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Abstract 

Neonatal jaundice is common during the newborn period, but clinically significant hyperbilirubinemia requires timely detection 
and appropriate follow-up. Total serum bilirubin (TSB) remains an important reference measurement, while transcutaneous 
bilirubinometry (TcB) provides a non-invasive screening approach. Smartphone imaging combined with artificial intelligence (AI) 
has emerged as a potential complementary method for bilirubin assessment. 
This article synthesizes published evidence on smartphone-based neonatal jaundice screening, covering colourimetric 
approaches, machine learning, deep learning, calibration, population diversity and clinical implementation. Findings from studies 
of BiliCam, Biliscan, Picterus, BiliSG and other smartphone-based systems indicate that image-derived measurements can be 
associated with TSB. However, reported performance varies with the study population, imaging device, acquisition conditions, 
bilirubin range and validation method. Important unresolved issues include underestimation at high bilirubin concentrations, 
performance in preterm infants and populations with darker skin pigmentation, cross-device generalizability, image-quality 
failures and limited prospective external validation. 
The evidence also highlights the need to distinguish bilirubin estimation from threshold classification, referral decisions and 
demonstrated clinical benefit. Future investigations should prioritize multicentre datasets, standardized acquisition and 
calibration, subgroup-specific performance assessment, uncertainty-aware prediction and prospective evaluation of screening 
pathways. Smartphone-based systems should currently be considered potential screening and decision-support tools rather than 
replacements for established bilirubin measurement. 
 
Keywords: Neonatal jaundice; hyperbilirubinemia; smartphone imaging; bilirubin estimation; artificial intelligence; machine 
learning. 
 

1. Introduction 
Neonatal jaundice is one of the most common clinical conditions during the newborn period. Although most cases 
are transient, significant unconjugated hyperbilirubinemia can progress to acute bilirubin encephalopathy and 
kernicterus. Early recognition and appropriate bilirubin assessment are important, particularly because bilirubin 
levels may change rapidly after birth and opportunities for follow-up can be limited after early discharge. 
Clinical assessment currently relies on visual examination together with transcutaneous bilirubinometry (TcB) and 
total serum bilirubin (TSB) measurement. TSB remains an important reference measurement for clinical decision-
making, but it requires blood collection and access to appropriate laboratory or point-of-care facilities. TcB provides 
a non-invasive alternative for screening, while visual assessment is inexpensive and readily available but can be 
affected by observer experience, illumination, anatomical site and skin pigmentation. These practical and 
measurement-related limitations have encouraged investigation of portable optical methods that could 
complement existing approaches. 
Smartphone imaging represents one such approach, using a consumer device as a potential optical sensing platform. 
In a typical workflow, an image of neonatal skin or another anatomical region is acquired, colour information is 
calibrated and processed, and statistical or artificial-intelligence (AI) methods are applied to estimate bilirubin levels 
or classify screening risk. The resulting pathway can be represented as image acquisition → calibration → region-of-
interest/feature extraction → AI analysis → bilirubin estimation or classification → screening/referral. This approach 
has the potential to combine low-cost image acquisition with computational analysis while reducing dependence on 
specialized equipment. 
Early clinical investigations provided evidence that smartphone images can capture information associated with 
bilirubin levels. BiliCam, evaluated in 530 newborns across seven sites in the United States, reported a correlation 
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of 0.91 with TSB and high sensitivity under the study's screening criteria [1]. Subsequent work explored colour 
calibration, machine-learning methods, multi-site imaging, optical accessories and deep-learning models. These 
studies, however, have not produced uniform performance across populations or clinical settings. A meta-analysis 
of 14 studies reported a pooled correlation of 0.77 (95% CI 0.69–0.83) with TSB, with substantial variation in reported 
sensitivity and specificity [2]. Such variation highlights the importance of considering not only the association 
between image-derived measurements and TSB, but also the conditions under which these systems are developed 
and validated. 
The clinical relevance of smartphone-based bilirubin assessment depends on more than its correlation with total 
serum bilirubin (TSB). The studies reviewed used different imaging methods, calibration procedures, patient 
populations and validation designs, which limits direct comparison of their reported performance. For example, a 
model evaluated in term newborns under controlled lighting conditions cannot be assumed to perform similarly in 
preterm infants or when images are captured at home. Likewise, a high correlation does not establish that the 
method will reliably identify infants who require further assessment. These differences make it necessary to examine 
measurement agreement, threshold-specific sensitivity and specificity, and the extent of validation beyond the 
original study setting. This review therefore considers both the technical development of smartphone-based 
assessment and the evidence needed to establish its suitability for clinical screening. 
This article examines the development of smartphone-based neonatal jaundice assessment, from early colourimetric 
techniques to machine-learning and deep-learning systems. It focuses on four related questions: how smartphone-
derived bilirubin estimates are obtained and evaluated; how performance varies across populations, devices and 
clinical settings; which methodological and implementation challenges limit generalizability; and what evidence is 
needed before these technologies can be integrated safely into screening and referral pathways. By distinguishing 
measurement performance from clinical utility, the article identifies priorities for further technical development and 
prospective evaluation. 
1.1 Literature Selection Approach 
A focused literature search was conducted on 10 October 2026 to identify published research on smartphone-based 
neonatal jaundice assessment. PubMed-indexed records were examined using combinations of terms related to 
neonatal jaundice and hyperbilirubinemia, smartphone imaging, mobile health, colourimetry, image analysis, 
machine learning, deep learning, bilirubin estimation and screening. The search was intended to identify studies 
evaluating smartphone-derived bilirubin measurements against total serum bilirubin (TSB), as well as studies 
reporting threshold-based screening performance, validation across populations or devices, and clinical 
implementation. 
Studies were considered relevant when they investigated smartphone-based or mobile-image approaches to 
neonatal jaundice assessment and reported findings related to measurement performance, screening classification, 
calibration, population-specific performance or implementation. Particular attention was given to studies involving 
colour-calibrated imaging, machine-learning and deep-learning models, preterm infants, populations with diverse 
skin pigmentation, and use in clinical or home settings. Published systematic reviews and meta-analyses were 
considered where they provided broader evidence on the performance of smartphone-based screening. 
The selected literature was examined in relation to the clinical task evaluated, study population, imaging method, 
reference measurement and validation design. Quantitative findings were interpreted according to the measures 
reported in the original studies, including correlation, agreement, sensitivity, specificity and area under the receiver 
operating characteristic curve (AUC). These measures were not treated as interchangeable indicators of 
performance. Particular consideration was given to reported underestimation at higher bilirubin concentrations, 
differences between term and preterm populations, and the extent to which findings had been evaluated beyond 
the original study setting. 
The evidence was synthesized narratively to compare the development of smartphone-based approaches, identify 
areas of agreement and inconsistency, and examine limitations affecting generalizability and clinical 
implementation. Quantitative estimates from published systematic reviews were reported as findings of those 
reviews; no new pooled estimates were calculated for this article. 
This review is a focused narrative synthesis rather than a systematic review or diagnostic-test meta-analysis. It does 
not claim to provide an exhaustive search of all relevant publications, a formal study-selection flow diagram or a 
comprehensive risk-of-bias assessment. The findings should therefore be interpreted in the context of the selected 
literature and the methodological differences between the studies discussed. 
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The search was restricted to PubMed-indexed records; engineering-oriented sources (e.g., IEEE Xplore, ACM Digital 
Library, Scopus) and conference proceedings were not searched, so relevant image-processing and AI studies may 
have been missed. 
 

2. Neonatal Jaundice and the Need for Accessible Screening 
Clinical assessment of neonatal jaundice requires more than image recognition. Decisions about bilirubin depend on 
the infant’s age in hours, gestational age and relevant clinical risk factors [3]. Estimating a continuous bilirubin value 
and classifying an infant as being above a clinically important threshold are related, but distinct, tasks. 
TSB remains an important reference measurement for treatment decisions, although blood collection and access to 
laboratory or point-of-care facilities limit its use for decentralized screening. TcB avoids blood sampling and supports 
non-invasive assessment, but requires dedicated equipment. Smartphone imaging may provide an additional 
screening option where such equipment is not readily available. 
The World Health Organization recommends universal transcutaneous bilirubin screening at health-facility 
discharge, followed by serum bilirubin measurement, appropriate treatment and follow-up when indicated [4]. This 
recommendation provides a clinical context for evaluating smartphone-based methods. Any proposed role for these 
systems should depend on demonstrated measurement reliability, safe referral performance and compatibility with 
established care pathways. 
The same guideline made no recommendation for or against universal TSB screening at discharge, citing insufficient 
evidence.  
Visual assessment is inexpensive and widely available, yet it does not provide a quantitative bilirubin measurement. 
Perceived yellowness varies with skin pigmentation and illumination. Smartphone imaging has additional sources of 
variation, including camera characteristics, lighting and computational photography. Findings from populations with 
darker pigmentation make subgroup-specific evaluation particularly important. 
The intended clinical task should be explicit. Smartphone systems may estimate bilirubin, classify values against a 
threshold, predict the need for referral or support a clinical workflow. These tasks are not interchangeable. 
Correlation with TSB establishes an association between an image-derived estimate and the reference 
measurement; it does not by itself establish safe referral decisions or improved outcomes. The value of smartphone 
screening therefore depends on reliable measurement, accessibility and a clear route to confirmatory testing. 
 

3. Smartphone-Based Optical Imaging for Bilirubin Assessment 
Smartphone-based jaundice assessment is an optical measurement task. Recorded pixel values reflect tissue 
characteristics as well as illumination, tissue reflectance, camera spectral response, exposure, white balance, 
imaging distance, anatomical site and proprietary image-processing operations. RGB values should consequently not 
be interpreted as direct measurements of bilirubin concentration. 
A simplified representation of the recorded signal is given by Equation (1): 

 I_c(p) = ∫ E(λ) · R_p(λ) · S_c(λ) dλ (1) 
In Equation (1), I_c(p) is the recorded signal for colour channel c at pixel p; E(λ) is the illumination spectrum; R_p(λ) 
is the tissue’s spectral reflectance at pixel p; S_c(λ) is the spectral sensitivity of channel c; and λ is wavelength. The 
relationship helps explain why two smartphones may record different RGB values from the same skin. Automatic 
exposure, white balance, tone mapping, denoising and JPEG processing can add further variation. 
Most systems analyse a region of interest (ROI) from the sternum, chest, forehead or abdomen; the sclera has also 
been investigated [5]. The recorded RGB values may be transformed into HSV, CIE Lab or normalized chromaticity 
coordinates. The normalized chromaticity coordinates are defined in Equation (2): 

 r = R/(R + G + B);   g = G/(R + G + B);   b = B/(R + G + B) (2) 
In Equation (2), R, G and B denote the red, green and blue channel values, while r, g and b are their normalized 
chromaticity coordinates. Normalization reduces dependence on overall brightness, but it does not remove the 
effect of illuminant colour. The blue–yellow component of CIE Lab, b*, may be relevant to jaundice and is calculated 
from the CIE XYZ tristimulus values of the linearized pixel colour, as shown in Equation (3): 

 b* = 200 [ f(Y/Yₙ) − f(Z/Zₙ) ] (3) 
In Equation (3), Y and Z are the pixel’s CIE XYZ tristimulus values, and Yₙ and Zₙ are the corresponding tristimulus 
values of the reference white. The function f(t) is the standard CIE Lab nonlinear transformation, f(t) = t^(1/3) for t 
> (6/29)³, and f(t) = t/[3(6/29)²] + 4/29 otherwise. The XYZ values are obtained from gamma-decoded (linearized) 
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sRGB values using the standard sRGB-to-XYZ matrix. Larger b* values indicate greater yellowness. No colour 
representation fully removes variation caused by illumination and device characteristics. 
Calibration is one response to these optical limitations. A reference colour card or controlled optical accessory can 
help characterize transformations introduced during image acquisition. In a Norwegian study of 302 newborns, 
colour-calibrated estimates correlated with TSB at r = 0.84; sensitivity was 100% and specificity 69% for severe 
jaundice above 250 μmol/L (≈14.6 mg/dL; 1 mg/dL ≈ 17.1 μmol/L) [6]. These results support the use of calibration, 
but do not show that it eliminates all measurement variability. 
Image quality and ROI selection also affect the reliability of a prediction. Motion blur, poor focus, shadows, 
reflections, incorrect positioning and inadequate exposure can degrade the input image. A cautious workflow is 
therefore: 
Image → Quality assessment → ROI → Calibration → Prediction → Uncertainty → Screening decision 
Images that fail quality checks should be reacquired rather than passed directly to the prediction model. 
Studies should report the proportion of images rejected or requiring repeat acquisition. If difficult images are 
excluded without reporting how often this occurs, practical performance may be overstated, particularly when 
parents or community health workers capture the images. 
The choice between simple hardware and tighter optical control involves a practical trade-off. Ordinary smartphone 
photography is convenient and requires little additional equipment; dedicated illumination or clip-on accessories 
may improve consistency but add hardware. The robustness of either approach needs to be assessed in routine 
clinical settings as well as semi-controlled community and home environments. 
 

4. Evolution of Smartphone-Based Jaundice Assessment 
Table 1 summarizes selected studies. Across this literature, development has moved from basic smartphone 
colourimetry to calibrated imaging, machine-learning regression, optical instrumentation, multi-site and multi-
country evaluation, and deep-learning methods. These developments address two related challenges: variability in 
smartphone photography and the limits of simpler statistical models. 
BiliCam provided early evidence that smartphone photographs contain information associated with bilirubin levels. 
Later colour-calibrated approaches sought to reduce acquisition-related variation. Biliscan combines sternal skin 
imaging, a standard colour card and machine-learning regression. In a multi-ethnic neonatal population, its 
evaluation reported moderate correlation and limited agreement with TSB [7]. A separate evaluation in preterm 
infants also underscores that performance in this group should be assessed independently rather than inferred from 
studies of term newborns [8]. 
Picterus has been evaluated across more than one country. Among 416 infants in Mexico, Nepal and the Philippines, 
the overall correlation with TSB was 0.76, although site-level performance differed and limits of agreement were 
wide [9]. In a separate Mexican study of 177 term newborns, the Spearman correlation was ρ = 0.68; sensitivity was 
85.7% and specificity 80.1% for TSB ≥250 μmol/L. The authors also reported a tendency to underestimate higher 
bilirubin values [10]. The results should be interpreted in light of the populations and evaluation conditions rather 
than treated as directly interchangeable estimates. 
BiliSG illustrates the use of feature-based machine learning across multiple anatomical sites. It combined forehead, 
sternum and abdomen yellowness features using an ensemble of gradient-boosted trees. The development cohort 
included 352 neonates, and temporal validation involved another 194. In that validation cohort, Pearson correlation 
was r = 0.84, 82% of paired measurements were within ±3 mg/dL, sensitivity was 100%, specificity was 70% 
(predicted ≥13 mg/dL used to detect TSB ≥17 mg/dL)and the area under the receiver operating characteristic curve 
(AUC) was 0.89 [11]. These measures describe different aspects of performance and should be considered together. 
The findings in Table 1 illustrate why the reported correlation coefficients should not be used as a stand-alone basis 
for comparing systems. BiliCam reported a correlation of 0.91 with TSB, whereas the multi-country Picterus study 
reported 0.76 and the multi-ethnic Biliscan study reported 0.54 [1,7,9]. These values were obtained using different 
devices, populations and evaluation procedures; they therefore do not establish a simple ranking of the 
technologies. The BiliSG results provide additional information because the study reported both correlation and the 
proportion of estimates within a specified error range, together with threshold-based diagnostic performance [11]. 
Taken together, the studies suggest that comparative evaluation should consider agreement and the consequences 
of classification errors alongside correlation. 
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A smartphone-based transcutaneous bilirubinometer incorporating a snap-on adapter, smartphone flash and 
diffuse-reflectance measurement was evaluated in a 37-patient pilot study. The reported coefficient of 
determination was R² = 0.42, with a mean difference of −0.28 mg/dL and 95% limits of agreement from −7.0 to +6.4 
mg/dL [12]. The results indicate the need for further evaluation before the approach can be considered reliable for 
clinical screening. 
In a study of 341 newborns, a Taiwanese smartphone model reported R = 0.90, a root-mean-square error (RMSE) of 
2.44 mg/dL and AUC = 0.963 [13]. These figures arise from different study designs and should not be used alone to 
rank the systems. 
 
Table 1. Selected smartphone-based neonatal jaundice assessment studies 

System or 
study 

Population 
Imaging site, 

calibration and 
device 

Referen
ce 

standar
d 

Validation 
design 

Main finding (95% 
CI where 
reported) 

Important 
qualification 

BiliCam [1] 

530 
newborns, <7 
days old, ≥35 
weeks; seven 

US sites 

Sternum; colour 
calibration card; 

iPhone 5s; 
images with and 

without flash 

TSB 
Prospective
, multi-site 

r = 0.91 (95% CI 
0.89–0.92). 

Sensitivity/specific
ity 84.6%/75.1% 

(Bhutani high-risk 
zone) and 

100%/76.4% ( ≥13 
mg/dL to predict 
TSB  ≥17  mg/dL) 

Efficacy study by 
trained 

investigators; 
the authors did 
not consider it 
sufficient as a 

standalone 
diagnostic tool. 

Colour-
calibrated 

imaging [6] 

302 healthy 
term infants 

aged up to 15 
days; two 

Norwegian 
hospitals 

Colour 
calibration card; 

standardised 
illumination at 
one hospital, 

non-
standardised at 

the other 

TSB (TcB 
also 

measur
ed) 

Prospective
, cross-

sectional 

r = 0.84 with TSB; r 
= 0.81 with TcB. 

TSB >250 μmol/L: 
sensitivity 100%, 
specificity 69% 

Healthy term 
infants only; 

calibration does 
not remove 

every source of 
optical 

variation. 

Biliscan, 
multi-ethnic 

[7] 

61 paired 
Biliscan–TSB 

measurement
s; 85 paired 
Biliscan–TcB 

measurement
s. Infants born 
at gestational 

age ≥35 
weeks, with 

clinical 
jaundice or 

recommende
d for 

screening, 
within 21 days 

after birth 

Sternal skin 
images captured 

using the 
Biliscan 

smartphone 
application with 

a standard 
colour card; 

colour features 
were extracted 
and processed 
using machine-

learning 
regression. 

TSB 

Prospective 
cross-

sectional 
study at a 

tertiary 
teaching 
hospital, 

Singapore; 
August 
2020–

October 
2021. 

r = 0.54; sensitivity 
76.92%, specificity 

70.83% for 
phototherapy-

requiring jaundice 

Moderate 
correlation and 

limited 
agreement with 

TSB. 
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System or 
study 

Population 
Imaging site, 

calibration and 
device 

Referen
ce 

standar
d 

Validation 
design 

Main finding (95% 
CI where 
reported) 

Important 
qualification 

Biliscan, 
preterm [8] 

Preterm 
infants, n = 

129, born at 
gestational 

age below 35 
weeks and 

admitted to 
the neonatal 

intensive care 
unit 

Chest/sternum; 
colour card 

TSB 

Clinical 
feasibility 

and 
reliability 
study in 

hospitalized 
preterm 
infants. 
Infants 

requiring 
photothera
py during 

the 
preceding 
12 hours 

were 
excluded. 

ICC = 0.512 (95% 
CI 0.353–0.638) 

for Biliscan versus 
TSB 

Moderate 
agreement; 

preterm 
performance 

should be 
assessed 

separately from 
term infants. 

Picterus, 
multi-

country [9] 

n=416; 
Mexico, Nepal 

and the 
Philippines 

Chest; Picterus 
colour 

calibration card 
TSB 

Cross-
sectional, 

three 
countries 

(2018–
2022) 

Overall correlation 
r=0.76; reported 

95% limits of 
agreement 

approximately -
98.8 to +79.8 

µmol/L. 

Site-level 
performance 

and agreement 
require 

attention. 

Picterus, 
Mexico [10] 

177 term 
newborns; 

Mexico 

Chest; Picterus 
colour 

calibration card 
TSB 

Cross-
sectional 

Spearman ρ = 
0.68; sensitivity 

85.7%, specificity 
80.1% (TSB ≥250 

μmol/L) 

Tendency to 
underestimate 
higher bilirubin 

values. 

BiliSG [11] 

352 neonates 
(development

, cross-
validation) 

and 194 
(temporal 

validation); 
546 in total; 
multi-ethnic, 
Singapore; 

median 
gestational 

age 38 weeks 

Forehead, 
sternum and 

abdomen; 
colour 

calibration 
stickers; 
gradient-

boosted trees 

TSB 

Temporal 
validation 

(November 
2023–June 

2024) 

r = 0.84 (95% CI 
0.79–0.88); 82% 
within ±3 mg/dL; 
sensitivity 100%, 
specificity 70%, 

AUC 0.89 
(predicted ≥13 
mg/dL used to 
detect TSB ≥17 

mg/dL) 

Positive 
predictive value 
10%; tested on 

one smartphone 
model so far. 

Harrison-
Smith et al. 

[12] 

37 patients; 
multi-ethnic 

pilot 

Snap-on 
adapter, 

smartphone 
flash, diffuse 
reflectance 

TSB Pilot study 

R2 =0.42; mean 
difference=-0.28 

mg/dL; 95% limits 
of agreement=-7.0 

to +6.4 mg/dL 

Very small pilot; 
requires 

dedicated 
hardware. 
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System or 
study 

Population 
Imaging site, 

calibration and 
device 

Referen
ce 

standar
d 

Validation 
design 

Main finding (95% 
CI where 
reported) 

Important 
qualification 

Taiwan 
smartphone 
model [13] 

341 healthy 
newborns 

aged under 28 
days; 

gestational 
age ≥35 

weeks. Infants 
who had 
received 

phototherapy 
were 

excluded. 

Facial and chest 
images; 

smartphone 
camera with a 
custom-made 

colour-
calibration card; 

colour 
normalization, 

skin-region 
extraction and 
colour-feature 
engineering. 

Total 
serum 

bilirubin 
(TSB). 

Model 
developme

nt and 
evaluation 

in the 
enrolled 
cohort; 
several 

regression 
models 

compared. 
No 

separate 
external-
validation 

cohort 
reported 

R = 0.90; RMSE = 
2.44 mg/dL; AUC = 

0.963 
sensitivity =90.1%; 
specificity =89.0% 

Healthy 
newborns born 
at ≥35 weeks’ 

gestation; 
further 

validation is 
required before 

wider clinical 
use. 

Picterus, 
Botswana 

[16] 

123 term 
newborns 
aged 1–14 

days; darker 
skin 

pigmentation 

Chest; Picterus 
colour 

calibration card 

Laborat
ory TSB 

(TcB 
device 

as 
compar

ator) 

Prospective 

r = 0.66 (95% CI 
0.55–0.75) for 

Picterus vs 0.84 
(0.78–0.89) for 
TcB; TSB ≥250 

μmol/L: sensitivity 
64% vs 95% 

Picterus 
underestimated 

high TSB, 
reducing 

sensitivity; 
optimisation 
needed for 

darkly 
pigmented 
newborns. 

 
TSB, total serum bilirubin; TcB, transcutaneous bilirubin; r, Pearson correlation unless stated; ρ, Spearman 
correlation; ICC, intraclass correlation coefficient; AUC, area under the receiver operating characteristic curve; RMSE, 
root-mean-square error; CI, confidence interval. Sensitivity and specificity depend on each study’s own threshold or 
decision rule. 
 
Recent work has explored multilayer perceptrons (MLPs), convolutional neural networks (CNNs), transfer learning 
and transformer-based models [13–15]. Two recent deep-learning studies illustrate both the promise and the limits 
of this approach. Althnian et al. [14] compared VGG-16 transfer learning with four conventional classifiers (MLP, 
SVM, decision tree and random forest) using forehead-skin, scleral and fused-feature images from neonates of 35–
42 weeks’ gestation and 0–5 days of age, photographed with a smartphone and a colour card at a single hospital in 
Saudi Arabia. Of 100 enrolled neonates, 68 samples remained after face-detection failures. Infants were labelled 
healthy or jaundiced from transcutaneous bilirubin readings rather than TSB, and models were evaluated by five-
fold cross-validation. Transfer learning performed best with skin images, whereas the conventional models 
performed best with eye or fused features, and the best transfer-learning model did not differ significantly from the 
best MLP model. Lotfi et al. [15] trained a Tokens-to-Token Vision Transformer (T2T-ViT) on 792 smartphone skin 
images from 500 neonates at a single centre in Iran, acquired with one device under controlled lighting and a colour 
card, and classified infants as jaundiced or not using a fixed TSB threshold of 15 mg/dL. On a held-out set of 158 
images, the T2T-ViT reported accuracy of 0.994 (95% CI 0.965–0.999), sensitivity of 0.984 (0.912–1.000) and AUC of 
0.99, compared with accuracy of 0.854 and sensitivity of 0.787 for ResNet-50, although the authors’ own validation 
curves plateaued near 80% accuracy. Both studies produced binary classifications rather than continuous bilirubin 
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estimates, and neither included independent external validation. In the second study, patient-level separation of 
training and test images was not stated; because 792 images derived from 500 infants, images of the same infant 
may have appeared in both sets. The authors also noted the single centre and device, a single 80/20 split without 
cross-validation, manual region-of-interest selection and a threshold not adjusted for postnatal age. These findings 
demonstrate feasibility, but with small samples, binary labels and single-site designs they do not establish clinical 
performance. Greater model complexity does not in itself establish stronger clinical validity. These methods still 
depend on sufficient numbers of unique patients, patient-level separation of development and test data, external 
validation and representative study populations. 
Taken together, these approaches have developed in parallel rather than as a strict progression, spanning digital 
photography, calibrated colourimetry, machine learning, optical instrumentation, multi-site AI and deep learning, 
with prospective clinical evaluation still limited. 
 

5. Artificial Intelligence Methods for Smartphone-Based Neonatal Jaundice 
Screening 
Early systems generally extracted hand-crafted colour features and then applied statistical regression. Features 
included mean RGB values, colour ratios, HSV and Lab components, yellowness measures and differences from 
calibration references. Reported modelling approaches include linear and polynomial regression, support vector 
regression, random forests and gradient-boosted trees. [1][11] 
Hand-crafted features can be inspected relatively easily, and the associated models may require modest 
computational resources. Their reliability nevertheless depends on whether the extracted colours remain stable. 
Illumination, camera characteristics, anatomical site and acquisition conditions can all alter the relationship between 
these features and bilirubin. 
The choice of modelling method should reflect the amount and structure of the available data, the characteristics of 
the images and the intended clinical task. Feature-based approaches, such as those used in smartphone 
colourimetry, allow investigators to examine how selected colour measurements contribute to the estimate. 
Ensemble methods can combine information from several anatomical sites, as demonstrated by BiliSG [11]. Deep-
learning methods, including convolutional neural networks and transfer-learning models, offer an alternative by 
learning image representations directly from the training data [13–15]. However, their performance depends on the 
diversity and quality of the training images and on how the evaluation data are separated from the development 
data. A more complex architecture should therefore not be regarded as evidence of better clinical performance 
unless the improvement is demonstrated in an appropriate independent evaluation. 
Data separation is particularly important. Images from one infant should not be distributed across both training and 
test sets, because patient-level information leakage can inflate apparent performance. Likewise, performance on 
images acquired with one smartphone or at one clinical site cannot be assumed to transfer to another device or 
population without testing. 
The move from conventional machine learning to deep learning should not be read as a direct progression toward 
greater clinical reliability. Model architecture is only one determinant of performance; data quality, validation design 
and population diversity remain central. 
Comparisons between AI methods therefore require more than a ranking of correlation coefficients or AUC values. 
The training population, patient-level data separation, reference standard, evaluation threshold and external 
validation design also matter. When these features differ substantially, reported performance is best compared 
descriptively rather than used to rank algorithms directly. 
 

6. Validation and Performance Across Populations 
Performance estimates vary across smartphone-based jaundice studies, and direct comparison is complicated by 
differences in population, device, anatomical site, bilirubin distribution, reference measurement and evaluation 
criteria. Correlation with TSB measures association, whereas threshold sensitivity, specificity, agreement and referral 
performance address different questions. Bilirubin concentrations are reported in mg/dL and μmol/L; the conversion 
is provided in Section 3. 
BiliCam, evaluated in 530 newborns across seven US sites, reported a correlation of 0.91 with TSB [1]. The colour-
calibrated study of 302 newborns reported r = 0.84, with 100% sensitivity and 69% specificity for values above 250 
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μmol/L [6]. In a multi-ethnic neonatal population, Biliscan showed r = 0.54, sensitivity of 76.92% and specificity of 
70.83% for detecting jaundice requiring phototherapy [7]. In a separate preterm cohort of infants born before 35 
weeks, the ICC between Biliscan and TSB was 0.512 [8]. These results do not support assuming that performance in 
term newborns will carry over to preterm infants. 
Picterus results also vary by evaluation setting. In 416 infants from Mexico, Nepal and the Philippines, correlation 
with TSB was 0.76 [9]. Among 177 term newborns in Mexico, the Spearman correlation was ρ = 0.68, with sensitivity 
of 85.7% and specificity of 80.1% at the specified threshold [10]. The reported tendency to underestimate higher 
bilirubin values matters clinically because underestimation near a treatment threshold may result in missed referrals. 
During temporal validation, BiliSG reported Pearson r = 0.84, AUC = 0.89, sensitivity of 100% and specificity of 
70%(predicted ≥13 mg/dL used to detect TSB ≥17 mg/dL) [11]. A Taiwanese study of 341 newborns reported R = 
0.90, RMSE = 2.44 mg/dL and AUC = 0.963 [13]. These findings show what was achieved in the respective study 
settings; they do not replace evaluation in independent populations and clinical environments. 
Evidence from populations with darker skin pigmentation provides another reason to avoid assuming uniform 
performance. In Botswana, among 123 term newborns, Picterus had a correlation of 0.66 with TSB compared with 
0.84 for TcB. At TSB ≥250 μmol/L, sensitivity was 64% for Picterus and 95% for TcB [16]. This comparison highlights 
the need to assess screening performance in the populations in which a system is intended to be used. 
Population characteristics alone cannot explain all differences between studies. Recruitment and study design, 
bilirubin distribution, image-acquisition protocols, device characteristics, timing of reference measurements and 
definitions of a positive screen may also influence reported results. Cross-study interpretation should account for 
both the performance measure and the conditions under which it was obtained. Subgroup results deserve particular 
attention when underestimation has different consequences for different clinical risk groups. 
Overall, the studies support the feasibility of extracting bilirubin-related information from smartphone images, but 
they do not establish uniform screening performance across settings. Differences in population, bilirubin 
distribution, image acquisition and decision thresholds must be considered, particularly where false-negative results 
could delay confirmatory assessment. 
 

7. Image Quality, Calibration and Acquisition Conditions 
Reliable smartphone-based bilirubin assessment begins with image acquisition. Images are affected by ambient 
illumination, camera hardware, exposure, white balance, computational photography, distance and anatomical 
positioning. Motion blur, shadows, reflections and poor focus can further compromise the input to a prediction 
model. 
Calibration can reduce some of the variation introduced during image acquisition, particularly when colour-
reference cards or controlled optical accessories are used. In the study of 302 newborns, colour-calibrated 
smartphone estimates correlated with TSB at r = 0.84, with 100% sensitivity and 69% specificity for TSB above 250 
μmol/L [6]. These findings support further investigation of calibrated imaging, but they do not establish that 
calibration alone ensures reliable measurements across different smartphones and lighting conditions. Its 
contribution should be evaluated alongside image quality, device characteristics and performance in independent 
populations. 
ROI selection also matters. Studies have used the sternum, forehead, chest and abdomen, and the anatomical site 
can affect the observed relationship with bilirubin. A system intended for routine use therefore needs clear 
acquisition instructions and a plan for cases in which the preferred site cannot be captured consistently. 
Image quality is best treated as part of the measurement system, not merely as a preprocessing step. Automated 
quality checks, rejection of unsuitable images and repeat acquisition can help prevent unreliable images from 
reaching the bilirubin prediction stage. 
 

8. Skin Pigmentation, Preterm Infants and Population Diversity 
Population diversity is central to evaluating smartphone-based jaundice systems. Skin pigmentation may affect the 
relationship between recorded colour and bilirubin-related optical characteristics. Gestational age and clinical status 
also affect bilirubin distributions and may influence whether a model developed in term newborns is appropriate for 
other groups. 
The Botswana evaluation, in which Picterus showed lower correlation and sensitivity than TcB among 123 term 
newborns with darker pigmentation [16], illustrates the value of subgroup-specific assessment. Similarly, the ICC of 
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0.512 between Biliscan and TSB in infants born before 35 weeks [8] indicates that performance in preterm infants 
requires dedicated study. 
In contrast, BiliCam [1] reported similar correlations across ethnic groups (white 0.92, African American 0.90, 
Hispanic 0.91, Asian American 0.88); such findings are specific to the population and device studied and do not 
establish equivalent performance elsewhere. 
Future evaluations should define relevant subgroups in advance and report sample sizes, measurement errors and 
threshold-specific performance where the data allow. Overall estimates should be accompanied by uncertainty 
measures, because aggregate performance can conceal clinically important subgroup differences. If subgroup 
samples are too small to support reliable conclusions, that limitation should be stated rather than interpreted as 
evidence of equivalent performance. 
 

9. From Measurement Accuracy to Clinical Screening 
Across the literature, measurement accuracy and clinical usefulness emerge as separate questions. A model can 
correlate strongly with TSB yet provide insufficient information for safe referral. A classifier can also perform well in 
its development population without evidence that its use improves clinical outcomes. 
Four evaluation levels are therefore useful to distinguish: measurement, screening, referral and clinical impact. 
Measurement studies assess agreement with a reference bilirubin value; screening studies test identification of 
clinically relevant thresholds; referral studies examine whether infants are directed appropriately to confirmatory 
assessment; and clinical-impact studies assess whether the technology changes care processes or outcomes. 
This distinction is particularly consequential when high bilirubin values are underestimated. Even reasonable average 
agreement may be inadequate if a model misses infants near a clinically important threshold. Evaluation should 
include sensitivity, specificity, false-negative rates and threshold-focused analyses, rather than relying on correlation 
or overall accuracy alone. 
For systems intended to guide referral, evaluation should also describe false-negative results around prespecified 
thresholds, the number of infants sent for confirmatory testing and the consequences of incorrect classification. 
Predictive values depend on the prevalence of clinically significant hyperbilirubinemia in the evaluated population. 
These measures characterize practical screening performance that cannot be inferred from correlation alone. 
 

10. Datasets and Benchmarking Challenges 
Dataset quality shapes the reliability of AI models. Studies vary in the number of unique infants, number of images, 
participating sites, smartphone models, reference methods and validation procedures. Image counts can overstate 
the effective dataset size when many images come from relatively few infants. 
A useful dataset should link each image with patient characteristics, device and acquisition metadata, a temporally 
matched TSB or other reference measurement, anatomical site, image-quality information and relevant clinical 
outcomes. Gestational age, pigmentation-related characteristics and bilirubin distribution should also be 
represented. 
Patient-level data separation is essential: images from the same infant should not occur in both training and test 
sets. Temporal and external-site validation provide stronger evidence of generalization, and cross-device testing is 
relevant because smartphone cameras and computational-photography pipelines differ. 
The reference outcome also needs to be defined carefully. TSB and TcB are not interchangeable standards, and the 
interval between image capture and bilirubin measurement should be reported. Clinical thresholds should be 
specified in advance and interpreted in relation to age and gestational age. 
A meaningful benchmark should report mean absolute error (MAE), RMSE, correlation, Bland–Altman agreement, 
threshold sensitivity and specificity, AUC where appropriate, subgroup performance and image-failure rate. 
Correlation or accuracy alone gives an incomplete account of model performance. 
For n infants with smartphone-estimated bilirubin TSB̂ᵢ and reference TSBᵢ, the mean absolute error (MAE) and root-
mean-square error (RMSE) are given by Equations (4) and (5), respectively: 

 MAE = (1/n) Σᵢ₌₁ⁿ |TSB̂ᵢ − TSBᵢ| (4) 
 RMSE = √[(1/n) Σᵢ₌₁ⁿ (TSB̂ᵢ − TSBᵢ)²] (5) 

For threshold classification, sensitivity and specificity are defined by Equations (6) and (7): 
 Sensitivity = TP/(TP + FN) (6) 
 Specificity = TN/(TN + FP) (7) 
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Here, TP, FN, TN and FP denote true positives, false negatives, true negatives and false positives relative to a 
prespecified TSB threshold. Because underestimation near a treatment threshold is clinically dangerous, the false-
negative rate, FN/(TP + FN), should be reported explicitly. Agreement is usually summarized by Bland–Altman 
analysis, in which the bias and 95% limits of agreement are given by Equation (8): 

 Bias = mean(dᵢ);   95% limits of agreement = bias ± 1.96 × SD(dᵢ) (8) 
Here, dᵢ = TSB̂ᵢ − TSBᵢ is the difference between the smartphone estimate and the reference TSB for infant i, d̄ is the 
mean difference (the bias), and SD(dᵢ) is the standard deviation of the differences. 

A practical minimum dataset structure can be represented as Equation (9): 
 D = {Iᵢ, Pᵢ, Mᵢ, TSBᵢ, Aᵢ, Vᵢ, Oᵢ} (9) 

In Equation (9), D represents the dataset record; Iᵢ denotes image data, Pᵢ patient information, Mᵢ acquisition 
metadata, TSBᵢ the reference bilirubin measurement, Aᵢ annotations, Vᵢ validation information and Oᵢ clinical 
outcomes. Standardized reporting using such a structure could improve reproducibility and facilitate comparison 
between systems. 
To support meaningful benchmarking, publications should distinguish the number of unique infants from the 
number of images and observations. They should also report missing data, image exclusions, repeated 
measurements, the timing of reference measurements and the method used to separate development and 
evaluation datasets. This information helps readers assess whether reported performance reflects generalization or 
may be influenced by repeated observations or selective exclusion of images. 
 

11. Technical, Clinical and Implementation Challenges 

The limitations reported across the literature are linked and can be grouped into five areas: optical variability, clinical 
variability, AI generalization, workflow integration and governance. 
Optical variability arises from illumination, camera hardware, exposure and white balance, computational 
photography, imaging distance, anatomical site and image quality. Calibration and controlled illumination may 
reduce some of these effects, but should not be assumed to eliminate them. 
Clinical variability includes skin pigmentation, gestational age, bilirubin distribution, preterm status and treatment 
conditions such as phototherapy. Underestimation at high bilirubin concentrations is especially concerning because 
a false-negative screening result may delay confirmatory assessment. 
The reliability of an AI model may decline when the data encountered in practice differ from those used during 
development. Differences in smartphone hardware, image-processing pipelines, patient characteristics and 
acquisition conditions can create a shift between the development and deployment settings. Small numbers of 
unique infants and the use of images from the same infant in both training and test sets can further inflate apparent 
performance. Evaluation should therefore use patient-level data separation and, where feasible, independent-site 
or prospective validation. The frequency of rejected images and uncertain predictions should also be reported 
because these affect the proportion of infants for whom the system can provide a usable result. 
Clinical deployment requires more than a prediction algorithm. A practical pathway is: 
image acquisition → quality check → prediction → uncertainty → referral → confirmatory bilirubin measurement → 
management. 
Connectivity, user training, privacy, parental acceptance and access to referral services can influence whether 
technical performance translates into clinical usefulness. Feasibility, qualitative and parent-use studies have begun 
to examine these workflow issues [17–19]. 
Safe deployment requires fail-safe procedures. Poor-quality images should be rejected, uncertain or out-of-
distribution cases escalated, and high-risk threshold crossings followed by confirmatory assessment. A screening 
estimate should not be presented as a definitive diagnosis. 
Implementation studies should assess the complete screening pathway, not just the prediction. Relevant outcomes 
include successful image acquisition, repeat-image frequency, referral completion, access to confirmatory testing, 
user acceptability and the time needed to obtain a usable result. These measures help establish whether technical 
performance is maintained in routine clinical or community settings. 
Post-deployment monitoring also matters because performance may change as devices, populations and acquisition 
environments change. Systems intended for routine use require controlled updates and clear clinical governance. 
Regulatory status also differs between systems; for example, the Picterus system was developed iteratively and 
underwent conformity assessment for CE certification after a clinical validation study of healthy term newborns aged 
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1–15 days [20]. Systems intended for clinical use require the clearance appropriate to their intended jurisdiction and 
claims. 
 

12. Research Gaps and Future Directions 
The available evidence points to a shift from proof-of-concept image analysis toward more carefully validated digital 
screening. Several questions remain unresolved across the studies reviewed. 
The next stage of research should address three priorities. First, smartphone-based systems need evaluation using 
multicentre datasets that represent different smartphone models, skin pigmentation groups, gestational ages and 
bilirubin distributions. The number of unique infants, image exclusions and timing of reference TSB measurements 
should be reported so that the effective sample size and measurement conditions can be assessed. Second, 
validation should examine performance around prespecified clinical thresholds, particularly the frequency of false-
negative results and the extent of underestimation at higher bilirubin concentrations. Independent-site and cross-
device testing would help determine whether performance is maintained beyond the development setting. Third, 
prospective studies should evaluate the complete screening pathway, including image acquisition, repeat 
measurements, referral completion and access to confirmatory testing. These outcomes are necessary to determine 
whether an apparently promising image-based estimate can be used safely in practice. 
Finally, decentralized use raises questions about edge AI, privacy-preserving learning and secure data governance. 
A staged development pathway is therefore appropriate: 
standardized data development → robust AI development → external and prospective validation → workflow/home 
validation → health-system impact evaluation. 
 

13. Limitations of the Evidence and Review 
The evidence base has important limitations. Many studies are single-centre investigations or include relatively small 
samples. Their populations differ in gestational age, bilirubin distribution, skin pigmentation, imaging conditions and 
clinical thresholds. Selected participants or controlled acquisition conditions may yield higher performance 
estimates than routine screening would produce. Differences in reference standards, anatomical sites, smartphone 
models, calibration and outcome definitions also limit direct numerical comparison. 
This review has limitations as well. It is a focused narrative synthesis, not a PRISMA-compliant systematic review, 
and it does not claim an exhaustive study count or a formal risk-of-bias assessment for every publication. 
Quantitative results are taken from individual studies or published systematic reviews and should be interpreted 
within their original clinical and methodological settings. Although studies from 2025–2026 broaden the review’s 
currency, some newer reports have limited follow-up or implementation experience. 
The available evidence is therefore more useful for identifying current capabilities and unresolved challenges than 
for concluding that smartphone systems can replace established bilirubin measurement. Prospective, multicentre 
and externally validated studies are still needed to establish how reported performance translates to clinical 
workflows. 
 

14. Conclusion 
Smartphone imaging offers a practical approach to investigating non-invasive neonatal jaundice screening, and 
published studies demonstrate associations between image-derived features and TSB. However, the reported results 
vary across devices, populations and evaluation methods. The evidence reviewed does not yet justify treating 
smartphone estimates as interchangeable with established bilirubin measurements, particularly where high bilirubin 
concentrations may be underestimated or where performance in preterm infants and diverse pigmentation groups 
remains uncertain. 
Further progress depends on independent validation, reliable image acquisition, threshold-specific evaluation and 
prospective assessment of referral pathways. Studies should report not only measurement error and correlation but 
also false-negative results, image failures and the proportion of infants who complete confirmatory assessment. 
Until these outcomes are established in the populations and settings for which the technology is intended, 
smartphone-based assessment should remain a supplementary screening approach rather than a replacement for 
established bilirubin measurement and clinical decision-making. 
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