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Abstract
Discontinuation rates vary by family planning
method and across socio-economic contexts. Un-
derstanding these variations and their causes is
paramount for developing and implementing poli-
cies aimed at curbing discontinuation rates. Ran-
domized controlled trials (RCTs) are ideal for ob-
taining this information, but this design can be ex-
tremely expensive and logistically complex. The
ongoing collection of comprehensive data sets,
such as Demographic and Health Surveys (DHS
data), when combined with machine learning meth-
ods, present an alternative and relatively cost-
effective means of evidence gathering for policy
development. Here, we use causal inference to es-
timate the effect of injectable contraceptive use on
discontinuation over the 12-month period that fol-
lows its adoption. To that aim, we use retrospective
observational data from seven sub-Saharan African
countries captured by the DHS’ Contraceptive Cal-
endar. We use machine learning methods to char-
acterize data regions that share common covariate
support. We find that the use of injectables in-
creased the risk of discontinuation in four of the
seven countries analyzed. Consistent with exist-
ing literature, we find that concerns with the side-
effects of injectables appear to be the most fre-
quent reason for discontinuation. However, these
risks decreased after adjusting for socio-economic
factors. As risk estimates may not apply uni-
formly within populations, we characterized the
sub-populations for robust estimations by their geo-
graphical region, level of unmet needs, marital sta-
tus, level of education, and age of first sex.

1 Introduction
The World Health Organization (WHO) defines family plan-
ning (FP) as a means for women and couples to control the
timing of their births and attain their desired number of chil-
dren. Both the timing of births and the number of chil-

dren each woman has can affect her health and well-being
as well as that of her descendants [Griggs et al., 2013]. One
way to achieve FP goals is by using contraceptive methods.
The United Nations Population Fund (UNFPA) reports that
if modern contraceptive needs were met in developing coun-
tries, maternal death would decrease by approximately 23%
and childhood death by up to 20% [Darroch et al., 2016;
United Nations Population Fund (UNFPA), 2021]. Thus, it is
imperative that we improve our understanding of the dynam-
ics of contraceptive uptake and discontinuation. Said infor-
mation is critical for the development of evidence-based pro-
grams that effectively meet FP needs and improve health and
well-being for women, and their children, globally. Important
advances have been made in the last decade in the study of the
determinants of contraceptive use and discontinuation, partic-
ularly in developing countries. Some factors that may influ-
ence contraceptive uptake and discontinuation include ease of
access, contraceptive side effects, women’s ages, and partner-
ship and reproductive status [Barden-O’Fallon et al., 2018].
Contraceptive uptake also appears to be linked to education,
wealth, residence, and access to information [Radovich et
al., 2018]. Beliefs regarding the effect of contraceptives on
breast milk and male partner approval have also been shown
to be factors in contraceptive use decision-making [Eliason et
al., 2013]. Importantly, the rate of progress in uptake and
discontinuation varies among countries [Larsson and Stan-
fors, 2014; Azuike et al., 2017; Johnson, 2017; Michael
and Scent, 2017; Cahill et al., 2018; Ahmed et al., 2019;
Dey, 2019].

Understanding the causes of said variation in discontin-
uation is paramount to country, region, and group-specific
policies and programs. Studying variation in discontinua-
tion is, however, challenging. Women’s reproductive deci-
sions are complex and involve multiple factors. Previous
studies attempting to account for these factors have mostly
relied on summary statistics and regression analyses, which
present limitations due to the interrelationships between rel-
evant variables. For instance, exposure to local media, such
as radio and newspapers, can affect attitudes toward sex, re-
productive decisions, and contraceptive use, leading to mul-
ticollinearity and confounding bias. Additionally, most pre-
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vious studies aimed at understanding contraceptive use dy-
namics have been associative. That is, they evaluate sta-
tistical relationships between contraceptive use patterns and
the socio-ecological and health contexts in which those pat-
terns take place. Yet, associative studies alone are insuffi-
cient to inform interventions, as they cannot provide crit-
ical information about causal relationships. Randomized
control trials (RCTs) are one of the best instruments avail-
able for causal inference, but they are not flaw-free, are
often expensive, are logistically complex, and have often
led to inconsistent conclusions [Dickerman et al., 2019;
Hernán, 2021]. Within that context, causal inference meth-
ods such as propensity score matching, instrumental vari-
ables, and difference-in-differences, among others, may of-
fer a good alternative, additional support to RCTs, or guid-
ance for future studies and programs [Glass et al., 2013;
Hernán, 2018; Hernán and Robins, 2016].

Causal methods, when used on observational data, effec-
tively make extrapolations of counterfactual outcomes (hy-
pothetical scenarios) from one group to another, provided that
those groups have the same “support” (i.e., overlapping prob-
ability regions where the densities of the covariates are pos-
itive). This methodology ensures that predictions based on
existing data are consistent. Data can be split into, for ex-
ample, two groups – a group that uses modern contraception
and a group that does not. By comparing these two groups
in a specific geographical region, causes of discontinuation
can be inferred based on observations made in the other ge-
ographical region, as long as both geographical regions in-
clude individuals from both groups being compared. The
overlap between these two groups, thus, enables estimates of
each group’s counterfactual outcome via data-driven extrap-
olation. This could be done, for example, by identifying two
data points (one in each group) that are statistically similar
and using the outcome for one data point as the counterfac-
tual outcome for the other.

Here, we outline the causal inference methods we used to
investigate contraceptive use discontinuation to disseminate
these protocols for the advancement of reproductive health
policies where other forms of data collection, such as RCTs,
are economically or logistically not feasible. The contribu-
tions of this work are three-folded:

1. We examine injectable contraceptive use and explore
causes of injectable contraceptive discontinuation using
recall data on contraceptive use over the 12-month pe-
riod following women’s uptake of the method. We use
retrospective observational study data from seven sub-
Saharan African (SSA) countries captured by the Demo-
graphic and Health Surveys (DHS) during 2016-2018,
herein referred to as DHS data. We chose this region
and time period because 1) women in low- and middle-
income countries (LMICs) desire, but often lack access
to, contraception, 2) this region has available DHS data,
and 3) this time period had a high uptake of injectable
contraception [Sully et al., 2020].

2. We evaluate the efficacy of causal inference methods,
we test the hypothesis that injectable contraceptives are
more likely to be discontinued due to health concerns

compared to other modern methods (such as pills, im-
plants, emergency contraception, or IUDs1), and situate
our results in the context of existing knowledge.

3. We provide Boolean rule characterizations to interpret
results and cross-reference sub-populations, which in-
creases the robustness of the findings. First, we ana-
lyze data from a group of individuals who adopted mod-
ern contraceptives to estimate the effect of injectable
use on discontinuation due to health concerns, adjusting
for socioeconomic variables. We refer to this estimate
as the “causal effect”. Second, we examine the prob-
ability density of the data and identify the characteris-
tics of individuals who are likely to use modern contra-
ceptives. By doing so, we can draw conclusions about
sub-populations with similar characteristics to those in-
cluded in the study but may not be captured in the DHS
data.

We expect that the analyses we present here will contribute
to a growing body of evidence inspiring the application of
causal inference methods to other existing reproductive health
datasets and that our current results will provide policymak-
ers and FP practitioners with valuable information to develop
or improve policies that best match the needs of each social
group, allowing for more efficient use of human, infrastruc-
ture, and monetary resources.

2 Methods
2.1 Dataset
The DHS Contraceptive Calendar data is a time series that in-
cludes retrospective, monthly records of reproductive status
(birth, pregnancy, termination), contraceptive use and discon-
tinuation, and reasons for discontinuation [Ali et al., 2012].
In the DHS survey, the pill, IUDs, injection, vaginal methods,
condom, female sterilization, male sterilization, and implants
are all classified as “modern contraceptive methods”. The
DHS survey also includes traditional and folk methods. Tra-
ditional methods include periodic abstinence (of any kind),
withdrawal, and lactational amenorrhea. Folk methods are
those referred to by respondents that do not belong to ei-
ther modern or traditional categories [Cintas et al., 2021;
Hubacher and Trussell, 2015]. We conducted our discontin-
uation data analyses using de-identified DHS Contraceptive
Calendars and Surveys, accessed on May 1, 2020, from Bu-
rundi in 2016, Ethiopia in 2016, Liberia in 2019, Nigeria in
2018, Sierra Leone in 2019, Uganda in 2016, and Zambia in
2018. We selected SSA countries with DHS Contraceptive
Calendar data collected after 2015 because this is the period
when modern contraceptive use increased the most in the re-
gion [Tsui et al., 2017; Cintas et al., 2021]. We consider
each country separately and carefully preprocess the data, re-
moving records that do not meet the eligibility criteria. We
considered information not older than five years from when
the survey was taken. We also included in our analyses de-
mographic and socioeconomic information recorded for each
respondent in the DHS survey.

1Intrauterine Device
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Eligibility Criteria, Outcome, and Preprocessing
We used individual-level potential confounding factors from
the Respondent’s Basic Data, Reproduction, Contraceptive
Table, Fertility Preferences, and Marriage sections of the
DHS surveys. Women who did not use modern contraceptives
such as injectables, pills, implants, emergency contraception,
or intrauterine devices [Hubacher and Trussell, 2015] in the
5-year window evaluated were excluded. We also excluded
women who did not undergo a “washout period” (no contra-
ceptive method used) of at least three months between two
different contraceptive methods because we would not have
been able to differentiate between the effects of said meth-
ods accurately. We assigned women who used injectables
to a hypothetical treatment group and those who used other
forms of contraceptives to the control group. If a woman
used both injectables and another form of contraception and,
thus, met the eligibility criteria for one group and then an-
other at different times (including a washout period), we as-
signed her randomly to one of the two groups. This ensures
both groups are clearly defined and minimizes any temporal
bias as a result of individuals using one method before the
other. Importantly, while contraceptive data from the DHS
is collected prospectively and retrospectively, allowing us to
monitor changes in women’s methods’ use longitudinally, the
socio-economic and demographic data contained in said Con-
traceptive Data are collected at a single point in time – thus,
we must assume that socio-economic and demographic data
for each woman is constant during the period we analyzed.

We randomly assigned respondents that meet the eligibil-
ity criteria for both the treatment and control at a certain (but
different) 12-month window to either the treatment or control
group. The outcome was a binary variable indicating whether
the woman discontinued within a 12-month window starting
from the month in which she adopted a method. We censored
the data at 12 months. If a woman only began to use any
method later than 12 months before the survey, we excluded
her from the analysis. We removed variables with more than
10% missing values. Numerical variables with at most 10%
missing were imputed by taking the median across the non-
missing rows. The DHS survey uses the keyword missing for
nominal variables with missing records, which we retain as
a category. Since the discontinuation data is retrospective,
we excluded post-treatment variables that revealed “future”
information when treatment was assigned (for example, the
number of births in the last five years). After all exclusions,
our sample contained 20, 703 individuals across the seven tar-
geted countries, with an average country-specific sample size
of 2, 958 (range: 2, 064 − 4, 218) (See Table 1) and 23 im-
puted and encoded variables2.

2.2 OverRule
To identify the sub-population in our analysis for which the
causal effect can be generalized from the data, we used the
OverRule algorithm [Oberst et al., 2020]. OverRule is used
to produce a set of, at most, seven Boolean rules to charac-
terize covariate regions where treatment groups overlap in our
dataset. Boolean rules comprise operators that help make log-

2See more details in the Supplementary Material.

ical statements and are useful in decision-making. The “and”
operator (also called a conjunction) combines two or more
conditions and yields a true statement only if all the condi-
tions are true. The “or” (also called a disjunction) operator
combines two or more conditions and yields a true statement
if at least one of the conditions are true, and the “not” oper-
ator negates a condition and yields the opposite of the corre-
sponding statement. A set of rules expressed as a disjunction
of one or more conjunctions of conditions is considered to be
in disjunctive normal form (DNF).

Let X represent the covariates, T ∈ {0, 1} be whether an
injectable contraceptive was used or not, and {(xi, ti)}ni=1 be
a realization of n points forming a dataset. Assuming the base
covariates have been binarized to form literals (e.g., Age >
18, or Region = West), OverRule’s first step is to uncover
a set of Boolean rules that approximates the marginal density
of Pr[X]. This is done by creating a Neyman-Pearson clas-
sification task [Rigollet and Tong, 2011] discriminating be-
tween the observed samples (the marginal density of X) and
a uniform distribution generated over X - the domain of X .
This procedure results in Boolean rules S that characterize
regions with high density in the covariate space. OverRule’s
second step is to estimate the overlap region within the high-
density region by filtering out points with extreme probabili-
ties of being treated, for example, by using one-class support
vector machines. This approach works by formulating the
density estimation problem as a binary classification prob-
lem between the observed samples and uniform background
samples. The background samples are simply a uniform dis-
tribution over an interval defined by the minimum and max-
imum values of each covariate. This second step also pro-
duces a set of rules, which are combined with the first set S
to form a characterization of the overlap set (Ô). As per Over-
Rule’s ruleset estimator requirements, we set a lower bound,
α = 0.95, on the probability mass of the subset of the data
described by the rules we estimate. We also set the multiplier
for the number of reference samples to 0.3. The regulariza-
tion parameters λ0,λ1 correspond to the fixed cost (penalty)
of a clause (set of literals) in a ruleset, and the cost of a literal
in a clause, respectively. Smaller λ0, λ1 result respectively in
more numerous rules and longer rules in the ruleset. Over-
Rule uses deciles as thresholds for literals involving continu-
ous covariates, providing balanced granularity to the rulesets
without making them overly complex. We also do a hyperpa-
rameter search using a grid of 100 values evenly spaced on a
log scale, and then select the values of λ that yield the least
complex ruleset with a balanced accuracy within 1 standard
error of the mean from the highest-accuracy ruleset [Breiman,
2017]. The balanced accuracy is computed from the true pos-
itive rate (the coverage of observed samples) and the false
positive rate (coverage of uniform reference samples) for a
given α and reference multiplier. After obtaining the Over-
Rule overlap ruleset, we estimate the causal effect on the
overlap set Ô.

2.3 Effect Estimation
We assume that the association between discontinuation and
the health reasons women report for said discontinuation is
positive perfect in the DHS data. In other words, when a
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reason for discontinuation is recorded, the discontinuation
should occur. Thus, the effect of injectable use could naively
be obtained from its association with discontinuation due to
health reasons (say Y ) i.e.,

(
E[Y |T=1]
E[Y |T=0]

)
where T = 0 refers

to other modern contraceptive use, and T = 1 is the use of
injectables. We refer to this as the unadjusted treatment ef-
fect. However, it is important to acknowledge that due to
confounding factors, this effect estimate is not free from bi-
ases – for example, a woman without the necessary financial
means may use the pill because it is cheaper than alternatives,
even though she may have concerns about its side-effects.

We use Rubin’s potential outcomes framework to address
this bias and estimate the average treatment effect (ATE)
of injectable use on the discontinuation [Imbens and Ru-
bin, 2015]. Let Yi(1), and Yi(0) represent the hypotheti-
cal outcomes of units i = 1, · · · ,m under treatment and
no treatment, respectively. The ATE can then be defined
as E[Yi(1)/Yi(0)] Under the assumptions of overlap, ex-
changeability, and consistency [Imbens and Rubin, 2015],
we can estimate the hypothetical E[Y (t)] from the observed
E[Y | T = t,X]. We further aim to validate the overlap as-
sumption and rely on the breadth of data to address exchange-
ability. We filter out treatment-naive individuals (i.e., those
that do not fit the eligibility criteria described in Section 2.1
to ensure proper control.

2.4 Analyses
We selected confounders in the DHS survey according to their
expected direct influence on the use of particular modern con-
traceptive methods and their potential influence on the out-
come – i.e., discontinuation due to health concerns [Michael
and Scent, 2017; Cahill et al., 2018; Ahmed et al., 2019;
Dey, 2019; Dickerman et al., 2019]. A key limitation of our
study is that these confounders were assessed at the time of
the survey, while the decision to use a particular method was
made prior to that moment. Thus, we must assume that the
values of those variables are equally reflective had they been
measured before the decision to use a method was made. In
this regard, as discussed earlier, we exclude variables from
the DHS data that reveal future information at the time the
treatment was assigned. In sum, we made the following as-
sumptions.

1. Within a 5-year period, socio-economic factors like re-
gion, residence, education, literacy, and wealth-index
did not change drastically across the population.

2. Within a 5-year period, access to contraceptive informa-
tion, knowledge about contraceptive use, and access to
media, did not change drastically across the population.

3. Within a 5-year period, demographic factors such as age,
marital status, and sex of household head did not change
drastically across the population.

4. Within a 5-year period, variables related to reproductive
health choices such as exposure, unmet need, ideal num-
ber of children did not change drastically across the pop-
ulation.

5. There were no unmeasured confounders, particularly in-
terventions that could invalidate the assumptions made

in 1-4.

With the dataset described in Section 2.1, we estimate the
ATE and apply OverRule to identify and characterize regions
of covariate overlap for robust estimations. Thus, we can pre-
cisely communicate to whom in each country the ATE esti-
mate applies using the rulesets produced by OverRule. The
codebase to replicate the analyses is available in a public
repository hosted by GitHub3.

2.5 Causal Inference for Contraceptive
Discontinuation

Inverse probability weighting (IPW) and overlap weighting
(OW) are two statistical methods used in causal inference to
help account for confounding variables that may bias the es-
timated effects of a treatment on an outcome. IPW works
by computing the probability of each observation to be as-
signed to their treatment group – referred to as the propensity
score – and then assigning them a weight that is the inverse of
that probability. Intuitively, IPW upweights observations that
are less likely to be assigned to their treatment group, and
downweighs those more likely. By doing so, the weighted
sample is now more similar to a randomized controlled trial,
where the distribution of confounding variables is balanced
between the treatment and control groups. OW helps balance
the distribution of confounding variables in the overlap re-
gion of the treatment and control groups, rather than across
the entire sample like IPW. The overlap region is the area of
the dataset that, based on the values of the confounding vari-
ables, includes observations that could have potentially been
in either the treatment or control group. OW downweighs ex-
treme observations that are less likely to have a counterpart
in the other treatment group, resulting in more stable (and
less variation in) treatment effects. In sum, IPW and OW
rely on conditional exchangeability when used for causal in-
ference. That is, conditioning on the covariates included in
the propensity score estimation suffices to control for all con-
founding and are useful methods for causal inference in non-
randomized studies, as they reduce confounding bias in the
estimated treatment effects.

Risk-ratio (ATE) estimates greater than 1 imply discontin-
uation rates due to health reasons increase with increased use
of injectables when compared with the control set, while con-
founding variables are kept constant. Such risk ratios would
provide evidence that injectables may create more health
problems or concerns than other modern methods and, thus,
be damaging for the users. A risk − ratio < 1 implies that
injectables do not create more health problems or concerns
than other modern methods and may confer a benefit. We
estimate the ATE with IPW [Rosenbaum and Rubin, 1983]
and OW [Thomas et al., 2020] using the causallib package
4. We obtain the ATE on the full dataset and on the overlap
set estimated using OverRule. In all of our analyses, we use
calibrated logistic regression (CLR) as the propensity model.
Calibration is especially important when the model is regular-
ized because the theoretical guarantees of propensity scores

3https://github.com/aknvictor/overlap-fp
4https://github.com/BiomedSciAI/causallib
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T=1 T=0

Burundi N(%) 1461(58.7) 1029(41.3)
D(%) 342(23.4) 163(15.8)

Ethiopia N(%) 1916(68.1) 899(31.9)
D(%) 169(8.8) 64(7.1)

Liberia N(%) 1382(67.0) 682(33.0)
D(%) 308(22.3) 88(13.9)

Nigeria N(%) 1133(41.8) 1575(58.2)
D(%) 243(21.4) 165(10.5)

Sierra Leone N(%) 1281(44.0) 1631(56.0)
D(%) 235(18.3) 165(10.1)

Uganda N(%) 2889(68.5) 1329(31.5)
D(%) 786(27.2) 222(16.7)

Zambia N(%) 1235(64.7) 2261(35.3)
D(%) 359(15.9) 176(14.3)

Table 1: Size (N) of the sample population that meet the eligibility
criteria with proportions across treatment groups (T). T = 1 refers
to injectable use, and T = 0 refers to other modern contraceptive
use. We also show the discontinuation counts and percentage (D)
across treatment groups.

assume the true conditional probabilities of treatment assign-
ment, and it is up to us to check if our model captures our
probabilistic interpretation (36,37). We split the data into
train and test sets – train set (70%) for modeling and test
(30%) for evaluation, as is standard practice in machine learn-
ing - inferring the causal effect on the test set. Here, we fol-
low Athey and Imbens’ “honest effect” construct approach to
reduce bias in effect estimation stemming from model overfit-
ting [Athey and Imbens, 2016]. We regularize the CLR mod-
els with ridge regression and calibrate with Platt’s method
[Platt and others, 1999], choosing the hyperparameter value
that maximizes AUC (Area under the ROC Curve), mini-
mizes weighted AUC, and is well-calibrated, as detailed in
the framework proposed by Shimoni and colleagues [Shimoni
et al., 2019]. We then estimate the ATE twice using both IPW
and OW and report 95% confidence intervals from 1000 boot-
strap samples. We also estimate the placebo effect, which is
expected to be close to 1, by replacing the treatment assign-
ment with a random variable drawn from a Bernoulli distri-
bution with the same mean as the treatment prevalence.

Finally, as discussed, overlap is a requirement for the iden-
tification of the treatment effect; the use of IPW and OW on
the full dataset may not provide reliable insights. This is be-
cause the weights can become extremely large for individu-
als in non-overlapping regions, resulting in skewed estimates.
Nonetheless, we may compare the estimates on both the over-
lap and full dataset. If the estimates are similar, it suggests
that the treatment effect is relatively uniform across the pop-
ulation, and the lack of overlap might not be introducing sig-
nificant bias. On the other hand, if there is a discrepancy, then
the resulting estimates on the overlap set do not generalize to
the entire population.

3 Results & Discussion
As previously described, after applying our inclusion and
exclusion criteria, our sample contained 20, 703 individu-

Marginal IPW OW

Burundi 1.46(1.08,2.02) 1.41(1.04,1.98) 1.43(1.06,1.99)
Ethiopia 1.26(0.79,2.24) 1.1(0.67,2.0) 1.13(0.7,2.03)
Liberia 1.76(1.22,2.77) 1.39(0.95,2.19) 1.41(0.96,2.22)
Nigeria 2.01(1.46,2.86) 1.67(1.17,2.36) 1.65(1.18,2.33)
Sierra Leone 1.86(1.33,2.69) 1.69(1.19,2.45) 1.68(1.19,2.44)
Uganda 1.62(1.29,2.11) 1.54(1.19,2.0) 1.54(1.21,2.0)
Zambia 1.12(0.84,1.54) 1.08(0.8,1.52) 1.09(0.8,1.51)

Overlap cohort (% of overall)

Burundi (92.44%) 1.38(1.02,1.95) 1.37(1.01,1.95) 1.38(1.01,1.95)
Ethiopia (91.04%) 1.15(0.71,2.09) 1.12(0.67,2.13) 1.16(0.7,2.1)
Liberia (94.18%) 1.62(1.11,2.61) 1.39(0.94,2.35) 1.41(0.96,2.26)
Nigeria (95.71%) 2.06(1.49,2.96) 1.71(1.21,2.45) 1.68(1.2,2.42)
Sierra Leone (94.5%) 1.81(1.26,2.66) 1.52(1.05,2.23) 1.53(1.05,2.23)
Uganda (94.68%) 1.65(1.29,2.15) 1.54(1.2,2.01) 1.55(1.21,2.03)
Zambia (93.44%) 1.13(0.85,1.57) 1.08(0.81,1.51) 1.08(0.81,1.51)

Table 2: Estimation of the effect of injectables on discontinua-
tion due to health concerns for DHS Burundi 2016, Ethiopia 2016,
Liberia 2019, Nigeria 2018, Sierra Leone 2019, Uganda 2016, Zam-
bia 2018 with 95% CI. We show the marginal effect, the ATE us-
ing IPW and OW. We report the effects on the overall dataset and
the overlap subset corresponding to the ruleset characterized by the
Overrule support ruleset estimator.

als from seven targeted countries, with an average country-
specific sample size of 2, 958 (range: 2,064 - 4,218) (Table 1).
Our analyses of said data show injectables to be the most
used modern contraceptive method in all seven countries. In
five of those countries, injectables were also the predominant
method used after the washout period in the control set (rang-
ing from 58.7% to 68.5%). We report the distribution of the
covariates grouped by treatment level in Table 2.

3.1 Causal Effect Estimates
First, we computed the unadjusted effect of injectable use
on discontinuation due to health concerns (termed Marginal).
We did so by comparing the discontinuation across treatment
and control groups (ranging from 1.12 to 2.01). Next, we esti-
mated the treatment effect (adjusting for potential confound-
ing) and observed an overall weak positive effect for discon-
tinuation due to health concerns associated with the use of
injectables (95% CI = ranging from 1.08 to 1.69) in four of
the seven countries, shown in Figure 1(a). This effect esti-
mate remains stable when either IPW or OW is used. Fig-
ure 1(b) shows that the effect estimate does not change dras-
tically when restricted to the overlap cohorts, which comprise
most of the women in the overall cohort for all the countries
ranging from 91.04% to 95.71%. The placebo effect provides
a metric to refute the above ATE estimate. The ATE of the
placebo is always close to 1 (See Table 1, Supplementary
material). In summary, consistent with the existing litera-
ture, individuals using injectable contraceptives are up to two
times more likely to stop using them compared to those using
other modern contraceptive methods. However, this relative
increase in discontinuation lowers after adjusting for socio-
economic factors.

3.2 Overlap
Characterization of overlap was consistent across all seven
countries. The variables that characterized women likely to
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Figure 1: Estimates of side-effect discontinuation risk on the overall dataset (left) and estimates of side-effect discontinuation risk on the
overlap subset corresponding to the ruleset characterized by the OverRule support ruleset estimator (right). For both cases, using DHS
Ethiopia 2016, Nigeria 2018, Sierra Leone 2019, Burundi 2016, Zambia 2018, Liberia 2019, Uganda 2016 with 95% CI. We show the
marginal effect, the ATE using IPW and OW.

use modern contraceptives were age, age at first sex, cohab-
itation duration, education, exposure to FP information and
public media, their ideal number of children, knowledge of
the ovulatory cycle, marital status, region, unmet need, and
wealth index. We show detailed rulesets in Figure 2 for Zam-
bia. The remainder of the rulesets for Burundi, Ethiopia,
Nigeria, Sierra Leone, Uganda, and Liberia are in the Sup-
plementary Material.

3.3 Discussion
Our results suggest that causal inference methods can, as
proposed, be effectively used to advance our understanding
of the causes of contraceptive method discontinuation. Said
methods, combined with extant DHS survey data from seven
sub-Saharan countries between 2016 and 2019, allowed us to
identify that, in those countries, discontinuation due to health
concerns was more likely given the use of injectable contra-
ception compared to other modern methods. Causal inference
methods also allowed us to estimate the size of the effect
of health concerns on discontinuation with the sample ana-
lyzed. Furthermore, we were able to characterize regions of
covariate overlap, which would allow for the generalization
of the estimated effects to regions with similar common co-
variate support, thus allowing us to reliably cross-reference
sub-populations. To accurately estimate a treatment’s (ex-
posures, intervention, or program) causal effects, treatment
group overlap is required. In randomized control trials, care-
fully designed inclusion and exclusion criteria ensure treat-
ments of interest are applied to every subgroup of the study
population. However, in observational studies, where individ-
uals self-assign to treatment based on their covariates such as
age, level of education, income, etc., such guarantees do not
exist. When overlap does not hold globally, local regions of
overlap may still exist, and characterizing such regions, in in-

terpretable ways, can inform the relevance of any causal con-
clusions for new individuals with these characteristics (e.g.,
individuals within a specific geographical region or income
bracket). Likewise, identifying individuals (in the case of this
study, women) that violate the overlap assumption - for ex-
ample, individuals from a certain geographic region overly
represented in the control and not the treatment - enables the
identification of individuals for which subsequent causal rela-
tionships do not apply, which reduces errors in effects estima-
tion. In this case, our results showed a weak positive risk in-
crease of discontinuation for women using injectable contra-
ceptives across four different countries. Women likely to use
modern contraceptives showed overlaps in terms of age, age
at first sex, cohabitation duration, education, exposure to FP
information and public media, the ideal number of children,
knowledge of ovulatory cycle, marital status, region, unmet
need, and wealth index. Injectable contraceptives were the
most common method used in the seven sub-Saharan coun-
tries analyzed and, in five of them, it was also the method
most frequently adopted after women re-initiated FP after a
washout period. Yet, injectables were also associated with
higher health concerns and these concerns were the cause of
women’s discontinuation of injectables in four of the seven
countries. Our findings are consistent with a previous asso-
ciative analysis of DHS data. Using data from 25 countries,
[Ali et al., 2012] reported that method-related dissatisfaction
was the most common reason for the discontinuation of mod-
ern contraceptive methods and injectable contraceptives pre-
sented the highest discontinuation likelihood. In their study,
35% of women discontinued injectables by the end of the first
year of their adoption, and by the end of the second year that
rate reached 51% [Ali et al., 2012]. The authors suggested
that these differences may be partially explained by varia-
tions in access to information regarding contraceptive meth-
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Support Rules 𝒮

"𝒪 = (S.1 𝑜𝑟 S.2)
93.44%

Respondent's current age > 35 
and Region is not "Muchinga”
and Education in single years <= 14
and Cohabitation duration (grouped) is not "5-9”
and Cohabitation duration (grouped) is not "30+”
and Age at first sex <= 28

Respondent's current age <= 35
and Education in single years <= 14
and Cohabitation duration (grouped) is not "20-24" 
and Cohabitation duration (grouped) is not "30+" 
and Age at first sex <= 28

Rule S.2

Rule S.1

Figure 2: Rulesets that describe individuals in DHS Zambia 2018
likely to use injectables as well as the contraceptive methods in the
control set. An individual is in the overlap set if any of the support
rules apply. The ruleset covers 93.44% of the data, with balanced
accuracy of 90.1.

ods and their side effects, which differed significantly across
age groups. Finally, we have also learned from the overlap
analysis that reliable causal inference may be drawn from a
significant proportion of the sample population (up to 95%).

3.4 Limitations
Our analyses are limited by three factors. First, DHS’s Con-
traceptive Calendar data may be affected by recall bias -
women are asked to recall several months of contraceptive
use, and their recall can be inaccurate [Rickert et al., 1999;
Dehlendorf et al., 2014]. However, as recall bias is expected
to be uniform among the sub-groups we compared, its ef-
fects on our conclusions should be minimal. Second, we
used a washout period of three-months to account for in-
jectables’ side effects and the health concerns they can raise.
Said washout period is clinically reasonable and increasing
it would have resulted in the exclusion of a vulnerable group
of women - those that have the highest need to prevent preg-
nancy. Lastly, we assumed confounding biases and made as-
sumptions in terms of the factors that could be causing them,
whereas there may be numerous factors that lead to confound-
ing bias not captured by the DHS Survey.

3.5 Significance
Access to safe, appropriate contraceptive methods is lacking
in many LMICs. An estimated 218 million women aged 15-
49 require, but do not have, access to appropriate contracep-
tion methods in LMICs, which contributes to the extremely
elevated rate of unplanned pregnancies observed in these
countries (approximately 49% of all pregnancies) [Sully et
al., 2020]. Importantly, discontinuation of injectable contra-
ceptives is a strong predictor of unplanned pregnancies [Bel-

lizzi et al., 2020; Jain and Winfrey, 2017]. In turn, unplanned
pregnancies are linked to higher social and health risks for
mothers and their children [Ameyaw et al., 2019]. Our
findings, thus, have critical implications for public health,
reproduction decision-making, and women’s and their chil-
dren’s wellbeing. Strong reproductive health policies have
been shown to increase contraceptive uptake in some LMIC
contexts such as the sub-Saharan countries of Rwanda and
Malawi [Cothran, 2017; Muhoza et al., 2016].

Here, we show how causal inference methods combined
with machine learning techniques can be applied to exist-
ing, country-specific survey data to learn and extrapolate
from successful policies. Multivariate distributions governing
high-dimensional data are usually hard to study, thus classical
methods for assessing covariate overlap usually reduce prob-
lems to one-dimension. Within this context each covariate
tends to be marginally examined, comparing summary statis-
tics like their standardized mean difference. Another fre-
quent approach is to summarize multivariate distributions into
propensity scores and compare the distribution between treat-
ment and control groups. More modern approaches apply
machine learning methods to study covariate overlap in high-
dimensional spaces. Yet, as data complexity increases, so do
the statistical approaches used to account for it, and results
become harder to interpret. Conversely, by using Boolean
rulesets, our proposed methodology produces characteriza-
tions that are simpler to interpret, which requires practitioners
to simply cross-reference sub-populations with said rulesets.
These rulesets describe groups for whom outcomes related to
contraception use are likely to align. Variables that are not
found to impact the outcome variable are not described in the
ruleset. One example of a group description extracted from
our analysis suggests that women in DHS Nigeria (2018) who
have an ideal number of children less than or equal to 12 and
describe their unmet need for contraception to be any reason
except for “spacing failure”, are part of a group that is likely
to use injectables to the same efficacy (i.e., will discontinue at
the same rate) as other modern contraception. In the Nigeria
ruleset, no other variables (marital status, region, education,
etc.) were found to impact rates of injectable contraceptive
discontinuation. The ruleset in our analysis is found to cover
95.71% of the data for DHS Nigeria (2018).

The emergence of new reliable data, such as PMA2020
survey data5, paired with digital data collection methods de-
signed specifically for FP, and causal inference methods,
should provide useful insights for policy development and
implementation for health services providers and women
around the world. Furthermore, causal inference methods
could also be useful to tackle other critical women’s repro-
ductive health issues for which population representative data
is, or is becoming, available. Causal inference combined with
machine learning can be applied to improve our understand-
ing of social and ecological determinants of women’s repro-
ductive transitions, including menarche, age at first sex, age at
first birth, and age at menopause [Alinia et al., 2021], which
are known to be critical determinants of women’s health and
wellbeing.

5https://www.pmadata.org
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Ethical Statement
This research uses human subject data made available from
the DHS portal, the procedures and questionnaires for stan-
dard DHS surveys have been reviewed and approved by
ICF Institutional Review Board (IRB). Additionally, country-
specific DHS survey protocols are reviewed by the ICF IRB
and typically by an IRB in the host country. ICF IRB ensures
that the survey complies with the U.S. Department of Health
and Human Services regulations for the protection of human
subjects (45 CFR 46), while the host country IRB ensures that
the survey complies with laws and norms of the nation6.
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