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ABSTRACT

Necrotizing enterocolitis (NEC) is a devastating disease affecting premature infants. Broadband optical spectroscopy (BOS) is a
method of noninvasive optical data collection from intra-abdominal organs in premature infants, offering potential for disease
detection. Herein, a novel machine learning approach, iterative principal component analysis (iPCA), is developed to select op-
timal wavelengths from BOS data collected in vivo from neonatal intensive care unit (NICU) patients for NEC classification.
Neural network models were trained for classification, with a reduced-feature model distinguishing NEC with an accuracy of
88%, a sensitivity of 89%, and a specificity of 88%. While whole-spectrum models performed the best for accuracy and specificity,
a reduced feature model excelled in sensitivity, with minimal cost to other metrics. This research supports the hypothesis that
the analysis of human tissue via BOS may permit noninvasive disease detection. Furthermore, a medical device optimized with
these models may potentially screen for NEC with as few as seven wavelengths.

1 | Introduction a noninvasive, accessible, and accurate approach for objective
identification of NEC.

Necrotizing enterocolitis (NEC) is a devastating disease of

premature infants, with mortality rates as high as 50% [1].
Although the mechanism is not fully characterized nor under-
stood, the disorder ultimately leads to ischemia and necrosis
of the colon and small intestines in affected infants [2]. At its
most severe, this requires surgical resection of the affected
bowel and numerous downstream consequences for these
fragile neonates. Notably, early detection of and timely med-
ical intervention for NEC may hopefully prevent progression
and avoid the need for life-saving emergent operations [3-5].
Thus, there is a pressing clinical need for the development of

Recognition of NEC is often challenging due to a lack of objec-
tive signs and symptoms. Serum biomarkers are nonspecific,
and imaging revolves around identifying tissue damage after
the fact. However, surgeons have long recognized that there is
a characteristic appearance of threatened bowel at the time of
laparotomy. The cellular byproducts of ischemia are dark chro-
mophores; accordingly, it is hypothesized that there is a non-
invasive spectroscopic approach that has potential to identify
NEC. Optical spectroscopy has shown promise in characteriz-
ing biological tissues, often described as a future alternative to

Abbreviations: AUC, area under the curve; BOS, Broadband optical spectroscopy; iPCA, iterative principal component analysis; NEC, necrotizing enterocolitis; NICU, neonatal intensive care

unit; NIR, near-infrared; PCA, principal component analysis; ReLu, rectified linear unit.
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biopsy [6, 7]. In the context of this promise, and the very thin
abdominal wall of infants at risk for NEC, we have endeavored
to explore the use of broadband optical spectroscopy (BOS) as
a novel point-of-care technology. Unlike quantitative spectros-
copy methods such as tissue oximeters, which target oxyhe-
moglobin as an individual chromophore [8], BOS is tailored to
reveal qualitative variations between tissues. It has been shown
that wavelengths up to 1000nm can penetrate up to 5mm in
tissue, with higher wavelength near-infrared (NIR) optical win-
dows expected to achieving even greater penetration [9, 10]. This
is sufficient to pass the skin (<1.5mm) [11-13], reaching the
underlying tissue of the abdomen. This has been demonstrated
previously in an animal model of NEC but has not yet been ana-
lyzed in humans [14].

Without a fully known molecular mechanism, the discrimina-
tory ability of BOS for NEC rests on advanced signal process-
ing techniques. An empirical approach is mandatory, as tissue
samples for biochemical correlation are neither practical nor
available. In this manuscript we report the development of a
deep learning technique for BOS data. First, a neural network
was built and trained on sample readings labeled as either un-
affected or diseased, resulting in a classification accuracy of
approximately 90%. Then, an iterative principal component
analysis (iPCA) characterized local extrema and selected a
panel of synergetic features. Previously, the effectiveness of
this machine learning approach was demonstrated in tissue
classification [15]. In this study, we further validate it through
clinical data analysis. Finally, new neural networks were
trained using the iPCA selected features in order to ascertain
the future feasibility of a lower-fidelity spectrum, showing a
minimal trade-off in model metrics compared to the whole-
spectrum trained model.

2 | Materials and Methods
2.1 | Patient Recruitment and Data Collection

Infants were enrolled by voluntary parental consent in a
Northwestern University Institutional Review Board-approved
study across two academic neonatal intensive care units
(NICUgs). Inclusion criteria required infants to have a corrected
gestational age of less than 36 weeks. Subjects were excluded for
congenital cardiac anomalies, known abdominal organ diseases,
or prior abdominal surgeries. Once enrolled, infants underwent

daily measurements of their abdomen up to a corrected gesta-
tional age of 36 weeks. Abdominal readings were performed in
three distinct areas; right lower quadrant, left lower quadrant,
and suprapubic region.

BOS measurements were obtained using a handheld probe with
a broad-spectrum light source coupled to a laboratory grade
spectrometer (ASD LabSpec 4, Malvern Panalytical), with a de-
tection range of 350-2500 nm, thus covering both the visible and
NIR ranges. The captured data entailed a 100-500-fold increase
in spectral resolution granularity beyond commercially avail-
able NIR oximeters [16]. Calibration to a Spectralon reference
panel (Malvern Panalytical) was performed prior to each mea-
surement. Data collection does not cause discomfort and there
is no known or theorized harm related to BOS, which requires
only a gentle touch on the baby's skin for under 1s with no ion-
izing radiation. The handheld probe was placed in contact with
the area of interest to reduce ambient light, as seen in Figure 1.

Measurements were taken in duplicate for each region of interest
on 89 patients, resulting in 11 570 spectral scans. Using clinician
categorization, 11367 spectra from 89 patients were categorized
as normal, and 203 spectra from 14 patients were categorized as
NEC. Raw data from a single patient are displayed in Figure 2,
with healthy and diseased spectra indicated. The occurrence
of NEC was determined by a surgeon blinded to the research
analysis conducted. As NEC is not a single pathophysiological
entity but rather a multifactorial condition, the characterization
of data in this study was determined by a patient's physician. A
retrospective review of bedside clinician impressions, hemody-
namics, imaging findings, and clinical course was performed.
Generally, pneumatosis or portal venous gas on radiograph in
addition to any of the following led to a diagnosis of NEC: bloody
bowel movement, abdominal distention, sepsis hemodynamics.
Only BOS readings taken within 24 h of activate NEC suspicion
on radiographs were labelled as diseased. Preprocessing in-
cluded truncation to a range of 400-2400nm due to noise and
relatively low intensity illumination at the periphery of the spec-
trum, followed by min/max normalization based on the spectral
intensity.

2.2 | Training of Neural Network Models

The spectral data were randomly partitioned into a 75% training
data and 25% validation data split. For training, the prevalence

Light source

Spectrometer

FIGURE1 | (left) Schematic of optical system; (right) capturing an abdominal reading from a subject.
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FIGURE 2 | Data plotted from a single patient with healthy spectra displayed in green and diseased spectra displayed in orange. (top) Raw data

and (bottom) scaled data.

of NEC labelled data was increased to comprise 50% of the train-
ing data through random sampling with replacement. This was
done to prevent the models from overfitting to healthy labelled
spectra due to the label imbalance in the data. For the validation
data, the NEC data were up-sampled in the same manner to a
prevalence of 8%, thereby matching the expected prevalence of
the disease in NICU patients [1].

Neural network models were constructed to categorize the la-
belled samples as either healthy or diseased with NEC based
solely on the normalized collected spectra as model inputs.
The first model was trained on the whole spectrum, while sub-
sequent models took only the relevant feature selected wave-
lengths as inputs. All models were comprised of fully connected
sequential networks consisting of rectified linear units (ReLu)
activation functions at each layer, except for at the output which
implemented a sigmoid function. Binary cross-entropy was used
for loss minimization with an Adam optimizer. The training

was run leveraging early stopping with patience. The models
were primarily evaluated on their classification accuracy with
sensitivity and specificity calculated as additional metrics for
comparison.

2.3 | Multivariate Analysis for Feature Selection

Although a comprehensive evaluation of the entire spectrum
from a moderately expensive spectrometer is effective for NEC
detection, it may not be necessary. To test this hypothesis, a
small number of key wavelengths with high diagnostic per-
formance need to be determined. Moreover, a mechanistically
informed neural network classifier with a limited number of in-
puts is less adversely affected by overfitting, which diminishes
a model's applicability in real-world scenarios. It is recognized
that the peaks and valleys within spectra shift and attenuate
based on the chemical composition of tissue structures due
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to the differences in the absorption and scattering of light by
the tissue. This information provides specific characteristics
within the spectra to investigate for feature selection. Thus, it
is hypothesized that focusing on analysis of peaks and valleys
within the data will enable the identification of a robust set of
features, selected using machine learning, with high diagnostic
performance.

MATLAB was employed for the automated detection of peak
and valley locations in the preprocessed data. The features of
wavelength and intensity (I as a function of wavelength) were
extracted for both peaks and valleys, thus resulting in four iso-
lated categories: (1) peak wavelength, (2) valley wavelength,
(3) peak intensity, and (4) valley intensity. Data screening
excluded any feature that was not present in over 50% of all
spectra. In cases where a peak or valley was absent for a given
spectrum, instead of discarding the scan, the Winsorization
method was applied, assigning the 2.5th percentile value of
the wavelengths observed across all spectra to the individ-
ual scan [17]. This resulted in 10 features for each of the four
categories.

Herein an iPCA framework was devised and implemented, to
determine a lower number of diagnostic and synergetic spec-
tral features. This selection process aims to choose a panel of
features with high individual diagnostic performance and low
inter-feature correlation. Unlike traditional principal compo-
nent analysis (PCA) which remaps the entire dataset to a re-
duced number of features for dimensionality reduction, iPCA
maps n features to a n-dimensional vector space, ensuring each
dimension is orthogonal, prior to running linear classification,
with performance assessed by area under the curve (AUC).
Thus, a higher AUC suggests that given the input features, a
high data variance is captured, in addition to high diagnostic
ability, which produces improved result. Hence, features with
high diagnostic value but which maintain a low correlation with
each other should capture higher data variance, thereby result-
ing in a higher AUC and thus are identified as key model inputs.

The proposed iPCA algorithm workflow takes place in two tiers.
In each of the four data sorted categories, all combinations of
three features were PCA transformation prior to performing
centroid-based classification. The combination presenting the
highest AUC value within each category was compiled into a
“first-order model” list, resulting in a list of 12 features. When
presenting these features to the updated neural network model,
the number decreased to a list of 11 wavelengths of import due to
redundancy within the intensity and the location features, both
of which contained the same specific significant wavelength to
the model.

At the second tier, the 12 first-order selected features were fur-
ther reduced to a second-order panel of 7 features. This was
done to determine the minimal set of features yielding the high-
est AUC among these selected features. This process followed a
decision tree-like approach. All combinations of three features
from the pool were analyzed in the same way as in tier one, and
the combination producing the highest AUC was selected. Then,
one by one each remaining feature was added to this initial se-
lection, an updated AUC was calculated, and the added feature
presenting the highest updated AUC was removed from the pool

and kept in the selection group. This process continued until no
substantial increase in AUC was observed, resulting in the list of
selected features for the second-order model.

3 | Results
3.1 | iPCA Feature Selection

Spectra collected from the same infant presented robust and re-
peatable performance over time. The average intensity and stan-
dard deviation of 232 normalized spectra collected from a single
infant over time are illustrated in Figure 3 by a solid black line
and grey shading, respectively. This plot demonstrates the reli-
able performance of the proposed handheld device in capturing
spectral information.

The evaluation of the results obtained by the proposed iPCA pro-
cess are presented in Figure 3b. Furthermore, this figure illus-
trates that while this approach progressively reduces the number
of features in the data, classification of these features with the
nearest centroid classifier produces a progressively higher AUC.
Nearest centroid classification of the initial group of 40 features
within a three component PCA mapping presented an AUC of
0.735. The first-order group, comprising 12 features, resulted in
an AUC value of 0.76. The second-order group of seven features
achieved an enhanced AUC of 0.807. These results demonstrate
that our proposed iPCA approach can effectively distinguish
small number of characterizing features from a large group, re-
sulting in panel of markers with high diagnostic performance
and large informational variance.

Consequently, it is expected that iPCA consistently identifies and
prioritizes features characterized by diminished inter-feature
correlation or heightened label correlation. The correlation anal-
ysis depicted in Figure 3c supports this hypothesis, revealing a
moderately low inter-feature correlation among the selected fea-
tures used for classification. Figure 3d demonstrates an overall
moderate univariate diagnostic performance for these features.
It is noted that these results indicate that features I (1442nm)
and 1800 nm exhibit lower univariate AUC values than the other
five features. Intriguingly, these two features also demonstrate
the lowest overall cross-correlation with other features. This ex-
ample further affirms the hypothesis that iPCA selects features
based on high univariate diagnostic performance and low cross-
correlation, contributing to the development of a synergistic
panel of markers. Furthermore, the AUC improvement demon-
strated in Figure 3b confirms the effectiveness of these features
in capturing crucial diagnostic data.

3.2 | Neural Network Modeling

The initial neural network classification model was trained on
the whole collected spectrum, employing 2001 wavelengths,
and presented an accuracy of 89.74%, a sensitivity of 39.23%,
a specificity of 93.54%, and a precision of 31.31%. This indi-
cated the potential for detecting NEC cases within a popula-
tion with low disease prevalence, underscoring the clinical
viability of the proposed diagnostic method. Following iPCA,
the wavelengths determined as key features were employed
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for the creation of an 11-wavelength first-order model, a
7-wavelength second-order model (507, 760, 970, 1077, 1442,
1657, and 1800nm), and a single-wavelength model. The re-
sulting metrics of accuracy, sensitivity, specificity, and preci-
sion for each model are presented in Table 1. It is noted that
precision is low for all models, illustrating a high prevalence
of false positives.

Given the reduction in model inputs, a relatively consistent
accuracy was observed, not considering the single-wavelength
model which was used as a baseline. There was a marginal

reduction in accuracy from 89.74% to 87.74% for the first-order
model and 87.49% for the second-order model. It should be
noted that, due to the distribution of the data, simply predict-
ing a healthy label would present an accuracy of 92%. Thus,
sensitivity and specificity were included to indicate how well
models performed at predicting NEC and healthy classes,
respectively.

Though the second-order model has far fewer inputs than this
whole-spectrum model, there is minimal cost to the model met-
rics,indicating thatitis plausible to effectively run a classification
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FIGURE3 | (a)Normalized data of 232 scans from a healthy patient with mean intensity shown as a solid black line and standard deviation shown
in grey. (b) iPCA workflow for feature selection, resulting in enhanced diagnostic performance demonstrated by an increase in AUC. (c) Correlation
matrix for the seven iPCA selected features showing low cross-correlation. (d) Univariate AUC values for each of the seven second-order selected
features.

TABLE1 | Neural network validation metrics for each model.

Accuracy (%) Sensitivity (%) Specificity (%) Precision (%)
Whole-spectrum model 89.74 39.23 93.54 31.31
First-order model 87.74 89.28 87.83 35.20
Second-order model 87.49 42.85 90.85 26.03
Single-wavelength model 70.04 71.49 69.93 15.18
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model using a small number of iPCA identified features. Though
the second-order model had a higher AUC than the first-order
model when using the centroid-based classifier, and the whole-
spectrum model provided more data for analysis, the first-order
model demonstrated the highest sensitivity by a large margin at
89.28%. This indicates that the majority of diseased cases were
correctly classified by this model. Overall, the evaluation of this
clinical data provides proof of concept regarding the feasibility
of detecting NEC using spectral analysis.

4 | Discussion

The most familiar applications of clinical spectroscopy are
commercially available devices such as pulse oximeters that
provide a quantitative measurement of tissue or blood oxygen
saturation [16]. Attempts to detect NEC have been with limited
success and have not led to real-world practice changes [18, 19].
Oxyhemoglobin, however, is just one of dozens of biological
chromophores, or light-absorbing molecules. Accordingly, for
full characterization of organs in complex disease states, such
as ischemia or cancer, in which the cellular pathways are in-
completely understood, we suggest a qualitative approach
is required. This is the first work, to our knowledge, to use a
purely empirical approach to distinguish NEC disease among
infants. This builds on work that has demonstrated that isch-
emic tissues have identifiable changes in their spectral intensity,
though never previously performed on cavitary organs in a non-
invasive fashion [20]. We utilized a variety of machine learning
techniques to analyze the spectroscopy data, achieving high
accuracy in distinguishing between abnormal cases susceptible
to NEC and healthy controls in infants. Importantly, the de-
tected spectroscopic signals herein are a result of backscattered
signals, absorption, and, to a small degree, autofluorescence,
without fluorescent contrasts or dyes that are being developed
in other contexts. Hence, we opted for this label-free spectro-
scopic screening approach based on the premise that variations
in tissue structure and composition, underlying infants' thin
skin, modify the spectroscopic signature of respective disease,
thereby altering signals.

We demonstrated the proof of concept that neural networks
can distinguish NEC with a high accuracy of 89.74% (sensi-
tivity =39.23%, specificity =93.54%). The higher specificity
compared to the lower sensitivity is a consequence of the im-
balanced dataset, with a notably low disease prevalence. The
low disease prevalence limitation was partially addressed by
up sampling disease-labelled data for training and evaluation
of our approach. We aimed to develop mechanistically driven
neural network models, since variations in the intensity and
wavelength of spectra extrema are associated light's interaction
with changes in tissues composition. To achieve this, a novel
iPCA analysis was utilized to identify a small panel of wave-
lengths highly relevant to the detection of NEC disease. Using
these selected features for neural network modeling showed a
minimal reduction (less than 2.5%) in model accuracy based
on only 11 (first-order reduction) or 7 spectra (second-order
reduction) in comparison with the full 2001 spectra. Though
there was a similar small reduction in specificity, there was
a notable increase in sensitivity to the disease, with a ~50%
increase from the whole-spectrum model to the first-order

model. This demonstrates the value of using a mechanistically
driven approach for feature selection.

Due to the increase in AUC between the first- and second-order
panels of selected features, one might expect a similar result
for performance of the corresponding neural network models.
It should be noted that unlike the nearest centroid classifier,
which implements a linear function for classification, a neu-
ral network can determine a functional separator of arbitrary
shape. Therefore, more inputs will likely present a more accu-
rate prediction of the classifier, thus improving model perfor-
mance in general. It has been shown that a reduction in the
number of model input features can result in reduced model
overfitting, which occurs when models learn from noise or ir-
relevant patterns in the data. As a result of overfitting, a model
may not generalize well from training data to unseen test data.
Though there is an informational loss when removing features
from the data, by using a subset of features, redundant infor-
mation and excessive noise may be removed, thereby enabling
better generalizability. Furthermore, by removing redundant
information, multicollinearity and model inefficiencies are
removed enabling more accurate determination of model
weights.

A drawback of this study includes a limited number of patients
and specifically a low number of patients with NEC, which
resulted in a large data imbalance between classes. This in-
creases model uncertainty and makes neural network model
training more difficult to do without introducing bias. Though
this is limited to an empirical analysis, further analysis can
be done to determine the limitations of the technology with
regards to factors such as subject skin thickness or weight
limitations that may prevent effective measurement of organs
through the abdominal wall. Additionally, skin tone was not
rigorously studied in this work, but all Fitzpatrick skin types
are represented in this patient cohort. Furthermore, the device
limitations can be explored through phantom experiments and
theory-based simulations relevant to this experimental config-
uration. In future development of this work, it is recommended
that multiple scans are collected at each period of acquisition,
which can easily be done due to the negligible time and cost as-
sociated with capture most data. This will help offset the data
imbalance problem and enable greater model accuracy in the
future.

In future work, further investigation should be conducted to de-
termine the significance of the selected feature wavelengths as
this may provide insight into the underlying biological mecha-
nism of the disease. For instance, spectral variations at ~1800 nm
are known to correlate with changes in C—H composition [21].
The variation at ~1657 nm potentially arises from CH stretching
of methyl group in carbohydrates and lipids in tissue beneath
the skin [22]. Spectral variation in ~1442nm can be due to varia-
tion in H,0, CH, ROH, CONH,, or CONHR |[21]. Spectral varia-
tions at ~970nm are associated with CH or H, 0, as indicated in
the literature [21]. It is noted that there are challenges associated
with precisely determining tissue composition; however, this
endeavor can provide valuable insights when successful.

The high accuracy, sensitivity, and specificity of the first-order
model indicates that the model is effective at identifying the
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presence of disease; however, the low precision scores indicate a
high false-positive rate. This is likely a result of the imbalanced
dataset. Though the model overestimates the presence of dis-
ease, due to the technology's speed, low cost, and noninvasive
nature it still poses an opportunity as a screening tool. In fu-
ture work this low precision can be improved by increasing the
diseased data set for training or by taking multiple scans for a
single diagnostic instance (which poses minimal extra cost), as
has been illustrated on an alternate BOS data set in Figure S1.

Building from this analysis, models should be further developed
to increase diagnostic metrics. Prior to deployment in a medical
setting, this can be done by conducting this analysis on a larger
clinical population to validate the success and investigate the
specific limitations of this technology as a NEC early detection
method. Furthermore, this research focused on implement-
ing this technology specifically for NEC; however, it may also
have value for other diseases with similar characteristics which
allow for data to be collected in the same manner. Additionally,
there is a technical engineering opportunity presented. Given
the panel of selected wavelengths, can a cheap wearable device
be produced allowing for continuous patient monitoring, rather
than using more expensive optical equipment which greatly ex-
ceeds the needs of the application, making it disproportional for
the task at hand.

5 | Conclusion

This empirical research aimed to investigate the ability of BOS
to detect NEC disease states in a neonatal infant clinical pilot
study. It was demonstrated that NEC can be categorized from
a single spectral scan using a neural network model. Deploying
iPCA resulted in two panels of selected features with high AUC
and low cross-correlation. These panels were each implemented
in new neural network models yielding similar model metrics
compared to the whole-spectrum model, with a fractional num-
ber of inputs. Although a whole spectrum provided the highest
accuracy, the value of feature selection using iPCA was success-
fully illustrated. The selected discrete wavelengths can be uti-
lized as key points of interest in future research. Furthermore,
research should be conducted to further develop this technology
to deploy it for point of care medical diagnosis.
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