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Clinical and dental predictors
of preterm birth using machine
learning methods: the MOHEPI
study
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Preterm birth (PTB) is one of the most common and serious complications of pregnancy, leading to
mortality and severe morbidities that can impact lifelong health. PTB could be associated with various
maternal medical condition and dental status including periodontitis. The purpose of this study

was to identify major predictors of PTB among clinical and dental variables using machine learning
methods. Prospective cohort data were obtained from 60 women who delivered singleton births via
cesarean section (30 PTB, 30 full-term birth [FTB]). Dependent variables were PTB and spontaneous
PTB (SPTB). 15 independent variables (10 clinical and 5 dental factors) were selected for inclusion

in the machine learning analysis. Random forest (RF) variable importance was used to identify the
major predictors of PTB and SPTB. Shapley additive explanation (SHAP) values were calculated to
analyze the directions of the associations between the predictors and PTB/SPTB. Major predictors of
PTB identified by RF variable importance included pre-pregnancy body mass index (BMI), modified
gingival index (MGI), preeclampsia, decayed missing filled teeth (DMFT) index, and maternal age

as in top five rankings. SHAP values revealed positive correlations between PTB/SPTB and its major
predictors such as premature rupture of the membranes, pre-pregnancy BMI, maternal age, and MGI.
The positive correlations between these predictors and PTB emphasize the need for integrated medical
and dental care during pregnancy. Future research should focus on validating these predictors in larger
populations and exploring interventions to mitigate these risk factors.
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Preterm birth (PTB), defined as a birth prior to 37 weeks of gestation, is one of the most common and serious
pregnancy complications that can lead to significant morbidity and mortality among neonates, infants, and
children aged <5 years'. Infant prematurity caused by PTB leads to several serious perinatal illnesses, including
intraventricular hemorrhage, retinopathy of prematurity, necrotizing enterocolitis, and bronchopulmonary
dysplasia, which could result in long-term neurodevelopmental impairment?>. Some of these are lifelong
complications manifesting not only in the neonatal period but also throughout life.

PTBs can be classified largely into two subsets: (1) intended PTBs, in which labor is induced or the infant
is delivered by cesarean section without prelabor due to maternal or fetal indications, such as preeclampsia
or nonreassuring fetal conditions; and (2) spontaneous PTBs (SPTBs), in which preterm labor occurs with or
without the prelabor rupture of membranes (PROM)®. While all PTBs are threatening, SPTBs are responsible for
two-thirds of all PTBs and are difficult to predict’.

Risk factors often discussed for PTB or SPTB can be largely classified into two categories: (1) maternal/
environmental factors, including advanced age, low socioeconomic status (SES), smoking, alcohol consumption,
drug use, mood disorders or psychological stress, nutritional factors, and pre-pregnant body mass index (BMI);
and (2) clinical/obstetric factors, including previous PTB, multiple gestations, short cervical length (CL), urinary
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tract infections, diabetes, hypertension, thyroid disorders, PROMs, and fetal anomalies®. Despite the numerous
risk factors identified through decades of research, prediction rates for PTBs remain low, and the overall rate
is maintaining, if not rising’. The prediction strategy for PTB commonly considered nowadays includes risk
evaluation, serial measurement of CL, and assessment of biochemical biomarkers, including fetal fibronectin and
inflammatory cytokines. Although CL measurement has become a routine procedure in obstetrics beginning
at midterm pregnancy, its clinical utility remains controversial, especially in low-risk populations!®!!. There
are discrepant recommendations for fibronectin screening, and low cost-effectiveness as well as patient burden
should also be considered!?. More importantly, there is a lack of intervention measures during early or mid-
pregnancy to lower the risk of PTB. This highlights the need to develop more reliable strategies for predicting
and preventing PTBs.

Periodontitis is a chronic inflammatory disease that occurs in the oral cavity and is widely associated with
PTBs and pregnancy complications, including preeclampsia and low birth weight'*!%, Periodontitis and PTBs
share risk factors such as low SES, high BMI, smoking, alcohol consumption, and clinical factors including
diabetes and hypertension. In theory, periodontitis can elevate the inflammatory state of the placental tissue
through either direct or indirect pathways, contributing to improper activation of the labor cascade that leads to
PTBY. In this context, association between the two disease entities has been investigated in numerous studies.

In a recent nationwide population-based cohort study conducted in Taiwan, presence of periodontal disease
in expectant mothers was found to be positively correlated with the increase of preterm delivery risk!®. In another
cohort study conducted in Brazil involving 2474 participants, it was also revealed that preexisting periodontitis
of the mother was associated with nearly twice the risk of PTB!. In a Brazilian case-control study, combination
of periodontitis and hypertension elevated the risks of PTB and low birth weight by four times'®. However, such
possible associations between the two have not yet been confirmed because many intervention studies have
shown contradictory results, and even the majority of observational studies published thus far are retrospective
studies'*1°.

This study aimed to determine the significance of periodontitis-related parameters as predictors of PTB using
prospectively collected data and machine learning (ML) methods. ML is a subfield of artificial intelligence (AI)
that uses algorithms trained on data to produce adaptable models that can perform various tasks. In medical
field, in particular, ML can be used in building disease risk prediction model along with many other tasks such
as the analysis of health care utilization, chronic disease surveillance, and comparing disease prevalence and
drug outcomes?’. ML-based data analysis has been proven to be superior to the conventional approach in risk
factor assessment as ML methods are relatively free from data assumption, and can model the complex nonlinear
relationships between predictors and the outcome unlike traditional linear regression models?'. Therefore, using
ML methods in risk factor analysis makes it feasible to identify additional screening tools for the disease by
filling the gap in analysis using conventional approaches?2.

In this context, this study used ML and prospective cohort data to test the association between the clinical
and dental predictors of PTB.

Results

Descriptive statistics

Descriptivestatisticsare presented in Table 1. Amongtheincluded clinical variables, theincidences of preeclampsia,
PROM, preterm labor, and labor at delivery were significantly higher in the PTB group (P < 0.05). Maternal age,
incidence of in vitro fertilization, gestational diabetes mellitus (GDM), and smoking are known risk factors for
PTB but showed no significant differences in our study population. There was also no significant difference in
white blood cells (WBC) count and C-reactive protein (CRP) level before delivery. While periodontitis stage,
decayed missing filled teeth (DMFT) index, and plaque index (PI) showed no differences between the groups,
modified gingival index (MGI) showed significantly higher values in the PTB group (P <0.05). Among total
60 participants, 3 participants were periodontally healthy showing no clinical attachment level (CAL) loss and
bleeding on probing (BOP)<10%. Among the participants diagnosed as periodontitis, 14/57 (24.6%) had
generalized periodontitis while 44/57 (77.2%) had localized form.

Machine learning analysis

The model performance is detailed in Table 2. Random forest (RF) registered a similar performance compared
to logistic regression (LR), that is, 65% vs. 68% (accuracy) and 73% vs. 72% (area under the receiver operating
characteristic curve [AUC]), 61% vs. 64% (specificity) and 72% vs. 74% (sensitivity) for PTB; 83% vs. 81%
(accuracy) and 86% vs. 86% (AUC), 96% vs. 92% (specificity) and 66% vs. 64% (sensitivity) for SPTB. Based
on RF variable importance in Table 3, pre-pregnancy BMI, MGI, preeclampsia, DMFT index, and maternal age
were ranked among the top five for PTB. The RF variable importance rankings of PROM, pre-pregnancy BMI,
maternal age, DMFT index, and chorioamnionitis (CAM) stage were among the top five for SPTB.

The Shapley additive explanation (SHAP) values for each independent variable are given in Table 4. These
values indicate a decrease or increase in the probability of the dependent variable (PTB or SPTB) when a certain
independent variable is included in the ML analysis. Overall, an absolute value of max SHAP (positive) greater
than that of min SHAP (negative) indicates a positive relationship between the predictor and the dependent
variable. Some positive associations can be observed in Table 4, particularly among the variables in the top
rankings of RF permutation importance. SHAP values revealed positive correlations between PTB/SPTB and
its major predictors such as PROM, pre-pregnancy BMI, maternal age, and MGI. The SHAP values for each
participant are shown as individual dots in Fig. 1. In this figure, blue (or red) denotes the low (or high) index
values of the predictor for a participant. For instance, in the case of MGI, blue dots with low MGI values are
located on the left side with low SHAP values, whereas red dots with high MGI values are located on the right
side with high SHAP values, indicating that the MGI and SHAP values have a positive correlation. SHAP value
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Preterm birth | Full-term birth

Variables (N=30) (N=30) P-value
Maternal age 34 (31,37) 34 (32, 36) 0.973

> 35 years 12 (40.0) 12 (40.0) >0.999
Pre-pregnancy BMI 23.2(21.8,26.4) | 21 (19.5,22.9) 0.057
BMI changes during pregnancy 3.7(2.7,5.3) 4.6 (3.6,6.1) 0.118
In vitro fertilization 3(10.0) 5(16.7) 0.448
Prior preterm birth 3(10.0) 3(10.0) >0.999
Preeclampsia 14 (46.7) 2(6.7) 0.001
Chronic hypertension 0(0.0) 2(6.7) 0.150
Gestational diabetes mellitus 4(13.3) 3(10.0) 0.688
Premature rupture of the membranes | 9 (30.0) 1(3.3) 0.006
Histologic chorioamnionitis

Stage 1 2(6.7) 0(0.0)

0.110

Stage 2 1(3.3) 0(0.0)

Stage 3 3(10.0) 0(0.0)
Funisitis 2/29 (6.9) 0/27 (0.0) 0.492
Preterm labor 11 (36.7) 4(13.3) 0.037
Labor at delivery 10 (33.3) 0(0.0) 0.001
WBC before delivery (10°/uL) 9.5(8.1,12.7) 8.8 (7.0, 10.6) 0.117
CRP before delivery (mg/L) 4.8 (2.0,8.5) 2.5(1.5,5.2) 0.159
Smoker 0(0.0) 0(0.0)
Periodontal health
Periodontitis 1(3.3) 2(6.7)

Stage 1 17 (56.7) 20 (66.7)

Stage 2 10 (33.3) 6 (20.0) 0.665

Stage 3 2(6.7) 2(6.7)

Stage 4 0(0.0) 0(0.0)
Periodontitis Stage >2 12 (40.0) 8(26.7) 0.273
MGI 2.3(1.5,2.8) 1.6 (1,2.4) 0.032
MGI>2 17 (56.7) 9 (30.0) 0.037
Decayed, missing, filled teeth index 5(3,9) 7 (5, 10) 0.413
Plaque index>2 16 (53.3) 10 (33.3) 0.118

Table 1. Descriptive analysis. Maternal age, pre-pregnancy BMI, BMI changes during pregnancy, and
modified gingival index are presented by mean values (25th and 75th percentile). Other variables are stated
in numbers (percent). BMI, body mass index; CRP, C-reactive protein; MGI, modified gingival index; WBC,

white blood cells.
PTB vs. FTB SPTB vs. FTB
Model | Accuracy | AUC | Specificity | Sensitivity | Accuracy | AUC | Specificity | Sensitivity
LR 0.68 0.72 | 0.64 0.74 0.81 0.86 |0.92 0.64
DT 0.64 0.64 | 0.64 0.63 0.76 0.78 | 0.80 0.75
NB 0.59 0.78 | 0.92 0.23 0.78 0.87 |0.78 0.76
RF 0.65 0.73 | 0.61 0.72 0.83 0.86 | 0.96 0.66
SVM | 0.47 0.40 | 0.05 0.96 0.66 0.62 | 1.00 0.00
ANN | 0.58 0.63 | 0.58 0.60 0.70 0.71 |0.83 0.45

Table 2. Model performance. Results from random forest analysis are highlighted in Bold. LR, logistic
regression; DT, decision tree; NB, naive Bayes; RE, random forest; SVM, support vector machine; ANN,
artificial neural network; AUC, area under the curve; PTB, preterm birth; FTB, full-term birth; SPTB,
spontaneous preterm birth.

measures the difference between what ML predicts for the probability of PTB/SPTB with and without the
predictor. The inclusion of MGI into the RF will increase the probability of PTB by 13%. SHAP dependence plots
can be used to visualize the correlations between predictors and outcomes, enabling an intuitive understanding
of the predictor contribution to the model. In addition, the plots also show correlations among the predictors
if they are sufficiently strong. Figure 2a and b show the SHAP dependence plots for MGI and DMFT index,
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Variable importance

rankings
Variables PTB vs. FTB | SPTB vs. FTB
Maternal age 5 3
Pre-pregnancy BMI 1 2
In vitro fertilization 12 9
Prior preterm birth 14 13
Preeclampsia 3 14
Chronic hypertension | 15 15
Gestational diabetes
mellitus 10 8
PROM 6 1
CAM 11 7
CAM stage 13 5
Periodontitis stage 7 10
MGI 2 6
MGI>2 8 11
Plaque index >2 9 12
DMFT-index 4 4

Table 3. Random forest variable importance. The ranking of a top-5 predictor is highlighted in Bold. BMI,
body mass index; PROM, prelabor rupture of the membranes; CAM, chorioamnionitis; MGI, modified
gingival index; DMFT, decayed, missing, filled teeth; PTB, preterm birth; FTB, full-term birth; SPTB,
spontaneous preterm birth.

SHAP values

PTB vs. FTB SPTB vs. FTB
Variables Min Max | Mean Min Max | Mean
Maternal age —0.0805 | 0.0990 | —0.0036 | —0.0551 | 0.0756 | 0.0023
Pre-pregnancy BMI —0.1640 | 0.1997 | 0.0071 —0.0572 | 0.1038 | 0.0042
In vitro fertilization —0.0445 | 0.0191 | 0.0005 —0.0609 | 0.0272 | 0.0023
Prior preterm birth —0.0173 | 0.0132 | —0.0006 | —0.0054 | 0.0350 | —0.0006
Preeclampsia —0.0578 | 0.1312 | 0.0000 —0.0214 | 0.0053 | 0.0012
Chronic hypertension | —0.0800 | 0.0091 | 0.0028 | —0.0248 | 0.0077 | 0.0017

Gestational diabetes | _ ;350 | 0352 | —0.0001 | —0.0080 | 0.0020 | 0.0006

mellitus

PROM —0.0577 |0.2256 | —0.0029 | —0.0989 | 0.3005 | —0.0041
CAM —0.0184 | 0.1057 | —0.0030 | —0.0266 | 0.1637 | —0.0044
CAM stage —0.0192 | 0.1176 | —0.0041 | —0.0300 | 0.1617 | —0.0085
Periodontitis stage —0.0268 | 0.0323 | 0.0010 —0.0189 | 0.0161 | 0.0025
MGI —0.1190 | 0.1274 | —0.0005 | —0.0681 | 0.1306 | 0.0023
MGI>2 —0.0752 | 0.0889 | —0.0032 | —0.0192 | 0.0283 | —0.0015
Plaque index >2 —0.0637 | 0.0620 | 0.0001 —0.0073 | 0.0119 | —0.0007
DMFT-index —0.0909 | 0.0837 | —0.0004 | —0.0839 | 0.1171 | 0.0024

Table 4. Shapley additive explanation (SHAP) values. The SHAP values of top-5 predictors are highlighted

in Bold. BMI, body mass index; PROM, prelabor rupture of the membranes; CAM, chorioamnionitis; MGI,
modified gingival index; DMFT, decayed, missing, filled teeth; PTB, preterm birth; FTB, full-term birth; SPTB,
spontaneous preterm birth.

respectively. In these plots, the relationships between the predictors of MGI/DMFT index and pre-pregnancy
BMI are also shown in blue (low BMI) or red (high BMI).

Discussion

In this study, we found that dental factors such as MGI and DMFT index could function as major predictors
in the PTB prediction model constructed using the ML method. What differentiates our study from previous
ones is that we added dental factors in addition to the well-known clinical risk factors, including various clinical
backgrounds and obstetric histories. In previous prediction models using either ML or multivariate regression
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Fig. 1. Shapley additive explanation (SHAP) summary plot for PTB. Blue (or red) color denotes the low (or
high) index value of a major predictor of a participant. A positive (negative) SHAP value indicates that the
independent variable increases (decreases) the probability of PTB when included in the model as a predictor.
PROM, prelabor rupture of the membranes; PTB, preterm birth; MGI, modified gingival index; DMFT,
decayed, missing, filled teeth; CAM, chorioamnionitis; BMI, body mass index; HTN, hypertension; PI, plaque
index.

analysis, model performance calculated using AUC ranged within 0.61-0.7123-2, The types of birth used as the
outcome variables were SPTBs and PTBs. In this study, among the five ML methods tested (decision tree, naive
Bayes, RE, support vector machine; artificial neural network), RF showed the highest performance with AUC
0.73 in PTB and 0.86 in the SPTB model. RF creates many training sets, trains many decision trees, and makes
a prediction with a majority vote (bagging). RF included 1000 decision trees in this study. A majority vote from
1000 doctors would be more robust than a vote from 1 doctor. In a similar context, a majority vote from 1000
decision trees would be more robust than a vote from a single ML approach.

This study confirmed the effectiveness of introducing ML for the development of predictive models for PTB.
This can help to establish guidelines for PTB prediction models and serve as critical evidence for early screening
and personalized preventive interventions based on these risk factors. In particular, identifying maternal dental
health, such as the MGI, as an important predictor of PTB underscores the significance of generalizing dental
examinations for pregnant women. Furthermore, integrating medical and dental evaluations into prenatal care
protocols can facilitate early interventions, which may improve outcomes for both mothers and newborns.

This model is significant because it is the first attempt to adopt dental factors as independent variables for
PTB prediction. Surprisingly, the AUC values for prediction performance were comparable to or even superior
to those of previous publications. The rankings of RF variable importance verified the significance of the dental
factors in this model (Table 3). MGI ranked second in the PTB and sixth in the SPTB model. This outranked well-
known PTB risk factors from a medical perspective, such as maternal age (5th), prior PTB (14th), preeclampsia
(3rd), chronic hypertension (15th), and GDM (10th)3. MGI indicates the level of gingival inflammation during
the examination period and represents susceptibility to chronic inflammation®. In addition, considering several
specificities, our patient population showed the following in terms of periodontal status: (1) mild/moderate
periodontitis (stages 1 and 2) in general; and (2) no observable differences between the two groups with regard
to periodontitis severity and amount of plaque biofilm. Higher MGI scores meaningfully reflect gingivitis
susceptibility of the host, which correlates strongly with future periodontitis, especially in young adults®. In
this context, high MGI score, especially MGI > 2 in average (Fig. 2a), at prenatal screening or regular check-ups
during pregnancy should indicate either high maternal susceptibility to the possible infection that could occur
during the pregnancy or the tendency for progressive periodontitis, the disease whose causative pathogens are
known to influence the activation of preterm labor!®.

Numerous publications including systematic reviews and meta-analyses have addressed the association
between periodontitis and PTB or adverse pregnancy outcomes!'416-18:31-38_ Although the overall results indicate
that maternal periodontitis is significantly associated with the PTB rate, the results are often inconsistent, and
causal relationships are still far from being determined. Many of the studies included in the meta-analyses are
case—control studies; therefore, inevitable biases and limitations are inherent'®. Importantly, the definitions of
periodontitis vary in different studies, and the parameters considered in periodontal diagnosis are often confined
to probing pocket depth or CAL.

In this prospective study, we collected data on multiple dental parameters, including periodontitis stage,
MG]I, PI, and DMFT index. Periodontitis staging represents the severity of the disease and is based on a newly
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Fig. 2. Shapley additive explanation (SHAP) dependence plots for PTB and SPTB. (a) MGI vs SHAP values
for PTB show positive correlation. (b) DMFT vs SHAP values for SPTB show U-shaped relationship. The
secondary y-axis on the right represents the index values of pre-pregnancy BMI. Blue (red) dots denote low
(high) pre-pregnancy BMI. PTB, preterm birth; SPTB, spontaneous preterm birth; MGI, modified gingival
index; DMFT, decayed, missing, filled teeth; BMI, body mass index.

established periodontitis classification®*. The periodontal status of our participants evaluated using the staging
system did not differ between the two groups. Also, there were very few severe periodontitis cases corresponding
to stages 3 or 4, and the prevalence did not differ between the groups. This result is somewhat different from that
of previous publication from our group, in which the incidence of periodontitis was generally higher in preterm
mothers®. It is possible that our study population did not fully reflect real-world situations because the number
of participants was relatively small.

Considering the high AUC (0.86) in our SPTB analysis model and RF variable importance rankings relating
to that, preterm labor with or without rupture of membranes (SPTB) should be considered the main cause
of PTBs. It is regarded as a syndrome with multiple causes, including infections, vascular disorders, decidual
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senescence, breakdown of maternal-fetal tolerance, a decline in progesterone action, and cervical disease*l. A
delicate balance in maternal immunology is a prerequisite for healthy pregnancy and labor processes. The shift
from quiescent to a proinflammatory state activates labor, and inflammatory cytokines such as interleukin-1,
interleukin-6, and tumor necrosis factor-a are involved in this process?2. In this context, when the pregnant
mother becomes vulnerable to the infection relating to the multitude of factors such as BMI, stress, behavioral
factors, genetics, and nutritional deficiency, labor process can be abnormally brought forward*’. According to
our results, high MGI score can work as a screening tool for mother’s susceptibility to the infection. It may be a
simple, noninvasive, and cost-effective test that can be included in the prenatal screening. Moreover, because it is
likely that mothers with high MGI scores will have more pathogenic bacteria in their dental plaques, periodontal
therapy should be carried out in the prenatal or mid-term period to prevent hematogenous dissemination of the
oral pathogen.

Further, the dependence plot showed negative correlation within the range of DMFT index <10 (Fig. 2b),
implying that dental caries-susceptible patients had a low probability of SPTB. Dental caries and periodontitis
are two contrasting infections occurring in the oral cavity, because the bacterial species associated primarily with
each disease entity have nearly opposite characteristics*!. In this context, periodontitis-susceptible patients have
a low tendency to be caries-prone, therefore presenting a low DMFT index and high SHAP value.

The strength of this study lies in the inclusion of dental risk factors such as MGl and DMFT index in predicting
PTB. There were several researches that establishing PTB predicting model based on the LR or ML analysis*~*’.
However, all of these studies included only clinical data based on electronic health records. Unlike previous
models, this study incorporates dental factors in addition to maternal clinical data, based on the correlation
between periodontal disease and PTB. This is a novel approach and introduces an important new insight to
existing research on PTB prediction. The other strength of this study is to use of cutting-edge ML approaches,
such as RF variable importance and SHAP summary/dependence plots, to identify the major predictors and
explaining the directions of their associations. In conventional statistical approaches like linear or LR analysis,
unrealistic data assumption underlies the methodology, that is, ceteris paribus, “all the other variables staying
constant” By contrast, SHAP considers all realistic scenarios. Assume that there are three predictors of SPTB:
PROM, pre-pregnancy BMI, and MGI. Here, the SHAP value of MGI for a participant is the average of the
following four scenarios: (1) PROM excluded, pre-pregnancy BMI excluded; (2) PROM included, pre-pregnancy
BMI excluded; (3) PROM excluded, pre-pregnancy BMI included; and (4) PROM included, pre-pregnancy BMI
included. In other words, the SHAP value combines the results of all possible subgroup analyses that are ignored
in conventional methods.

There were several limitations in this study. Firstly, the limitation of this study lay in its small sample size
of the dataset. Normally, ML techniques can structure data without explicit programming, and the prediction
performance should increase and become more reliable when a large dataset is used. However, in this study, we
could still obtain solid performance using the RF method, that is, 73% (AUC) for PTB and 86% (AUC) for SPTB,
from a relatively small dataset. Unlike previous studies where population-based retrospective data were used in
ML-based modeling, our data set was prospectively collected and contained multifaceted parameters, including
dental, clinical, and obstetric factors. It appears that the high-quality data enabled the construction of a robust
model. However, it will be necessary to confirm our results using a larger dataset. Also, small sample size might
have led to the study population that tended to have more favorable periodontal conditions comparing the
real world. Secondly, social factors of parents including SES such as parents’ educational level, occupation, and
income, as well as level of physical activity, were not included in this analysis. These SES and physical activity may
serve as risk factors for PTB*®°, but research findings on this matter have not yielded consistent conclusions®>!.
Additional research may be necessary to evaluate the impact of these variables. Thirdly, the limitation is that
dental records were collected after delivery. Although dental examinations were conducted within several days
after delivery, hormonal changes that occur along with the delivery can affect periodontal status of the mothers.
Most ideally, serial records of dental examination during antenatal visits will provide more valuable information
in clarifying the significance of periodontal status on PTB prediction. This should be taken into consideration in
further studies. Fourthly, there were potential biases in this study, including selection bias arising from the focus
on women who delivered via cesarean section, which may not represent the broader population of expectant
mothers. Additionally, reliance on self-reported medical histories could introduce reporting bias, affecting the
accuracy of the predictors identified. Consequently, while the findings provide valuable insights, caution should
be exercised when generalizing these results to all pregnant women, and further research is needed to validate
the predictive model across diverse populations and settings.

Conclusion

In our ML-based prediction model, major predictors of PTB include pre-pregnancy BMI, maternal age,
preeclampsia, and dental factors such as the MGI. The positive correlations between these predictors and PTB
emphasize the need for early screening and integrated medical and dental care during pregnancy. Future research
should focus on validating these predictors in larger populations and exploring interventions to mitigate these
risk factors.

Methods

Study population

This prospective cohort study was approved by the Institutional Review Board (IRB) of Korea University Anam
Hospital (IRB no. 2020AN0217) and have conformed to the STROBE guidelines. All participants signed an
informed consent form before enrollment in the study. This study was performed as part of Maternal Oral
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Health Effects for Preterm Infants (MOHEPI) study conducted by our group and was performed in accordance
with the Declaration of Helsinki.

Participants were recruited from pregnant women who were admitted to the Department of Obstetrics,
Korea University Anam Hospital for cesarean delivery of a singleton baby and included two groups: 30 patients
who delivered prior to 37 weeks of gestation (PTB) and 30 with term delivery (full-term birth). Only mothers
with single births were included in the study. Cases involving multiplets or congenital deformities were excluded.
Clinical and obstetric data were collected before and after delivery. These included maternal age, pre-pregnancy
BMI, BMI changes during pregnancy, history of in vitro fertilization, prior PTB, preeclampsia, chronic
hypertension, GDM, PROM, histological CAM, funisitis, the presence of preterm labor, the number of WBC
and CRP just before delivery, and smoking. Preterm labor was defined as cervical dilation of >1 cm and regular
uterine contractions.

Sample size calculation

Based on a previous study examining the outcomes of PTB according to maternal periodontal status®?, the sample
size was calculated to be 13 per group to test the difference between two independent population proportions
with the significance level of 5%, power of 80%, and two-tailed hypothesis. The effect size we considered was
0.473 (=0.506-0.033), which is the difference in proportions between the two groups. When analyzing a number
of samples, considering the confounding variables that may affect the outcome variables is essential. However,
no previous studies have referenced confounding variables. Because the number of samples may have been
calculated to be less than the number required for the actual study, the total number of samples was determined
to be 60 people, 30 per group, including a 10% dropout rate. Statistical power analysis was conducted using
G*power version 3.1.9.2 by medical statistics of the Korea University College of Medicine.

Dental examination

Participants were brought to the clinic during the admission period after delivery. Panoramic radiographs
were obtained before full-mouth periodontal examination and DMFT index scoring. Measurements included
periodontal probing depth (PPD), CAL, MGI®, and PL The severity of periodontitis was graded as stage 1-4
based on the 2017 periodontitis classification®*. All the measurements were performed by one periodontist (JSP).
Periodontitis stage was determined for each patient based on the radiologic screening and CAL measurements.
For cases with no detectable bone loss or CAL loss, diagnosis of either periodontal health or gingivitis was given
based on the percentages of BOP present sites. If BOP was present in < 10%, the diagnosis was periodontal
health. When > 10%, the diagnosis was gingivitis. In our study, all the cases with no CAL loss showed BOP < 10%
and, therefore, were classified into “periodontal health”. Cases with PPD > 5 mm sites or furcation involvements
were classified as either stage 3 or 4. If number of tooth loss due to periodontal cause were>4 or complex
rehabilitation was required due to bite collapse, cases were diagnosed to be stage 4. Stage 1 or 2 were determined
based on CAL and radiographic bone loss at site of greatest loss. Extent of the disease was determined, by
assessing whether CAL or bone loss affected < 30% of the dentition (localized) or more (generalized)®*.

Machine learning analysis

Prospective cohort data were obtained from 60 women who gave singleton births. The dependent variable
was PTB/SPTB. Fifteen independent variables were included in the analysis. LR, decision tree, naive Bayes,
RE, support vector machine, and artificial neural network®->" were used to predict PTB/SPTB. RF is a group
of decision trees that make majority votes on the dependent variable (“bootstrap aggregation”). For example,
RF with 1000 decision trees is processed as follows. Assuming that the original data includes 42 participants,
training and testing of the RF involves two steps. First step is to create a decision tree based on random sampling
of the data extracted from 42 participants. This process is called “bootstrap sampling’, and it allows replacement
of the data. The data left over from each sampling process is called out-of-bag data. Secondly, 1000 decision
trees created from 1000 repetitions of this process predict the dependent variable for every participant in the
out-of-bag data. The majority vote then is taken as their final prediction on this participant. The proportion of
wrong votes is calculated as out-of-bag error®>~’. There was no missing data. The data from the 60 cases with
full information in this study were split into training and validation sets in a 75:25 ratio (42 vs. 14 cases). The
random split and analysis were repeated 50 times and averaged for cross validation. The criteria for validation
of the trained models were accuracy (the ratio of correct predictions among 14 cases) and AUC (area under the
plot of sensitivity vs. 1 — specificity).

Variable importance analysis

In the following context, RF permutation importance was used to identify the major predictors of PTB/
SPTB. SHAP values were calculated to analyze the directions of the associations between the predictors and
PTB/SPTB. These analytic approaches are called explainable Al, defined as “Al to identify major predictors
of the dependent variable” Explainable AI approaches currently utilized include RF impurity importance, RF
permutation importance, ML accuracy importance, and SHAP*”. The RF permutation importance used in this
study measures the overall decrease in accuracy when the predictor data are randomly shuffled. This decrease is
indicative of the extent to which the model depends on the predictor. The SHAP value measures the difference
between the probability of PTB/SPTB predicted by ML with and without the predictor.

In this study, the importance of RF permutations was used to derive the rankings of the predictors. SHAP
plots were then created to evaluate the directions of the associations between each predictor and the dependent
variable, PTB/SPTB. This is consistent with a common practice in the field of artificial intelligence: to employ
RF permutation importance for deriving the rankings of the predictors then to employ the SHAP plots for the
evaluation of the directions of associations between each predictor and the dependent variable. Linear or LR
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had played this role before the SHAP approach took it over. R-Studio 1.3.959 (R-Studio Inc.: Boston, United
States) and Python 3.8.8 (CreateSpace: Scotts Valley, United States) together with numpy 1.22.4, pandas 1.2.4
and sklearn 1.3.2 were employed for the analysis between May 1, 2023-June 30, 2023.

Data availability
The data that support the findings of this study are available from the corresponding author upon reasonable
request.
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