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Recurrent spontaneous abortion (RSA) affects 2%–5% of couples worldwide and remains a subject of debate regarding 
the effectiveness of lymphocyte immunotherapy (LIT) due to limited retrospective studies. We conducted a compre-
hensive Bayesian analysis to assess the impact of LIT on RSA. Using data from the Shenzhen Maternity and Child 
Healthcare Hospital (2001–2020, n = 2316), a Bayesian generalized linear model with predictive projection feature selec-
tion was employed. Our analysis revealed a significant improvement in live birth rates for RSA patients undergoing 
LIT. Notably, LIT had a greater impact compared to the other 85 factors considered. To mitigate research bias, we con-
ducted a Bayesian meta-analysis combining our dataset with 19 previously reported studies (1985–2021, n = 4246). 
Additionally, we developed an empirical model highlighting the four key factors, which are the LIT result, age, paternal 
blood type, and anticardiolipin antibody. Younger age (19–27), paternal blood type B, and a positive anticardiolipin anti-
body (IgM) were associated with better therapeutic outcomes in LIT for RSA. These findings aid clinicians in identifying 
suitable candidates for LIT and improving treatment outcomes.

Introduction

Recurrent spontaneous abortion (RSA), defined as experiencing 
two or more miscarriages, is a widespread issue affecting millions 
of couples worldwide [1, 2]. Globally, an estimated 2%–5% of cou-
ples are suffering from RSA [3]. Numerous studies have demon-
strated that immune factors account for over 60% of unexplained 
RSA, especially for alloimmune disorders (a lack of maternal 
blocking antibodies (BAs)), resulting in the maternal immune sys-
tem attacking the embryo or foetus [4]. Therefore, immune ther-
apies are considered to be the most effective treatment for RSA.

Lymphocyte immunotherapy (LIT) has been widely used to 
treat RSA patients who test negative for BAs [5] in an attempt 
to increase their BAs until the patient’s test comes positive. LIT 
was initially shown effective and was practiced in clinics in the 
United States from 1985 [6] until the FDA prohibited its use in 
2002 when clinical studies showed no significant increase in live 
births on RSA patients [7]. In China, LIT has been in use since 

1987, when increased birth rates in RSA patients were reported 
[8, 9]. However, the safety and efficacy of LIT remain controversial. 
For instance, five patients were infected with HIV in Zhejiang in 
2017 [10], resulting in an irreversible medical incident. Due to this, 
LIT should be implemented when its benefits outperform risks. 
Therefore, there is an urgent need to evaluate the effectiveness 
and risks of LIT, and, should this therapy prove effective, the anal-
ysis of individual influential factors on treatment outcomes could 
assist clinicians in selecting the most appropriate patient candi-
dates for LIT.

Several factors may influence the effectiveness of LIT, includ-
ing patients’ medical history, infections, endocrine disorders [11], 
immune factors, thrombophilia, and chromosomal disorders [12]. 
In this study, we examined 86 basic conditions of the patient and 
identified them as factors that may affect delivery, encompassing 
patients’ medical history, infection, prothrombotic state, as well as 
endocrine, immune, chromosomal, and paternal factors. Since LIT 
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makes use of allogeneic immune cells, the physical condition of 
the male partner may influence its efficacy [13]. Therefore, data 
from some male routine examinations including semen and blood 
analyses were included in our study. For more details on the selec-
tion of influential factors, please refer to the ‘Data availability’ sec-
tion. In this paper, we constructed a Bayesian generalized linear 
model (Bayesian GLM) to assess the outcomes of LIT, consider-
ing the various conditions of the patients. The results of our study 
demonstrated that the influence of LIT on the live birth rate was 
the predominant factor. Then to avoid potential biases that may 
have resulted in the findings of the Bayesian GLM, we conducted 
a Bayesian meta-analysis, which yielded the same conclusion as 
the Bayesian GLM. Finally, in order to identify the best candidates 
for LIT efficiently and practically, we modelled an empirical model. 
We demonstrated the effectiveness of LIT in treating RSA and our 
work can assist clinical doctors in identifying the most suitable 
patients for LIT more effectively.

Results

Bayesian generalized linear model

To establish the relationship between childbirth and the patient’s 
basic physical condition, we initially employed a Bayesian GLM 
[14]. The data utilized for this analysis were obtained from the 
Shenzhen Maternity and Child Healthcare Hospital, covering the 
period from 2001 to 2020. We considered 86 basic conditions 
that were examined as potential factors influencing the delivery 
outcome. The success of giving birth was taken as the indicator, 
making it a logistic regression problem. The model was formulated 
as follows:

ln

Å
p(y = 1|X)

1− p(y = 1|X))

ã
∼ β0 + β1x1 + β2x2 + · · ·+ β86x86,

Here, X  represents the vector of 86 factors (x1, x2, . . . , x86)  
and p(y = 1|X) denotes the probability of successfully giving birth 
predicted by the model for a given set of conditions X . In other 
words, it represents the predicted probability of a patient suc-
cessfully giving birth to a child based on the specific combination 
of factors (x1, x2, . . . , x86) where xi (i = 1, 2, 3, . . . , 86) corre-
sponds to various factors that may contribute to RSA.

A Bayesian perspective for Modelling a hierarchical GLM 
provides several advantages over alternative theoretical meth-
ods used to approximate complex likelihood functions, typically 
employed in the frequentist framework [15, 16]. Bayesian analysis 
accounts for the uncertainty in the estimation of prior distribution 
characteristics of model parameters, making the results more reli-
able [17, 18]:

Firstly, Bayesian analysis allows for the incorporation of prior 
knowledge or clinician opinions in the form of prior distributions. 
This integration of existing information or expertise helps to 
improve the estimation process, leading to more accurate and reli-
able results. This allows us to fully utilize the large amount of prior 

knowledge that leads to RSA that we have collected, detailed 
prior settings can be found in Supplementary Table S4.

Secondly, Bayesian analysis proves particularly valuable 
when dealing with small sample sizes, which is often the case in 
medical studies. With limited data, frequentist methods may yield 
unstable or unreliable estimates. However, Bayesian analysis 
addresses this issue by leveraging prior knowledge, stabilizing the 
estimates, and providing more dependable outcomes. By incorpo-
rating prior information, the impact of data scarcity is reduced, 
allowing for more accurate predictions and robust conclusions.

We conducted a thorough evaluation of our Bayesian GLM 
to ensure its accuracy before analysing the impact of various 
factors on the indicator [19]. The model exhibited no divergence, 
and values of R̂ were all close to 1 [20]. The effect sample size 
(ESS) of the parameters was sufficiently large, indicating accurate 
parameter estimations [21]. The specific values of R̂ and ESS are 
exhibited in Supplementary material 1. Moreover, the Bayesian R2 
exceeds 0.3, further supporting the goodness of fit of our mode 
(see Supplementary material 2). We also performed a sample 
posterior predictive check on Bayesian GLM (Supplementary 
Fig. S1A) and empirical model (Supplementary Fig. S1B), which 
demonstrated no significant difference between the observed 
and predicted data. This finding indicates that our model exhib-
ited good fitting ability [21]. Furthermore, all four Markov chains 
of Bayesian GLM (Supplementary Fig. S2A), empirical model 
(Supplementary Fig. S2B), and Bayesian meta-analysis model 
(Supplementary Fig. S2C), as determined in our analysis, con-
verged to the same region. This convergence indicates that the 
chains thoroughly explored the posterior distribution and reached 
a stable state. Consequently, we can confidently assert that the 
estimates of the model parameters are reliable [22].

To identify the factors influencing childbirth outcomes, we 
employed Predictive Projection Feature Selection (PPFS) [23] to 
rank the factors’ impact on fertility indicators. PPFS is a technique 
used to identify the most influential factors or variables in pre-
dicting a particular outcome. By utilizing PPFS, we were able to 
assess and rank the significance of various fertility indicators in 
relation to the outcome of interest. This approach allows us to pri-
oritize and highlight the factors that have the greatest impact on 
fertility outcomes, providing valuable insights for understanding, 
and addressing reproductive health issues. The results of FFPS 
are shown in Fig. 1A and B, we draw the top 19 (projpred package 
default) most important features identified by our Bayesian GLM 
model. Notably, our analysis revealed that LIT has a significant 
impact on reducing RSA. Whether to undergo LIT emerged as 
the most influential factor affecting RSA outcomes. The predictive 
performance of LIT, as measured by accuracy and expected log 
predictive density (ELPD) [24], was found to be nearly as signifi-
cant as the combined effect of the other 85 factors in our model. 
These findings provide compelling evidence supporting the effec-
tiveness of LIT as a treatment approach for RSA based on our 
dataset and analysis methods. The prominent impact of LIT on 

D
ow

nloaded from
 https://academ

ic.oup.com
/lifem

edi/article/2/6/lnad049/7462786 by N
ational Science & Technology Library user on 01 February 2024

http://academic.oup.com/lo/article-lookup/doi/10.1093/lifemedi/lnad049#supplementary-data
http://academic.oup.com/lo/article-lookup/doi/10.1093/lifemedi/lnad049#supplementary-data
http://academic.oup.com/lo/article-lookup/doi/10.1093/lifemedi/lnad049#supplementary-data
http://academic.oup.com/lo/article-lookup/doi/10.1093/lifemedi/lnad049#supplementary-data
http://academic.oup.com/lo/article-lookup/doi/10.1093/lifemedi/lnad049#supplementary-data
http://academic.oup.com/lo/article-lookup/doi/10.1093/lifemedi/lnad049#supplementary-data
http://academic.oup.com/lo/article-lookup/doi/10.1093/lifemedi/lnad049#supplementary-data
http://academic.oup.com/lo/article-lookup/doi/10.1093/lifemedi/lnad049#supplementary-data


L
if

e 
M

ed
ic

in
e

3 Life Medicine, 2023, Volume 2� https://academic.oup.com/lifemedi

Article

RSA outcomes further reinforces its importance in addressing 
reproductive health concerns.

Bayesian meta-analysis

While our data and methodology provided evidence of the signif-
icant influence of LIT on increasing birth rates, it is important to 
acknowledge that biases in the data could potentially impact the 
research results. Geographical bias and sampling bias are among 
the factors that may introduce biases into the study. To ensure 
that the effectiveness of LIT in the treatment of RSA is not limited  
to the specific location of data collection and to address poten-
tial research biases, we decided to establish a Bayesian hier-
archical model for conducting a Bayesian meta-analysis. In the 
meta-analysis, we combined our dataset with data from 19 previous 
studies, resulting in a total of 6562 patients (refer to Supplementary 
Table S8 for details). These 19 previous studies, published or 
unpublished, were conducted between 1985 and 2021. A compre-
hensive search strategy was employed to identify relevant studies, 
and rigorous study selection criteria were applied. More details can 
be found in the ‘Data collection and processing’ section.

In the Bayesian meta-analysis model, we make the assump-
tion that the observed effect size, denoted as YJ, from study J 
serves as an estimate of the ‘true’ effect, represented by θJ within 
that specific study. To present the results clearly, we express YJ as 
the natural logarithm of the relative risk, given by YJ = lnp1 − lnp0,  
where p1 = d1/n1 and p0 = d0/n0. Here, d1 and d0 represent 
the number of patients who gave birth to a child in the treatment 
and control groups, respectively, while n1 and n0 represent the 
total number of patients in the treatment and control groups, 
respectively.

In this model, we do not explicitly specify the prior distribu-
tions for µ (the overall mean effect size) and τ2 (the heterogeneity 
or between-study variance). Instead, we assign them uninformed 

prior distributions, which correspond to unrestricted uniform dis-
tributions (following Stan’s default setting). With these uninformed 
priors, we define the model as follows:

YJ ∼ Normal(θJ,σ2
J )

θJ ∼ Normal(µ, τ2)

In our Bayesian meta-analysis, σJ represents the standard 
error of the effect estimate in study J, and σ2

J is assumed to be 
known with certainty. This assumption is made because, in the 
case of the binomial distribution and with large sample sizes, 
each study’s variance can be estimated precisely. The overall 
mean, denoted as µ, is commonly estimated by taking posterior 
sampling in Bayesian analysis. This estimate represents the aver-
age effect across all included studies. The parameter τ2 reflects 
the between-study variance. It captures the amount of heteroge-
neity or variability in effect sizes among the studies. As shown in 
Fig. 2, a significant shrinkage effect towards the overall mean µ is 
observed in the estimated effects θJ. This shrinkage effect is more 
pronounced in studies where the relative risk is estimated less 
accurately [25]. This indicates that the results obtained through 
Bayesian approaches are more reliable within each study, as they 
account for the uncertainty in the estimates and incorporate infor-
mation from other studies.

In our analysis, we estimated the posterior value of eµ (the 
blue dashed line in Fig. 2) to be 1.70 (1.36–2.11; 95% credible 
interval), indicating that the average effect across all included 
studies suggests a 1.70-fold increase in the likelihood of success-
ful childbirth for patients undergoing LIT compared to those in the 
control groups. Additionally, the posterior value of τ  was estimated 
to be 0.42 (0.28–0.64; 95% credible interval), suggesting moder-
ate heterogeneity or variability in effect sizes among the studies. 
Furthermore, the confidence interval for the random effect eθJ was 

Figure 1. Analysis of the trend in predictive powers with increasing ranked features.
 The (A) accuracy and (B) ELPD of the Bayesian model are determined by 19 features based on Predictive Projection Feature Selection 
(PPFS), they are: BA treatment result, age, paternal blood type, anticardiolipin antibody IgM, and so on. The error bars represent standard 
deviation. For more details about selected features, see Supplementary Table S9.
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1.70 (0.71–4.13; 95% credible interval), indicating that the effect 
of LIT on childbirth can vary across different studies. However, 
the lower bound of the confidence interval suggests a potential 
decrease in the likelihood of successful childbirth, while the upper 
bound suggests a substantial increase. This variation highlights 
the importance of considering individual study effects when inter-
preting the overall treatment effect.

Based on these findings, we can conclude that LIT is an 
effective treatment for RSA, as indicated by the higher likelihood 
of successful childbirth in the treatment groups compared to the 
control groups. However, it is essential to consider the variability 
across studies and the wide confidence interval, which may be 
attributed to differences in study characteristics, patient popula-
tions, or other factors.

Empirical model

In addition to LIT, studies have suggested that there may be other 
factors such as anti-endometrial [26] or and anti-ovarian antibod-
ies [27] contributing to RSA treatment outcomes. Additionally, 
Maria et al. found that abortion risk increased from 9.8% for 
25–29-year-old patients to 33.2% for patients aged 40 and above 
[28]. Cavalcante et al. conducted a meta-analysis that suggested 
that positive infertility-related antinuclear antibodies [29] might 
increase the risk of RSA. Moreover, ABO blood group mismatch 
is the most common cause of alloimmune abnormalities in 
RSA, that is, the blood type inherited from the father may cause 

the foetus to be attacked by the mother’s immune system [30]. 
Additionally, ACAIgM, lupus anticoagulant, and anti-β 2GP1 are 
considered conventional pathogenic antibodies [31, 32]. Studies 
have shown that the presence of one or more of these antibod-
ies in women increases the risk of miscarriages, with only a 30% 
chance of giving birth when all three antibodies are positive [33]. 
Since these factors can have a significant influence on abortion 
risk, we decided to investigate their potential interactions with LIT.

To comprehensively consider the interpretability and predic-
tive performance of all factors, we chose the first four features 
from our PPFS. These features, namely LIT outcome, age, pater-
nal blood type, and anticardiolipin antibody IgM (ACAIgM), were 
chosen as they collectively accounted for over 73% of accuracy 
and 63% of ELPD among the 19 features considered (Fig. 3A and 
B). An empirical model was established by considering the main 
effect [34] of overall intercept, LIT outcome, and the interaction of 
LIT outcomes with age, blood type, and ACAIgM in terms of birth 
rates (Fig. 3C–J). We also checked the correctness of the empirical 
model, and it appeared to be valid, as shown in Supplementary 
materials 3 and 4, values of R̂ were all around 1 and the ESS 
of parameters was sufficiently large. Additionally, the empirical 
model exhibits a consistent trend in posterior predictive check 
between predicted and observed data (Supplementary Fig. S1B). 
Furthermore, the Markov chains have converged to the same 
region (Supplementary Fig. S2B), indicating it reached a stable 
state and the estimates of the model parameters are reliable.

Figure 2. Result of Bayesian meta-analysis.
 The two vertical lines represent the 95% CI of the relative risk eYJ (where YJ is the logarithm of the relative risk) and the random effect eθJ, and 
the horizontal thick dashed line represents overall mean eµ, respectively.
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Fig. 3E–J clearly illustrates the positive impact of LIT on 
the live birth rate, regardless of the presence of BAs. Moreover, 
it demonstrates that the improvement in live birth rate is more 
significant when BAs are converted to a negative status (BA3) 
compared to situations where no change in BAs occurs (BA2) 
or when no treatment is administered (reference level) (Fig. 3D). 
Furthermore, the interaction analysis reveals that age plays a par-
ticularly significant role in the outcomes of LIT. The value of the 
interaction at each level of a factor indicates how it deviates from 

the reference level. The interaction between BA and age shows 
the value of BA2: Age2 is the largest, indicating patients between 
19 and 27 years old (Age2) experienced more live births irrespec-
tive of BA conversion (Fig. 3E). Additionally, it is noteworthy that 
paternal blood type B is associated with increased live births, irre-
spective of BA conversion (Fig. 3F). This suggests that the pater-
nal blood type may have a positive influence on the success of 
LIT in improving birth rates. Lastly, patients who tested positive for 
ACAIgM exhibit a reduced risk of miscarriages after undergoing 

Figure 3. Predictive performance of the empirical model.
 (A) Accuracy and (B) ELPD. The error bars of (A) and (B) represent standard deviation of accuracy and ELPD. (C) Overall intercept of the 
empirical model. (D) Main effect of LIT outcome, there are significant differences between each level. (E–J) Interaction of LIT with other factors 
when (E–G) BAs are negative or (H–J) positive. The first level of each factor value is missing value except for LIT outcome (i.e. untreated 
patients), which was used as a reference level. BA3 and BA2 refer to patients with or without BA conversion, respectively. Age2–Age6 refer 
to patients aged between 19–27, 27–29, 29–31, 31–34, and 34–57 years old. BT2–BT5 refer to the paternal blood types A, AB, B, or O. 
ACAIgM2–ACAIgM3 refers to patients with anticardiolipin antibody IgM tested negative or positive, respectively. The vertical lines in panels 
(C–J) represent the mean effect size for each level within every feature. Additionally, the blue shadows represent the 95% credible intervals of 
the effect size.

D
ow

nloaded from
 https://academ

ic.oup.com
/lifem

edi/article/2/6/lnad049/7462786 by N
ational Science & Technology Library user on 01 February 2024



L
ife M

edicine

6Life Medicine, 2023, Volume 2

Article

Life Medicine

LIT (Fig. 3G). This finding implies that the presence of ACAIgM 
antibodies may serve as a favourable indicator for the effective-
ness of LIT in preventing miscarriages.

Overall, the empirical model and interaction analysis pro-
vide valuable insights into the effects of LIT and its interactions 
with age, paternal blood type, and ACAIgM in relation to live birth 
rates, contributing to a better understanding of the factors influ-
encing successful pregnancy outcomes in RSA patients.

Discussion

We have established a comprehensive Bayesian analysis work-
flow for evaluating the therapeutic efficacy of lymphocyte immuno-
therapy on RSA. The complete workflow is illustrated in Fig. 4. Our 
study provides compelling evidence supporting the significant 
influence of LIT on predicting parturition rates in RSA patients. 
This finding motivated us to conduct a Bayesian meta-analysis, 
which further confirmed the potential of LIT as a treatment for 
RSA. This is an encouraging outcome that emphasizes the need 
for clinical physicians to explore the utilization of LIT while being 
mindful of associated risks.

Moreover, to assist clinicians in selecting suitable candidates 
for LIT, we developed a comprehensive empirical model that 
considered factors such as model complexity, predictive perfor-
mance, and interpretability. Through this model, we identified that 

the effectiveness of LIT varies depending on individual patient 
conditions. Specifically, LIT demonstrated higher efficacy in 
younger female patients whose male partners have blood type 
B and test positive for ACAIgM. Therefore, we recommend that 
patients meeting these criteria are the most suitable candidates 
for LIT treatment. Additionally, we advise patients at risk of RSA 
to consider starting their pregnancies only after testing positive for 
BAs, as this may help reduce the risk of miscarriages.

Research limitations

There are still some limitations and drawbacks in our study. Firstly, 
we did not consider the interactions between LIT outcomes and 
the other 85 factors in the Bayesian GLM. This decision was 
made due to computational challenges associated with assess-
ing high-order interactions and our primary focus on determin-
ing the effectiveness of LIT for RSA. Secondly, our criteria for 
selecting factors to establish the empirical model were based 
on a comprehensive consideration of interpretability and practi-
cability. Nevertheless, there may be additional selection criteria 
that require further investigation and consideration of clinical 
conditions.

Additionally, our Bayesian meta-analysis combines data from 
retrospective studies with data from previous randomized trials 
to analyse the effectiveness of LIT for RSA. We adopted this 

Figure 4. Bayesian analysis pipeline for validating the efficacy of LIT.
 The complete workflow consists of three steps: using Bayesian GLM to identify the signification of LIT in curing RSA, applying Bayesian meta-
analysis to validate the conclusion of step 1, leveraging empirical model to identify potential candidates for LIT.
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approach because there is currently conflicting evidence regarding 
the efficacy of LIT. Introducing evidence from non-randomized stud-
ies into randomized trial data may result in transforming imprecise 
but unbiased estimation into precise but biased estimation, thereby 
converting uncertainty into error [35]. However, it is inevitable that 
this also introduces some degree of selection bias.

Furthermore, while our study demonstrated the effectiveness 
of LIT for RSA patients, the decision to undergo LIT should be 
made in consultation with the patient, taking into account their 
individual wishes and physical condition. As highlighted in our 
Bayesian meta-analysis, treatment responses may exhibit hetero-
geneity across different populations, necessitating careful consid-
eration and individualized treatment approaches.

Methods
Statistical analysis

R programming language (version 4.4.2) [36] and Review manager 
(version 5.4) [37] were used for all analyses. The Bayesian model and 
meta-analysis were established using the rstanarm package [38] and 
rstan [39], respectively. The projpred package [23] was used for PPFS 
and forward search method was used (for more details about the sta-
tistical software we used, see Supplementary Tables S1–S3). To easily 
conduct literature search and management for Bayesian meta-analysis, 
we employed the Review Manager software (version 5.4).

Data collection and processing

This study was conducted in collaboration with the Shenzhen Maternity 
and Child Healthcare Hospital, which is located at HongLi Road in 
Shenzhen, China. The data used for the Bayesian GLM analysis was col-
lected retrospectively from clinic visits spanning the period between 2008 
and 2020. The focus of the study was on patients with RSA, and the data-
set included various types of information related to pregnancy outcomes, 
treatment records, paternal medical history, and other relevant diagnostic 
results. The dataset covered a wide range of factors, including parturition 
rate, medical history, immune indicators, infection inspection, endocrine 
level coagulation markers, chromosome examination, and male detection. 
Each examination consisted of multiple physical indicators that were asso-
ciated with the patients. Samples with abnormal detection results were 
excluded from the analysis to ensure data quality and reliability. In order to 
assess the impact of each detection result on childbirth, we categorized 
the values of the detection results into different levels using a method that 
has practical significance. As an example, for the LIT variable, we divided 
it into three levels: not receiving LIT, receiving LIT with a negative BAs test, 
and receiving LIT with a positive BAs test. A total of 2316 patients were 
included in our analyses finally, and the criteria for patient inclusion and 
exclusion can be found in Supplementary Table S7. These criteria were 
established to ensure that the study population met the specific require-
ments and characteristics necessary for the research objectives.

To perform the Bayesian meta-analysis, we combined our data with 
previous published studies found via Google Scholar, Cochrane Library, 
and PubMed by using the subject terms ‘recurrent spontaneous abor-
tion’ OR ‘recurrent miscarriage’ AND ‘blocking antibody’ OR ‘lymphocyte 
immunotherapy’. We also searched the Chinese literature from CNKI. 
Two authors extracted relevant data from each study independently into 
a Microsoft Excel spreadsheet, which included the country of affiliation 
of the first author, year of publication, trial design, inclusion criteria, 
study population, type of treatment, and treatment outcome in terms of 

live birth, however, to expand the data, we use successful pregnancy 
as the outcome if only pregnancy outcomes were reported in previous 
studies. Discrepancies in the sheet were investigated and resolved inde-
pendently by a third author. Additionally, the Review manager was used to 
assess the quality of the included studies in the Bayesian meta-analysis 
(Supplementary Fig. S3).

For the inclusion criteria: only original articles reporting random-
ized controlled trials investigating the efficacy of LIT in the treatment of 
RSA patients were considered. Exclusion criteria: Studies were excluded 
if they were non-human studies, non-RCTs (non-randomized controlled 
trials), systematic reviews, or meta-analyses. A total of 1510 publications 
were found, from which 1491 were excluded for various reasons [40–58]. 
The quality of these studies was evaluated in Supplementary Fig.S3, all 
studies, except for [50]single blind, were randomized double-blind experi-
ments, indicating the quality of these studies is high.

Modelling the first model and statistical analysis

We first fitted a Bayesian multiple GLM using the stan programming lan-
guage. For prior, we used relevant literatures to provide us with some prior 
knowledge (for details, see Supplementary Table S6) [9, 28–30, 59]. To 
account for factors where prior information was not available, we employed 
a flattened prior normal(0, 1) for each level. For the prior on the intercept, 
we utilized the default prior of the stan_glm function. We used Markov 
chain Monte Carlo algorithm [17] (default option) for sampling, which takes 
a random walk through the parameter space, tending to walk in the high 
probability area and occasionally stepping into the low probability area to 
create a representation of the probability distribution on the parameters. 
Four chains were run in parallel for a total of 4000 iterations each with 
2000 as warmup. The predictive projection feature was performed using 
the package projpred via forward search [32]. Therefore, in stan package 
our model was established as:

ln
Å

p(y = 1|X)
1− p(y = 1|X))

ã
∼ β0 + β1x1 + β2x2 + . . .+ β86x86

X = (x1, x2, . . . , x86),

where p(y = 1|X) is the probability of y  being predicted as a positive case 
by a given X , in other words, it is the predicted probability of a patient 
successfully giving birth to a child by a given X = (x1, x2, . . . , x86) and xi 
(i = 1, 2, 3, . . . , 86) represents various factors that might cause RSA.

Bayesian meta-analysis

In our Bayesian meta-analysis, we combined our data with that of 13 previ-
ous studies to obtain a comprehensive analysis of the topic [60]. Bayesian 
methods provide a framework for conducting meta-analysis by treating 
both the data and model parameters as random quantities [61].

We established a Bayesian hierarchical model in which the observed 
effect size, represented by YJ, as assumed to follow a normal distribution 
with mean θJ and variance σ2

J. The parameter θJ represents the true effect 
size within each study, and it follows a normal distribution with mean µ 
and variance τ2.

YJ ∼ N (θJ,σ2
J )

θJ ∼ N (µ, τ2),

To simplify the computational process, we transformed the model by 
expressing θJ as a linear combination of µ and τ  multiplied by η, where η 
is a standard normal random variable η ∼ N (0, 1). This transformation 
allows for faster computation of the model using the Stan code.

D
ow

nloaded from
 https://academ

ic.oup.com
/lifem

edi/article/2/6/lnad049/7462786 by N
ational Science & Technology Library user on 01 February 2024

http://academic.oup.com/lo/article-lookup/doi/10.1093/lifemedi/lnad049#supplementary-data
http://academic.oup.com/lo/article-lookup/doi/10.1093/lifemedi/lnad049#supplementary-data
http://academic.oup.com/lo/article-lookup/doi/10.1093/lifemedi/lnad049#supplementary-data
http://academic.oup.com/lo/article-lookup/doi/10.1093/lifemedi/lnad049#supplementary-data
http://academic.oup.com/lo/article-lookup/doi/10.1093/lifemedi/lnad049#supplementary-data


L
ife M

edicine

8Life Medicine, 2023, Volume 2

Article

Life Medicine

θJ ∼ µ+ τ ∗ η
The priors for µ and τ2 were specified as uniform distributions (stan 

default, see Supplementary Table S5). This allows the data to inform the 
posterior distribution and guide the estimation of the model parameters.

By applying this Bayesian hierarchical model, we were able to obtain 
probabilistic statements about the quantities of interest, such as the over-
all mean effect size and the between-study variance. This approach allows 
for a more comprehensive and nuanced analysis, incorporating uncer-
tainty and accounting for heterogeneity among the included studies.

Empirical model

From the PPFS, we chose LIT outcome, age, blood type, and ACAIgM as 
the features for the empirical model, which had an expected log pointwise 
predictive density of −1378.8 and an accuracy of 0.69. For prior, we set 
as Bayesian GLM (for details, see Supplementary Table S6). In stan pack-
age, we established the GLM as:

ln
Å

p(y = 1|X)
1− p(y = 1|X))

ã
∼ β0 +

4∑
i=1

βixi +
4∑
j=2

αj(x1 × xj)

X = (x1, x2, x3, x4),

where p(y = 1|X) represents the predicted probability of a patient suc-
cessfully giving birth to a child by a given X = (x1, x2, x3, x4), and xm 
(m = 1, 2, 3, 4) represents the four features of empirical model, and “×”’ 
represents interaction between x1 and other features.
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