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Abstract
Objective The objective was to develop a cost-efficient, easily implementable, and scalable predictive model for
retinopathy of prematurity, ensuring effective prediction while constraining both the costs associated with data
acquisition and the complexity of clinical deployment.

Setting Neonatal units of three medical institutions in Hunan, China

Patients Neonates born during the period from 2022 to 2025. Data were retrospectively collected from three
medical institutions: Xiangya Hospital of Central South University, The Central Hospital of Shaoyang, and The
first people’s hospital of Changde city.

Main outcome measures Accuracy, Sensitivity, Specificity, PPV, NPV, AUC, F1 Score

Methods A cohort study was conducted using 584 neonatal records from Xiangya Hospital of Central South
University. Correlations between blood gas parameters and ROP were first analyzed. Three routine postnatal
monitoring variables (gestational age, birth weight, and arterial blood gas analysis results) obtained within 42
days after birth were selected via Pearson correlation analysis. Ten machine learning algorithms were trained
and compared to identify the optimal model with the simplest data requirements and best predictive
performance. Model effectiveness was subsequently evaluated through external validation at two independent
medical centers.

Results Among ten machine learning models, XGBoost demonstrated the optimal predictive performance.
During XGBoost model training, excessive inclusion of blood gas analysis features introduced noise and
compromised model efficacy. Restricting input to the top 10 most clinically relevant features yielded the best
performance, with an AUROC of 0.8512, accuracy of 0.82, sensitivity of 0.9513, and negative predictive value of
0.9129. External validation further confirmed the model's generalization robustness: across two independent
validation cohorts, sensitivity was 0.8333 and 0.9167, and AUROC was 0.8576 and 0.7319, respectively.

Conclusions By relying solely on blood gas parameters and minimal clinical features, this model facilitates
early ROP detection.

1 Introduction
Retinopathy of Prematurity (ROP) is a devastating neurovascular disease of the retina that can lead to vision
deficits or even blindness and vary widely in both severity and prognosis[1–2]. In 2019, the global age-
standardized rates of prevalence per 100,000 population was 86.4 for vision loss, specifically, 31.6 for
blindness due to ROP among people younger than 20 years[3]. ROP has become one of the leading global
causes of blindness in neonates[4]. Early treatment improved visual acuity outcomes at 6 years of age[5].
Currently, the clinical application of RetCam for neonatal ophthalmic screening and Artificial Intelligence (AI)-
based retinal image analysis techniques[6–8] are progressively becoming the primary screening modalities.

Despite tailored screening guidelines, only a minority of screened infants ultimately require treatment[9–11],
current screening criteria may result in numerous unnecessary examinations[12–13], and accurately predicting
which patients require intervention remains an unsolved clinical problem. Machine learning (ML)[14] has
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emerged as a promising tool for advancing the prediction of ROP by identifying subtle patterns of clinical
deterioration within large-scale datasets. For instance, PW-ROP[15] developed using an Asian cohort,
incorporated only gestational age (GA) and birth weight (BW) and demonstrated excellent performance in
internal validation involving 1,043 neonates. WINROP[16] relies on longitudinal monitoring of weekly weight and
serum insulin-like growth factor-1 (IGF-1) levels postnatally, providing warnings 5–7 weeks before treatment is
needed and achieving 100% sensitivity in a Swedish cohort. However, this model requires repeated blood
sampling for IGF-1 measurement, limiting its clinical adoption due to procedural complexity and cost.The
applicability of most existing models is restricted to infants with a gestational age of < 32 weeks[16–21].
However, emerging evidence indicates that ROP may also occur in more mature infants[22], highlighting a gap in
extending model applicability.Previous research confirms that low GA and low BW are the most significant risk
factors for ROP[23–25]. Hyperoxia may induce retinal vasoconstriction and obliteration, leading to hypoxic tissue

injury[26–28]. Variations in multiple arterial blood gas analysis(ABGA) parameters—including partial pressure of
carbon dioxide (PCO₂), oxygen saturation, oxygen fluctuations[29–34], lactate levels[35], and lower pH values—are
closely linked to severe ROP[36–37]. These findings suggest that ABGA may have a potential predictive value for
ROP.

Collectively, ABGA is routinely monitored in infants and offers high standardization and accessibility.. This
study proposes an ROP risk prediction model using machine learning algorithms, incorporating multi-timepoint
ABGA parameters alongside GA and BW. Our objective is to achieve precise ROP risk prediction, simplify data
acquisition, provide a critical time window for clinical intervention, and ultimately reduce long-term visual
impairment in high-risk infants.

2 Results

2.1 Baseline characteristics
The final training cohort comprised 584 infants (1,168 eyes; 5,422 arterial blood gas analyses), of whom 196
(33.56%) developed retinopathy of prematurity (ROP) during hospitalization, including 45 cases (7.71%) with
plus disease. External validation set 1 included 74 infants (148 eyes; 546 arterial blood gas analyses), with 31
(41.89%) developing ROP and 23 (31.08%) exhibiting plus disease. External validation set 2 included 35 infants
(70 eyes; 309 arterial blood gas analyses), of whom 12 (34.29%) developed ROP during their hospital stay. The
baseline characteristics of the ROP and non-ROP groups within the training cohort are summarized in Table 1.
There was no statistically significant difference in gender distribution between the groups (p > 0.05). Infants in
the ROP group generally had a lower gestational age and a lower birth weight. Significant differences in arterial
blood gas analysis within the first 42 days of life were observed between the two groups. Regarding vital signs,
body temperature showed a slight but significant difference (36.5 [36.3, 37.0] vs. 36.7 [36.5, 37.0]℃, p < 0.05).
Core acid-base balance indicators differed significantly between ROP and non-ROP groups, including pH (7.3
[7.2, 7.3] vs. 7.3 [7.3, 7.4], p < 0.001), pCO₂ (46.6 [39.0, 53.9] vs. 40.8 [34.0, 49.0] mmHg, p < 0.001), BEecf (-3.0
[-5.3, -1.8] vs. -1.8 [-1.8, -1.8] mmol/L, p < 0.001), BE(B) (-2.4 [-5.4, 1.7] vs. -1.7 [-1.7, -1.7] mmol/L, p < 0.001) and
HCO₃⁻ (21.9 [20.1, 23.5] vs. 20.8 [18.8, 23.0] mmol/L, p < 0.001). Furthermore, electrolytes used to calculate the
anion gap AG = Na⁺+K⁺-(Cl⁻+ HCO₃⁻) for identifying types of metabolic acidosis were notably different: Na⁺
(133.0 [131.0, 135.0] vs. 136.0 [134.0, 138.0] mmol/L, p < 0.001), K⁺ (4.5 [4.1, 4.9] vs. 4.3 [4.1, 4.7] mmol/L, p < 
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0.001), and Cl⁻ (105.0 [103.0, 108.0] vs. 109.0 [106.0, 112.0] mmol/L, p < 0.001). Indicators reflecting
oxygenation and oxygen-carrying capacity also exhibited significant disparities, such as alveolar partial
pressure of oxygen (PaO₂) (89.5 [67.0, 107.5] vs. 101.9 [84.0, 112.8] mmHg, p < 0.001), fraction of inspired
oxygen (FiO₂) (21.0 [21.0, 37.1] vs. 21.0 [21.0, 21.0]%, p < 0.001), total hemoglobin (ctHb) (15.6 [14.2, 17.2] vs.
16.4 [15.1, 18.1] g/dL, p < 0.001), fO₂Hb (93.7 [90.8, 95.1]% vs. 94.5 [91.3, 96.1]%, p < 0.001), fCOHb (1.7 [1.3,
2.1]% vs. 1.1 [0.9, 1.6]%, p < 0.001), fMetHb (1.1 [0.8, 1.3]% vs. 0.6 [0.5, 0.9]%, p < 0.001), and Hct (46.0 [41.0,
51.0]% vs. 49.7 [45.5, 54.3]%, p < 0.001). Additionally, metabolic and perfusion markers varied significantly,
including lactate (2.0 [1.3, 3.1] vs. 2.4 [1.5, 3.6] mmol/L, p < 0.01) and glucose (3.6 [2.6, 4.7] vs. 3.9 [3.0, 5.2]
mmol/L, p < 0.05). Total bilirubin (tBil) levels were significantly different between the cohorts (34.0 [34.0, 40.0]
vs. 36.0 [34.0, 53.0] µmol/L, p < 0.001). Finally, no significant differences were observed between the two
groups across several blood gas parameters, including fractional carboxyhemoglobin (fHHb), ionized calcium
(Ca²⁺), oxygen saturation (sO₂) and anion gap (AG).
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Table 1
Baseline characteristics of the study population

Parameters ROP Non-ROP p-value

GA [M(IQR)] 201.0 (192.0, 213.0) 243.5 (216.0, 270.0) < 0.001

BW [M(IQR)] 1080.0 (900.0, 1342.5) 2140.0 (1370.0, 3182.5) < 0.001

Gender [F(n):M(n)] 102:94 169:219 0.0638

T [M(IQR)] 36.5 (36.3, 37.0) 36.7 (36.5, 37.0) < 0.05

pH [M(IQR)] 7.3 (7.2, 7.3) 7.3 (7.3, 7.4) < 0.001

pCO₂ [M(IQR)] 46.6 (39.0, 53.9) 40.8 (34.0, 49.0) < 0.001

HCO₃⁻ [M(IQR)] 21.9 (20.1, 23.5) 20.8 (18.8, 23.0) < 0.001

K⁺ [M(IQR)] 4.5 (4.1, 4.9) 4.3 (4.1, 4.7) < 0.001

Cl⁻ [M(IQR)] 105.0 (103.0, 108.0) 109.0 (106.0, 112.0) < 0.001

Na⁺ [M(IQR)] 133.0 (131.0, 135.0) 136.0 (134.0, 138.0) < 0.001

ctHb [M(IQR)] 15.6 (14.2, 17.2) 16.4 (15.1, 18.1) < 0.001

FO₂Hb [M(IQR)] 93.7 (90.8, 95.1) 94.5 (91.3, 96.1) < 0.001

fCOHb [M(IQR)] 1.7 (1.3, 2.1) 1.1 (0.9, 1.6) < 0.001

fMetHb [M(IQR)] 1.1 (0.8, 1.3) 0.6 (0.5, 0.9) < 0.001

Hct [M(IQR)] 46.0 (41.0, 51.0) 49.7 (45.5, 54.3) < 0.001

Lac [M(IQR)] 2.0 (1.3, 3.1) 2.4 (1.5, 3.6) < 0.01

Glu [M(IQR)] 3.6 (2.6, 4.7) 3.9 (3.0, 5.2) < 0.05

tBil [M(IQR)] 34.0 (34.0, 40.0) 36.0 (34.0, 53.0) < 0.001

fHHb [M(IQR)] 3.3 (2.1, 6.1) 3.3 (1.9, 6.8) 0.8502

FiO₂ [M(IQR)] 21.0 (21.0, 37.1) 21.0 (21.0, 21.0) < 0.001

Ca²⁺ [M(IQR)] 1.3 (1.3, 1.4) 1.4 (1.3, 1.4) 0.1217

BEecf [M(IQR)] -3.0 (-5.3, -1.8) -1.8 (-1.8, -1.8) < 0.001

BE(B) [M(IQR)] -2.4 (-5.4, -1.7) -1.7 (-1.7, -1.7) < 0.001

AG [M(IQR)] 10.0 (9.0, 11.0) 10.0 (10.0, 10.0) 0.8706

Continuous variables are shown as median [IQR], and categorical variables as counts (percentages). fHHb:
Fraction of reduced hemoglobin (deoxyhemoglobin), FiO₂: Fraction of inspired oxygen, Ca²⁺: Ionized
calcium, AG: Anion gap, BEecf: Base excess in extracellular fluid, HCO₃⁻: Bicarbonate ion, pCO₂: Partial
pressure of carbon dioxide, Cl⁻: Chloride ion, BE(B): Standard base excess, T: Temperature, ctHb: Total
hemoglobin concentration, sO₂: Oxygen saturation, Hct: Hematocrit, fMetHb: Fraction of methemoglobin,
fCOHb: Fraction of carboxyhemoglobin, fO₂Hb: Fraction of oxyhemoglobin, PaO₂: Arterial partial pressure of
oxygen, K⁺: Potassium ion, pH: Negative logarithm of hydrogen ion activity, Lac: Lactate, Glu: Glucose, Na⁺:
Sodium ion, tBil: Total bilirubin
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Parameters ROP Non-ROP p-value

sO₂ [M(IQR)] 96.3 (93.3, 97.9) 96.6 (93.1, 98.1) 0.5435

PaO₂ [M(IQR)] 89.5 (67.0, 107.5) 101.9 (84.0, 112.8) < 0.001

Continuous variables are shown as median [IQR], and categorical variables as counts (percentages). fHHb:
Fraction of reduced hemoglobin (deoxyhemoglobin), FiO₂: Fraction of inspired oxygen, Ca²⁺: Ionized
calcium, AG: Anion gap, BEecf: Base excess in extracellular fluid, HCO₃⁻: Bicarbonate ion, pCO₂: Partial
pressure of carbon dioxide, Cl⁻: Chloride ion, BE(B): Standard base excess, T: Temperature, ctHb: Total
hemoglobin concentration, sO₂: Oxygen saturation, Hct: Hematocrit, fMetHb: Fraction of methemoglobin,
fCOHb: Fraction of carboxyhemoglobin, fO₂Hb: Fraction of oxyhemoglobin, PaO₂: Arterial partial pressure of
oxygen, K⁺: Potassium ion, pH: Negative logarithm of hydrogen ion activity, Lac: Lactate, Glu: Glucose, Na⁺:
Sodium ion, tBil: Total bilirubin

2.2 Feature selection
Feature selection began with gestational age (GA), birth weight (BW), postmenstrual age (PMA), and core
arterial blood gas analysis (ABGA) parameters associated with ROP. Pearson correlation coefficient (Fig. 1) and
SHAP analysis (Fig. 2) were used for feature importance screening and contribution analysis. Variables were
ranked by importance, and iteratively incorporated into ROP prediction models to identify the optimal balance
between performance and parsimony. The top ten features yielded the best predictive performance. Three
feature sets were constructed: a four-feature set (gender, GA, BW, PMA); a ten-feature set (GA, BW, PMA, Hct,
ctHb, HCO₃⁻, fCOHb, Lac, fMetHb, pCO₂); and an all-feature set comprising all 28 variables. These sets formed
the structural basis for subsequent model development and validation.

2.3 Predictive performance
The predictive performance of ten machine learning algorithms was systematically evaluated across three
distinct feature sets, with results presented in Table 2 and Fig. 3: a "ten-feature set" (comprising 10 key
variables), a "four-feature set" (limited to core indicators), and an "all-feature set" (incorporating all available
variables). Gradient-boosted decision trees, specifically XGBoost and CatBoost, demonstrated superior overall
performance, particularly within the ten-feature set. In this configuration, XGBoost achieved the highest
performance metrics, with an AUROC of 0.8512, sensitivity of 0.9513, and an F1 score of 0.8600, indicating
exceptional discriminative power. CatBoost performed comparably (AUROC 0.8321, sensitivity 0.8020, F1
0.8000), exhibiting strong robustness and generalizability. Notably, the inclusion of additional variables in the
all-feature set did not yield significant performance gains over the ten-feature set. For instance, the AUROC for
XGBoost decreased to 0.8044; while sensitivity remained high (0.9664), specificity dropped markedly to 0.4589,
resulting in a lower positive predictive value (PPV) of 0.6973. This suggests that redundant or noisy features
may introduce overfitting risks, potentially undermining model stability and clinical utility. Consequently, the
ten-feature set offered the optimal balance between predictive accuracy and parsimony. The four-feature set
maintained competitive efficacy despite its reduced dimensionality. CatBoost achieved an AUROC of 0.7685
(sensitivity 0.7534, F1 0.74), while the Multi-layer Perceptron (MLP) reached an AUROC of 0.7566 and
sensitivity of 0.8305. These results indicate that a minimal subset of highly relevant clinical variables is
sufficient for developing viable early-warning tools, particularly for resource-limited settings or real-time
decision-making where model deployability is paramount. Regarding model architecture, gradient-boosting
algorithms consistently outperformed traditional methods such as KNN, Naive Bayes, and Logistic Regression,
especially in capturing non-linear interactions. However, Logistic Regression maintained respectable

Page 7/24



performance on the 10-feature set (AUROC 0.7626, sensitivity 0.797), offering high interpretability suitable for
clinical pathway integration. Across all configurations, models exhibited high sensitivity (up to 0.9513) and
negative predictive value (NPV) (up to 0.9129). This high NPV underscores the models' strength in accurately
identifying low-risk individuals and minimizing missed diagnoses—a critical requirement for Retinopathy of
Prematurity screening.
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Table 2
Performance metrics of machine learning models across feature sets

Set Model Accuracy Sensitivity Specificity PPV NPV AUC F1
Score

all-
feature
set

XGB 0.7400 0.9664 0.4589 0.6973 0.9138 0.8044 0.8100

CB 0.7700 0.8171 0.7121 0.7855 0.7511 0.8008 0.8000

MLP 0.7193 0.8255 0.5823 0.7182 0.7212 0.7818 0.7700

DT 0.7400 0.7433 0.7468 0.7911 0.6928 0.7822 0.7700

RF 0.6900 0.6443 0.7446 0.7649 0.6187 0.7645 0.7000

SVM 0.6900 0.7265 0.6450 0.7253 0.6464 0.7698 0.6900

LR 0.7000 0.7836 0.5844 0.7086 0.6767 0.7595 0.7400

NB 0.7200 0.9044 0.4827 0.6928 0.7964 0.7437 0.7800

KNN 0.7100 0.7785 0.6147 0.7227 0.6827 0.7850 0.7500

LGB 0.7000 0.7752 0.6104 0.7196 0.6779 0.7321 0.7500

ten-
feature
set

XGB 0.8200 0.9513 0.6580 0.7821 0.9129 0.8512 0.8600

CB 0.7800 0.8020 0.7403 0.7993 0.7435 0.8321 0.8000

MLP 0.7344 0.8456 0.5909 0.7273 0.7479 0.8100 0.7800

DT 0.7300 0.7064 0.7532 0.7869 0.6654 0.7765 0.7300

RF 0.7200 0.7131 0.7403 0.7798 0.6667 0.8017 0.7400

SVM 0.7400 0.9564 0.4697 0.6994 0.8930 0.7703 0.7200

LR 0.7000 0.7970 0.5779 0.7090 0.6881 0.7626 0.7000

NB 0.7000 0.8809 0.4740 0.6836 0.7552 0.7563 0.6900

KNN 0.7000 0.8070 0.5606 0.7032 0.6925 0.7475 0.6900

LGB 0.6900 0.7466 0.6061 0.7097 0.6497 0.7345 0.7300

four-
feature
set

XGB 0.7400 0.9228 0.4978 0.7033 0.8333 0.7253 0.8000

CB 0.7400 0.7534 0.7273 0.7809 0.6957 0.7685 0.7400

MLP 0.7100 0.8305 0.5541 0.7061 0.7171 0.7566 0.7000

DT 0.7100 0.7785 0.6277 0.7296 0.6872 0.7560 0.7100

RF 0.6900 0.7198 0.6494 0.7259 0.6424 0.7200 0.6900

XGB eXtreme Gradient Boosting, CB Categorical Boosting, MLP Multilayer Perceptron, DT Decision Tree, RF
Random Forest, SVM Support Vector Machine, LR Logistic Regression, NB Naive Bayes, KNN K-Nearest
Neighbors, LGB Light Gradient Boosting Machine, PPV Positive Predictive Value, NPV Negative Predictive
Value, AUC Area Under the Curve
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Set Model Accuracy Sensitivity Specificity PPV NPV AUC F1
Score

SVM 0.6900 0.7265 0.6450 0.7253 0.6464 0.7698 0.6900

LR 0.6000 0.7000 0.4700 0.6300 0.5500 0.6942 0.5900

NB 0.6500 0.8389 0.4091 0.6468 0.6632 0.6796 0.6300

KNN 0.6200 0.6426 0.5887 0.6684 0.5608 0.6815 0.6200

LGB 0.6600 0.7349 0.5584 0.6822 0.6202 0.6847 0.6600

XGB eXtreme Gradient Boosting, CB Categorical Boosting, MLP Multilayer Perceptron, DT Decision Tree, RF
Random Forest, SVM Support Vector Machine, LR Logistic Regression, NB Naive Bayes, KNN K-Nearest
Neighbors, LGB Light Gradient Boosting Machine, PPV Positive Predictive Value, NPV Negative Predictive
Value, AUC Area Under the Curve

In summary, the XGBoost model trained on the 10-feature set emerged as the optimal configuration, achieving
an AUROC of 0.8512, sensitivity of 0.9513, specificity of 0.658, and an F1 score of 0.86. Two inference
strategies were implemented during the model development phase: mean aggregation, which averages the
probabilistic outputs across multiple data entries to inform decision-making, and max aggregation, which
utilizes the maximum value across entries for final prediction. In the external validation phase, we maintained
these two aggregation approaches to ensure consistency with the development cohort. The results
demonstrated robust performance across diverse datasets: in External Validation Set 1 (n = 74), the model
achieved a sensitivity of 0.8333 and an AUROC of 0.8576; in External Validation Set 2 (n = 35), the sensitivity
was 0.9167 with an AUROC of 0.7319 (Table 3). The performance drop in External Validation Set 2 may be
attributed to the smaller sample size (n = 35) and potential distributional differences across centers. This
combination validates the effectiveness of a "less is more" feature selection strategy in clinical modeling.
Given its high sensitivity and NPV, this model is a primary candidate for early ROP risk assessment, supporting
the clinical objective of early detection and intervention.

Table 3
Performance metrics of external validation sets

Set Inference
strategy

Accuracy Sensitivity Specificity PPV NPV AUC F1
Score

external
validation
set 1

Mean
aggregation

0.8108 0.8333 0.7955 0.7353 0.8750 0.8576 0.7821

Max
aggregation

0.7973 0.8333 0.7727 0.7143 0.8718 0.8523 /

external
validation
set 2

Mean
aggregation

0.6857 0.7500 0.6522 0.5294 0.8333 0.6812 0.6027

Max
aggregation

0.6571 0.9167 0.5217 0.5000 0.9231 0.7319 /

PPV Positive Predictive Value, NPV Negative Predictive Value, AUC Area Under the Curve

3 Discussion
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The prevalence of ROP in our dataset was 33.56%. Recognizing that many primary care facilities lack
specialized fundus imaging equipment, we intentionally selected routine clinical parameters to enhance
applicability in resource-limited settings. This study is the first to propose a comprehensive blood gas analysis
profile, integrated with gestational age and birth weight, as a predictive framework for ROP. Our machine
learning model achieved high diagnostic accuracy (AUROC 0.8512, sensitivity 0.9513) using admission-level
features and a single routine monitoring parameter, enabling immediate application for early risk stratification.
This model features a parsimonious architecture with robust performance, achieving an accuracy of 0.8200 in
ROP prediction, thereby substantiating its potential as a reliable clinical screening tool. Existing ROP prediction
models exhibit substantial heterogeneity in feature selection and predictive performance. Furthermore, a
considerable number of these models rely on real-time weight gain data or dynamically fluctuating laboratory
biomarkers, thereby constraining their generalizability and clinical applicability in primary care settings. For
instance, the ROPScore[17] calculation incorporates risk factors such as weight gain rate through six weeks
post-birth, blood transfusions, and the use of mechanical ventilation. Similarly, the algorithm developed by
Chatarina Löfqvist et al.[16] requires weekly monitoring of weight gain alongside dynamic fluctuations in IGF-I
and IGFBP-3 levels from birth until discharge. Although this algorithm provides early warnings 5 to 7 weeks
prior to treatment (ACC 0.848, sensitivity 1.00, specificity 0.836), it necessitates additional laboratory testing
and increases the diagnostic burden on primary care facilities. Furthermore, the narrow gestational age range
of existing models—most of which are applicable only to preterm infants with a GA below 32 weeks—limits
their utility in more mature neonates. For example, while ROPScore[17] has not been validated in infants with a
GA > 31 weeks. Similarly, WINROP[16] excludes infants ≥ 32 weeks, and CHOP ROP[19] was established based on
screening criteria of BW < 1500 g or GA < 30 weeks. However, recent studies indicate that ROP can be
diagnosed in more mature infants[22]; consequently, our model does not exclude infants above 32 weeks GA.

SHAP analysis elucidated the model's decision-making process, revealing patterns that refine established
clinical knowledge. Integration of blood gas parameters within the first 42 days enhanced predictive
performance. Consistent with prior evidence, pCO₂ demonstrated high predictive value, while the model
additionally identified significant associations between ROP and fCOHb, fO₂Hb, fMetHb, Hct, and ctHb. These
findings align with the fundamental pathophysiology of ROP, driven by an imbalance between retinal vascular
development and oxygen metabolism. In mammals, oxygen transport is optimized at the systemic level
through the tight regulation of ventilation and red cell mass.[38] Complementing this macro-regulation, internal
erythrocyte metabolic adaptation is equally critical: the modulation of oxygen affinity mediated by
oxyhemoglobin (fO₂Hb) and 2,3-bisphosphoglycerate (2,3-DPG) represents a core mechanism for hypoxic
adaptation. Carboxyhemoglobin (fCOHb), possessing an affinity for hemoglobin approximately 250 times
greater than that of oxygen, competitively inhibits oxygenation and exacerbates tissue hypoxia. Furthermore,
elevated fCOHb concentrations can directly inhibit mitochondrial cytochrome c oxidase activity, disrupting
cellular energy metabolism and accelerating ischemic injury.[39] Beyond oxygen affinity modulation, the
accumulation of methemoglobin (fMetHb) and the resulting disequilibrium between oxidative stress and
antioxidant defense constitute another metabolic pillar of ROP-related vascular injury. The auto-oxidation of
hemoglobin, involving the conversion of Fe²⁺ to Fe³⁺, is accompanied by the generation of superoxide anions,
which trigger an oxidative stress cascade. The accumulation of fMetHb promotes apoptosis in retinal vascular
endothelial cells and induces pathological neovascularization. In summary, parameters such as Hct, ctHb,
fCOHb, fO₂Hb, and fMetHb are not isolated clinical indicators; rather, they are interconnected through multiple
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pathways, including gas transport efficiency, glycolytic regulation, oxidative stress response, and energy
metabolism. Together, they reflect the erythrocyte metabolic status and the degree of tissue hypoxia in preterm
infants. In this machine learning-based ROP prediction models, integrating these metrics not only improves the
detection sensitivity for hypoxia-hyperoxia injury but also helps elucidate the intrinsic links between
individualized metabolic phenotypes and disease susceptibility, providing a theoretical foundation for precision
oxygen therapy. The capacity to capture these intricate relationships, which are often challenging to delineate
using traditional scoring systems, represents a key advantage of the present computational approach.

It is crucial to emphasize that this model is designed as a risk stratification tool based on gestational age, birth
weight, and blood gas analysis within the first 42 days of life, rather than as a real-time diagnostic tool. The
model achieved an Accuracy of 0.8200 and an AUC of 0.8512, demonstrating robust performance. Although
the specificity was 0.6580, this remains a recognized challenge when predicting low-prevalence clinical events.
For context, Eckert et al. reported specificities of 0.26 for any-stage ROP and 0.56 for severe ROP, respectively.
Furthermore, the specificity of the CHOP[18] and DIGIROP[21] models reached only 0.53 and 0.48. Collectively,
these findings suggest that our model demonstrates significant efficacy in identifying ROP risk.

Initiating treatment based solely on the model's flag would be premature and would risk significant
overtreatment alongside subsequent iatrogenic visual impairment. Rather, it should trigger a state of
heightened ophthalmic surveillance. For the high-risk cohort, a lower threshold for the initial screening and the
implementation of intensified monitoring may be a more reasonable approach. This could include an earlier
onset of the first screening, more frequent assessments via wide-field digital retinal imaging, and the
integration of ultra-widefield OCT-A to quantify the area of the foveal avascular zone. Finally, the model may
help individualize the decision to prematurely enter the 'intervention window.' Currently, indications for laser
therapy or anti-VEGF treatment in ROP vary, and the decision often requires clinical judgment. In these
borderline cases, our model could provide data-driven support to expedite the timing of intervention, thereby
mitigating visual loss. In the common scenario of a preterm infant exhibiting ambiguous retinal imaging
abnormalities, the model provides objective data that can reinforce a decision to either continue observation or
initiate immediate therapy. The model can serve as an adjunctive decision-making tool during clinical
diagnosis.

Future efforts will focus on assembling extensive datasets to conduct prospective validation studies, while
making the model publicly accessible to enable broader external validation and seamless integration into
routine clinical practice. Plans are underway to host the model and its documentation on an online mini-
program, enabling healthcare providers and researchers worldwide to access and utilize it. By fostering
transparency and collaboration, this study aims to refine the model further through external validation and user
feedback, ultimately enhancing its utility in diverse clinical settings.

4 Methods

4.1 Data source and study design
This study employed a retrospective cohort design, enrolling infants born at the Neonatal Intensive Care Unit
(NICU) of Xiangya Hospital, Central South University, between October 1, 2022, and June 30, 2025, who
subsequently underwent screening for ROP. All included infants were registered in the Xiangya Hospital
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electronic medical record system. Additionally, data from two other medical centers in Hunan Province—The
First People’s Hospital of Changde City and The Central Hospital of Shaoyang—were included for external
validation. For each infant, data collection encompassed essential clinical variables—including GA, BW, gender,
and date of birth—as well as all arterial blood gas analysis results obtained within the first 42 days of life and
detailed ROP screening outcomes. ROP examinations were performed by ophthalmologists with specialized
training in neonatal retinal assessment. Data abstraction was carried out by trained personnel using
standardized case report forms, and all entries were input into the database following a uniform protocol. All
patients included in this study received care in accordance with national clinical guidelines and established
institutional pathways. To protect patient privacy and ensure data confidentiality, all collected information was
fully de-identified prior to analysis.

4.2 Data preprocessing
The initial study population comprised a development cohort of 1,000 infants (partitioned into training and
internal testing sets) and two independent external validation cohorts, consisting of 80 preterm infants in
Validation Set 1 and 40 preterm infants in Validation Set 2. Inclusion criteria required infants to undergo
screening for ROP at hospital, with their ROP status definitively confirmed during subsequent follow-up. Eligible
infants were required to have comprehensive medical records and sufficient data across all key clinical
variables. Infants were excluded if they presented with ocular pathologies that interfered with screening—such
as congenital cataracts, glaucoma, intraocular tumors, extensive retinal hemorrhage, familial exudative
vitreoretinopathy, or congenital corneal opacity—or if ROP status remained unknown due to hospital discharge
or transfer prior to a definitive diagnosis. ROP was defined as the primary endpoint, encompassing the
occurrence of any stage of ROP at any time point throughout the screening period. In cases of asymmetrical
bilateral involvement, the eye with the more severe disease progression was utilized for the final statistical
analysis. The diagnostic criteria were based on the International Classification of Retinopathy of Prematurity,
Third Edition.[40]

Following the application of the aforementioned criteria, the final study population consisted of 584 infants
(1,168 eyes) for internal model development and testing, with 74 and 35 infants retained as External Validation
Cohorts 1 and 2, respectively. Prior to model construction, systematic data cleaning and preprocessing were
performed to enhance data quality and reduce feature redundancy. Based on clinical relevance and data
integrity, blood gas parameters with high missing rates or low correlation with the study objectives—including
tCO₂, F(HbF), PaO₂/FiO₂, P(A–a)O₂, HCO₃std, P₅₀(t), PO₂(t), tO₂(a), RI, SBE, Ca⁺⁺(7.4), PCO₂(t), pH(t), ABE, and
PO₂(a/a)—were excluded to minimize noise interference. Redundant variables reflecting identical physiological
meanings were merged; during this process, non-missing values from the original variables were prioritized to
maximize information retention. For inspired oxygen concentration, missing values were imputed with the
fraction of inspired oxygen in room air (21%) to ensure consistency. Regarding missing data management,
numerical variables underwent type conversion, and missing values in continuous variables were addressed
using median imputation to mitigate the impact of outliers on data distribution. Categorical variables, such as
sex, were processed using numerical encoding. Furthermore, to prevent data leakage, stratified sampling was
performed using patient IDs as unique identifiers. The cohort was partitioned into a training set (80%) and a
testing set (20%), ensuring that all longitudinal blood gas records from a single patient remained within the
same subset. This approach prevents information overlap between the training and testing phases, thereby
ensuring the reliability of the model evaluation. Following these procedures, the final dataset was established
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for subsequent model training and validation. All preprocessing was performed on anonymized data in
compliance with national data protection regulations.

4.3 Machine learning workflow
Ten machine learning models (Logistic Regression, SVM, KNN, Decision Tree, Random Forest, Naive Bayes,
MLP, LightGBM, CatBoost, and XGBoost) were evaluated and compared. Hyperparameters were optimized
using the Optuna framework with AUROC as the objective function. XGBoost achieved the highest AUROC with
stable sensitivity and specificity on the internal testing set, and was selected as the final model for external
validation using independent datasets from two additional medical centers. Of 1,120 initially enrolled patients
from three medical centers in Hunan Province, China, those with ocular diseases affecting screening,
incomplete data within 42 days postpartum, or unknown ROP outcomes were excluded. Following
preprocessing, 693 patients underwent feature selection and model development. The XGBoost model was
trained on 584 patients and validated on 109 patients. The overall study workflow is illustrated in Fig. 4.
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