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Abstract
Empowering women is a policy goal that has received a lot of interest from policy-
makers in the developing world in recent years, yet little is known about effective
ways to promote it sustainably. Most existing interventions fail to address the mul-
tidimensional nature of empowerment. Using a double matching design to construct
the sampling frame and to estimate causal effects, I evaluate the long-term impact of
a multifaceted policy intervention designed to improve women’s empowerment in the
Atlantic region in Colombia. This intervention provided information about women’s
rights, soft skills and vocational training, seed capital, and mentoring simultaneously.
I find that this intervention has mixed results: there are improvements in incomes and
other economic dimensions along with large political and social capital effects, but
limited or null impacts on women’s rights knowledge and control over one’s body.
Using a list experiment, I even find an increase in the likelihood of intra-household vio-
lence. The results highlight the importance of addressing the multidimensional nature
of women’s empowerment in policy innovations designed to foster it and incorporating
men in these efforts.
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1 Introduction

Women’s empowerment is a critical component of economic development, yet very
uneven progress has been observed in this regard (Doepke & Tertilt, 2011) and Jay-
achandran (2015). Following (Fox&Romero, 2017) andBandiera et al. (2020), I define
women’s empowerment as a set of multidimensional outcomes to be approached by
attitudes and behaviors in four critical dimensions: economic, political, social, and
control over one’s body.1 Although women’s empowerment is a relevant policy goal
now everywhere, progress towards this goal has been very slow in the developing
world (Duflo, 2012) and World Bank (2012).2 The standard policy response to this
dramatic situation is based on a set of interventions that aim to attack one particular
barrier to women’s empowerment, yet these efforts have been shown to have limited
success.3 A promising area of improvement can be based on the design of multifaceted
interventions that simultaneously target different dimensions ofwomen’s disadvantage
but little is known about the effects of this kind of program.4 Very few interventions
address empowerment in a multidimensional way, and there is limited evidence on
their impacts. Therefore, whether a multifaceted policy intervention can sustainably
break this low-level empowerment equilibrium remains largely unanswered.

In this paper, I study the effects of “Transformate TuMujer” (TTM), a multifaceted
empowerment intervention implemented by the Government of the Atlantico in the
Colombian Caribbean, on a large set of economic, political, and social outcomes.
Because women’s empowerment is multidimensional, complementary interventions
are needed to break the low-level empowerment equilibrium women in the Atlantic
Colombian face. This program was designed to provide training on soft skills (includ-
ing training modules on women’s rights and self-esteem), vocational training with
an emphasis on technical skills (including the development of a business plan with
experts’ support), mentoring, and in-kind seed capital to women entrepreneurs older

1 Empowerment was introduced into economics by Sen (1999) and is related to fundamental concepts
such as power and agency. Common elements in existing frameworks (Fox & Romero, 2017) include
aspirations and self-efficacy as well as the behavioral dimension of action, the fact that individuals operate
in environments with formal and informal behavioral constraints, and the idea that empowerment is a
process and an outcome. Although there are some important differences among them, these approaches are
interpreted as complementary in the rest of the paper.
2 The empirical evidence is clear in this regard. Female participation in the labor market is still low, with
labor earnings typically below those of men for similar occupations (Klasen, 2019) and Jayachandran
(2020). Many women have children at a younger age due to limited access to contraceptive methods, and
lack of information (Upadhyay et al., 2014). Educational opportunities are still unequal (Aslam, 2013)
and Heath and Jayachandran (2018), and violence towards women is more prevalent and acceptable due to
social norms (Vyas&Watts, 2009). Gender gaps in political participation and voice are still prevalent, which
has led to a large underrepresentation in political office and leadership positions (Milazzo & Goldstein,
2019). Although some progress in many economic, political, and social dimensions has been documented
(World Bank, 2012) and Buvinic and Furst-Nichols (2016), there are many areas in which women still face
considerable disadvantages with respect to men.
3 A review paper of (mostly) unidimensional empowerment interventions by Baird and Ozler (2016) con-
cludes that “...studies that exist generally do not point to meaningful and sustained effects on key indicators
of economic empowerment.” (p. 16)
4 Few papers have explored women’s empowerment using multifaceted interventions. Recent examples
include (Austrian et al., 2020) (Bandiera et al., 2020), (Buehren et al., 2017), (Elsayed & Roushdy, 2017),
and Prennushi and Gupta (2014).
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than 18 years old with a business or business idea. This follows the same logic of the
recent wave of graduation programs, where multiple interventions are simultaneously
delivered to break a poverty trap (Banerjee et al., 2015) and Bandiera et al. (2017). I
evaluate the long-term impacts of this program 4 and 5 years after its completion.

Studying the effects of this multifaceted intervention faces a non-trivial set of
methodological challenges. As is common in many retrospective evaluation designs,
baseline data were not collected before the intervention began in 2012. Therefore,
this study’s fundamental methodological challenge consists of constructing a valid
control group to identify the counterfactual state of program participants. I deal with
this challenge by exploiting pre-treatment data recovered from the National System
of Social Programs’ Beneficiaries (SISBEN). I secured access to the socio-economic
information of more than 2.5 million individuals in the areas of the program’s cover-
age. Although using SISBEN data allows me to solve data restrictions in this setting,
it can only capture socioeconomic characteristics from TTM beneficiaries who are
vulnerable to poverty. However, it could be argued that this is a relevant group from a
policymaker’s perspective.5

Using the program’s administrative records, I identify a sub-group of the program’s
beneficiaries that are also registered in SISBEN records. For this sub-group of former
program participants, I recovered a broad set of pre-treatment characteristics for 2011,
a year before the start of the intervention. To construct the control group, I identify
women of similar socio-economic characteristics as this previous group from SIS-
BEN’s records using a genetic matching algorithm (Diamond & Sekhon, 2013). This
matching algorithm is used as a pre-processor tool in the sense of Ho et al. (2007). For
each identified program participant in SISBEN’s records, I identify at least three indi-
viduals with similar pre-treatment characteristics based on the matching algorithm.
This process allowed me to identify a sampling frame for the study that is based on a
set of individuals who are similar in a large set of socio-economic characteristics.

Using this sampling frame, a survey companycarried out thefieldwork for collecting
a household survey with information on a large number of empowerment outcomes
and related information in March 2017. This company followed all standard statistical
procedures to collect this survey but used a sampling frame designed to ensure that
treated and comparison units are similar ex-ante in a relevant set of socio-demographic
dimensions. To the best of my knowledge, this strategy has not been used before in
the way proposed in this paper. Using this sample, genetic matching is used again, but
this time to identify a causal relationship in combination with the nearest neighbor
matching estimator proposed by Abadie and Imbens (2006) and Abadie and Imbens
(2011). This combination is based on the advantages of both algorithms. On the one
hand, genetic matching has been shown to have the best performance in achieving
covariates balance among a large set of alternative matching and machine learning
algorithms (Colson et al., 2016). On the other hand, the matching estimator proposed

5 Unfortunately, data for the program’s participants not included in SISBEN is not available. The infor-
mation collected by the program was minimal; therefore, this group of participants was discarded when
constructing the sampling frame. Consequently, I cannot provide details about this set of participants.
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byAbadie and Imbens (2006) andAbadie and Imbens (2011) has the best performance
among non-experimental estimators to recover experimental results (McKenzie et al.,
2010).

The TTM program has mixed effects on women’s empowerment. In the case of
economic empowerment, I find a positive set of impacts on economic well-being
indicators. TTM is causally related to a 31% increase in monthly income, a 26%
reduction in amultidimensional poverty indicator, and a 50% increase in the likelihood
of being employed. I also document large effects on labor supply (either measured in
terms of occupation, working hours, or related measures) and an increase in savings
(56% for women and 31% for other household members). On the other hand, I find
no impact on household assets.

In terms of political and social empowerment, the evidence is mixed. I find no
changes in terms of household decision-making power, but an increase in several polit-
ical participation and social capital indicators. Unfortunately, I also find an increase
of 15% in the likelihood of experiencing intimate partner violence (IPV) using a list
experiment. Regarding dimensions of knowledge and attitudes on women’s rights, I
find the program plays no role in changing outcomes related to these dimensions. In
sum, the program is related to valuable empowerment dimensions on the economic,
political, and social sides butwithmoremixed evidence regarding impacts on decision-
making within the household as well as attitudes and beliefs about women’s rights.
Evenworse, the program is associatedwith an increase in IPV.Most of these results are
robust to violations in the “selection on observables” assumption using the sensitivity
analysis proposed by Rosenbaum (2002).

This paper is related to a growing literature on women’s empowerment in devel-
oping countries. Existing evidence is mostly non-experimental and has been surveyed
elsewhere (Duflo, 2012), (Buvinic & Furst-Nichols, 2016), (Buvinic & O’Donnell,
2019), and World Bank (2012). A small yet growing experimental literature has been
produced in recent years, mostly focused on the effects of multifaceted interventions
on young girls. The evidence is mixed, with some programs showing important effects
on empowerment (Bandiera et al., 2020),6 and others showing partial (Buehren et al.,
2017)7 or null evidence of impacts (Austrian et al., 2020).8 Non-experimental evi-
dence about multifaceted empowerment interventions is also scarce but it seems to be

6 They study the Empowerment and Livelihood for Adolescent (ELA) program in Uganda, which provides
vocational and soft skills training using social clubs. This programwas implemented by theNGOBRACand
was expanded to several countries in Africa and Asia, including Liberia, Nepal, Sierra Leone, South Sudan,
and Tanzania. This program successfully increased girls’ participation in economic activities, reduced early
pregnancy and marriage, and raised aspirations regarding marriage, childbearing, and fertility.
7 They study a similar ELA program in Tanzania that included a microcredit component and explored
similar outcomes as Bandiera et al. (2020) without finding improvements in any of these outcomes but
some evidence in terms of increases in savings.
8 They study the AGEP program’s effects in Zambia on empowerment outcomes for young girls. This
program provided vocational and socio-emotional skill training using clubs, vouchers for health services,
and a savings account. The intervention did not lead to relevant changes in economic assets, educational,
or fertility outcomes.
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more positive as suggested by Elsayed and Roushdy (2017)9 and Prennushi and Gupta
(2014)10 for Egypt and India, respectively.

This paper differs from this previous literature regarding the dimensions of empow-
erment addressed by TTM and the scope in terms of evaluation outcomes. Except for
Prennushi and Gupta (2014), most existing multifaceted interventions are based on
vocational and life skills training, sometimes bundled with financial services. TTM
incorporates these dimensions and includes mentoring and seed capital (including
inputs and equipment), which is expected to tackle multiple and interlinked con-
straints to women’s well-being by exploiting potential complementarities between
the program’s components. In terms of outcomes, this paper studies a larger set of
economic, social, political, and psychological outcomes, including effects on IPV. In
this sense, this paper adds to the existing literature by analyzing the effects of a more
complex multifaceted intervention on a more rich set of outcomes.

This paper is also related to literature that explores the effects of interventions that
focus on partial aspects ofwomen’s empowerment regarding treatments and outcomes.
These include papers that explore the effects of one dimension of women’s empow-
erment on multidimensional or uni-dimensional outcomes, which is limited since
improvements in some dimensions can be accompanied by reductions in others (Fox
&Romero, 2017). For instance, a large literature has explored the effects of vocational
and business training with mixed results.11, and a recent scholarship has shown that
life or socio-emotional skills can have large effects on economic empowerment.12

Some recent evidence suggests that mentoring can be a powerful yet cost-effective
strategy to promote women’s economic empowerment.13 At the same time, scholars

9 They analyze the effect of an empowerment intervention in Egypt based on vocational, business, and
life skills training (including some basic support for legal registration and opening bank accounts) on labor
market and entrepreneurship outcomes. Using a matching-differences in difference design, the authors find
medium-size effects of this intervention on labor outcomes.
10 They study the effects of an empowerment program in India that provided seed funds, access to financial
services, and training in business and life skills on a broad set of assets and expenditures, human devel-
opment, and women’s empowerment outcomes. The authors find positive impacts on asset accumulation,
increases in household expenditures, and larger investments in education, along with positive changes in
women’s autonomy, mobility, and participation in social activities.
11 The evidence for vocational training suggests that these interventions have some effects on labor market
outcomes but they are typically modest (McKenzie, 2017) These results do not seem to be different for
women. Regarding business training, the evidence suggests that they are effective in improving business
practices but their effects on profits and business survival are small (McKenzie, 2021) and (Woodruff &
McKenzie, 2012).
12 A recent scholarship has shown that soft skills can boost profits, employment, and crop adoption for
women (and also men). See, for instance, the evidence provided by Edmonds et al. (2021) for India, Ashraf
et al. (2020) for Zambia, Campos et al. (2017) for Togo, Montalvao et al. (2017) for Malawi, and Croke et
al. (2017) for Nigeria.
13 Two recent papers have shown the positive impacts of mentoring on microenterprise-level outcomes.
Brooks et al. (2018) study the effects of a mentorship program for inexperienced female microentrepreneurs
in Kenya finding a 20% increase in profits. On the other hand, Lafortune et al. (2018) evaluate a similar
intervention in Chile where personalized consulting sessions are compared to role models. These role
models are former participants of a training program. They find that both interventions raised household
income by 15%, being the role model one more cost-effective.
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have shownmixed effects of providing capital to entrepreneurs.14 This paper builds on
the existing literature about the effects of these programs by analyzing the impacts of a
bundled empowerment intervention that includes all these dimensions simultaneously.

The rest of the paper is organized as follows. Section2 provides details about the
institutional setting and the TTM program. Section3 introduces the research design,
and Section 4 presents the empirical results. Section5 explores additional results,
and Section 6 presents the results of the sensitivity analysis. Section7 concludes by
discussing the implications of this paper’s findings.

2 Institutional setting

2.1 Women’s empowerment in Colombia

According to the Global Gender Gap Report 2020 (World Economic Forum, 2019),
Colombia ranks 22 out of 153 countries in terms of the global gender gap index, an
indicator designed by the World Economic Forum to measure progress towards the
gender equality goal. This good performance is driven by significant progress in terms
of educational attainment and health conditions where gender gaps have disappeared.
However, important gaps remain in terms of economic opportunities and political
empowerment.

In terms of education, women’s participation in tertiary education almost doubled
in the past decade. Now, 6 out of 10 women between 17 and 21 years old are enrolled
in a university or technical-level institution (ONU MUJERES, 2018). There are no
gaps in terms of enrollment in primary and secondary education, and the literacy rate
is close to 100% for both sexes, but some gaps persist in terms of learning as measured
by standardized tests (World Economic Forum, 2019) and Sanchez (2018).

Regarding health, almost universal and gender-equal coverage was achieved by
2017, although quality issues remain a challenge for the country (ONU MUJERES,
2018). Healthy life expectancy is high (70 years), close to the standards of devel-
oped nations like Sweden (73.4) or Canada (74.3), and above most of its neighbors
(World Economic Forum, 2019). This contrasts with women’s exposure to IPV, where
Colombia ranks second in a sample of Latin American countries, with a prevalence
of physical violence of 17.5% and sexual violence of 3.8% (Bott et al., 2019). Even
worse, 2.7 women per day were murdered in 2017 (IDEA et al., 2019).

In terms of economic empowerment, progress toward gender equality has been
slow and very unequal. According to official statistics, the gender gap in labor market
participation is still high (21%) and has remained almost the same for the last decade
(ONU MUJERES, 2020). Unemployment is higher for women (14% over 8% for

14 The evidence in this regard is mixed. de Mel et al. (2008) documents large effects of small infusions of
capital on profits for male-headed small enterprises. The short-term effects are close to 6% and five years
later are close to 12% (de Mel et al., 2012). The effect for female-headed small firms is indistinguishable
from zero. Fafchamps et al. (2016) study a similar intervention in Ghana, finding differential effects by
gender. In the case of female-owned microenterprises, only in-kind grants seem to have a positive effect,
especially for businesses of larger size. However, if one focuses on smaller female-headed firms, the returns
to capital disbursement are close to zero.
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men), and awoman earns 88%of aman’swage (ONUMUJERES, 2018) and (Fonseca,
2019).Moreover, the fraction of womenwithout income is 3 times the same proportion
for men (ONU MUJERES, 2020). It is not surprising that the incidence of poverty
among women is higher: 120.3 women are poor for every 100 men (ONUMUJERES,
2018). This indicator has been worsening in the last decade.

Progress in terms of political empowerment has also been limited (IDEA et al.,
2019). Although 50% of ministerial cabinets are female, the fraction of women in
the parliament is only 27% (World Economic Forum, 2019). In 2018, only 12.1%
of elected mayors and 17.6% of elected city council members were female (ECLAC,
2020). Part of the gap is explained by the fact that fewwomen decide to run for political
office. For instance, the fraction of women running for Congress was only 34.5%
(IDEA et al., 2019). Even though some progress has been observed in the past decade
(World Economic Forum, 2019), Colombia’s political empowerment performance is
still below the regional average.

These numbers hide important heterogeneities and inequalities. Many of those
indicators are worse for poor women in the Atlantico department, the typical TTM
participant in the evaluation sample. For instance, in terms of economic empowerment,
the participation rate, the unemployment, and the wage gap are larger in Atlantico
than the national average (Fonseca, 2019).15 This is similar to other dimensions of
empowerment. Therefore, although Colombia shows areas of substantial progress in
terms of women’s empowerment along dimensions that required additional effort, it is
crucial to keep in mind that the Atlantico department is behind in terms of economic
and social opportunities for women in comparison with the country’s averages.

2.2 “Transformate TuMujer” program

2.2.1 The intervention

TTM was implemented by the Women and Gender Equality Secretariat of the Gov-
ernment of Atlantico to improve women’s empowerment along multiple dimensions.
The program was designed to incorporate several components that are expected to
simultaneously affect the psychological, economic, political, and social dimensions
of women’s empowerment by delivering training on business and socio-emotional
skills, mentoring, and in-kind seed capital.

The programwas open to women of legal age with a trade.With the support of local
governments, social workers were hired to set up temporary offices across the depart-
ment to reach the target population and help potential participants fill out application
forms. This form collected applicants’ personal information and details about the busi-
ness or business idea. Then, applicantswere interviewedby experts in entrepreneurship
to classify them according to how innovative their business ideas were and by their
level of commitment to their businesses. Applicants were ranked according to these
two criteria, and a final list with the selected applicants was published. The same

15 In the Atlantico department, women’s participation rate is 52% versus 78% for men. The unemployment
rate for women is 11% versus 5% for men, and the wage gap is 19%. See Fonseca (2019) for details.
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procedure was used for the first two cohorts of the program that will be analyzed in
this paper (2012 and 2013).

2.2.2 Selection into the program

Based on the qualitative evaluation (see Section 8.2 of CNC (2017)) and in interviews
with former program officials, I identify two sets of factors that explain the selection
into treatment: socioeconomic characteristics and skills/traits related to entrepreneur-
ship. Regarding the first set of factors, in interviews reported in CNC (2017), most
program officials emphasize “equality of opportunities” as a criterion to select partic-
ipants (CNC, 2017: 120), along with being older than 18 and having a small business
or a business idea. Therefore, they were interested in giving more weight to socioeco-
nomic characteristics for choosing participants.16

The second set of factors captures skills and traits related to entrepreneurship.
Program officials and external jurors run interviews and auditions among potential
candidates to classify them according to their level of progress regarding the business
activity. The qualitative study suggests that program officials and external jurors paid
more attention to some traits and skills rather than the level of development of the
business or business idea. In most cases, the level of knowledge about the business
was basic. One interviewed official expressed this in the following way:

“So, the women auditioned for about 3, 4, 5minutes, brought a product and pre-
sented it, some brought their own products and others borrowed what they wanted to
do, like flip-flops... but what one looked at was the attitude, the drive, the thing, and
then you rated them.” (Person 7, CNC, 2017: 122).

Therefore, althoughhaving a business or business ideawas considered a prerequisite
for joining the program, in practice, program officials were flexible and paid attention
to socioeconomic characteristics and traits related to entrepreneurship. About 55% of
program participants in the sample reported having a business in 2011, before the start
of TTM.

2.2.3 Program phases

Once selected, program participants were exposed to the following program phases:

(i) Phase 1: Training on soft skills, women’s rights, and self-esteem
The first phase of the interventionwas designed to train participants on soft skills,
emphasizing women’s rights, agency, and self-esteem. Participants received a
90-h long training program delivered by specialized trainers of the Universidad
del Norte, one of the most prestigious universities in the department. This pro-
gram was composed of 5 modules that emphasized aspects such as self-control
and autonomy (module 1), health and lifestyles (module 2), women’s rights
(module 3), empowerment and solidarity (module 4), and women as an agent of
change and social transformation (module 5).

16 This idea is reinforced by the fact that the program opened additional slots for beneficiaries affected by
seasonal rains in 2010, with a clear goal of targeting women economically affected by natural disasters.
Hence, socioeconomic conditions and economic vulnerability played an important role in the selection
process.
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(ii) Phase 2: Vocational training with an emphasis on technical skills and the
development of a business plan with experts’ support
The second phasewas designed to improve technical skills related to participants’
line of business. In this phase, participants were accompanied by instructors with
large experience and knowledge in the business line selected by participants
during the enrollment phase. It also included the development of a business plan
with the instructor’s support.
This phase was composed of 4 modules, of which the last two were focused
on developing a business plan and support during its implementation. The first
two modules emphasized entrepreneurship and business associativity. In total,
170hours were assigned to these phases. Women who completed the first two
phases received a certification from the Universidad del Norte.

(iii) Phase 3: Mentoring
In this phase, participants worked with mentors in strengthening their business
plans andwere exposed to specialized training in accounting and communication
tools.

(iv) Phase 4: In-kind seed capital
In this final step, the program distributes inputs and equipment to participants
according to the business plan and budget developed in the second phase.

All these phases were implemented over six months. The first and second cohorts
of TTM covered 6,202 participants. In this period, 623 businesses were constituted
among TTM participants. The total program cost was USD 2,916,060.38 for the first 2
years. It was funded by the Colombian National Government through the national oil
royalties system, the Government of Atlantico, theMario Santo Domingo Foundation,
and theUniversidad delNorte (SMEG, 2020). The cost per participantwasUSD470.17

As it is common in many of these interventions, it is tough to disentangle the
role of specific program components. Due to some implementation issues, some of
these components faced implementation challenges and were partially delivered. In
the evaluation sample, all participants reported to have completed the TTM’s training
component, and 96.06% reported to have graduated from the program. Regarding the
training component, a large proportion of participants considered that training mate-
rials (88%), topics covered (98%), activities implemented (98%), facilitators (98%),
class duration (97%), and class participation (92%) were good.18 Hence, the train-
ing component in phases 1 and 2 was delivered to almost all participants, and their
evaluation of them was positive.

Regarding phases 3 and 4, the results are mixed. A large fraction of participants
worked with mentors (76%) during the development and implementation of their
business plans. Most of them also received inputs and equipment for their businesses
(90%), but participants’ evaluation of this component is less optimistic. For instance,

17 Own calculation based on program information. Unfortunately, detailed information about the program’s
cost structure is not available to perform a cost-benefit analysis. See SMEG (2020) for details.
18 These and the following calculations in this section are based on the evaluation survey carried out by
CNC in March, 2017.

123



   10 Page 10 of 44 S. Maldonado

qualitative interviews carried out as part of TTM evaluation (CNC, 2017) suggest that
participants perceived that the distribution of inputs and equipment was insufficient.19

One critical element of the program’s implementation was the goal of fostering
associations between participants of the same line of business. Still, this goal was not
effective because participants’ businesses were highly heterogeneous, and they found
little value in the kind of associations fostered by the program.20 Therefore, it seems
that these elements of TTM were less effective as perceived by participants.

It is important to emphasize that disentangling the effects of the program’s com-
ponents is not feasible. From a policy-maker perspective, it would be helpful to
understand which elements of a multifaceted intervention are more effective in raising
women’s empowerment. However, a rigorous analysis of mechanisms requires vari-
ability in components’ assignment across treated units, so the contribution of each
component can be assessed. When every treated unit gets all the components of the
treatment package, such variability does not exist, so applying approaches like this
becomes unfeasible. Therefore, a formal analysis to study the mechanisms is impos-
sible in this context.

3 Research design

In this section, I describe the methodological steps used to evaluate the effects of TMT
and provide a discussion about the design’s validity. This design is retrospective and
evaluates the effects of this intervention for 2012 and 2013 cohorts, 5 and 4 years after
the program’s end.

The main components of the research design are the following: First, I construct
the sampling frame using genetic matching as a pre-processor tool (Ho et al., 2007)
based on pre-treatment data from SISBEN records; second, with the sample collected
using this sampling frame, I then estimate the causal effects of TTM on empowerment
outcomes using genetic matching for a second time along with the matching estimator
proposed by Abadie and Imbens (2006) and Abadie and Imbens (2011); and third, I
perform a sensitivity analysis a la Rosenbaum (2002) to evaluate how sensitive the
results are to violations of the CIA assumption.

3.1 Matching techniques

Genetic matching is an ideal approach for the research problem at hand both for pre-
processing data to construct the sampling frame and the estimation of causal effects.

19 It is also important to mention that the development of the business plan created expectations regarding
the amount that it was unfeasible for the program to cover. Almost all treated women reported a negative
perception of this program’s component.
20 Unfortunately, the heterogeneity among participants was a significant barrier in this regard. It was hard
for the program to create these associations, except in cases where participants were friends or neighbors
before the start of the program. Many of these associations did not work in the long term. Because the
delivery of the seed capital was planned to be at the level of these associations, this process encountered
important challenges. The evaluation team reported encountering many women still waiting for the seed
capital during the data collection process. In many cases, when seed capital was distributed, it was common
that members of a given association decided to split this capital among its members.
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This matching technique is based on a genetic search algorithm that automatizes the
process of checking and improving overall covariate balance (Sekhon & Mebane,
1998).21 Genetic matching extends existing matching techniques by generalizing the
Mahalanobis metric in the following way:

GMD(Xi , X j ,W ) =
√

(Xi − X j )
′
(S−1/2)

′W (S−1/2)(Xi − X j ); (1)

where X is a matrix of covariates for units i and j , S is the sample covari-
ance matrix, S−1/2 is the Cholesky decomposition of S, and W is positive definite
weight matrix. The genetic search algorithm chooses W such that it optimizes a
pre-specified loss function to maximize the balance of observed covariates across
matched treated and control units. Compared to other matching and machine learning
approaches, geneticmatching has the best performance in achieving covariates balance
(Colson et al., 2016).22

Once covariates balance is achieved, the next step consists of comparing outcomes
across treatment and control groups in thematched sample constructedwith the genetic
search algorithm. This can be done in several ways. The simplest one is just to perform
a simple difference in means in the matched sample but this approach is unattractive.
A more powerful approach consists of using the nearest neighbor matching estimator
proposed by Abadie and Imbens (2006) and Abadie and Imbens (2011). In particular,
I use the bias-corrected matching estimator that is robust to biases when matching is
not exact in finite samples.

This matching estimator recovers the average treatment effect under standard
assumptions. The first assumption is the so-called “stable unit treatment value assump-
tion” (SUTVA). This assumption restricts the possibility that one unit’s treatment
assignment affects another unit’s potential outcomes. The second assumption is
“unconfoundedness” or CIA, which requires the treatment assignment to be indepen-
dent of potential outcomes after controlling for a set of covariates. The third assumption
is overlap or common support. This assumption implies that the distribution of the
propensity scores in the treatment and control groups are similar.23

Whereas the two first assumptions are not directly testable, I will provide evidence
about the feasibility of the third assumption inmy setting. I will show thatmymatching
strategy guarantees it by design. The first assumption is standard in matching designs,
and one feature of my design allowsme to explore the presence of spillovers. Although
the sample size is not large enough to be conclusive, I will provide evidence suggesting

21 A genetic algorithm solves complex optimization problems using heuristics inspired by the natural
selection process. A population of potential solutions is evaluated iteratively. In each iteration or generation,
the fitness of every individual in the population is evaluated. The more fit individuals are selected from the
current population, and each individual’s genome is modified to form a new generation. The new generation
of potential solutions is used in the next iteration of the genetic algorithm. See Sekhon and Mebane (1998)
for details.
22 According to the simulations implementedbyColson et al. (2016), geneticmatchinghas the best covariate
balance among 7 alternative methods even when there is poor support in terms of the propensity score. This
advantage is consistent across alternative balance metrics.
23 Alternative formulations of these assumptions also include some regularity conditions, whether the set
of covariates X has continuous distributions and restrictions about the sampling process. See Abadie and
Imbens (2011) for details.
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that spillover effects may be relevant in this context. The second assumption is likely
to be violated in my setting. As explained above, selection into treatment was partially
explained by unobservable traits and skills associated with entrepreneurship, which
may bias my results upward. I will relax this assumption using two strategies. First, I
include a propensity score as an additional control in multivariate matching, so I can
accommodate a large set of variables in my design without falling into the “curse of
dimensionality.” Second, I implement the sensitivity analysis described in Section 3.4

In the next subsections, I describe how these matching techniques are used with the
goal of pre-processing data and causal effect estimation.

3.2 Constructing the sampling frame and sample

3.2.1 Sampling frame

To construct the sampling frame, I first use all the records of the program participants
for the 2012 and 2013 cohorts. In total, I have access to 3670 participants’ records.
This information was provided by TTM for this evaluation under standard protocols
for data protection. I then merge this information with SISBEN records for 2011. This
information was provided by the National Planning Department (DNP) for this study.
I am able to identify 2445 participants in both the program and SISBEN’s records.
In this way, I can identify pre-treatment data for a subset of the program participants.
However, it is important to emphasize that these are participants who are vulnerable
to poverty, so the results of this study are relevant for this type of population.

Recovering pre-treatment socioeconomic data for the program’s beneficiaries helps
identify non-beneficiaries with similar socioeconomic characteristics using SISBEN’s
records. I take advantage of 2,552,455 available records for the area of influence of
this intervention. This includes 26 municipalities in the department of Atlantico, as
well as the departments of Bolivar and Magdalena.24 Figure1 presents a map with all
the municipalities included in this study.

I use a multivariate genetic matching strategy to identify three non-beneficiaries
in SISBEN’s records for each program’s participant. As with any matching design, a
critical step consists of selecting the pre-treatment variables to be used to match indi-
viduals. I use a large set of household characteristics, assets, and other socioeconomic
characteristics available in SISBEN’s records. A full list of the variables and their
definitions are included in Table S1 in the Online Appendix. I also use the SISBEN
score, a welfare index used by the Colombian government to select social programs’
beneficiaries. Each household receives a score from 0 to 100 (from poorest to richest).
The score is calculated using 24 variables across four dimensions: health, education,
housing, and vulnerability. Given its importance, I include this variable along its square
in a multivariate matching design.

As it is well-known, multivariate matching may suffer from the “dimensionality
curse.” One way to address this issue is by combining multivariate matching with

24 These departments were included in the sampling frame because of potential concerns of within-
municipality spillovers. As mentioned later, the sample size is not large enough to exploit this feature
of the sampling design in the analysis.

123



Empowering women through multifaceted interventions... Page 13 of 44    10 

Fig. 1 Municipalities in the sampling frame. Note: Author’s elaboration. “Treatment” refers to munic-
ipalities where only program participants were identified for the sampling frame. “Control” refers to
municipalities where only control units were identified. “Treatment-control” refers to municipalities where
both participants and non-participantswere identified. Themap covers the departments ofAtlantico, Bolivar,
and Magdalena
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propensity scorematching. Following (Rosenbaum&Rubin, 1985), it is recommended
to include a propensity score as one additional variable in a multivariate matching
design. This would allow the design to include relevant information in the matching
design without concerns about the “dimensionality curse.” Given that this part of
the design is descriptive, I use a simple strategy to estimate the propensity score. 18
variables were used to estimate the propensity score. Table S2 in the Online Appendix
presents the variables used in the estimation.

It is important to notice that this matching strategywas applied to keep the reference
labormarket constant. This implies applying thismatching design in eachmunicipality
where treatment and control units were available in the Department of Atlantico. Each
treated woman in a given municipality is then matched with three non-treated women
in the same municipality. The final sampling frame for Atlantico is just the collection
of all the matches from these municipalities.

Concerns about potential spillover effects led to the inclusionofmunicipalities in the
departments of Bolivar andMagdalena. Due to a government’s request, it was decided
that a fraction of the final sample should include controls from these departments as
a way to address potential within-municipality spillovers. Therefore, the procedure
for these municipalities was based on applying the matching strategy using all the
treated women in the department of Atlantico and matching them with women of
similar characteristics in Bolivar andMagdalena.25 Due to budget constraints, the final
sample size is not large enough regarding observations from these two departments.26

Moreover, this strategy is only valid if there are no department-specific shocks that
differently affect control groups in each department.27 Therefore, any evidence about
spillover effects in this context should be taken with a grain of salt.

Table 1 presents descriptive and balance statistics for the sampling frame obtained
after applying this matching strategy. Besides means and variances for the treatment
and control groups, I also report the standardized difference, the variance ratio, and
the p-values for t-student, Wilcoxon, and Fisher tests of difference in means between
treatment and control groups. In general, means and variances between treated and
control units are pretty similar. This is confirmed by standardized differences inmeans,
which are—in all the cases—well below the 0.3 threshold suggested by Imbens (2015)
or the 0.2 proposed by Cohen (1988).28 Following Imai et al. (2008), I also report
variance ratios to capture other moments of the empirical distribution of pre-treatment
variables beyond the mean. Results are closer to 1 in most cases, which suggests that
covariates are balanced in means and variances.

25 One implication of this feature of my research design is the existence of repeated treated observations
in the sampling frame. This characteristic is not present in the final sample. As it will be shown later, this
does not affect the quality of the final sample.
26 As it is well-known, power calculations for measuring spillover effects are typically very demanding.
Therefore, the sampling design was designed to provide only suggestive evidence about externalities.
27 It is unclear whether the size of within-municipality spillovers is relevant in this setting, but some
international evidence is available. For the case of young girls in Uganda, Bandiera et al. (2020) present
suggestive evidence of spillovers for aspirations and control over the body indices, but weaker effects for
economic empowerment. Some evidence for within-household spillovers will be discussed later.
28 Standardized differences compare the difference in means in units of the pooled standard deviation, and
it has the advantage of not being influenced by sample size. See Imbens (2015) for details.
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For the sake of completeness, I also report the p-values for the t-test with similar
results, except for three unbalanced variables. Due to the results for the standardized
difference in means, this seems just to be driven by sample size. Because t-tests are
based on a particular distribution, I also use the non-parametric Wilcoxon test to
account for the fact that data are matched and to relax the parametric assumptions.
Results do not change. Finally, I use the Fisher’s exact test because many variables in
my design are categorical. This test is valid regardless of the sample size. The results
are similar. In sum, there is strong evidence regarding the balance of pre-treatment
characteristics in the sampling frame.

A final piece of evidence on balance in the sampling frame is reported in Fig. 2. As
it was mentioned above, the SISBEN score is a summary measure of socioeconomic
characteristics. I assess differences in the distribution of this variable by treatment
status, finding that the distributions are the same. This suggests, along with all the
previous evidence, that the matching strategy to build the sampling frame was highly
successful in achieving pre-treatment covariates balance.

3.2.2 Final sample

Using the matched sampling frame, the National Consulting Center (CNC) carried
out the fieldwork to collect the final sample, using the standard statistical procedures
for fieldwork and data collection. A sample of 1738 women was finally collected with
715 women in the treatment group. Few observations were discarded after trimming

0
.0

05
.0

1
.0

15
.0

2
.0

25
D

en
si

ty

0 20 40 60 80 100
SISBEN score

Treatment
Control

kernel = epanechnikov, bandwidth = 2.6745

Fig. 2 Kernel density for the SISBEN score by treatment status in the matched sampling frame. Note:
Author’s elaboration. The SISBEN score is a welfare index used by the Colombian government for the
selection of social programs’ beneficiaries. Each household receives a score from 0 to 100 (from poorest to
richest). The score is calculated using 24 variables across four dimensions: health, education, housing, and
vulnerability

123



Empowering women through multifaceted interventions... Page 17 of 44    10 

observations with extreme values of a propensity score in a procedure described in the
next section.29 The final sample for the primary analyses includes 1723 observations.

It is important to emphasize that the final sample is not representative of the popu-
lation in the project’s influence area. A common approach in retrospective evaluations
is to collect data based on descriptive statistical designs, similar to the ones used in
household surveys designed to estimate a population parameter like the poverty rate.
Because this study seeks to establish a causal relationship between a treatment and a set
of outcomes, the corresponding statistical design should be analytical, which implies
that a set of hypotheses regarding differences between two groups is being tested.
Rather than using a descriptive sample to apply techniques for analytical designs (a
typical mistake in retrospective impact evaluation), this paper builds the sampling
frame to produce a sample that is ex-ante balanced. Therefore, the sample was col-
lected to construct a valid counterfactual for the treated units without any intention to
be representative of a particular population.30

Table 2 replicates the analysis in Table 1 to check the quality of the sample.31 In
general, I find that the collected sample preserves the good properties in terms of
pre-treatment balance in covariates that were achieved with the matched sampling
frame. I include additional pre-treatment covariates that were collected in the survey
and check whether these are balanced between treatment and control groups. Among
the list of 18 covariates, only one variable is unbalanced in terms of standardized
differences in means. Five variables are slightly unbalanced in terms of variance ratios
(larger than 1.2), and the results for the t-student, Wilcoxon, and Fisher tests suggest
some imbalances but, as was mentioned before, only in one case this is consistent
with standardized differences in means larger than 0.3 in absolute value. Therefore,
the evidence presented in Table 2 is consistent with an outstanding level of balance in
pre-treatment covariates between treatment and control groups.

3.3 Estimating causal effects

The sample collected in the previous step is used in this section to estimate the causal
effects of interests using the combination of Abadie and Imbens (2006) and Abadie
and Imbens (2011)’s nearest neighbormatching estimator alongwith geneticmatching
to optimize the process of finding covariates balance. The methodological steps are
described below.

3.3.1 Estimating the propensity score using the Imbens and Rubin’s (2015) algorithm

In the first step, I estimate a propensity score using the algorithm proposed by Imbens
and Rubin (2015). This algorithm selects covariates for inclusion in the propensity
score’s specification by choosing a set of linear terms as well as interactions and

29 Trimming of the sample did not affect the balance in terms of pre-treatment characteristics between
treatment and control groups (results not shown).
30 For a discussion of descriptive versus analytical designs, see Roy et al. (2016).
31 The full definition of these variables is the same as the ones in the sampling frame and is presented in
Table S2 in the Online Appendix.
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quadratic terms based on a data-driven approach.32 Based on this algorithm, 22 vari-
ables were used to estimate this propensity score, which I also used as a covariate for
the matching process as in Rosenbaum and Rubin (1985). I also use this propensity
score to trim observations with extreme values following Crump et al. (2009).33 In
particular, I drop observations with propensity scores larger than 0.9 and smaller than
0.1. Tables S3 and S4 in the Online Appendix present the definitions of variables used
to estimate the propensity score and the results of this exercise applying the Imbens
and Rubin (2015) algorithm, respectively.

A critical element in evaluating my research design’s validity consists of checking
whether the estimated propensity score fulfills the overlap condition. The evidence in
Fig. 3 suggests that this is the case. Therefore, this important assumption for matching
designs is valid in this setting.

3.3.2 Genetic matching for covariate balance

The second step consists of using amultivariate geneticmatching design tofindbalance
in covariates across treatment and control units in the sample. Table S5 in the Online
Appendix presents the variables used tomatch treated and control women. I use 11 pre-
treatment covariates, including the SISBEN score and the propensity score previously
estimated. I set the number of neighbors at 2 per treated woman, following Imbens
and Rubin (2015).34 I also use a population size of 1000 for the genetic algorithm to
search for alternative weights to achieve overall balance, following a recommendation
by Diamond and Sekhon (2013).35

Of course, controlling by only 11 covariates may seem insufficient to believe in
the CIA assumption. Using the estimated propensity score as an additional covariate,
as suggested by Rosenbaum and Rubin (1985) and Diamond and Sekhon (2013),
allows us to incorporate information from 22 additional variables flexibly. In this
way, this matching strategy accounts for the socioeconomic characteristics related to
selection into the treatment but does not account for the traits and skills associated
with entrepreneurship. Therefore, conditioning on a large set of covariates does not
prevent unobservable variables from playing a role in explaining selection into the

32 A detailed discussion about the steps involved in this algorithm can be found in Appendix A of Imbens
(2015).
33 One important issue is that the propensity score is a generated regressor and, as such, standard errors
should account for this fact. The recommended solution for this problem is bootstrapping standard errors,
but Abadie and Imbens (2008) have highlighted the problems with this alternative for matching. Abadie
and Imbens (2016) study the case where matching is done exclusively on the propensity score without
additional covariates—as in this paper—and show that, for the case of ATET, ignoring the estimation
error has ambiguous effects on the size of confidence intervals. Because there is no clear suggestion in
the technical literature about how this issue should be addressed, I proceed like the rest of the empirical
literature, by ignoring this issue.
34 Using more than one match can improve precision but also can increase bias because it increases the
average covariate discrepancy between matches. Intuitively, adding a match will decrease the match quality.
These authors suggest that “...going beyond two or three matches can only lead to small improvements in
the sampling precision…” (Imbens & Rubin, 2015): 427. Therefore, I use two matches as suggested by
these authors.
35 Recall that the population size in genetic algorithms represents the set of potential solutions for the
optimization problem of interest.
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0 .2 .4 .6 .8 1
Propensity Score

Untreated Treated

Fig. 3 Assessing overlap in the sample-based propensity score estimated using Imbens and Rubin’s (2015)
algorithm.Note:Author’s elaboration. The propensity scorewas estimated using themethodology suggested
by Imbens and Rubin (2015). The variables used in the estimation are described in Table S3 in the Online
Appendix

treatment. By relaxing the CIA assumption using the sensitivity analysis proposed
by Rosenbaum (2002), I can account for the role of the unobservable variables, as I
discuss in Section 3.4.

Figure4 assesses pre-treatment balance before and after matching. I check for
balance for a list of 26 covariates for both the full and trimmed samples. I use a
standardized difference in means of 0.2 in absolute value to assess balance.36 In gen-
eral, a large set of covariates was balanced even before matching and remained in this
way after. This suggests that the sample was already well-balanced before using the
genetic algorithm in this phase. This speaks well about the quality of the first matching
process to build the sampling frame. Only three characteristics are unbalanced before
applying matching in the sample. After matching, only the variable years of education
is slightly above the 0.2 standard, but well below the common 0.3 standard suggested
by Imbens (2015). Table 3 additionally provides comprehensive balance statistics for
the trimmed sample both before and after matching. The findings are in alignment
with those delineated in Fig. 4. Therefore, it can be safely concluded that matching in
this phase successfully achieved balance in pre-treatment characteristics beyond the
original 11 variables included in the genetic algorithm.

This good balance may be only present for differences in means but not for dif-
ferences in distribution. Figure5 assesses the distributional balance for the SISBEN
score before and after matching. Again, there are very minor differences between
treatment and control units before matching, implying a good quality of the sampling

36 Using this threshold is stricter than the standard proposed by Imbens (2015). I follow this approach to
be more demanding with this element of my research design.
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Fig. 4 Assessing balance before and after matching. Note: Author’s elaboration. The variables used in this
exercise are described in tables S1, S2, and S3 in the Online Appendix

frame in terms of balance. Although by a small margin, balance is improved after
matching, being the distribution of the SISBEN score practically indistinguishable
across treatment and control groups.

Figures S1 toS4 in theOnlineAppendix display, side by side, quantile-quantile plots
for both the unmatched and matched samples for a set of (continuous) pre-treatment
covariates in the trimmed sample. Results suggest that matching does improve dis-
tributional balance, but the gains are small because these variables were already
well-balanced. Consistent with the results above, only the variable “years of edu-
cation” seems to be slightly unbalanced. Figures S5 to S10 in the Online Appendix
display kernel densities for a similar set of (continuous) pre-treatment covariates before
and after matching, finding again that the covariates’ distribution across treatment and
control are almost the same, with marginal improvements after matching. In sum,
the distributions of covariates seem to be very well-balanced between treatment and
control women.

Once pre-treatment balance has been achieved, the next step consists of estimating
the causal effects with any arbitrary matching technique. I use the bias-corrected
nearest neighbor matching estimator proposed by Abadie and Imbens (2006) and
Abadie and Imbens (2011) to compute the ATT given its better properties compared to
alternativematching estimators (McKenzie et al., 2010). Standard errors are computed
following the formula for the variance derived by Abadie and Imbens (2006). Due to
a large set of outcomes in this study, I first need to discuss how multiple hypothesis
testing will be handled in this paper.

3.3.3 Addressing multiple hypothesis testing

Due to women’s empowerment’s multidimensional nature, a large set of outcomes will
be analyzed in this study. I use the correction for multiple hypothesis testing proposed
by Benjamini and Hochberg (1995) to control for the false discovery rate.37 I apply
this correction for each of the sets of outcomes explored in this study.

37 This procedure ranks the numberm of hypotheses H(i) according to their uncorrected p-values P(i) and
sets a proportion q of rejected null hypotheses that are erroneously rejected. Then, letting k be the largest
i for which P(i) ≤ i

m q; the procedure rejects all H(i), i = 1, 2, ..., k that violate this weak inequality. See
Benjamini and Hochberg (1995) for details.
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Fig. 5 Assessing distributional balance of the SISBEN score before and after matching. Note: Author’s
elaboration. The figure displays the difference in the distribution of the SISBEN score before and after
matching for the trimmed sample

3.4 Sensitivity analysis

Afinal piece of this paper’s research design is a sensitivity analysis to check the validity
of the CIA assumption. An extensive literature shows the limitations of matching to
recover causal effects because of violations of this assumption (Arceneaux et al., 2006)
and Smith and Todd (2005), so it is important to relax it using a sensitivity analysis as
in Rosenbaum (2002).

As discussed in Section 2.2.2, the selection into the program is based on socioeco-
nomic characteristics and skills/traits associated with entrepreneurship. These include
willingness to take risks, talent, grit, patience, and related skills that are hard to observe
and measure in an ex-post evaluation design. Because these skills and traits are non-
observables, the CIA assumption is violated. This violation introduces an upward
bias in estimating the treatment effect because these traits and skills are usually pos-
itively associated with economic and social outcomes. Sensitivity analysis allows us
to identify how large a deviation from the CIA assumption needs to be for a result to
disappear.

The basic intuition behind this approach is that two matched individuals with the
same observable characteristics X should have the same probability of receiving treat-
ment e. Therefore, the ratio of probabilities should be equal to 1 between one person in
the treatment group and another person in the control group. If the CIA is violated, then
this ratio should be higher than 1. Rosenbaum (2002) derived bounds of the following
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form using a logistic function:

1

εγ
≤ ei (1 − e j )

e j (1 − ei )
≤ εγ (2)

where e is the propensity score for individual i or j , and γ is a sensitivity parameter.
An alternative derivation based on assignment probabilities allows us to establish that

� = εγ since
ei (1−e j )
e j (1−ei )

= εγ (vi−v+ j).38 Therefore, � can be interpreted as the size of

log of the coefficient γ for the unobserved covariate v. If � = εγ = 1, two matched
individuals with the same X will have the same probability of participation. On the
other hand, if � = εγ > 1, two matched individuals with the same X will have a
different probability of participation, implying that there are unobserved factors. This
exercise allows us to measure how large the deviation from the CIA needs to be to
qualitatively change the original results under the assumption that the CIA is valid.39

This procedure is applied via a Wilcoxon sign rank test for continuous outcomes
and a McNemar test for dichotomous outcomes. A set of values for � from 1 to 2 are
chosen following Keele (2010). The goal is to evaluate how p-values change due to
bias related to an unobserved confounder; in other words, how inference regarding
a causal estimate is affected once confounding factors are accounted for. Upper and
lower bounds on the p-value are calculated based on the test statistic for different
values of �. A value of � = �0 implies that a treated person is �0 times more likely
to participate in the program due to unobserved covariates than a non-treated person.
Then, the procedure evaluates whether the original results in terms of p-values remain
unaffected. Because the lower bound is always lower than the estimated p-value, only
the upper bound is relevant. Values of � associated with p-values larger than the usual
significance standards reflect a qualitative change regarding the original inference
about the effect of TTM for a given outcome.

4 Empirical results

I organize the results according to the dimensions of empowerment that are emphasized
by the academic and policy literature. Due to space constraints, the sensitivity analysis
results are presented in the Online Appendix and will be briefly discussed in the next
section.

38 The equivalence of the derivation based on assignment probabilities and the original derivation based
on unobserved covariates is proved in Proposition 12 of Rosenbaum (2002).
39 See Rosenbaum (2002), Chapter 4, for details. There are three main assumptions behind this approach.
First, a logit form linking treatment assignment to observed and unobserved covariates is assumed. Second,
the unobserved covariates are constrained to be in the (0,1) range. Finally, there are no interaction terms
between observed and unobserved covariates. The second assumption seems to be restrictive, but it has
many interpretations. The most straightforward interpretation assumes the unobserved factors as dummy
variables. However, an alternative interpretation is to see this assumption as a restriction regarding the scale
of the unobserved covariates to provide meaning to the numerical value of the γ parameter. As suggested
by Rosenbaum (2002), this restriction can be relaxed.
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4.1 Economic empowerment

Table 4 presents the main ATT impacts on economic empowerment. I consider a set
of economic outcomes and assets. To put results in perspective, column 1 presents
the outcome mean for the control group, and column 2 the causal effect estimate.
Columns 3, 4, and 5 report the standard error, the t-statistics, and the associated p-
value respectively. Column 6 shows the q-value to adjust for multiple outcomes, and
column 7 informswhether the null hypothesis is rejected after this adjustment. Column
8 reports the effect size.

Among the economic outcomes, I study monthly per-capita income and expendi-
ture,40 a multidimensional poverty indicator,41 an indicator of employment, and social
protection measured by health and pension coverage. Regarding assets, I use indicator
variables for whether the household has a fridge, DVD, motorcycle, car, and washing
machine.

I find important increases in monthly income and expenditure per-capita. In the
case of income (row 1), the point estimate is USD 45.7 (Column 2).42 With respect to
a control group mean of USD 144.8, this effect is large (31% increase) and represents
18% of the minimum wage. This coefficient is statistically significant at the usual
standards (p-value of 0.002) and robust to multiple comparisons. The effect for the
monthly expenditure per-capita (row 2) is also important (coefficient of USD 30.3) and
statistically significant without controlling for multiple hypothesis testing (p-value of
0.018), but it is not robust to multiple comparisons.43

Row 3 shows the impact of TTM on poverty reduction. Column 1 reports an esti-
mated coefficient of −10.7 percentage points (t-statistic of −3.76). Given a mean
poverty rate for the control group of 40.2%, this represents a reduction of 26.7% (col-
umn 8). This reduction is robust to accounting for multiple comparisons. Therefore,
the program was highly successful in reducing poverty.44

Evidence regarding impacts on labor market outcomes is mixed. On the one hand, I
find large impacts in the likelihood of being employed (point estimate of 21.6 percent-

40 All monetary measures were converted from Colombian Pesos to US dollars using the exchange rate of
February 2017 (USD 1= COP 2,879.57)
41 This multidimensional poverty indicator was developed using the methodology proposed by Schreiner
(2014), and it has been used in around 60 countries. It considers ten indicators of family size, education,
labor supply, access to electricity, source of energy for food preparation, and household assets.
42 The minimum wage in Colombia in 2017 was COP 737,717, about USD 256.
43 These results are consistent with the effects of multifaceted programs for the poor. For instance, effects
for income (0.20 standard deviations (SDs) for TTM) are smaller than the ones reported by Banerjee et
al. (2015) (0.38 SDs). However, these effects do not distinguish women from men. A more similar case is
Bandiera et al. (2017). They report a 21% increase in earnings with respect to the control group, smaller
than the 31% increase in incomes estimated for TTM. Regarding other women’s empowerment programs,
Bandiera et al. (2020) find no effects on expenditures after four years, and Buehren et al. (2017) report
null effects on labor incomes. Of course, these comparisons are suggestive since differences in categories
across studies may be related to differences in data collection methods and methodological differences for
capturing incomes and expenditures.
44 This reduction was larger than the observed in some of the multifaceted programs for the poor. For
instance, in Bandiera et al. (2017), this reduction was 14% after four years for poor women in Bangladesh.
However, they use a monetary poverty line, so their results are not strictly comparable with those reported
here.
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age points with an effect size of 52%), robust to multiple comparisons (row 4). On the
other hand, there is no evidence regarding increases in health and pension coverage
(rows 5 and 6).45

Rows 7 to 11 show the impact of the intervention on the household’s asset accu-
mulation. Although the program seems to increase the likelihood that a household has
a fridge (a critical appliance in a tropical area), this change is not robust to multiple
comparisons.

As discussed in Section 3.2.1, the final sample includes control units from munic-
ipalities in Atlantico (within the project influence area) and from municipalities in
Bolivar and Magdalena (outside the project influence area). One obvious robustness
check is to verify whether the main results are maintained when only controls from the
project influence area are considered. The paper’s main results are robust to restrict-
ing the sample to controls from the same municipality. For instance, this subsample’s
estimated effect on monthly income is 49.14 US$, slightly higher than the original
estimate (45.73). All the other coefficients are similar, except for poverty and monthly
expenditure (Results available upon request).

Table 5 presents the ATT estimates for labor market outcomes. Row 1 shows that
the TTM caused an increase of 29% in the likelihood of being part of the economically
active population (18.2 percentage points, significant at the 1% level). Rows 2 and 3
present evidence of a 20% increase in household labor supply, but this is not explained
by the formal sector (rows 4 and 5). The program is also related to a reduction of
36.8% in the likelihood of having unpaid family workers (row 6) and increases the
probability of doing a paid activity by 45.6% (row 7). There is no evidence of changes
in the likelihood of doing a business activity due to the program (row 8).46 Finally, the
program caused a reduction of 43% in the likelihood of searching for a job (row 9), and
an increase of 7.5 in the number of working hours (row 10). These results are robust
to multiple comparisons. Because of the importance of employment opportunities for
women’s autonomy and empowerment,47 these effects are of first order from a policy
perspective.48

Table 6 presents evidence regarding credit and saving effects. Regarding savings,
rows 1 and 2 show that TTM increases savings for participants and other household
members. In the first case, the point estimate is 7.3 percentage points, with an effect
size of 31.5%. The effects are larger for the participant, with a point estimate of 21.8
percentage points, associated with an effect size of 55.5%. These results are robust to
multiple comparisons. Row 5 shows that these savings are not in the formal banking

45 Notice that health coverage is almost universal in Colombia because of the existence of a subsidized
regime.
46 This result is consistent with Alfonsi et al. (2020), who also found effects in labor market outcomes
without effects in entrepreneurship. One potential explanation consistent with Alfonsi et al. (2020) is that
the certification provided by the program after completing phases 1 and 2 allowed participants to signal
their skills.
47 Anderson et al. (2009) propose and test a model where female autonomy depends on access to the labor
market, mainly when employment opportunities are outside husbands’ farms.
48 Elsayed and Roushdy (2017) also find similar large effects in employment outcomes for women’s
empowerment intervention in Egypt, primarily driven by the informal sector. A key difference between
their results and the ones reported in this paper is that their setting is mostly rural, whereas TTM operated
in urban settings.
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system. Therefore, women save more, but they keep these savings out of the formal
saving system.49 Regarding credit, there is no evidence that TTM is causally associated
with changes in the likelihood of having credit. As a consequence, no relationship is
found between TTM and the type of lender.

Overall, these results suggest that a multifaceted intervention such as TTM has
significant impacts on economic empowerment. I have documented important effects
on incomes, expenditures, and poverty. These effects are in line with the evidence
of multifaceted interventions for the poor (Banerjee et al., 2015) and Bandiera et al.
(2017). These effects are mainly explained by improvements in labor market access,
which is consistent with the fact that TTMmostly targeted urban women. No evidence
on the realization of business activities is found, which suggests that entrepreneurship
is less relevant in this setting.50 This can be consistent with a scenario where most
TTM participants were “necessity entrepreneurs” who took advantage of TTM com-
ponents to develop skills for a wage job, but this is hard to verify with the available
information. The effects on savings are relevant because of the recent scholarship that
shows that saving constraints are important for microenterprises’ development (Dupas
& Robinson, 2013). Interestingly, no effects were found for credit.51

4.2 Political and social empowerment

Table 7 presents the ATT impacts on decision-making and political empowerment.
Rows 1 and 2 in Panel A present the effect of TTM on self-reported measures of
household decision-making. In the first case, there is an increase in the likelihood of
a woman reporting having the responsibility of making decisions in the household.
The effect is 5.1 percentage points, a 17.2% change with respect to the control mean.
However, this effect is not robust tomultiple comparisons. In the second case, no effect
is found for the likelihood of both women and men sharing decision-making in the
household.

Panel B in Table 7 presents the results for political empowerment. Row 3 shows that
TTM led to an increase in the likelihood of voting in the 2016 elections with respect
to the control group mean. The point estimate is 7.2 percentage points, representing

49 Austrian et al. (2020) and Buehren et al. (2017) also report large effects of empowerment intervention
on savings. In the first case, the authors report an estimated coefficient of 19.3 percentage points for the
treatment on the treated on the likelihood of saving (16% for the control mean at the baseline). In the second
case, the authors estimate an effect of 2.8% percentage points (2% for the control mean at baseline). In
the context of multifaceted programs for the poor, Banerjee et al. (2015) also find large effects for savings
(156% increase with respect to the control mean).
50 According to the evaluation survey, 64% of the program’s participants reported having the same project
or business activity supported by TTM in 2017. The other 36% of the program’s participants reported having
failed projects. About 42% of the program’s participants with failed projects reported conflicts with other
members of their associations as the main reason for project failure. On the other hand, about 44% reported
issues related to lack of resources, credit, inputs, mentoring, and poor business environment as the main
determinants for project failure.
51 I am not the first to find positive effects on savings but no effects on credit. Buehren et al. (2017) find
a similar result in Tanzania. They rationalize this result by exploring the role of spillovers in participants’
social networks.
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an increase of 12.6% with respect to the control group mean.52 The program also led
to important increases in membership in political parties (5.1 percentage points in row
4), the likelihood of being a political candidate (7.4 percentage points in row 5), and
a self-reported measure of political participation (5.5 percentage points in row 6). All
these effects are robust to multiple comparisons. No effect is found for a self-reported
measure of women’s participation in the community, although the baseline levels of
this measure were already too high even in the control group (row 7).53

Table 8 presents the results of a list experiment implemented during the data col-
lection process to elicit the level of exposure to IPV in this setting. This is an ideal
approach to deal with sensitive issues like IPV where interviewed women may feel
uncomfortable reporting episodes of violence.54 Interviewed women were randomly
assigned to one of two conditions. In condition 1, they are presented a list of five items
about situations they may have experienced the last year including one sensitive item
about whether their partners physically beat them. Condition 2 includes the same set
of items, but excludes the sensitive one. Table S5 in the Online Appendix shows the
exact question used to elicit IPV.

To estimate the effect of TTM on IPV, I run a linear regression of the total number
of list outcomes reported on TTM participation and whether the surveyed woman was
assigned to the sensitive item (condition 1), including an interaction between these
two dummy variables on the matched sample. The coefficient of interest is this latter
interaction. TTM is found to have a positive effect on IPV. The estimated coefficient
is 18.3 percentage points, significant at the 10% level. Considering a mean control
response in the total number of list outcomes of 0.99 in the matched sample, this
represents an increase of 18.5% in the likelihood of experiencing physical violence,55

This result suggests the existence of backlash effects, presumably associated with the
positive effects of TTM on incomes and labor market participation.56

Table 9 shows TTM impacts on social empowerment. The outcomes of interest are
dummy variables of whether the surveyed woman belongs to a set of social organiza-
tions. A list of the 10 most common forms of social organizations in the Colombian

52 Notice that voting is voluntary in Colombia.
53 Banerjee et al. (2015) also finds large effects on political participation in their evaluation of several
graduation programs for the poor. They do not find effects on voting, but document impacts on political
party membership and attendance in village meetings.
54 This method provides additional confidentiality with respect to alternative elicitation methods, which
is expected to create incentives for truthful reporting. See Blair et al. (2015) for a technical discussion.
Cullen (2020) compares this technique against face-to-face questions and audio computer-assisted self-
interviews. Using data from Nigeria and Rwanda, she finds that IPV rates are severely underestimated
under the alternative methods. Once a list experiment is used, IPV rates increase by 100% in Rwanda and
39% in Nigeria.
55 It is important to emphasize that this result only captures a specific form of violence. Likewise, it is
estimated using a linear regression for the matched sample. This particular choice is consistent with the
brand of the matching literature that interprets this method as a pre-processor (Ho et al., 2007) but I am not
aware of previous uses in the empowerment literature in the way presented here.
56 Using data for 31 developing countries, Bhalotra et al. (2020) find that an increase in the probability of
employment for women is associated with a 3% increase in the probability of experiencing IPV.
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Table 8 Effect of TTM on intimate partner violence. List experiment

Variable Estimate S.E t-value Pr(> |t|)
Treatment −0.035 0.071 −0.499 0.618

Condition 1 −0.141 0.078 −1.810 0.071

Treatment × Condition 1 0.183 0.099 1.836 0.067

Matched observations 709

Note: This table reports the results of a list experiment to elicit sensitive behaviors, in this case, the exposure
to intimate partner violence (IPV). Surveyed women were randomly exposed to one of two conditions:
Condition 1 is a five-item list containing a sensitive question about IPV and condition 2 is the same list but
excluding this sensitive question. The original question used in the list experiment is shown in Table S6 in
the Online Appendix. A regression model with interactions between treatment status and condition 1 in the
list experiment was estimated using the matched sample. The dependent variable is the total number of list
outcomes reported

Caribbean was included.57 TTM is found to have large effects on the likelihood
of being a member of several of these social organizations. In particular, the pro-
gram increases the probability of being a member of community action boards (8.3
percentage points), producer associations (3.7 percentage points), citizen veedurias
(1.9 percentage points), volunteering organizations (7.2 percentage points), sports or
cultural groups (4.8 percentage points), and women organizations (14.5 percentage
points). All these effects are robust to multiple comparisons. The effect sizes associ-
ated with these effects are pretty large, suggesting increases in the likelihood of being
amember of these organizations of more than 100%. Hence, the programwas effective
in improving participants’ social capital levels.

Overall, these results suggest a mixed picture. On the one hand, the program was
very successful in improving political and social participation. These are critical com-
ponents of empowerment as pointed out by the literature (Milazzo & Goldstein,
2019) and Duflo (2012). Increasing women’s political and social participation has
been associated with a provision of public goods that better reflect women’s prefer-
ences (Chattopadhyay & Duflo, 2004), raises girls’ educational aspirations (Beaman
et al., 2012), and increases in labor force participation (Deininger et al., 2020) and
entrepreneurship (Ghani et al., 2014). Women’s political participation also leads to
more empowerment (Bargain et al., 2018), and involvement in community affairs
(Beath et al., 2013). On the other hand, the increase in exposure to IPV implies that
TTMwas not able tomodify the unequal structure of powerwithin participants’ homes.
These results contrast with recent evidence that conditional (Buller et al., 2018) and
unconditional (Haushofer et al., 2019) cash transfers reduce IPV prevalence. However,
the effect of empowerment on IPV is theoretically ambiguous (Angelucci & Heath,
2020), and these results can be consistent with extractive and status threat theories of
IPV.

57 I acknowledge the limitation of measuring social capital using membership in social organizations,
although there are several examples in the literature. There is no consensus about what dimensions to take
into account for social capital measurement but some of the proxies used in the past include trust, norms of
reciprocity, engagement in public affairs, and participation in voluntary organizations.
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4.3 Control over the body and psychological empowerment

Table 10 shows the effects of TTMon several proxies ofwomen’s control over the body
and psychological empowerment. In Panel A, the outcomes of interest are measures
of the use of different contraceptive methods and some preventive health practices
like cytology and breast exam. In Panel B the outcomes are beliefs about tolerance
of violence towards women, women’s role as an agent of change, and a measure
of self-confidence. These latter measures are interpreted as proxies of psychological
empowerment.

There is no evidence of the effects of TTM on control over the body. No effect
is found regarding the use of contraceptives. If something, it seems that the program
reduced the use of contraceptive injections (row 7). The point estimate is −2.6 per-
centage points, a 65% reduction with respect to the control mean (4.1%), and robust
to multiple comparisons. However, the program was effective in increasing the use of
breast exams. The point estimate is 9.7 percentage points, representing an increase of
17% with respect to the control group mean. This effect is robust to multiple compar-
isons.

Regarding psychological empowerment, no evidence of impacts is found in any
of these dimensions (Panel B). Although this does suggest the intervention was not
effective in changing these beliefs, it has to be observed that themargin of improvement
was small because the control group mean was already high.

These results seem to be consistent with weak or null effects of TTM on control
over the body and psychological empowerment. Table S7 in the Online Appendix pro-
vides more evidence in this regard. This table presents results about the effects of TTM
on attitudes towards women’s rights. There is no evidence that the program affected
these attitudes, although it is important to emphasize that the margin of improve-
ment was minimal because the control mean for many of these attitudes was beyond
the 95%.

However, these high levels of positive attitudes towards women’s rights in this
setting seem to be unrelated to changes in the allocation of responsibilities within the
household. To see that, Table S8 in the Online Appendix studies the effect of TTM on
time use for household chores. There is no evidence of changes in the time assigned
for household chores as a consequence of the program. If something, it seems the
program increased the time treated women assigned to family care (row 10). The
estimated coefficient is 7.8 percentage points, representing an increase of 72% with
respect to the control mean. Therefore, it seems TTMdid very little or nothing in terms
of changing gender inequalities within the household.

Overall, these results are consistent with the null effects of TTM on these dimen-
sions. The evidence of the international literature is mixed in this regard. Bandiera et
al. (2020) find large effects on behavior and outcomes about childbearing, marriage,
and sex for girls in Uganda. On the other hand, (Elsayed & Roushdy, 2017), (Sieverd-
ing & Elbadawy, 2016), and Buehren et al. (2017) find no effect on related indicators
for young girls in Egypt and Tanzania. It is possible that the difference in ages (40
years old on average for TTM participants), and the more conservative environments
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in these countries, can help to explain the differences in results with Colombia. As
mentioned before, the control group’s baseline levels in many of these indicators were
already high, which helps to explain the lack of significant differences. This issue
deserves more research in the future.

5 Additional results: consequences of empowerment

In this section, I explore some consequences of empowerment. In particular, I pay
attention to the potential effects of TTM on proxies of investments and economic
vulnerability. First, I study whether TTM participation is related to housing quality
improvements, an important dimension of investment for poor households. Table S9 in
theOnlineAppendix presents results for different house amenities. There is evidence in
terms of better walls (row 2) andwater (row 6) quality for treatedwomen’s households,
but these effects are not robust to multiple comparisons.

Second, I explore the role of TTM in explaining two dimensions of vulnerability:
food security and reliance on social programs. As a consequence of improvements in
empowerment, less exposure to food insecurity is expected. The evidence reported in
Table S10 in theOnlineAppendix suggests that some dimensions of food insecurity are
reduced as a consequence of TTM. For instance, there is a reduction of 5.4 percentage
points in the likelihood of reporting being worried about the possibility of no having
food in the last 30 days (row 1), a reduction of 6.4 percentage points in the likelihood
of reporting no consuming healthy foods in the last 30 days (row 3), and a reduction
of 4.5 percentage points in the likelihood of no having a meal in the last 30 days (row
5). However, these effects are weak and not robust to multiple comparisons.

Regarding the dependency on social programs, one possibility is that TTM par-
ticipants are less likely to depend on social programs. On the other hand, it could be
possible that TTM can improve the information that participants have regarding access
to social programs, leading to vulnerable participants being more likely to enroll in
social programs. Recall that the sample is composed of women who are considered
vulnerable because they are part of the SISBEN system. Table S11 in the Online
Appendix presents results regarding access to social programs. TTM increased the
likelihood of being a beneficiary of the flagship conditional transfer program “Fami-
lies in Action.” The estimated coefficient is 5.5 percentage points (a 15.6% increase
with respect to the control group mean), but it lacks robustness when controlling for
multiple comparisons. TTM is also causally associated with a reduction of 15.4 per-
centage points in the likelihood of receiving subsidies for displaced populations. This
represents a reduction of 33.2% with respect to the control group mean. This effect is
robust to multiple comparisons.

In sum, TTM seems to have mixed effects regarding the consequences of empower-
ment. There is some evidence in terms of better housing conditions and less exposure to
vulnerability. However, these effects are weak and not robust to multiple comparisons
in some cases.
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6 Sensitivity analysis

This section discusses the sensitivity of the main results to violations of the CIA
assumption by applying the sensitivity analysis proposed by Rosenbaum (2002) for
the large set of outcomes analyzed in this study. This exercise aims to assess whether
results that are statistically significant under the validity of the CIA remain in this way
once a degree of violation of the CIA is allowed. A result would be considered robust
if it remains statistically significant after this degree of CIA violation is introduced
otherwise results are interpreted as very sensitive to relaxing the CIA assumption.

Tables S12-S31 in the Online Appendix show the results of this exercise. Because
non-significant results are not affected by this analysis, the rest of the sectionwill focus
on those outcomes that were found statistically significant under the validity of theCIA
assumption. Recall that a value of � = 1 implies that a treated person is equally likely
to receive the treatment than someone in the control group. In other words, unobserved
covariates play no role in explaining differences in treatment participation.On the other
hand, a value of� = 1.5 implies that a treated person is 50%more likely to participate
in the program due to unobserved covariates with respect to someone in the control
group with the same observed covariates.

Tables S12 and S13 in the Online Appendix report the sensitivity analysis results
for the economic empowerment outcomes originally discussed in Table 4. Lower and
upper bounds for p-values for values of � from 1 to 2 are reported for each outcome
variable. Because lower-bound p-values are always below the unconfounded p-value,
the emphasiswill be placed on the upper-bound ones. In the case of themonthly income
variables, the unconfounded p-value is 0.00. Then, for values of � larger than 1.4, the
estimated coefficient is no longer significant. In other words, when matched treated
units are 1.4 times more likely to receive the treatment due to unobserved covariates
than control units, the monthly income variable is no longer statistically significant.
Because this violation of the CIA is large (40% higher chance of receiving treatment
due to unobservables for treated units), this result suggests that the estimated effect is
fairly robust.

The result for the monthly expenditure variable is less robust than the case of
income. The original coefficient is no longer significant for values of � larger than
1.1, a minor violation of the CIA assumption. Not surprisingly this variable, although
significant using the uncorrected p-value, was not robust to multiple comparisons. For
the poverty and employed indicator variables, violations of CIA associated with 40%
and 100% larger probabilities of receiving treatment due to unobservables are needed
to modify the original inference about the statistical significance of these coefficients.
These results suggest fairly and strongly robust estimated effects, respectively. The
evidence for health and pension coverage shows that both variables are very sensitive
to departures of unconfoundedness.

Due to space constraints, no detailed discussion about the sensitivity of the effects
of TTMon economic, political, and social empowerment outcomes (Tables S14-S21 in
the Online Appendix) as well as the control over the body and psychological empow-
erment outcomes (Tables S22-S27 in the Online Appendix) is provided. In summary,
those outcomes for which effects are statistically strong are typically related to larger
values of � for results to become no longer significant due to violations of the CIA
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assumption. This speaks well about the validity of this paper’s research design. For the
sake of completeness, the sensitivity analysis for the additional results on the conse-
quences of empowerment is also reported (Tables S28-S31 in the Online Appendix).58

7 Conclusion

This paper has analyzed the long-term effects of TTM, a multifaceted intervention
designed to address the multidimensional nature of women’s empowerment in the
Colombian Caribbean. This intervention addressed several economic, political, social,
and psychological barriers via the provision of training on soft and vocational skills,
self-esteem, and women’s rights. It also included mentoring and in-kind seed capital.
Compared to the average intervention studied in the empowerment literature, this pro-
gram offered a more integral approach that tackled interlinked constraints to women’s
well-being.

I find that TTMcaused large effects onmany relevant economic, political, and social
dimensions ofwomen’s empowerment, but failed to affect the structure of powerwithin
the participants’ households. TTM increased household incomes and labor market
outcomes, causing a reduction in multidimensional poverty. The program also led to
an increase in savings. Regarding political and social empowerment, the program led to
more political participation and involvement in social organizations and public affairs.
However, the program did not affect the use of contraceptives, self-confidence, beliefs
aboutwomen’s rights, or the allocation of time for household chores. Evenworse, TTM
is associated with a sizable positive effect on IPV. In a way, the program could not
enter participants’ homes despite its large effects on outside-home economic, social,
and political activities.

These results are consistent with related interventions that have found important
economic, political, and social effects with limited or null impacts in terms of beliefs,
the within-household decision-making, and allocation of power (Beath et al., 2013),
(Elsayed & Roushdy, 2017), (Austrian et al., 2020), and Sieverding and Elbadawy
(2016). From a policy perspective, this implies that multifaceted programs might not
be enough in settings where social norms and attitudes do not favor gender equality.
Complementary interventions targeted tomen can be useful in this regard. For instance,

58 Alternative parametric methodologies in the context of linear regressions are available to explore the
sensitiveness of my main results. However, these methods are inappropriate for a fully non-parametric
technique likematching. One common approach is based on the inclusion of additional covariates to explore
how their inclusion changes the estimated effects in linear regressions. As emphasized by Oster (2019), one
limitation of this approach is that coefficient movements alone are not sufficient statistics to approximate
the role of omitted variables. It is also important to consider how much of the variance in the outcome
is explained by the inclusion of covariates. In other words, when controls are included, omitted variable
bias is proportional to coefficient movements, but only if these movements are scaled by the change in the
R-squared. Oster (2019) offers a methodology to address these issues. This method can be complemented
with an approach that selects these covariates using machine learning methods like double lasso (Urminsky
et al., 2019) so I can address concerns about ad-hoc variable selection. I implemented these methods for
monthly incomes in the final sample and found that my main results are robust to alternative sets of control
variables. This result is robust even when the double lasso selects covariates. In all these cases, I found after
implementing the methods in Oster (2019) that the unobservable variables should be between 5.68 and 8.01
times as important as the observables to obtain a null effect. Although these results depend on a parametric
approach, the evidence is consistent with my sensitivity analysis. Results of these exercises are available
upon request.

123



Empowering women through multifaceted interventions... Page 41 of 44    10 

programs that tackle the support of restrictive gender norms among boys can be a
profitable long-term investment (Dhar et al., 2020). On the other hand, innovations to
modify adult males’ beliefs about gender equality and conformity with discriminatory
norms are of first-order relevance. However, there is very little written about the
effectiveness of this kind of approach.59 Smarter policy designmotivated by behavioral
science can also modify gender norms, as some recent evidence has shown (Bursztyn
et al., 2020).

In sum,women’s empowerment interventions and gender-equalizing policy reforms
require carefully thinking about innovative ways to incorporate men if their goal is to
obtain sustainable results. Designing and evaluating such interventions constitutes a
fundamental area of future research.

Supplementary Information The online version contains supplementary material available at https://doi.
org/10.1007/s00148-024-00987-z.
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