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Objective

Predictive models of the cumulative live birth (CLB) in women undergoing in vitro fertilization (IVF) treatment are limited. The aim of this study was to develop and validate a nomogram for the CLB in women undergoing the first IVF cycle.



Methods

Based on a cross-sectional study in assisted reproduction center of Northwest Women’s and Children’s Hospital, 26,689 Chinese patients who underwent IVF treatment was used to develop and validate a prediction model for the CLB. Among those participants, 70% were randomly assigned to the training set (18,601 patients), while the remaining 30% were assigned to the validation set (8,088 patients). A nomogram was constructed based on the results of the multivariate logistic regression analysis. The model performance was evaluated using the C statistic and the calibration performance was assessed by Hosmer-Lemeshow (HL) χ2 statistics and calibration plots.



Results

Multivariate logistic regression analyses revealed that female age, female body mass index (BMI), tubal factor infertility, male infertility, uterine factor infertility, unexplained infertility, antral follicle count (AFC) and basal serum follicle stimulating hormone (FSH) were significant factors for CLB in women undergoing the first IVF cycle. An area under the receiver operating characteristic curve (AUC) in the prediction model was 0.676 (95% CI 0.668 to 0.684) in the training group. The validation set showed possibly helpful discrimination with an AUC of 0.672 (95% CI 0.660 to 0.684). Additionally, the prediction model had a good calibration (HL χ2 = 8.240, P=0.410).



Conclusions

We developed and validated a nomogram to predict CLB in women undergoing the first IVF cycle using a single center database in China. The validated nomogram to predict CLB could be a potential tool for IVF counselling.
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Introduction

Infertility is a high incidence in today’s society, accounting for about 10% to 15% of couples of reproductive age (1, 2). In vitro fertilization (IVF) has become a widespread option for treating fertility problems around the world (3). From the birth of the world’s first IVF baby in 1978 to the application of ovulation-stimulating drugs in IVF, IVF has moved from single follicular development to multiple follicles in each menstrual cycle, significantly increasing the pregnancy rate and live birth rate (4–6).

The success of IVF is conventionally defined as the live birth rate from a single fresh cycle. However, the widespread use of embryo cryopreservation over the past two decades, the cumulative live birth (CLB) rate, which includes frozen embryo replacements and subsequent treatment episodes, is more informative. Considering that many other factors can influence the success of IVF, it can be challenging for clinicians to counsel couples about their individualized chances of success. It can be difficult for clinicians to evaluate individualized chances of success before a complete IVF treatment. A clinical prediction model that could estimate the cumulative chances of a live birth before IVF begins would be essential for patient counseling and to help with IVF decision-making (7). There have been many attempts to build predictive models to predict IVF success, but most of them are about clinical pregnancy rate, ongoing pregnancy, or live birth rate (8–16). Predictive models of the CLB in women undergoing the first IVF cycle are limited. This study aims to develop and validate a nomogram for the CLB in women undergoing their first IVF cycle using a single-center database in China.



Materials and methods


Study design and participants

A cross-sectional study was conducted using 5–year clinical data (January 2014 to December 2018) from at Assisted Reproduction Center of Northwest Women’s and Children’s Hospital, Shaanxi province, Northwest China. A total 29,104 patients conceived with IVF/intracytoplasmic sperm injection (ICSI) treatment. Among these patients, we excluded 1,584 patients with missing pregnancy outcomes, and 831 patients with missing covariates (110 gravidity missing, 201 missing BMI, 15 antral follicles missing, 217 infertility duration missing, 288 basal follicle stimulating hormone (FSH) missing). Lastly, 26,689 patients were included in this study.



Data collection and main variables

ART pregnancy outcomes (including clinical pregnancy and live birth) are required to be reported in the Assisted Reproduction Database in the Shaanxi province of China. In this study, CLB were collected from the Assisted Reproduction Database. Additionally, demographic data and ART treatment data were collected and assessed by each patient’s clinician.

Based on the literature (17), we collected all potential correlated factors of CLB from the records. These include female age, female BMI, gravidity, infertility duration, infertility type, tubal factor infertility (yes or no), ovarian factor infertility (yes or no), endometriosis infertility (yes or no), uterine factor infertility (yes or no), male factor infertility (yes or no), unexplained infertility (yes or no), antral follicle count (AFC) and basal FSH. Based on the previous study (18), participants were divided into five age groups: <25, 25–29, 30–34, 35–39 and ≥40 years. We selected 25–29 years as the reference age-group because of the greatest proportion of participants in the dataset was among the group of women with 25–29 years. Based on the Chinese criteria (19), participants were divided into four BMI groups: underweight (BMI < 18.5 kg/m2), normal weight (18.5 ≤ BMI < 24 kg/m2), overweight (24 ≤ BMI < 28 kg/m2) and obese (BMI ≥ 28 kg/m2). We selected normal weight group as the reference BMI-group. For gravidity, participants were divided into four gravidity groups: 0 (reference), 1, 2, and ≥ 3. For infertility duration, participants were divided into three groups: <2 (reference), 2–4, and ≥ 5 years. For infertility type, participants were divided into two groups: primary infertility (reference) and secondary infertility. AFC were classified by quartiles: ≤7 (reference), 8–11, 12–16, ≥17. And basal FSH were classified by quartiles: ≤5.70 (reference), 5.71–6.78, 6.79–8.20, ≥8.21 U/L.

The primary outcome was CLB, which was defined as at least one live birth resulting from one aspirated ART cycle in the fresh embryo transfer or subsequent frozen embryo transfer in relation to the number of oocytes retrieved. Only the first delivery was considered in the analysis. One treatment cycle is defined as an oocyte retrieval and all transfers, fresh and frozen/thawed, derived from that ovarian stimulation.



Ethical approval

The Human Research Ethics Committee of the Northwest Women’s and Children’s Hospital approved this study in December 2019 (No. 2019013), and the committee waived the need to obtain informed consent in this study. All of the research was performed in accordance with the relevant guidelines and regulations.



Statistical analysis

To generate nomograms and perform external verification, 70% subjects were randomly assigned to the training set, while the remaining 30% were assigned to the external validation set. Categorical variables were described as frequency (percentage) and the differences between groups were compared using the χ2 test.

In the training group, baseline variables that were considered clinically relevant or that showed a univariate relationship with CLB were entered into multivariate logistic regression model. All variables were tested for collinearity. Variables for inclusion were carefully chosen, given the outcome of forward stepwise method and the number of events available, to ensure parsimony of the final model. A nomogram was constructed based on the results of the multivariate logistic regression analysis and the selected variables were incorporated in the nomogram to predict the CLB. The nomogram is constructed by converting each regression coefficient in multivariate logistic regression to a scale of 0-100 points. 100 points are assigned to the variable with the highest β coefficient (absolute value). The points for each independent variable were added together to derive the total-point score for the predicted probability of the CLB. The model performance was evaluated using the C statistic, which is equivalent to the receiver operating characteristic curve (ROC) area under the receiver operating characteristic curve (AUC). Meanwhile, the calibration performance (agreement between observed and predicted frequencies of the CLB) was assessed by Hosmer-Lemeshow (HL) χ2 statistics and calibration plots. We also used decision curve analysis (DCA) to assess the net benefit of nomogram-assisted decisions.

Statistical analysis was performed using SPSS software (ver 23.0, USA), and R software (ver 3.4.1, USA). Two-tailed analysis with P<0.05 indicated that the difference was statistically significant.




Results


Participants’ characteristics

A total of 26,689 patients were enrolled, including 18,601 in the training group and 8,088 in the validation group. Table 1 showed the baseline characteristics of the group. Comparison of the baseline data indicated that the training and validation groups showed no significant differences in the general situation of patients, years of infertility, type of infertility, cause of infertility, and the CLB rate.


Table 1 | Basis characteristics of training group and validation group.





Nomogram development

The univariate associations of the potential predictors for CLB following IVF were shown in Table 2. By setting significance level to be 0.05, there are totally 13 statistically significant predictors: female age, female BMI, gravidity, infertility duration, infertility type, tubal factor infertility, ovarian factor infertility, endometriosis infertility, uterine factor infertility, male infertility, and unexplained infertility, AFC, Basal FSH.


Table 2 | Univariate and multivariate logistic analysis of factors predicting CLB in the training group.



The multivariate logistic regression model predicting CLB was also displayed in Table 2. The model showed that the odds of a successful CLB decrease with older age (30–34 vs 25–29 years: OR=0.83, 95%CI=0.77, 0.89; 35–39 vs 25-29 years: OR=0.54, 95%CI=0.49, 0.60; ≥40 vs 25–29 years: OR=0.19, 95%CI=0.16, 0.23), overweight or obese (overweight vs normal weight: OR=0.86, 95%CI=0.80, 0.93; obese vs normal weight: OR=0.69, 95%CI=0.61, 0.79), uterine factor infertility (OR=0.88, 95%CI=0.78, 0.99) and higher basal FSH (6.79–8.20 vs ≤5.70: OR=0.89, 95%CI=0.82, 0.97; ≥8.21 vs ≤5.70: OR=0.64, 95%CI=0.59, 0.70). Other variables which showed a statistically significant increase in odds of CLB in the final model were: tubal factor infertility (OR=1.30, 95%CI=1.20, 1.41), male infertility (OR=1.40, 95%CI=1.29, 1.53), unexplained infertility (OR=1.20, 95%CI=1.08, 1.33) and higher AFC (8–11 vs ≤7: OR=1.86, 95%CI=1.70, 2.03; 12–16 vs ≤7: OR=2.34, 95%CI=2.13, 2.57; ≥17 vs ≤7: OR=2.41, 95%CI=2.18, 2.66).

Based on the multivariate logistic regression analysis, the eight independent predictors were included in the prediction model. We then establish an individualized nomogram prediction model of CLB following IVF (Figure 1). The application of the nomogram is as follows: based on the nomogram, we can obtain the points corresponding to each prediction indicator, the sum of the points is recorded as the total score, and the predicted risk corresponding to the total score is the probability of CLB following IVF (Figure 2).




Figure 1 | Nomogram for predicting CLB.






Figure 2 | Example prediction nomogram for risk of CLB. A couple with ART treatment: female age=36 years (63 points), female BMI= 30 kg/m2 (0 points), no tubal factor infertility (0 points), no uterine factor infertility (8 points), male factor infertility (20 points), unexplained infertility (11 points), AFC=5 (0 points), basal FSH=3.67 U/L (27 points). The cumulative score of the various prediction indicators was 63 + 8 + 20 + 11 + 27 = 129, and the corresponding predicted risk of CLB was 0.30 (30%).





Nomogram validation

The validation of the model was based on discrimination and calibration. We drew the ROC curves of predicted probability and calculated the AUC values in the training group and validation group (20). The ROC curve was used to compute the AUC values from models with the eight independent predictors in the nomogram. The AUC values of the training group and validation group were 0.676 (95%CI=0.668, 0.684) and 0.672 (95%CI=0.660, 0.684) (Table 3, Figure 3) respectively, suggesting that the nomogram prediction model had a possibly helpful discrimination. The HL χ2 statistics was 8.240 (P=0.410) and the calibration plots, which revealed the prediction model had a good calibration. In the training group and validation group, calibration curves swung around the 45-degree oblique line, indicating a high degree of calibration (Figure 4). The decision curves for CLB probability showed that the net income of the training and validation groups was higher when the probability was between 50% and 70% (Figure 5).


Table 3 | The AUCs of the ROC curves for the nomogram and variables from the logistic regression model in the training group and validation group.






Figure 3 | ROC curves in training group (A) and validation group (B).






Figure 4 | Calibration curves of the nomogram in training group (A) and validation group (B).






Figure 5 | DCA curves of the nomogram in training group (A) and validation group (B).






Discussion

Successful prediction of CLB after IVF has been limited. This study of 26,689 IVF patients is, to our knowledge, the larger sample of studies to evaluate the CLB of IVF patients, leading to the development of a prediction model to calculate cumulative lives’ chances of birth after IVF. The critical predictors in our model that were shown to affect CLB rate are female age, female BMI, tubal factor infertility, uterine factor, male infertility, unexplained infertility, AFC and basal FSH.

A model has been developed that clinician may use before IVF treatment to estimate a couple’s chances of having a live birth over one complete cycle of IVF. Before IVF treatment, only information about the couple at that time can be used to predict the outcome. Therefore, when clinicians will use the pre-IVF model to counsel couples as to their future chances of success, the female age and BMI, cause of infertility, AFC and basal FSH are known. We acknowledge that information from future embryo transfer cycles would provide more precise predictions, but our model reflects a more real life setting where such information is unavailable at the time of counselling. This model will provide an indication of the couple’s future chances of achieving a live birth over a complete cycle of IVF before the beginning of treatment.

There have been some predictive models about the CLB rate after IVF (21, 22). One is a retrospective cohort study reported by Balachandren et al. in 2020 (21). Though this prediction model estimated a couple’s individualized probability of achieving a live birth after their first complete IVF cycle using all known pre-treatment predictors, it only included 516 complete IVF cycles. A systematic review and meta-analysis on predictive factors in IVF evaluated nine predictive factors: female age, length of infertility, type of infertility, indication for IVF, basal FSH, fertilization method, number of oocytes, number of embryos transferred, and embryo quality (17). This model is for pre-treatment model only, we did not include any oocyte or embryo factors. We believe this prediction model holds an important role in the counselling process for women before they embark on the first IVF cycle (23). The calculated probabilities are expressed per couple and not per cycle.

Many factors affect the CLB of IVF, among which female age accounts for a large proportion. During IVF treatment, the effects of female age on CLB are mainly manifested as decreased ovarian responsiveness to ovulation-stimulating drugs, decreased oocyte quality, low embryo implantation rate, increased abortion rate, and decreased delivery rate (24). Data from the US Centers for Disease Control and Prevention (CDC) in 2010 showed that: in the 147,260 non-donor egg fresh IVF cycles, the pregnancy rate of women younger than 34 years old was relatively stable and showed a linear downward trend after 35 years old, and it dropped to zero at 44 years old (25). A meta-analysis in 2013 showed that among women who received ART treatment, for every one year of age increase, the pregnancy rate decreased by 6% (26). Malizia et al. used the 14,248 cycles of 6,164 patients to accumulate the live birth rate of 6 oocyte retrieval cycles and found that: IVF can enable most young women to obtain live births, but it cannot reverse the decline in pregnancy rate brought about by age (27).

Ovarian reserve markers such as AFC, anti-Mullerian hormone (AMH), and basal FSH are also key predictors of CLB (28). Systematic reviews have suggested that AFC and AMH were the best predictors of excessive and suboptimal ovarian response (29, 30). Li, HW et al. found that women who attained a CLB had significantly higher serum AMH and AFC at baseline before ovarian stimulation (31). In consideration of saving costs for patients, Assisted Reproduction Center of Northwest Women’s and Children’s Hospital would not test AMH unless it is necessary. Due to incomplete AMH data, we only included AFC and basal FSH in this study. There are cyclical fluctuations in basal FSH, and different centers have different reference ranges. Most of them use basal FSH level>12 U/L as an indicator of decreased ovarian reserve (32). At the same age, the ovarian reserve and responsiveness are also different, so it is necessary to combine age, AFC, basal FSH to predict CLB rate.

Although we have produced good results, the current study still had several limitations. Firstly, because this study is a cross-sectional study, 2,416 (8.30%) of the 29,104 patients were excluded, which can lead to selection bias. Secondly, although we investigated as many CLB-related risk factors as possible, some unmeasured predictors may have been ignored because data in the hospital information system were limited. For example, AMH is missing in this prediction model, which is an important indicator in assessing ovarian function. Therefore, the lack of some important predictors may affect the prediction model’s performance. Thus, further improvement of the prediction model could be completed by adding more prognostic factors in future studies. Lastly, the data for the prediction model was derived from a single center in Shaanxi province, Northwest China, and the assisted reproduction center of Northwest Women’s and Children’s Hospital mainly covers the Shaanxi province and surrounding areas. Given that absolute risks are highly sensitive to the distribution of each predictor in the study population. Therefore, our prediction model may apply to women contemplating ART in Shaanxi province and surrounding areas. For the generalizability of our prediction model to other populations, we still need evidence from other centers for validation. Therefore, in the follow-up research work, we will persuade other medical centers to join this research project and provide the appropriate clinical data to conduct a more in-depth assessment and validation of the prediction model.



Conclusion

In summary, we established an individualized nomogram for the CLB in women undergoing their first IVF cycle. Through this prediction model, we can accurately predict the CLB rate based on each patient’s characteristics, which could be a potential tool for IVF counselling, and further treatment can also be decided based on the result of this nomogram. Further prospective validation studies with multicenter should be undertaken to confirm the efficacy of the application of the current nomogram to IVF patients.
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Variables Live birth Non-live birth Univariate logistic analysis Multivariate logistic analysis

(n=5453) (n=5148) OR (95%CI) P value OR (95%CI) P value
Female age (year), n (%)
<25 676 (60.20) 447 (39.80) 1.02 (0.90, 1.16) 0.731 0.91 (0.80, 1.04) 0.147
25-29 4374 (59.66) 2958 (40.34) 1.00 1.00
30-34 3332 (51.66) 3118 (48.34) 0.72 (0.68, 0.77) <0.001 0.83 (0.77, 0.89) <0.001
35-39 935 (35.54) 1696 (64.46) 0.37 (0.34, 0.41) <0.001 0.54 (0.49, 0.60) <0.001
=240 136 (12.77) 929 (87.23) 0.10 (0.08, 0.12) <0.001 0.19 (0.16, 0.23) <0.001
Female BMI, n (%)
underweight 852 (52.63) 767 (47.37) 1.03 (0.93, 1.14) 0.591 0.98 (0.88, 1.09) 0.658
normal weight 6130 (51.91) 5678 (48.09) 1.00 1.00
overweight 1978 (48.33) 2115 (51.67) 0.87 (0.81, 0.93) <0.001 0.86 (0.80, 0.93) <0.001
obese 493 (45.61) 588 (54.39) 0.78 (0.69, 0.88) <0.001 0.69 (0.61, 0.79) <0.001
Gravidity, n (%)
0 5499 (54.95) 4509 (45.05) 1.00
1 2127 (50.36) 2097 (49.64) 0.83 (0.77, 0.89) <0.001
2 1043 (45.13) 1268 (54.87) 0.67 (0.62, 0.74) <0.001
23 784 (38.10) 1274 (61.90) 0.51 (0.46, 0.56) <0.001
Infertility duration (year), n (%)
<2 1792 (50.07) 1787 (49.93) 1.00
2-4 5284 (53.37) 4616 (46.63) 1.14 (1.06, 1.23) 0.001
25 2377 (46.40) 2745 (53.59) 0.86 (0.79, 0.94) 0.001
Infertility type, n (%)
primary infertility 5535 (54.88) 4551 (45.12) 1.00
secondary infertility 3918 (46.01) 4597 (53.99) 0.70 (0.66, 0.74) <0.001
Tubal factor infertility, n (%)
yes 5986 (51.48) 5641 (48.52) 1.07 (1.01, 1.14) 0.019 1.30 (1.20, 1.41) <0.001
no 3467 (49.71) 3507 (50.29) 1.00 1.00
Ovarian factor infertility, n (%)
yes 482 (40.27) 715 (59.73) 0.63 (0.56, 0.71) <0.001
no 8971 (51.55) 8433 (48.45) 1.00
Endometriosis infertility, n (%)
yes 416 (46.69) 475 (53.31) 0.84 (0.73, 0.96) 0.012
no 9037 (51.03) 8673 (48.97) 1.00
Uterine factor infertility, n (%)
yes 629 (41.06) 903 (58.94) 0.65 (0.59, 0.72) <0.001 0.88 (0.78, 0.99) 0.029
no 8824 (51.70) 8245 (48.30) 1.00 1.00
Male factor infertility, n (%)
yes 1991 (60.61) 1294 (39.39) 1.62 (1.50, 1.75) <0.001 1.40 (1.29, 1.53) <0.001
no 7462 (48.72) 7854 (51.28) 1.00 1.00
Unexplained infertility, n (%)
yes 1857 (55.93) 1463 (44.07) 1.28 (1.19, 1.39) <0.001 1.20 (1.08, 1.33) 0.001
no 7596 (49.71) 7685 (50.29) 1.00 1.00
AFC, n (%)
<7 1400 (29.74) 3308 (70.26) 1.00 1.00
8-11 2483 (51.83) 2308 (48.17) 2.54 (234, 2.77) <0.001 1.86 (1.70, 2.03) <0.001
12-16 2954 (60.73) 1910 (39.27) 3.65 (3.36, 3.98) <0.001 2.34(2.13,2.57) <0.001
=217 2616 (61.73) 1622 (38.27) 3.81 (349, 4.16) <0.001 2.41 (2.18, 2.66) <0.001
Basal FSH (U/L), n (%)
<5.70 2649 (57.21) 1981 (42.79) 1.00 1.00
5.71-6.78 2669 (56.55) 2051 (43.45) 0.97 (0.90, 1.06) 0.515 0.99 (0.91, 1.08) 0.884
6.79-8.20 2415 (52.11) 2219 (47.89) 0.81 (0.75, 0.88) <0.001 0.89 (0.82, 0.97) 0.010
>8.21 1720 (37.25) 2897 (62.75) 0.44 (0.41,0.48) <0.001 0.64 (0.59, 0.70) <0.001
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Variables Development group Validation group

AUC 95%CI P value AUC 95%CI P value
Nomogram variable 0.676 0668, 0.684 <0.001 0.672 0.660, 0.684 <0.001
Female age 0.616 0.608, 0.624 <0.001 0.620 0.608, 0.624 <0.001
Female BMI 0519 0510, 0.527 <0.001 0514 0.502, 0527 0.026
Tubal factor infertility 0.508 0,500, 0.517 0.049 0511 0.499, 0524 0.080
Uterine factor infertility 0516 0508, 0.524 <0.001 0515 0.503, 0528 0.016
Male factor infertility 0.535 0526, 0.543 <0.001 0531 0.518, 0543 <0.001
Unexplained infertility 0518 0510, 0.527 <0.001 0519 0.506, 0.532 0.003
AFC 0.632 0.624, 0.640 <0.001 0.634 0.622, 0.646 <0.001

Basal FSH 0.580 0.572, 0.588 <0.001 0.572 0.559, 0.584 <0.001
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OEBPS/Images/table1.jpg
Variables Training group (n=18601) Validation group (n=8088) X~ value P value

Female age (year), n (%) 8.351 0.074
<25 1123 (6.04) 471 (5.82)
25-29 7332 (39.42) 3193 (39.48)
30-34 6450 (34.68) 2704 (33.43)
35-39 2631 (14.14) 1216 (15.03)
>40 1065 (5.73) 504 (6.23)

Female BMI, n (%) 0.525 0.913
underweight 1619 (8.70) 712 (8.80)
normal weight 11808 (63.48) 5105 (63.12)
overweight 4093 (22.00) 1786 (22.08)
obese 1081 (5.81) 485 (6.00)

Gravidity, n (%) 0.885 0.829
0 10008 (53.80) 4323 (53.45)
1 4224 (22.7) 1837 (22.71)
2 2311 (12.42) 1002 (12.39)
23 2058 (11.06) 926 (11.45)

Infertility duration (year), n (%) 2.364 0.307
<2 3579 (19.24) 1590 (19.66)
2-4 9900 (53.22) 4222 (52.20)
>5 5122 (27.54) 2276 (28.14)

Infertility type, n (%) 0.570 0.450
primary infertility 10086 (54.22) 4345 (53.72)
secondary infertility 8515 (45.78) 3743 (46.28)

Tubal factor infertility, n (%) 0.127 0.721
yes 11627 (62.51) 5037 (62.28)
no 6974 (37.49) 3051 (37.72)

Ovarian factor, n (%) 0.104 0.748
yes 1197 (6.44) 529 (6.54)
no 17404 (93.56) 7559 (93.46)

Endometriosis infertility, n (%) 0.004 0.951
yes 891 (4.79) 386 (4.77)
no 17710 (95.21) 7702 (95.23)

Uterine factor infertility, n (%) 0.027 0.870
yes 1532 (8.24) 671 (8.30)
no 17069 (91.76) 7417 (91.70)

Male factor infertility, n (%) 0.001 0.973
yes 3285 (17.66) 1427 (17.64)
no 15316 (82.34) 6661 (82.36)

Unexplained infertility, n (%) 0.954 0.329
yes 3320 (17.85) 1484 (18.35)
no 15281 (82.15) 6604 (81.65)

AFC, n (%) 1.557 0.669
< 4708 (25.31) 2062 (25.49)
8-11 4791 (25.76) 2026 (25.05)
12-16 4864 (26.15) 2128 (26.31)
217 4238 (22.78) 1872 (23.15)

Basal FSH (U/L), n (%) 1.897 0.594
<5.70 4630 (24.89) 2045 (25.28)
5.71-6.78 4720 (25.37) 1989 (24.59)
6.79-8.20 4634 (24.91) 2033 (25.14)
2821 4617 (24.82) 2021 (24.99)

CLB, n (%) 1516 0.218
yes 9453 (50.82) 4044 (50.00)
no 9148 (49.18) 4044 (50.00)

AFC and basal FSH were classified by quartiles.





