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Abstract 

Background  Pulmonary hemorrhage (PH) in respiratory distress syndrome (RDS) in extremely preterm infants 
exhibits a high mortality rate and poor long-term outcomes. The aim of the present study was to develop a machine 
learning (ML) predictive model for RDS with PH in extremely preterm infants.

Methods  We performed a retrospective analysis of extremely preterm infants with RDS at the Children’s Hospital 
of Soochow University between January 2015 and January 2021. We applied three ML algorithms—logistic regres-
sion (LR), random forest (RF), and extreme gradient boosting (XGBoost)—to evaluate the performance of each model 
using the area under the curve (AUC), and developed a predictive model based on the optimal model. We calcu-
lated SHapley Additive exPlanations (SHAP) values to determine variables importance and show visualization results, 
and constructed a nomogram for individualized prediction.

Results  A total of 309 patients with RDS were enrolled, including 48 (15.5%) with PH. A total of 29 variables were 
collected, including demographic and clinical characteristics, laboratory data, and image classification. According 
to the AUC values, the RF model performed best (AUC = 0.868). Based on the SHAP values, the top five important vari-
ables in the RF model were gestational age, PaO2/FiO2, birth weight, mean platelet volume, and Apgar score at 5 min.

Conclusions  Our study showed that the RF model could be used to predict the risk of PH in RDS in extremely pre-
term infants. The nomogram provides clinicians with an effective tool for early warning and timely management.
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Introduction
Respiratory distress syndrome (RDS) is one of the most 
common respiratory diseases among preterm neonates. 
It is mainly caused by immature lung development and 
lack of pulmonary surfactant (PS). RDS often causes 

shortness of breath, progressive dyspnea, and respira-
tory failure several hours after birth. With the con-
tinuous development of PS replacement therapy and 
neonatal respiratory support technology, the survival 
rate of infants with RDS has been increasing in recent 
years. However, severe RDS can still cause a series of 
early complications. Pulmonary hemorrhage (PH) is a 
major complication in premature infants with RDS, and 
RDS combined with PH may lead to a higher mortality 
rate and worse clinical outcomes [1, 2].
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PH exhibits a high mortality rate, ranging from 50 to 
82%, and survivors show an increased risk of chronic 
lung disease and poor long-term outcomes [3–5]. There 
are numerous factors that contribute to the development 
of PH, including gestational age (GA), birth weight (BW), 
perinatal asphyxia, RDS, infection, persistent ductus 
arteriosus, and the need for PS therapy [6–8]. Premature 
delivery and RDS are the two most important risk factors 
for PH. Previous studies have shown that PH is an inde-
pendent risk factor for death in newborns with GA < 32 
weeks and an independent predictor of poor prognosis in 
preterm infants with RDS [9, 10]. Thus, proactive preven-
tion of PH is very important. In the context, understand-
ing high-risk factors and establishing predictive models 
for early intervention are the key to preventing PH.

While machine learning (ML) has widely implemented 
in disease diagnosis, complication monitoring, and clini-
cal prediction [11, 12], investigators have not focused on 
identifying the risk factors for PH in RDS in extremely 
preterm infants. In the present study, we adopted 
machine-learning (ML) to develop a model that would 
enable us to predict the risk factors for PH in RDS in 
extremely preterm infants.

Materials & methods
Study design and participants
This retrospective study consisted of 354 neonates 
(GA < 32 weeks) with RDS who were hospitalized at the 
Children’s Hospital of Soochow University between 
January 2015 and January 2021. The exclusion criteria 
were follows: (a) present of congenital malformations; 
(b) incomplete records; and (c) treatment abandoned 
or death occurred in the first 24 h of life. The study was 
approved by the Ethics Committee of the Children’s Hos-
pital of Soochow University (no. 2015010512), with a 
waiver for informed consent because of the retrospective 
nature of the study.

Data collection
The collected variables (equivalent to features in com-
puter science) included the general conditions of the neo-
nate (GA, BW, sex, Apgar score at 1 min, Apgar score at 
5 min, small for GA [SGA], neonatal asphyxia, intubation 
in the delivery room, need for invasive ventilation on the 
first day, PS use, patent ductus arteriosus [PDA], early-
onset septicemia [EOS], image classification); laboratory 
data (PaO2/FiO2, platelet [PLT] count, mean platelet vol-
ume [MPV], prothrombin time [PT], activated partial 
thromboplastin time [APTT]) and the general condition 
of the mother (maternal age, mode of delivery, multiple-
pregnancy status, amniotic fluid contamination, umbili-
cal cord abnormality, placental abnormality, premature 
rupture of membranes [PROM], pregnancy-induced 

hypertension, gestational diabetes mellitus, prena-
tal infection, and antenatal steroids). These data were 
obtained before the occurrence of PH and then used to 
analyze the risk factors for PH in RDS in extremely pre-
term infants.

Definitions
RDS was diagnosed in neonates who showed clini-
cal symptoms of respiratory distress that were associ-
ated with signs of hyaline membrane disease upon chest 
radiographic examination. Positive clinical signs of RDS 
included grunting, cyanosis, nasal flaring tachypnea, 
intercostal retractions, hypoventilation, hypoxemia, and 
respiratory acidosis [13]. PH was defined as bright red 
blood exuding from the endotracheal tube, which was 
associated with clinical deterioration, and new ground-
glass opacities or signs of white lung in the entire lung 
fields on chest radiogram [14]. The diagnosis of neona-
tal asphyxia was based on the following: Apgar score ≤ 7 
at 1 or 5 min after birth, effective spontaneous breathing 
not established, and umbilical arterial blood pH ≤ 7.15, 
and other reasons for a low Apgar score were excluded 
[15]. Umbilical cord abnormality was assessed as being 
either too long (> 70 cm) or too short (< 30 cm) or exhib-
iting signs of edema, torsion, or a knot (among other 
abnormalities). Placental abnormalities included placen-
tal abruption, placenta previa, or an abnormal placental 
shape, size, or weight. EOS was defined as the presence of 
infectious diseases within 72 h after birth, as confirmed 
by blood culture [16].

Model development and assessment
We applied three ML algorithms—logistic regression 
(LR), random forest (RF), and extreme gradient boost-
ing (XGBoost)—to predict the risk factors for PH in RDS 
in extremely preterm infants. All models were devel-
oped in Python (version 3.9.12), with the LR and RF 
models implemented using the Sklearn package and the 
XGBoost model using the Xgboost package. Four-fold 
cross-validation was used and the dataset was randomly 
divided into four equal parts. In each iteration, three 
parts served as the training set, and one part served as 
the test set. This process was repeated four times, with 
each part serving as the test set once. The results from 
these iterations were averaged to provide a final evalu-
ation of the performance of the model. The models 
were evaluated using receiver operating characteristic 
(ROC) curves and their associated area under the curve 
(AUC). We used SHapley Additive exPlanations (SHAP) 
to select the top 10 features with the most significant 
influence on the predictions. Finally, we constructed a 
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nomogram using the top five predictors from the best 
model to assess clinical utility.

Statistical analysis
The patients were divided into a PH group and a non-PH 
group, and the variables were compared between the two 
groups. The independent-sample t test was employed to 
analyze continuous variables that followed a normal dis-
tribution, while the Mann–Whitney U test was applied 
for variables showing a non-normal distribution. The 
chi-square (χ2) test or Fisher’s exact-probability test was 
performed for categorical variables. We conducted all 
statistical analyses using Python (version 3.9.12) and R 
software (4.2.1), and P < 0.05 was considered significant.

Results
General characteristics
As shown in Fig.  1, a total of 309 patients were ulti-
mately included in our study cohort, and the incidence 
of PH with RDS in extremely preterm infants was 15.5% 
(48/309). The cohort was divided into the PH group 
(n = 48) and the non-PH group (n = 261). Table  1 sum-
marizes the demographic and clinical characteristics, 
laboratory data, and image classification of the included 
patients. With univariate analyses, significant differences 
between the two groups were found in GA, BW, Apgar 
score at 1 min, Apgar score at 5 min, neonatal asphyxia, 
intubation in delivery room, invasive ventilation on the 
first day, PS use, PDA, image classification, PaO2/FiO2, 
PLT, MPV, PT, and pregnancy-induced hypertension 
(P < 0.05), and we developed ML models based on these 
variables.

Predictive model and nomogram
Our results indicated that the RF model (AUC = 0.868) 
outperformed the LR (AUC = 0.817) and XGBoost 
(AUC = 0.769) models (Fig. 2). The results of the sensitiv-
ity and specificity analyses of these models are summa-
rized in Table 2. Figure 3 shows the features importance 
analysis for the different models to illustrate the impor-
tance of the features intuitively. For each model, we 
screened out the top 10 features and found that GA 
was the most important feature in all three models. GA, 
PaO2/FiO2, BW, MPV, and Apgar score at 5 min were the 
top five features in the RF model. We also obtained other, 
more complex correlations with PH and analyzed them 
to show the positive and negative effects (Fig. 4). Figure 4 
shows which features are the most important and their 
range of influence in the dataset. The y-axis in the figure 
represents a feature, and the x-axis indicates the SHAP 
value. For each feature, a point represents an observation 
[i.e., a neonate]. The position of the point on the X-axis 
indicates the effect of the feature on the model output 
for that particular patient. When multiple points land at 
the same x position, they pile up to show a denser area. 
A positive SHAP value indicates a positive effect on the 
predicted value, while a negative SHAP value indicates 
a negative effect on the predicted value. The color rep-
resents the size of the feature value, where red indicates 
higher feature value, and blue indicates lower feature 
value: for instance, higher PaO2/FiO2 values (red dots) 
are on the negative side of the vertical line of SHAP val-
ues, indicating that high PaO2/FiO2 values decrease the 
likelihood of PH, and the opposite is true for lower (blue 
dots) values. Features such as GA, PaO2/FiO2, BW, and 

Fig. 1  Flowchart of the study. GA gestational age, RDS respiratory distress syndrome, PH Pulmonary hemorrhage
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Apgar score at 5 min were negatively correlated with PH, 
while MPV was positively correlated with PH.

To visualize of the best-performing model (RF model), 
we generated a nomogram that integrated the top five 
features from RF model for estimating the risk of PH in 
RDS in extremely preterm infants (Fig. 5). In the nomo-
gram, the value of each feature was scored on a point 
scale from 0 to 100, with the total score being the sum of 
all individual feature scores. The sum was then located on 
the total points axis and a line was drawn from the total 
score axis straight down to the risk axis to estimate the 

risk factors of PH in RDS in extremely preterm infants 
(See Fig. 5 for a worked example).

Discussion
Our study was the first-ever attempt to develop ML mod-
els to predict PH in RDS in extremely preterm infants. ML 
has previously been applied to different disease models 
to predict risk factors or prognosis. In the current study, 
we used three methods, namely the LR, RF, and XGBoost 
models, to establish the prediction models. The RF model 
achieved the best predictive performance and had the 

Table 1  Clinical characteristics of PH and non-PH group in RDS in extremely preterm infants

PH Pulmonary hemorrhage, RDS Respiratory distress syndrome, GA Gestational age, BW Birth weight, SGA Small for gestational age, PDA Patent ductus arteriosus, 
PLT Platelet, MPV Mean platelet volume, PT Prothrombin time, APTT Activated partial thromboplatin time, PROM Premature rupture of membranes

Variables PH (n = 48)
M (P25, P75)/N (%)

Non-PH (n = 261)
M (P25, P75)/N (%)

P-value

Neonatal factors
  GA (weeks) 28 (27, 30) 30 (29, 31) 0.016

  BW (g) 1126 (920,1365) 1370 (1145, 1600) 0.037

Gender 0.545

  Male 21 (43.8) 102 (39.1)

  Female 27 (56.2) 159 (60.9)

Apgar scores at 1 min 6 (4, 8) 7 (6, 9) 0.001

Apgar scores at 5 min 7 (6, 9) 8 (8, 10) 0.003

SGA 2 (4.2) 9 (3.4) 0.806

Neonatal asphyxia 16 (33.3) 43 (17.2) 0.001

Intubation in delivery room 29 (60.4) 84 (32.2) 0.001

Invasive ventilation on the first d 36 (75.0) 98 (37.5) 0.001

Surfactant use 45 (93.8) 212 (81.2) 0.004

PDA 21 (43.8) 66 (25.3) 0.041

Early-onset septicemia 7 (14.6) 32 (12.3) 0.65

Image classification 3 (2, 3) 2 (1, 3) 0.001

Laboratory Data
  PaO2/FiO2 268 (215, 332) 333 (231, 418) 0.001

  PLT 204 (173, 204) 232 (185, 277) 0.015

  MPV 11 (10, 11) 10 (9, 10) 0.005

  PT 19 (16, 20) 18 (16, 19) 0.016

  APTT 69 (52, 78) 68 (57, 75) 0.789

Maternal factors
  Age (years) 29 (26, 35) 30 (26, 32) 0.805

  Cesarean section 21 (43.8) 124 (47.5) 0.453

  Multiple pregnancy 25 (52.1) 94 (36.1) 0.633

  Amniotic fluid contamination 6 (12.5) 41 (15.7) 0.571

  Umbilical cord abnormality 5 (10.4) 25 (9.6) 0.858

  Placenta abnormality 8 (16.7) 48 (18.4) 0.777

  PROM 9 (18.8) 55 (21.1) 0.453

  Pregnancy-induced hypertension 4 (8.3) 16 (6.1) 0.036

  Gestational diabetes mellitus 3 (6.3) 14 (5.4) 0.508

  Prenatal infection 3 (6.3) 11 (4.2) 0.212

  Antenatal steroids 18 (37.5) 129 (49.4) 0.348
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highest AUC value. The RF model revealed that GA, PaO2/
FiO2, BW, MPV, and Apgar score at 5 min were the top five 
risk factors for PH in RDS in extremely preterm infants.

GA was the most important feature in our model. PH 
is one of the primary causes of premature death in the 
early postnatal period, and a lower GA in premature 
infants is associated with a higher incidence of RDS and 
PH. A large multicenter retrospective study showed that 
the incidence of PH ranged from 2.0 to 8.7% in preterm 
infants with a GA of 24–32 weeks [17]. Ferreira et al. [7] 
analyzed 67 newborns with PH, and showed that 77.6% 
of the newborns with PH had GA less than 29 weeks—
a clear indication that PH is associated with prematurity. 
Researchers have also highlighted the observation that 

Fig. 2  Area under the curve (AUC) for all three machine learning models. random forest (RF) model, AUC = 0.868; logistic regression (LR) model, 
AUC = 0.817; extreme gradient boosting (XGBoost) model, AUC = 0.769

Table 2  Performance of each predictive model

RF Random forest, LR Logistic regression, XGBoost Extreme gradient boosting, 
AUC​ Area under the curve, CI Confidence interval

RF LR XGBoost

Accuracy 0.887 0.839 0.822

Sensitivity 0.805 0.779 0.753

Specificity 0.718 0.753 0.741

AUC (95% CI) 0.868 (0.815–
0.917)

0.817 (0.756–
0.872)

0.769 (0.687–0.834)

Fig. 3  Importance of the features for each model based on SHapley Additive exPlanations (SHAP). MPV mean platelet volume, RDS respiratory 
distress syndrome, PLT platelet, PDA patent ductus arteriosus, PT prothrombin time, DR delivery room
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lower GA is the strongest risk factor for the development 
of PH [7, 18], which is consistent with our study. We 
also found a negative correlation between BW and PH 
in RDS in extremely preterm infants. Therefore, lower 
GA and BW in premature infants are associated with a 
higher incidence of PH. Previous studies have shown that 
the incidence of PH in preterm infants with low BW is 
elevated; the incidence of PH in very-low-birth-weight 
infants is 4–12%, while the incidence in extremely-low-
birth-weight infants is as high as 11–18.8% [7, 16, 19].

Another important feature revealed in the present 
study was PaO2/FiO2. There have been few reports 
describing PaO2/FiO2 as a risk factor for PH, but we 
acknowledge that PaO2/FiO2 constitutes an important 
diagnostic criterion for neonatal lung injury and its sever-
ity. The PaO2/FiO2 ratio can be obtained through bedside 
blood gas analysis, which is simple and feasible, and it can 
thus be used for the early prediction of PH. Fan et al. [20], 
for example, reported that an PaO2/FiO2 less than 100 
was an independent risk factor for neonatal PH. A large 
number of experiments have revealed that injuries to the 
pulmonary capillary endothelial cells and alveolar epithe-
lial structure are characteristic pathological changes in 
acute lung injury. Fernández et al. [21] demonstrated that 
the presence of acute lung injury was an initial feature of 
PH and noted the importance of a prompt diagnosis of 
the underlying disease, and an experiment in rats showed 
that neonatal PH was a specific manifestation of acute 
lung injury or acute RDS during the neonatal period [22].

The platelet activation products that are available in cir-
culation play a very important role in the pathogenesis of 
vascular and inflammatory diseases. MPV is one of the 
factors that define thrombocyte functions [23]. MPV is 
negatively associated with PLT, i.e., the platelet volume 
increases in patients with reduced PLT. Decreased PLT can 
increase the tendency to bleed, which may lead to serious 

complications, such as intraventricular hemorrhage (IVH) 
and PH. It has previously been reported that MPV can 
be used as an adjunct in the progression of RDS, IVH, 
necrotizing enterocolitis, and sepsis in premature infants 
[24, 25]. In a study by Go et  al., there was a relationship 
between high MPV at birth and the unfavorable outcomes 
of preterm newborns [26]. It seems that elevated MPV 
promotes inflammatory response and oxidative lung injury 
in neonates. Similarly, we found that MPV constituted 
an important predictive factor for PH and was positively 
associated with PH in RDS in extremely preterm infants.

The Apgar score is internationally recognized as one of 
the most convenient and acceptable methods for assess-
ing neonatal asphyxia. Our research implied that Apgar 
score at 5 min and Apgar scores at 1 min were important 
factors for predicting the risk of PH in RDS in extremely 
preterm infants, and they were negatively correlated with 
PH. The lower the Apgar score, the higher the risk of PH. 
This means that newborns may be in more depressed 
states and require stronger resuscitation, or even ventilator 
support, which is likely to drive excessive expansion of the 
alveoli, causing pressure damage to the alveolar capillaries 
and promoting the development of PH. According to Yum 
et al. [5], a low Apgar score at 5 min elevates the incidence 
of massive PH and affects the survival of infants with mas-
sive PH. Moreover, other features such as RDS image clas-
sification, invasive ventilation on the first day, and PDA 
were also screened out in the RF model, indicating that 
these features might be useful in assessing the risk of PH 
in RDS in extremely preterm infants. The severity of RDS 
is related to pulmonary hemorrhage. Cao et al. [27] found 
that PH was significantly increased in RDS with grade 
III -IV. PDA causes shunting from left-to-right, which in 
turn leads to high flow and high-pressure damage to the 
vascular bed, increasing the risk of PH in preterm infants 
[3, 8, 28]. A single-center study found invasive ventilation 

Fig. 4  SHapley Additive exPlanations (SHAP) for interpreting the features in each machine learning model. A random forest (RF) model; B logistic 
regression (LR) model; C extreme gradient boosting (XGBoost) model. MPV mean platelet volume, RDS respiratory distress syndrome, PLT platelet, 
PDA patent ductus arteriosus, PT prothrombin time, DR delivery room
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during the first day was associated with the occurrence 
of PH, and the incidence of PH in premature infants with 
invasive ventilation on the first day were increased [16]. 
These results suggest that the prediction models are fea-
sible for predicting the risk of PH, and the nomogram can 
provide the sum of the scores to pediatricians for estimat-
ing the risk of PH in RDS in extremely preterm infants, 
which could then be used in early preventive therapies.

Limitations
There were some limitations to this study. First, this was 
a single-center retrospective study, and this might have 
introduced selection bias. More importantly, the mod-
els were not validated using independent samples, so the 

performance of the models may not be generalizable. Thus, 
multicenter prospective studies with larger clinical cohorts 
are needed in the future to refine this prediction model.

Conclusion
In this study, we exploited ML to establish three predictive 
models (an LR model, RF model, and XGBoost model) to 
screen the risk factors for PH in RDS in extremely preterm 
infants, and we determined that the RF model showed the 
best predictive performance. The nomogram constructed 
by the top five variables screened by the RF model can 
intuitively predict the risk of PH in RDS in extremely pre-
term infants, which is helpful to provide clinical basis for 
early prevention and individualized treatment.

Fig. 5  Nomogram based on the RF model to estimate the risk of PH in RDS in extremely preterm infants. The nomogram illustrated that each 
variable corresponding to a specific score ranging from 0 to 100. The total score is added by all variables and presented on the ‘Total Points’ axis. The 
morbidity of PH corresponds to the bottom ‘Risk’ axis, which illustrates the higher score, the higher risk of developing PH. For instance: a baby of 24 
weeks [score 50] with a weight of 1400 g [score 34], PaO2/FiO2 of 250 [score 72], MPV of 10 [score 19], and Apgar score at 5 min = 9 [score 11], will 
have a risk of 0.62 (the total score = 186)
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