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Abstract

Background Global policymakers have proposed strengthening midwifery regulation to improve access to and
quality of care provided by midwives, thereby enhancing maternal healthcare delivery and outcomes. However,
quantifying'midwifery regulatory environments'as a construct across countries has been difficult, limiting our ability
to evaluate relationships between regulatory environments and key outcomes and hindering actionable steps
toward improvement. The Global Midwives’ Associations map survey includes data across five domains of regulation
(overarching regulatory policy and legislation; education and qualification; licensure; registration/re-licensure; and
scope and conduct of practice). We aimed to use these data to develop a composite index that represents the
midwifery regulatory environment in the countries that participated in the survey.

Methods To develop our composite Midwifery Regulatory Environment (MRE) Index, we analyzed data from

115 countries in the Global Midwives’ Associations map survey. We identified five different possible scoring
characterizations for thirteen regulatory items. Four characterizations used continuous or categorical cumulative
scoring and one used multiple individual components scoring. We compared these characterizations using Clarke’s
test and descriptive model fit metrics to identify the best fit and performance for three outcomes: maternal mortality
ratio, low birthweight prevalence, and stillbirth rate.

Results The Aggregated Domain Scoring method, which assigns one point for each of the five essential regulatory
domains with activity (possible score range: 0-5), was the best fit and performing characterization for maternal
mortality ratio and stillbirth outcomes. The Any-or-None Scoring method, which assigns one point per survey item
with regulatory activity (possible score range: 0-13), best fit low birthweight prevalence.

Conclusions Our study demonstrates that developing composite characterizations of complex constructs, as
exemplified by MRE Index development, can enhance the usability of existing global health datasets. Additionally,

it highlights how employing model fit prediction provides a transparent, replicable, and accessible approach for
identifying the optimal characterization of the construct based on a specific outcome. Specifically, we found that
different characterizations for the MRE Index are preferred for different maternal health outcomes. The MRE Index we
have developed stands as a valuable tool for future research exploring relationships between midwifery regulation
and maternal health outcomes.
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Background
The 2014 Lancet Series on Midwifery provided a com-
prehensive review of the role and potential contributions
of midwives, strengthening the evidence for the broader
use of midwives as an essential and cost-efficient strat-
egy for improving maternal health outcomes [1]. Mod-
eling studies indicate that universal coverage of a set of
life-saving high-impact interventions, including fam-
ily planning, preconception, antepartum, intrapartum,
and postpartum care, that can be delivered by midwives
could prevent 67% of all maternal deaths [2]. However,
the midwifery workforce faces numerous obstacles in
many countries, hindering their capacity to achieve this
end. These barriers include unclear roles, inconsistent or
limited scopes of practice, absent or limited continuing
professional development programs, varying educational
and clinical standards for entry to practice, and weak
licensure and registration authorities and systems [3].
Strengthening midwifery regulation has been proposed
by policymakers as a means of overcoming existing bar-
riers and improving maternal health care in low- and
middle-income countries (LMICs) [4]. Healthcare profes-
sional regulation establishes mechanisms and standards
that define the roles of different healthcare professional
groups [5]. Midwifery regulation, specifically, refers to
the legislation and resultant criteria and procedures that
determine the qualifications of midwives, delineate their
scope of practice, and differentiate them from non-mid-
wives [6]. Regulation is intended to support midwives to
work autonomously within their full scope of practice
to assure standards of maternity care and maternal and
newborn health outcomes, and is a priority component
of addressing health workforce challenges [7]. There are
five major domains of midwifery regulation: overarching
regulatory policy and legislation, education and qualifica-
tion, licensure, registration/re-licensure, and scope and
conduct of practice [6, 8—10]. A strong midwifery regula-
tory environment is one wherein the profession is recog-
nized to be a distinct profession under legislation, having
its own regulatory body or track within a broader regu-
latory body. This regulatory body must have statutory
authority and be capable of implementing and oversee-
ing activities across the major domains of regulation (1)
to ensure prescribed educational standards are met by all
midwives; (2) to establish and maintain transparent stan-
dards and processes for entering and remaining in prac-
tice; (3) to ensure the defined midwifery scope of practice
aligns with the International Confederation of Midwives’
(ICM) definition of a midwife; and, (4) to establish trans-
parent procedures for addressing complaints and to

administer discipline, as needed [6, 8—10]. A weak reg-
ulatory environment is one where most or all of these
structures, mechanisms, and/or activities are absent, cur-
tailed, or non-functional.

Despite delineation of the components and functions
of midwifery regulation [8-10], few attempts have been
made to measure and quantify regulatory environments
in a consistent way across countries. Additionally, there
is a lack of research regarding the influence of regulatory
environments on maternal health outcomes that limits
actionability toward ICM and the World Health Organi-
zation (WHO) calls for improved midwifery regulation.
This underscores the importance for additional research
to inform and justify investments in transformative regu-
latory initiatives, particularly research that establishes
a clear link between regulatory efforts and measurable
outcomes.

The Global Midwives’ Associations map survey is a
high-quality dataset available to the public, containing
information on midwifery associations, education, lead-
ership, and regulation across more than a hundred coun-
tries [11]. This is a crucial resource for research on global
midwifery regulation. When paired with other aggre-
gated databases such as the Global Health Data Exchange
[12] and WHO Global Health Observatory [13], datasets
like the Global Midwives’ Association map survey enable
research teams to cost-effectively explore new questions
using existing, high-quality data from diverse national
and global sources [14, 15]. Analyzing secondary data
is a widely recognized method for developing evidence
required in global health initiatives, policymaking, and
investments. For example, use of Demographic Health
Survey data was instrumental in recommending future
funding allocation for marginalized groups in Nigeria to
achieve universal maternal health coverage [16]. Simi-
larly, examining maternal death audit data has helped
identify obstacles to implementing postpartum hemor-
rhage recommendations in Kenya [17].

Maximizing the usefulness of existing datasets fre-
quently requires aggregating two or more variables that
represent multiple dimensions of a particular domain
or construct into a unified composite measure in order
to effectively capture complex health system and service
delivery contexts [15]. This can increase reliability by
decreasing reliance on a single indicator [18]. However,
given the potential impact on policy and programming
decision-making, researchers must be conscientious
in defining and operationalizing health system compo-
nents to prevent oversimplification or misrepresenta-
tion in composite scores [18]. Given this, a prerequisite
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step before using data from the Global Midwives’ Asso-
ciations map survey to evaluate the relationship between
midwifery regulatory environments and maternal health
outcomes is to aggregate responses from regulatory-
focused survey questions into a composite regulatory
measure that encompasses the five regulatory domains.
Our primary aim with this study is to use responses
from the Global Midwives’ Associations map survey to
develop a composite index that represents the midwifery
regulatory environment in the countries that participated
in the survey.

Methods

We conducted secondary data analysis on the multi-
country Global Midwives’ Associations map survey
dataset, which includes questions associated with the
regulatory aspects of midwifery. The ICM, in charge of
administering the survey, derived the regulatory section
from their Global Standards for Midwives [6], which were
established through expert consensus by a multi-member
ICM-appointed taskforce with input from regulators and
ICM member associations [19]. We identified five differ-
ent characterizations of scoring regulatory indicators to
create a composite score we called the ‘Midwifery Regu-
latory Environment (MRE) Index! We assessed model fit
and performance in prediction of outcomes for each of
the five characterizations to determine the most appro-
priate characterization for use in evaluating relation-
ships between the MRE Index and maternal health
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outcomes in future research. This study was approved by
the Vanderbilt University Medical Center Institutional
Review Board.

Conceptual framework

Before analysis, we developed a conceptual framework
depicting the essential MRE domains from the ICM
Global Standards for Regulation [6] (i.e., overarching
regulatory policy and legislation; education and quali-
fication; licensure; registration/re-licensure; and scope
and conduct of practice) and their key components as
described by several research teams [8—10] (Fig. 1). This
framework posits that MRE impacts the highest-level
maternal health outcomes such as maternal death (mea-
sured by maternal mortality ratio [MMR]), mediated
by the extent to which midwives are integrated into the
health system. Integration of midwives is operational-
ized as (1) the density of midwives (a proximal indicator
for access to midwifery care), and (2) the quality of care
provided by midwives (including high-level indicators
such as LBW prevalence and stillbirth rate) [20, 21]. This
framework guided components included in MRE Index
characterization and variable selection in modeling MRE
scoring characterization performance.

Data sources and variables

The Global Midwives’ Associations map survey was
developed by ICM and the United Nations Popula-
tion Fund (UNFPA) and sent to all 142 ICM member
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associations in October of 2019 [19]. Countries with no
ICM member association were invited to participate
through UNFPA and WHO regional offices. The survey
included four sub-surveys: association, education, lead-
ership data, and regulation and was available in English,
Russian, Spanish, and French. Respondents were country
midwifery associations, with support from the UNFPA
Country Office and relevant government authorities/
organization, and data validation was conducted by an
analysis team contracted by ICM and country govern-
ment officials [19]. One hundred-fifteen member coun-
tries submitted responses to the regulatory subsection.
For our dependent variables, we used publicly avail-
able data from the United Nations Maternal Mortality
Estimation Inter-Agency Group for a country’s MMR,
defined as the number of female deaths from any cause
related to pregnancy or its management, excluding acci-
dental causes, per 100,000 live births in a given year [22].
The United Nations Children’s Fund (UNICEF)-WHO
2019 low birthweight (LBW) database provided data for
the LBW prevalence outcome, defined as the percentage
of newborns at birth that weight less than 2,500 g regard-
less of gestational age [23]. We used United Nations
Inter-Agency Group for Child Mortality Estimation Core
Stillbirth Estimation Group for the stillbirth outcome,
defined as the number of babies born without signs of life
at or after 28 weeks of gestation, per 1,000 live births [24].
Each dependent variable was treated as continuous, and
transformations were undertaken when necessary. We
incorporated the same set of four covariates in all mod-
els to adjust for economic and socioeconomic variations
between countries. We obtained covariate data for our
modeling from several publicly available datasets, includ-
ing the United Nation Development Program’s (UNDP)
Human Development Index (HDI) [25] and WHO’s
Global Health Expenditure [26] databases, as well as the
World Bank’s Gini Index [27] and income group [28]
databases. Two of these covariates (country health spend-
ing in US dollars and the Gini Index, which measures the
extent to which the distribution of income or consump-
tion among individuals or households within an economy
deviates from a perfectly equal distribution on a scale of 0
[perfect equity]- 1 [perfect inequality] [27]) were contin-
uous variables. The other two covariates were categorical
with four categories each. HDI is a composite measure of
average achievement in three key dimensions of human
life: a long and healthy life measured by life expectancy
at birth; education, measured by mean years of schooling
and expected years of schooling; and a decent standard
of living, measured by gross national income per capita
in Purchasing Power Parity (PPP) international dollars.
HDI is reported on a scale from 0 to 1.00 and categorized
by UNDP as Low (HDI <0.550), Medium (HDI between
0.550 and 0.699), High (HDI between 0.700 and 0.799)
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and Very High (HDI >0.800) [25]. A country’s income
group is assigned annually by the World Bank based on
the gross national income (GNI) per capita of the pre-
vious year, expressed in United States dollars. In 2022,
countries were classified as low income (GNI per capita
less than $1,085), lower-middle income (GNI per capita
$1,086—4,255), upper-middle income (GNI per capita
$4,256-13,205), and high income (GNI per capita greater
than $13,205).

Alignment of data with conceptual framework

The regulatory subsection of the Global Midwives’ Asso-
ciations map survey consists of 38 questions identified by
ICM and the State of the World’s Midwifery Core Group
[11]. We began by selecting questions appropriate for
inclusion as items in the MRE Index. Of the 38 regulatory
subsection questions, eight were excluded because they
were open-ended and asked for free-text information
(e.g., the source of or link to data provided in another
question), and another eight were excluded as they did
not directly relate to at least one regulatory domain (e.g.,
number of non-practicing midwives). We consolidated
five questions on individual components of family plan-
ning scope of practice into one family planning scope of
practice item. Likewise, we consolidated seven questions
on individual components of basic emergency obstetric
and newborn care (BEmONC) into a specific BEmONC
scope of practice item. Nine of the original regulatory
subsection questions were included without change and a
final question about the frequency of re-licensure (ques-
tion RS17) was included after answer free-text options
were re-coded into a yes/no format (i.e., “Never” or “0”
coded as no, all other numeric answers coded as yes).
This resulted in a total of 12 items representing 22 ques-
tions to be used in composite MRE Index development
(Table 1).

Next, we associated each item with its respective
regulatory domain, i.e., overarching regulatory policy
and legislation; education and qualification; licensure;
registration/re-licensure; scope and conduct of prac-
tice (Table 1). Since there were no education and qual-
ification-domain related questions in the regulatory
subsection, we included a question about the national
curriculum for midwifery education from the education
subsection of the survey for incorporation into the com-
posite MRE Index [11]. The final set of 13 items (12 from
the regulatory sub-section and 1 from the education sub-
section) are listed in Table 1.

Data screening and analysis

One hundred fifteen countries (80% of the 142 member
countries) provided complete responses in the regulatory
subsection of the Global Midwives’ Associations map
survey as well as a complete response to the education
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subsection question, allowing for computation of com-
posite MRE Index using each of the five characterizations
described below. We excluded nine countries with miss-
ing data for one or more covariates (i.e., Health Spending,
Gini Index, HDI, and/or income group) from analyses.
MMR data were missing for three countries, while still-
birth rate data and LBW prevalence data were missing for
three and fourteen countries, respectively. Therefore, we
were able to assess MRE model fit and performance using
103 countries with complete MMR and stillbirth rate data
and using 92 countries with complete LBW prevalence
data. MMR and Health Spending did not meet assump-
tions of normalcy required for analysis. We performed
several inverse square root transformations and selected
the ones that most effectively reduced skewness and kur-
tosis. We used the open-source statistical platform R for
data analysis [29].

MRE index scoring characterizations

Developing different scoring characterizations for the
MRE Index involved ensuring that very weak or very
strong performance on specific elements of the regula-
tory environment was not masked and deciding how to
group and weight the final set of 13 items contributing
to the MRE Index [30]. Additionally, we needed to deter-
mine whether to use a cumulative or multiple individual
components model. The dominant model used in devel-
oping composite scores in health research is the cumula-
tive model, in which components are combined without
considering what specific components they are. This
addresses how increasing the total number of regulatory
activities in a country impacts outcomes, regardless of
their specific activities [31]. This characterization sug-
gests that rather than specific items or domains, it is an
accumulation of events that drives outcomes. It answers
the question, “What is the impact of increasing the num-
ber of regulatory items, regardless of which items they
were?” [31].

Several variations of cumulative models are possible to
address: 1) how to assign values to individual components
for the nine binary items versus two items encompassing
multiple questions and two multi-answer option items; 2)
different answer options across questions; and, 3) non-
ordered answer selections in some cases. This resulted in
four scoring characterizations for the MRE Index, shown
in Table 2 along with their interpretations and key con-
siderations. Three characterizations (Any-or-None Scor-
ing; Total Sum Scoring; and Aggregated Domain Scoring)
treat the MRE Index as a continuous variable, resulting in
a single coefficient that describes the expectation of con-
stant change in the outcome as the predictor increases by
one unit. The fourth characterization, Factor Aggregated
Domain Scoring, treats the MRE Index as a categori-
cal variable and generates four separate coefficients to
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describe the change in outcome as each level of the cat-
egorical predictor is compared to a reference level. We
also evaluated a multiple individual components model
in which individual domains are examined independently
in relation to outcomes while controlling for the other
domains (i.e., Domain Scored Results). This characteriza-
tion answers the question, “What is the impact on the
outcome of the occurrence of each specific domain given
the presence/absence of other domains?” [31].

Model assessment and comparisons

Two descriptive statistics for each model were calculated:
R? estimates the total variability explained by the model
and serves as a summary measure of the model’s pre-
dictive power. The Akaike Information Criterion (AIC)
assesses how well the model fits the data it was generated
from using a log likelihood measure of unexplained infor-
mation [32].

Model fit was the primary metric used to assess the
five composite MRE Index scoring characterizations.
The models tested are considered partially non-nested
because they used the same covariates but each char-
acterized the MRE Index differently. Formal guidance
on model selection is rare in empirical literature, with
Vuong [33] and Clarke [34] being the two widely available
tests for comparing models. We chose to use Clarke’s
test due to evidence suggesting it is more effective with
smaller sample sizes [34, 35]. Both Vuong and Clarke first
test model distinguishability by calculating the ratio of
log likelihoods of the models [36]. The Clarke test sub-
sequently applies a modified paired sign test to assess
differences in the log-likelihood for each model being
compared, determining if the difference is greater or less
than zero [35]. All possible pairs of models were com-
pared against each other to gauge their performance rela-
tive to each outcome. If the model fit is not significantly
different according to the Clarke test, a difference in AIC
>50 can be used to indicate a substantial difference, help-
ing select the ‘best fit’ model [37]. This criterion can be
combined with the adjusted R? (predictive performance)
to arrive at a final model.

Results

Descriptive results of the five MRE Index characteriza-
tions are presented in Table 3. Bolded values reflect the
highest R* and lowest AIC for each model.

The between-model comparison results are shown
in Table 4. For each outcome (MMR, LBW, Stillbirth),
the performance of each characterization is compared
to each other characterization using Clarke’s test. The
model that performed better between the two character-
ization is listed in the table and statistical significance is
noted. Where neither model performed better, “Neither”
is used. This table represents only Clarke’s test results;
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Table 3 Descriptive results for all midwifery regulatory environment models
Outcome Maternal mortality ratio® Low birthweight prevalence® Stillbirth rate?
Model type R? AlC R? AIC R? AlC
Cumulative Models
Any-or-None 0.742 580.8731 04978 533.4896 0.7804 567.9165
Total Sum 0.7281 586.2821 04796 536.7545 0.7715 572028
Aggregated Domain 0.7441 580.0132 0.4901 534.8806 0.7822 567.0804
Factor Aggregated Dmain 0.7444 581.6721 04921 536.2417 0.7781 570.735
Multiple Individual Components 0.7372 586.2446 0.504 535.7387 0.7749 573.9442
N=103
PN=92

Table 4 Preferred models for between-model comparison results for MRE

Outcome Model Any-or-none Total item sum Aggregated domain Factor aggregated domain
MMR Total ltem Sum Neither - -
Aggregated Domain Neither Aggregated Domain” - -
Factor Aggregated Domain Any-or-None™  Total ltem Sum™” Aggregated Domain” -
Multiple Individual Components  Any-or-None™  Total Item Sum™ Aggregated Domain”~  Factor Aggregated Domain™
LBW Total Iltem Sum Any-or-None™ - - -
Aggregated Domain Neither Aggregated Domain” - -
Factor Aggregated Domain Any-or-None™  Total ltem Sum™" Aggregated Domain™ -
Multiple Individual Components  Any-or-None™  Total Item Sum™ Aggregated Domain™  Factor Aggregated Domain™
Stillbirth Total ltem Sum Any-Or-None™ -
Aggregated Domain Aggregated Aggregated Domain™"
Domain
Factor Aggregated Domain Factor Aggre- Factor Aggregated Aggregated Domain™ -
gated Domain”  Domain"”

Multiple Individual Components  Any-or- None™”

Total Item Sum™

Aggregated Domain™"  Factor Aggregated Domain™"

p <0.05;"p <0.01;""p <0.001

additional statistical tests were needed to determine final
characterization selection for each outcome, as described
below.

For the MMR outcome, Clarke’s test indicated that
while both the Any-or-None and Aggregated Domain
Scoring models performed better than all other models,
there was no significant preference between the Any-or-
None and Aggregated Domain models when compared
to each other. We next evaluated AIC and R? to select
the best-fit model. Based on this analysis, the Aggregated
Domain Scoring characterization (continuous cumula-
tive) emerged as the best fit model with a very slightly
lower AIC (- 0.8599 lower AIC) and slightly higher pre-
dictive power (0.21% higher than Any-or-None). The
Aggregated Domain Scoring model was identified as
the best-fit model for the stillbirth outcome as it outper-
formed other models in all comparisons using Clarke’s
test.

For the LBW prevalence outcome, Clarke’s test indi-
cated that the Any-or-None and Aggregated Domain
Scoring models outperformed other models, just as we
found with the MMR outcome. Ultimately, the Any-or-
None model emerged as the best fit model with a very
small reduction in AIC (- 1.391 compared to the Aggre-
gated Domain model) and a slight increase in predictive

power (0.77% higher compared to the Aggregated
Domain model).

The Multiple Individual Components Model demon-
strated the poorest performance across all outcomes; it
was significantly poorer than all alternative models at a
p < 0.001 level according to Clarke’s test. Additionally,
it had higher AIC values and reduced predictive power
compared to most models across all outcomes. Among
the cumulative models, the Total Sum Scoring model
performed the poorest for the stillbirth outcome based
on Clarke’s test, while the Factor Aggregated Domain
Scoring model was the poorest performing model for the
MMR and LBW prevalence outcomes based on Clarke’s
test.

Discussion

In this research, we developed five characterizations
of midwifery regulatory environments in the countries
that participated in the Global Midwives’ Associations
map survey. We then assessed the fit and performance
of each characterization to identify the optimal charac-
terization of the effects of the regulatory environment
on three maternal health-related outcomes (MMR, LBW
prevalence rate, and stillbirth rate) in order to have an
operationalized independent variable (the MRE Index)



Clark et al. BMC Health Services Research (2025) 25:728

representing the midwifery regulatory environment con-
struct for future research.

The MRE Index represents a significant step towards
better characterization of a construct that represents the
complexity of a multicomponent midwifery regulatory
environment. The high predictive power of the models
we tested indicates that the regulatory environment plays
a critical role in maternal health outcomes. This research
provides a replicable and transparent methodological
process for operationalizing and measuring the MRE.
Future research can build on this work by exploring areas
such as the impact of the MRE on midwifery recruitment
and retention. Overall, this research underscores the
importance of midwifery regulation, highlighting its sig-
nificance for policymakers and encouraging investment
in this area.

Research implications

Our study highlights that a commonly used method
among researchers when developing scoring systems
[38-40] — simply adding up answers to all questions —
can yield some of the poorest results. This was evident
in our Total Sum model, where each question contrib-
uted equally to an additive score without considering the
number of questions in each regulatory domain. Con-
sequently, our Total Sum model disproportionately
weighted the scope of practice questions because they
had more components rather than considering their
inherent significance. While the impact of this weight-
ing was somewhat masked by the small number of items
in our survey, on a larger scale, a Total Sum model could
significantly inflate scores from multicomponent ques-
tions lacking a conceptual basis. An inaccurate, over-
simplified, or suboptimal characterization of a predictor
variable has significant implications given the reliance
on evidence-based research for policy and programmatic
decision-making [31]. Incorporating model fit and pre-
diction as standard practice in composite variable devel-
opment could enhance the reliability and replicability of
conclusions derived from research that uses a composite
variable predictor.

Expert consensus, often achieved through methods like
the Delphi process or modified Delphi process, is a com-
mon approach used in developing composite measures.
For example, Vedam et al. used a four-round modified
Delphi process to identify, rank, and weight items to cre-
ate a Midwifery Integration Scoring System for assess-
ing midwifery integration in the United States, using
regulatory data from multiple databases [41]. While this
process is widely used, it has limitations: it can be time-
consuming and lack reliability, the definition of “consen-
sus” may be ambiguous, and maintaining ongoing expert
engagement can be challenging [42]. Importantly, reach-
ing consensus does not guarantee the ‘correct’ answer has
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been found; it simply indicates agreement on the impor-
tance of certain aspects related to the topic being studied
[42]. In an era prioritizing decolonization of global health
research, alternative approaches are valuable, especially
considering that researchers in LMICs may not have
access to a global body of experts [43]. The ‘model fit
and prediction’ approach we present offers an excellent
alternative for developing a composite variable in many
scenarios.

Developing composite measures increases the value
of secondary data analysis by effectively and efficiently
operationalizing complex health system data. This
approach is versatile, cost-effective, and applicable across
various outcomes. However, researchers must remain
mindful that the methodology used to develop final com-
posite measures may significantly affect research find-
ings in terms of reliability, validity, and usefulness [18,
44]. Therefore, transparent and replicable approaches are
essential, along with justification of the methods used
[45]. Our study demonstrates how this methodology can
be used to create a composite variable for subsequent use
in studies with significant global health implications and
offers a framework for other researchers to undertake
similar processes. When regulatory data is not available
for a health profession, these findings demonstrate the
value of routine regulatory data collection and how this
data can be used to strengthen regulatory efforts.

Scoring characterizations and outcomes
Our results also indicate that different scoring charac-
terizations may be preferred for different outcomes, a
finding that has important implications for interpreting
relationships between midwifery regulatory environment
and outcomes. The Aggregated Domain model (which
assigns a single point for at least one category in which
action is being taken in each domain) was the best fit
for both MMR and stillbirth rate. This suggests that no
single domain is more important than another and that
even limited activities within a domain can significantly
strengthen the regulatory environment. The Aggregated
Domain model is relatively straightforward to understand
and calculate, aiding replicability and preventing inadver-
tent weighting of certain domains due to some domains
having more questions than others. Overall, this model
suggests that countries making efforts to address regula-
tion across all domains may achieve better outcomes than
those focusing more heavily on one area while neglecting
others. Additional research is needed to confirm how this
finding is reflected in practice across different countries.
The best model fit and performance for the LBW
prevalence outcome was the Any-or-None model. This
may be because prevalence of low birth weight is, in
many ways, a more complex and multifactorial phenom-
enon than stillbirth rate and MMR. While intrapartum
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stillbirths, which account for approximately half of all
stillbirths globally [46] and as much as 75% of stillbirths
in some countries [47], and MMR are heavily depen-
dent on care provided during the intrapartum period,
birthweight is already determined by the time a patient
presents for intrapartum care, except in cases of prema-
ture labor where skilled care can sometimes delay birth.
LBW is multi-factorial with contributing factors includ-
ing maternal nutrition before and during pregnancy,
antenatal care attendance, acute (e.g., malaria, syphilis)
and chronic maternal health conditions (e.g., hyperten-
sion), and lifestyle choices (e.g., smoking) [48]. Thus,
while LBW prevalence is a sensitive indicator of maternal
health care quality, it indicates the quality of care across
the reproductive lifespan, and the variation in the best fit
model may reflect this. Comparing model fit and perfor-
mance between fresh stillbirth (no sign of maceration)
outcomes, which are more likely related to intrapartum
care, and macerated stillbirth outcomes, which are more
likely to have multifactorial antepartum causes similar
to LBW, might provide additional insights into why one
midwifery regulatory environment model works better
for intrapartum-focused outcomes and another for ante-
partum or reproductive lifespan outcomes.

Limitations

This study was intended to compare different character-
izations of the MRE predictor variable—not the effects
of regulatory environment on outcomes—and so we do
not report here the specific individual effect estimates of
the MRE on outcomes. In order to compare models using
Clarke’s test, all models included the same covariates,
regardless of collinearity with the composite measure or
each other. This ensured that differences between models
were due to differences in characterization of the MRE
Index, because variation from the covariates remains
constant across models. These decisions do affect model
outcomes and how models should be interpreted. Addi-
tionally, we did not use a multi-level modeling approach
in this study because of data limitations, and so we are
not able to detect differences in the correlates of MMR
that may differ by country. Additional research on this
topic would be a valuable contribution.

Conclusions

Midwifery regulation is widely acknowledged as crucial
for effective midwifery care, which significantly impacts
maternal health outcomes. Our study demonstrates that
using model fit prediction with existing datasets offers
a transparent and accessible approach for developing a
Midwifery Regulatory Environment (MRE) Index with
strong predictive power for key maternal health out-
comes (MMR, LBW prevalence, and stillbirth rate).
The MRE Index can be a valuable tool for researchers

Page 10 of 12

investigating relationships between regulatory environ-
ments, midwifery-related factors, and health outcomes.
The broader takeaway from this study is that global
health researchers should consider integrating model fit
prediction in developing composite measures during sec-
ondary data analysis. This can enhance the transparency,
replicability, and accuracy of their findings, providing
valuable insights for policymakers.
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