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A B S T R A C T

Generalised oedema is common in neonatal intensive care units (NICUs), particularly in preterm and low-birth- 
weight infants. Characterised by tissue swelling from excess water accumulation, it can reflect systematic illness 
such as congestive heart failure, hepatic cirrhosis, nephrotic syndrome, sepsis, and acute kidney injury. Current 
clinical assessment methods, including formulas based on weight and fluid input/output and visual skin 
observation, lack accuracy and sensitivity, especially in critically ill infants. Techniques such as bioimpedance 
and ultrasound have been explored but are unsuitable for neonates and do not provide direct water content 
measurements. Spectroscopy, a non-invasive optical method, offers a promising solution by measuring tissue 
water content through light interactions in the Near Infrared (NIR) spectrum. This study investigates oedema in 
neonates using an NIR hyperspectral system in the NICU. Data was collected from 20 neonates, both with and 
without oedema over the course of three consecutive days. Spectral analysis revealed significant differences, 
notably at water absorption peaks around 1200 nm (p = 0.012). A Partial Least Squares Discriminant Analysis 
(PLS-DA) model effectively differentiated between oedematous and non-oedematous infants using spectral and 
standard clinical features, achieving 85.56 % recall and 100 % precision in testing. These findings suggest NIR 
spectroscopy combined with PLS-DA offers a reliable, non-contact method for early oedema detection in neo
nates, potentially enhancing monitoring and outcomes in the NICU.

1. Introduction

Newborns are born with a high proportion of body water, particu
larly in the extracellular space [1]. Term newborns have approximately 
80 % of their body weight as water, while this rises to about 85 % in 
preterm newborns [2], compared to around 60 % in adults [3]. This 
excess of fluid leads to a natural fluid loss and an expected weight loss of 
up to 10 % in the days following birth [4,5]. However, in unwell neo
nates, this natural fluid loss may be disrupted, making fluid manage
ment and requirements particularly challenging [6]. Generalised 
oedema, characterized by skin swelling due to water accumulation in 
tissues, is common among neonates in intensive care units [7], partic
ularly those with low birth weight or preterm births [2,5] or underlying 
conditions including congestive heart failure, hepatic cirrhosis, 
nephrotic syndrome, sepsis, and acute kidney injury [7]. Oedema can 
lead to clinical consequences, including deficient tissue perfusion and 

oxygenation [8], an increased risk of infections through the skin [9], and 
low levels of serum sodium and albumin [10,11].

Current clinical methods for oedema assessment rely on weight- 
based formulas, fluid input–output measurements [12], and visual 
assessment of the skin [7]. However, critically ill neonates may be too 
unstable to weigh daily, and quantifying fluid outputs such as urine, 
stool, or vomit is often impractical [6]. As a result, visual assessment 
remains a common practice, but it is subjective, highly reliant on 
clinician experience, and lacks sensitivity for early detection.

To address these challenges, non-invasive and bedside techniques 
such as bioimpedance [13,14] and ultrasound [15,16] have been 
explored for oedema detection. While promising, these methods are 
generally unsuitable for critically ill neonates and do not directly mea
sure water content [14,17]. Advanced methods such as air displacement 
plethysmography (ADP) [18], magnetic resonance imaging (MRI) [19], 
and dual-energy X-ray absorptiometry (DXA) [20] can provide 
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comprehensive body composition metrics, such as fat and fat-free mass. 
However, these techniques cannot specifically quantify water content 
and often require neonates to be moved to specialized equipment, 
posing logistical and safety challenges [21].

This paper reports the first proof-of-principle of a novel, non-invasive 
and contact-free method for precise detection and monitoring of oedema 
using spectroscopy in the near-infrared (NIR) region. A hyperspectral 
camera was used in spectroscopy mode, and no spatial scanning was 
performed, to rapidly acquire hundreds of spectra across the NIR range. 
A hyperspectral camera utilizes the interaction of light with tissue across 
a broad range of wavelengths to generate large amounts of spectra in a 
short acquisition time without requiring physical contact with the pa
tient [22,23]. A typical NIR spectrum of human skin is characterized by 
various bands associated to absorption of light by OH, CH and NH 
functional groups. Strong absorption bands of OH which can be directly 
linked to dermal water content [24], are observed within the NIR region 
at 970, 1200, 1450 and 1900 nm [25–27]. Therefore, a hyperspectral 
camera with near-infrared light could be a potential tool to quantify 
water within the tissue and thus oedema.

2. Materials and methods

2.1. Sensor and setup

Data was acquired with the Specim FX17e hyperspectral camera 
(Spectral Imaging Ltd., Oulu, Finland), which operates within the near- 
infrared spectrum, covering a range of 900–1700 nm with a spectral 
resolution of 3.5 nm across 224 wavelengths. The camera employs a 
line-scan approach, where it scans line-by-line along one axis to 
construct a hyperspectral image. To generate a full image, the camera 
needs to move at a specific speed. In this application, motorizing the 
camera was not feasible at this stage of the project. Consequently, rather 
than capturing a full hyperspectral image, the acquisition was limited to 
line-scans of the target area, focusing on a single dimension of the scene 
to avoid disturbing the neonate while still gathering essential spectral 
data.

For illumination, two halogen light sources (HL-2000, power 20 W, 
Ocean Optics, Orlando, FL, USA) were employed. Both light sources 
were connected to optical fibres, ensuring precise and consistent light
ing. A custom-made holder (1.92 m × 0.96 m × 1.04 m) was constructed 
to support the system (Fig. 1). This holder allows for flexible movement 
of the camera in multiple directions and angles, enhancing the adapt
ability of the setup. The light sources are securely attached to the holder 
via the optical fibres, ensuring stable illumination during data acquisi
tion. The system can be positioned easily and safely above the patient 
without causing disturbance, ensuring a non-invasive and patient- 
friendly recording process. The camera is connected to a laptop via a 
Camera Link connector, which enables highspeed data transfer and 
visualizing the data acquired in real time. For all acquisitions, the 
integration time was fixed at 45 ms. To calibrate reflectance, dark (0 %) 
and white (100 %) reference curves were used; these are available in the 
supplementary material (See supplementary material).

2.2. Data collection

Ethics approval was obtained to conduct the study in the Neonatal 
Intensive Care Unit (NICU) at Great Ormond Street Hospital (GOSH), 
London. Hyperspectral data was collected from neonates with and 
without signs of oedema, as determined by the attending clinician using 
visual assessments of the skin. Data collection was performed after 
obtaining consent from the patient’s legally authorized representatives. 
The data was planned to be acquired over three consecutive days at the 
same time each day. Additionally, standard clinical features were taken 
from the patient’s electronic data record, including weight, birth weight, 
fluid input and fluid output. During data collection, the camera was 
positioned at a measured distance of 12 to 15 cm above the abdomen, 
with the area being illuminated by halogen light

2.3. Data processing

Initial data processing was conducted using MATLAB as illustrated in 
Fig. 2. The first step involved manually selecting the region of interest 

Fig. 1. Hyperspectral system setup.
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(ROI), specifically focusing on the bright area that corresponded to the 
patient’s abdomen. Since the data had a 3D structure, the data was 
unfolded to get a 2D structure to simplify subsequent analysis. This 
unfolding process preserved the integrity of the data since the camera 
remained stationary, and no spatial features were captured, only the 
spectral features of relevance. Following this, the average spectrum for 
the selected ROI was calculated. The spectral processing involved 
transforming the reflectance data into absorbance spectra using a log
arithmic transformation. To improve the quality of the signal, denoising 
was performed using a second derivative Savitzky-Golay filter, with a 
polynomial order of two and a window length of 51. This step was 
essential to minimize noise and remove baseline while preserving the 
critical features of the spectral data for accurate analysis. For the data 
analysis, the amplitude of the absorbance peaks was identified, espe
cially for those peaks at 1200 nm and 1430 nm, which are associated 
with OH bonds [25].

For quantitative analysis, 100 pixels were selected from each image 
as shown in Fig. 2 (b). The resulting matrices contained 100 spectra per 
measurement day for each neonate. The spectral processing followed a 
similar approach to that used in the previous step. However, in this step, 
only 121 wavelengths were included, as the beginning and end of the 
spectrum were noisy. The selected wavelengths range from 1105 to 
1527 nm. Logarithmic transformation was then applied, followed by 
denoising using a second derivative Savitzky-Golay filter, with a poly
nomial order of two and a window length of 25. Finally, median centring 
was performed.

As standard clinical features were not available for all consecutive 

days in neonates being assessed, interpolation was used to fill in the 
missing values.

The response vector Y was created based on the visual medical 
assessment and the neonate’s weight. If the weight remained the same or 
increased over time, it was considered an indication of possible oedema, 
while a decreasing weight suggested no oedema. A value of 0 was 
assigned for no oedema and 1 for oedema.

Overall, four datasets were created and used to develop the classi
fication models, as shown in Fig. 3. Dataset 1 contained only spectral 
data, whereas Datasets 2 and 3 incorporated both sets of spectral and 
standard clinical features. Specifically, Dataset 2 included weight, birth 
weight, percentage fluid overload (Eq. (1), fluid input and fluid output, 
while Dataset 3 included only weight, birth weight and percentage fluid 
overload (Eq. (1). Weight gain or loss is the most used clinical and 
objective method for oedema detection. The goal was to determine 
whether spectral data alone could effectively predict oedema or if 
including clinical features would enhance model performance. 
Furthermore, PCA was applied to each dataset as a dimensionality 
reduction technique. Finally, Dataset 4 contained only standard clinical 
features and served as the baseline. Datasets 1, 2, 3 and 4 were used to 
develop Models 1, 2, 3 and 4, respectively.

2.4. Spectral and statistical analysis

Initially, qualitative analysis was performed, comparing the mean 
spectrum from neonates with oedema and the neonates without oedema, 
during different days of measurement. Also, increase or decrease in light 

Fig. 2. Data pre-processing. (a) Manual selection of the ROI, focusing on the brightest areas of the image. (b) Extraction of 100 pixels from each image to build 
datasets for modelling, pixel size is 8 × 16 µm. (c) Unfolding process to transform the 3D data into a 2D format. (d) Spectra obtained from the selected ROI in (a). (e) 
Calculation of the average spectrum from the extracted spectra. (f) Final processed spectrum.
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absorption at water-sensitive bands was calculated. A Mann-Whitney U 
test was used for significance testing between both groups.

In clinical practice and some research studies, a weight-based for
mula is applied to determine if a neonate has oedema or not. Simple 
linear regression was used to find a relation between the formula and 
spectral features. 

%FluidOverload =
Dailyweight − birthweight

Birthweight
× 100 (1) 

Additionally, Partial Least Squares-Discriminant Analysis (PLS-DA) was 
performed using Datasets 1,2 and 3 (Fig. 3) after applying PCA. PLS-DA 
is a supervised classification method that extends PLS regression by 
maximizing the separation between predefined classes. However, due to 
its susceptibility to overfitting, particularly with small sample sizes, 
cross-validation (CV) is essential [28]. To evaluate model performance, 
several metrics were reported: sensitivity, specificity, F1 score, accu
racy, and Root Mean Square Error of Cross-Validation (RMSECV), along 
with the mean and standard deviation of validation results. Confusion 
matrices were also included, featuring recall and precision scores for the 
test sets. As noted in [29], these metrics are especially valuable when 
working with limited datasets.

Furthermore, to establish a baseline, a model was trained using the 
standard clinical features contained in Dataset 4. Because PLS-DA is 
primarily designed for high-dimensional data, its application to Dataset 
4 would introduce unnecessary complexity. In this context, logistic 
regression represents a more appropriate choice. Logistic regression was 
therefore implemented, with optimal parameters determined through 
grid search (Table 1).

The datasets were divided into training and testing sets, ensuring a 
well-balance distribution of neonates with and without oedema in each 
set. There was no overlap between patients in the training and test sets. 
The training set included 10 patients (6 with signs of oedema and 4 
without), while the test set consisted of 5 neonates (3 with signs of 

oedema and 2 without). For the PLS-DA models, within the training set, 
venetian blinds cross-validation, with 40 splits and a blind thickness of 
1, was applied to the spectral samples to evaluate model consistency. No 
spectra from test set neonates were included in the training or cross- 
validation folds. Each day was treated as an independent sample to in
crease the effective dataset size. Although Leave-One-Patient-Out cross- 
validation is a valid option for small datasets, it was not considered since 
it does not provide a fully independent test set and it tends to be overly 
optimistic for evaluating model performance, particularly in datasets 
with high correlated samples [30]. In contrast, logistic regression 
employed stratified k-fold cross-validation with 5 splits. The PLS toolbox 
in MATLAB was used for building the models and further analysis.

3. Results

3.1. Data collection

In total 20 patients were recruited, however five were discharged 
from the unit before the study could be completed. Median and inter
quartile range (IQR) of gestational age, birth weight, and age at study by 
oedema status are summarized in Table 2. From the 15 neonates with 
data from three consecutive days, six did not have clinical signs of 
oedema, compared to nine with oedema.

Furthermore, Fig. 4 illustrates the setup used for data acquisition, 
including the positioning of the equipment and its integration into the 
clinical environment. It is important to note that some challenges were 
encountered during data collection. Low birth weight neonates were not 
included, mainly as the equipment did not fit under the incubators used 
for very small or preterm infants. In certain cases, the neonates were 
unsettled, which may have introduced movement-related variability 
into the measurements. Additionally, the room was occasionally 
exposed to excessive ambient light, potentially affecting the spectral 
data by altering light conditions during the recording process. The entire 

Fig. 3. Datasets created using spectral and standard clinical features from neonates over three consecutive days. Samples refers to the number of observations 
included in the dataset, while features refers to the variables or measured characteristics (e.g., spectral points or clinical features) used as inputs for model 
development.

Table 1 
Parameter grid for logistic regression model tuning.

Parameters Values

’penalty’ [’l1′,’l2′,None]
’C’ [0.01, 0.1, 1]
’class weight’ [None, ’balanced’]
’solver’ [’liblinear’, ’saga’]

Table 2 
Median and Interquartile Range (IQR) of gestational age, birth weight, and age 
at study by oedema status.

Oedema group No oedema group

Median IQR Median IQR

Gestational age (weeks) 38.00 34.00 to 38.40 37.70 35.93 to 39.10
Birth weight (kg) 2.80 2.09 to 3.06 3.08 2.40 to 3.26
Age at study (days) 11.00 7.00 to 63.00 16.00 14.25 to 27.00
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setup and measurement process took approximately 5 to 7 min to 
complete.

3.2. Spectral analysis

As shown in Fig. 5 (a), the second derivative spectra of neonates with 
and without oedema can be differentiated from the first day of mea
surement, particularly by the minima bands related to OH bonds around 
1190 nm and 1430 nm. These bands correspond closely to the absorp
tion of water within the skin, which are typically found near 1200 nm 
and 1450 nm [25]. In neonates with oedema, the peaks appeared higher 
in amplitude compared to those without oedema. Despite these differ
ences, the overall shape of the spectra remained similar. Although the 
hyperspectral camera covers a range from 900 to 1700 nm and should, 
in theory, capture the 970 nm band, this band was not clearly visible due 
to device limitations and noise interference.

Furthermore, Fig. 5 (b) compares the oedema and non-oedema 
spectra on days 1 and 3. In the oedema condition, the water content 
on day 3 was higher than on day 1. In contrast, as expected, in non- 
oedematous infants there was a decrease in water content from day 1 
to day 3. A statistically significant difference was found between oedema 
and non-oedema groups, in the percentage change of light absorbance at 
1200 nm between day 1 and day 3, indicating that tissue in the 
oedematous group had an increase in water content (10.09 %) compared 
to the non-oedematous group (− 9.31 %) over the three-day period (p =
0.012). No significant difference was found in light absorbance at 1430 
nm.

3.3. Statistical analysis

In total, data from 15 neonates were collected over three consecutive 
days, which were used to create the datasets. Note that Dataset 2 (Fig. 3) 
has a different size because one neonate had missing fluid data and was 
therefore excluded from this dataset. PLS-DA models were built using 
the principal components (PCs) obtained from each dataset. The optimal 
number of PCs for each model was determined based on the explained 
variance as shown in Fig. 6. For Dataset 1, five PCs were selected, ac
counting for 80.51 % of the total variance. In contrast, Datasets 2 and 3 
each utilized eight PCs, explaining 81.22 % and 81.56 % of the variance, 

respectively. Additionally, the optimal number of latent variables (LVs) 
for each model was determined through cross-validation, using RMSECV 
as the selection criterion. As shown in Fig. 7, two LVs were selected for 
each model based on their corresponding RMSECV values.

Furthermore, the loading of the first PC was found to align closely 
with the spectrum of the second derivative of water, as illustrated in 
Fig. 8. The water peak is typically found around 1450 nm; however, in 
human skin, it has been reported to occur around 1437 nm [25]. When 
the second derivative is applied, a shift to the left is observed in both 
cases. This suggests that the primary factor distinguishing between 
oedema, or no oedema conditions is water content. Additionally, in 
models that include standard clinical features, the weight-based formula 
stands out as the main contributor to variance among all clinical 
features.

To visualize oedema clustering, the classification of oedema and no 
oedema groups for each model is presented in the PLS-DA score plots in 
Fig. 9, shown as projections of LVs. The x-axis represents latent variable 
1 (LV1), while the y-axis represents latent variable 2 (LV2). The plots 
reveal two clusters, though some overlap is present. Model 1 and Model 

Fig. 4. Data acquisition set up in the neonatal intensive care unit.

Fig. 5. (a) Mean second derivative spectra for day 1 from neonates clinically 
oedematous and non-oedematous, acquired in the range of 900 – 1700 nm. (b) 
Mean second derivative spectra for day 1 and day 3 of testing from neonates 
clinically oedematous and non-oedematous, acquired in the range of 900 – 
1700 nm.
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3, demonstrated clear clustering, whereas Model 2, had a few oedema 
points appear within the no-oedema group. Since Model 1 and Model 3 
do not include fluid data, unlike Model 2, the observed overlap may be 
due to some neonates undergoing diuretic therapy. However, assessing 
model performance based solely on score plots is insufficient; a more in- 
depth analysis is necessary.

Table 3 presents the performance of the three PLS-DA models on the 
training sets, evaluated using 40-fold venetian blinds cross-validation. 
Model performance was assessed based on sensitivity, specificity, F1 
score, accuracy and RMSECV, with results reported as mean ± standard 
deviation. Given the class imbalance in binary classification, the F1 
score provides a more comprehensive measure of performance. Addi
tionally, Table 4 summarizes the models performance on new data, 
showing testing results using the same evaluation metrics.

Model 1 demonstrated a balanced and stable performance across 
both cross-validation and testing evaluations, making it a strong alter
native. The consistency of its F1 score suggested that it maintains reli
ability across different datasets. Model 2 on the other hand, showed a 
decline in testing performance, indicating potential overfitting. The 
drop in F1 score from 87.60 % ± 4.40 % to 82.64 % and 90.46 % ± 3.30 
% to 83.72 %, between cross-validation and testing, suggested that 
while the model performed well during training, it struggled with real- 
world data, leading to unreliable classification. Model 3 exhibited the 
best generalization capability. The improvement in F1 score from 80.30 
% ± 6.27 % to 90.23 % and 87.50 % ± 3.67 % to 92.22 % during testing 

highlights its strong generalization, making it the most robust and 
consistent performer among the three models. Additionally, ROC curves 
and AUC values were computed, and the results are available in the 
supplementary material (See supplementary material).

Furthermore, since each model was evaluated on the previously 
defined test sets, Table 5 provides a confusion matrix summarizing recall 
and precision values. According to the table, Model 1 did not misclassify 
No Oedema cases, however its false negatives were relatively high, 
leading to more missed oedema cases. Model 2 struggled with false 
negatives, leading to lower overall performance. In contrast, Model 3 
yielded the fewest false negatives and no false positives, achieving the 
highest recall (85.56 %) and precision (100 %). These results aligned 
with the findings in Table 2 and Table 3, confirming that Model 3 out
performed the other two models.

Overall, Model 3 outperformed the others across all parameters, 
particularly in F1 score for both cross-validation and testing results, as 
well as in recall and precision. Including weight, birth weight and the 
formula based on those two variables enhanced Model 3′s performance 
compared to Model 1, which only included spectral data. On the other 
hand, incorporating fluid data in Model 2 negatively impacted the 
model’s performance on unseen data. This may be due to a lack of a 
strong correlation between fluid data and the presence of oedema.

Additionally, Table 6 presents the performance of a model trained 

Fig. 6. Variance captured by each principal component for Datasets 1, 2, and 3.

Fig. 7. RMSECV of the models.

Fig. 8. (a) Loading of the first principal component. (b) Second derivative of 
pure water.
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and tested exclusively on standard clinical features (Model 4). While 
training performance appeared high (overall accuracy 88.67 %), the 
large standard deviations in sensitivity, specificity, and F1 scores 
(ranging from 13.33 – 26.67 %) indicate considerable variability across 
folds. Testing results were substantially lower, with sensitivity 50.00 %, 
specificity 44.44 %, F1 score 42.86 %, and overall accuracy 46.67 %. 
These findings indicate that clinical features alone are insufficient to 

predict oedema status in critically ill neonates, as the clinical-only model 
performed worse than models incorporating spectral data.

Finally, linear regression was conducted between the percentage of 
fluid overload formula and the light absorbance at 1200 nm and 1430 
nm. However, when using data from all three days, the R2 values were 
0.28 and 0.15 for the absorbances at 1200 nm and 1430 nm, respec
tively. Additionally, Fig. 10 shows the linear relationship between fluid 

Fig. 9. PLS-DA score plots (a) Model 1. (b) Model2. (c) Model 3. Each point in the score plot represents a single spectral measurement projected onto the space of the 
principal components used for PLS-DA model training.
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overload and absorbance at 1200 nm and 1430 nm.

4. Discussion and conclusions

To the best of our knowledge, this is the first study to use an optical 
technique to detect and monitor oedema in critically ill neonates. The 
ability to detect oedema using hyperspectral measurements is based on 
the spectral differences observed between oedematous and non- 
oedematous tissue, which arise due to various physiological changes, 
particularly increased water content. These changes affect the reflected 

light after it interacts with tissue, resulting in spectral features that are 
indicative of oedema, particularly when observed at water-related 
wavelengths such as 1200 nm and 1450 nm.

These findings align with those of Budylin et al. [31], where oedema 
conditions were characterized by an increase in water content, as evi
denced by elevated absorbance in the water-related bands at 970 nm and 
1200 nm, measured through diffuse reflectance spectroscopy and mul
tispectral imaging. However, their study was conducted on adult healthy 
volunteers, with oedema induced in specific areas and measured at 
various time points on the same day after induction, whereas the optical 
characteristics of neonatal skin differ. Specifically, the optical penetra
tion depth in tissue depends on both scattering and absorption proper
ties. In neonatal skin, scattering is generally lower than in adult skin due 
to its thinner epidermis and dermis, higher water content, and reduced 
collagen density [32]. Nevertheless, the pronounced increase in water 
absorption beyond 1100 nm significantly limits light penetration at 
these longer wavelengths. Consequently, even with reduced scattering, 
spectral features above 1100 nm in neonatal skin primarily represent 
superficial layers, while those near 970 nm capture contributions from 
relatively deeper tissue regions.

Additionally, weight and fluid balance are not reliable indicators for 
detecting or monitoring oedema. Formulas based on these variables do 
not directly account for water content within the tissue. Both fluid 
balance-based and weight-based approaches may have inaccuracies [6]. 
As described in studies on neonates, the agreement between fluid bal
ance and daily weight change is poor 33,34, indicating that fluid balance 
charts may be inaccurate in critically ill newborns. In some cases, the 
discrepancy between recorded fluid balance and actual weight change 
exceeded 20 % [34].

The correlations observed using the weight-based formula confirmed 
the poor agreement between weight and oedema status using a simple 
linear regression. Weight is the most used variable in research to assess 
fluid status [35–37]. However, it can reflect fat mass growth rather than 
just water. Moreover, patients with increased severity of illness are less 
likely to be weighed in neonatal wards [33]. Overall, standard clinical 
features alone do not provide an accurate result for oedema classifica
tion, as demonstrated by Model 4, which showed large standard de
viations during cross-validation and poor performance on the test set 
(Table 6). However, integrating spectral data from the skin in the near- 
infrared region could potentially yield more reliable results.

Finally, PLS-DA proves to be a suitable classification method for this 
condition. The most relevant band, according to the loadings, appears to 
be the one related to water absorbance around 1430 nm. The most 
relevant clinical features for predicting oedema are weight-related fac
tors, such as weight on the day of the measurement, birth weight and the 
formula derived from these two variables. On the other hand, visually, 
the 1200 nm peak appears to carry the most information for dis
tinguishing the presence of oedema. However, PLS-DA offers a more in- 
depth analysis of features that are not immediately apparent.

The PLS-DA score plots revealed two identifiable clusters corre
sponding to oedema and no-oedema neonates. However, metrics such as 
confusion matrices and F1 scores are necessary to determine the model’s 
effectiveness in classifying oedema cases.

Based on the PLS-DA models, Model 1 and Model 3 performed the 
best, particularly when examining the F1 score (see Table 3 and Table 4) 

Table 3 
Evaluation metrics (Mean ± SD) for PLS-DA models on training sets using Cross-Validation.

Model Class Sensitivity 
(M% ± SD%)

Specificity 
(M% ± SD%)

F1 Score 
(M% ± SD%)

Accuracy 
(M% ± SD%)

RMSECV 
(M ± SD)

Model 1 No Oedema 76.17 ± 8.96 89.28 ± 4.12 79.04 ± 5.88 84.03 ± 4.09 0.35 ± 0.03
Oedema 89.28 ± 4.12 76.17 ± 8.96 87.06 ± 3.14

Model 2 No Oedema 85.92 ± 5.94 91.88 ± 4.46 87.60 ± 4.40 89.23 ± 3.78 0.30 ± 0.03
Oedema 91.88 ± 4.46 85.92 ± 5.94 90.46 ± 3.30

Model 3 No Oedema 78.42 ± 8.47 88.94 ± 4.35 80.30 ± 6.27 84.73 ± 4.65 0.34 ± 0.03
Oedema 88.94 ± 4.35 78.42 ± 8.47 87.50 ± 3.67

Table 4 
Evaluation metrics for PLS-DA models on testing sets.

Model Class Sensitivity 
(%)

Specificity 
(%)

F1 Score 
(%)

Accuracy 
(%)

Model 
1 

No 
Oedema

100.00 85.22 90.02 91.13

Oedema 85.22 100.00 92.02
Model 

2 
No 
Oedema

100.00 72.00 82.64 83.20

Oedema 72.00 100.00 83.72
Model 

3 
No 
Oedema

100.00 85.56 90.23 91.33

Oedema 85.56 100.00 92.22

Table 5 
Confusion matrix for PLS-DA models on testing sets.

Model 1 
8LV

​ No Oedema Oedema Recall (%)
Predicted as No Oedema 600 133 85.22
Predicted as Oedema 0 767
Precision (%) 100.00 ​

Model 2 
3LV

​ No Oedema Oedema Recall (%)
Predicted as No Oedema 600 252 72.00
Predicted as Oedema 0 648
Precision (%) 100.00 ​

Model 3 
3LV

​ No Oedema Oedema Recall (%)
Predicted as No Oedema 600 130 85.56
Predicted as Oedema 0 770
Precision (%) 100.00 ​

Table 6 
Optimal parameters found by grid search and evaluation metrics for logistic 
regression model on training and testing sets for Model 4.

Best values 
found

’penalty’: 
’l1′

’C’: 1 ’class weight’: 
None

’solver’: 
’liblinear’

Class Sensitivity 
(M% ± SD 
%)

Specificity 
(M% ± SD 
%)

F1 Score 
(M% ± SD%)

Accuracy 
(M% ± SD%)

No Oedema 93.33 ±
13.33

86.67 ±
26.67

89.33 ± 13.73 88.67 ± 15.72

Oedema 86.67 ±
26.67

93.33 ±
13.33

87.14 ± 19.38

Class Sensitivity 
(%)

Specificity 
(%)

F1 Score (%) Accuracy (%)

No Oedema 50.00 44.44 42.86 46.67
Oedema 44.44 50.00 50.00
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and confusion matrix (see Table 5). Using only spectral data, in the range 
from 970 nm to 1700 nm, produced reliable results (Model 1). However, 
combining spectral data with weight- based data resulted in a robust 
model (Model 3). Conversely, incorporating fluid input and output data 
led to the poorest performance (Model 2), confirming that fluid data is 
not strongly correlated with oedema.

We acknowledge the following limitations of our study: insensible 
water loss was not considered in the fluid recorded data and is very 
difficult to assess. The sample size was small, but this was part due to the 
difficulties in measuring unwell infants on consecutive days and those 
who were not very sick, and probably not oedematous, not staying on 
the neonatal unit for three days. Low birth weight neonates were not 
included, mainly as the equipment did not fit under the incubators used 
for very small or preterm infants.

A limitation of this study is that repeated measurements obtained 
from the same neonate on different days were treated as independent 
samples in the classification model. This assumption was made to in
crease the effective dataset size, given the limited number of subjects 
available in this feasibility study. While this approach enabled initial 
exploration of the potential of NIRS for oedema status assessment, it may 
lead to an overestimation of statistical significance due to the lack of 
within-subject correlation control. Future studies with larger cohorts 
will be designed to incorporate repeated-measures or mixed-effects 
models, which can more appropriately account for intra-individual 
variability. However, the present findings serve as an important proof- 
of-concept demonstration of the feasibility of this optical technique in 
neonatal oedema monitoring.

Further research is needed to determine whether incorporating more 
clinical features can enhance the model or even predict oedema with just 
a single day’s measurement. Future work should focus on predicting the 
neonate’s status using only data from one day of measurement, which 
would enable more rapid medical decisions and timely treatment. Real- 
time application of this method is feasible; an algorithm could be 
developed based on the current workflow, with automated ROI selection 
being a key step. In addition, improving sensor performance and cali
bration will be essential to enhance signal fidelity and spectral accuracy, 
while also addressing potential confounding factors such as skin 
pigmentation, motion artifacts, and environmental light, thereby further 
improving measurement reliability. This would support medical 
decision-making regarding the presence or absence of oedema in a pa
tient. Furthermore, investigating other spectral bands, as well as shape 
variations or shifts associated with oedema, could provide valuable 

insights.
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Fig. 10. Scatter plots showing the linear relationship between fluid overload and absorbance at a) 1200 nm and b) 1430 nm.
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