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Abstract 

Objectives  The aim of this study is to construct a nomogram for predicting subsequent early pregnancy loss 
in women with a history of pregnancy loss, which may increase well-being and the capacity for managing reproduc-
tive options.

Materials and methods  We conducted a retrospective analysis of medical records from women with a history 
of pregnancy loss at the Reproductive Medicine Center of Lanzhou University Second Hospital between January 
2019 and December 2022. A cohort of 718 patients was selected for the study. We structured our data into a training 
set of 575 cases (80% of the cohort) and a test set of 143 cases (20%). To identify significant predictors, we applied 
a stepwise forward algorithm guided by the Akaike Information Criterion (AIC) to the training set. Model validation 
was conducted using the test set. For the validation process, we employed various methods to assess the predictive 
power and accuracy of the model. Receiver Operating Characteristic (ROC) curves provided insights into the model’s 
ability to distinguish between outcomes effectively. Calibration curves assessed the accuracy of the probability 
predictions against actual outcomes. The clinical utility of the model was further evaluated through Decision Curve 
Analysis, which quantified the net benefits at various threshold probabilities. In addition, a nomogram was developed 
to visually represent the risk factors.

Results  Among the 36 candidate variables initially considered, 10 key predictors were identified through logistic 
regression analysis and incorporated into the nomogram. These selected variables include age, education, thrombin 
time (TT), antithrombin III (AT-III), D-dimer levels, 25-hydroxy Vitamin D, immunoglobulin G(IgG), complement com-
ponents C4, anti-cardiolipin antibody (ACA) and lupus anticoagulant (LA). In addition, based on clinical experience, 
the number of previous pregnancy losses was also included as a predictive variable. The prediction model revealed 
an area under the curve (AUC) of approximately 0.717 for the training set and 0.725 for the validation set. Calibration 
analysis indicated satisfactory goodness-of-fit, with a Hosmer–Lemeshow test yielding a χ2 value of 7.78 (p = 0.55). 
Decision curve analysis confirmed the clinical utility of the nomogram. Internal validation confirmed the robust per-
formance of the predictive model.

Conclusions  The constructed nomogram provides a valuable tool for predicting subsequent early pregnancy loss 
in women with a history of pregnancy loss. This nomogram can assist clinicians and patients in making informed deci-
sions regarding the management of pregnancy and improving clinical outcomes.
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Introduction
Pregnancy loss, defined as the loss of a pregnancy 
before fetal viability at less than 24 weeks of gestation, 
has a multifaceted etiology, and it affects 12–15% of 
pregnancies [1, 2]. Statistics indicate approximately 23 
million miscarriages annually, equating to 44 pregnancy 
losses per minute [3]. Pregnancy loss not only impacts 
a patient’s desire to have children but also imposes sig-
nificant psychological and social burdens [4]. In many 
cultures, particularly in low- and middle-income coun-
tries, societal stigma surrounding childlessness or 
unmet reproductive expectations exacerbates the emo-
tional challenges faced by affected women [5]. This dis-
tress often extends to their families, further affecting 
quality of life.

Anatomical uterine defects, chromosomal abnor-
malities, endometrial dysfunction, thrombophilia, 
infectious agents, immune-related factors, and envi-
ronmental influences all contribute to pregnancy loss 
[6, 7]. However, the causative factors for approximately 
40–50% of cases remain elusive [8]. Its multifacto-
rial nature, diverse clinical manifestations, and lack of 
standardized and efficacious treatments render preg-
nancy loss a significant clinical challenge [9]. Accord-
ing to the ESHRE guidelines for recurrent pregnancy 
loss. The standard workup for pregnancy loss typi-
cally includes genetic screening, hormonal assess-
ments, ultrasound imaging. In addition, the evaluation 
includes testing for autoimmune conditions, particu-
larly antiphospholipid syndrome, as well as thyroid 
function. The guidelines emphasize a targeted diagnos-
tic approach, focusing on identifying modifiable risk 
factors while avoiding unnecessary and invasive testing 
[1]. At present, although a more comprehensive etiolog-
ical screening is currently offered to couples who have 
experienced a previous pregnancy loss, predicting and 
preventing subsequent pregnancy losses remains a dif-
ficult task. When a pregnancy loss occurs, couples need 
accurate information about their prospects of becom-
ing parents and suitable assistance should be provided 
to lessen the psychological stress brought on by miscar-
riage [10]. While numerous studies have devised pre-
dictive models for miscarriage risk based on individual 
factors, such as immune or endocrine factors, there 
remains a dearth of research focusing on establish-
ing predictive models considering multiple etiological 
factors [11–13]. Developing a dependable predictive 

model assumes paramount importance in identifying 
high-risk patients for adverse pregnancy outcomes and 
furnishing them with preventive guidance.

Early prediction of subsequent pregnancy loss risk 
using preconception indicators may hold particular value, 
enabling clinicians to optimize management strategies 
for patients with a history of pregnancy loss. In addition, 
accurately assessing individual patient risk may allevi-
ate some anxiety associated with the unpredictability of 
pregnancy outcomes. Nomograms, graphical representa-
tions delineating the likelihood of an event occurring for 
each patient, are increasingly favored among clinicians 
due to their simplicity, reproducibility, and capacity for 
personalized risk assessment [14]. This study aims to sys-
tematically provide clinically specific information regard-
ing pregnancy loss management and assist clinicians in 
decision-making.

Materials and methods
We constructed the predicting model in a retrospec-
tive study in Lanzhou University Second Hospital 
Reproductive Medicine Center from January 2019 to 
December 2022. The study received approval from the 
ethical committee of Lanzhou University (2019A-231). 
In addition, this study was registered in the Chinese 
Clinical Trial Registry with the registration number 
ChiCTR2000039414 on October 27, 2020. In this study, 
Inclusion and Exclusion Criteria are as follows: inclu-
sion criteria: (1) patients with one or more clinically 
confirmed intrauterine pregnancy losses before the 24th 
week of gestation. Pregnancy loss was defined as the 
spontaneous demise of a pregnancy visualized by ultra-
sonography, which could include: anembryonic preg-
nancy (empty gestational sac), Yolk sac-only pregnancy 
(gestational sac with a yolk sac but no fetal pole), Embry-
onic loss (before 10 weeks of gestation), Fetal loss (at or 
after 10 weeks of gestation) [4], (2) Patients aged 18 years 
or older. The exclusion criteria were as follows: (1) chro-
mosomal abnormalities in the couple, (2) adverse obstet-
ric outcomes, such as ectopic pregnancy, hydatidiform 
mole, and biochemical pregnancy, (3) congenital uterine 
anomalies, and (4) patients with unknown or missing 
pregnancy outcomes.

Based on published literature and clinical expertise, 
we selected candidate variables for further analysis. 
Medical records were meticulously reviewed, and the 
following data were assessed: maternal demographic 

Trial Registration: This study was registered in the Chinese Clinical Trial Registry under the registration number 
ChiCTR2000039414 on October 27, 2020. The registration was done retrospectively.
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characteristics, such as age, education, race, and preges-
tational body mass index (BMI). Also considered were 
the number of prior pregnancy losses a patient had expe-
rienced. Clinical characteristics encompassed thyroid-
related indicators, such as free triiodothyronine (FT3), 
free thyroxine (FT4), and thyroid stimulating hormone 
(TSH). Lipid metabolism variables included total cho-
lesterol (TC), triglycerides (TG), high-density lipopro-
tein (HDL), and low-density lipoprotein (LDL). Glucose 
metabolism was assessed through fasting blood glucose 
(FBG), fasting insulin (FINS), and homeostatic model 
assessment of insulin resistance (HOMA-IR). We also 
evaluated coagulation-related indicators including pro-
thrombin time (PT) and its derivatives, activated partial 
thromboplastin time (APTT), fibrinogen (FIB), D-dimer, 
and fibrin degradation products (FDP). Immune-related 
variables assessed were immunoglobulins (IgA, IgG, and 
IgM), complement components (C3, C4), and specific 
antibodies such as anti-nuclear antibody (ANA), rheuma-
toid factor (RF), and lupus anticoagulant (LA). Additional 
variables included homocysteine (HCY) and 25-hydroxy 
Vitamin D levels. This comprehensive set of variables 
were chosen to explore potential predictors of early preg-
nancy outcomes (Supplementary Table 1).

In this study, we analyzed a data set initially compris-
ing 1065 cases. Data cleaning involved the exclusion of 
cases based on the following: 28 cases were excluded 
due to missing pregnancy outcomes, 8 cases due to chro-
mosomal abnormalities, 3 cases of hydatidiform mole, 2 
cases of ectopic pregnancy, and 7 cases of biochemical 
pregnancy. This resulted in a screened data set of 1,017 
cases. Further exclusion involved removing cases with 
more than 25% missing indicators, reducing the data 
set to 718 cases. In our data set of 718 cases, most vari-
ables not only exhibited some degree of missing data but 
also contained outliers. To address these outliers, we 
employed the Tukey method, a widely used technique for 
detecting anomalies in various fields. The basic principle 
of the Tukey method involves calculating the interquar-
tile range (IQR) of the data and then multiplying it by a 
factor (typically 1.5 or 3) to establish a threshold[15, 16]. 
Data points that exceed this threshold are considered 
outliers. In this study, we used a factor of 3 to define and 
manage outliers, ensuring the robustness of our analysis. 
Finally, variables such as age, education, and number of 
pregnancy losses had no missing data. BMI and race had 
minimal missing values, at 1.53% and 0.14%, respectively. 
Thyroid-related indicators showed higher missingness, 
with FT3 and FT4 each missing in approximately 10.86% 
and 10.58% of cases, respectively. TSH was missing in 
8.22% of the cases. Coagulation markers also showed sig-
nificant missing data: PT, PT%, and PT-R were missing 
in 14.21%, 14.48%, and 14.62% of cases, respectively, with 

similar rates for INR, APTT, and TT. Immune-related 
markers and other variables such as D-dimer, HCY, 
25-OH Vitamin D, and various immunoglobulins (IgG, 
IgA, IgM) were less frequently missing, ranging from 
approximately 3.76–9.75%. Lipid and glucose metabolism 
markers such as total cholesterol, triglycerides, HDL, 
LDL, and HOMA-IR were moderately missing, with 
HOMA-IR notably missing in 16.02% of cases. The above 
missing data were subsequently imputed using multi-
ple imputation techniques to maximize the utility of the 
remaining data [17]. Finally, the refined data set was then 
divided into a training set comprising 80% of the cases 
(575 cases) and a test set comprising 20% (143 cases). The 
detailed flowchart is shown in Fig. 1.

After data cleaning, we employed logistic regression 
to model the risk of early pregnancy loss, identifying 
significant predictors and estimating their effect using 
train data set. Model validation was conducted using the 
test data set, with performance evaluated via Receiver 
Operating Characteristic (ROC) curves and Calibra-
tion curves. Additional analyses included a Nomogram 
for visualizing the risk factors and their weights, and 

Fig. 1  Flowchart of study design and participant selection
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Decision Curve Analysis to evaluate the clinical useful-
ness of the model. DCA evaluates the clinical utility of 
prediction models by calculating the net benefit at vari-
ous threshold probabilities for intervention. It compares 
the model’s performance with two extreme strategies: 
intervention for all and intervention for none. The net 
benefit is derived from true positives minus false posi-
tives, adjusted by the threshold probability. DCA helps 
determine the threshold, where the model provides the 
greatest benefit, offering insights into its real-world appli-
cability and clinical value. This robust approach ensures 
comprehensive model validation and aims to improve the 
understanding and management of early pregnancy loss.

Definition of pregnancy outcome
The primary outcome was early pregnancy loss, defined 
as pregnancy loss occurring before 10 weeks of gestation, 
which includes cases of an empty gestational sac, gradual 
cessation of embryonic development, embryonic or fetal 
death, and expulsion of the embryo and its appendages. 
Clinical ongoing pregnancy was defined as the presence 
of an intrauterine gestational sac with a detectable fetal 
heartbeat on ultrasound after 10 weeks of gestation.

Statistical analyses
Continuous variables were reported as medians with 
interquartile ranges (Q1–Q3), and categorical variables 
were presented as percentages. The Chi-squared test was 
utilized to analyze categorical variables, while the Wil-
coxon–Mann–Whitney test was applied for continuous 
variables, as appropriate. The primary outcome investi-
gated was early pregnancy loss. We conducted univari-
ate logistic regression analyses to explore the relationship 
between each variable and the outcome. Variables with 
a p value less than 0.2 were initially selected for further 
analysis. For the multivariate logistic regression, we 
adopted a backward stepwise approach guided by the 
Akaike Information Criterion (AIC). The AIC balances 
model fit and complexity, favoring models that achieve 
better predictive performance without overfitting. This 
method was used to refine the selection of predictors that 
contributed significantly to the model’s overall explana-
tory power, without solely relying on p values. This 
comprehensive approach ensures that the final model 
incorporates all relevant predictors to accurately identify 
risk factors associated with early pregnancy loss.

For model performance evaluation, we assessed both 
discrimination and calibration. Discrimination was quan-
tified by calculating the area under the receiver operat-
ing characteristic curve (AUC) and the calibration was 
evaluated by calibration plots accompanied by the Hos-
mer–Lemeshow test. Calibration plots were used to 
visualize the model’s performance, where the closer the 

observed line is to the 45-degree diagonal line, the bet-
ter the calibration. The Hosmer–Lemeshow test assesses 
the goodness-of-fit by comparing observed and expected 
event rates. A p value greater than 0.05 from the HL test 
indicates little evidence of a significant departure from 
the expected values, suggesting that the model fits well. A 
nomogram was formulated based on the results of multi-
variate logistic regression analysis. Decision curve analy-
sis (DCA) was employed to ascertain the clinical utility 
of the nomogram by quantifying net benefits at different 
threshold probabilities in the validation data set. Statisti-
cal analyses were performed using R statistical software 
(https://​www.r-​proje​ct.​org/​,versi​on 4.1.3). Two-sided p 
values < 0.05 were considered statistically significant.

Results
Patient characteristics
In this study, 718 pregnant women who had at least one 
prior pregnancy loss were finally included. Prior to mod-
eling, all included variables were comprehensively ana-
lyzed for their association with early pregnancy loss. In 
our study of 718 patients, Table 1 meticulously analyzes 
the baseline clinical features, distinguishing between 
individuals with clinical ongoing pregnancies (n = 550) 
and those experiencing early pregnancy loss (n = 168). 
The analysis identified several potential key variables 
significantly associated with early pregnancy loss. Older 
age was a prominent factor, with older patients more 
likely to experience loss (p = 0.002). Educational attain-
ment also played a role, where lower education levels 
correlated with higher risk (p = 0.05). A history of multi-
ple pregnancy losses was notably linked to increased risk 
(p = 0.009). Biochemical and physiological markers such 
as thyroid function (FT3, p = 0.026), thrombin time (TT, 
p = 0.008), antithrombin III (AT-III, p < 0.001), D-dimer 
levels (p = 0.005), homocysteine (HCY, p = 0.04), and 
25-hydroxy Vitamin D (p < 0.001) also showed significant 
associations. In addition, immunological factors such 
as Immunoglobulin G (IgG, p = 0.018), anticardiolipin 
antibodies (ACA, p < 0.001), and lupus anticoagulant 
(LA, p < 0.001) were identified as significant predictors 
of pregnancy loss. Furthermore, we divided the data set 
into a training set and a validation set using an 8:2 split, 
with the purpose of developing and subsequently validat-
ing our predictive model. This division allows us to estab-
lish the model using the training set and then rigorously 
test its accuracy and generalizability with the validation 
set. The baseline characteristics of these two subsets are 
comprehensively detailed in Supplementary Tables  2, 3, 
ensuring that the features remain consistent across both 
data sets to facilitate reliable and robust model training 
and validation.

https://www.r-project.org/,version
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Table 1  Patients baseline clinical features analysis

Variables Total (n = 718) Clinical ongoing pregnancy 
(n = 550)

Early pregnancy loss 
(n = 168)

p value

Age(year) 30 (27, 32) 29 (27, 32) 30 (28, 33) 0.002

BMI(kg/m2) 22 (20, 23.9) 21.9 (19.9, 23.8) 22 (20.3, 23.9) 0.229

Education, n (%) 0.05

 High school or below 249 (34.7) 178 (32.4) 71 (42.3)

 University 443 (61.7) 350 (63.6) 93 (55.4)

 Graduate school or above 26 (3.6) 22 (4) 4 (2.4)

Race, n (%) 0.823

 Han Chinese 659 (91.8) 506 (92) 153 (91.1)

 Other ethnicities 59 (8.2) 44 (8) 15 (8.9)

Number of PL, n (%) 0.009

 1(%) 197 (27.4) 166 (30.2) 31 (18.5)

 2(%) 294 (40.9) 220 (40) 74 (44)

  ≥ 3(%) 227 (31.6) 164 (29.8) 63 (37.5)

 FT3(pmol/L) 5.2 ± 0.5 5.3 ± 0.5 5.2 ± 0.5 0.026

 FT4(pmol/L) 15.9 ± 2.1 15.8 ± 2 16 ± 2.2 0.377

 TSH(pmol/L)) 2.5 (1.7, 3.3) 2.5 (1.7, 3.3) 2.6 (1.8, 3.3) 0.219

 PT(s) 11.1 (10.7, 11.6) 11.1 (10.7, 11.6) 11.1 (10.7, 11.6) 0.867

 PT(%) 98.9 (91, 106) 99 (91, 106) 98 (91.4, 105) 0.532

 PT-R 1 (1, 1) 1 (1, 1) 1 (1, 1) 0.241

 INR 1 (1, 1) 1 (1, 1) 1 (1, 1) 0.211

 APTT(s) 31.3 (27.8, 33.9) 31.3 (27.1, 33.9) 31.3 (29.1, 33.9) 0.36

 FIB(g/L) 2.8 (2.4, 3.2) 2.8 (2.4, 3.2) 2.8 (2.4, 3.2) 0.449

 TT (s) 14.6 (13.6, 16.5) 14.6 (13.6, 17.1) 14.4 (13.4, 15.3) 0.008

 AT-III(%) 105.8 ± 12.3 106.6 ± 12.3 103 ± 12  < 0.001

 D-dimer(μg/mL) 0.2 (0.1, 0.3) 0.2 (0.1, 0.3) 0.2 (0.1, 0.3) 0.005

 HCY (μmol/L) 11 (9.2, 12.9) 10.8 (9, 12.8) 11.4 (9.9, 13) 0.04

 25-hydroxy vitamin D(ng/mL) 11.2 (8.7, 14.3) 11.6 (9, 14.7) 10.1 (7.5, 13.3)  < 0.001

 IgG (g/L) 12.8 (11.4, 14.3) 12.7 (11.3, 14.3) 13.1 (11.9, 14.6) 0.018

 IgA (g/L) 2.1 (1.7, 2.8) 2.1 (1.7, 2.8) 2.2 (1.7, 2.8) 0.968

 IgM (g/L) 1.5 (1.2, 2) 1.5 (1.2, 1.9) 1.5 (1.2, 2) 0.976

 C3 (g/L) 1.1 (1, 1.3) 1.1 (1, 1.3) 1.2 (1, 1.3) 0.099

 C4 (g/L) 0.3 (0.2, 0.3) 0.3 (0.2, 0.3) 0.3 (0.2, 0.3) 0.105

 FBG (mmol/L) 5 (4.7, 5.2) 4.9 (4.7, 5.2) 5 (4.7, 5.2) 0.387

 FINS (mU/L) 9.9 (7, 13.3) 10.1 (6.8, 13.4) 9.5 (7.3, 13.1) 0.833

 HOMA-IR 2.2 (1.5, 3.1) 2.2 (1.5, 3.1) 2.2 (1.6, 3.1) 0.858

 TC (mmol/L) 3.9 (3.5, 4.3) 3.9 (3.4, 4.3) 4 (3.5, 4.5) 0.064

 TG (mmol/L) 0.9 (0.7, 1.3) 0.9 (0.7, 1.3) 0.9 (0.7, 1.3) 0.982

 HDL (mmol/L) 1.3 (1.2, 1.6) 1.3 (1.2, 1.6) 1.3 (1.1, 1.5) 0.815

 LDL(mmol/L) 2.4 (2.1, 2.9) 2.4 (2.1, 2.8) 2.4 (2.1, 3) 0.052

ANA, n (%) 0.359

 Negative 616 (85.8) 476 (86.5) 140 (83.3)

 Positive 102 (14.2) 74 (13.5) 28 (16.7)

RF, n (%) 0.831

 Negative 562 (78.3) 432 (78.5) 130 (77.4)

 Positive 156 (21.7) 118 (21.5) 38 (22.6)

ACA, n (%)  < 0.001

 Negative 605 (84.3) 478 (86.9) 127 (75.6)

 Positive 113 (15.7) 72 (13.1) 41 (24.4)

β2GP1, n (%) 0.811
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In Table  2, using a backward stepwise logistic regres-
sion method guided by the Akaike Information Criterion 
(AIC), we identified several significant predictors of early 
pregnancy loss. Age was confirmed as a risk factor, with 
each additional year slightly increasing the likelihood of 
pregnancy loss (OR = 1.06, 95%CI 1.0–1.12, p = 0.034). 
Education level also influenced outcomes, revealing 
that lower educational attainment, specifically high 
school or below, was associated with a higher risk com-
pared to higher educational levels. Thrombin time (TT), 

antithrombin III (AT-III), D-dimer, 25-hydroxy Vitamin 
D, and Immunoglobulin G (IgG), each played a role, with 
significant findings particularly for D-dimer and Vitamin 
D, indicating their critical involvement in the pathology 
of early pregnancy loss. Complement component 4 (C4), 
although not reaching traditional statistical significance, 
was included due to its predictive relevance as suggested 
by AIC. Anticardiolipin antibodies (ACA) and lupus 
anticoagulant (LA) were among the strongest predic-
tors, significantly elevating the risk of adverse pregnancy 

Table 1  (continued)

Variables Total (n = 718) Clinical ongoing pregnancy 
(n = 550)

Early pregnancy loss 
(n = 168)

p value

 Negative 680 (94.7) 522 (94.9) 158 (94)

 Positive 38 (5.3) 28 (5.1) 10 (6)

LA, n (%)  < 0.001

 Negative 686 (95.5) 535 (97.3) 151 (89.9)

 Positive 32 (4.5) 15 (2.7) 17 (10.1)

Table 2  Univariate and multivariable logistics regression analyses identified the risk factors associated with early pregnancy loss

Variables Univariate analysis Multivariate analysis (Based on 
the backward stepwise logistic 
regression (LR) method)

β OR (95% CI) p value β OR (95% CI) p value

Age 0.067 1.07 (1.02–1.12) 0.007 0.056 1.06 (1–1.12) 0.034

High school or below 1 1

University − 1.34 0.26 (0.06–1.15) 0.076 − 0.438 0.65 (0.42–1) 0.051

Graduate school or above − 0.364 0.7 (0.46–1.04) 0.078 − 0.438 0.65 (0.42–1) 0.051

History of one PL 1

History of two PL 0.497 1.64 (0.97–2.77) 0.063

History of three or more PL 0.602 1.83 (1.06–3.13) 0.029

FT3 − 0.439 0.64 (0.43–0.97) 0.034

APTT 0.029 1.03 (0.99–1.07) 0.152

TT − 0.095 0.91 (0.83–1) 0.053 − 0.097 0.91 (0.81–1.02) 0.092

AT-III − 0.03 0.97 (0.95–0.99) 0 − 0.028 0.97 (0.96–0.99) 0.002

D-dimer 1.724 5.6 (1.26–24.91) 0.024 1.522 4.58 (0.83–25.16) 0.08

HCY 0.049 1.05 (0.99–1.11) 0.099

25-Hydroxy Vitamin D − 0.088 0.92 (0.87–0.96) 0 − 0.089 0.91 (0.87–0.96) 0.001

IgG 0.062 1.06 (0.98–1.16) 0.136 0.078 1.08 (0.99–1.18) 0.093

C4 1.696 5.45 (0.67–44.12) 0.112 1.823 6.19 (0.58–65.69) 0.13

TC 0.292 1.34 (1.02–1.75) 0.033

LDL 0.276 1.32 (0.97–1.78) 0.075

ANA(Negative) 1

ANA(Positive) 0.404 1.5 (0.87–2.57) 0.142

ACA(Negative) 1

ACA(Positive) 0.857 2.36 (1.44–3.86) 0.001 0.891 2.44 (1.41–4.21) 0.001

LA(Negative) 1

LA(Positive) 1.237 3.45 (1.48–8) 0.004 1.222 3.39 (1.34–8.57) 0.01
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outcomes (ACA: OR = 2.44, 95%CI 1.41–4.21, p = 0.001; 
LA: OR = 3.39, 95%CI 1.34–8.57, p = 0.01). This analy-
sis underscores the complex interplay of demographic, 
clinical, and biochemical factors in predicting early preg-
nancy loss.

Construction of a predictive nomogram model in women 
after cervical cerclage
The discriminatory power and generalizability of our 
models were evaluated using receiver operating char-
acteristic (ROC) curves. For our logistic regression 
model, the analysis revealed an area under the curve 
(AUC) of approximately 0.717 for the training set and 
0.725 for the validation set (Fig.  2A, C). According to 
standard thresholds, these AUC values indicate good 
predictive capabilities (0.7–0.8). Calibration using the 
Hosmer–Lemeshow test yielded satisfactory goodness-
of-fit across both sets, affirming the model’s accuracy 
in estimating the probability of early pregnancy loss. 

The calibration curves (Fig.  2B, D) further demon-
strated the high accuracy of the predictions, showing 
close alignment between expected outcomes and actual 
occurrences.

A nomogram was constructed incorporating the sig-
nificant predictive factors identified through multi-
variable logistic regression. This visual tool allows for 
the calculation of a cumulative score by summing the 
points for each parameter, providing a direct meas-
ure of the clinical probability of early pregnancy loss 
(Fig.  3B). In addition, we have provided a supplemen-
tary example file (Supplementary example) with a 
detailed example to facilitate better interpretation and 
utilization of the nomogram. Decision curve analysis 
(DCA), depicted in Fig.  3A, confirmed that the model 
performs well across a range of decision thresholds, 
supporting its utility in clinical decision-making. This 
analysis showed that the model is beneficial for clinical 
use, providing a robust tool for assessing risk and aid-
ing in the management of early pregnancy loss.

Fig. 2  A, B ROC and Calibration curves for the training set, while C and D depict those for the validation set, highlighting the performance 
and validation of the logistic regression model
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Discussion
The causes of early pregnancy loss remain incompletely 
understood. While many cases are attributed to chro-
mosomal abnormalities, immunological, anatomical, 
hormonal, and thrombotic factors are also known to 
play significant roles. In this study, we developed a com-
prehensive predictive model to better understand the 
multifactorial nature of early pregnancy loss. Using a 
multivariable logistic regression model refined through a 
backward stepwise approach based on the Akaike Infor-
mation Criterion (AIC), we identified several key pre-
dictors: maternal age, educational levels, thrombin time 
(TT), antithrombin III (AT-III), D-dimer, vitamin D lev-
els, immunoglobulin G (IgG), complement component 
C4, anticardiolipin antibodies (ACA), and lupus antico-
agulant (LA). In addition, based on clinical experience 
and widely recognized clinical indicators, the number 
of previous pregnancy losses was also incorporated as a 
predictive variable.

The relationship between increasing maternal age and 
early pregnancy loss is well-documented. The risk associ-
ated with maternal age showing a strong biological gra-
dient, where the risk increases with advancing maternal 
age [18, 19]. Women aged between 20 and 29 year expe-
rience the lowest risk of miscarriage, estimated at 12%. 
This risk steeply increases to 65% in women aged 45 years 
and older [20]. The increasing risk with age is primar-
ily attributed to the heightened frequency of embryonic 
chromosomal anomalies, such as trisomies, particularly 
trisomy 16, which is the most common cause of miscar-
riage and increases linearly with age from 20 to 40 years 
[21, 22]. Similarly, the number of previous miscarriages 
plays a critical role in predicting the risk of subsequent 
miscarriages. Women with no history of miscarriage 

have the lowest risk, approximately 11%. However, this 
risk escalates with each subsequent miscarriage, increas-
ing by about 10% with each event, reaching up to 42% in 
women who have experienced three or more previous 
miscarriages [23]. This pattern demonstrates a clear bio-
logical gradient and suggests a cumulative effect of previ-
ous pregnancy losses on the risk of future losses. In this 
study, we also found advanced maternal age is associated 
with a higher risk of pregnancy loss.

In this study, lower educational levels were found to 
correlate with increased risks of early pregnancy loss 
in our model. Educational attainment serves as a sur-
rogate marker for socioeconomic status, which influ-
ences access to healthcare and health-related behaviors. 
It is essential to acknowledge the broader implications of 
educational attainment on women’s reproductive health. 
Education plays a pivotal role in equipping women with 
the knowledge necessary to navigate the complexities of 
fertility and the associated risks of miscarriage [24]. Edu-
cated women are more likely to seek healthcare advice 
early and adhere to prenatal care regimens, which can 
mitigate some risk factors associated with pregnancy 
loss. Moreover, education can indirectly affect miscar-
riage rates through its impact on socioeconomic status. 
Women with higher educational levels often have better 
access to healthcare resources, including fertility treat-
ments and preventive care, which can decrease the like-
lihood of pregnancy loss [25, 26]. They are also more 
likely to delay childbearing as they pursue higher educa-
tion and careers, which, while increasing the risk of age-
related fertility decline, also means that they are better 
informed about the potential risks and are more likely 
to access medical advice and interventions promptly. In 
conclusion, while education itself does not directly cause 

Fig. 3  A Decision curve analysis (DCA), highlighting the clinical benefits of the model across different decision thresholds. (Intervention 
for all: this line represents the scenario, where the intervention is applied to all patients. Intervention for none: this line represents the scenario, 
where no intervention is applied to any patients. Pregnancy loss model: this line represents the net benefit of using the model for decision-making). 
B Nomogram, a graphical representation used to predict individual probabilities of early pregnancy loss
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or prevent miscarriage, its significant influence on health 
literacy and access to care positions it as a crucial deter-
minant in managing the risk associated with miscarriage.

Thrombophilia, a disruption in blood clotting pro-
cesses, is often linked with pregnancy loss [27]. This study 
identified significant hypercoagulability among women 
with a history of missed abortions, evidenced by elevated 
levels of D-dimer and reduced activity of thrombin time 
(TT) and antithrombin III (AT-III). These findings sug-
gest that abnormal coagulation processes play a critical 
role in the etiology of pregnancy loss [28, 29]. Elevated 
D-dimer levels indicate increased fibrin turnover and clot 
formation, which are atypical in the general population. 
This marker, a byproduct of fibrin degradation, is crucial 
for identifying thrombotic conditions that may underpin 
missed abortions [30]. Furthermore, the observed reduc-
tion in AT-III levels—critical for regulating the coagula-
tion cascade—suggests a compromised ability to control 
clot formation, thereby increasing the risk of complica-
tions during pregnancy.AT-III is a crucial regulator of the 
coagulation cascade, inhibiting several enzymes of the 
system, including thrombin [31]. Lower levels of AT-III 
suggest a diminished capacity to regulate clot formation 
effectively, potentially leading to an increased risk of clot-
related complications during pregnancy [32]. The impli-
cations of these findings are profound, suggesting that 
screening for coagulation abnormalities could be crucial 
in early pregnancy, especially among women with a his-
tory of pregnancy loss.

Immunological factors are pivotal in pregnancy main-
tenance, where abnormal immune responses can lead 
to fetal rejection. Elevated levels of IgG and C4 in this 
study suggest an autoimmune component to early preg-
nancy loss. IgG, which includes various subclasses, has 
been implicated in autoimmune responses that may 
compromise pregnancy. To some extent, elevated levels 
of specific IgG antibodies can induce a state of height-
ened immune response against the trophoblast, leading 
to increased risk of miscarriage [33]. Complement C4, 
part of the classical pathway of the complement sys-
tem, is another crucial immunological factor associated 
with PL. Elevated levels of C4 may reflect an overactive 
immune response that can lead to fetal–placental unit 
damage [34]. The study indicated that high levels of C4 
are correlated with increased pregnancy loss, suggesting 
that excessive activation of the complement system might 
directly affect the integrity and function of the placental 
bed, leading to miscarriage [34]. Clinically, these findings 
underscore the potential for targeted interventions that 
modulate these immune responses. Treatments that reg-
ulate the activity of specific IgG antibodies or control the 
activation of the complement system might help reduce 
the incidence of PL in high-risk patients.

The presence of ACA and LA as markers of APS 
has been robustly linked to the increased risk of preg-
nancy loss in our model. These antibodies not only 
enhance the risk of forming blood clots but also affect 
the placental environment by disrupting the normal 
immune tolerance required during pregnancy [35, 36]. 
This immune-mediated attack is presumed to cause 
placental insufficiency, which is a significant patho-
physiological mechanism leading to miscarriage. The 
placenta, being the critical interface for nutrient and 
gas exchange between the mother and fetus, when 
compromised, directly impacts fetal survival. The pres-
ence of these antibodies suggests an aberrant immune 
response, where instead of supporting pregnancy, the 
immune system acts against it, leading to pregnancy 
complications or losses [37]. Furthermore, the data 
from the literature and findings from this study suggest 
that LA and ACA can be predictive of adverse preg-
nancy outcomes [38, 39]. Monitoring these antibod-
ies in women with a history of pregnancy losses could 
guide the implementation of targeted interventions, 
such as anticoagulation therapies, which have been 
shown to improve pregnancy outcomes in women with 
APS. In conclusion, the role of ACA and LA in mediat-
ing adverse pregnancy outcomes through mechanisms 
involving immune dysfunction and placental insuffi-
ciency underlines the importance of screening for APS 
in women with recurrent pregnancy losses.

Vitamin D is essential for the immune system and pla-
cental function. Vitamin D’s influence on pregnancy out-
comes can be linked to its crucial role in the immune 
system and the modulation of placental biology [40]. The 
enzyme responsible for activating vitamin D, CYP27B1, is 
expressed in the maternal decidua and fetal trophoblasts 
early in pregnancy, indicating that vitamin D could be 
integral to successful implantation and early pregnancy 
maintenance [41]. Deficiencies in vitamin D might lead to 
insufficient immunological adaptation during pregnancy, 
potentially increasing the risk of rejection of the fetal 
allograft. Furthermore, vitamin D is vital for the proper 
functioning of the placenta [42].It influences trophoblast 
invasion and placental spiral artery remodeling—criti-
cal processes for establishing adequate blood flow to the 
growing fetus [43]. Abnormalities in these processes are 
often observed in miscarriages, suggesting that optimal 
vitamin D levels could support proper placental develop-
ment and function, thus reducing miscarriage risks [44]. 
This aligns with findings from various studies that corre-
late higher pre-pregnancy and early pregnancy vitamin 
D levels with lower rates of miscarriage [45]. Our results 
support the notion that maintaining adequate vitamin D 
levels during pregnancy is critical for reducing the risk of 
miscarriage.
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 The predictors identified in this study provide crucial 
insights into the etiology of early pregnancy loss and 
suggest targeted interventions that could potentially 
mitigate this risk. Future research should focus on pro-
spective studies to validate these findings and explore 
the effectiveness of interventions based on individual 
risk profiles determined by our predictive model.

Strengths
This study presents several strengths that contribute to 
the development of a predictive model for early preg-
nancy loss. First, the use of a logistic regression-based 
model ensures a robust and interpretable approach to 
predicting subsequent pregnancy loss in women with 
a history of pregnancy loss. This model allows for the 
integration of multiple clinical and laboratory variables, 
providing a comprehensive risk assessment. Second, 
the model’s development was rigorously validated using 
internal validation techniques, which enhances its reli-
ability. Furthermore, the study provides an in-depth 
analysis of various predictive factors, some of which 
have not been fully explored in previous research, 
thus contributing valuable insights to the field. Finally, 
the model’s potential clinical utility is demonstrated 
through the nomogram, offering a user-friendly tool for 
clinicians to assess individual patient risks and make 
more informed decisions.

Limitation
This study has several limitations that need to be 
acknowledged. First, its retrospective design and the 
involvement of a single center limit the generalizabil-
ity of the findings. The study population was exclu-
sively Chinese, and the inclusion of both consecutive 
and non-consecutive pregnancy losses may further 
restrict the applicability of the model to other popula-
tions or settings. Another key limitation is the lack of 
external validation. To ensure the model’s real-world 
applicability, it will need to be validated in diverse pop-
ulations and across multiple centers. Finally, missing 
data affected the study, with 25% of the original cohort 
excluded due to incomplete information, potentially 
introducing selection bias.
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