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Abstract
Background Accurately predicting ovulation timing is critical for women undergoing natural cycle-frozen embryo 
transfer. However, the precise predicting of the ovulation timing remains challenging due to the lack of consensus 
among different clinics regarding the definition of this significant event.

Objective To compare the effectiveness of preovulatory serum progesterone levels (P4) versus luteinizing hormone 
levels (LH) in predicting ovulation time using two machine learning models.

Methods 771 patients who underwent autologous natural cycle-frozen embryo transfer between January 2015 and 
February 2022 were recruited. Utilizing variables including follicle diameters, preovulatory serum levels of LH, E2, and 
P4, two machine learning models were constructed to predict the ovulation time, the importance of the variables in 
predicting ovulation timing was further ranked.

Results Two machine learning models have the capability to accurately predict the timing of ovulation, specifically 
within 72, 48, or 24 h. The overall accuracy rates of the validation dataset, as determined by the classification trees and 
random forest models, were found to be 78.83% and 85.28% respectively. Notably, when predicting ovulation within 
24 h, the accuracy rate of P4 ≥ 0.65ng/ml exceeded 92%. Furthermore, it was important to consider LH or E2 levels in 
conjunction with P4 when assessing ovulation timing in cases where P4<0.65ng/ml.

Conclusions Preovulatory serum P4 levels are better predictors of ovulation timing than LH levels and could be 
used as an alternative in clinical settings, and the model we developed can be used to pinpoint the day of ovulation. 
Ongoing research and advancements in technology are anticipated to enhance and refine the ovulation method.
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Introduction
Frozen-thawed embryo transfer (FET) has become wide-
spread in recent years. The success of FET relies on 
several factors, including a receptive endometrium, an 
implantation-competent embryo, and synchronization 
between the embryo and the endometrium [1]. Recent 
evidence indicates that the hormone replacement FET 
protocol, when compared to the natural cycle (NC), may 
be associated with a higher incidence of bleeding and 
miscarriage during early pregnancy [2]. Additionally, 
endometrial priming with NC has yielded more favorable 
obstetric and perinatal outcomes [3–7]. Consequently, 
the natural cycle FET (NC- FET) protocol is recom-
mended for women with regular ovulation.

Several studies have suggested that the endometrium is 
most receptive to embryo implantation during the win-
dow of implantation (WOI) [8–10]. Teh et al. observed 
that the embryo implantation rate significantly decreased 
when there was a discrepancy of more than ± 1.5 days 
between the endometrium and the embryo [11]. There-
fore, in order to ensure successful embryo transfer within 
the WOI, it is essential to accurately determine the ovu-
lation day in NC-FET. The disappearance of the leading 
follicle, identified by ultrasound, serves as a reliable indi-
cator of ovulation in many studies. A study on 271 ovu-
lation cycles found a sensitivity of 84.3% and specificity 
of 89.2% for the ovulation sign [12–15]. The LH surge is 
another commonly utilized method for predicting the 
time of ovulation and embryo transfer in clinical practice. 
However, the LH surge exhibits considerable variability 
in terms of duration, amplitude, and configuration, which 
can manifest as a single peak, a double peak, or a plateau 
[9, 12], ovulation may transpire within a timeframe of 24 
to 56 h subsequent to the onset of the spontaneous LH 
surge [16]. A clear optimal window for embryo transfer 
could not be ascertained due to the variation in LH surge 
kinetics and the time from the onset of LH surge to ovu-
lation. Furthermore, during the reproductive cycle, there 
are regular fluctuations in serum P4 concentrations, 
which play a significant role in the periodic develop-
ment and maturation of eggs prior to ovulation [17]. An 
update review presents compelling evidence suggesting 
that the authentic physiological stimulus for ovulation 
is an autonomous surge of preovulatory P4, with levels 
reaching approximately 0.5ng/ml [18]. It is worth consid-
ering whether assessing P4 levels during the preovulatory 
phase could serve as an alternative method for predict-
ing the ovulation time, instead of relying solely on the LH 
surge.

Machine learning enables computers to acquire 
knowledge from data, identify patterns, and establish 
correlations without the need for manual feature engi-
neering. These sophisticated algorithms exhibit enhanced 

predictive capabilities in comparison to statistical models 
[19, 20].

The aim of the study was to compare the effectiveness 
of preovulatory serum progesterone levels (P4) versus 
luteinizing hormone levels (LH) in predicting ovulation 
time using two machine learning models.

Methods
Study design and population
All patients who had undergone autologous NC-FET at 
the Reproductive Medical Center of Xiagnya Hospital of 
Central South University from January 2015 to February 
2022 were retrospectively recruited. The inclusion cri-
teria consisted of patients with regular menstrual cycle 
who were planning to undergo NC-FET. Patients who 
had induced ovulation using human menopausal gonad-
otropin, Letrozole, or clomiphene, as well as those with 
missing or extreme values for key variables, and patients 
with Luteinized Unruptured Follicle Syndrome, were 
excluded from the study. Data were obtained from the 
electronic medical record system of the in vitro fertiliza-
tion (IVF) facility. The collected data encompassed basic 
information such as age and BMI. Additionally, key vari-
ables required for the development of predictive model 
were also collected, including follicle diameter, E2, P4, 
and LH levels of multiple time points prior to ovulation. 
The candidate variables such as age, BMI, follicle diam-
eter, E2 levels, P4 levels, and LH levels were trained to 
classify the ovulation time (ovulation in 72 h, ovulation in 
48 h, and ovulation in 24 h).

The study has been performed in accordance with the 
Declaration of Helsinki, and received approval from the 
Institutional Review Board at Central South University of 
Xiangya Hospital (ethics approval number: 2022012). All 
patients had given consent for their treatment data to be 
used for analysis.

NC-FET ovulation detection
In natural cycles, the follicle development was begin-
ning to be measured with ultrasound on cycle day 8–10, 
with the timing dependent on the patient’s menstrual 
cycle length. Two orthogonal diameters (d1 and d2) at 
the largest follicle plane were determined by transvagi-
nal ultrasound scan, and the mean follicular diameter 
was calculated as (d1 + d2)/2. Scanning was subsequently 
repeated every 2 or 3 days until a dominant follicle diam-
eter reached 14  mm, and then on a daily basis until 
evidence of ovulation was observed. Ovulation was con-
firmed through ultrasound scan, whereby a dominant 
mature follicle identified in one scan was observed to 
ovulate in the subsequent scan, then the day was defined 
as the ovulation day.

Serum E2, P4, and LH values were assessed every 24 h 
each morning when the dominant follicle reached or 
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exceeded 14 mm. Serum E2, progesterone, and LH levels 
were measured using electrochemiluminescence immu-
noassay (ECLIA) methods obtained from a commercial 
company (Roche Diagnostics GmbH, Germany). The 
assay for progesterone had a repeatability of ≤ 0.08 ng/
ml and an intermediate precision of ≤ 0.12 ng/ml SD for 
samples ≤ 0.5 ng/ml. For samples ranging from 0.5 to 1 
ng/ml, the repeatability CV% was ≤ 10% and the inter-
mediate precision CV% was ≤ 11.5%. For samples>1ng/
ml, the repeatability CV% was ≤ 6% and the intermediate 
precision CV% was ≤ 7%.

Predictive model establishment and validation
In order to develop a predictive model for determining 
the timing of ovulation, various factors such as age, BMI, 
E2, P4, LH levels, and follicle diameter were taken into 
consideration. The data was split into a training dataset 
and a validation dataset using a random seed number 
(123456) in R software (version 4.1.3) with the “sample” 
function [1]. The split was done per cycle when split-
ting the dataset between the train and validation. And 
the cycles of the same patient may exist in both datasets. 
The training dataset comprised 80% of the total sample 
size, while the validation dataset accounted for 20% of 
the total sample size. The training dataset was utilized to 
construct the predictive model, whereas the validation 
dataset served to assess the accuracy of the aforemen-
tioned model. Two methods, namely classification trees 
and random forest, were employed to develop predictive 
models. The classification trees model was implemented 
using the “rpart package” (version 4.1.16) [2], The classi-
fication tree was built on the training set by “rpart” func-
tion with default parameters. We selected the CP value 
with the smallest average error based on 10-fold cross 
validation. The trees were then pruned by the selected 
CP value using the “prune” function. The random for-
est model utilized the “randomForest” package (version 
4.6–14) [3]. The model was first trained on the train-
ing detaset by the “randomForest” function with default 
parameters. The model was tuned by the “tuneRF” func-
tion to select the optimal number of randomly drawn 
candidate variables (mtry). The arguments in the func-
tion were set as follows: the starting number of randomly 
drawn candidate variables was set to 2 (mtryStart = 2); the 
ending number of randomly drawn candidate variables 
was set to 6 (mtryEnd = 6); the value that mtry is inflated 
(or deflated) at each iteration was set to 1 (stepFactor = 1); 
the (relative) improvement in out of bag (OOB) error for 
the search to continue was set to 0.01 (improve = 0.01). 
The number of randomly drawn candidate variables was 
determined when the OOB error was the smallest. With 
the fixed value of mtry, we further determined the opti-
mal number of trees. The number of trees was selected 
when the error rate was the smallest. Finally, the model 

was re-trained with the optimal numbers of mtry and 
ntree.

The importance of variables was determined by the 
“varImpPlot” function in the “randomForest” package. 
The importance of variables was ranked by Gini index. To 
assess the accuracy of the predictive models, a confusion 
matrix was employed. Besides, the sensitivity, specificity, 
positive predictive value (PPV), negative predictive value 
(NPV) of each model were reported.

To further compare the effectiveness of each variable in 
predicting ovulation time, the accuracy rate, sensitivity, 
specificity, PPV, and NPV of P4 were compared to those 
of LH, E2, and follicle diameter using the classification 
trees model.

Statistical analysis
All statistical analyses were conducted using R software 
version 4.1.3 with the “compareGroups” package [4]. The 
normally distributed continuous variables were reported 
as mean ± standard deviation (SD), while non-normally 
distributed continuous variables were presented as 
median and interquartile ranges (IQR). The t-test or 
ANOVA analysis was employed for comparing normally 
distributed data, whereas the Mann-Whitney U test or 
Wilcoxon test was used for non-normally distributed 
data, depending on the distribution type. In cases where 
the crude p-value was less than 0.05, post hoc multiple 
comparisons were performed, and the p-values of pair-
wise comparisons were adjusted accordingly. Statistical 
significance was defined as a p-value less than 0.05.

Results
Patients’ information and comparison
A total of 1632 records, out of 771 patients, were included 
in the study. These records were categorized based on the 
time before ovulation, with 306 records from 72 h before 
ovulation, 598 records from 48  h before ovulation, and 
728 records from 24 h before ovulation. Various charac-
teristics such as age, BMI, follicle diameter, E2 levels, P4 
levels, and LH levels were utilized to establish a predic-
tive model. The records were further divided into three 
groups, namely the 72 h group, the 48 h group, and the 
24 h group, based on the time before ovulation. A com-
parative analysis was conducted to examine the follicle 
diameter and hormone levels at each point. The basic 
demographic characteristics, such as age and BMI, were 
compared among the three groups. The results presented 
in Table 1; Fig. 1 indicated that there were no significant 
differences in age and BMI between the three groups. 
However, there were significant differences in follicle 
diameter among the three groups (p-overall < 0.001). 
Specifically, the E2 levels in the 48 h group were signifi-
cantly higher than those in the 72  h and 24  h groups, 
no significant difference was found between the 72  h 
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and 24  h groups (p-value = 0.511). The LH levels exhib-
ited significant differences among the three groups (all 
p-values < 0.001), progressively increasing from 72  h to 
24 h prior to ovulation. Similarly, the P4 levels displayed 
significant differences among the three groups (all p-val-
ues < 0.001), showing an increase from 72 h to 24 h before 
ovulation.

Characteristics of the dynamic changes in follicle diameter 
and hormone levels prior to and following ovulation
In order to provide a more precise depiction of the 
dynamic changes in follicle diameter and hormone levels 
prior to and following ovulation, our analysis exclusively 
incorporated patients who had measurements for both 
variables at all four time points: 72  h before ovulation, 

Table 1 Baseline characteristics, follicle diameter, and hormone levels of records grouped by ovulation timing
72 h 48 h 24 h p.overall p.72 h vs. 48 h p.72 h vs. 24 h p.48 h vs. 24 h
N = 306 N = 598 N = 728

Age (year) 33.2 ± 4.95 33.2 ± 4.88 33.2 ± 4.86 0.997 0.999 1.000 0.997
BMI (kg/m2) 21.8 ± 2.81 21.7 ± 2.72 21.7 ± 2.72 0.920 0.915 0.942 0.994
Diameter (mm) 16.3 ± 1.35 17.4 ± 1.54 18.4 ± 1.71 < 0.001 0.000 0.000 0.000
E2 (pg/ml) 282 ± 107

269 [201–336]
378 ± 128
368 [283–449]

286 ± 114
273 [203–351]

< 0.001 < 0.001 0.511 < 0.001

LH (mIU/ml) 14.5 ± 5.55
13.5 [10.6–17.2]

32.2 ± 16.4
28.6 [20.5–40.0]

50.5 ± 21.2
47.3 [35.8–63.5]

< 0.001 < 0.001 < 0.001 < 0.001

P4 (ng/ml) 0.22 ± 0.16
0.20 [0.10–0.30]

0.38 ± 0.22
0.30 [0.20–0.50]

0.87 ± 0.28
0.90 [0.70-1.00]

< 0.001 < 0.001 < 0.001 < 0.001

Notes: 72 h: Ovulation within 72 h group; 48 h: Ovulation within 48 h group; 24 h: Ovulation within 24 h group; N: number of records in each group; p.overall: overall 
p value; p.72 h vs. 48 h: p value of comparison between the 72 h group and the 48 h group; p.72 h vs. 24 h: p value of comparison between the 72 h group and the 
24 h group; p.48 h vs. 24 h: p value of comparison between the 48 h group and the 24 h group; p values of all post-hoc comparisons were adjusted. E2: estrogen level; 
LH: luteinizing hormone level; P4: progesterone level. Statistical description of hormone levels including estrogen, luteinizing hormone and progesterone were 
presented by both mean ± standard deviation and median [interquartile range] because of their non-normally distribution

Fig. 1 Box plots and Violin plots showing the baseline characteristics, follicle diameter, and hormone levels of all records at three time points before 
ovulation. The bottom line, middle line, and upper line of the box represents the first quartile, the medium, and the third quartile of the variable. Outliers 
marked by dots that are either 1.5*IQR or more above the third quartile or 1.5*IQR or more below the first quartile. Violin plots showed the distribution of 
each variable. 72 h: in 72 h before ovulation; 48 h: in 48 h before ovulation; 24 h: in 24 h before ovulation
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48 h before ovulation, 24 h before ovulation, and the day 
of ovulation. A total of 84 patients met this criterion and 
were included in the study. According to the data pre-
sented in Fig. 2, the follicle diameter exhibits a continu-
ous increasing within 72 to 24-hour timeframe preceding 
ovulation (Fig. 2A and E). Additionally, the P4 levels dem-
onstrate an increase from 72 h prior to ovulation until the 
day of ovulation (Fig. 2B and F). Furthermore, the E2 lev-
els display an initial increase from 72 to 48 h before ovu-
lation, followed by a decrease within the 48 to 24-hour 
period preceding ovulation, and a continued decrease 
post-ovulation. Notably, there is no significant differ-
ence in E2 levels between the 72 h and 24 h time points 
before ovulation (Fig. 2C and G). The LH levels exhibited 
increase from 72 to 24 h prior to ovulation, followed by a 
significant decrease on the day after ovulation. There was 
no significant difference in LH levels between the 72  h 
before ovulation and the day of ovulation (Fig.  2D and 
H). To account for potential variations in hormone levels 
and follicle diameter among individuals, we additionally 
presented paired line plots depicting the trends of follicle 
diameter and hormone levels at four specific time points 
for each individual (Fig.  2I and L), each line represents 
the trend of an individual’s follicle diameter or hormone 
levels at four time points. According to Fig. 2I, the follicle 

diameter of the majority of patients exhibits increase 
from 72 h to 24 h prior to ovulation, reaching its peak at 
24 h before ovulation. Figure 2J demonstrates that the P4 
level of most patients shows increase from 72  h before 
ovulation until the day of ovulation day, with minimal 
variability. Figure  2K reveals a significant variability in 
the timing of the E2 peak, as some patients reach their 
peak at 48 h while others reach it at 24 h. Figure 2K also 
demonstrates a notable variability in the timing of the LH 
peak, with some patients reaches their peak at 48 h while 
others reach it at 24 h.

Classification trees model
A total of 1306 records were utilized in the training data-
set to train a categorical regression model for predicting 
ovulation timing. The dataset consisted of 252 records 
for a 72-hour timeframe, 477 records for a 48-hour time-
frame, and 577 records for a 24-hour timeframe. Addi-
tionally, a validation dataset comprising 326 records was 
employed, with 54 records for a 72-hour time-frame, 
121 records for a 48-hour timeframe, and 151 records 
for a 24-hour timeframe. The classification trees analysis 
conducted on the training model (Fig.  3) revealed that 
a preovulatory P4 level of ≥ 0.65 ng/ml indicates a high 
probability of ovulation occurring within 24 h. However, 

Fig. 2 Dynamic changes of follicle diameter and hormone levels over time before 72 h within ovulation to ovulation day in selected patients with 
complete data at all four time point. A-D Box plots describe the follicle diameter and hormone levels at four time points. The bottom line, middle line, 
and upper line of the box represents the first quartile, the medium, and the third quartile of the variable. Outliers marked by dots that are either 1.5*IQR 
or more above the third quartile or 1.5*IQR or more below the first quartile. E-H Statistical tables describe the diameter and hormone levels at four time 
points. The different color in the table indicates that the p value of the two group comparison was statistical significant, while the same color color in the 
table indicates that the p value of the two group comparison was not statistical significant. The statistical description were presented by median [inter-
quartile range]. I-L Paired line plots describe per individual’s follicle diameter and hormone levels over four time points.72 h: in 72 h before ovulation; 48 h: 
in 48 h before ovulation; 24 h: in 24 h before ovulation; 0 h: the day of ovulation
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when the preovulatory P4 level falls between 0.45 and 
0.65 ng/ml, it is recommended to combined with E2 lev-
els for accurate prediction of ovulation timing. A pre-
ovulatory P4 level ranging from 0.45 to 0.65 ng/ml, in 
conjunction with an estradiol (E2) level of ≥ 360.6 pg/
ml, serves as a strong indicator that ovulation will take 
place within 48 h. However, in cases where a reduction in 
E2 levels following an E2 surge is observed, the presence 
of a preovulatory P4 level between 0.45 and 0.65 ng/ml, 
in conjunction with an E2 level < 360.6 pg/ml, suggests 
a high probability of ovulation occurring on the subse-
quent day. When the P4 level < 0.45 ng/ml, it can be com-
bined with LH levels to obtain dependable outcomes. If 
the LH level ≥ 18.05 mIU/ml, there is a high probability 
of ovulation occurring within 48  h. Conversely, if both 
LH < 18.05 mIU/ml and P4 < 0.45 ng/ml, it indicates a 
high probability of ovulation will not taking place within 
48 h, an ultrasound scan can be arranged two days later.

The confusion matrix revealed that the classification 
trees model achieved an overall predictive accuracy of 
80.70% on the training dataset. Specifically, the accuracy 
rates for predicting ovulation within 24 h, 48 h, and 72 h 
were 92.72%, 67.92%, and 77.38% respectively. Similarly, 
on the validation dataset, the classification trees model 
demonstrated an overall predictive accuracy of 78.83%. 
The accuracy rates for predicting ovulation within 24 h, 
48 h, and 72 h were 92.72%, 63.64%, and 74.07% respec-
tively (Table  2). According to the findings of the classi-
fication trees model, the preovulatory P4 levels exhibit 
increase leading up to ovulation and emerge as the 
most significant parameter in predicting the timing of 
ovulation.

Table 2 Confusion matrix of classification trees model
Training data (N = 1306)

72 h 
(Real)

48 h 
(Real)

24 h 
(Real)

Total

72 h (Predictive) 195 74 1
48 h (Predictive) 50 324 41
24 h (Predictive) 7 79 535
Total 252 477 577 1306
Accuracy rate 0.7738 0.6792 0.9272 0.8070
Sensitivity 0.7222 0.7807 0.8615
Specificity 0.9450 0.8283 0.9387
PPV 0.7738 0.6792 0.9272
NPV 0.9288 0.8902 0.8820
Validation data (N = 326)

72 h 
(Real)

48 h 
(Real)

24 h 
(Real)

Total

72 h (Predictive) 40 16 1
48 h (Predictive) 10 77 10
24 h (Predictive) 4 28 140
Total 54 121 151 326
Accuracy rate 0.7407 0.6364 0.9272 0.7883
Sensitivity 0.7018 0.7938 0.8140
Specificity 0.9480 0.8079 0.9286
PPV 0.7407 0.6364 0.9272
NPV 0.9375 0.9024 0.8171
Notes: N: number of records; 72  h (Real): number of records in 72  h group in 
real situation; 48  h (Real): number of records in 48  h group in real situation; 
24 h (Real): number of records in 24 h group in real situation; 72 h (Predictive): 
number of records predicted in the 72 h group according to the classification 
trees model; 48 h (Predictive): number of records predicted in the 48 h group 
according to the classification trees model; 24 h (Predictive): number of records 
predicted in the 24  h group according to the classification trees model. PPV: 
positive predictive value; NPV: negative predictive value

Fig. 3 Regression tree plot of the classification trees model. P4: progesterone (ng/ml), LH: luteinizing hormone (mIU/ml); E2: estrogen (pg/ml)
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Random forest model
We further employed the random forest method to 
develop an alternative predictive model. The evaluation 
of this model using confusion matrix revealed a 100% 
accuracy rate for the training dataset. Moreover, the 
validation dataset exhibited an accuracy rate of 85.8%. 
Additionally, the accuracy rates for predicting ovula-
tion within 24 h, 48 h, and 72 h were found to be 96.69%, 
74.38%, 77.78% respectively (Table 3). The random forest 
model has demonstrated a notable enhancement in the 
accuracy rate compared to the classification trees model. 
Figure  4 illustrates the ranking of variable importance 
using the Gini index, revealing that hormone levels such 
as P4, LH, and E2 are the top three influential variables in 
predicting ovulation timing. Conversely, variables such as 
follicle diameter, BMI, and age do not significant impor-
tant compared to hormone levels. This finding aligns 
with the classification trees model, which also identifies 
P4 as the most crucial variable for predicting ovulation 
time.

Comparison of effectiveness of each variable in predicting 
ovulation time
To compare the effectiveness of each individual variable 
in predicting ovulation time, the overall accuracy rate, 
sensitivity, specificity, PPV, and NPV of P4 were com-
pared to those of LH, E2, and follicle diameter using the 
classification trees model.

When training predictive model using single P4 levels, 
the cutoff values are 0.25ng/ml and 0.45ng/ml (Fig. 5A). 
In the validation dataset, the overall accuracy is 69.33%. 
The accuracy for predicting ovulation within 24, 48, and 
72 h is 95.36%, 38.84%, and 64.81% respectively. Sensitiv-
ity values are 76.60%, 70.15%, 49.30%, while specificity 
values are 94.93%,71.43%, and 92.55% respectively. PPV 
values are 95.36%, 38.84%, 64.81%, and NPV values are 
74.86%, 90.24%, and 86.76% respectively (Table 4). When 
training predictive model using single LH levels, the cut-
off values of LH are 16.75mIU/mL and 30.04 mIU/mL 
(Fig. 5B). In the validation dataset, the overall accuracy is 
69.94%. The accuracy for predicting ovulation within 24, 
48, and 72 h is 88.08%, 45.45%, and 74.07% respectively. 
Sensitivity values are 70.47%, 65.48%, 74.07%, while spec-
ificity values are 86.96%,72.73%, 94.85% respectively. PPV 
values are 88.08%, 45.45%, 74.07%, and NPV values are 
68.57%, 85.85%, and 94.84% respectively (Table 4). While 
P4 and LH had similar overall accuracy, P4 was more 
effective than LH in predicting ovulation within 24  h. 
Models using single E2 levels or follicle diameter had low 
accuracy (< 60%, Table  4). The cutoff values for E2 and 
diameter were 359.9 pg/ml and 17.75  mm, respectively 
(Fig. 5C and D).

Table 3 Confusion matrix of random forest model
Training data (N = 1306)

72 h 
(Real)

48 h 
(Real)

24 h 
(Real)

Total

72 h (Predictive) 252 0 0
48 h (Predictive) 0 477 0
24 h (Predictive) 0 0 577
Total 252 477 577 1306
Accuracy rate 1.0 1.0 1.0 1.0
Sensitivity 1.0 1.0 1.0 1.0
Specificity 1.0 1.0 1.0 1.0
PPV 1.0 1.0 1.0 1.0
NPV 1.0 1.0 1.0 1.0
Validation data (N = 326)

72 h 
(Real)

48 h 
(Real)

24 h 
(Real)

Total

72 h (Predictive) 42 9 0
48 h (Predictive) 11 90 5
24 h (Predictive) 1 22 146
Total 54 121 151 326
Accuracy rate 0.7778 0.7438 0.9669 0.8528
Sensitivity 0.8235 0.8491 0.8639
Specificity 0.9564 0.8591 0.9682
PPV 0.7778 0.7438 0.9669
NPV 0.9669 0.9220 0.8686
Note: N: number of records; 72 h (Real): number of records in 72 h group in real 
situation; 48 h (Real): number of records in 48 h group in real situation; 24 h (Real): 
number of records in 24 h group in real situation; 72 h (Predictive): number of 
records predicted in the 72 h group according to the random forest model; 48 h 
(Predictive): number of records predicted in the 48 h group according to the 
random forest model; 24 h (Predictive): number of records predicted in the 24 h 
group according to the random forest model. PPV: positive predictive value; 
NPV: negative predictive value

Fig. 4 Dot plot showing the importance of variables in predicting ovula-
tion timing by Gini index in random forest model. P4: progesterone, LH: 
luteinizing hormone; E2: estrogen; BMI: body mass index
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Discussion
Accurately predicting the ovulation time is critical for 
women undergoing NC-FET. Our two predictive models 
both indicate that preovulatory serum P4 levels are better 
predictors of ovulation timing than LH levels. Further-
more, we have devised a convenient and practical model 
for predicting ovulation by combining the relationship of 
P levels with LH and E2 levels, which can provide fertility 
physicians with more standardized and precise tools for 
identifying ovulation time based on the P levels.

Accurately predicting the ovulation timing remains 
challenging due to the lack of consensus among differ-
ent clinics regarding the definition of this significant 
event [12, 13]. Current literatures lack extensive docu-
mentations on using preovulatory serum P4 for ovulation 
prediction. This knowledge gap primarily stems from 
the prevailing belief that the rise of E2 initiates the LH 
surge, which is subsequently leading to the ovulation. 
Additionally, the pulsatile nature of P4 secretion further 
complicates its role in ovulation prediction. Many studies 
had revealed that serum P4 concentrations are low and 

relatively constant throughout the follicular phase and 
begin to increase as ovulation approaches [21, 22]. Hoff 
and his colleagues had evaluated the dynamics of ovar-
ian and pituitary hormone changes during the midcycle 
period and demonstrated that a rapid rise of P4 occurred 
approximately 12  h precedes both the E2 peak and LH 
flare and continues at a variable rate throughout and 
beyond the LH surge, the P4 surge level was small, only 
approximately 0.5 ng/ml [22]. Maman et al. found that P4 
levels>2 nmol/L had a high sensitivity of 91.5% but low 
specificity of 62.7% in predicting ovulation the follow-
ing day [23]. Another study also found the rise in P4>4 
nmol/l gives a sufficiently accurate prediction of ovula-
tion within 24 h [24]. Our study found that preovulatory 
P4 levels were superior to LH levels as an ovulation pre-
dictor. Both models indicate that P4 levels are the most 
significant variable in predicting the ovulation time. If the 
P4 level is ≥ 0.65 ng/ml, ovulation will occur within 24 h 
in more than 90% of patients. According to the valida-
tion dataset, the classification trees achieved an accuracy 
rate of 92.72%, while the random forest model achieved 

Fig. 5 Regression tree plot of classification trees model with each single variable. A classifications trees model with progesterone level (P, ng/ml). B clas-
sifications trees model with luteinizing hormone level (LH, mIU/ml). C classifications trees model with Estradiol level (E2, pg/ml). D classifications trees 
model with follicle diameter (mm)
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an accuracy rate of 96.69%. Although the P4 secretion 
is thought to be pulsatile and values measured in short 
periods may fluctuate, our study reveals a steady and pro-
gressive rise in P4 levels from three days prior to ovula-
tion until the day of ovulation, with minimal fluctuations, 
consistent with the existing literature [25]. These findings 
indicate that preovulatory P4 is a reliable marker for ovu-
lation prediction.

Furthermore, the efficient prediction of ovulation can 
be achieved when the preovulatory P4 level falls within 
the range of 0.45 to 0.65 ng/ml, in combination with E2 
levels. Numerous studies have consistently shown that 
during the follicular development, E2 levels gradually 
rise to a peak then rapidly decline until ovulation occurs. 
Therefore, the decrease in preovulatory E2 level serves 
as a significant indicator that ovulation is likely to occur 
the following day [26, 27]. Maman E., et al. found that in 
approximately 19% of cases, the decline in E2 levels only 
happened on the day of ovulation. They proposed that in 
instances where no decline is observed, LH and P4 levels 
should be considered for ovulation prediction. Our find-
ings revealed that the E2 levels in the 48 h group are sig-
nificantly higher compared to other groups, while the E2 
levels between the 72 h and 24 h groups exhibit no signif-
icant differences (p-value = 0.842). However, the E2 peak 
levels varied significantly among different individuals, 
suggesting limitations in using E2 alone for predicting 
ovulation. Nevertheless, our models demonstrated that a 
preovulatory P4 level ranging from 0.45 to 0.65 ng/ml, in 
combination with an E2 level ≥ 360.6 pg/ml, strongly pre-
dicts the occurrence of ovulation within 48  h. If the E2 
levels begin to decrease following an E2 surge, the pres-
ence of a preovulatory P4 level between 0.45 and 0.65 ng/
ml, combined with an E2 level < 360 pg/ml, indicates a 
high likelihood of ovulation occurring the following day. 
The predictive accuracy of our machine learning mod-
els, which utilize preovulatory P4 and E2 levels, reaches 
a certain rate. Consequently, these models enable the 
precise determination of the optimal timing for embryo 
transfer.

In the literature, LH surge has been extensively stud-
ied and is widely used as a predictor for identifying 
ovulation. However, a consensus on the standard crite-
ria for defining the LH surge is still pending [12, 16, 26, 
28]. Correlatively, in our clinic setting, ultrasound scan 
combined with hormone measurement are employed 
to determine the optimal timing for embryo thawed 
transfer in the NC-FET protocol, ovulation is identified 
by ultrasound, as illustrated in Fig. 2, LH values at 72 h, 
48 h, 24 h prior to ovulation were significantly different 
(all p-values < 0.0001), the data further demonstrated 
the presence of substantial variation in LH levels among 
different patients during the preovulatory period. Our 
predictive models have revealed that relying solely on 

Table 4 Effectiveness of each variable in predicting ovulation 
time in the validation dataset using classification trees model
P4

72 h (Real) 48 h (Real) 24 h (Real) Total
72 h (Predictive) 35 34 2
48 h (Predictive) 15 47 5
24 h (Predictive) 4 40 144
Total 54 121 151 326
Accuracy rate 0.6481 0.3884 0.9536 0.6933
Sensitivity 0.4930 0.7015 0.7660
Specificity 0.9255 0.7143 0.9493
PPV 0.6481 0.3884 0.9536
NPV 0.8676 0.9024 0.7486
LH

72 h (Real) 48 h (Real) 24 h (Real) Total
72 h (Predictive) 40 12 2
48 h (Predictive) 13 55 16
24 h (Predictive) 1 54 133
Total 54 121 151 326
Accuracy rate 0.7407 0.4545 0.8808 0.6994
Sensitivity 0.7407 0.6548 0.7074
Specificity 0.9485 0.7273 0.8696
PPV 0.7407 0.4545 0.8808
NPV 0.9485 0.8585 0.6857
E2

72 h (Real) 48 h (Real) 24 h (Real) Total
72 h (Predictive) 0 0 0
48 h (Predictive) 14 70 41
24 h (Predictive) 40 51 110
Total 54 121 151 326
Accuracy rate NA 0.5785 0.7285 0.5521
Sensitivity NA 0.5600 0.5473
Specificity 0.8344 0.7463 0.6720
PPV NA 0.5785 0.7285
NPV NA 0.7317 0.4800
Diameter

72 h (Real) 48 h (Real) 24 h (Real) Total
72 h (Predictive) 0 0 0
48 h (Predictive) 47 64 52
24 h (Predictive) 7 52 99
Total 54 121 151 326
Accuracy rate NA 0.5289 0.6556 0.50
Sensitivity NA 0.3926 0.6074
Specificity 0.8344 0.6503 0.6810
PPV NA 0.5289 0.6556
NPV NA 0.5171 0.6343
Notes: 72 h (Real): number of records in 72 h group in real situation; 48 h (Real): 
number of records in 48 h group in real situation; 24 h (Real): number of records 
in 24 h group in real situation; 72 h (Predictive): number of records predicted 
in the 72 h group according to the classification trees model; 48 h (Predictive): 
number of records predicted in the 48 h group according to the classification 
trees model; 24 h (Predictive): number of records predicted in the 24 h group 
according to the classification trees model. PPV: positive predictive value; NPV: 
negative predictive value
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absolute LH levels or relative changes in LH levels does 
not yield satisfactory predictive values. However, when 
the LH level is ≥ 18.5 IU/L combined with P4 <0.45 ng/
ml, ovulation is highly likely to occur within 48 h. Further 
studies are needed to determine if an LH level of 18.5 
IU/L can be reliably used as the threshold for identifying 
the LH surge.

The retrospective design is a main limitation for this 
study. Additional prospective studies are needed to vali-
date the conclusions of the model. Besides, the exact 
threshold may vary among laboratories based on the 
dynamics of the assays being used. More studies are 
needed to validate the predictive model.

Conclusions
Preovulatory serum P4 levels are better predictors of 
ovulation timing than LH levels and could be used as 
an alternative in clinical settings, and the model we 
developed can be used to pinpoint the day of ovulation. 
Ongoing research and advancements in technology are 
anticipated to enhance and refine the ovulation method.
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