 days or less at the 

time of the study (n = 27). Middle group: infants with a PMA between 32 weeks and 33 weeks, 6 days at the time of the study (n = 

20). Oldest group: infants with a PMA of 34 weeks or greater at the time of the study (n = 25). The dark grey shading highlights the 

model that achieved the best overall performance across each metric within a PMA group. 

 

  



 57 

Figure 1: Overview of Current Study Procedure  

The study involves EEG placement, transfer to skin-to-skin contact (STS), a clinical procedure 

(heel lance), and post-lance STS resting. The blue segment represents one second of non-

noxious-related brain activity, while the red segment indicates one second of noxious-evoked 

brain activity immediately post-lance. 
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Supplementary Material 

 

  



 59 

NEURAL Toolbox – Features 

 

eTable 1 

List of Features Generated by NEURAL Toolbox 

 

Feature Category Subfeature – MATLAB Code Name Description 

Amplitude amplitude_total_power time-domain signal: total 

power 

amplitude_SD time-domain signal: standard 

deviation 

amplitude_skew time-domain signal: skewness 

amplitude_kurtosis time-domain signal: kurtosis 

amplitude_env_mean envelope: mean value 

amplitude_env_SD envelope: standard deviation 

rEEG_mean range EEG: mean 

rEEG_median range EEG: median 

rEEG_lower_margin range EEG: lower margin 

(5th percentile) 

rEEG_upper_margin range EEG: upper margin 

(95th percentile) 

rEEG_width range EEG: upper margin - 

lower margin 

rEEG_SD range EEG: standard 

deviation 

rEEG_CV range EEG: coefficient of 

variation 

rEEG_asymmetry range EEG: measure of skew 

about median 

   

Spectral  spectral_power spectral power: absolute 
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spectral_relative_power spectral power: relative 

(normalised to total spectral 

power) 

spectral_flatness spectral entropy: Wiener 

(measure of spectral flatness) 

spectral_entropy spectral entropy: Shannon 

spectral_diff difference between 

consecutive short-time 

spectral estimates 

spectral_edge_frequency spectral edge frequency: 95% 

of spectral power contained 

between 0.5 and fc Hz (cut-

off frequency) 

FD fractal dimension 

   

Connectivity connectivity_BSI brain symmetry index 

connectivity_corr correlation (Pearson) between 

envelopes of hemisphere-

paired channels 

connectivity_coh_mean coherence: mean value 

connectivity_coh_max coherence: maximum value 

connectivity_coh_freqmax coherence: frequency of 

maximum value 

   

Inter-Burst IBI_length_max burst annotation: maximum 

(95th percentile) inter-burst 

interval 

IBI_length_median burst annotation: median 

inter-burst interval 

IBI_burst_prc burst annotation: burst 

percentage 
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IBI_burst_number burst annotation: number of 

bursts 
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Performance Metrics 

 

 

Confusion Matrix Actual 

Pain Non-pain 

 

Predicted 

Pain True positive (TP) False positive (FP) 

Non-pain False negative (FN) True negative (TN) 

 

 

eTable 2 

Evaluation Metrics for Pain Epoch Classification 

 

Metric Equation Definition 

Accuracy  
TP + FN

TP + TN + FP + FN
 

Out of all the epochs, how many did the model 

correctly identify as either pain or non-pain? 

 

Precision 
TP

TP + FP
 

Out of all the epochs predicted as pain epochs by 

the model, how many were actually true pain 

epochs? 

 

Recall 
TP

TP + FN
 

Out of all the actual pain epochs, how many did the 

model correctly identify as pain epochs? 

 

Specificity 
TP

TN + FP
 

Out of all the actual non-pain epochs, how many 

did the model correctly identify as non-pain 

epochs? 

 

F1 score 2 ×
Precision ×  Recall

Precision +  Recall
 

Performance metric that balances the trade-off 

between precision (not mislabeling non-pain epochs 

as pain) and recall (not missing any pain epochs). 

 

AUC  
Calculated from the ROC 

curve 

The AUC measures the area under the ROC curve, 

which plots the True Positive Rate (Recall) against 

the False Positive Rate (1 - Specificity) at various 

threshold settings. The AUC represents the model's 

ability to distinguish between pain and non-pain 

epochs. 
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Machine Learning Models Tested 

 

• Support Vector Machines (SVM): SVMs are effective at finding the optimal 

hyperplane that separates classes in high-dimensional space, making them suitable for 

EEG data classification with complex patterns. 

• Gradient Boosting (XGBoost): XGBoost is a highly efficient and flexible boosting 

algorithm that sequentially improves model accuracy by correcting errors from previous 

iterations, making it effective for complex datasets. 

• Random Forests (RF): RFs are robust ensemble methods that reduce overfitting by 

averaging the results of multiple decision trees, which improves the generalization of the 

model to new data. 

• Logistic Regressions (LR): Logistic regression is a straightforward yet powerful 

algorithm for binary classification that provides probabilities for class membership, 

making it a good baseline for comparison. 

• Convolutional Neural Networks (CNN): CNNs excel at capturing spatial and temporal 

patterns in raw EEG data through convolutional layers, which can learn intricate features 

indicative of pain-related brain activity. 
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XGBoost Hypertuning Parameters 

 

• Number of boosting rounds ('n_estimators'): [300, 500, 700, 1000, 1500, 2000, 2500] 

• Learning rate ('learning_rate'): [0.1, 0.3, 0.5, 1.0] (step size shrinkage used to prevent 

overfitting) 

• Subsample ('subsample'): [0.6, 0.8, 1.0] (fraction of samples used for training each tree) 

• Maximum depth ('max_depth'): [3, 6, 9, 10, 12, 15] (maximum depth of a tree) 

• Fraction of features used for splitting nodes ('colsample_bynode'): [0.5, 0.8] 

• Minimum sum of instance weight needed in a child ('min_child_weight'): [1, 3, 5]  

 

eTable 3 

Final Model Parameters for Different Gestational Age Groups 

Model Parameters Youngest PMA Middle PMA  Oldest PMA 

XGBoost n_estimators 500 300 500 

learning_rate 0.3 0.1 0.3 

subsample 0.6 0.6 0.8 

max_depth 3 3 3 

colsample_bynode 0.8 0.8 0.5 

min_child_weight 3 1 3 

     

SVM  kernel rbf rbf rbf 

C  1 1 1 

gamma 0.002 0.002 0.002 

     

Random Forest n_estimators  500 500 500 

max_depth 20 20 20 

min_samples_split 2 2 2 

min_samples_leaf 1 1 1 

max_features sqrt sqrt sqrt 

bootstrap True True True 

     

Logistic Regression max_iter 1000 1000 1000 

     

CNN 

input shape 

(number of 

features, 1) 

(number of 

features, 1) 

(number of 

features, 1) 

Conv1D filters 64 64 64 

Kernel size 2 2 2 

Activation ReLU ReLU ReLU 

MaxPooling1D True True True 

Dense units 50 50 50 

Output units 2 2 2 

Output activation Softmax Softmax Softmax 
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Optimizer Adam Adam Adam 

Loss function 

Categorical 

Crossentropy 

Categorical 

Crossentropy 

Categorical 

Crossentropy 

Metrics Accuracy Accuracy Accuracy 

Epochs 20 20 20 
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eFigure 1 

Electrode Montage 
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eFigure 2 

Harvard Automated Processing Pipeline for Electroencephalography HAPPILEE Preprocessing 

Pipeline 
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Chapter 3: Concluding Notes 
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In this thesis, an EEG-feature based machine learning algorithm was proposed for 

identifying the one-second epoch containing the noxious stimulus in preterm infants. The 

proposed models utilized features extracted from the entire EEG recording where the two one-

second epochs around the lance were selected for further analysis. Common features were then 

combined across infants and sites to predict the final pain assessment with the sample divided 

into three PMA age groups. We compared the performance of five machine learning algorithms 

and found that different models achieved varying accuracies across the three age groups. The 

experimental results suggest that machine learning approaches are reliable for distinguishing 

EEG features associated with pain from a tissue-breaking procedure (i.e., heel lance) and non-

noxious stimuli (i.e., resting in skin-to-skin) in a real-world clinical environment. These results 

are consistent with the reported performance in the two existing neonatal pain studies1,2.  

Our proposed methodology leverages a unique, multicentre, multinational dataset that 

includes EEG data from a highly challenging population in which to collect data. While there is 

always a potential for AI-related bias and inaccuracy, this study implemented several strategies 

to identify, manage, and mitigate these issues. Bias mitigation strategies included ensuring 

balanced training data across different PMA groups, implementing 10-fold cross-validation 

techniques, and performing extensive feature selection using tree-based methods like XGBoost 

to avoid overfitting and enhance model robustness. 

Limitations and Future Directions 

Given that this study focused exclusively on participants undergoing clinically-required 

heel lance procedures, there are inherent limitations in generalizing our findings to other pain 

conditions, such as chronic pain, non-skin-breaking pain or post-operative pain. Nonetheless, the 

preliminary classification models developed provide a foundation for assessing pain during skin-



 70 

breaking procedures using EEG signals. Future work will include more instances of non-pain-

related distress epochs, such as those time-stamped when the infant was crying, receiving CPAP 

adjustments, or being handled. This will help to enhance the strength, utility, comprehensiveness 

and applicability of our models to a broader range of pain conditions. 

Moreover, our dataset initially contained a large number of features, necessitating the use 

of tree-based feature selection to reduce their number. While effective, this method is 

computationally intensive and demands significant time and resources to train the models and 

determine feature importance. Tree-based methods, such as those employed in algorithms like 

Random Forest and XGBoost, capture interactions between features, thereby enhancing model 

performance. However, this complexity also poses a challenge in understanding and interpreting 

the individual importance of each feature. Clinical utility of the features detected by the machine 

learning algorithm are low. 

Finally, considering the improved performance of multimodal models in non-machine 

learning and machine learning contexts, our future work will incorporate assessments including 

heart rate, respiration rate, oxygen saturation, and facial behavioral coding via the Neonatal 

Facial Coding System (NFCS) and continue to build a larger dataset 

Summary 

In summary, we demonstrate that the use of machine learning in the assessment of 

preterm infant pain makes it possible to discriminate preterm infants’ cortical responses to 

noxious and innocuous stimuli using EEG. The accuracy of classifying epochs between a 

noxious and non-noxious stimulus was used as a marker to evaluate the feasibility of employing 

machine learning in preterm infant pain assessment.  By leveraging advanced machine learning 

techniques and ensuring a more automated and robust feature extraction process, we address 
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several limitations found in existing studies. The proposed approach has significant clinical 

implications and can greatly enhance the current assessment practice, which is discontinuous, 

highly dependent on the observer’s experience and subjectivity, and often limited by the lack of 

medical resources. Our multinational research initiative aims to revolutionize infant pain 

assessment by constructing an autonomous infant pain assessment tool specifically designed to 

identify pain responses that may not be easily observed through behavioral indicators in NICU 

infants. This is a step towards autonomous, real-time pain assessments in NICUs, improving the 

accuracy and consistency of pain management for the most vulnerable patients. 
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