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Abstract
BACKGROUND
Gestational diabetes mellitus (GDM) is a condition characterized by high blood sugar levels during pregnancy. The prevalence of GDM is on the rise globally, and this trend is particularly evident in China, which has emerged as a significant issue impacting the well-being of expectant mothers and their fetuses. Identifying and addressing GDM in a timely manner is crucial for maintaining the health of both expectant mothers and their developing fetuses. Therefore, this study aims to establish a risk prediction model for GDM and explore the effects of serum ferritin, blood glucose, and body mass index (BMI) on the occurrence of GDM.

AIM
To develop a risk prediction model to analyze factors leading to GDM, and evaluate its efficiency for early prevention.

METHODS
The clinical data of 406 pregnant women who underwent routine prenatal examination in Fujian Maternity and Child Health Hospital from April 2020 to December 2022 were retrospectively analyzed. According to whether GDM occurred, they were divided into two groups to analyze the related factors affecting GDM. Then, according to the weight of the relevant risk factors, the training set and the verification set were divided at a ratio of 7:3. Subsequently, a risk prediction model was established using logistic regression and random forest models, and the model was evaluated and verified.

RESULTS
Pre-pregnancy BMI, previous history of GDM or macrosomia, hypertension, hemoglobin (Hb) level, triglyceride level, family history of diabetes, serum ferritin, and fasting blood glucose levels during early pregnancy were determined. These factors were found to have a significant impact on the development of GDM (P < 0.05). According to the nomogram model’s prediction of GDM in pregnancy, the area under the curve (AUC) was determined to be 0.883 [95% confidence interval (CI): 0.846-0.921], and the sensitivity and specificity were 74.1% and 87.6%, respectively. The top five variables in the random forest model for predicting the occurrence of GDM were serum ferritin, fasting blood glucose in early pregnancy, pre-pregnancy BMI, Hb level and triglyceride level. The random forest model achieved an AUC of 0.950 (95%CI: 0.927-0.973), the sensitivity was 84.8%, and the specificity was 91.4%. The Delong test showed that the AUC value of the random forest model was higher than that of the decision tree model (P < 0.05).

CONCLUSION
The random forest model is superior to the nomogram model in predicting the risk of GDM. This method is helpful for early diagnosis and appropriate intervention of GDM.
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Core Tip: Gestational diabetes mellitus (GDM) is a common pregnancy complication, which has an important impact on maternal and child health. Early prediction of GDM can result in timely interventions in patients and improve pregnancy outcomes. This study examined various risk factors associated with GDM and established and compared two prediction models: The nomogram model and the random forest model. The random forest model has good predictive ability, which can effectively predict the risk of GDM and provide accurate references for early prevention and management of GDM.

INTRODUCTION
Gestational diabetes mellitus (GDM) is a metabolic disease that occurs or is first discovered during pregnancy[1,2] and is a risk factor for many adverse pregnancy outcomes. International data show that by 2021, the proportion of pregnant women with GDM worldwide has reached 16.7% and continues to grow[3]. Preventing GDM has become an important challenge for global health. At present, numerous studies have been conducted worldwide to predict the likelihood of GDM[4,5], but these studies are only applicable to foreign populations, and their applicability to domestic populations is not ideal. There are relatively few studies on the risk prediction of GDM in China, which needs to be further strengthened. Therefore, the objective of this investigation is to establish a predictive model for GDM risk. By comparing the predictive efficacy of the nomogram model and the random forest model, this will provide clinicians with a more scientific and accurate risk prediction tool for GDM, promote early diagnosis and intervention of GDM, and provide pregnant women with corresponding intervention measures and health education.

MATERIALS AND METHODS
General information
A retrospective analysis of 406 pregnant women aged 22-43 years, with an average age of (31.17 ± 4.02) years, who underwent a routine prenatal examination in our hospital was conducted from April 2020 to December 2022. According to whether GDM occurred, they were divided into two groups, including the GDM group (n = 197) and the non-GDM group (n = 209).
Inclusion criteria were: (1) Normal pregnant women; and (2) natural pregnancy. Exclusion criteria were: (1) Patients with diabetes who had been diagnosed or were receiving treatment before pregnancy; (2) women who could not participate in the survey and follow-up; (3) adolescent pregnant women (< 18 years old); (4) those suffering from other chronic diseases, such as cardiovascular disease, liver disease, renal dysfunction, or malignant neoplasms; and (5) pregnant women who used hormones and immunosuppressants.

Research methods
The clinical data of early pregnancy (6-13 wk) were collected, including height, weight, pre-pregnancy body mass index (BMI), family history, hemoglobin (Hb) level, fasting blood glucose, and other indicators. Two persons were responsible for data entry and verification.

GDM diagnostic criteria
Pregnant women at the gestational age of 24 to 28 wk, underwent an oral glucose tolerance test. Glucose water (75 g) was consumed after 8 h fasting on an empty stomach and then blood glucose was measured 3 times within 2 h. A diagnosis of GDM was made if the blood glucose level measured ≥ 5.1 mmol/L, 10.0 mmol/L, or 8.5 mmol/L during the fasting, 1-h, or 2-h tests, respectively[6].

Statistical analysis
Statistical software SPSS 21.0 was utilized for data analysis. The measurement data were represented as the mean and standard deviation, and group comparisons were conducted using the t-test. The enumeration data were represented as number (percentage), and the comparison between groups was conducted using the χ2 test or Fisher’s exact test. A multivariate logistic regression analysis was utilized, and statistical significance was determined at the P < 0.05 level. Based on the machine learning method, the nomogram prediction model was established by R language, and the random forest model was established using the Random Forest package. The model’s application performance was assessed using sensitivity, specificity, and the area under the receiver operating characteristic curve (ROC AUC). The AUC was compared using the Delong test.

RESULTS
Sample characteristics
The comparison results of the general data in the two groups showed that there were significant differences in BMI, family history of diabetes, GDM history, macrosomia, hypertension, Hb level, triglyceride level, serum ferritin, and fasting blood glucose in the first trimester of pregnancy between the two groups (P < 0.05). These results are shown in Table 1.

Multivariate analysis of factors for GDM
Whether GDM occurred or not was used as the dependent variable, and the statistically significant variables in the univariate results were included in the multivariate logistic regression analysis as the independent variables, and the assignment criteria of each variable are shown in Table 2. The multivariate results showed that preconception BMI, family history of diabetes, GDM history, macrosomia, hypertension, Hb level, triglyceride level, serum ferritin, and fasting blood glucose in early pregnancy were the influencing factors of GDM as shown in Table 3 (P < 0.05).

Development of a first-trimester risk prediction model for GDM
Nomogram model construction: The results of multivariate logistic regression analysis were plotted into a nomogram model using R language and are shown in Figure 1. The total score was derived by assigning scores to each risk factor in the nomogram, and the corresponding probability of GDM occurring was determined using the total score and its associated probability value.

Random forest prediction model construction: Nine statistically significant indicators from univariate analysis were included in the random forest model, and the values are shown in Table 2. The results showed a fixed tree value, and when mtry = 10, the false positive rate of the model was the smallest. Based on mtry = 10, when ntree = 500, the model error was based on stability. Therefore, based on the mtry = 10 and ntree = 500 parameters, the top 5 variables in predicting the occurrence of GDM by the random forest model were serum ferritin, fasting blood glucose in the first trimester, BMI before pregnancy, Hb level and triglyceride level, as shown in Figure 2.

Comparison of the performance of the two predictive models: The nomogram model’s ability to discriminate was assessed by the ROC AUC (Table 4 and Figure 3). The AUC of the random forest model was higher than that of the nomogram model (Z = -6.104, P < 0.001).

DISCUSSION
GDM is a condition that affects glucose metabolism during pregnancy. Typically, it occurs after the 27th week of gestation, although some women may develop preexisting diabetes prior to conception. The pathogenesis of GDM is complex, and its etiology is undefined[7]. In this study, after comparing the basic characteristics between pregnant women in the group with GDM and the group without GDM, the factors affecting the occurrence of GDM were obtained by multivariate logistic regression analysis, including preconception BMI, family history of diabetes, GDM history, macrosomia, hypertension, Hb and triglyceride levels, serum ferritin, and fasting blood glucose in the first trimester. These findings are essentially congruent with those of Li et al[8] and Tong et al[9].
This study revealed that pregnant women with a positive family history of diabetes exhibited a greater likelihood of GDM occurrence in comparison to their counterparts lacking such a familial history. Diabetes has a genetic predisposition, and can be passed on genetically to the next generation. Pregnant individuals who have a familial history of diabetes may possess a genetic predisposition that elevates the likelihood of the onset of GDM. A positive family history of diabetes mellitus has been established as one of the risk factors for GDM based on various national and international studies[10-12]. If a pregnant woman is diagnosed with GDM in a previous pregnancy, she is also more likely to have GDM in subsequent pregnancies, as confirmed by studies[13]. Therefore, for pregnant women with a familial predisposition to diabetes and GDM, it is recommended that doctors pay close attention to their health during pregnancy.
This study found that hypertension plays an essential role in the progress of GDM, and studies have confirmed that hypertension is one of the factors that pose an independent risk for GDM[14]. Hypertension may lead to the onset and progression of GDM by affecting placental blood flow and insulin sensitivity, causing islet cytopenia and dysfunction. In addition, this study also found that excess preconception BMI is one of the factors that pose an independent risk for GDM. This is because overweight and obesity affect insulin metabolism and production, increasing the body’s need for insulin, and thus increasing the risk of GDM[15]. Therefore, weight control before pregnancy and maintaining a normal BMI can reduce the risk of GDM. For patients with hypertension during pregnancy, surveillance and intervention should be strengthened to reduce the risk of GDM.
Sissala et al[16] found that Hb level is a risk factor for GDM, this finding is in alignment with the outcomes of the present investigation. The reason for this is that the level of Hb may affect the diastolic blood pressure of pregnant women, thereby increasing maternal peripheral vascular resistance. This condition may reduce the stiffness of the large arteries and lead to the formation of insulin resistance, thereby increasing the risk of GDM[17,18]. Serum ferritin is a major form of intracellular iron storage, and the body’s iron stores are positively correlated with Hb levels. Research has indicated that pregnant women diagnosed with GDM exhibit elevated serum ferritin levels in comparison to their non-GDM counterparts; therefore, regular measurement of Hb levels and serum ferritin levels during pregnancy can help pregnant women detect problems in a timely manner and take corresponding treatment measures. Studies have demonstrated that lipid and lipoprotein abnormalities, including elevated triglycerides, are associated with insulin resistance and type 2 diabetes, hence leading to significantly higher levels of triglycerides in GDM compared to non-GDM patients[19,20]. Therefore, monitoring blood lipid levels during pregnancy is of great clinical significance to effectively predict the onset of GDM.
In this investigation, the nomogram model and random forest model were established by applying preconception BMI, family history of diabetes, GDM history, macrosomia, hypertension, Hb and triglyceride levels, serum ferritin, and fasting blood glucose levels in the first trimester, and compared the prediction effect of the model. It was found that the AUC of GDM exhibited a value of 0.950 (95% confidence interval: 0.927-0.973), with a sensitivity rate of 91.4% and specificity rate of 84.80%. Compared with the nomogram model, it had better calibration and prediction accuracy. The reason for this may be that compared with the logistic regression model, the random forest model is not easy to overfit, has more advantages in processing high-dimensional data, and does not require feature selection.

CONCLUSION
In summary, nine indicators, including preconception BMI, family history of diabetes, GDM history, macrosomia, hypertension, Hb and triglyceride levels, serum ferritin, and fasting blood glucose level in early pregnancy, effectively predicted the incidence of GDM. In this study, the predictive model for risk assessment of GDM based on the results of multivariate analysis had a better predictive effect, and the random forest model had higher efficiency in predicting the risk of GDM, which can effectively anticipate the likelihood of developing diabetes. In pregnant women, this has important guiding significance for the prevention and treatment of GDM. However, this study only collected data in one hospital, and the sample size was small, which had certain limitations, and it is necessary to include a larger sample size for large-scale model verification in the future to provide a reference for clinical prediction of the incidence of GDM.

ARTICLE HIGHLIGHTS
Research background
Gestational diabetes mellitus (GDM) is a common metabolic disease during pregnancy, which has adverse effects on maternal and child health. The establishment and evaluation of risk prediction models can help to identify high-risk groups early and take corresponding intervention measures to reduce the risk in pregnant women and newborns. At present, research in this field mainly focuses on the screening of predictors and the construction of models and explores their reliability and practicability. These studies provide a theoretical basis and method support for the prevention and management of gestational diabetes.

Research motivation
The purpose of this study is to establish a reliable risk prediction model for gestational diabetes to help doctors detect and treat patients with GDM. The key issues to be solved in this study include determining the best predictors and establishing effective models. Solving these problems is of great significance for improving the diagnostic rate of early diabetes and reducing the risk of complications in pregnant women and fetuses. It will also have a positive effect on future research in this field.

Research objectives
The main objective of this study is to establish a reliable risk prediction model for GDM. The achieved goals include obtaining the risk factors of GDM, establishing a risk factor prediction model, and evaluating the model. The random forest model has a good prediction effect, which can effectively predict the risk of diabetes in pregnant women and indicate the direction for future research in this field.

Research methods
In this study, a retrospective case analysis method was adopted, and the study subjects were stratified into two groups: Those with GDM and those without GDM. According to whether GDM occurred, the general data of the two groups of pregnant women were investigated and analyzed, and we established a risk prediction model for GDM during the trimester using both the logistic regression and random forest models, and the two models were evaluated and validated. The peculiarity and novelty of the research methods lie in the adoption of machine learning methods, which greatly improve the accuracy and reliability of the model.

Research results
This study successfully established a risk prediction model for early gestational diabetes in pregnant women (random forest and nomogram model). After analyzing and screening a number of clinical factors, the random forest model had high prediction accuracy and judgment ability. This study provides strong support for early prevention and intervention of gestational diabetes in pregnant women and provides a reference value for further research in this field. In the future, it is necessary to further expand the sample size, improve the considered factors and verify the stability and applicability of the model.

Research conclusions
This study proposed a model for predicting the likelihood of developing gestational diabetes during the early stages of pregnancy and compared the predictive effects of the random forest and nomogram models. The results suggested that the random forest model can more accurately predict the risk of gestational diabetes during early pregnancy.

Research perspectives
Future research should focus on improving the risk prediction model of gestational diabetes in pregnant women and improve the accuracy and stability of the model to meet clinical needs. We should also explore new predictors, explore pathological mechanisms, and identify intervention strategies to reduce the risk of diabetes and its complications in pregnant women and improve maternal health.
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Figure Legends
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Figure 1 Risk prediction nomogram model of gestational diabetes mellitus. BMI: Body mass index; DM: Diabetes mellitus; GDM: Gestational diabetes mellitus; Hb: Hemoglobin.
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Figure 2 Variable importance analysis of random forest model. A: The diagram shows that the value of each variable was changed into a random number, and the random forest also measured the degree of reduction in accuracy; B: The importance of each variable was compared by calculating the heterogeneous influence of each variable on the observations on each node of the classification tree. The larger the value, the greater the importance of the variable. BMI: Body mass index; DM: Diabetes mellitus; GDM: Gestational diabetes mellitus; Hb: Hemoglobin.
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Figure 3 Receiver operating characteristic curve of the two models for predicting gestational diabetes mellitus. A: The figure shows the receiver operating characteristic curve (ROC) curve of the training set nomogram; B: The figure shows the ROC curve of the training set random forest model; C: The figure shows the ROC curve of the validation set line graph; D: The figure shows the ROC curve of the validation set random forest model. ROC: Receiver operating characteristic curve; AUC: Area under the curve.

Table 1 Comparison of general data between the two groups of patients, n (%)

	Items
	GDM group (n = 197)
	Non-GDM group (n = 209)
	Statistics
	P value

	Age (yr)
	31.57 ± 3.94
	30.794 ± 4.05
	1.965
	0.051

	Body height (cm)
	159.67 ± 5.91
	160.38 ± 4.95
	1.351
	0.189

	Occupation
	
	
	2.246
	0.134

	Regular work
	49 (24.87)
	66 (31.58)
	
	

	No regular work
	148 (75.13)
	143 (68.42)
	
	

	Education level
	
	
	4.790
	0.091

	Junior high school and below
	22 (11.17)
	18 (8.61)
	
	

	High school or        technical secondary school
	19 (9.64)
	35 (16.75)
	
	

	College undergraduate and above
	156 (79.19)
	156 (74.64)
	
	

	Marital status
	
	
	2.884
	0.092

	Primary marriage
	169 (85.79)
	166 (79.43)
	
	

	Remarriage
	28 (14.21)
	43 (20.57)
	
	

	Monthly income (yuan/month)
	
	
	0.878
	0.349

	< 3000
	36 (18.27)
	46 (22.01)
	
	

	≥ 3000
	161 (81.73)
	163 (77.99)
	
	

	Family history of DM
	
	
	22.357
	< 0.001

	Yes
	49 (24.87)b
	16 (7.66)
	
	

	No
	148 (75.13)b
	193 (92.34)
	
	

	Family history of hypertension
	
	
	0.105
	0.746

	Yes
	38 (19.29)
	43 (20.57)
	
	

	No
	159 (80.71)
	166 (79.43)
	
	

	GDM
	
	
	28.400
	< 0.001

	Yes
	50 (25.38)b
	13 (6.22)
	
	

	No
	147 (74.62)b
	196 (93.78)
	
	

	Parity
	
	
	1.049
	0.306

	Plurality
	91 (46.19)
	86 (41.15)
	
	

	Primiparity
	106 (53.81)
	123 (58.85)
	
	

	PCOS
	
	
	0.398
	0.528

	Yes
	9 (4.57)
	7 (3.35)
	
	

	No
	188 (95.43)
	202 (96.65)
	
	

	Giant infants
	
	
	19.015
	< 0.001

	Yes
	35 (17.77)b
	9 (4.31)
	
	

	No
	162 (82.23)b
	200 (95.69)
	
	

	Pre-pregnancy weight (kg)
	57.11 ± 9.58a
	54.68 ± 7.26
	2.898
	0.004

	Pre-pregnancy BMI (kg/m2)
	24.11 ± 4.08b
	21.25 ± 2.63
	8.439
	< 0.001

	History of abortion
	
	
	1.106
	0.293

	Yes
	70 (35.53)
	64 (30.62)
	
	

	No
	127 (64.47)
	145 (69.38)
	
	

	Cesarean section history
	
	
	0.878
	0.349

	Yes
	35 (17.77)
	30 (15.23)
	
	

	No
	162 (82.23)
	179 (84.77)
	
	

	History of preterm birth
	
	
	1.872
	0.171

	Yes
	51 (25.89)
	67 (32.06)
	
	

	No
	146 (74.11)
	142 (67.94)
	
	

	History of stillbirth
	
	
	0.212
	0.645

	Yes
	4 (2.03)
	3 (1.44)
	
	

	No
	193 (97.97)
	206 (98.56)
	
	

	Hypertension
	
	
	14.325
	< 0.001

	Yes
	35 (17.77)b
	12 (5.74)
	
	

	No
	162 (82.23)b
	197 (94.26)
	
	

	Erythrocytes (× 1012/L)
	4.31 ± 0.41
	4.27 ± 0.39
	0.994
	0.321

	Hb (g/L)
	128.77 ± 9.03b
	121.34 ± 10.34
	7.687
	< 0.001

	Urea (mmol/L)
	2.94 ± 0.66
	2.87 ± 0.65
	1.079
	0.281

	Creatinine (μmol/L)
	44.71 ± 6.81
	45.38 ± 5.82
	-1.070
	0.285

	Uric acid (μmol/L)
	244.18 ± 54.53
	234.62 ± 44.62
	1.938
	0.053

	Triglyceride (mmol/L)
	1.69 ± 0.56b
	1.43 ± 0.69
	4.058
	< 0.001

	Serum ferritin (ng/mL)
	73.96 ± 18.36b
	53.29 ± 15.30
	12.350
	< 0.001

	First-trimester fasting hyperglycemia (mmol/L)
	5.06 ± 0.47b
	4.40 ± 0.71
	10.971
	< 0.001


aP < 0.05 vs non-gestational diabetes mellitus (GDM) group.
bP < 0.001 vs non-GDM group. BMI: Body mass index; DM: Diabetes mellitus; GDM: Gestational diabetes mellitus; Hb: Hemoglobin; PCOS: Polycystic ovary syndrome.




Table 2 Variable assignment
	Variables
	Assignment

	Whether GDM occurred (dependent variable)
	Yes = 1, no = 0

	GDM
	Yes = 1, no = 0

	Hypertension
	Yes = 1, no = 0

	Giant infant
	Yes = 1, no = 0

	Family history of DM
	Yes = 1, no = 0

	Hb
	Original value input

	Pre-pregnancy BMI
	Original value input

	Triglyceride
	Original value input

	Serum ferritin
	Original value input

	First-trimester fasting hyperglycemia
	Original value input


BMI: Body mass index; DM: Diabetes mellitus; GDM: Gestational diabetes mellitus; Hb: Hemoglobin.












Table 3 Multivariate logistic regression analysis results of gestational diabetes mellitus
	Items
	β
	SE
	Wald
	P valuea
	OR (95%CI)

	Family history of DM
	1.340
	0.472
	8.061
	0.005
	3.818 (1.514-9.626)

	Hypertension
	1.674
	0.643
	6.772
	0.009
	5.335 (1.512-18.825)

	GDM
	1.201
	0.519
	5.353
	0.021
	3.323 (1.201-9.192)

	Giant infant
	2.269
	0.647
	12.312
	< 0.001
	2.653 (1.284-5.483)

	Pre-pregnancy BMI (kg/m2)
	0.233
	0.055
	18.059
	< 0.001
	1.263 (1.134-1.406)

	Hb (g/L)
	0.071
	0.018
	14.867
	< 0.001
	1.073 (1.035-1.112)

	Triglyceride (mmol/L)
	0.792
	0.249
	10114
	0.001
	2.207 (1.355-3.596)

	Serum ferritin (ng/mL)
	0.070
	0.010
	44.508
	< 0.001
	1.072 (1.050-1.094)

	First-trimester fasting hyperglycemia (mmol/L)
	1.887
	0.350
	29.110
	< 0.001
	6.602 (3.326-13.105)


aP < 0.05 was considered significant. BMI: Body mass index; DM: Diabetes mellitus; GDM: Gestational diabetes mellitus; Hb: Hemoglobin; SE: Standard error; OR: Odd ratio; CI: Confidence interval.

Table 4 Prediction performance evaluation results of the nomogram model and random forest model (%)
	Prediction model
	
	Sensitivity
	Specificity
	AUC (95%CI)

	Nomogram model
	Training set
	74.1
	87.6
	0.883 (0.846-0.921)

	
	Validation set
	81.0
	81.2
	0.850 (0.782-0.918)

	Random forest model
	Training set
	91.4
	84.8
	0.950 (0.927-0.973)

	
	Validation set
	89.7
	89.7
	0.918 (0.868-0.967)


AUC: Area under the curve; CI: Confidence interval.
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