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Abstract

Background Determining the optimal timing of surgical intervention for Neonatal necrotizing enterocolitis (NEC)
poses significant challenges. This study develops a predictive model using the long short-term memory network
(LSTM) with a focal loss (FL) to identify infants at risk of developing Bell lIB+NEC early and issue timely surgical
warnings.

Methods Data from 791 neonates diagnosed with NEC are gathered from the Neonatal Intensive Care Unit (NICU),
encompassing 35 selected features. Infants are categorized into those requiring surgical intervention (n=257) and
those managed medically (n=534) based on the Mod-Bell criteria. A fivefold cross-validation approach is employed
for training and testing. The LSTM algorithm is utilized to capture and utilize temporal relationships in the dataset,
with FL employed as a loss function to address class imbalance. Model performance metrics include precision, recall,
F1 score, and average precision (AP).

Results The model tested on a real dataset demonstrated high performance. Predicting surgical risk 1 day in advance
achieved precision (0.913+0.034), recall (0.841+0.053), F1 score (0.874+0.029), and AP (0.917 +0.025). The 2-days-in-
advance predictions yielded (0.905 +0.036), recall (0.815+0.057), F1 score (0.857 +£0.035), and AP (0.905 +0.029).

Conclusion The LSTM model with FL exhibits high precision and recall in forecasting the need for surgical
intervention 1 or 2 days ahead. This predictive capability holds promise for enhancing infants’ outcomes by facilitating
timely clinical decisions.

Keywords Deep learning, Long short-term memory network, Neonatal necrotizing enterocolitis, Predictive surgery,
Auxiliary diagnosis
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Introduction

Necrotizing enterocolitis (NEC) is a severe intestinal
disorder in newborns, occurring at a rate of 5-10% in
extremely low birth weight infants [1-3]. Early symptoms
include feeding intolerance, gastric retention and respi-
ratory pauses. As the condition progresses, infants may
develop abdominal distension, vomiting, bloody stools,
and, in severe cases, intestinal perforation, necessitat-
ing emergency surgical intervention. The mortality rate
for medical NEC is 23.5%, which increases to approxi-
mately 30-35% for infants requiring surgery [3, 4]. Even
survivors may face complications such as short bowel
syndrome, intestinal stenosis, and developmental delays
in the nervous system [5, 6]. Treatment for NEC is typi-
cally approached through medical and surgical means.
In cases where medical treatment fails, early surgery can
salvage necrotic bowel segments [7] and reduce the risk
of intestinal stenosis and full-thickness necrosis, thereby
minimizing complications and mortality [8, 9]. Accu-
rately and early predicting the need for surgical interven-
tion in NEC holds significant importance.

Currently, the determination of whether surgical inter-
vention is necessary for NEC involves both absolute and
relative indications [10]. Absolute indication includes
pneumoperitoneum [10], which is typically confirmed
only after the disease has progressed to intestinal per-
foration. When conservative treatment fails and symp-
toms persist, relative indications for surgical intervention
include portal venous gas, severe intestinal wall gas,
non-leakage abdominal fluid accumulation, and elevated
C-reactive protein (CRP) and procalcitonin (PCT),
severe acidosis, and decreased platelet count [10, 11].
While these indicators strongly suggest surgery, their
lower specificity and subjective nature contribute to con-
troversy over the optimal timing.

Machine learning offers the potential to identify hidden
information in large datasets, providing a new perspec-
tive for NEC intervention. Masi et al. [12] achieved 87.5%
accuracy in classifying NEC using a fecal metagenom-
ics sequencing-based prediction model with 48 samples.
Similarly, Lin et al. [13] reported significant results with
an NEC prediction system based on fecal microbiota
analysis.

However, for NEC, the timing of surgery is deter-
mined based on the dynamic changes observed in clini-
cal symptoms, blood tests, and imaging examinations.
Therefore, compared to static data, time-series data holds
greater value. The recurrent neural network(RNN) [14]
is a machine learning algorithm capable of recogniz-
ing time series. However, issues such as gradient van-
ishing and exploding gradients arise when dealing with
long sequences. Long short-term memory (LSTM) [15-
17] avoids these problems and has been widely used in
the medical field for predicting surgical complications
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[18] and mortality [19]. Moreover, up to now, there are
no reports on time series algorithms predicting NEC
surgery.

In this study, we developed a new NEC prediction
model using the LSTM algorithm and Focal Loss (FL)
[20-22]. Our goal is to identify infants who will require
surgical intervention for NEC and to provide an alert 1 or
2 days in advance. We also analyzed the significant fea-
tures that contribute to the model’s predictions.

Materials and methods

Study location and ethics

This retrospective study was conducted in compliance
with Helsinki standards, with approval from the Ethics
Committee of Children’s Hospital of Chongqing Medical
University (No0.2023—-594). The study was conducted at
the Neonatal Treatment Center of the hospital, with con-
sent obtained from parents or authorized guardians for
the use of infants’ data in research.

Inclusion and exclusion criteria

The study included neonates diagnosed with NEC
admitted to the Neonatal Intensive Care Unit (NICU)
at Children’s Hospital of Chongqing Medical University
between April 2017 and April 2022. Exclusion criteria
encompassed cases of re-hospitalization, those with over
20% missing personal information, parents refusing sur-
gery, as well as diagnoses of esophageal atresia, duodenal
atresia, anal atresia, inguinal hernia incarceration, gas-
tric wall developmental defects, Meckel’s diverticulum,
congenital megacolon, congenital hypertrophic pyloric
stenosis, meconium peritonitis, intestinal torsion/con-
genital malrotation, and infants without NEC diagnosis.

Diagnostic criteria for NEC adhered to Mod-Bell cri-
teria, involving one or more clinical signs (bilious gastric
aspirate or emesis, abdominal distention, and occult and/
or gross blood in stool (no fissures)), and the presence of
at least one of the following three radiographic or sono-
graphic findings: ©® pneumatosis intestinalis, @portal vein
gas, and/or ®pneumoperitoneum [23, 24].

Surgical interventions were determined by senior pedi-
atric surgeons, guided by criteria including intestinal
perforation or ineffectiveness of conservative medical
treatment with worsening clinical status [7], supported
by pathological biopsy. The inclusion and exclusion pro-
cess of this study is shown in Fig. 1.

Feature selection

Feature selection focused on identifying variables influ-
encing the decision for NEC surgery. Subjective indica-
tors like abdominal distension and mental reactions were
excluded due to the difficulty in quantification. Selected
features included demographic data, routine stool test
results, inflammatory markers, blood analyses, blood gas
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hospital of Chongqing Medical University
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Fig. 1 Standardized exclusion criteria: the flowchart demonstrates the selection of research cases based on inclusion and exclusion criteria

analysis, abdominal ultrasound (AUS), and standardized
abdominal X-ray (AR) data, totaling 35 features (Table 1).
AUS provided insights into bowel characteristics such
as echogenicity, peristalsis, bowel perfusion, bowel wall
pneumatosis, free gas, and abdominal effusion. There-
fore, these features were extracted from clinical reports
[25]. AR assessments utilized the Duke Abdominal
Assessment Scale (DASS) to standardize reporting and
mitigate subjective bias in feature extraction [26].

Data preprocessing

The original dataset included intermittent laboratory and
imaging examinations conducted by pediatricians based
on the clinical condition of infants. To capture temporal
changes in these features, we constructed a time-series
feature set. Initially we applied one-hot encoding to the
dataset labels. The time series was defined with start
and end points: data collection ceased at the time of sur-
gery for infants undergoing NEC surgery, and for those
with medical NEC, it continued until the last positive
fecal occult blood (OB) test. Due to the non-continuous
nature of these data, we resampled the time axis at spe-
cific intervals. Different sampling intervals resulted in
varying rates of missing data; shorter intervals extended
the time series but increased missing data rates, while
longer intervals reduced missing data rates but shortened
the series, affecting temporal dependencies. For intervals
of 1, 2, and 3 days, average missing data percentages were
72.01%, 66.38%, and 62.01%, respectively. Subsequently,

we compared the model performance across different
sampling intervals. Considering the trade-off between
time series length and the marginal benefit of reduc-
ing missing data rates, a 2-day sampling interval was
selected. The missing data rates and model performance
are presented in Figs. 2 and 3.

To address missing values on the time axis, we initially
applied forward and backward filling techniques. Com-
pletely missing discrete features (e.g., gestational age and
birth weight) were filled with —1. Continuous features
with missing values in both NEC surgical and non-NEC
surgical groups were imputed using their respective
means. This preprocessing step resulted in a complete
time series dataset.

Model
LSTM is an RNN architecture widely used for sequence
modeling and time series analysis [5, 6]. Unlike tradi-
tional RNNs, LSTM features gating mechanisms and
memory cells. The gating mechanisms selectively retain
or omit crucial information at each time step in lon-
ger sequences, while the memory cells are responsible
for storing and updating the internal state as long-term
memory. This selective mechanism enables LSTM net-
works to efficiently preserve essential information in
extended sequences, overcoming the issue of vanishing
gradients in RNN algorithms.

The gating mechanism primarily consists of three com-
ponents: the forget gate (f), the input gate (i), and the
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Type Description

Demographics Gender Delivery Method
Pregnancy day Gravida
Birth Weight Para

Blood Blood oxygen partial pressure(PaO,) White blood cell count (WBC)
Actual base excess (ABE) Percentage of eosinophils
Concentration of hydrogen carbonate Neutrophil percentage (N%)
(HCOy)
oH Platelet count(PLT)
Carbon dioxide partial pressure(PaCO,) Absolute value of neutrophil
Lactic acid (Lac) Immature Neutrophil/Total Neutrophil(l/T)
Procalcitonin (PCT) C-reactive protein(CRP)

Stool Occult blood (OB) Fecal leukocytes
Fecal red blood cells

Image Bowel dilation (AUS) Intestinal dilation (AR)

Intestinal pneumatosis (AUS)

Thickening of the bowel wall (AUS)

Portal venous gas (AUS)

Intra-abdominal fluid accumulation (AUS)

Pneumoperitoneum (AUS)
Patent ductus arteriosus (PDA)

Widening of the interloop space (AR)
intestinal pneumatosis (AR)

Portal venous gas (AR)
Pneumoperitoneum (AR)

output gate (o). These gates control information flow,
allowing the network to determine what to remember or
forget at each time step.

The forget gate f'is a sigmoid layer that decides which
information to discard from the cell state. At time step ¢,
the forget gate f, controls the extent to which the previ-
ous memory cell state C,_; should be forgotten. It takes
the input features x, and the previous hidden state /,_,
as inputs and outputs a value between 0 and 1 for each
element of the memory cell. 1 represents “completely
retaining this value’; and 0 means “throwing this value
completely” The calculation method for the forget gate is
as follows:

fr=0Ws- [hg-r), 2] +by)

where f, is the output of the forget gate, W} is the weight
of the linear layer, /,_, is the hidden state of the previ-
ous moment, x, is the current input, and b represents the
bias vectors.

The input gate i, is a sigmoid layer that determines
what information need to store in cell state. A tanh layer
creates a vector 5t for the new candidate value, which
can be added to the state. Then i, and (7, are merged to
update the state.

iv=o (W;- (A=), 2] + bi)

6’1‘, = tanh(m/( : [ (tfl)v It} + b(',)

Then, we can obtain the cell state C, in step ¢ by forget-
ting C,_; and adding the input information 51& limitedly,
as follows:

Ct = ft O] C(t—l) + Z'f, ® 51‘,

where © is hadamard product, denotes pointwise multi-
plication operation for two vectors. Ultimately, the out-
put gate o, determines the content of output, cell state
pressing the value between —1 and 1 by Tanh, and multi-
ply with o, to obtain the hidden state #,.

op =0 (Wy- [hy—1,24] + bo)
hz‘, =0;© tanh (Ct>

The loss function is a critical metric in neural network
training, assessing the discrepancies between model pre-
dictions and intended outputs. A smaller loss function
indicates that the model’s predictions are closer to the
actual values, reflecting better performance. Well-known
loss functions include the mean squared error (MSE),
commonly used in training regression models, and the
widely applied cross-entropy (CE) loss, which is used in
classification tasks.

Although CE is widely used, it has the property that
easily classified instances result in a significant loss. This
issue may have a negative impact on rarer classes (NEC
surgery group). FL [27-31]addresses this problem by
reshaping the CE function to assign less importance to
easy examples and to focus more on harder examples.
This reshaped loss function allows the model to better
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Fig. 2 The data missing rate at different sampling intervals: Shows the data missing situation of 35 features at sampling intervals of 1 day, 2 days, and 3
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Fig. 3 Model performance at different sampling intervals and missing
data rates

distinguish between different classes, especially rarer
classes, resulting in improved overall performance.

FL(p) = —a(1—p)"log(p),y >0

where p, is the predicted probability for the class, a is a
balancing variant, and y is the tunable focusing param-
eter. The modulation factor aims to decrease the weights
of easily categorized medical NEC infants during train-
ing, thereby directing the model focus toward more
difficult-to-classify ones. In cases when an infant is mis-
classified and the predicted p, is small, the value of the
modulation factor is close to 1, resulting in minimal
impact on the loss. When y=0 and a=1, the FL becomes
equivalent to the CE function.

The entire training process of the model is shown in
Fig. 4, which includes data processing, LSTM with FL
model training, and result output. The parameters of the
LSTM model are recorded in Table 2.
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Fig. 4 Flowchart of the model prediction process. After preprocessing the raw data, selecting features, dividing into training and testing sets, and serial-

izing, the data is input into the LSTM model with FL as the loss function, resulting in predictions

Table 2 The parameters of the LSTM model

Optimizer Dropout Epoch Batch size

Feature dimension

Hidden dimension Output dimension

Adam 0.5 100 128 20

128 2

Evaluation matrix and internal validation

The model’s evaluation utilized 5-fold cross-validation,
where 80% of the data was used for training and the
remaining 20% for testing. This approach ensured each
fold’s training and testing sets encompassed different
infants, enhancing the reliability of the results. To evalu-
ate the model’s performance, we employ standard evalua-
tion metrics, including precision, recall, and F1 score [32,
33]. In handling imbalanced datasets, the F1 score, a bal-
anced measure derived from the harmonic mean of pre-
cision and recall, is commonly employed. The F1 score
ranges from 0 to 1, with higher values indicating better
performance. Let TP, TN, FP, and EN represent the true
positive, true negative, false positive, and false negative
in the confusion matrix. Three evaluation metrics can be
obtained easily using the following formulas:

TP
Recall = 7p PN
Precision = L
" TP+ FP

2 x Recall x Precision
F'1 score =

Recall + Prectsion

Additionally, the area under the curve (AUC) of the
receiver operating characteristic (ROC) curve is

commonly used to evaluate classification models. How-
ever, the ROC curve effectiveness can be limited when
there is an extreme imbalance between positive and neg-
ative samples.

To address this limitation, the precision-recall curve
(PR curve) provides a more robust evaluation of perfor-
mance on imbalanced datasets [34]. The PR curve is bet-
ter suited for extreme imbalances, because it reflects the
trade-off between precision and recall, highlighting the
model’s effectiveness in balancing precision and recall.
The AUC of the PR curve, known as average precision
(AP), will be utilized to evaluate the model’s performance.

Statistical analysis

Quantitative data were presented as meanzstandard
deviation or median (interquartile range), while categori-
cal data were expressed as frequency(percentage). Group
comparisons were conducted using the chi-square test,
Mann-Whitney U test, or t-test, with P<0.05 considered
statistically significant. Data analysis and model develop-
ment were performed using Excel LTSC 2021 and Python
3.8.0 leveraging TensorFlow 2.4 as the deep learning
framework. Feature importance was assessed through
ANOVA analysis, Image processing and visualization
were conducted using PowerPoint LTSC 2021, Photoshop
2023, and Origin 2019. The experimental procedures
were conducted on a computer equipped with an AMD
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Ryzen 5 5600 6-Core Processor, operating at 3.5 GHz
CPU, 32 GB of RAM, and an AMD 5600XT GPU.

Results

Dataset description

We obtained medical records from a big data center
comprising 47,875 hospitalized infants (50,826 records)
admitted to the NICU between April 2017 and April
2022. Applying standardized exclusion criteria (Fig. 1),
we excluded 104 cases (208 records) of readmitted
infants, 158 infants with more than 20% missing personal
information, and 35 cases of infants refusing surgery
were excluded to ensure dataset integrity and quality.
This study focused on predicting NEC surgery and early

Table 3 Clinical features of 791 NEC infants
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warnings, 791 infants diagnosed with NEC, included 257
infants who underwent surgical intervention and 534
who received medical treatment.

Among those in the surgery group, 194 were prema-
ture, and 63 were full-term. While the medical group
comprised 292 premature and 242 full-term infants.
Table 3 presents a clinical feature comparison between
the two groups.

Optimization and performance of focal loss function

We investigated the impact of the hyperparameter y
on the performance of FL in our model. FL comprises
two hyperparameters: « and y. The hyperparameter
y dynamically adjusts the rate of weight reduction for

Characteristics Medical NEC (n=534) Surgical NEC (n=257) P
Gender (male/female) 314/220 149/108 0.825
Birth weight, (33 +5, 9) 2466.26+770.23 2089.97 +804.88 <0.001
Gestational age, (5} +5, W) 36.12+£3.24 3407+3.72 <0.001
Arterial blood gas analysis

Pa02, [M(P,s, P;s), mmHg] 79(65,93) 91(73,133) <0.001
ABE, [M(P55, P;5), mmol//L] -1.9(-4.4,04) -2.1(-4.8,0) 0.002
HCO,™, IM(Ps, P5s), mmol//L] 224(206,25.2) 226(20.5,25.4) 0419
oH, M(Pys, Pys) 7.42(7.36,7.47) 7.38(7.30,7.45) <0001
PaCO,, [M(P,s, P;5), mmHg] 36(30,41) 40(33,48) <0001
Lactic acid, [M(P,s, P;5), mmol//L] 1.9(1.3,2.8) 1.4(0.9,2.1) <0.001
Blood test

WBC, [M(P5s, P5s), 10"12/L] 11.6(9.1,14.5) 10.9(7.6,14.9) 0013
Percentage of eosinophils, 3.0(1.0,5.0) 4.02.0,7.7) <0.001
M(P3s, P7s), %]

PLT, IM(Ps, P55), 10™9/L] 366(258,476) 258(169,380) <0001
Absolute value of neutrophil, 49(34,7.2) 5.3(3.2,8.0) 0.151
[M(P,s, P;5), 1079/L]

/T, IM(P3s, P75), %] 6.1(4.4,80) 7.1(4.512.8) <0.001
Percentage of neutrophil, [M(Ps, P;5), %] 45(35,57) 52(41,63) <0.001
CRP, IM(Pys, P;s), g/dl] 8(8,8) 8(8,21) <0.001
PCT, [M(P,s, P;5), ng/ml] 0.21(0.12,0.81) 046(0.18,3.53) <0.001
Stool routine

Fecal leukocytes, [M(P5s, Pys), /HP] 1(0,2) 3(1,4) <0.001
Fecal RBC, [M(Pys, Ps), /HP] 1(0,2) 1(0,2) <0.001
OB+, n(%) 0(0,1) 1(0,1) <0.001
Abdominal ultrasound

Bowel dilation, n(%) 168/534(31.5) 69/257(26.8) 0.185
Intestinal pneumatosis, n(%) 49/534(9.2) 35/257(13.3) 0.058
Thickening of the bowel wall, n(%) 62/534(11.6) 43/257(16.7) 0.047
Portal venous gas, n(%) 135/534(25.3) 53/257(20.6) 0.149
Intra-abdominal fluid accumulation, n(%) 143/534(26.8) 116/257(45.1) <0.001
Pneumoperitoneum, n(%) 4/534(0.0) 11/257(4.3) <0.001
Abdominal radiograph

Intestinal dilation, n(%) 452/534(84.6) 202/257(78.6) 0.035
Widening of the interloop space, n(%) 170/534(31.8) 77/257(30.0) 0.594
Intestinal pneumatosis, n(%) 240/534(44.9) 100/257(38.9) 0.108
Portal venous gas, n(%) 36/534(6.8) 41/257(16.0) <0.001
Pneumoperitoneum, n(%) 0/534(0.0) 22/257(8.6) <0.001
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Table 4 Performance comparison between models with different settings
Loss function Precision Recall F1 score AP
Cross Entropy 0.872+0.042 0.767 £0.060 0.815+0.044 0.864+0.034
Focal Loss y=1 0.952+0.015 0.930+0.015 0.941+0.012 0.978 +0.006
y=2 0.949+0.009 0.930£0.026 0.939£0.015 0.967+0.023
y=3 0.942+0.016 0.934+0.023 0.937+0.013 0.972+0.006
y=4 0.937+£0.013 0.926+0.015 0.932+0.006 0974+0.014
y=>5 0.941+£0.011 0.922+0.025 0931+£0.013 0.974+0.008
y=6 0.942+0.020 0.926+0.023 0.933+0.007 0.974+0.009
y=7 0.935+£0.037 0.871£0.024 0.902+0.020 0.953+£0.016
y=38 0.884+0.069 0.750+0.051 0.809+0.034 0.857+0.040
1.0
the end of the time series data by 24 h and 48 h, respec-
tively, and processed the data with the model to generate
surgical prediction probabilities using precision, recall,
° 097 F1 score, and AP evaluations. Figure 6 compares the need
£ for surgery predictions 1 and 2 days in advance, with val-
g ues representing 5-fold averages. The PR curve in Fig. 7
T 081 provides an intuitive display of surgical prediction per-
- — formance across the 5-fold results. For predicting surgery
—#— Precision . . .
o Recall 1-day in advance, the model achieved high performance
0.7 - —aA— F1 score with a precision of 0.913+0.034, recall 0.841%0.053, F1
—v—AP score 0.8741+0.029, and the AP was 0.917%0.025. For
Cross Yzll YLZ Y;3 Y:I 4 Y:IS Y; 6 Y:I7 Y:I8 2 days in advance, the? model alsg ‘exhibited commend-
Entropy able performance, with a precision of 0.905%0.036,

Models with different settings

Fig. 5 The performance of models with different settings: As y gradu-
ally increases from 1 to 8, the overall performance of the model exhibits
a fluctuating downward trend. Compared to the Cross-Entropy (CE) loss
function, the focal loss (FL) function demonstrates superior performance

simple samples leveraging the rapid scaling property of
the power function. In contrast, « balances the impor-
tance of samples from different categories but does not
significantly improve overall model performance. There-
fore, we focused on the influence of the y on the experi-
mental performance, determining the optimal value for
subsequent research. We compared the model’s perfor-
mance using CE as the loss function against the model
using FL. Table 4; Fig. 5 illustrate performance changes
with varying y.

As y increases from 1 to 8, model performance trends
to decreases. At y=1, the model achieved its highest F1
score (0.941+0.012) and AP (0.978+0.006). In compari-
son, the model with CE as the loss function had a lower
F1 score (0.815+0.044) and AP (0.864%0.034), These
results indicate that using FL as a loss function helps the
model focus more on learning difficult-to-classify sam-
ples, thereby enhancing classification of performance.

Performance of surgical NEC early prediction
In this section, we evaluate the model’s ability to predict
the need for surgery 1-2 days in advance. We truncated

recall of 0.815+0.057, F1 score of 0.8571+0.035, and AP
of 0.905+0.029. A comparison of the forecasts indicates
slightly better predictive performance for surgery 1 day
in advance than for surgery 2-days in advance (Figs. 6
and 7). Figures 8 and 9 depict the confusion matrices
for model classification, further illustrating the model’s
effectiveness.

Compare with traditional machine learning

Traditional machine learning models typically use cross-
sectional data for predictions, whereas LSTM models
leverage short-term sequential data. In order to compare
the effects of these two types of data on the predictive
outcomes, we selected four traditional machine learning
models: Naive Bayesian Model (NBM), Support Vector
Machine (SVM), K-Nearest Neighbor (KNN), and Light
Gradient Boosting Machine (LightGBM). The compari-
son results are presented in Table 5. The results show that
both SVM and LightGBM perform well, with LightGBM
surpassing LSTM+FL in terms of precision. However,
LSTM+FL demonstrates significant performance advan-
tages in other metrics, highlighting its effectiveness in
utilizing sequential data for NEC surgery prediction.

One-way analysis

Furthermore, we compare the performance of models
trained using individual clinical features versus those
trained with a combination of clinical and imaging data.
Based on feature importance, we decide to use CRP, I/T,
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PCT, and WBC to train the models separately. In terms
of the AP evaluation metric, models trained using CRP
alone achieve similar performance to those trained with
combined clinical and imaging data. However, models
trained with both clinical and imaging data still exhibit
unparalleled performance advantages. The results are
presented in Table 6.

Feature importance

Inflammatory markers (CRP, I/T, fecal leukocytes, PCT)
made significant contributions to the model. Further-
more, eosinophil percentage, blood oxygen pressure,
blood pH value, carbon dioxide pressure, and gesta-
tional age also played important roles in predicting NEC

surgery. A higher feature score indicates a greater contri-
bution to the model, as shown in Fig. 10.

Discussion

Early prediction of the timing for NEC surgery and
timely intervention are crucial for improving the prog-
nosis of NEC. Early prediction of surgery can provide
advance warning time, which helps reduce the time for
observation and follow-up decisions, thereby potentially
decreasing mortality and complications. In this study,
we constructed a novel model for predicting NEC sur-
gery based on LSTM to recognize time series and FL to
address imbalanced data. This model holds the potential
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to enhance outcomes for NEC patients by facilitating
timely interventions.

CRP emerges as a significant predictor in our model
for determining the timing of NEC surgery. Previous
research supports the predictive role of elevated CRP
levels in NEC surgery and post-operative intestinal stric-
tures [9, 35, 36], making it a common marker for moni-
toring and diagnosing NEC among surgeons [11]. The
ratio of immature neutrophils to total neutrophils (I/T),
which is very useful for distinguishing neonatal infec-
tions [37]. Elevated I/T levels, indicative of severe infec-
tion, also play a crucial role. Miner et al. [38] found that
increased I/T levels help distinguish between Bell stage 11
and III of NEC. These easily accessible markers enhance
the model’s applicability in clinical settings.

The duration of abnormal fecal leukocytes may also
play a significant role in the model. In the medical NEC
group, the duration of abnormal fecal leukocytes has
a median of 4 days (interquartile range: 2-8 days), and
a mean of 5.97 days. Conversely, the surgical interven-
tion NEC group has a median duration of 10 days (inter-
quartile range: 4—14 days), and a mean of 9.82 days.
The Mann-Whitney U test indicates a significant differ-
ence (p<0.001) between the two groups, suggesting the

duration of abnormal fecal leukocytes in NEC infants
warrants further investigation.

The trend of PCT changes serves as a valuable indi-
cator for predicting the timing of NEC surgery. PCT
can be detected 2 h after bacterial infection and rapidly
increases within 6 h post-infection [39]. Liebe et al. [40]
suggested that infants with NEC may require surgery if
PCT levels exceed 1.4 ng/ml. However, limited consid-
eration is given to the trend of PCT changes. Turner et
al. [41]monitored PCT in suspected NEC and septic chil-
dren for three consecutive days, finding no statistically
significant differences. Conversely, Cetinkaya et al. [42]
discovered that in infants with NEC Bell stage III, PCT
persists longer and decreases more slowly compared to
sepsis. This highlights the potential impact of feature
change trends on predictive outcomes.

Choosing to issue early warnings within 2 days is
appropriate, as longer intervals might miss rapid changes
in the patient’s condition. For instance, fulminant NEC
can lead to death within 48 h of onset [43], so the mod-
el's warning period should not exceed 48 h to ensure
timely decisions. The advantages of early warnings
include focused monitoring of high-risk infants, timely
communication with families to gain their support, and
individualized decision-making based on the warning
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Table 5 Comparison results with machine learning models

Evaluation NBM SVM KNN LightGBM LSTM+FL
Precision 0.835+£0.025 0.905+£0.033 0.886+0.024 0.963+0.010 0.952+0.015
Recall 0.833+0.029 0.902+0.026 0.812+0.032 0.915+0.029 0.930+0.015
F1 score 0.833+£0.027 0.903+£0.029 0.834+0.033 0.934+0.023 0.941+0.012
AP 0.812£0.041 0.922+0.025 0.811+0.026 0.885+0.042 0.978+0.006
Table 6 Comparison results with using single clinical feature

Evaluation CRP /T PCT WBC LSTM +FL
metrics

Precision 0.893+£0.037 0.894+0.033 0.891+0.031 0.887+0.034 0.952+0.015
Recall 0.922+0.012 0.802+0.051 0.770£0.095 0.739+0.055 0.930+0.015
F1 score 0.907+0.016 0.844+0.026 0.822£0.049 0.804+0.027 0.941+0.012
AP 0.977+0.010 0.955+£0.022 0.961+£0.023 0.932+0.027 0.978 +0.006

information. However, there are also drawbacks. Estab-
lishing a time series with a 2-day interval requires mon-
itoring the infant with at least one test every two days,
such as blood analysis, blood gas analysis, stool tests,
AUS or AR. This may lead to increasing the economic
burden on patients.

The features collected for our model are less prone to
interference, with quick test results and high usability.
Some researchers have attempted to predict NEC surgery

using fecal microbiome metagenomics [13]. However, the
neonatal gut microbiome is influenced by various factors
such as delivery method, infections, feeding practices,
antibiotic use, and probiotics [44]. Additionally, the high
cost and time-consuming nature of metagenomic test-
ing may limit its widespread application. Our model,
based on blood analysis and abdominal imaging, pro-
vides timely results, strong usability, and is feasible even
in primary care hospitals equipped with basic diagnostic
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equipment. Compared to models based on computer
vision [45], our approach considers the dynamic changes
in features. For instance, abdominal imaging features
critical for NEC diagnosis, such as portal venous gas,
bowel wall thickening, and pneumatosis, can also appear

in other conditions like ischemic bowel necrosis

protein-induced enterocolitis [46, 47]. Portal venous gas
caused by food protein-induced enterocolitis resolves
faster with dietary management compared to NEC [47],
and Sharma found that nearly half of infants with portal
venous gas can survive without surgery [48]. Therefore,
dynamically considering the changing trends and speed
of imaging characteristics might be one of the directions

to consider in the future.

Limitation

This study has several limitations. Firstly, the retrospec-
tive nature of the study results in a high rate of data
missingness. While a 3-day sampling interval shows a
decrease in data missingness compared to 2-day inter-
val, it also results in reduced performance, likely due to
the shorter time series and delayed capture of disease
changes. Additionally, there was an uneven distribution
in the frequency of examinations and tests conducted
by doctors, especially for infants with severe conditions,
requiring intensive follow-ups for surgical assessments
[10]. Future research should implement specific follow-
up protocols for high-risk infants to reduce missing
data and consider adjusting algorithm weights for spe-
cific time periods to enhance generalization ability and

or food
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robustness. Besides, our imaging features were extracted
from text reports generated using the DASS. Integrat-
ing imaging algorithm modules, such as computer vision
techniques to extract latent information from AR [45],
in future studies may help avoid subjectivity. Lastly, the
LSTM algorithm can reduce the subjectivity in NEC
surgical decision-making, but its explainability remains
a topic of discussion in the academic community. Some
researchers believe that high-quality machine learning
models can be evidence-based even without explainabil-
ity [49]. However, measures such as eliminating less rel-
evant features and incorporating attention mechanisms
are expected to reduce model complexity and enhance
explainability in the future.

Conclusion

The LSTM algorithm is employed to construct a model
for diagnosing and predicting the surgical risk of NEC,
addressing imbalanced categories using FL. Results
showed that this model can serve as an auxiliary tool for
surgical decision-making in the NICU.
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