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ABSTRACT Objective: To assess the predictive value of risk factors and oph-
thalmic examination findings for the development of retinopathy of prematurity
(ROP) using artificial intelligence (AI) models. Material and Methods: A total
of 453 premature infants between 22-33 weeks of gestation screened for ROP
were evaluated retrospectively. The infants” perinatal risk factors (multiple births,
small for gestational age, neonatal sepsis, etc) and ophthalmic examination find-
ings were recorded. Random Forest model were trained with 10-fold cross vali-
dation using these variables to predict ROP. Accuracy, specificity, receiver
operating characteristic curve, and area under the curve metrics were used to eval-
uate algorithm performance. Results: The model trained on all variables achieved
85% accuracy and 90% specificity in predicting ROP. On the other hand, the
model trained on gestational age (GA), birth weight (BW) and perinatal risk fac-
tors achieved higher accuracy (87%) and specificity (90%) in predicting ROP
compared to the model trained on GA and BW alone (76% accuracy and 82%
specificity). When each variable was evaluated individually, the most effective
factors were found to be total days on oxygen, GA, multiple birth and BW, re-
spectively. In addition, the model was able to detect infants with stage II ROP
(90% accuracy, 96% specificity) and zone III ROP (93% accuracy, 99% speci-
ficity) with higher accuracy and specificity. Conclusion: In addition to prematu-
rity, exposure to perinatal risk factors is important in the development of ROP,
and the evaluation of the effect of these factors using AI may support ROP spe-
cialists in the clinical management of infants.

Keywords: Artificial intelligence; retinopathy of prematurity;
preterm; machine learning

OZET Amag: Bu galismanin amact, yapay zekd (YZ) modelleri kullanilarak pre-
matiire retinopatisi [retinopathy of prematurity (ROP)] gelisiminde risk faktorleri
ve oftalmik muayene bulgularinin 6ngoriicti degerinin degerlendirilmesidir. Gereg
ve Yontemler: ROP agisindan tarama yapilan, 22-33. gebelik haftalar1 arasinda
dogan 453 prematiire yenidoganin muayene bulgulari geriye doniik degerlendirildi.
Yenidoganlara ait perinatal risk faktorleri (coklu dogum, gestasyonel yasa gore
kiigiik dogum, neonatal sepsis vb.) ve oftalmolojik muayene bulgulari kaydedildi.
Bu degiskenler kullanilarak 10 katli ¢apraz dogrulama ile ROP’u tahmin etmek i¢in
Rastgele Orman modeli egitildi. Algoritma performansini degerlendirmek i¢in dog-
ruluk, 6zgiilliik, alic isletim karakteristigi egrisi ve egrinin altindaki alan 6l¢timleri
kullanildi. Bulgular: Tiim degiskenler kullanilarak egitilen modelin, ROP’u tahmin
etmede %85 dogruluk ve %90 ozgiilliige ulastig1 goriildii. Gebelik yas1 (GY),
dogum agirligi (DA) ve perinatal risk faktorleri ile egitilen modelin, yalnizca GY
ve DA ile egitilen modele kiyasla (%76 dogruluk ve %82 6zgiilliik) ROP’u tahmin
etmede daha yiiksek dogruluk (%87) ve 6zgiilliik (%90) elde ettigi tespit edildi.
Her degisken tek tek degerlendirildiginde en etkili faktorlerin sirastyla toplam ok-
sijen giinii, GY, ¢oklu dogum ve DA oldugu bulundu. Ayrica, modelin evre 1T
ROP’lu (%90 dogruluk, %96 6zgiillik) ve bolge III ROP’1u (%93 dogruluk, %99
Ozgiilliik) bebekleri daha yiiksek dogruluk ve 6zgiilliikle tespit edebildigi goriildii.
Sonug: Prematiiritenin yan: sira perinatal risk faktorlerine maruziyet ROP gelisi-
minde onemlidir ve bu faktorlerin etkisinin YZ kullamlarak degerlendirilmesi, ROP
uzmanlarina yenidoganlarin klinik takibinde destek saglayabilir.

Anahtar Kelimeler: Yapay zeka; prematiire retinopatisi;
prematiire; makine 6grenimi
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Retinopathy of prematurity (ROP), which can
often be prevented with early diagnosis and treat-
ment, remains one of the leading causes of childhood
blindness. With advances in neonatal care, particu-
larly in low- and middle-income countries, the sur-
vival of very preterm infants and the incidence of
ROP has increased significantly.'~* The risk of ROP
is influenced by multiple antenatal, perinatal and
postnatal factors, including multiple births (MB),
being small for gestational age (SGA), duration of
mechanical ventilation, bronchopulmonary dysplasia
(BPD), red blood cell (RBC) transfusions, patent
ductus arteriosus (PDA), chorioamnionitis, neonatal
sepsis, necrotizing enterocolitis (NEC) and intra-
ventricular hemorrhage, as well as prematurity.*>

Clinical diagnosis of ROP may vary due to in-
terobserver variability.®® This variability has encour-
aged the use of artificial intelligence (Al)-based
diagnostic tools that rapidly identify fundus images
requiring further evaluation, thereby improving di-
agnostic accuracy, efficiency, and objectivity.”'? In
recent years, significant advances have been made in
the field of Al and several studies have shown
promising results. Al can be broadly categorized into
machine learning (ML) and its subset, deep learning
(DL). DL algorithms, which are widely used in the
analysis of complex medical images, have been suc-
cessfully applied to detect retinal diseases such as di-
abetic retinopathy, glaucoma, age-related macular
degeneration, and cataracts.'""'* In ROP, most ML
and DL studies have focused on identifying plus and
preplus disease, while models incorporating clinical
features such as ROP stage and zone, alongside risk

factor analysis, are relatively rare.!>!8

The purpose of our study were (1) to evaluate
perinatal risk factors and ophthalmic examination
findings as a predictive variable for ROP develop-
ment, (2) to predict ROP stage and zone of ROP from
these variables and (3) to evaluate the algorithm’s
ability to discriminate ROP stages and zones by com-
paring infants with and without ROP.

I MATERIAL AND METHODS

This retrospective study was approved by the Ethical
Review Committee (date: April 5, 2023; no: AESH-
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EK1-2023-071) and adhered to the tenets of the Dec-
laration of Helsinki for research involving human
subjects. Informed consent was obtained from the
parents or legal guardians of all participants.

DATA SETS

A total of 453 premature infants who underwent ROP
screening between January 2021-December 2022
based on national screening guideline were retro-
spectively evaluated.'” ROP screening was performed
using a binocular indirect ophthalmoscope with a 20
D and/or 28 D lens. The data were evaluated by two
experienced ophthalmologists (EKY, CK) who had
experience with ROP. Of these, 277 infants were ex-
cluded due to incomplete data. In addition to demo-
graphic information and ophthalmic examination
findings (ROP stage, zone and presence of plus dis-
ease), perinatal risk factors were recorded. These in-
cluded MB, SGA (<10" percentiles), duration of
invasive mechanical ventilation (days), BPD [(oxy-
gen requirement >36 weeks postmenstruel age
(PMA)], RBC transfusions (more than twice), PDA
requiring treatment, chorioamnionitis, neonatal sepsis
(culture positive), NEC (>modified Bell’s stage 2),
total days on oxygen (TDoO). The ophthalmic ex-
amination findings were documented based on the In-
ternational Classification of ROPs, 3" edition.?

Infants with “type I ROP” received laser photo-
coagulation (LPC) based on the Early Treatment for
Retinopathy of Prematurity study.?' As indicated in
the Bevacizumab Eliminates Angiogenic Threads of
ROP study, intravitreal bevacizumab (IVB) (Roche,
Sweden) treatment was administered to infants with
zone [ ROP, and also posterior zone II ROP, in whom
the ROP line was posteriorly close to the zone 1.2

DEVELOPMENT OF MLALGORITHM

For algorithm training, Random Forest (RF), Deci-
sion Tree (DT), X-tree, Support Vector Machine,
Multi Layer Perceptron, K-Nearest Neighborhoods
and Naive Bayes ML models were used. Analyses
were reported according to RF because of its signifi-
cantly higher performance in predicting ROP devel-
opment among the algorithms. The determining
factors in choosing this architecture are that it could
work effectively with both categorical and continuous
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data, that noise and errors in the data do not affect the
generalization ability, and that it was a model that re-
duces the risk of overfitting since it is created by
combining multiple DT models. The dataset com-
prising demographic, ophthalmological, and perinatal
data was divided into modeling (training) and vali-
dation (testing) sets. Model performance was evalu-
ated using 10-fold cross-validation (CV). The
samples were randomly divided into 10 equally sized
sub-samples in each segment to ensure homogeneity.
Therefore, in each trial, 90% of the data was used for
training (n=408 infants) and 10% for testing (n=45

infants). In this way, each subset was used as both
training and test data, thus a homogeneous distribu-
tion was achieved and the risk of memorization of the
model was reduced. A summary of model is shown in
Figure 1.

STATISTICAL ANALYSIS

The SPSS (SPSS Inc., Chicago, Illionis, USA) ver-
sion 25.0 program package was used for statistical
analysis. Descriptive data were presented as
mean+standard deviation and categorical data as

numbers (n) and percentage (%). Model evaluation

Dataset
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453 infant
22-33 weeks of GA
Screened for ROP

Demographic data

Ophthalmic examination findings

Perinatal risk factors

Development of
ROP

(Random Forest)
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] Application i
1
1 1

Accuracy
Sensitivity
Specificity
ROC curve
AUC

Statistical Analysis
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Final
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FIGURE 1: A summary of model. Infants born at 22-33 weeks of gestation and screened for ROP were included in the study. Demographic data, ophthalmic examination
findings and perinatal risk factors of the infants were used to develop a model. Machine learning model was used for algorithm training and 10-fold cross validation for va-
lidation. Performance of the model was expressed as accuracy, sensitivity and specificity and also graphically described via the ROC curve and summarized by the AUC
for predicting ROP development and the algorithm’s ability to predict and discriminate ROP stages and zones.

GA: Gestational age; ROP: Retinopathy of prematurity; ROC: Receiver operating characteristic; AUC: Area under the curve
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was expressed as accuracy and specificity for pre-
dicting ROP development also ROP stages and
zones. On the other hand, the effect of each variable
on the accuracy value for ROP prediction was calcu-
lated using the feature selection (all box x) method.
Furthermore, the algorithm’s ability to discriminate
ROP stages and zones by comparing infants with and
without ROP was analyzed graphically via the re-
ceiver operating characteristic (ROC) curve produced
by plotting between true positive rate (sensitivity) and
false positive rate (1-spesificity) and summarized by
the area under the curve (AUC).

I RESULTS

CLINICAL AND DEMOGRAPHIC
CHARACTERISTICS OF INFANTS

The study included 453 infants with a mean gesta-
tional age (GA) of 30+2 weeks and a mean birth
weight (BW) of 1513+443 g. Among them, 140
(93.3%) had bilateral ROP and 10 (6.7%) had unilat-
eral ROP. LPC was administered to 6 infants (1.3%)
with Type I ROP at a mean PMA of 36.09+2.31
weeks and all of these infants had plus disease. No
infant in the cohort received IVB treatment. Notably,
there were no infants of advanced ROP (stage III-V
or zone I) during follow-up. Spontaneous regression
of ROP was observed in 144 (96%) infants followed
up with a diagnosis of Type 2 ROP. Demographic
data of the infants, ophthalmic examination findings,
and risk factors that may be potential predictors for
the development of ROP are shown in Table 1.

PERFORMANCE OF THE ML MODEL FOR
ROP PREDICTION

The results showed that the trained model evaluated
using 10-fold CV could achieve 0.85 accuracy, 0.90
specificity, and 0.83 AUC to detect infants with ROP.
Models using only GA and BW showed 0.76 accu-
racy and 0.82 specificity, while models trained with
perinatal risk factors had 0.73-0.82. The highest AUC
value (0.85) was obtained when the model was
trained using selected features, including GA, BW,
and perinatal risk factors, achieving an accuracy of
0.87 and a specificity of 0.90. Gender and PMA at
examination were found to be the least predictive. Of
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TABLE 1: Demographic data, ophthalmic examination findings
and perinatal risk factors of infants
GA (weeks) X+SD 3042
(Range) (22-33)
BW (g) X+SD 15131443 g
(Range) (525-2,880 g)
Gender Female (n, %) 211 (46.6%)
Male (n, %) 242 (53.4%)
PMA at examination (weeks) X+SD 34.6742.45
(Range) (27.57-38.86)
Zone Zone Il (n, %) 120 (80%)
Zone Il (n, %) 30 (20%)
Stage Stage | (n, %) 87 (58%)
Stage Il (n, %) 63 (42%)
Type 1 ROP (required treatment) n, % 6 (1.3%)
PMA at treatment (weeks) X+SD 36.09+2.31
(Range) (32.14-38.86)
Perinatal risk factors
Multiple births n, % 204 (45%)
SGA<10" Percentile n, % 79 (17.4%)
Duration of invasive mechanical X+SD 3.5+13.5
ventilation (days) (Range) (0-192)
BPD (oxygen requirement>36 weeks PMA)  n, % 259 (57.1)
RBC transfusions (more than twice) n, % 41 (9%)
PDA requiring treatment n, % 88 (19.4%)
Chorioamnionitis n, % 10 (2.2%)
Neonatal sepsis (culture positive) n, % 6 (1.32%)
NEC (=stage 2) n, % 4(0.9)
Total days on oxygen X+SD 20.2+32.0
(Range) (0-271)

GA: Gestational age; SD: Standard deviation; BW: Birth weight; PMA: Postmenstrual
age; ROP: Retinopathy of prematurity; SGA: Small for gestational age; BPD: Bron-
chopulmonary dysplasia; RBC: Red blood cell; PDA: Patent ductus arteriosus;
NEC: Necrotizing enterocolitis

the models using each perinatal risk factor, the model
using MB and TDoO together showed an accuracy of
0.72 and a specificity of 0.84. In addition, we found
0.83 accuracy and 0.89 specificity in the model using
MB, TDoO, GA and BW together (Figure 2).

As shown in Table 2, evaluation of each vari-
able’s effect on model accuracy revealed that TDoO
(19.93) contributed most positively to ROP predic-
tion. In contrast, variables such as PMA at examina-
tion (-8.77), chorioamnionitis (-2.09), and NEC
(-2.09) were found to negatively impact the model’s
accuracy. This suggests that excluding these variables
may enhance model performance, potentially by re-
ducing overfitting or eliminating irrelevant noise.
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FIGURE 2: The ROC curves and AUC values of the trained model for ROP prediction. (A) Brown line (all features) defines the analysis with all variables such as gender,
GA, BW, PMA at examination, and perinatal RF. Yellow line (selected features) defines the analysis with variables except gender and PMA at examination. Green line de-
fines the analysis with GA and BW. Purple line defines the analysis with only perinatal RF. (B) Red line defines the analysis with GA, BW, MB and TDoO. Blue line defines

the analysis with MB and TDoO. Green line defines the analysis with GA and BW.

RF: Risk factors; AUC: Area under the curve; GA: Gestational age; BW: Birth weight; TDoO: Total days on oxygen

TABLE 2: The effect of each variable on the accuracy value for
ROP prediction
Variables Accuracy
GA (weeks) 17.74
BW (g) 15.45
Gender 229
PMA at examination (weeks) -8.77
Perinatal risk factors
Multiple births 15.55
SGA< 10" Percentile 0.09
Duration of invaziv mechanical ventilation (days) 2.39
BPD (oxygen requirement > 36 weeks PMA) 6.77
RBC transfusions (more than twice) 6.77
PDA requiring treatment 458
Chorioamnionitis -2.09
Neonatal sepsis (culture positive) 6.77
NEC (= stage 2) -2.09
Total days on oxygen 19.93
ROP prediction 85.44

GA: Gestational age; BW: Birth weight; PMA: Postmenstrual age; SGA: Small for ges-
tational age; BPD: Bronchopulmonary dysplasia; RBC: Red blood cell; PDA: Patent duc-
tus arteriosus; NEC: Necrotizing enterocolitis; ROP: Retinopathy of prematurity

Besides, when all variables were used, the mod-
els achieved an accuracy and specificity of 0.76-0.79
for predicting the stage of ROP, and 0.81-0.84 for
predicting the zone of ROP, respectively. Model
achieved relatively higher performance in predicting
zone of ROP.
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The accuracy and specificity values for the
model’s ability to predict ROP severity were 0.85-
0.90, respectively, in discriminating between ROP
versus no ROP, 0.82-0.94 between stage I ROP ver-
sus stage I and no ROP, and 0.90-0.96 between stage
IT ROP versus stage [ and no ROP. On the other hand,
the accuracy and specificity values of the model for
the ability to predict the zone of ROP were 0.85-0.90
respectively, to discriminate between ROP versus no
ROP, 0.87-0.93 for zone II ROP versus zone III and
no ROP and 0.93-0.99 for zone III ROP versus zone
II and no ROP. However, as shown in Figure 3, the
AUC value for zone III ROP versus zone Il and no
ROP was only 0.51, indicating poor discriminatory
ability, whereas the AUC for zone II ROP versus
zone I1I and no ROP was 0.80, suggesting a better
classification performance for zone II cases.

The ROC curve and AUC values of the model
for the discrimination of ROP stages and zones are
shown in Figure 3. Due to the small number of in-
fants requiring treatment, this group of infants was
not included in the analysis.

I DISCUSSION

To the best of our knowledge, publications with Al
models focusing on and analyzing risk factors as a
predictive variable in the development of ROP, as
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well as ophthalmic examination findings such as pre-
plus-plus disease, ROP stage and zone, are rare.'”'8 In
this study, the model achieved high accuracy and
specificity when trained with ophthalmic examina-
tion findings and perinatal risk factors. Moreover, the
accuracy and specificity of the model increased when
trained with GA, BW, and perinatal risk factors
alone.

Chen et al. demonstrated that oxygen exposure
can be quantified as a predictive variable for the de-
velopment of ROP requiring treatment and aggres-
sive ROP using ML (RF model).” In our study, when
we used TDoO exposure and MB as perinatal risk
factors, the RF model achieved 0.72 accuracy and
0.84 specificity.

Although Al has been explored for early detec-
tion of neonatal conditions such as sepsis, BPD,
PDA, and NEC, their roles in ROP prediction remain

unclear.?*?8

In our study, we found that perinatal risk factors
such as culture-positive neonatal sepsis, PDA requir-
ing treatment, duration of invasive mechanical venti-
lation, BPD and blood transfusion had positive
effects on the prediction of ROP, but not as much as
the TDoO and MB. Conversely, we observed that
SGA was almost ineffective in predicting ROP, while
NEC and chorioamnionitis had a negative effect on
predicting ROP. One possible explanation is that
these conditions, being severe systemic illnesses, may
have led to early mortality or loss to follow-up be-
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fore ROP could develop or be documented. Addi-
tionally, the low frequency of these diagnoses in the
dataset may have limited the model’s ability to learn
meaningful patterns associated with them.

Agrawal et al. developed a model to predict
zones I, I and III from fundus images where the mac-
ula may not be visible and found 98% accuracy with
2 different imaging systems. Furthermore, they noted
that infants could be classified as “high risk” and
“low risk” based on the zones of the vascularized
retina, which could help decide on a screening and
follow-up program.”

Tong et al. predicted the stage of ROP and plus
disease with an accuracy of 0.957 and 0.896, respec-
tively, with the DL-based model. They also noted that
the model was able to distinguish stage I to stage V
infants with ROP with an accuracy of 0.876, 0.942,
0.968, 0.998 and 0.999, respectively.*

Li et al. in the system they developed for early
diagnosis and quantitative analysis of ROP stages,
trained system achieved 95.93% sensitivity and
96.41% specificity with normal images, while these
values are 90.21-97.67% for stage I ROP, 92.75-
98.74% for stage Il ROP, and 91.84-99.29% for stage
IIT ROP. As a result, it was stated that the system
achieved high accuracy in the diagnosis of stage I-111
ROP and that quantitative analysis of disease charac-
teristics could be effective in physicians’ classifica-
tion decisions.’!
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Huang et al. reported that with the algorithms
they developed for automatic detection of early-stage
ROP using fundus images, they were able to predict
infants without ROP with 96.14% sensitivity and
95.95% specificity, infants with stage | ROP with
91.82% sensitivity and 94.50% specificity, and in-
fants with stage Il ROP with 89.81% sensitivity and
98.99% specificity. They stated that the proposed
model provided high accuracy in the diagnosis of
early-stage ROP and has the potential to assist in
ROP screening.*”

In our study, trained model achieved relatively
higher performance in detecting zone of ROP (with
0.81 accuracy and 0.84 specificity) than stage of ROP
(with 0.76 accuracy and 0.79 specificity). In addition,
when we evaluated the ability of the model to deter-
mine the stage and zone of ROP, we found that the
model was able to discriminate stage I and zone 111
ROP with higher accuracy and specificity (0.90-0.96
for stage 11 ROP and 0.93-0.99 for zone I1I ROP, re-
spectively). However, as shown in Figure 3, the AUC
value for zone III ROP versus zone II and no ROP
was only 0.51, indicating poor discriminatory ability,
whereas the AUC for zone II ROP versus zone I1I and
no ROP was 0.80, suggesting a better classification
performance for zone II cases. This means that while
accuracy and specificity reflect performance at a spe-
cific threshold, the AUC provides a more compre-
hensive assessment of the model’s discriminative
ability to distinguish zone II ROP from other condi-
tions across all possible thresholds.

Among the limitations of our study are its retro-
spective design, small sample size and absence of
more advanced ROP, such as stage III-V ROP and
zone I ROP. Due to these factors, the distribution in
the dataset may change and the performance of the
model in predicting the development and severity of
ROP may be affected. Due to the current limitations,
it may not be appropriate to generalize our results.
Studies with larger numbers of infants are needed to
evaluate the impact of all these factors on the ROP
prediction with Al
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Technological advances are making Al a more
current topic in the medical field. Al can enable test-
ing of the efficiency, accuracy and objectivity of ROP
diagnosis according to objective disease severity
thresholds. Introducing Al algorithms into clinical
practice can reduce workload and support ophthal-
mologists’ decision-making processes in ROP man-
agement.

I CONCLUSION

In addition to prematurity, exposure to perinatal risk
factors is important in the development of ROP, and
evaluating the effects of these factors with Al may
benefit ROP specialists.
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