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Abstract

The meta-analysis’s utility is dependent on previous studies
having accurately captured the variables of interest, but in
medical studies, a key decision variable that impacts a physi-
cian’s decisions was not captured. This results in an unknown
effect size and unreliable conclusions. A Bayesian approach
may allow analysis to determine if the claim of a positive
effect is still warranted, and we build a Bayesian approach
to this common medical scenario. To demonstrate its utility,
we assist professional OBGYNs in evaluating Trial of Labor
After a Cesarean-section (TOLAC) situations where few inter-
ventions are available for patients and find the support needed
for physicians to advance patient care.

1 Introduction
Meta-analysis is one of the most important and critical tools
in medical research (Lee 2018; Haidich 2010) used to collect
results from prior studies and coalesce them into a single,
more robust conclusion. Medical research broadly is domi-
nated by the use of the two simplest kinds of meta-analysis,
fixed and random effects (Reis et al. 2023; K. Hackenberger
2020), which are useful tools but assume that the underlying
studies have all the needed details and context. This becomes
problematic when under-served areas like women’s health
result in systemic missing information in medical studies.
Neither a random nor fixed effect model will reach a reliable
conclusion in such a situation, and this results in the inad-
equate study of conditions that impact vast portions of the
population. Lack of thorough and rigorous studies in obstetric
care is unfortunately common due to a lack of representation
of minority groups (Steinberg et al. 2023), lack of statistical
rigor and power in OBGYN studies (Bruno and Blue 2022),
and the lowest rate of research funding (Parchem et al. 2022).
Existing meta-analysis techniques for dealing with confound-
ing factors require specifying the size of the confounding
effect (VanderWeele and Ding 2017). Since the confounding
effect size is often unknown, this becomes unfalsifiable and
leaves medical researchers no path forward beyond an expen-
sive re-study of the problem, which is challenging due to the
aforementioned lack of funding (Parchem et al. 2022). The
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question then becomes, how can we leverage prior studies
and data, even when it may have missing confounders to be
corrected for?

In this article, we argue and show that a Bayesian approach
to performing a meta-analysis can be used to help mitigate
these prior errors and provide evidence for alternative hy-
potheses. Specifically, we address a common scenario where
a decision variable is not incorporated into the meta-analysis.
We then present a meta-analysis approach that can be rapidly
adapted to new situations and describe our collaboration with
clinicians in setting the hyper-priors. If an effect is still de-
tected, the process can proceed. If no effect is detected, the
known missing variable should be collected in a new study,
and no reliable evidence exists to counter the null hypothesis.

This is critical in the medical field as it is unacceptable to
begin a clinical trial without having a valid reason to conduct
the trial in the first place due to managing the risks (i.e., to pa-
tients) and rewards (i.e., reasonable expectation of efficacy).
Specifically, it may occur that the issue is not in the mechani-
cal application of the statistics but that full consideration of
the medical procedures, process, and decision-making may
reveal causal considerations that would invalidate the result
of a standard statistical analysis. In our case study, we are
concerned with the usage of Pitocin and mechanical dila-
tion (a.k.a., a catheter) as methods of induction of labor for
patients with a history of cesarean delivery. Prior work has
identified Pitocin as a (allegedly) superior and safer method
for achieving this goal, which is clinically relevant as a failed
TOLAC has more complications than a scheduled elective
repeat cesarean section (Cesarean section, further abbreviated
as CS). However, this conclusion was drawn by performing
standard statistical tests on observational data without ac-
counting for how the choice to use Pitocin vs mechanical
dilation is made in practice. By using a Bayesian approach
to the meta-analysis design, we can correct for these missing
factors.

To understand this issue, we present the decision process
with additional context in Fig. 1. By hand, a medical provider
will measure a Bishop score (Bishop 1964). The primary
purpose of a Bishop score is to indicate the likelihood of a
successful vaginal induction, whereas higher scores indicate
a higher likelihood. This is thus directly causal to the target
outcome. For example, a component of the Bishop score is
dilation of the cervix (i.e., how open your cervix is), and a
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Indusction of labor,
attempt trial of labor

after previous C-section.

Cervical exam
performed and Bishop

score calculated.

Bishop Score > Threshold?

Cervical ripening needed: use
mechanical dilation.

No ripening needed: use Pitocin.

Yes No

All prior surveys look at only this part, missing that the
populations are not independent.

This score is not done with precise instruments, but by
hand-through gloves, and thus varies. Each individual physician
may have a different determination of the Bishop score’s value.

The threshold is not a hard-and-fast rule, and each
physician may use their own judgment for a

threshold in the intermediate range.

Figure 1: Cervical ripening is achieved with the application
of Pitocin or mechanical dilation (a catheter). Whether one
method has a higher rate of successful vaginal delivery after
a C-section is of clinical relevance to the decision, as a failed
TOLAC has higher rates of complications than a scheduled
repeat C-section. The choice is made by computing a Bishop
Score in clinical practice but creates a shared dependency
(i.e., in the same Markov blanket), and this factor was ig-
nored in previous studies. This creates an unaccounted causal
impact between the two groups.

closed cervix can not physically pass a baby.
If a patient had a sufficiently high Bishop score (e.g., 13 out

of a maximum of 13 points), no cervical ripening is needed,
and so neither Pitocin nor mechanical dilation would be used.
However, Pitocin is prescribed only when the Bishop score
is sufficiently high; thus, less ripening is needed. Ergo, prior
studies that have shown Pitocin as being statistically better
are failing to disentangle that a patient receiving Pitocin has
already been determined to have a more favorable cervix,
and thus closer to a successful delivery at the onset.

We turn to Bayesian machine learning and probabilistic
programming to answer this clinical research question and to
act as a case study on how incorporating Bayesian methods
with physician guidance can help correct historical inequities.
Using the prior knowledge of how the decision process is
made in Fig. 1, we will develop a graphical model that ac-
counts for the Bishop score as a hidden variable. Further, we
can model the impact of this unobserved variable by using
the Pitocin vs catheter populations against a truncated hid-
den variable, where the provider’s discretion on a Bishop

threshold informs the truncation of the hidden variable. This
allows us to replace subjective approaches from the literature
that require already knowing the impact of the confounder
with more objective hyper-priors that can be set by clinical
guidance and prior published evidence. In doing so, we can
leverage the incomplete data (Bishop scores have not been
reported in prior studies) to determine that there is no adverse
statistical difference between Pitocin and mechanical dila-
tion when accounting for the unobserved Bishop scores. This
conclusion is important for women’s healthcare, enabling
more options when adverse reactions occur, aligning with
provider skill, and providing the justification to pursue an
RCT for confirmation. All research was carried out under
strict guidance and cooperation with professional OBGYNs
to ensure clinical relevance and transition to clinical practice.

The rest of our article is organized as follows. First, we
will provide the detailed medical context of our study in §2.
Second, we will describe the Bayesian model we construct
and additional tests that will be performed in §3. The results
of our methods and clinical relevance will be demonstrated
in §4 with further discussion in §5. Finally, we will end
with a comparison to prior methods for meta-analysis with
confounding factors in §6 and our conclusion in §7.

2 Medical Context
Our approach is readily adaptable to stations where a single
decision variable was not factored into the original analysis
or included in the data. Such single-variable deciders occur
regularly due to differences in care due to provider discretion
(Cook et al. 2018) and the use of simple decision criteria (Bae
2014; Podgorelec et al. 2002) that are prevalent throughout
healthcare as a means of reducing research findings into
easy-to-remember actionable rules that can be applied in
fast-moving clinical environments.

Our case study is chosen in part because of its applicability
to most women in the world. The rate of cesarean sections
has been increasing globally from 12.1% in 2000 to 21.1% in
2015 (Boerma, Ronsmans, and Melesse 2018; JA et al. 2021).
In the United States, the rate of cesarean section in 2019 was
31.7% (Osterman 2020). Cesarean sections have a higher rate
of adverse consequences, including infection, hemorrhage,
and increased risk of complications, such as abnormal placen-
tation, in future pregnancies. Vaginal delivery is, therefore,
the preferred method of delivery when clinically possible.
Optimal methods for trial of labor after cesarean section (TO-
LAC) for vaginal birth after cesarean section (VBAC) have
been under investigation as an alternative to repeat cesarean
section in hopes of reducing complications.

In 2018, the rate of VBAC in the United States was
13.3% (Osterman 2020). Successful VBAC has fewer ad-
verse outcomes than repeat cesarean sections and reduces
the risk associated with multiple cesarean sections (SC et al.
2015; Silver, Landon, and Rouse 2006; Nisenblat et al. 2006).
Failed TOLAC, however, is associated with increased morbid-
ity and mortality compared to an elective repeat cesarean sec-
tion (Hibbard et al. 2001). Uterine rupture results in the most
significant increase of morbidity and mortality with TOLAC.
The rate of uterine rupture with one prior low-transverse
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cesarean delivery is <1%; however, it is an obstetrical emer-
gency if it occurs (Landon, Hauth, and Leveno 2010; Lydon-
Rochelle et al. 2010). This risk leads to policies by hospitals
and obstetricians to forbid induction of labor for patients
desiring TOLAC or to limit induction to Pitocin and artificial
rupture of membranes (AROM). The increase in the num-
ber of TOLACs has prompted further interest in optimizing
the clinical management of patients attempting a VBAC to
improve the likelihood of success.

Induction methods for TOLAC have recently been under
investigation. In 2013, Jozwiak and Dodd attempted to com-
pare methods of labor induction for TOLAC, but there was
insufficient evidence to make a conclusion (West, Jozwiak,
and Dodd 2017). The effect of prostaglandins and risk of
uterine rupture during TOLAC has shown mixed results (Lan-
don, Hauth, and Leveno 2010; Lydon-Rochelle et al. 2010).
Multiple studies show that misoprostol significantly increases
risk of uterine rupture (Plaut, Schwartz, and Lubarsky 1999;
Aslan et al. 2004). The American College of Obstetricians
and Gynecologists (ACOG) recommends that misoprostol
should not be used for cervical ripening in patients with previ-
ous cesarean section or uterine surgery, but does not set clear
guidelines on the use of other prostaglandins. Studies on the
use of mechanical dilation for induction for TOLAC, such
as a cervical ripening balloon and foley catheter, have also
had mixed results (Ravasia, Wood, and Pollard 2000; Bujold,
Blackwell, and Gauthier 2004; Hoffman et al. 2004). (Kehl,
Weiss, and Rath 2016) published a meta-analysis in 2016
that looked at induction methods in TOLACs. They found
mechanical dilation to be as effective as prostaglandins, with
a lower risk for uterine rupture. However, the review was
limited by number and quality of studies. Multiple studies
have been published since in an attempt to evaluate the ef-
fectiveness of mechanical dilation. (Wingert, Hartling, and
Sebastianski 2019) published a meta-analysis in 2019 that
evaluated clinical interventions impacting VBAC rates but
included limited information on the impact of mechanical
dilation. This study aims to evaluate the safety and outcomes
of mechanical dilation for cervical ripening during TOLAC.

3 Methods
The data collection of our meta-analysis will follow standard
clinical protocols used by physicians to perform such studies.
Multiple OBGYN physicians performed this step of the work
to collect the data, specify all search terms, and perform all
data filtering, to ensure that our data for the study is clinical
meta-analysis data as collected by OBGYNs attempting to
elucidate a clinical research question. A result of this work is
the start of new clinical trials to test the efficacy without the
decision threshold, and our results cover the literature at the
time the initial study was completed.

In §3.1, our approach to a Bayesian meta-analysis will be
detailed. A set of distributions are chosen that are clinically
relevant to how the Bishop score is calculated, and broadly
applicable to other scenarios. The generative story will be
presented in the general form, with comments denoting how
the hyper-priors and variables were set for our case study.
The standard fixed-effect meta-analysis will be covered in
§3.2 and used in comparison to show how results change and

in the analysis of outcomes that are not related to the Bishop
score.

3.1 Meta-Analysis Method
By default, and when applicable, we used the standard fixed-
effect model to perform a meta-analysis across studies (V.
and I 2001). We used the fixed effect model primarily due to
the small number of studies that have looked at this problem.
While a random-effects model is often preferred in medi-
cal studies (Higgins, Thompson, and Spiegelhalter 2009),
the small number of n=6 total studies makes the estima-
tion of random-effects models unreliable, and so a fixed-
effects model is generally preferred (Higgins, Thompson,
and Spiegelhalter 2009; Lin et al. 2020). We use the relative
risk measure as the effect size of the intervention (mechan-
ical dilation) since the outcome is binary (cesarean deliv-
ery versus vaginal delivery) and an event of regular occur-
rence (Nakayama, Zaman, and Tanaka 1998). The fixed-effect
model (and all other results) were computed using Python-
Meta.

However, the above-cited papers recommend taking a
Bayesian approach to better handle difficult low-sample size
situations when possible. We do so for the relative risk calcu-
lations because the data strongly violates the heterogeneity
assumption of the fixed-effect modeling. We also note the
mediating factor that the studies included select the use of a
catheter based on physician’s clinically recommended discre-
tion, often in regard to unreported Bishop scores. This means
the standard hypothesis testing assumes P(CS|intervention),
when the actual data reflects a second unobserved conditional
on the Bishop score, giving P(CS|intervention, Bishop).

Specification of Priors For each prior that needed to be
set, they were done so by having the machine learning re-
searcher(s) in this study consult with the physician(s) in-
volved. The goal was to make the priors as informative to the
underlying true generative process, rather than convenience
in statistical inference (hence, the use of a truncated nor-
mal distribution between populations). To develop a shared
and agreed approach for setting these priors, the following
question process was developed and asked in this order:

1. Is this event recorded at a national, state-wide, or hospital
database — with aggregate statistics available? If yes, the
largest available population rate was used to specify a
prior.

2. Is there a maximum plausible range of values one might
expect (e.g., is going from minimum to maximum Bishop
score plausible?) in the most extreme cases? Another
framing that was helpful was “what is an impact that
would be so large to shock you that it was so effective”.
This helped with deciding between normal vs. heavy-
tailed priors, and if any prior should have a limited range
or scope.

3. What would you expect to see in normal clinical practice,
and how consistent is that observation?

The order in which we recommend these questions is based
on the degree to which we found them useful in this study.
Large-scale statistics are the most objective, and maximum
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ranges were useful in specifying the τ priors on the degree
of impact on the population rates (lines 16 and 17). The third
question was still useful, but not to the same degree. We
found question three often resulted in “it-depends” responses
and ambiguity, but was valuable in driving the discussion into
why “it depends”. This further discussion would eventually
lead to evolution in the graphical model or other questions
that would help derive a prior.

We note that the Bishop prior and threshold, by their na-
ture as the unobserved decision variable, would not benefit
from more nuanced prior specification because there are no
direct observations to benefit from appropriate scaling. For
this reason, normal distributions were chosen for ease of in-
ference. We also note that in Fig. 1, there are multiple sources
of variation: the measurement error of the Bishop score, the
provider discretion on the threshold to use, and the bias of
individual providers on their own measurements1. These are
more effects than our model can account for because the
different types of errors are outside the Markov blanket of
the observed variables, and so they collapse into a smaller
number of discrete items we can infer.

Bayesian-Meta Analysis Method We develop a general-
purpose hierarchical Bayesian model to handle our situation:
an unobserved (or otherwise not recorded) factor is used as
a decision criterion, acting as a mediator on the apparent
effectiveness of a control and an intervention on the occur-
rence of some adverse event E. The Plate diagram of our
method is shown in Fig. 2, with key groups of variables. The
δ variables model the unobserved decision variable, which
will be left/right truncated for the intervention and control
effects, respectively. β, µ, and η will control the base rate
of occurrence in each population, which is mediated by the
decision variable δ. The θ variables will control the effect
of the intervention. Finally, the τ variables are hyper-priors
common to Bayesian meta-analyses.

To perform a meta-analysis with our approach, only one
hyper-prior needs adjustment by the user for their own prob-
lems. A population-wide adverse-event rate µ must be speci-
fied as a weakly informative prior. For our case study we use
statistics from the US population rate of C-sections overall
births in 2019 (Moher, Shamseer, and Clarke 2015), which
indicates a population-wide cesarean section rate of 31.7%.
We will now detail how and why we set each of these priors
to specific distributions, and their precise interactions, which
are summarized in algorithm 1.

We select a weakly informative prior of log(η)
∼Logistic(log(30)) for the strength of the hyper prior of
the Beta distributions that will be used for the probabil-
ity of a C-section across studies. We model the interven-
tion effect on the logit(µ) + β · Truncated+θi as a hy-
per prior, where Truncated indicates the control or medi-
ator truncated portion of the (inferred latent) distribution.
θ ∼Normal(0, τ2) and study level prior θi ∼Normal(θ, τ2),

1To clarify the difference in the latter two, note that the provider
making the decisions may not be the same individual measuring the
Bishop score. For example, a medical resident operating under the
guidance of an attending physician will have two different entities
involved rather than one.

Random
Variable

Observed

(Event Mediator ) (Event Mediator )

Study Intervention
Event Rate

Study Control Event
Rate

Intervention
Mediated

Control
Mediated

For each Study do

Figure 2: The Plate Diagram for our model. Grey nodes
are observed variables, white are sampled, and dashed lines
are subgraphs that repeat together. The key observation is
that there is a bifurcation of variables modeling the outcome
given a mediating decision variable (in this study, a Bishop
score) for the control (Pitocin) and intervention (catheter).
This shows how our algorithm accounts for a single mediator
(Bishop score) and threshold (outside the num samples plate)
that is altered by a provider’s discretion δi and then causes
the two groups to have different underlying Bishop scores.

with τ ∼HalfCauchy(
√
0.5
3 ). The use of τ is dual purpose.

First, it is recommended by (Harrer et al. 2021) for Bayesian
meta-analysis to account for the between-study heterogeneity.
Second, it also corresponds to a Horseshoe prior (Brennan
2021; Carvalho, Polson, and Scott 2009) to correspond to a
default of no-impact, which is easy for the model to over-
come given such an observation (Bhadra et al. 2019). The
scale is chosen so that at the logit scale, the prior impact of τ
will be that the impact of the intervention should be within ±
50 percentage points, making it a weak prior informative to
the likely range of impact based on OBGYN feedback. The
θi is dropped from the control group (i.e., they have no inter-
vention). Similarly, β models the unobserved Bishop score,
and β ∼ Normal(0, τ2B) models the impact of the Bishop
score on the logits of needing a CS (τ2B is modeled the same
way as τ for the same reasons).

As noted, we need to specify the problem-specific pa-
rameter µ. For us, the population-wide C-section rate µ ∼
Beta(12,25) is chosen correspond with an expectation that
µ = 12/(12 + 25) = 32% ≈ 31.7%. For any other problem,
the user can use µ ∼Beta(P , N ) where P and N are posi-
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Algorithm 1: Generative story for decision mediated
meta-analysis. Comments describe the purpose of
variables, with the TOLAC example in parenthesis.

Data: Observed counts of the event (C-section) and
non-event (vaginal birth) for each study
segregated by the use of a catheter (mechanical
dilation) for low Bishop scores and the use of
Pitocin for the high Bishop scores.

1 log(η) ∼ Logistic(log(30));
2 η ← exp(log(η));
3 µ ∼ Beta(12, 25) ; // Population-wide

cesarean section rate prior

4 τ ∼ HalfCauchy(
√

0.5/3)

5 τB ∼ HalfCauchy(
√

0.5/3) ;
6 θ ∼ N (0, τ2) ; // Impact of the

intervention (mechanical dilation)
7 β ∼ N (0, τ2B) ; // Unobserved impact of

the mediator (Bishop score) has on
the outcome (needing a C-section)

8 MediatorPrior ∼ N (0, 1) ; // Unobserved
mediator (Bishop score)

9 δ ∼ N (0, 1) ; // Mediator (Bishop)
threshold location

10 foreach Study i do
11 θi ∼ N (θ, τ2)
12 MediatorDist ← N (MediatorPrior , 1)
13 δi ∼ N (δ, 1) ; // The study specific

threshold that is inferred.
14 InterventionMediated ∼ MediatorDist (−∞,δi)

15 ControlMediated ∼ MediatorDist [δi,∞)

16 µcontrol ←
exp(logit(µ) + β · ControlMediated)

17 µintervention ←
exp(logit(µ) + β · InterventionMediated + θi)

18 p↑E ∼ Beta(µcontrol · η, (1− µcontrol ) · η) ;
// Probability of event in the
control population
(P(C-section|High Bishop))

19 p↓E ∼ Beta(µintervention ·η, (1−µintervention) ·η)
; // Probability of event in the
intervention population
(P(C-section|Low Bishop))

20 RR← p↓E/p
↑
E f; // Compute the

Relative Risk

21 Observe likelihoods of p↓E and p↑E against the
observed study rate of event (C-sections).

tive/negative occurrences, respectively, such that P/(P +N)
approximates a known population-wide occurrence rate. A
reasonable heuristic when using a known population rate X
is to set P = X ∗ 50, N = (1−X) ∗ 50.

To account for the Bishop score being used in determining
if a catheter is needed, we model the effect as Truncated
distributions. The MediatorDist represents the hidden dis-
tribution of Bishop scores, which is truncated by a low and

high range (denoted by a subscript of [low,high]). In this man-
ner, the fundamental decision process as outlined in Fig. 1 is
incorporated into the model and allowed to have an impact
itself.

The global Bishop score is modeled with a prior of Nor-
mal(0, 1) as it is unobserved, and our interest is in the im-
pact on the model, making the scale irrelevant. The thresh-
old of provider preference on Bishop scores is hierarchi-
cal with δ ∼Normal(0, 1) as and provider level preference
δi ∼Normal(δ, 1). The values InterventionMediated i and
ControlMediated i are then sampled from a lower/upper trun-
cated (at δi) Normal distribution reflecting the lower/higher
Bishop scores in the catheter/control groups respectively (per-
formed on lines 14 and 15). These hyperpriors provide valu-
able prior information to enable the possibility of reaching a
conclusion despite few studies being available and provide
population-wide estimates. As the model we choose is hier-
archical to account for the potential heterogeneity in studies,
we model each study’s baseline rate of cesarean section as
sampled from Beta(µ · η,(1− µ) · η)).

Our model algorithm 1 is computed using Markov Chain
Monte Carlo (Metropolis et al. 1953) using the NUTS sam-
pler (Hoffman and Gelman 2014) and implemented with
Numpyro (Phan, Pradhan, and Jankowiak 2019) with highest
density regions (HDR) of 95%.

3.2 Standard Fixed-Effect Models for Other Cases
In the medical context of this work, we also wish to com-
pare the risk of adverse uterine and neonatal events, so we
calculated the odds ratio. These variables do not have the
same bias with Bishop scores, and so a standard fixed-effect
model is desirable for both familiarity and appropriateness
given the context. Both of these events are rare, often with
0-5 occurrences in either group. This makes relative risk in-
feasible to estimate, and so the odds ratio is preferred under
the “rare-disease assumption” (Greenland and Thomas 1982;
Cummings and Koepsell 2001; Greenland, Thomas, and Mor-
genstern 1986). Even still, the odds ratio of significantly rare
events is error prone, especially when no occurrences are
detected in the control or intervention group (Chang and
Hoaglin 2017). We choose to use Peto’s method of estimat-
ing the approximate odds ratio of rare events in a fixed-effect
meta-analysis (Yusuf et al. 1985). Peto’s method has received
significant study and has been found to be sufficient so long as
the event’s rareness is on the order of≤ 1% and the control/in-
tervention groups are not lopsided in sample sizes, which our
data satisfies (Greenland and Salvan 1990; Brockhaus, Ben-
der, and Skipka 2014; Brockwell and Gordon 2001). While a
similar Bayesian treatment is possible, the extremely limited
number of occurrences makes the impact of uninformative
priors let alone weakly informative, especially large and nu-
anced(Efthimiou 2018). Such nuanced statistical modeling
is beyond the scope of study. Thus, a well-studied and valid
fixed-effect model is preferred.

4 Results
4037 patients that underwent TOLAC, were identified (Bul-
lough, Southward, and Sharp 2021; Eriksen, Chandrasekaran,
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and Delaney 2019; Koenigbauer, Schalinski, and Jarchau
2021-08; Radan, Amylidi-Mohr, and Mosimann 2017; Ralph
et al. 2020; Sarreau, Isly, and Poulain 2020) The patients had
a mean age of 31.46 years and a mean gestational age of 39.22
weeks. These patients were divided into a cohort of patients
who underwent TOLAC with the use of mechanical dilation
(n = 1039 patients) and a cohort who did not receive mechan-
ical dilation (n = 2998 patients). The cohort of patients using
mechanical dilation included those who used a foley balloon,
Cook catheter, and osmotic dilators. 231 patients had a prior
vaginal delivery in this group. In the studies that included the
indications for prior cesarean delivery, these included labor
dystocia (29%), non-labor dystocia (i.e., fetal heart tracing
abnormalities or fetal malpresentation; 50.6%), and unspeci-
fied (21%).(Brockhaus, Bender, and Skipka 2014; Bullough,
Southward, and Sharp 2021; Koenigbauer, Schalinski, and
Jarchau 2021-08)

The first outcome we consider is the relative risk of a
cesarean delivery under intervention (mechanical dilation)
compared to a control group (pitocin, AROM, dinoprostone).
The vaginal delivery rate in the mechanical dilation group
was 51.4% compared to the control group 69.1%.

Figure 3: Forest Plot of mechanical dilation (intervention) vs.
Pitocin when ignoring the unaccounted Bishop score as out-
lined in Fig. 1. Because a Fixed-Effect meta-analysis fails to
account for this mediating variable, and fails assumption tests,
we do not recommend using its conclusion. It is presented
to show why a Bayesian approach with a hidden variable for
the Bishop score is needed.

Using a standard fixed-effect model (which ignores the
causal impact of Bishop scores), the results are significant
with p<0.001 and a mean cesarean section estimated relative
risk of 1.39 (CI 1.27-1.51), indicating the risk of cesarean
section in the mechanical dilation group is 39% higher (Fig.
3), but a Cochran’s Q test shows significant heterogeneity
(p<0.001) that, combined with the impact of mechanical dila-
tion selected by physician preference, leads us to be doubtful
of this result.

Our Bayesian model in algorithm 1 accounts for these
factors and reports a risk ratio of 1.04 (CI 0.93-1.18). This
indicates that there is no difference in risk of cesarean sec-
tion when conditioned on physician preference to select for
intervention based on Bishop scores (Fig. 4).

For TOLAC inductions, our results show that mechani-
cal dilation is as effective and safe as Pitocin. This should
alleviate hospital and provider concerns about the use of me-
chanical dilation to safely perform cervical ripening. This

is important because in the case of a TOLAC, mechanical
dilation is the only potentially available option for cervical
ripening. In future studies the statistics of Bishop scores of
each group should be reported for more robust conclusions
and modeling.

Figure 4: An improved meta-analysis that accounts for the
hidden variable of the Bishop score, which is used to deter-
mine whether mechanical dilation (intervention) or Pitocin
(control) is used. This shows that current evidence is not suf-
ficient to conclude there is any difference in the outcome of
C-section rates.

4.1 APGAR and Uterine Results
Also of clinical interest in our meta-analysis is the rate of
adverse uterine events (ruptures) and the APGAR2 score is <
7 by 5 minutes. Because the Bishop score is a direct measure
of progress toward what Pitocin and mechanical dilation are
attempting, the Bayesian model is necessary. The Bishop
score does not have the same direct causal relationship with
adverse uterine events or APGAR scores, and so a classic
fixed-effect model is appropriate. Per our discussion in §3, we
use a Odds Ratio fixed-effect model congruent with standard
practice. We note that applying our algorithm 1 to this data
results in the same conclusion.

The mechanical dilation cohort has an adverse uterine
event rate of 2.98% (31 uterine rupture/dehiscence) and a
5-minute APGAR <7 rate of 1.92%. The control cohort has
an adverse uterine event rate of 1.73% (52 uterine rupture/de-
hiscence) and an APGAR <7 at 5-minute rate of 1.83%. The
resulting odds indicate no significant difference for adverse
uterine events (p = 0.136; CI 0.89-2.48 ) or APGAR < 7 at
5min (p=0.434; CI 0.71-2.22 ).

5 Discussion of Medical Context
Management of induction of labor for TOLAC has an ever-
increasing importance with the increasing rates of cesarean
section. The risk of TOLAC failure and, more importantly,
uterine dehiscence and rupture are of utmost concern when
deciding induction methods. ACOG currently recommends
avoidance of misoprostol due to the increased risk of uter-
ine dehiscence and rupture, but there are limited recommen-
dations regarding other methods of prostaglandins versus
mechanical dilation with an unfavorable Bishop score.

2This is the common method of writing APGAR, though it is
not an acronym — it is named for its developer Virginia Apgar.
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The current study compared complication rates and out-
comes during TOLAC when using mechanical dilation. Over-
all, the results show no difference in the number of compli-
cations with both uterine and neonatal adverse events. When
using the Bayesian model that also accounts for unreported
Bishop scores, there was no statistical difference in VBAC
rates between the mechanical dilation group and the control.

Like every meta-analysis, there are limitations. The main
limitation is the small number of cohorts, which limits the
power of this study. There is a paucity of high-quality liter-
ature describing the use of mechanical dilation in patients
undergoing a TOLAC. This low number of studies gives us
a cautionary pause. The risk of uterine rupture/dehiscence,
while generally rare, is a catastrophic event. This leads to
some hospitals and obstetricians not allowing induction of
labor for patients wishing to undergo a TOLAC or limiting
the induction agents used to Pitocin without allowing the use
of mechanical dilation. Therefore, it is of utmost importance
to determine if the use of mechanical dilation in patients un-
dergoing TOLAC are at increased risk of complications. The
current data does not support uterine scar as a contraindica-
tion for mechanical dilation for induction of labor. However,
larger studies are warranted to provide additional evidence.

6 Prior Methods In Confounded
Meta-Analysis

The issue of statistical errors in medical work has long been
known (Glantz 1980). Most prior works have focused on er-
rors in the form of lack of assumption testing (Karadeniz et al.
2019; Slutsky 2013; Hanif and Ajmal 2011) or of malfea-
sance or data entry errors (Carlisle 2017; Ercan and Demirtas
2015). To be clear, we are not accusing prior papers in the
area of TOLAC in this article of these types of errors. Instead,
our study is concerned with a type of error that physicians are
not generally trained with regard to statistical study design:
violations of the independently and identically distributed
assumption via a shared causal factor (Klein et al. 2024). In
our case, the use of Pitocin vs. mechanical dilation is not
independent because of the process that is used to decide be-
tween these factors. By accounting for this missing factor, we
have determined there is no detectable statistical difference
in outcomes.

The issue of hidden variables impacting results is not un-
known to the medical research community. The “Many labs”
project explored this by replicating a study multiple times
by different teams to attempt to quantify impediments to
reproducibility and determined that unobserved hidden vari-
ables did have a measurable impact on results (but did not
prevent replication in their case) (Klein et al. 2014). The key
difference is our work considers a known unknown, whereas
ManyLabs considers unknown unknowns.

Our meta-analysis is predicated on addressing a known
mediating variable that was not accounted for in previous
TOLAC studies. One previous line of work in confounded
meta-analysis is to calculate an E-Value, which indicates the
minimum effect size necessary to explain away a significant
result (VanderWeele and Ding 2017). If applied to our study
we obtain a relatively small E-value of 2.13, which can be

interpreted as saying the unaccounted impact of the Bishop
score would need to be associated with at least a 2.13-fold
reduction in relative risk across all studies to explain the
apparent relation. This is not a statement of what is true, but
a sensitivity analysis bounding the amount of unexplained
effect that would need to exist. Given the Bishop score is
a direct predictive and causal variable to the outcome of
a TOLAC (Parveen, Rengaraj, and Chaturvedula 2022), we
consider this E-value informative to the need for more careful
design and study of Pitocin vs dilation for a TOLAC.

While the E-Value is easy to apply, it does not inform
a corrected estimate of the effect size we seek to study. In
the review by (Mathur and VanderWeele 2022), other op-
tions that can be used to produce a corrected estimate are
grouped into one-stage and two-stage. Broadly, both one and
two-stage methods require expert or data-informed assump-
tions to be made about the size of the effect imposed by the
confounding variable. These methods are most useful when
the effect of the confounding variable can be meaningfully
estimated. There is no method for us to measure this effect
absent first establishing the valid reason to pursue an RCT to
obtain such data, thus the necessity of our approach. Though
bounds have been developed for results under unobserved
confounding (Kilbertus et al. 2020; Byun et al. 2024), to wit,
we are the first to look at meta-analysis.

Last, we note that power analysis is confounded by the
hidden variable itself. A study with low power is unlikely
to detect an effect if one exists. The purpose of our study is
not to try and maximize power, but to determine if a previ-
ously detected effect is actually supported by the data avail-
able. From a clinical decision-making process, running the
Bayesian meta-analysis is directly productive because if the
study has an effect, then it supports the importance of the
difference irrespective of the missing variable. But if not, the
ideal next action is to build evidence that includes the missing
variable — to which the power analysis of the meta-analysis
does not provide any benefit or change in action taken.

7 Conclusion

To demonstrate the utility of our method, we have applied it
to a real-world case study in OBGYN care of laboring moth-
ers. Working with physicians, we develop the generative story
and specification of priors in a manner that is easy to adapt
to other problems. Our case study is important as the rate
of cesarean delivery has steadily increased, which, in turn,
has led to an increase in TOLAC. Induction of labor in pa-
tients undergoing TOLAC is challenged by the limited agents
available for cervical ripening. No significant difference was
observed in the number of complications or in the rate of
successful VBAC for patients undergoing TOLAC with the
use of mechanical dilation compared to usual methods such
as Pitocin. The results of this study are being used to help
inform medical management of patients, provide the patients
with increased options, and design Randomized Controlled
Trials to further verify the results.
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