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Abstract 

Background: Accurate and reliable estimates of violence against women form the backbone of global and regional 
monitoring efforts to eliminate this human right violation and public health problem. Estimating the prevalence of 
intimate partner violence (IPV) is challenging due to variations in case definition and recall period, surveyed popula‑
tions, partner definition, level of age disaggregation, and survey representativeness, among others. In this paper, we 
aim to develop a sound and flexible statistical modeling framework for global, regional, and national IPV statistics.

Methods: We modeled IPV within a Bayesian multilevel modeling framework, accounting for heterogeneity of age 
groups using age‑standardization, and age patterns and time trends using splines functions. Survey comparability is 
achieved using adjustment factors which are estimated using exact matching and their uncertainty accounted for. 
Both in‑sample and out‑of‑sample comparisons are used for model validation, including posterior predictive checks. 
Post‑processing of models’ outputs is performed to aggregate estimates at different geographic levels and age 
groups.

Results: A total of 307 unique studies conducted between 2000–2018, from 154 countries/areas, and totaling nearly 
1.8 million unique women responses informed lifetime IPV. Past year IPV had a similar number of studies (n = 332), 
countries/areas represented (n = 159), and individual responses (n = 1.8 million). Roughly half of IPV observations 
required some adjustments. Posterior predictive checks suggest good model fit to data and out‑of‑sample com‑
parisons provided reassuring results with small median prediction errors and appropriate coverage of predictions’ 
intervals.

Conclusions: The proposed modeling framework can pool both national and sub‑national surveys, account for 
heterogeneous age groups and age trends, accommodate different surveyed populations, adjust for differences 
in survey instruments, and efficiently propagate uncertainty to model outputs. Describing this model to reproduc‑
ible levels of detail enables the accurate interpretation and responsible use of estimates to inform effective violence 
against women prevention policy and programs, and global monitoring of elimination efforts as part of the Sustain‑
able Development Goals.
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Background
Violence against women (VAW) is a gross human rights 
violation, and a significant global health and develop-
ment concern. VAW takes many forms, including physi-
cal, sexual, and psychological violence perpetrated by 
an intimate partner —termed intimate partner violence 
(IPV)— and sexual violence perpetrated by someone 
other than an intimate partner (e.g., a friend, family 
member, neighbor, stranger), termed non-partner sexual 
violence. Other, and often overlapping, types of VAW 
include trafficking of women and girls, forced or early 
marriage, and killings in the name of honor [1]. Previous 
analyses pointed out that VAW has serious short- and 
long-term impacts on affected individuals, families, and 
wider societies and that further investments in research 
and data collection are required to better understand and 
address VAW epidemic trends [1–3].

In addition to previous international conventions and 
treaties, countries agreed in 2015 to eliminate all forms of 
VAW as part of the United Nations Sustainable Develop-
ment Goals (SDGs). Accurate and reliable VAW statistics 
form the backbone of monitoring efforts, can help guide 
resources allocation, and, ultimately, enable the deploy-
ment of adequate and sustainable intersectoral responses 
[1, 4–7]. For VAW elimination to be successful, indicators 
tracking VAW prevalence must be collected, analyzed, 
and reported.

Estimating prevalence of IPV is challenging for several 
reasons [8]. First, variations in case definition (defini-
tions based on frequency or severity of acts) and recall 
periods (lifetime versus past year) are common. Second, 
lack of disaggregation between different forms of vio-
lence (physical, sexual, psychological) can pose compa-
rability issues. Third, differences in surveyed population 
(all women, ever partnered, or those currently partnered) 
and whether the perpetrator of violence is the current 
or most recent partner (versus any previous partners) 
further compound comparability of estimates. Fourth, 
reported survey estimates are often not age-disaggre-
gated and, when available, heterogeneous age-group defi-
nitions are often encountered, with few observations for 
women aged 50 years and above. In addition, VAW data 
are sparse geographically (some countries do not have 
any survey estimates) and temporally (most countries 
with data have only one or two estimates at different time 
points). Considering these issues, comparing and longi-
tudinally tracking IPV statistics requires overcoming sev-
eral methodological hurdles.

In addition to these issues specific to IPV data, other 
more general issues need to be considered. First, VAW 
statistics, like other health indicators, are noisy [9, 10]. 
This means that the degree of observed heterogeneity can 
be large; larger than what would be expected from ran-
dom sampling alone. This heterogeneity can be explained 
by differences in survey sampling schemes, geographical 
coverage (national versus only rural or urban), survey 
instruments and methods, and implementation issues, 
among others. Taken together, these considerations entail 
that statistical models are required to adjust, compare, 
and monitor VAW statistics within and across countries.

The objective of this article is to present a flexible 
statistical modeling framework for monitoring global, 
regional, and national IPV statistics which can inform 
the development of effective policies and programs to 
address VAW and that are in line with SDG monitoring 
of target 5.2 that aims to eliminate all forms of violence 
against all women and girls. Specifically, we focus here 
on subsection of SDG indicator 5.2.1: the proportion of 
ever-partnered women and girls aged 15 years and older 
subjected to physical or sexual violence by a current or 
former intimate partner in the previous 12  months, by 
form of violence and by age. In this article, we first pre-
sent a brief overview of the global VAW database, provide 
details on the chosen modeling framework, including 
adjustments and age modeling, present selected results 
and model validation, including posterior predictive 
checks, and discuss potential further steps to improve 
estimates of IPV statistics.

Methods
Global violence against women database
The World Health Organization (WHO)’s Global 
Database on Prevalence of Violence Against Women 
(henceforth referred to as the VAW database) includes 
prevalence surveys/studies on physical, sexual and 
psychological IPV, sexual violence by any perpetrator 
(including a partner), and non-partner sexual violence. 
This database builds on the earlier database and system-
atic reviews that WHO curated [2, 3]. The protocol for 
this systematic review, including the search strategy and 
a description of all variables can be found elsewhere [11]. 
Briefly, all population-based studies conducted between 
2000 and 2018, representative at either national or sub-
national level, and that used specific acts to measure 
violence were eligible for inclusion. For each study that 
met the inclusion criteria, we extracted age-specific 
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prevalence estimates by 5-year age groups (if available) 
and their denominator. If prevalence estimates were only 
available from a broad age group (e.g., 15–49 years old), 
the latter was used instead. Estimates were extracted 
for the different types of IPV reported in the study, such 
as physical IPV, sexual IPV, and physical and/or sexual 
IPV. In addition, design-adjusted standard errors and 
lower and upper limit of the confidence intervals were 
recorded, whenever available [11]. For each observa-
tion, we added their characteristics to the database. 
These include the country, authors of report/publication, 
year of publication, the survey’s data collection period 
(start and end years), the type of violence, the popula-
tion surveyed (i.e., ever-partnered, currently-partnered, 
all women), lower and upper age limit of respondents, 
the recall period (e.g., lifetime, past year), and whether 
the estimate is representative at the national or sub-
national level. For studies with sub-national representa-
tiveness, we extracted whether the survey was conducted 
in a rural, urban, or mixed rural/urban area. We further 
classified IPV estimates depending on whether the per-
petrator referred solely to the spouse –as opposed to all 
types of intimate partners– and whether the questions 

on IPV concerned the current or most recent partner –as 
opposed to any current or previous partners [11].

Pre‑processing
The conceptual overview of methods used for data analy-
ses describes data inputs, data pre-processing, data anal-
yses, and post-processing to obtain national, regional, 
and global estimates of IPV statistics (Fig. 1).

Some survey samples sizes are missing and the first 
step of the data pre-processing involves their imputation. 
In cases where the overall survey sample size was avail-
able but not the age-specific denominators, we imputed 
them by allocating the overall survey sample size relative 
to the age-specific number of women in that country in 
2010, as reported in the United Nations World Popula-
tion Prospect (WPP) 2019 [12]; where 2010 roughly cor-
responds to the median year of data collection. In the few 
instances where the survey sample size was not reported, 
we conservatively assumed that the sample sizes would 
be of 3,000 and 1,000 for nationally representative and 
sub-national surveys, respectively. These denomina-
tors are based on the lowest tercile of all sample sizes 
recorded in the VAW database.

Fig. 1 Conceptual overview of data inputs, data pre‑processing, data analysis, and post‑processing steps required to produce global, regional, and 
national violence against women statistics. (DHS: Demographic and Health Surveys; IPV: intimate partner violence; VAW: violence against women; 
WPP: World Population Prospect 2019 revision.)
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The population-based surveys on VAW often use 
complex sampling schemes (e.g., stratification and/or 
clustered sampling) that needs explicit consideration. 
The extracted estimates of point prevalence adjusted 
for survey weighting (if required). For stratification 
and/or clustered sampling, it could impact the preci-
sion of estimates. If design-adjusted confidence inter-
vals or standard errors were reported, they were used 
to obtain an effective sample size. For confidence 
intervals, Wilson’s formula was used and applied to 
the upper limit of the interval to approximate standard 
errors [13]. If it was not possible to derive an effective 
sample size, a design effect of 2.5 was used. This cor-
responds to the median design effects obtained from 
standardized analyses of 89 Demographic and Health 
Surveys (DHS). Surveys for which the end date of data 
collection was not available were imputed using the 
date of publication as a proxy. Finally, where the upper 
age of the survey sample was missing or not reported, 
we assumed an open-ended age category.

The final pre-processing stage involved the crea-
tion of two datasets (Fig. 1). The first one was used to 
calculate adjustment factors that enabled the combi-
nation of different types of estimates. In this case, we 
only kept the prevalence estimates from the broad-
est age-group (e.g., 15–49  years). The second dataset 
was used to model global, regional, and national esti-
mates of IPV statistics. For this, only the most granular 
age strata were retained as to avoid double-counting 
women. Similarly, if nationally representative preva-
lence estimates were available, observations from rural 
and urban areas of the same study were removed. This 
process was repeated and, if more than one prevalence 
estimate remained for each age group, we selected the 
ones from the “optimal set” of observations that used 
gold-standard methods and survey instruments. Spe-
cifically, we applied the following rules for each survey:

▪ If a study has estimates for both “severe physical 
and/or sexual violence only” and “severe and non-
severe physical and/or sexual violence”, we only 
keep estimates that correspond to this second defi-
nition.
▪ Retain those from “physical and/or sexual IPV”. 
If it is unavailable we keep “physical IPV only” or 
“sexual IPV only”, in that order of preference.
▪ Keep estimates that refer to surveyed popu-
lations composed of “ever-partnered/married 
women” (if not available, we keep those for “all 
women”; otherwise, we use those for “currently-
partnered women”).
▪ Select estimates that correspond to IPV being 
perpetrated by “any current/previous intimate 

partners/husbands”. If unavailable, we retain esti-
mates where IPV was experienced from the “cur-
rent or most recent intimate partner/husband”.

Multilevel modeling framework
Multilevel modeling is a valuable statistical approach 
used to pool data from different sources. This multilevel 
approach enables us to “borrow strength” across units. 
For instance, if a country has only one small sub-national 
survey, the accuracy and precision of that country’s esti-
mate can be improved by countries in the same region. 
Another appealing characteristic of such multilevel mod-
els is that the degree of pooling –in other words, how 
much information is shared between observations– is 
determined empirically by the data and not arbitrarily by 
the user [14]. A Bayesian implementation of these models 
is straightforward (more so than classical maximum like-
lihood estimators) and uncertainty is efficiently propa-
gated to model outputs using this approach [10].

The chosen model structure is based on similar meta-
regressions of health indicators [2, 3, 9, 10, 15–20] and 
has five nested levels: 1) individual studies, 2) countries 
(including territories and areas), 3) regions, 4) super-
regions, and 5) the world. Here, regions correspond to 
the classification used by the Global Burden of Disease 
(GBD) study that groups countries in 21 mutually exclu-
sive regions, themselves grouped into seven “super-
regions”, based on the similarities of their epidemiological 
profiles. The regression model is based on a binomial 
likelihood for a count outcome, as follow:

where yit is the survey-adjusted number of women 
reporting violence for observation i at calendar year t 
and Nit is the effective sample size for that observation. 
Further, the logit-transformed prevalence estimate pit is 
equal to the sum of the study specific intercepts (i.e., the 
random effects; denoted αs[i]), the country-specific age 
adjustments (γc[i]), the country-level time trend ( δc[i],t ), 
and the sum of the log-odds ratios of the adjustment fac-
tors (i.e., the crosswalk covariate modeling; Xs[i]). The 
model’s equation takes the following form:

The next sections detail the four terms on the right-
hand-side of this equation.

Random effects to account for study variability
Random effects are useful to account for unobserved het-
erogeneity and each study is assumed to have its own 

yit ∼ Binomial(pit ,Nit)

logit(pit) = αs[i] + γc[i] + δc[i],t + Xs[i]
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random intercept. We can further impose a hierarchy on 
these intercepts. This entails that each study, conducted 
within a specific country, should yield a prevalence esti-
mate closer to the average of that country as opposed to 
that of other ones. At the regional level, we posit that the 
average prevalence of a country should be closer to its 
regional prevalence than to that of other regions. It is sta-
tistically advantageous to nest these effects within clear 
geographical units because it allows us to borrow strength 
from other observations to improve prevalence estimates 
in data sparse settings. To model this hierarchy, we have the 
following equation for the intercept (αs[i]) of observation i:

where ug is the overall intercept, uz is the super-region 
effect, ur is the regional effect, uc is the country effect, 
and us is the study effect. These effects are assumed nor-
mally distributed on the logit scale. The following non-
informative priors were assigned to these parameters:

The degree of pooling between the different studies 
depends on the standard deviation of the random effects. A 
smaller standard deviation means that the degree of pool-
ing of estimates will be greater than for a larger standard 
deviation. The standard deviations for the super-region 
(σz), region (σr), and country (σc) random effects are given 
weakly informative half-Cauchy ( HC ) priors with a scale 
parameter of 25 [21]. Sub-national studies (e.g., a survey 
conducted in one administrative region) are inherently 
more variable that those representative at the national 
level. Because of that variability, they should potentially 
be given less weight than nationally representative studies. 
We achieve this by allowing the standard deviation of the 
study-level random effects to depend on their representa-
tiveness [10]. This effectively means that sub-national stud-
ies have equal or more variability than those representative 
at the national level.

αs[i] = ug + uz[i] + ur[i] + uc[i] + us[i]

ug ∼ N (0, 1000)

uz ∼ N (0, σz) and σz ∼ HC(0, 25)

ur ∼ N (0, σr) and σr ∼ HC(0, 25)

uc ∼ N (0, σc) and σc ∼ HC(0, 25)

us ∼ N (0, σs[i])

σs[i]

{

σn ∼ HC(0, 25); if study i is nationally representative
σl = σn + τ ;whereτ ∼ HC(0, 25); if study i is sub-national

Age modeling
Previous studies suggested that the relationship between 
age and IPV is not linear [22, 23]. Splines functions are 
a simple and effective way to model non-linear relation-
ships using piecewise polynomials [24]. We investigated 
natural cubic splines with either one knot (at age 20, 25, 
30, or 35 years) or two knots (at 20 and 35, 20 and 40, 25 
and 35, or 25 and 40 years). For each outcome, we used 
the Deviance Information Criterion [25] and the Widely 
Applicable Information Criterion [26, 27] to choose 
the best fitting spline. Age was centered at 30 years old 
to improve model convergence. There were few obser-
vations in the age groups above 65  years old and we 
hence modified the splines so that prevalence among 
the ≥ 65  years age group remains constant. This was 
achieved by recoding all ages above 65 years to that value 
before calculating the splines and fitting the model. Our 
model assumes that each country has its own age pattern 
( γc ) but that this pattern is more similar across regions, 
and super-regions. In practice, this means that we have 
included country-specific coefficients (random slopes) 
for the natural cubic spline with K degrees of freedom, 
denoted λc[i],k.

where ηg,k is a vector that contains the coefficients for 
the global age-prevalence pattern common to all stud-
ies, and ηz[i],k, ηr[i],k, and ηc[i],k contains the super-region, 
region, and country-specific deviations from this over-
all pattern, respectively. In all cases, the midpoint of the 
5-year age distribution is used to obtain the basis of the 
natural cubic spline (Aa[i],k). The model specification is 
completed using non-informative normal prior distribu-
tions. Hyper-parameters for the standard deviations of 
the random coefficients (νk) are given weakly informative 
half-Cauchy ( HC ) prior distributions.

γc[i] =
∑K

k=1

(

�c[i],kAa[i],k

)

�c[i],k = ηg ,k + ηz[i],k + ηr[i],k + ηc[i],k

ηgk ∼ N (0, 1000)

ηzk ∼ N
(

0, υz

k

)

and υz

k
∼ HC(0, 25)

ηrk ∼ N
(

0, υr

k

)

and υr

k
∼ HC(0, 25)

ηck ∼ N
(

0, υc

k

)

and υc

k
∼ HC(0, 25)



Page 6 of 17Maheu‑Giroux et al. BMC Medical Research Methodology          (2022) 22:159 

A further challenge is that posed by having age groups 
that are heterogenous. Some prevalence observations refer 
to 5-year age groups (at best), others to much wider ones 
(e.g., 15–49 years old). To enable inclusion of all observa-
tions and consider these age-heterogeneous categories, an 
age-standardizing approach was adopted [9]. Age-stand-
ardization works by defining the prevalence in a wide age 
group as a function of both the age-specific prevalence and 
the underlying age distribution of the sampled population. 
The sample’s underlying age distribution is estimated from 
the UN World Population Prospect (2019 revision) [12] 
and we aggregated the 2010 country-level female age dis-
tributions for the 21 GBD regions; 2010 being close to the 
median date of survey data collection. Age-standardization 
is applied to all age groups for which the width of the age 
interval was larger than five years. For those observations, 
the effect of age on prevalence is modeled as a weighted 
average of the age-specific estimates, over the lower (li) and 
upper (hi) bounds of the age interval of that observation i, 
and where wa[r] is the population weight in region r for the 
relevant age group:

Time trends
Prevalence of IPV could exhibit secular changes over the 
study period. To allow for potential non-linear changes in 
prevalence, natural cubic splines with one knot placed at 
the median year of data collection were used (i.e., 2011). 
We modeled the country-level time trend ( δc[i],t ) with a 
multilevel structure:

where φgk , φz[i],k , φr[i],k , and φc[i],k contain the spline’s 
K coefficients for the global, super-region, region, and 
country-specific time trends. Ttk contains the basis 
matrix for the natural cubic spline for calendar year t. 
The following prior distributions complement the model 
specification.

pit =

⎧
⎪⎨⎪⎩

logit−1
�
𝛼s[i] + 𝛾c[i] + 𝛿c[i],t + Xs[i]

�
, ifli = hi∑hi

a=li
logit−1

�
𝛼s[i]+

∑K
k=1(𝜆c[i],k Aa,k )+𝛿c[i],t+Xs[i]

�
×wa[r]∑ui

a=li
wa[r]

, ifli < hi

δc[i],t =
∑K

k=1
(φgk + φz[i],k + φr[i],k + φc[i],k)× Ttk

φgk ∼ N (0, 1000)

φzk ∼ N
(

0,ωz

k

)

and ωz

k
∼ HC(0, 25)

φrk ∼ N
(

0,ωr

k

)

and ωr

k
∼ HC(0, 25)

φck ∼ N
(

0,ωc

k

)

and ωc

k
∼ HC(0, 25)

Covariate modeling
Adjustments are required if surveys using different out-
come definitions and/or eligibility criteria are to be com-
pared and combined. Covariate modeling, also termed 
cross-walk in the field of global descriptive epidemiology, 
is the process by which these adjustments values are esti-
mated. A common way to conduct covariate modeling 
is to include indicator variables in the regression model, 
assuming that these fixed effects are constant across 
all studies and multiplicatively related [9]. Preliminary 
models using this approach suggested that the result-
ing adjustment factors could be affected by composi-
tional bias. This particular bias could occur, for instance, 
if surveys that required a specific adjustment are more 
frequent in countries with lower (or higher) IPV preva-
lence. This could potentially bias adjustment factors. To 
circumvent this issue, we chose an exact matching iden-
tification strategy [28] where the adjustment factors are 
calculated outside of the main meta-regression models.

Robust estimation can be achieved using matching 
methods, by ensuring that observations with and without 
the factor to be adjusted for, have the same distribution 
of other characteristics (e.g., country, calendar year of 
data collection, population surveyed, etc.). This is opera-
tionalized by matching on the survey’s identifier and this 
procedure provides us with the ideal comparison group 
to obtain unbiased adjustment factors. For all adjustment 
factors except geographical strata, the following proce-
dure was employed:

▪ First, exact matching for each adjustment factor 
separately (Table  1) was performed. If more than 
one match is available from a specific survey, only 
the one closest to the “optimal set” (as described in 
the preceding section) was retained. For studies that 
surveyed ever-partnered/married women, the survey 
results are not always stratified by the current part-
nership status of those women. To increase the preci-
sion of adjustment factors for this variable, 89 DHS 
surveys with publicly available microdata were ana-
lyzed.
▪ Second, the odds ratio comparing prevalence in 
the observation with the adjustment factor as com-
pared to the reference group within each matched 
set were calculated.
▪ Third, the odds ratios were pooled using meta-ana-
lytic approaches. Specifically, random-effect meta-
analysis [29] were used and, to account for potential 
variability of the adjustment between regions, results 
were stratified by the seven GBD super regions. 
This level was chosen since there were often too few 
matched observations to estimate adjustment factors 
for the 21 GBD regions separately. Region-specific 
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adjustment factors were used if a region had more 
than three estimates; otherwise, the overall adjust-
ment factor was chosen.

For geographical strata, a similar exact matching 
approach was used but, since the adjustment factor was 
not binary (i.e., “rural”, “urban”, “national”), only surveys 
that had information on all three categories were used. 
Matched surveys were then pooled using random effect 
logistic regressions with one random intercept per sur-
vey and random slopes that vary by the seven GBD super 
regions for the “rural” and “urban” areas (referent was 
“national”).

Once the adjustment factors are estimated, a vector 
Xs[i] summarizing adjustments required for each observa-
tion was created. If the observation pertains to a study in 
the “optimal set”, all indicators in Cs[i] are zeros, meaning 
that all covariates belong to the reference group. Other-
wise, the adjustment is the sum of the log-odds ratios in 
vector βr[i] multiplied by the binary covariates included 
in Cs[i], as outlined below.

The approach outlined above did not consider the 
uncertainty in the meta-analyzed odds ratios. To address 
this, we independently sampled values of those odds 
ratios from their distributions. Specifically, we used nor-
mal distributions where the mean corresponds to the 
logit-transformed odds ratios and the standard deviation 
to the standard error of the adjustment factor. To ensure 
appropriate coverage of the parameter space, Latin 
hypercube sampling was used and several βr[i] vectors 
were created to represent this uncertainty. Whenever the 

Xs[i] =
∑

βr[i]Cs[i]

odds ratios were structurally bound at the null, truncated 
distributions were used. This was the case, for example, 
for estimates of severe IPV that cannot be higher than 
estimates of severe and non-severe IPV combined. The 
procedure by which the uncertainty of these adjustments 
was propagated to final results is described in the section 
titled “Computations”.

Covariates can also be used to improve out-of-sam-
ple predictions. For example, if country characteristics 
like per capita alcohol consumption or gross domestic 
product can explain between-country variation in IPV. 
Including them in the modeling could improve preva-
lence estimates of countries without any survey. How-
ever, previous studies on the topic did not find consistent 
relationships between the above-mentioned country-
level covariates and IPV estimates [2, 3, 30]. For this rea-
son, and because data is available for most countries, we 
do not consider inclusion of covariates to improve out-
of-sample predictions.

Constraints
By definition, estimates of past year IPV should be equal 
or lower than those of lifetime IPV. Hence, these two 
IPV outcomes were jointly modelled to ensure that this 
constraint is respected. This was achieved by jointly per-
forming the meta-regression described above and forc-
ing model predictions for past year IPV ( ̂ppastc∗,a,t ) in a new 
country c∗ (and country with data on only one type of 
estimate), for age group a, and calendar time t to be equal 
or lower to those of their corresponding prediction for 
lifetime IPV ( ̂plifec∗,a,t ), as outlined below:

Table 1 List of covariates for which adjustments were estimated characteristics used for exact matching

IPV intimate partner violence
* Separate adjustments estimated for lifetime and past year IPV
a The definition of severe IPV includes punching, kicking/dragging, trying to strangle/burn, threatening with a weapon, attacking with weapon, and any type of sexual 
violence

Covariates to adjust* Exact matching on

IPV definition: “severe violence” (ref.: “all severity”)a Survey, population surveyed, violence type, age, geographical strata, refer‑
ence partners

IPV type: “physical only” (ref.: “physical and/or sexual”) Survey, population surveyed, age, geographical strata, severity, reference 
partners

IPV type: “sexual only” (ref.: “physical and/or sexual”) Survey, population surveyed, age, geographical strata, severity, reference 
partners

Population surveyed: “all women” (ref.: “ever-partnered/married”) Survey, violence type, age, geographical strata, severity, reference partners

Population surveyed: “currently partnered” (ref.: “ever-partnered/married”) Survey, violence type, age, geographical strata, severity, reference partners

Reference partners: “current/most recent” (ref.: “any current/previous partners”) Survey, population surveyed, violence type, age, geographical strata, 
severity

Geographical strata: “urban” or “rural” (ref.: “national”) Survey, population surveyed, violence type, age, severity, reference 
partners
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The difference between lifetime and past year IPV 
should also be relatively small for the youngest age-group 
of 15–19  years old. These girls and young women have 
comparable time periods of exposure, more so than those 
of women in older age groups. Preliminary analyses sug-
gested that including a constraint such that the preva-
lence ratio of predicted lifetime versus past year IPV 
among this youngest age group is equal or smaller than 
3 improved out-of-sample predictions. This conserva-
tive value was chosen based on the empirical observation 
that prevalence ratio of lifetime to past year IPV among 
15–19  years old ( a∗) are always less than 3. This con-
straint was implemented as follows:

Models were fitted with and without these constraints 
to assess the impact of this specification. Adding con-
straints had either no or minor impact for most coun-
try estimates but increased the precision of estimates in 
countries with data on only one type of recall period for 
IPV measure.

Computations
The posterior distributions of the parameters of interest 
were obtained using Markov chain Monte Carlo simu-
lations implemented through the JAGS software [31]. 
Inferences were based on 4 chains of 50,000 iterations 
(with an adaptation phase of 10,000 iterations and an 
additional 5,000 used as warm up), thinned at every  20th 
iteration.

Uncertainty in the estimated log-odds ratios of the 
adjustment factors were considered by sampling a total of 
10 vectors from their estimated distributions using Latin 
hypercube sampling. The Bayesian model, as outlined 
above, was fitted for each individual set. All draws from 
the posterior distributions of the sampled vectors were 
mixed and these mixed draws were used to summarize 
the overall posterior distributions of parameter of inter-
ests [32, 33]. Convergence was examined using traceplots 
and we ensured that the potential scale reduction factor 
for all parameters and hyperparameters remained close 
to one [34]. Moreover, we verified that estimates were 
based on a minimum of roughly 1,000 independent sam-
ples from the posterior distributions [35].
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life
z[c∗] + û
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Model validation
The performance of the models was assessed using pos-
terior predictive checks, and both in-sample and out-
of-sample comparisons. Graphical posterior predictive 
checks enabled the visual assessment of how well simu-
lations from the fitted model compared to the observed 
data [32]. This procedure was especially useful to under-
stand the ways in which this multilevel model did not fit 
the observed IPV statistics. Through the iterative pro-
cess of model building and refinement, we improved 
the estimates by systematically identifying where model 
predictions are not congruent with the survey data. In 
addition to this visual inspection, selected summary sta-
tistics for in-sample comparisons were computed, such 
as the median error, absolute error, and the proportion 
of empirical observations outside the lower and upper 
credible intervals. Model performance was also quanti-
fied through out-of-sample comparisons by randomly 
excluding 20% of countries and 20% of studies from the 
datasets and comparing their model-predicted age-spe-
cific prevalence with the known-but-excluded empirical 
observations.

Post‑processing
The model described above provided us with estimated 
parameters for the global, regional, and country-level 
intercepts ( ̂ug , ûz[c],ûr[c] , and ûc ) that, when combined 
with the spline’s coefficients ( ̂γc,a ) and the time trend 
( ̂δc,t) , produced estimates of IPV by age and time ( ̂pc,a,t ) 
for all countries with available data using the equation 
below:

To estimate the prevalence for broader age groups 
(e.g., 15–49  years), at higher level of aggregation (i.e., 
regional and global), and for countries without data the 
age-specific prevalence estimates were first weighted by 
the age structure of their respective country (in 2018) 
considering the proportion of women who ever had 
sex. This is necessary as the denominator of interest for 
IPV is composed of ever-partnered/married women. 
The definition of a partnership varies around the world 
and the fraction of women who have ever been sexually 
active is a superior proxy of partnership formation than 
marriage.

Estimates of age-specific prevalence at the country 
level were aggregated using the country’s own age distri-
bution of the number of women who have ever had sex. 
For countries without any empirical observations inform-
ing IPV statistics, they were statistically imputed based 
on their region. The added uncertainty for that coun-
try’s estimate is further considered by sampling from the 

logit
(

̂pc,a,t
)

= ûg + ûz[c] + ûr[c] + ûc + γ̂c,a + ̂δc,t
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distribution of country-level intercepts (i.e., ∼ N (0, σ c) ). 
The country-specific prevalence estimates were then 
aggregated to the regional level by summing the number 
of women having experienced IPV. Global prevalence 
estimates were obtained using the same approach.

All analyses are carried in the R statistical software [36] 
and selected packages [35, 37–39].

Results
A total of 307 unique studies conducted between 2000–
2018, from 154 countries or areas (Fig.  2), covering all 
21 regions of the world and totaling 1,767,802 unique 
women responses informed lifetime IPV (Table  2). 
Past year IPV had a slightly higher number of studies 
(n = 332), countries or areas represented (n = 159; Fig. 3), 
totaling 1,763,989 individual responses. For both life-
time and past year IPV surveys were conducted between 
2000–2018, and the median year of data collection was 
between 2011 and 2012.

Country estimates of physical and/or sexual IPV were 
found to be consistent with the survey data. Data from 
nationally representative surveys were, as expected, 
closer to country-level modeled estimates as compared 
to those from sub-national surveys. This was reflected 
in the posterior variance estimates at the level of sub-
national studies, where the standard deviation of the ran-
dom effect was twice as large as that of national studies 
for both lifetime and past year IPV. The latter was similar 
to that of the across country variance (Table S1).

This proposed framework has been used to produce 
country-level estimates for both lifetime and past year 
physical and/or sexual IPV. These estimates can be used 
to inform evidence-based policy and programming and 
monitor progress on SDG indicator 5.2 on the elimina-
tion of all forms of violence against women and girls. 
Detailed results have been presented elsewhere [40, 41]. 
Briefly, an estimated 27% (95%CrI: 23–31%) of ever-mar-
ried/partnered women aged 15–49  years old have ever 
experienced physical and/or sexual IPV in their lifetime. 
Past year IPV was estimated at 13% (95%CrI: 10–16%) 
with the prevalence of recent IPV being higher among 
adolescent girls and young women aged 15–24 years old 
[40, 41].

Adjustment factors
Roughly half of IPV observations pertained to the opti-
mal set of surveys that collected IPV information using 
gold-standard definitions and methods (Table  2). The 
most common adjustments required for lifetime (38%) 
and past year (24%) IPV studies was that the outcome 
definition measured violence from a “current and/or most 
recent partner only” as opposed to “any current/previous 
partner”. The second most common adjustment was for 

“physical violence only”, with 21% (lifetime) and 25% (past 
year) of surveys requiring adjustment. A slightly smaller 
proportion of studies surveyed “currently partnered 
women” only, whereas the gold-standard VAW question-
naire would have asked IPV questions to ever-partnered 
women. Table  3 presents these odds ratios for the two 
IPV outcomes. The detailed forest plots for all meta-anal-
yses are presented as supplementary materials (Figure 
S1-15).

The meta-analyses indicate that, overall, the odds of 
having experienced IPV for women asked about their 
experience of only severe violence are 62% (lifetime) and 
43% (past year) lower than if these women had reported 
on IPV for all severity levels (Table 3). Examining results 
by super-regions, the contribution of severe violence to 
IPV (as indicated by the highest odds ratios for these 
regions) is relatively more important in Latin America & 
the Caribbean, followed by Sub-Saharan Africa, for both 
lifetime and past year IPV.

When surveys report “physical IPV only”, the discrep-
ancy with “physical and/or sexual IPV” estimates is great-
est in South East Asia, East Asia & Oceania, as well as 
South Asia and Sub-Saharan Africa for lifetime IPV 
(Table  3). In addition to those super-regions, the High 
Income region also exhibited high discrepancy for past 
year IPV. For both lifetime and past year IPV, the odds of 
reporting IPV are reduced by 14–19% when women were 
asked about physical IPV only.

The surveys’ denominators impact IPV prevalence (i.e., 
those eligible to answer the IPV questions). Overall, the 
odds of reporting IPV –when only currently partnered 
women were surveyed– were reduced by 9% for lifetime 
IPV and 1% for past year IPV, respectively, as compared 
to observations where all ever-partnered women were 
included (Table  3). When the surveys’ denominator 
included all women, and not only those that have ever 
been partnered, the odds of experiencing IPV was lower 
since a certain proportion of women, namely never-mar-
ried/partnered women, will not have been exposed to the 
risk of IPV. Since there were no surveys of past year IPV 
that could be matched and compared, the odds ratios for 
lifetime IPV were used to adjust the studies that surveyed 
all women for past year IPV.

Some surveys measured IPV perpetrated by the cur-
rent and/or most recent partner, while others referred 
to the current and/or all previous partners. Overall, the 
odds of reporting IPV was 16% lower for lifetime IPV if 
the question refers to the current or most recent partner 
compared to any current or previous partner. For past 
year IPV, the difference was much smaller: a 3% reduc-
tion in the odds of reporting IPV (Table 3).

Our results also showed marked regional variations in 
IPV prevalence by urban and rural areas (Table  3). IPV 
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Fig. 2 Map of data availability informing estimates of lifetime physical and/or sexual intimate partner violence (IPV; Panel A) and past year 
physical and/or sexual IPV (Panel B) for the reference period 2000–2018. (Both nationally and sub‑nationally representative studies are included.) 
Reproduced with permission from the World Health Organization
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is higher in urban areas of Latin America & Caribbean 
as compared to the national average for both lifetime and 
past year IPV. The opposite pattern of higher IPV prev-
alence in rural areas is noted for all other regions. That 
difference is salient for North Africa & Middle East and 
South Asia.

Model validation
The full graphical posterior predictive checks for lifetime 
IPV (Figure S16) and past year IPV (Figure S17) are pre-
sented as supplementary materials for all regions. As a 
representative example, the graphical posterior checks 
for the Western region of Sub-Saharan Africa with both 
the observed age-specific prevalence estimates and the 
model predictions are presented in Fig.  3. Overall, we 

found that the model fits the data well and that differ-
ences between data and model predictions, if any, were 
usually small and well within the uncertainty intervals of 
the prevalence estimates and model predictions. Further, 
in-sample comparisons suggested that prediction errors 
were very close to the expected null values indicating 
good fit with the empirical data and excellent coverage 
of uncertainty interval (Table  4). We also explored how 
those in-sample comparisons metrics varied by GBD 
regions and time periods (2000–04, 2005–09, 2010–14, 
2015–18). These analyses revealed that median errors 
were smaller than 1% for all regions and time periods.

Our out-of-sample comparisons, where we excluded 
20% of countries and compared the known-but-
excluded country-level observations with model 

Table 2 Characteristics of studies conducted between 2000 to 2018 measuring lifetime and past year intimate partner violence (IPV) 
informing estimates of global, regional, and national violence against women statistics

IPV intimate partner violence, GBD global burden of disease
a Number of women interviewed imputed for surveys with missing denominators
b The definition of “severe violence” corresponds to the one reported in the survey description

Characteristics Lifetime IPV Past year IPV

Sample characteristics and representativeness
 Number of women  intervieweda 1,767,802 1,763,989

 Number of age‑specific observations 1,551 1,598

 Number of studies 307 332

 Nationally representative studies 260 (85%) 292 (88%)

 Number of countries/areas represented 154 159

 Countries with 1 study 77 (50%) 81 (51%)

 Countries with 2 studies 41 (27%) 33 (21%)

 Countries with 3 studies 16 (10%) 19 (12%)

 Countries with 4 or more studies 20 (13%) 26 (16%)

 Number of GBD regions represented 21 (100%) 21 (100%)

 Median date of data collection 2011.5 2011.5

 Studies conducted 2000–2004 53 (17%) 65 (20%)

 Studies conducted 2005–2009 67 (22%) 67 (20%)

 Studies conducted 2010–2014 115 (37%) 119 (36%)

 Studies conducted 2015–2018 72 (23%) 81 (24%)

 Country‑years of observations 302 323

Study types
 Studies requiring adjustments

  Violence definition: “severe violence onlyb” 4 (1%) 5 (2%)

  IPV type: “sexual violence only” 5 (2%) 0 (0%)

  IPV type: “physical violence only” 63 (21%) 84 (25%)

  Population surveyed: “all women” 19 (6%) 28 (8%)

  Population surveyed: “currently partnered” 26 (9%) 39 (12%)

  Reference partners: “current/most recent” 116 (38%) 80 (24%)

  Geographical strata: “rural only” 14 (5%) 12 (4%)

  Geographical strata: “urban only” 18 (6%) 13 (4%)

  Recall period: “past two years or more” NA 0 (0%)

  Observations not requiring any adjustments 635 (41%) 857 (54%)
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predictions, were also in accordance with empirical 
estimates for both lifetime and past year IPV preva-
lence: median errors were reasonably close to zero 
(Table 5). The median absolute error quantifies the typ-
ical magnitude of the predictions’ errors, regardless of 
their direction. It was less than 8% points for lifetime 
IPV and 4% points for past year IPV. The models’ pre-
dictions included the point estimates of the known-
but-excluded observations close to 95% of the time (as 
expected) for the two IPV outcomes, suggesting that 
the model was appropriately propagating uncertainty.

Similarly, we tested the model’s ability to predict new 
surveys by excluding 20% of studies (instead of countries, 
as above). Here again, the model’s predictions were in 
accordance with the known-but-excluded survey esti-
mates with small median and absolute errors and appro-
priate coverage of uncertainty intervals (Table 6).

Discussion
Elimination of all forms of VAW must remain a global 
priority. Reliable, accurate, and comparable VAW statis-
tics are essential to monitor progress towards this goal. 
This paper describes a framework for modeling global, 

regional, and national estimates of IPV statistics that 
specifically addresses key data and measurement issues 
[5, 8]. Globally, it is estimated that 27% of ever-married/
partnered women (15–49  years old) have experienced 
physical and/or sexual IPV at least once in their life-
time and 13% experienced it within the past 12 months 
[40, 41]. There were regional variations in prevalence of 
both lifetime and past year IPV, with variations between 
high-income and low- and middle-income countries 
being particularly stark in relation to recent, that is past 
year prevalence. Estimated prevalence of IPV was high-
est in Oceania and Central Sub-Saharan Africa [40, 41]. 
The detailed region-, country-, and age-specific results 
have been reported and interpreted elsewhere [40, 41]. 
Drawing on well-established research, several social, eco-
nomic, and political contextual factors could potentially 
explain these wide variations in the prevalence of IPV, 
including inequitable gender norms, economic insecu-
rity, societal stigma, discriminatory laws and policies and 
political conflict [41].

The current modeling framework extends the pre-
viously developed methodology [3, 30] and is char-
acterized by its ability to pool both nationally and 

Fig. 3 Graphical posterior predictive checks for 16 countries of the Western region of sub‑Saharan Africa. Average prevalence for the observed 
data (triangle) are presented in grey while the model predictions are in yellow (round dots). The vertical lines correspond to the 95% confidence or 
uncertainty intervals of the data and prediction, respectively. The annotations above the country names described the type of prevalence estimates 
displayed, the year of data collection, the age group, the surveyed population, and the type of intimate partner violence recorded. (BEN: Benin; BFA: 
Burkina Faso; CIV: Côte d’Ivoire; CMR: Cameroon; CPV: Cabo Verde; GHA: Ghana; GIN: Guinea; GMB: The Gambia; LBR: Liberia; MLI: Mali; NGA: Nigeria; 
SEN: Senegal; SLE: Sierra Leone; STP: Sao Tome and Principe; TCD: Chad; TGO: Togo.)
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Table 3 Results of random effects meta‑analysis for different adjustment factors, stratified by super region, for lifetime intimate 
partner violence (IPV) and past year IPV

Adjustment factors by super regions
(and overall)

Lifetime IPV
OR (95%CI)

Past year IPV
OR (95%CI)

Severe violence (ref. all severity levels)a

 Central Europe, Eastern Europe & Central 
Asia

NA 0.39 (0.34–0.45)

 High Income NA NA

 Latin America & Caribbean 0.51 (0.43–0.60) 0.62 (0.56–0.69)

 North Africa & Middle East NA 0.47 (0.34–0.64)

 South Asia NA 0.52 (0.44–0.61)

 South‑East Asia, East Asia & Oceania 0.36 (0.25–0.50) 0.57 (0.48–0.67)

 Sub‑Saharan Africa 0.37 (0.33–0.42) 0.61 (0.58–0.64)

 Overall 0.38 (0.34–0.42) 0.57 (0.55–0.60)

Physical IPV (ref. physical and/or sexual IPV)

 Central Europe, Eastern Europe & Central 
Asia

0.93 (0.92–0.95) 0.95 (0.93–0.97)

 High Income 0.86 (0.84–0.88) 0.76 (0.70–0.83)

 Latin America & Caribbean 0.90 (0.87–0.93) 0.84 (0.81–0.88)

 North Africa & Middle East 0.93 (0.90–0.96) 0.83 (0.76–0.91)

 South Asia 0.82 (0.73–0.93) 0.78 (0.67–0.90)

 South‑East Asia, East Asia & Oceania 0.79 (0.73–0.84) 0.78 (0.73–0.83)

 Sub‑Saharan Africa 0.82 (0.78–0.86) 0.79 (0.76–0.82)

 Overall 0.86 (0.84–0.87) 0.81 (0.79–0.83)

Sexual IPV (ref. physical and/or sexual IPV)

 Central Europe, Eastern Europe & Central 
Asia

0.22 (0.20–0.25) 0.22 (0.18–0.27)

 High Income 0.29 (0.24–0.34) 0.27 (0.22–0.32)

 Latin America & Caribbean 0.26 (0.23–0.29) 0.31 (0.28–0.35)

 North Africa & Middle East 0.19 (0.15–0.25) 0.28 (0.18–0.43)

 South Asia 0.28 (0.21–0.37) 0.36 (0.27–0.47)

 South‑East Asia, East Asia & Oceania 0.31 (0.26–0.36) 0.35 (0.28–0.44)

 Sub‑Saharan Africa 0.27 (0.24–0.29) 0.32 (0.29–0.35)

 Overall 0.26 (0.25–0.28) 0.31 (0.29–0.33)

All women surveyed (ref. ever‑partnered/married)

 Central Europe, Eastern Europe & Central 
Asia

NA NA

 High Income NA NA

 Latin America & Caribbean NA NA

 North Africa & Middle East NA NA

 South Asia NA NA

 South‑East Asia, East Asia & Oceania NA NA

 Sub‑Saharan Africa NA NA

 Overall 0.79 (0.74–0.84) b

Currently partnered women surveyed (ref. ever‑partnered/married)

 Central Europe, Eastern Europe & Central 
Asia

0.81 (0.71–0.92) 0.88 (0.80–0.98)

 High Income NA NA

 Latin America & Caribbean 0.85 (0.80–0.90) 0.89 (0.82–0.96)

 North Africa & Middle East 0.94 (0.91–0.99) 1.00 (0.99–1.02)

 South Asia 0.98 (0.97–0.98) 1.06 (1.04–1.07)

 South‑East Asia, East Asia & Oceania 0.92 (0.89–0.96) 1.00 (0.98–1.02)

 Sub‑Saharan Africa 0.93 (0.92–0.94) 1.02 (1.00–1.04)
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95%CI 95% confidence interval, IPV intimate partner violence, OR odds ratio, VAW violence against women
a The adjustment factors for past year severe IPV is based on the analyses of microdata of Demographic and Health Surveys (DHS) where the definition of severe 
physical and/or sexual violence includes punching, kicking/dragging, trying to strangle/burn, threatening with a weapon, attacking with weapon, and any type of 
sexual violence
b Matching for past year IPV for the population surveyed (all women) did not result in enough matches. The OR for lifetime IPV are used instead as adjustment factors 
in the regression

Table 3 (continued)

Adjustment factors by super regions
(and overall)

Lifetime IPV
OR (95%CI)

Past year IPV
OR (95%CI)

 Overall 0.91 (0.90–0.93) 0.99 (0.97–1.01)

Partner perpetrating is current or most recent (ref. any current or previous partners)

 Central Europe, Eastern Europe & Central 
Asia

NA NA

 High Income NA 0.68 (0.58–0.81)

 Latin America & Caribbean 0.82 (0.71–0.95) 0.99 (0.98–1.00)

 North Africa & Middle East NA NA

 South Asia NA NA

 South‑East Asia, East Asia & Oceania 0.88 (0.82–0.95) 0.99 (0.99–1.00)

 Sub‑Saharan Africa 0.89 (0.86–0.92) 0.98 (0.95–1.01)

 Overall 0.84 (0.77–0.93) 0.97 (0.95–1.00)

Geographical urban strata (ref. nationally representative)

 Central Europe, Eastern Europe & Central 
Asia

0.98 (0.89–1.08) 0.90 (0.82–0.98)

 High Income NA NA

 Latin America & Caribbean 1.06 (0.97–1.16) 1.04 (0.96–1.13)

 North Africa & Middle East 0.86 (0.79–0.95) 0.88 (0.81–0.96)

 South Asia 0.76 (0.70–0.84) 0.77 (0.71–0.83)

 South‑East Asia, East Asia & Oceania 0.91 (0.83–1.00) 0.93 (0.85–1.01)

 Sub‑Saharan Africa 0.99 (0.91–1.08) 0.98 (0.91–1.07)

 Overall 0.92 (0.85–1.01) 0.91 (0.84–0.99)

Geographical rural strata (ref. nationally representative)

 Central Europe, Eastern Europe & Central 
Asia

1.00 (0.92–1.08) 1.05 (0.99–1.12)

 High Income NA NA

 Latin America & Caribbean 0.88 (0.82–0.95) 0.94 (0.89–0.99)

 North Africa & Middle East 1.14 (1.06–1.23) 1.08 (1.03–1.14)

 South Asia 1.14 (1.06–1.22) 1.13 (1.07–1.19)

 South‑East Asia, East Asia & Oceania 1.04 (0.96–1.12) 1.03 (0.97–1.09)

 Sub‑Saharan Africa 1.00 (0.93–1.08) 1.01 (0.96–1.06)

 Overall 1.03 (0.96–1.11) 1.04 (0.99–1.09)

Table 4 In‑sample comparisons of model fits with empirical 
data

95%CrI 95% credible interval, IPV intimate partner violence

Comparisons defined as “error = observed – predicted”

VAW outcomes
(Nb. observations)

Median (in % point) Outside 95% CrI

Error Absolute error Below (%) Above (%)

Lifetime IPV (1,551) 0.0% 1.5% 1.3% 1.3%

Past year IPV (1,598) 0.0% 1.0% 2.2% 1.9%

Table 5 Out‑of‑sample comparisons of age‑specific model‑
predicted prevalence in 20% of randomly excluded countries 
with the empirical observations from these countries (including 
territories and areas)

95%CrI 95% credible interval, IPV intimate partner violence

Comparisons defined as “error = observed – predicted”. To improve stability of the 
metrics used for out‑of‑sample comparison, the process was repeated 20 times 
and the median estimates are presented above

VAW outcomes (Nb. 
countries excluded)

Median (in % point) Outside 95% CrI

Error Absolute error Below (%) Above (%)

Lifetime IPV (30) 1.3% 7.6% 1.4% 1.0%

Past year IPV (31) 0.6% 3.8% 1.9% 1.6%
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sub-nationally representative population surveys, 
account for heterogeneous age groups and age trends, 
accommodate different surveyed populations, adjust 
for differences in survey instruments, and efficiently 
propagate model uncertainty to model outputs. The 
proposed framework is especially flexible. For exam-
ple, both age trends and adjustment factors can vary 
by regions. For the latter, we used a robust identifica-
tion strategy to estimate adjustments through exact 
matching of observations by survey identifier, when-
ever possible. We find that the relative contribution 
of physical IPV only to lifetime IPV is highest in the 
Central Europe, Eastern Europe & Central Asia and 
North Africa & Middle East super regions. As for the 
population surveyed, the inclusion of different groups 
of women according to partnership status influences 
prevalence estimates, especially for lifetime IPV, with 
ever-partnered women consistently providing higher 
prevalence than when surveying all women. Our esti-
mation of adjustment factors offers interesting insights 
into the epidemiology of IPV by rural/urban areas. IPV 
is more common in rural areas in all regions, except in 
Latin America & Caribbean.

Our results should be interpreted considering some 
limitations. First, and most importantly, IPV statis-
tics are based on women’s self-reports. IPV is a sensi-
tive topic, and it is likely that some violence survivors 
under-report their experiences for a variety of rea-
sons. However, we only included surveys that used 
act-specific questions: questions that are recognized 
for their ability to elicit more disclosure and accurate 
reports. Studies comparing men and women reports 
of past-year male-perpetrated IPV concluded that IPV 
indicators such as the ones included in this study are 
“reasonably reliable” [22]. As evidence accrues on the 
sensitivity and specificity of different methods for 
measuring IPV, prevalence estimates could be adjusted, 
if warranted, for the imperfect nature of those survey 
instruments.

A second limitation is that our analyses of IPV do not 
include psychological IPV, a frequent form of partner 
violence that can manifest in different ways [42]. Exam-
ples of acts included within the measure of psychologi-
cal IPV include insults, humiliation, intimidation, and 
threats [43]. However, the diversity of acts measured 
in surveys, from engendering fear, to verbal abuse, 
enforcing social isolation, or otherwise the inclusion 
of economic abuse or controlling behaviors in those 
measures of psychological IPV has impeded the adop-
tion of standardized and comparable measurements of 
psychological IPV [43]. This is an active research area 
and WHO has convened several expert meetings on 
this specific topic over the last years and is currently 
doing empirical analyses of existing data. The current 
lack of consensus on measures and thresholds never-
theless hampered the inclusion of psychological IPV in 
our current estimates.

A third limitation is that some populous countries 
have yet to conduct recent VAW surveys. The absence 
of national level data on the burden of violence is a sig-
nificant challenge for establishing the magnitude and 
patterns of IPV. This evidence is crucial to advocating for 
prioritization of investments in national and local poli-
cies and programs aimed at eliminating IPV and other 
forms of VAW. Having said this, most of the world’s most 
populous countries have conducted such surveys in the 
last 18 years (Bangladesh, Brazil, India, Indonesia, Mex-
ico, Nigeria, Pakistan, and the United States) such that 
more than 90% of the world’s women and girls reside in a 
country with at least one survey data point for both life-
time and past year IPV.

Conclusion
We have described to reproducible levels of detail a flex-
ible modeling framework to estimate global, regional, and 
national prevalence of IPV, with reassuring results from 
both in-sample and out-of-sample comparisons. Fol-
lowing proposed best reporting practice [44], the infor-
mation provided in this study will support the accurate 
interpretation and responsible use of IPV statistics for 
informing national and international VAW prevention 
interventions and policies, and the monitoring efforts 
towards the elimination of VAW as part of the SDG 
agenda.
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and the median estimates are presented above

VAW outcomes 
(Nb. surveys 
excluded)

Median (in % point) Outside 95% CrI

Error Absolute error Below (%) Above (%)

Lifetime IPV (61) 0.3% 6.6% 2.2% 1.6%

Past year IPV (66) 0.4% 3.1% 2.6% 2.6%



Page 16 of 17Maheu‑Giroux et al. BMC Medical Research Methodology          (2022) 22:159 

Supplementary Information
The online version contains supplementary material available at https:// doi. 
org/ 10. 1186/ s12874‑ 022‑ 01634‑5.

Additional file 1. 

Acknowledgements
We are indebted to participants of the “Expert Group Meeting on Methodologi-
cal and Measurement Issues for VAW Statistics”, those of the “Technical Advisory 
Group on VAW Estimation and Data”, and those of the “Interagency Working 
Group on VAW Estimation and Data” for helpful comments and discussion on 
earlier versions of the models. We also acknowledge Kody Crowell for contri‑
butions to data management and Gretchen Stevens and Max Petzold for their 
insightful statistical advice.

Authors’ contributions
MMG, CGM, HS, SRM, MA, and LS conceptualized the study. LS, SRM, HS, MMG, 
and AG contributed to data entry and/or management. MMG, LS and AG con‑
ducted the data consistency checks. MMG and AG performed the statistical 
analyses. All authors interpreted the results. MMG drafted the manuscript and 
all authors revised it for important intellectual content. All authors approved 
the final version of the article.

Funding
MMG’s research program is funded by a Canada Research Chair (Tier 2) in 
Population Health Modeling. This study was supported by funding provided by 
the Department of International Development (DFID) to the Joint UN Women-
WHO Joint Programme on Strengthening Methodologies and Measurement and 
Building National Capacities for VAW Data and the UNDP-UNFPA-UNICEF-WHO-
World Bank Special Programme of Research, Development and Research Training 
in Human Reproduction – HRP in the Department of Sexual and Reproductive 
Health and Research at the World Health Organization. The funders had no role 
in the design, analysis, interpretation, and writing the manuscript.

Availability of data and materials
The code and data are available from a public repository (https:// github. com/ 
pop‑ health‑ mod/ vawst ats‑ relea se). The list of studies is presented in the refer‑
ences list in the supplementary materials.

Declarations

Ethics approval and consent to participate
Ethics approval for secondary analyses of individual‑level data to estimate 
covariate adjustments factors was obtained from McGill University’s Faculty 
of Medicine Institutional Review Board. Written informed consent was 
obtained by the survey implementers from all participants (or their guardians 
if minors).

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests. MM‑G was a 
member of the editorial board of BMC Public Health from 2018 to 2021.

Author details
1 Department of Epidemiology and Biostatistics, School of Population 
and Global Health, McGill University, 2001 Avenue McGill College, Montréal, 
Québec H3A 1G1, Canada. 2 Department of Sexual and Reproductive Health 
and Research, World Health Organization, Geneva, Switzerland. 3 Population 
Health Sciences, Bristol Medical School & School for Policy Studies, University 
of Bristol, Bristol, UK. 4 Institute for Medical Information Processing, Biometry 
and Epidemiology (IBE), Ludwig‑Maximilians Universität München, Munich, 
Germany. 5 Departments of Statistical Sciences and Sociology, University 
of Toronto, Toronto, Canada. 

Received: 9 April 2021   Accepted: 12 May 2022

References
 1. Garcia‑Moreno C, Zimmerman C, Morris‑Gehring A, Heise L, Amin 

A, Abrahams N, Montoya O, Bhate‑Deosthali P, Kilonzo N, Watts 
C. Addressing violence against women: a call to action. Lancet. 
2015;385(9978):1685–95.

 2. Abrahams N, Devries K, Watts C, Pallitto C, Petzold M, Shamu S, Garcia‑
Moreno C. Worldwide prevalence of non‑partner sexual violence: a 
systematic review. Lancet. 2014;383(9929):1648–54.

 3. Devries KM, Mak JY, Garcia‑Moreno C, Petzold M, Child JC, Falder G, 
Lim S, Bacchus LJ, Engell RE, Rosenfeld L, et al. Global health. The 
global prevalence of intimate partner violence against women. Sci. 
2013;340(6140):1527–8.

 4. SDSN. Indicators and a monitoring framework for the Sustainable Devel‑
opment Goals ‑ Launching a data revolution. In: Sustainable Develop‑
ment Solution Network ‑ A Global Initiative for the United Nation. 2015.

 5. UN. Guidelines for producing statistics on violence against women ‑ sta‑
tistical surveys. New York: United Nations, Department of Economic and 
Social Affairs; 2014. p. 208.

 6. WHO. Global plan of action to strengthen the role of the health system 
within a national multisectoral response to address interpersonal 
violence, in particular against women and girls, and against children. 
Geneva: World Health Organization; 2016. p. 64.

 7. WHO. Global status report on violence prevention 2014. Geneva: World 
Health Organization; 2014. p. 274.

 8. Ruiz‑Perez I, Plazaola‑Castano J, Vives‑Cases C. Methodological issues in 
the study of violence against women. J Epidemiol Community Health. 
2007;61 Suppl 2:ii26‑31.

 9. Flaxman AD, Vos T, Murray CJL. An integrative metaregression framework 
for descriptive epidemiology. Seattle: University of Washington Press; 
2015.

 10. Finucane MM, Paciorek CJ, Danaei G, Ezzati M. Bayesian Estimation 
of Population‑Level Trends in Measures of Health Status. Stat Sci. 
2014;29(1):18–25.

 11. Stöckl H, Sardinha L, Maheu‑Giroux M, Meyer SR, Garcia‑Moreno C. Physi‑
cal, sexual and psychological intimate partner violence and non‑partner 
sexual violence against women and girls: a systematic review proto‑
col for producing global, regional and country estimates. BMJ Open. 
2021;11(8):e045574.

 12. UNDP. World Population Prospects 2019, Online Edition. Rev. 1. In: United 
Nations, Department of Economic and Social Affairs, Population Division. 
2019.

 13. Wilson EB. Probable inference, the law of succession, and statistical infer‑
ence. J Am Stat Assoc. 1927;22:209–12.

 14. Gelman A, Hill J. Data Analysis using Regression and Multilevel/Hierarchi‑
cal Models. New York, NY: Cambridge University Press; 2007.

 15. Danaei G, Finucane MM, Lin JK, Singh GM, Paciorek CJ, Cowan MJ, Far‑
zadfar F, Stevens GA, Lim SS, Riley LM, et al. National, regional, and global 
trends in systolic blood pressure since 1980: systematic analysis of health 
examination surveys and epidemiological studies with 786 country‑years 
and 5.4 million participants. Lancet. 2011;377(9765):568–77.

 16. Moller AB, Petzold M, Chou D, Say L. Early antenatal care visit: a systematic 
analysis of regional and global levels and trends of coverage from 1990 
to 2013. Lancet Glob Health. 2017;5(10):e977–83.

 17. Maheu‑Giroux M, Filippi V, Samadoulougou S, Castro MC, Maulet N, Meda 
N, Kirakoya‑Samadoulougou F. Prevalence of symptoms of vaginal fistula 
in 19 sub‑Saharan Africa countries: a meta‑analysis of national household 
survey data. Lancet Glob Health. 2015;3(5):e271‑278.

 18. Say L, Chou D, Gemmill A, Tunçalp Ö, Moller AB, Daniels J, Gülmezoglu 
AM, Temmerman M, Alkema L. Global causes of maternal death: a WHO 
systematic analysis. Lancet Glob Health. 2014;2(6):e323‑333.

 19. Alkema L, Kantorova V, Menozzi C, Biddlecom A. National, regional, and 
global rates and trends in contraceptive prevalence and unmet need for 
family planning between 1990 and 2015: a systematic and comprehen‑
sive analysis. Lancet. 2013;381(9878):1642–52.

 20. Sedgh G, Bearak J, Singh S, Bankole A, Popinchalk A, Ganatra B, Rossier 
C, Gerdts C, Tuncalp O, Johnson BR Jr, et al. Abortion incidence between 
1990 and 2014: global, regional, and subregional levels and trends. Lan‑
cet. 2016;388(10041):258–67.

 21. Gelman A. Prior distributions for variance parameters in hierarchical 
models(Comment on an Article by Browne and Draper). Bayesian Anal. 
2006;1(3):515–33.

https://doi.org/10.1186/s12874-022-01634-5
https://doi.org/10.1186/s12874-022-01634-5
https://github.com/pop-health-mod/vawstats-release
https://github.com/pop-health-mod/vawstats-release


Page 17 of 17Maheu‑Giroux et al. BMC Medical Research Methodology          (2022) 22:159  

•
 
fast, convenient online submission

 •
  

thorough peer review by experienced researchers in your field

• 
 
rapid publication on acceptance

• 
 
support for research data, including large and complex data types

•
  

gold Open Access which fosters wider collaboration and increased citations 

 
maximum visibility for your research: over 100M website views per year •

  At BMC, research is always in progress.

Learn more biomedcentral.com/submissions

Ready to submit your researchReady to submit your research  ?  Choose BMC and benefit from: ?  Choose BMC and benefit from: 

 22. Jewkes R, Fulu E, Tabassam Naved R, Chirwa E, Dunkle K, Haardorfer R, 
Garcia‑Moreno C. Men UNM‑cSo, Violence Study T: Women’s and men’s 
reports of past‑year prevalence of intimate partner violence and rape and 
women’s risk factors for intimate partner violence: A multicountry cross‑
sectional study in Asia and the Pacific. PLoS Med. 2017;14(9):e1002381.

 23. Loxton D, Dolja‑Gore X, Anderson AE, Townsend N. Intimate partner 
violence adversely impacts health over 16 years and across generations: 
A longitudinal cohort study. PLoS ONE. 2017;12(6):e0178138.

 24. Greenland S. Dose‑response and trend analysis in epidemiology: alterna‑
tives to categorical analysis. Epidemiology. 1995;6(4):356–65.

 25. Plummer M. Penalized loss functions for Bayesian model comparison. 
Biostatistics. 2008;9(3):523–39.

 26. Watanabe S. Asymptotic Equivalence of Bayes Cross Validation and 
Widely Applicable Information Criterion in Singular Learning Theory. J 
Mach Learn Res. 2010;11:3571–94.

 27. Vehtari A, Gelman A, Gabry J. Practical Bayesian model evalua‑
tion using leave‑one‑out cross‑validation and WAIC. Stat Comput. 
2017;27(5):1413–32.

 28. Stuart EA. Matching methods for causal inference: A review and a look 
forward. Stat Sci. 2010;25(1):1–21.

 29. Hartung J, Knapp G. A refined method for the meta‑analysis of controlled 
clinical trials with binary outcome. Stat Med. 2001;20(24):3875–89.

 30. WHO. Global and regional estimates of violence against women: preva‑
lence and health effects of intimate partner violence and non‑partner 
sexual violence. Geneva: World Health Organization; 2013. p. 50.

 31. Plummer M. rjags: Bayesian Graphical Models using MCMC. R package 
version 4–6. 2016.

 32. Gelman A, Carlin J, Stern H, Dunson D, Vehtari A, Rubin D. Bayesian Data 
Analysis. 3rd ed. Boca Raton, FL: CRC Press; 2014.

 33. Zhou X, Reiter JP. A Note on Bayesian Inference After Multiple Imputation. 
Am Stat. 2010;64(2):159–63.

 34. Brooks SP, Gelman A. General methods for monitoring convergence of 
iterative simulations. J Comput Graph Stat. 1998;7(4):434–55.

 35. Plummer M, Best N, Cowles K, Vines K. CODA: Convergence Diagnosis and 
Output Analysis for MCMC. R News. 2006;6(1):7–11.

 36. R Core Team. R: A language and environment for statistical computing. In: 
R version. 3.5.1. Vienna: R Foundation for Statistical Computing; 2018.

 37. Plummer M. rjags: Bayesian graphical models using MCMC. In: R package 
Version. 4th–8th ed. 2018.

 38. Ho D, Imai K, King G, Stuart E. MatchIt: Nonparametric preprocessing for 
parametric causal inference. J Stat Softw. 2011;42(8):1–28.

 39. Arel‑Bundock V, Enevoldsen N, Yetman C. countrycode: An R package 
to convert country names and country codes. Journal of Open Source 
Software. 2018;3(28):848.

 40. WHO. Violence against women prevalence estimates, 2018. Global, 
regional and national prevalence estimates for intimate partner violence 
against women and global and regional prevalence estimates for non‑
partner sexual violence against women. Geneva: World Health Organiza‑
tion, on behalf of the United Nations Inter‑Agency Working Group on 
Violence Against Women Estimation and Data (UNICEF, UNFPA, UNODC, 
UNSD, UNWomen); 2021. p. 87.

 41. Sardinha L, Maheu‑Giroux M, Stöckl H, Meyer S, García‑Moreno C. 
Global, regional, and national prevalence estimates of physical or sexual, 
or both, intimate partner violence against women in 2018. Lancet. 
2022;399(10327):803–13.

 42. Jewkes R. Emotional abuse: a neglected dimension of partner violence. 
Lancet. 2010;376(9744):851–2.

 43. Heise L, Pallitto C, Garcia‑Moreno C, Clark CJ. Measuring psychological 
abuse by intimate partners: Constructing a cross‑cultural indicator for the 
Sustainable Development Goals. SSM Popul Health. 2019;9:100377.

 44. Stevens GA, Alkema L, Black RE, Boerma JT, Collins GS, Ezzati M, Grove 
JT, Hogan DR, Hogan MC, Horton R, et al. Guidelines for Accurate and 
Transparent Health Estimates Reporting: the GATHER statement. PLoS 
Med. 2016;13(6):e1002056.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub‑
lished maps and institutional affiliations.


	A framework to model global, regional, and national estimates of intimate partner violence
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusions: 

	Background
	Methods
	Global violence against women database
	Pre-processing
	Multilevel modeling framework
	Random effects to account for study variability
	Age modeling
	Time trends
	Covariate modeling
	Constraints
	Computations
	Model validation
	Post-processing

	Results
	Adjustment factors
	Model validation

	Discussion
	Conclusion
	Acknowledgements
	References


