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Abstract

The capacity to imagine possibilities beyond one’s experience is fundamental to economic
life. This ability draws on memory and becomes distorted by experiencing trauma. To what ex-
tent does this distortion influence how new experiences are interpreted, and can it be repaired?
In this paper, we answer these questions in two RCTs where we introduce and evaluate Guided
Mental Experiencing (GME), a scalable intervention that trains individuals to construct vivid,
causally structured simulations of future success and is designed to repair the cognitive impacts
of trauma. In a sample of refugees in Ethiopia, consistent with the repair hypothesis, GME
alone improves simulation quality, labor supply, income, and food security. In a sample of
vulnerable would be entrepreneurs in Colombia, we test both hypotheses. Traditional busi-
ness training harms trauma-exposed participants—consistent with the idea that history shapes
how people respond to new interventions. Adding GME reverses these effects—consistent with
cognitive repair. We contribute evidence that trauma-induced constraints are malleable, intro-
duce new tools to measure simulation, and provide large-scale evidence on the behavioral and
economic effects of GME.
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1 Introduction
Economists have long recognized that investing in the future takes more than resources–it requires
the ability to clearly imagine what lies ahead. As Böhm-Bawerk wrote in 1889:

Provision for the future makes no inconsiderable demands on our intellectual strength...
The present always gets its rights. It forces itself upon us through our senses.... But
the future we must anticipate and picture.1

Decades of research in neuroscience and psychology explain how this anticipation is done – we
picture the future by reconfiguring our memories of the past, a process called episodic future
simulation (Schacter et al., 2008; Addis, 2020). Indeed, a growing body of economic research
illustrates how our experiences of the past shape our decisions today and beliefs about the future
(Malmendier and Nagel, 2011; Bordalo et al., 2020).

When past experiences are particularly negative, this capacity to picture the future becomes im-
paired. For most of the world, memories of the past are shaped by adversity. More than 70% of the
global population has experienced trauma, and by 2030, over 60% of the world’s poor will live in
fragile states marked by conflict and violence (Kessler et al., 2017). Because we imagine the future
through the lens of the past, this trauma impairs the ability to plan and move forward (McNally
et al., 1995; Kleim et al., 2014). The tragedy is that in wake of trauma – just when people most
need to envision a better future and take steps to achieve it –their ability to do so is compromised.

Adversity can thus distort forward-looking choice, which raises two fundamental questions. First,
the repair question: can the damage of past trauma be undone? Second, the interpretation question:
do the effects of past experience end with current choices, or do they shape how new information is
processed—is program impact determined by content alone, or does it depend on the history of the
participants? We address these questions in three steps. First, we draw on insights from psychology
showing that mental simulation is a plastic and potentially repairable capacity. We use this to
design a new intervention—Guided Mental Experiencing (GME)—that helps individuals construct
vivid, causally structured simulations of goal-relevant futures (Holmes et al., 2007; Pile et al., 2021;
Pham and Taylor, 1999; Oettingen, 2012). GME adapts principles from imagery-based therapy
but is delivered in a non-clinical, scalable format by lay facilitators.2 Second, we embed GME into

1“Indeed, to have any effect in the future, we must form a double series of anticipations. We must be able to
form a mental picture of what will be the state of our wants, needs, feelings, at any particular point of time. And
we must be able to form another set of anticipations as to the fate of those measures which we take at the moment
with a view to the future.” - The Positive Theory of Capital and Interest (1889)

2By mental experiencing we mean the process of vividly and multi-sensorially imagining experiences in our mind
as if we were living them. This necessarily involves thinking in mental images and using all five senses, which also
evokes much greater emotion (Pearson et al., 2008; ?). This process is also known in the psychology literature as
mental simulation, mental imagery, visualization, mentalization or imagination. We use these terms as synonyms
throughtout the paper.
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two large-scale randomized controlled trials to test the repair and interpretation questions. The
first RCT, conducted with refugees in Addis Ababa, Ethiopia, evaluates whether improving future
simulation can change economic behavior in a population with high trauma exposure. The second
RCT, in Bogotá, Colombia, compares a standard entrepreneurship program to a GME-enhanced
version among vulnerable individuals, to examine whether cognitive support alters how training is
received and interpreted.

Third, we develop new tools to measure the quality of mental simulation—assessing both speci-
ficity and emotionality—in participants’ narratives about the past and future. These allow us to
capture changes in the structure and affective depth of imagined futures and link them to economic
outcomes. Our results provide affirmative answers to both of our questions. Cognitive constraints
induced by trauma can be repaired cost-effectively. And trauma shapes not only current decision-
making, but how individuals interpret and respond to new information—altering the effectiveness
of development programs.

In Ethiopia, we test the repair hypothesis: can improved simulation change economic behavior?
GME leads to significant improvements in participants’ ability to vividly and emotionally simulate
future scenarios, with average cognitive gains of 0.10 standard deviations. These translate into
substantial behavioral and economic improvements: labor supply increases by 5 percentage points
(over a control mean of 21%), earnings rise by 0.14 standard deviations, and food insecurity falls
by 0.22 standard deviations. Participants also report higher life satisfaction and reduced functional
impairment. These results demonstrate that trauma-induced constraints are not immutable.

In Colombia, we test both the repair and interpretation hypotheses. Traditional business training,
delivered without cognitive support, backfires: it reduces the quality of imagined business-related
futures by 0.16 standard deviations, especially among individuals with high trauma exposure. This
decline is accompanied by lower income (between -0.14 and -0.22 standard deviations) and lower
likelihood of getting funding for the business (by 6 percentage points), suggesting that distorted
simulation impairs how training is processed and acted upon. When GME is added, these effects
are reversed: simulation quality improves by 0.18 standard deviations, income returns to baseline,
the likelihood of receiving any business funding rises by 6 percentage points and business survival
increases by 5 percentage points. The same intervention that increased employment in Ethiopia
makes development programming trauma-robust in Colombia.

Our findings make four contributions. First, we show that the cognitive scars of trauma are mal-
leable: the quality of mental simulation can be significantly improved, with meaningful effects on
behavior and economic outcomes. Second, we demonstrate that history shapes not only present
behavior but also how new experiences are interpreted—affecting whether programs help or harm.
Third, we introduce a practical, scalable intervention that improves future simulation capacity. Fi-
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nally, we contribute new tools for measuring the specificity and emotionality of mental simulation
in field settings.

Our work builds on and complements several strands of literature. Alan and Ertac (2018) study
a classroom-based program in Turkey that encourages primary school children to consider future
consequences. John and Orkin (2022) evaluate a light-touch intervention in Kenya that prompts
low-income women to imagine their future selves. Both aim to increase the salience of future rewards
and have been shown to shift behavior in domains such as health and savings. Related work in
psychology shows that individuals who vividly imagine and emotionally connect with their future
selves are more likely to make forward-looking choices (Hershfield et al., 2011). We build on this
work by both focusing on and measuring specificity and emotionality in mental simulation. We
designed with trauma in mind, to repair the cognitive capacity to construct emotionally grounded,
domain-specific simulations of the future. GME targets adults who have experienced trauma and
shows that repairing this simulation capacity can protect against backfire in programs that demand
future planning. Due to this focus, we implement and test field measurement of affect and specificity
in the quality of mental simulation and its economic impacts.

We also contribute to the growing economics literature on psychological and cognitive interventions.
Prior work has shown that light-touch adaptations of cognitive behavioral therapy (CBT) can
improve mental health and economic outcomes in low-income settings (Haushofer et al., 2020;
Barker et al., 2022; Ridley et al., 2020). GME differs in focus: CBT targets mood and beliefs,
whereas GME targets the construction of future experiences. GME is thus a cognitive complement
to mood-based therapy—focused not on how people feel in the present, but on what they are able
to imagine about their future.

Finally, we speak to research on how memory and experience shape economic behavior. Recent work
highlights the role of selective recall and memory-based simulation in risk perception, judgment,
and belief formation (Bordalo et al., 2020, 2024; Schacter et al., 2007). Other research shows
that life experience shapes economic behavior through long-lasting imprint effects (Malmendier
and Nagel, 2011; Malmendier and Wachter, 2021). We extend this work by explicitly centering
and measuring the role of affect in simulations of both memory and future scenarios, by showing
that trauma-induced distortions in memory and simulation can be repaired, and, crucially, that
repairing this capacity has meaningful economic effects. We also show that history not only alters
decision making, it can significantly negatively alter how individuals respond to new opportunities
and learning if they don’t have the scaffolding of cognitive repair.
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2 Trauma, GME and Economic Decision Making
In this section we sketch a model of how trauma affects decision-making. The framework highlights
that trauma alters how people retrieve memories and imagine future events, and shows how these
cognitive distortions affect the perceived value of forward-looking actions. Rather a new conceptu-
alization, the framework is a summary of existing research which motivates the design of our Guided
Mental Experiencing (GME) intervention to ‘repair’ the negative cognitive impacts of trauma.

We use the framework to generate testable implications of the impact of GME, and these form the
backbone of our empirical analysis of in Ethiopia. We also discuss why programs may fail to be
trauma-robust— leading to harm for vulnerable populations—and explain how GME can mitigate
this risk. These ideas form the basis for our analysis in Colombia. While the exposition here is
verbal, a formal model is provided in Appendix A.

2.1 A Model of Trauma and Decision-Making
Trauma-related disorders are disorders of memory (Brewin and Holmes, 2003; Brewin, 2014, 1998;
Cohen and Kahana, 2022; Rubin et al., 2008). The hallmark memory distortion associated with
trauma is intrusive memories of the traumatic event. These take the form of sensory (predominantly
visual) memories which spring to mind unbidden (Ehlers et al., 2004; Iyadurai et al., 2019). While
everyone can experience involuntary memory recall, the distinguishing feature of traumatic reactions
is that these recalls are aversive, unwanted and have traumatic content (Berns et al., 2007; Berntsen
and Rubin, 2002).

Following research in cognitive psychology, we assume that forward-looking decision-making relies
on a process known as episodic simulation—the construction of imagined future events using frag-
ments of past experiences (Schacter et al., 2007; Addis, 2020; Peters and Büchel, 2010). When an
individual considers a forward-looking action—such as applying for a job or starting a business—she
imagines possible outcomes using cues drawn from memory. If recalled experiences are detailed,
emotionally grounded, and suggest the possibility of success, this simulation is likely to motivate
action. If they are vague, negative, or emotionally aversive, it may discourage planning or risk-
taking.

Trauma impairs the cognitive process of mental simulation through two distinct, but reinforcing,
mechanisms: distortion and avoidance.

• Distortion occurs because traumatic memories are encoded with high emotional salience,
making them more likely to be retrieved—even in unrelated contexts (Brown et al., 2014;
Kahana, 2020; Bordalo et al., 2024). Critically, this distortion can spread.
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In the period after trauma, individuals continue to simulate choices in daily life. If the
emotional environment is saturated with fear, failure, or shame, even unrelated simulations
may become negatively colored- biasing downward individuals’ simulations of utility outcomes
of economic choices (Ehlers and Clark, 2000; Brewin et al., 2010). These simulations are then
stored as new memory traces—encoding imagined failure or hopelessness even in domains
where no real setback has occurred (Pearson et al., 2008; Schacter et al., 2008).

Experimental work supports this dynamic. When neutral images (e.g., the Eiffel Tower) are
paired with emotional content (e.g., a crying child), individuals later rate the neutral image
itself as emotionally charged—and even misattribute this emotion to related but unseen stimuli
(Madan and Kensinger, 2021). This “emotional bleed” implies that affective distortions may
generalize beyond the original context, covertly shaping how individuals evaluate a broader
set of future possibilities (Kleim et al., 2014).

• Avoidance, Avoidance arises because the act of simulating itself becomes emotionally unpleas-
ant. Simulating the future may trigger anxiety, hopelessness, or re-experiencing, prompting
individuals to disengage from mental construction of the future (Foa and Kozak, 1986; Bomyea
et al., 2016). The result is vague and incoherent beliefs rather than concrete simulations—
what Schacter et al. (2007) describe as a “blank future.”

As a result, individuals may appear passive or unmotivated —not because they lack aspira-
tions, but because they lack usable simulations to support action.

Panel A of Diagram 1 provides a schematic representation of the argument.

2.2 The Role of GME
Guided Mental Experiencing (GME) aims to counteract distortion and avoidance in a targeted
domain by guiding individuals to generate vivid, goal-specific simulations of future success and the
path there (including possible failures). This draws on psychological evidence that structured, high
quality mental simulation can improve planning, enhance motivation, and reduce avoidance (Pham
and Taylor, 1999; Oettingen, 2012; Holmes et al., 2009). High quality mental simulation involves a
high degree of specificity and emotionality: essentially as close as possible to a true experience.

A large body of evidence in psychology underscores the mechanisms through which the quality of
mental simulation is malleable and can be improved. A recent meta-analysis of 27 experiments shows
that prompting individuals to vividly recall emotionally rich autobiographical events (“episodic
specificity induction”) results in a significant improvement across all studies in the specificity of
future simulation on imagination tasks (Lauro, 2024).3

3Recent research finds that women can be more sensitive and responsive to episodic specificity than men, especially
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Panel A: Trauma

Trauma

Distortion

Biased Memory Bank

Biased Simulation

Pessimistic Beliefs

Inaction

Avoidance

No Simulation

Vague Beliefs

Disengagement

Panel B: GME

GME Intervention

Constructive
Simulation

Updated Beliefs

Goal-Directed Action

Economic Outcomes

Diagram 1. Panel A shows how trauma impairs decision-making via distortion and avoidance.
Panel B shows how GME restores the simulation-belief-action pathway.

The same meta-review finds that episodic simulation induced for specificity improves performance
on forward-looking tasks requiring complex reasoning and sequencing. For example, participants
primed with episodic recall solved the Tower of Hanoi puzzle more efficiently, suggesting stronger
sub-goal construction and means–ends reasoning.

Designing a structured training to improve the quality of mental simulation beyond the laboratory
and that can have economic impact, particularly for populations who have faced great trauma,
requires identifying a potential population who not only has a history of trauma but also a shared
economic goal, such as having a successful business as in Colombia or creating a better economic
life for their family, as among the refugees in Ethiopia. The exercises that make up GME guide
individuals through concrete, causally structured simulations—e.g., renting a stall, arranging goods,
interacting with customers in the case of Colombia. These imagined experiences form new entries
in the memory system, which can serve as positive anchors in subsequent simulations (Pile et al.,
2021; Holmes et al., 2007).

with high retrieval support (Fuentes and Desrocher, 2013). We show heterogeneity by gender in the latter part of
the paper.
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The goal salience helps motivate participants to engage. GME does not attempt to rewrite the
entire memory bank; it targets a specific goal domain. This not only enhances feasibility but may
also increase demand for the intervention, particularly in low-income settings where mental health
services are often underutilized due to economic priorities (Haushofer and Fehr, 2014).

In this sense, GME acts as a cognitive bridge between where participants are and where they want
to go. It builds a set of new, emotionally appropriate memories – a bare-bones scaffold –that
can be used to support forward planning without relying on distorted or aversive content. These
simulations are typically confined to the specific goal domain in which they are practiced; GME
does not construct a general-purpose cognitive skill, but rather a targeted set of usable experiences
that can be drawn upon in decision-making. As these imagined futures are rehearsed, they are
encoded into memory, becoming increasingly available for future simulation and action.4

This conceptual framework leads to four claims, which structure our empirical analysis in Ethiopia.
We divide our claims into primary claims (those that are essential to the effectiveness of GME
and its key channels) and secondary claims, those that are supportive of the mechanism that we
hypothesize between simulation and outcomes.

Primary claims:

1. GME reduces distortion and avoidance in mental simulation in the goal domain;

2. GME improves economic outcomes and subjective well-being.

Secondary (mechanism) claims:

1. GME leads to more concrete, plausible, and forward looking beliefs and plans; and

2. GME increases motivation and supports taking active action (rather than avoiding or passive
behavior).

2.3 Traditional Programs and Trauma Non-Robustness
Traditional anti-poverty programs—from business training to cash transfers—often require partic-
ipants to imagine and plan for their future. These designs implicitly assume intact capacity for
simulation and belief formation (Banerjee et al., 2015; Karlan et al., 2014). But as discussed,
trauma may impair these processes.

For trauma-affected individuals, program-relevant simulations may retrieve distorted memory traces,
leading to pessimism and inaction. Worse, engaging with such programs may reinforce negative

4We are grateful to Elizabeth Kensinger for her insight that GME may be providing cognitive scaffolding by
engaging hippocampal - rather than amygdala - binding, enabling participants to overcome some of the event-
segmentation challenges associated with trauma which is linked to overgeneral memory (Williams et al., 2022).
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simulation pathways by adding new negatively valenced content to memory (Hayes et al., 2012).
This creates a feedback loop: future-oriented programming elicits painful or incoherent imagery,
leading to disengagement and diminished program impact (Bomyea et al., 2016).

We refer to this vulnerability as trauma non-robustness: the idea that standard programs may
perform worst for those most harmed by past adversity.

GME is designed to mitigate this risk. When delivered alongside traditional programming, it sup-
ports participants in creating vivid, positively valenced simulations that seed the memory database
with constructive content. This makes program content more accessible and emotionally manage-
able, and supports downstream behavior and outcomes (Holmes et al., 2009; Schacter et al., 2007).
This leads to four testable claims for our Colombia analysis:

Primary claims:

1. Traditional training may increase distortion and avoidance in mental simulation in the goal
domain. GME reduces or eliminates these impacts;

2. Traditional training may worsen economic outcomes and subjective well-being, GME reduces
or elimitates these impacts.

Secondary (mechanism) claims:

1. Traditional training may result in more pessimistic or incoherent beliefs. GME reduces or
eliminates these impacts;

2. Traditional training may undermine motivation and propensity to take action. GME reduces
or eliminates these impacts.

3 Context, GME Intervention, and Experimental Design

3.1 Context and Populations

We evaluate GME in two high-adversity settings: Eritrean refugees in Addis Ababa, Ethiopia, and
low-income aspiring entrepreneurs in Bogotá, Colombia.5

Economic constraints differ across settings. In Ethiopia, only 19 percent of refugees work despite 59
percent of comparable Addis Ababa residents being economically active (Table 1, columns 1 and 3).
While refugees lacked work permits at the time of the study, informal employment was de facto not
criminalized. At baseline thirty-nine percent were actively searching for employment, suggesting

5Appendix Sections D.1 (Ethiopia) and E.1 (Colombia) provide detailed discussions of the experimental context.
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available opportunities exist but remain inaccessible. Conditional on employment, working refugees
earn approximately half the wages of the general population (USD 98 versus USD 189).

In Colombia, participants live in a context where micro and small firms comprise over 87 percent
of businesses. Sixty-seven percent earn below minimum wage, averaging USD 200 monthly. While
55 percent already operate businesses, government partners reported that traditional economic
programs consistently failed among trauma-affected populations.

Government partners in both countries identified trauma as a likely barrier to the effectiveness of
economic programs. These concerns are reflected in rates of trauma exposure and probable post
traumatic stress disorder (PTSD) in our experimental samples.

In Ethiopia, 98 percent of the sample report having directly experienced or witnessed at least one
type of trauma in their lives, and 13 meet the threshold for probable PTSD – more than three times
the rate in the general global population. Common trauma types include life-threatening illness
or accidents (92 percent of the sample, compared to 34 percent in the global general population),
exposure to war or armed conflict (76 percent of the sample), and physical assault (70 percent of
the sample).

In Colombia, trauma exposure is similarly prevalent, with eighty-three percent of participants
reporting having experienced or witnessed traumatic events. 22 percent screen positive for PTSD.
Nearly half report war-related trauma, and 61 percent report having witnessed or survived an
assault – again far exceeding global averages.

Qualitative interviews with participants in both contexts echoed the concern by policymakers:
Participants expressed difficulty imagining concrete steps toward improving their livelihoods – a
pattern consistent with our conceptual framework.

3.2 GME Intervention and Experimental Designs

Our GME intervention directly addresses the distortion and avoidance mechanisms identified in our
model by guiding individuals to generate vivid, goal-specific simulations that form new entries in the
memory system. Consistent with our framework, these repeated simulations create positive anchors
that can be recalled without interference from trauma memories, thereby reducing the probability
of drawing distorted memory traces when considering future economic actions. By building this
cognitive scaffold in a targeted domain, GME restores the simulation-belief-action pathway.

We implemented this theoretical approach through structured sessions with three key elements:
(1) repeated practice of concrete, causally structured simulations in the goal domain; (2) exercises
designed to enhance specificity and emotionality—the key components of high-quality mental sim-
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ulation; and (3) generation of positive anchors to serve as new memory entries accessible without
trauma interference. In both countries, GME was adapted to the local context, delivered by trained
non-specialist facilitators, and implemented through government partnerships. We next describe
how these core principles were operationalized in each setting.

In Ethiopia, we partnered with the Ethiopian Refugee & Returnee Service (RRS) to recruit 1,652
Eritrean refugees in Addis Ababa through their centralized administrative database. Participants
were randomly assigned to either GME (n=900) or control (n=900), stratified by gender and a
cross-randomized priming treatment not discussed in this paper (Figure 1).

In Ethiopia, the GME intervention consisted of four one-hour sessions delivered by trained refugee
facilitators from the same community. Sessions focused on imagining a potential life in Addis Ababa
in the immediate term, building a safe mental space for economic decision-making, identifying
specific actions to access economic opportunities, and developing concrete plans to improve economic
outcomes. Each session featured two to three GME exercises guided by pre-recorded audio from
clinical psychologists to ensure standardization. Sessions were held in a community center, with a
referral system in place for participants in need of additional mental health support.6

In Colombia, the experiment evaluated whether integrating GME into standard economic support
programs can enhance their effectiveness for vulnerable populations. We partnered with Bogotá’s
District Department of Social Integration (SDIS) and District Department of Economic Develop-
ment to recruit 1,967 vulnerable aspiring entrepreneurs through a multi-channel media campaign
advertising an entrepreneurship program.7 We randomized participants into three arms: busi-
ness training plus GME (n=956, 48 percent), traditional business training (n=558, 28 percent),
and a no-intervention control (n=453, 23 percent), stratifying assignment by subdivision, sex, age,
entrepreneurship status, and income level (Figure 2).

Both the traditional and the GME-enhanced training program consisted of ten three-hour group
sessions covering identical entrepreneurship themes in the same order (e.g., product development,
marketing, budgeting). The key distinction was that the GME-enhanced program included three
to four mental experiencing exercises per session - always tied to the business content of the day
- while the traditional treatment replaced these with group discussions, role plays, and written
work of the same content and time length. For example, in one session, traditional participants
completed a written task listing how their business matched their skills. In the GME version,
participants were guided to imagine running their business—focusing on how it felt, what they

6This included a risk protocol and referral mechanism for individuals with severe symptoms. Of the 24 identified
for additional evaluation, 17 agreed to seek care and were referred to a local provider.

7As part of their mandate, the SDIS were required to train numerous groups that face economic and social
challenges. As a result, they brought to us a sample that includes victims of conflict and Venezuelan migrants, as
well as low-income youth, LGBTQ groups, entrepreneurs with disabilities or carers thereof, the formerly homeless,
and the elderly. Each of these groups is labeled “subdivision” by our field partner and in the experiment.
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saw and heard, and what specific actions they were taking. By embedding GME exercises directly
into business-relevant content, we ensured that the new memory entries created through simulation
were immediately linked to the entrepreneurial domain. This design follows our model’s prediction
that domain-specific positive anchors are most effective when they can be readily recalled in the
context of relevant economic decisions. Trainers in both arms used standardized scripts and visual
materials, and sessions were held in consistent venues across neighborhoods.

For detailed descriptions of recruitment procedures, intervention contents, and experimental pro-
tocols, see Supplementary Materials in Appendices D.2 and E.2.

4 Measurement and Empirical Strategy
We study the causal impact of GME using survey data collected at baseline and post-intervention
in both Ethiopia and Colombia. In Colombia, baseline data were collected in two waves between
July and December 2019 (corresponding to the two implementation waves of the program). Due to
COVID-19 restrictions, follow-up surveys were conducted by phone in May and November 2020 –
approximately seven and thirteen months after the intervention – and are pooled in our analysis.
In Ethiopia, baseline surveys were conducted in-person between May and July 2022, and a follow-
up took place three months later, approximately six weeks after the intervention. We present our
Ethiopian results, where we direct test GME, first. Outcome measures are pre-specified in pre-
analysis plans registered in the AEA RCT Registry.8 Supplementary Materials in Appendices D.5
(Ethiopia) and E.5 (Colombia) provide additional detail on measurement in each context.

We divide our causal claims into two parts. First, we have two primary outcomes of interest: mental
simulation and economic performance. As economists our overall goal is to understand economic
outcomes, and our main claim in this paper is that mental simulation can be altered by GME,
and this leads to economic gains. We are also clear about how to measure mental simulation and
economic outcomes, and what we expect these outcomes to capture.

Second, we have measures that lie on the causal path between simulation and economic outcomes.
These are beliefs and goal-oriented actions. Where relevant, composite indices are constructed
by standardizing and averaging across related items. Measures are tailored to each context and
harmonized across settings where possible.

8Ethiopia RCT ID: AEARCTR-0008934 (doi:10.1257/rct.8934-1.1); Colombia RCT ID: AEARCTR-0004695
(doi:10.1257/rct.4695-1.7). The construction of our main outcomes, model specifications, and heterogeneity anal-
yses follow the plans laid out in our pre-analysis. Reports that detail deviations from each PAP are available at
bit.ly/lswo_papreport_eth (Ethiopia) and bit.ly/lswo_papreport_col (Colombia).
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4.1 Measurement of Primary Outcomes
Simulation

Our GME program is aimed at improving the quality of simulation through increased specificity
and emotionality of mental simulation.

In Colombia, the need to survey over the phone led us to measure the quality of mental simulation
using two short scales, which are adapted versions of the Prospective Imagery Task (PIT) (Stöber,
2000) and the Spontaneous Use of Imagery Scale (SUIS) (Nelis et al., 2019). The adapted PIT
presents participants with three positive and three negative scenarios, across both the general and
business domains, and asks them to imagine a related future event (e.g., “the COVID- 19 pandemic
is over, and you save enough money to buy an asset you really want” or “the COVID-19 pandemic is
over, and your business closes”). Respondents describe their simulation of these scenarios according
to its level of vividness and emotionality on a five-point Likert scale. The adapted SUIS assesses
the respondents’ propensity to make use of simulation in business and general settings. They are
presented with a statement e.g., “When I need to go to a meeting, I picture the route in my mind
before going” and asked to rate how much they agree with it on a five-point Likert scale. We
aggregate measures of self-reported specificity and emotionality from the PIT and frequency of use
from the SUIS to construct an overall index for the quality of mental simulation.

The Ethiopian context gives us the opportunity to improve on these measures by enabling longer,
in-person surveys, making the link to memories as well as future scenarios, and recording responses
which are then blindly coded. For that purpose, we utilize a combined and adapted version of
the PIT (Stöber, 2000) and the Autobiographical Memory Test (AMT) (Griffith et al., 2009).
Participants are asked to describe specific memories or future events they recall based on different
scenario prompts. For both past and future recollections, they are presented with a positive, a
negative and two neutral scenarios as prompts to recall a specific memory or imagine a future
occurrence (e.g., “A friend of yours gets fired from a job” or “You receive a gift from a neighbor”).
9 For each scenario, the quality of respondents’ mental experiences is scored according to its level
of specificity and emotionality by two treatment-blind research assistants following a pre-defined
coding scheme. Coders are also asked to assess the scenarios’ emotional valence (from very negative
to very positive). To create the quality of mental simulation index, we average the office-coded scores
on specificity, emotionality, and frequency of positive scenarios (among neutral prompts) across both
past and future scenarios 10. To corroborate the link between past and future simulations, Figure 3
shows that the quality of memories and future imagined scenarios are positively related with each

9Contrary to the standard AMT, we use scenarios and not words as prompts to better reflect economic contexts.
10We also ask respondents to describe their mental simulation according to its level of specificity and emotionality

(on a Likert scale from 1 to 5). Self-reports and back-office coded measures are positively correlated in the Ethiopia
sample (see Figure B2)
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other. This supports our choice of including both past and future elicited scenarios in our main
indices.

Appendix B shows that our mental simulation indices are correlated with economic behavior and
vary by baseline trauma, indicating that they capture meaningful differences across individuals in
line with our framework.

Economic Outcomes

We align economic measures with each intervention’s focus, and pre-specify the outcomes and
analysis.

In Ethiopia, where GME targeted general livelihood improvement, we measure: employment sta-
tus, weekly earnings (from all sources), consumption expenditure, and food security. In Colombia,
where GME was embedded in entrepreneurship training, we measure: (i) an earnings index com-
bining personal income and business sales, and (ii) business survival (operating or temporarily
closed). Given Colombia’s data collection during COVID-19, we assess outcomes both pre- and
post-lockdown.

Mental Health and Welfare

We measure trauma exposure and symptoms in our samples at baseline using context-appropriate
scales, in order to use them for heterogeneity. Trauma exposure is assessed using a contextually-
relevant trauma history checklist (Life Events Checklist, LEC-5) that captures whether respondents
experienced or witnessed a traumatic event, and its type (e.g., assault, natural disaster, torture).

PTSD symptoms are measured using scales that assess subjective distress caused in the past month
by the most traumatic event ever lived. In Ethiopia, we use the PCL-5 (Weathers et al., 2013),
which is a PTSD checklist following the Diagnostic and Statistical Manual of Mental Disorders,
Fifth Edition (DSM-5). In Colombia, we use the 22-item Impact of Event Scale-Revised (IES-
R, see Weiss and Marmar, 1997). For both scales, symptoms include “trouble concentrating”,
“disturbing dreams” and “trying not to think about the event.” We refer to participants as “high
trauma” when their scores are above practitioners’ thresholds for a probable PTSD diagnosis.11

In terms of outcome measures related to mental health and wellbeing, we include in our endline sur-
vey in Ethiopia a measure of functional impairment using the World Health Organization Disability
Assessment Schedule (WHODAS), reverse-coded so that higher scores indicate better functioning.

11We use a cutoff score of 31 for PCL-5 (Bovin et al., 2016) and a cutoff score 33 for IES-R (Creamer et al., 2003).
We used different scales because we followed the guidance of local trauma experts in each context, which prioritized
the availability of a culturally adapted and translated version. The two scales are known to be moderately to highly
correlated.
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We also collect subjective well-being using the Cantril Self-Anchoring Ladder, a visual scale of life
satisfaction.

In Colombia, we measure psychological distress with the Kessler-6 (K6), a short screener for mood
and anxiety symptoms (Kessler et al., 2002). In one of our two follow-up surveys, we also measure
life satisfaction through the Cantril Self-Anchoring Ladder.12

4.2 Measurement of Secondary Outcomes

These measures help to build the causal chain between an improvement in the quality of mental
simulation and economic outcomes. Not all of them were pre-specified, and therefore are classed as
“secondary” but help to illuminate the path to economic impact.

Beliefs

In Ethiopia, we collected measures related to refugees’ beliefs about their opportunities in the labor
market and intentions related to their stay in the country. In particular, participants were asked
to report their likelihood of remaining in Addis Ababa under different hypothetical probabilities
of receiving a work permit. We also elicited respondents’ reservation wage (with and without the
permit), expectations of receiving a work permit, of finding work (with and without the permit)
and of the time to find a job.

In Colombia, our measures of beliefs are limited because we focused on collecting behavioral data
due to time constraints in our phone surveys.13

Actions

In Ethiopia, we measure goal-directed actions by looking at respondents’ involvement in the labor
market. Our main indicators are the total hours they worked in the past week and the kind of work
they did (for example, wage jobs versus casual or unpaid work). Because there are many (informal)
work opportunities in Addis Ababa, we see the number of hours worked as mostly a choice made
by the individual, rather than something decided by an employer. We also assess efforts to find
work by creating a job search index. This index reflects how much effort people put into looking for
a job by combining information on hours spent searching, the number of calls made, the different
channels used, and the money spent on these activities.

In Colombia, we measure entrepreneurial actions by looking at various behaviors tied to managing
a business. Specifically, we ask whether participants secured new financing for their enterprise,

12Life satisfaction is the only main outcome that was not pre-registered in the Colombia PAP, as it was added
only in our final follow-up survey. We include it here to maintain consistency with the Ethiopia experiment.

13Appendix Table C12 shows treatment effects on the few belief-related questions we did ask in Colombia.
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invested in their business (for example, by buying new tools or creating marketing materials),
introduced a new product or service, hired employees or worked in the business at all.

4.3 Empirical Strategy

Ethiopia

For all outcomes, we present intent-to-treat estimates for individual i in stratum s using the fol-
lowing specification:

yis = α + β · GMEi + δs + ϵis (1)

where GMEi is an indicator variable for being assigned to the GME treatment and δs are controls
for stratification variables (gender and a priming treatment not discussed here). As randomization
was at the individual level, we report Eicker–Huber–White standard errors. Unless noted otherwise,
all outcome variables are standardized and expressed in standard deviations of the control group
and indices are constructed by averaging across standardized sub-items, following our pre-analysis
plan and Kling et al. (2007).

Colombia

For all our outcomes, we present intent-to-treat estimates for household i in stratum s and survey
wave w using the following specification:

yisw = α + β · Ti + δs + δw + ϵisw (2)

where δs are controls for stratification variables (subdivision interacted with the experimental wave,
gender, age group, entrepreneurship status and income group) and δw are survey wave fixed effects.
Standard errors are clustered at the household level.14 Unless noted otherwise, all outcome variables
are standardized and expressed in standard deviations of the control group. Indices are constructed
by summing across standardized sub-items and re-standardizing the overall index. As specified in
the PAP, we limit the sample to individuals who accepted to participate in the training (86 percent
of the sample).

Our main tables show three specifications comparing different treatment groups as denoted by Ti:
i) traditional training versus no intervention, ii) GME treatment versus traditional training, and iii)
GME treatment versus no intervention.15 The comparison with the no-intervention group provides

14We collapse the data to the household level to account for the small share of individuals who reported living in
the same address as another participant and were thus randomized in the same treatment.

15As specified in our PAP, due to insufficient sample size and our implementation partner’s preferences, we do
not have two subdivisions in the control group for one of the experimental waves. In order to use the full available
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an estimate of the effect of receiving a traditional or GME-augmented entrepreneurship program.
We interpret differences between the two training programs as the impact of using GME techniques
relative to standard pedagogical techniques (e.g., think-pair-share, pros and cons lists).

Robustness and Multiple Hypothesis Testing

For all the outcomes, Appendix Tables C2, C3 and C4 show results from specifications augmented
with a set of controls Xi selected using Post-Double Selection Lasso (Belloni et al., 2014).

Throughout all the main tables, we use false discovery rate corrections to adjust for multiple
hypothesis testing (Benjamini et al., 2006). We apply these FDR corrections separately to the sets
of simulation outcomes, economic and mental health outcomes, and secondary outcomes, reflecting
our belief that findings in each of these domains are of independent interest.

5 Results
In Ethiopia, we find evidence of impact across the entire causal chain, from simulation to beliefs
and income-generating behaviors. In Colombia, we test two core hypotheses: first, that traditional
business training can reduce economic performance for trauma-affected individuals by impairing
simulation; and second, that Guided Mental Experiencing (GME), delivered alongside training,
can reverse these effects.

5.1 GME Impact on Mental Simulation Quality
Ethiopia

GME successfully improves mental simulation capacity among Ethiopian refugees. Participants
assigned to GME show a 0.09 standard deviations increase in their Mental Simulation Index (se
= 0.030), driven primarily by enhanced emotionality (+0.13 SD, q = 0.01) and more positivity
(+0.11 SD, q = 0.01) (Panel A, Table 2). These improvements reflect what our theory predicts:
in Ethiopia, GME appears to repair emotional distortion, enabling participants to imagine futures
with appropriate affect and specifity.

The intervention proves especially powerful for those starting with the most impaired simulation
capacity. Estimated quantile treatment effects indicate improvements across the distribution in
the simulation index and emotionality sub-index. While specificity shows no impact on average,
participants in the lowest percentiles – those whose simulations were vaguest at baseline – experience
meaningful gains in detail and concreteness (Appendix Figure C1b). This distributional pattern
aligns with GME’s design as cognitive repair.
sample, we prefer running separate regressions comparing the GME treatment to each of the other two arms.
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The estimated treatment effects on mental simulation are robust to covariate adjustment with PDS
Lasso (Appendix Table C2) and do not appear to be driven by social desirability bias (Appendix
Table C13).

Colombia

Consistent with our theory, in Colombia we find evidence that, without GME, mental simulation in
the goal domain becomes more distorted and avoidant.. Table 2 (Panel B) shows that the traditional
training reduces the quality of simulation in the domain of entrepreneurship. Participants in this
group score –0.16 SD (p < 0.1) on a business-domain simulation index, which combines self-reported
specificity, emotionality, and the frequency of use of mental simulation. This is consistent with our
theory: when training demands future-oriented reasoning in a domain where memory is distorted,
simulation may become degraded.

GME reverses this effect. Compared to the traditional group, GME increases simulation by +0.18
SD (p < 0.05), driven by improvements in emotionality (+0.17 SD, p < 0.05) and specificity (+0.13
SD, p < 0.1). However, GME does not significantly outperform the control group in terms of
simulation outcomes.16

Both the decline of simulation quality in the traditional training and restoration in the GME training
are limited to the business domain. We observe no change in simulations outside that context (Table
2, Panel B, Columns (1) and (3)). This pattern is consistent with the domain-specific mechanism
outlined in the theory section: imagined futures are easier to construct when memory structures in
that domain are already accessible or recently activated. The difference with respect to the Ethiopia
results also reflect design choices. In Colombia, GME exercises were integrated into one-third of the
sessions, all tied to business themes. In Ethiopia, GME spanned the full program and addressed
general economic life. The broader effects in Ethiopia may reflect both greater exposure and greater
generalizability of the simulated domain.

16Business scenarios were only asked to individuals who had a business at the time of the surveys. Results
comparing GME and traditional training are unchanged when we limit the sample to households with a business at
baseline (51%; coeff=0.181, p=0.058). We find no differences in baseline business status across treatment groups,
supporting monotonicity: in the first follow-up, 84.5% of GME and 81% of traditional training households still had
a business (p=0.29); in the second, 75.5% and 73.7%, respectively (p=0.66). Table C15 shows that even when we
focus only on those with a business at baseline, there is no improvement in simulation quality outside the business
domain. This suggests that learning patterns in this sub-sample are similar to those in the overall sample.
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5.2 GME Impact on Economic Outcomes and Mental Health
5.2.1 Ethiopia

Economic Outcomes

Table 3 (Panel A) shows significant economic gains among GME participants in Ethiopia, in line
with our primary theoretical claims. The likelihood of working increases by 0.12 SD (p < 0.05).
This corresponds to an increase of 5 percentage points on a control mean of 21.3% (p < 0.05,
see Table C10). Gains are concentrated in wage employment rather than casual or unpaid work,
suggesting a reallocation toward more stable and structured labor (Table C11).17 In line with this
increase in economic activity, weekly earnings increase by 0.14 SD (p < 0.05). This corresponds
to a non-stardardized increase of 113 Ethiopian birr per week (p = 0.026), or a 53% increase
over the control mean.18 In line with the improvement in labor market engagement, food security
increases by 0.22 SD (p = 0.001) and the coefficient on the treatment dummy for total consumption
expenditure is also positive, but not statistically significant.19

Mental Health and Welfare

GME improves both functional and subjective wellbeing. WHODAS scores (reverse-coded so higher
indicates better functioning) increase by 0.16 SD (p < 0.005). Life satisfaction improves by 0.13 SD
(p < 0.05). These results suggest that cognitive and affective wellbeing may be jointly responsive
to simulated mental experience.

5.2.2 Colombia

Economic Outcomes

Traditional training harms economic performance (Table 3, Panel B). Participants in this group
earn significantly less than control in both the pre-COVID period (–0.22 SD, p < 0.05) an during
the COVID pandemic (–0.14 SD, p < 0.05). These effects are not explained by differences in
attrition or baseline characteristics (see Table C3 for the inclusion of controls using PDS Lasso).

17In Table C11, we disaggregate treatment effects on labor market outcomes at the extensive and the intensive
margin by the type of work. While our experiment is not powered to detect effects separately for work in wage
employment, own business, casual employment, and unpaid apprenticeships, we take the significant increase in wage
work as suggestive evidence that treated participants increase their work in better paid, more desirable activities.

18While this effect on earnings is large, we caution that this is an increase from a very low base (215 birr in
control group, around 4 USD) and is driven by a small share of actively working individuals (see Table C10 for
non-standardized labor market outcomes).

19The GME intervention might influence labor outcomes by changing norms around the acceptability of working.
Eritrean refugees in Addis Ababa are largely not formally allowed to work at the time of the data collection, though
informal work is common. Using a “rule orientation” scale (Fine et al., 2016) to measure attitudes toward rules, we
see no variation in treatment effects, suggesting the program doesn’t just encourage those more willing to break rules
to work (Table C14).
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Instead, they align with our theoretical claim that asking participants to simulate detailed future
actions—without first addressing trauma-related memory distortions—may lead to disengagement
or negative reinforcement. In some cases, such planning exercises may even reactivate intrusive or
aversive memories.

Compared to participants in the traditional group, participants in the GME-enhanced training
arm perform better (Table 3, Panel B.2). GME reverses all the negative effects of the traditional
training, raising our IHS index of pre-COVID earnings by +0.19 SD (p < 0.05) and COVID earnings
by +0.14 SD (p < 0.05).

Because earnings are highly skewed, we use an inverse-hyperbolic sine (IHS) transformation for our
earnings indices, standardized relative to the no-intervention group. Since the IHS blends intensive
and extensive margins, we also look at quantile treatment effects to explore distributional impacts.
Figure C2 shows that treatment effects are much noisier in the upper tail, consistent with the
IHS placing less weight on higher values. It also reveals that the drop in earnings from traditional
training is concentrated below the median: compared to the control group, traditional trainees have
significantly lower earnings at the 5th and 10th percentiles, indicating more participants with no
or very low income, and also show significant declines at intermediate percentiles (20–50) in both
pre-COVID19 and COVID19 periods.

The gap in earnings between the two trainings is not driven by a differential likelihood of having a
business in the few months right after the intervention. However, we find that participants assigned
to the GME group are more likely to keep their business open during the COVID-19 pandemic than
those in the traditional training (by +0.05 percentage points, p < 0.10, Column (4) of Table 3),
perhaps pointing to higher resilience.

The last row of Table 3 shows GME does not significantly outperform the control group in any of
these economic outcomes, even if the point estimates are generally positive.

Mental Health and Welfare

Neither traditional training nor GME produce significant changes in psychological wellbeing. We
find no effects on our main measure of psychological distress, reverse-coded so higher indicates better
health, or on life satisfaction. Unlike in Ethiopia, these results suggest that GME’s mechanism in
Colombia operates through cognitive restoration rather than affective repair.

5.3 Characterizing the Causal Path: Beliefs and Goal-Oriented Actions

In this section, we test our secondary claims: that GME helps people form more concrete, realistic,
and forward-looking plans and beliefs, which in turn increases their motivation to take action
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instead of avoiding or staying passive. The data from Ethiopia allow us to fully trace this causal
pathway. The measures from Colombia is more limited and can only give partial insights into these
mechanisms.

5.3.1 Ethiopia

Beliefs

Participants assigned to the GME program are more likely to express a desire to remain in Addis
under hypothetical work permit scenarios, with an average effect size of +0.18 standard deviations
(q = 0.004).20 This increased willingness to stay is accompanied by more optimistic beliefs about
both the likelihood of finding a job and the difficulty of securing one (see Columns (2) to (4), Table
4). On average we see no change in the reservation wage (Column (5), Table 4), indicating that the
types of jobs people aim for remain similar. Together, these results suggest that the intervention
enhances participants’ confidence in the value of planning and taking action within the local context.

Actions

GME leads to an increase in total labor supply. Not only does employment rise on the extensive
margin, but weekly hours worked also increase by 0.15 standard deviations (p = 0.030). This effect
is of about three hours per week, relative to a control group mean of eight hours per week. This
result points to an increased motivation of participants to engage in the labor market actively,
reflecting a greater willingness to allocate time and effort toward work opportunities.21

Contrary to expectations, the job search index declines by 0.10 SD (q = 0.017). This may reflect a
reduction in search effort among those who found jobs or became more engaged in existing work.
However, it could also indicate disengagement or a shift away from active opportunity-seeking, and
is thus potentially inconsistent with the theoretical expectation that GME increases goal-directed
planning. To test among these hypotheses we split the sample by baseline work status (Table C9).
Those who were already in work see a statistically significant reduction in search effort, and we see
no such effect in the sample that were not in work, suggesting the effect is driven by a reduction
in on-the-job search. Consistent with this interpretation, we also find a qualitative decline in the
reservation wage for participants who were working at baseline, implying that the perceived value
of their current jobs has increased. While spurring action by those refugees who were inactive at
baseline, the program in Ethiopia also seems to have increased participants’ awareness of the value
of their current activities, in line with more grounded and realistic beliefs about their livelihoods.

20We asked about the intention to stay in Ethiopia in the next three years with no work permit, or varying the
likelihood of receiving it (1%, 50%, 99%). The outcome in the table reports the average response across the scenarios.

21Qualitative evidence suggest that informal work opportunities are available to our sample of Eritrean refugees
in Addis Ababa, mostly through community networks, with refugees engaging in multiple forms of casual and self-
employment that allow flexible hours (see Appendix C.1 and Table C11).
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Simulation to Outcomes

Figure 6 shows a direct connection between changes in mental simulation quality and economic
outcomes. The analysis focuses on refugees who were not working at the start of the study (82% of
the sample), assigned to the treatment group. The figure compares their mental simulation quality
at baseline (x-axis) and at the endline (y-axis). Refugees who remain unemployed by the endline
show little to no improvement in mental simulation quality. By contrast, every participant who
found employment by the endline demonstrated noticeable improvements across the entire range of
mental simulation quality. This evidence supports our mechanism claims — that improved mental
simulation helps individuals form more concrete, plausible, and forward-looking plans and increases
motivation to take active steps — ultimately translating into improved economic behavior.

Additional Intermediate Outcomes

Panel A of Table C12 reports additional outcomes related to beliefs and preferences. GME mainly
improves future-oriented beliefs and patience, consistent with our theoretical claim that GME
fosters more concrete, forward-looking mindsets that support motivation and planning for future
goals. Specifically, we find that the intervention led to statistically significant increases in optimism
(0.17 SD, p < 0.01), measured using the Revised Life Orientation Test, a 10-item psychometric scale
to assess levels of optimism versus pessimism in life. We also find smaller effects on aspirations
(0.11 SD, p < 0.05), and on self-reported levels of trust and patience (both of 0.11 SD, p < 0.05).
We find no meaningful impacts on self-efficacy or risk aversion. This suggests that GME helped
participants develop more hopeful expectations about the future and a greater willingness to wait
for future gains or take risks in the social domain, even if the program did not broadly change all
psychological traits.22

5.3.2 Colombia

Business Actions

The traditional training weakens participants’ business engagement (Table 4, Panel B). Compared
to the control group, those in the traditional training arm are significantly less likely to have secured
new funding for their business (by about 6 percentage points, p < 0.10) and also receive smaller
amounts of funding on average (0.15 SD lower, p < 0.10). They are also somewhat less likely to
spend any time working on their business or to have employees, although these differences are not
statistically significant. These findings align with the idea that distorted mental simulations can
lead people to disengage from their goals

22A mediation analysis shows that the change in beliefs is the strongest mediator, explaining about 30% of the
increase in employment, followed by optimism at 11%.
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In contrast, GME reverses such disengagement in business activities. Compared to the traditional
training, GME increases the likelihood of getting new funding and the average amount of funding
received (p < 0.05), as well as time spent working in the business (by 5 percentage points, p < 0.05).
GME participants are also more likely to introduce new products, invest in assets or marketing,
and manage employees, although these differences are modest and not statistically significant with
respect to the traditional group. Yet, when compared to receiving no intervention, we see that GME
trainees are significantly more likely to introduce new products (by 6 percentage points, p<0.05)
and invest in marketing (by 6 percentage points, p<0.10), pointing to net gains in entrepreneurial
attitudes. Overall, these patterns suggests that GME helps counter the cognitive costs of trauma
that might otherwise undermine engagement with traditional programming.

Data collected from about 50 percent of the original sample in 2021 (two years after the intervention)
support this interpretation. As shown in Table C16, GME-trained business owners are more likely
to take initiative in low-cost marketing activities that expose them to potential rejection or criticism,
such as seeking feedback from customers or competitors. In contrast, participants in the traditional
training tend to focus on more “internal” tasks—like record-keeping or expense planning—which,
although framed as good business practices, may actually function as a way to avoid taking real,
outward-facing actions that could lead to emotional discomfort or failure. This fits well with
our theoretical framework: GME helps reduce avoidance and distorted thinking, encourages the
development of concrete, future-oriented plans, and motivates individuals to take proactive steps—
even when these involve emotional risks they might otherwise shy away from.

Additional Intermediate Outcomes

Table C12, Panel B, presents additional outcomes from Colombia, highlighting how the interventions
may have influenced beliefs and actions beyond core business activities.

We find no effects on participants’ self-reported confidence to handle challenges, measured as an
index which aggregates scores on psychological scales of self-efficacy and resilience.

We also find no significant effects on perceptions of financial safety nets — such as having enough
savings or cash to manage short-term needs — nor on COVID-19 mitigation behaviors, indicating
that the intervention did not substantially change participants’ immediate sense of financial security
or their crisis-specific adaptations.

Columns (4) to (6) examine broader economic actions outside the business domain. GME par-
ticipants are somewhat more likely to report having saved any money than their peers in control
(0.048 SD, p < 0.10), but there is no significant impact on the amount saved. Likewise, there
is no detectable effect on whether individuals engaged in wage work. This pattern suggests that
while GME may have encouraged a slight increase in precautionary saving behavior, it did not
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meaningfully shift broader labor market choices outside the business domain. The concentration
of the GME effects in actions within the business domain suggests that when mental simulation is
scaffolded effectively, people become more willing to take forward-looking actions specifically tied
to their goals.

5.4 Exploring Variation by Baseline Trauma

We examine whether the effects of the intervention differ by baseline trauma, using sources of
heterogeneity that were pre-specified in both contexts. Our theoretical framework suggests that
GME may help reduce the negative impact of trauma on economic outcomes. Therefore, we expect
to see larger treatment effects among individuals with higher initial levels of trauma symptoms.
However, because trauma levels are already high across both of our samples, there may be limited
variation in actual trauma burden. As a result, our ability to detect meaningful heterogeneity by
trauma is likely to be constrained, and these analyses should be interpreted with caution. Given that
women generally experience a higher trauma burden—and this pattern also holds in our data—we
additionally explore whether treatment effects differ by gender.23

5.4.1 Ethiopia

We define respondents who score above the PCL-5 cut-off for probable PTSD at baseline as having
“high trauma.” Table C5 shows treatment effects in the low vs high trauma samples.24 The coeffi-
cients are larger among highly traumatized participants for five of our seven main outcomes. While
treatment effects in both groups are generally positive and significant, the statistical significance
of the difference in difference varies. For example, in the control group, participants in the “high
trauma” category report life satisfaction that is 0.44 standard deviations lower than others. The
GME treatment almost closes this gap, increasing life satisfaction in this group by 0.35 SD. A
similar pattern appears for the WHODAS score: high-trauma refugees report significantly poorer
health in the control group, but under GME, their health is on par with that of low-trauma peers.
The GME program also raises the likelihood of employment by 0.30 SD among highly traumatized
participants, compared to 0.09 SD in the lower trauma group, although the difference between the
two effects is not statistically significant at conventional levels (p=0.19).

Yet, when we look at an overall standardized index that combines all the main outcomes—covering
mental simulation, economic activity, and mental health—we find that the treatment effects for the

23Randomization was stratified by gender in both experiments, and we pre-registered gender heterogeneity for the
Ethiopia experiment.

24We run an interacted model: yis = α + β1 · GMEi + β2 · HighT raumai + β3 · GMEi · HighT raumai + δs + ϵis.
The coefficients reported in Table C5 are β1 (treatment effects in the low trauma sample), β1 + β3 (treatment effects
in the high trauma sample) and β2 (effect of high trauma in control). At the bottom of the table, we include a test
of β1 = β1 + β3. We use the same approach for heterogeneity by gender and in the Colombia experiment.
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high trauma group are significantly larger than for the low trauma group (p=0.04, Column 1 of
Table C5). This suggests that the program is generally more effective for individuals with higher
initial levels of trauma.

For female participants, the results are more mixed (Table C6). Women show the same increase
in mental simulation as men, in a statistical sense. However, while women in the control group
generally do worse than men on most measures of economic activity, the treatment effects on
economic outcomes are also generally weaker for women: in three out of four outcomes, the effects
are smaller, and we cannot reject the null of equal treatment effects between the two genders.
The only outcomes where we find significantly stronger effects for women are in mental health and
welfare. For example, the treatment improves the WHODAS score by 0.27 standard deviations for
women, compared to just 0.05 for men (p=0.03 on the gender difference).

These heterogeneous effects are visualized in Panel (a) of Figure 4 for trauma heterogeneity and
Panel (a) of Figure 5 for gender heterogeneity.

5.4.2 Colombia

We define respondents who score above the IES-R cut-off for probable PTSD at baseline as having
“high trauma.” Table C7 shows treatment effects in the low vs high trauma samples. Just like in
the Ethiopia setting, we find evidence that treatment effects are largest among participants with
high trauma burden, although the statistical significance of these effects is mixed.

On both simulation and economic outcomes, the traditional training appears especially harmful for
participants with high trauma levels. For example, the simulation index declines by 0.20 SD in the
low trauma group (p < 0.10), and by an even larger 0.25 SD in the high trauma group (p > 0.10).
Similarly, pre-COVID-19 earnings fall by 0.21 SD in the low trauma sample (p < 0.10) and by 0.44
SD among highly traumatized participants (p < 0.05), although we cannot reject the null of equal
effects across the two groups.25

Because high trauma participants seem to be most adversely affected by the traditional training,
they also stand to gain the most from GME. In this group, GME increases business-domain simu-
lation by 0.36 SD (p < 0.05) and pre-COVID earnings by 0.36 SD (p < 0.10), compared to smaller
effects of 0.15 SD (p < 0.10) and 0.20 SD (p < 0.10), respectively, in the low trauma group.

To gain more statistical power, we also aggregate all main outcomes into an overall standardized
index, reported in Column (1). This confirms the pattern: GME raises the index by 0.18 SD
for high trauma participants, compared to 0.10 SD for their low trauma peers (p = 0.34 for the

25We obtain more precise estimates when defining ”high trauma” using both the IES-R threshold and an indicator
for being a registered conflict victim or a recent Venezuelan migrant, which increases the share of participants classified
as “high trauma” from 25% to 50% of the sample.
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difference). Moreover, Panel C of Table C7 shows that GME has a positive and significant effect
on high trauma participants relative to the non-intervention group on this index, highlighting a
potential net benefit of GME for those with higher trauma levels.

Overall, these patterns support the hypothesis that traditional training is not trauma-robust, and
that GME serves to protect the simulation system against collapse when cognitive capacity is
compromised.

Table C8 shows heterogeneity by gender. Our results on both mental simulation and economic
outcomes are driven by female participants. Treatment effects on female participants are stronger
across all key variables of interest, except for having an operating business. At baseline, women
reported a similar number of traumatic experiences as men but experienced a higher trauma bur-
den according to the IES-R scale. However, gender-based heterogeneous effects persist even after
controlling for trauma, suggesting that gender-specific factors beyond trauma burden—such as dif-
ferences in sensitivity and responsiveness to episodic specificity (Fuentes and Desrocher, 2013) —are
important in shaping training outcomes.

Overall, these heterogeneous treatment effects confirm the key role that traumatic experiences and
gender play in shaping people’s returns from participation into economic programs.

Panel (b) of Figure 4 illustrates these differential effects by trauma, while Panel (b) of Figure 5
shows the corresponding patterns by gender.

6 Robustness and Validity
Measurement Validity and Survey Bias. To address concerns about social desirability bias in
our mental simulation measures, we use blind enumerator-coded outcome measurement and cross-
validate them with self-reported outcomes (in Ethiopia, see Figure B2). Results remain robust
across both types of measurement (Table C1).

A remaining concern is that the types words that the participants use – on which treatment-blinded
research assistants base their coding – can be influenced by social desirability bias. To address this,
Panel A of Table C13 presents estimates on mental simulation indices of the treatment dummy
interacted with participants’ score in the Marlowe-Crowne Social Desirability Scale (Crowne and
Marlowe, 1960; Dhar et al., 2022) measured at endline. The coefficients on the interaction between
the treatment and the social desirability score tend to be negative or close to zero, and we can never
reject the null hypothesis of no effect, suggesting that people most concerned with social approval
do not respond differently to our mental simulation questions (Panel A, Table Table C13). We also
find no interaction between the Marlowe-Crowne Social Desirability Scale and answers to our main
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outcomes (Panel B, Table Table C13).

Balance and Experimental Integrity. Treatment assignment was randomized and stratified by key
demographic and geographic characteristics. In Ethiopia, we stratified assignment by gender and
a priming treatment (not discussed here). Appendix Table D1 shows that baseline characteristics
are well balanced across treatment groups, with no significant differences on observable variables.
A joint orthogonality test fails to reject equality of means across arms (p = 0.60), confirming the
integrity of the randomization. In Colombia, we stratified assignment on subdivision, experimental
wave, gender, age group, entrepreneurship status and income group. Appendix Table E1 shows
that treatment assignment is also balanced on observables, and a joint orthogonality test fails to
reject equality of means across arms (F(15,1818)=0.65, p=0.83).

Program Take-up and Compliance. In Ethiopia, 75 percent of participants assigned to GME at-
tended at least one session, with an average attendance of 2 out of 4 sessions. Take-up was higher
among older and more trauma-exposed individuals (Appendix Table D2), consistent with the in-
tervention’s focus on repairing simulation capacity among those most affected. In Colombia, at-
tendance rates were 67% for GME and 63% for the traditional training. Of those attending at
least one session, 48% in GME and 53% in traditional attended seven or more of the ten sessions
and qualified for a certificate.26 Take-up is broadly balanced across demographic characteristics
(Table E2), but also in Colombia older people and those who suffered a larger number of traumatic
experiences are more likely to participate in at least one session.

Attrition and Sample Composition. In Ethiopia, 84 percent of baseline respondents completed the
endline survey, so overall attrition was low. The treatment group was 6 percentage points more
likely to reply to the survey than the control. Nevertheless, Appendix Table D3 shows that baseline
variables do not systematically predict attrition. Moreover, the endline sample remains balanced
across arms, with the exception of years spent in Addis and a marginal difference in total income
(significant at the 5% and 10% level, respectively; Appendix Table D4). In Colombia, 77 percent
of our sample participated in at least one of the two follow-up surveys, and we find no differences
in response rate between the GME and the traditional training treatment arms in both follow-up
surveys. While the control group was around 4 percentage points less likely to reply to any of the
two follow up surveys than the treatment arms (p<0.10), we find negligible observable differences
among follow-up respondents between the control and the treatment groups (Table E4)

Comparison with Other Related Studies. Our results on labor market outcomes among refugees
compare favorably to other psychological interventions or job assistance programs.

26By way of comparison, attendance rates in the McKenzie and Woodruff (2014) review of business training
programs in developing countries range from 39 to 92%, with a mean of 64%.
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For example, Angelucci and Bennett (2024) and Bhat et al. (2022) find that pharmacotherapy and
psychotherapy reduce depression but have no impact on economic outcomes. Similarly, Haushofer
et al. (2020) report no effects on psychological or economic outcomes from a five-week psychotherapy
program. In contrast, Patel et al. (2017) show that a brief behavioral activation program increases
reported working time in the short term, comparable to our findings in Ethiopia. Within three
months of a group-based cognitive behavioral therapy program in Ghana, Barker et al. (2022)
find improvements in self-reported health similar to those we observe in Ethiopia. Finally, the
Generalized Self-Efficacy intervention in McKelway (2025) raises women’s work engagement by
26%, closely matching the extensive margin effects among our refugee sample. Experiments that
try to shift participants’ aspirations similarly find mixed results on economic outcomes. McKenzie
et al. (2022) observe a reduction in borrowings and business investment, while Rojas Valdes et al.
(2022) find small and statistically insignificant increases in microenterprise sales from a “hope-
inducing intervention”. An exception is Orkin et al. (2023), who find that an aspirations workshop
increased household’s annual labor supply by 5% and consumption expenditure by 4% of a placebo
mean.27

Recent evidence on job search assistance shows that support can meaningfully improve labor mar-
ket outcomes, but also underscores the need to tailor programs to individual circumstances for
greater effectiveness (Carranza and McKenzie, 2024). Our approach highlights the added value of
incorporating trauma-awareness to boost impact in fragile contexts.

Cost Effectiveness The group-based intervention in Colombia cost on average USD 532 per tar-
geted beneficiary, whereas the individual intervention in Ethiopia costs on average USD 229.28 In
Ethiopia, the GME intervention leads to a gain in unconditional monthly earnings of 52.74 percent
over the control group – albeit from a very low base of about USD 16.60 per month (Appendix
Table C10). While this estimate is based on a limited number of non-zero earnings observations and
is sensitive to extreme values, it is suggestive of the intervention’s cost effectiveness. This compares
favorably, e.g., to the vocational training programs reviewed by McKenzie (2017), which yield an
average earnings gain of 17 percent at a typical cost of USD 500 to USD 1,700 per person trained.

7 Conclusion
This paper starts from two questions: Can the cognitive effects of trauma be repaired? And
does trauma shape not only behavior, but also how new experiences are interpreted? Across two
randomized trials, we find evidence in the affirmative. Guided Mental Experiencing (GME), a

27A recent meta-analysis suggests a more positive interpretation of mental health treatments on labor market
outcomes (Lund et al., 2024), with magnitudes in line with what we find.

28Detailed cost estimates are available in Online Appendix Sections D.6 (Ethiopia) and E.6 (Colombia).
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scalable simulation-based intervention, improves economic behavior in trauma-affected populations.
In Ethiopia, GME alone increases labor supply, income, and food security. In Colombia, GME
prevents the harms caused by traditional business training among trauma-exposed participants.
These results suggest that the constraints imposed by trauma are neither fixed nor neutral: they
can be modified, and they matter for how people engage with economic opportunity.

The findings also extend the literature on history and choice. Prior work has shown that past
experience shapes preferences and beliefs. We show that it also shapes how individuals respond to
new programs. In this sense, trauma functions not only as a shock to cognition, but as a modifier
of policy effectiveness—a form of treatment effect heterogeneity rooted in personal history.

We do not interpret GME as a substitute for structural interventions. Rather, it may be a necessary
complement: many development programs assume the capacity for goal-directed planning, but
do not attempt to support it. GME provides scaffolding; it helps individuals engage with these
programs more effectively by restoring the cognitive infrastructure required for future-oriented
decision-making.

Our results also raise new questions. In Ethiopia, we observe improvements in mental health and
life satisfaction, though these gains are concentrated in specific subgroups and not clearly linked
to economic outcomes. In Colombia, we see no improvements in well-being. This suggests that
our economic results are unlikely to be driven solely by changes in mood. Understanding whether
GME affects behavior through affective channels beyond simulation, such as confidence or emotional
regulation, remain open areas for further research.

In Colombia, GME mitigates the negative impacts of traditional business training but does not yield
a net positive effect relative to no intervention. This likely reflects two opposing forces: traditional
programs may trigger negative memories that hinder engagement, while GME teaches participants
to create more constructive mental experiences. Because most programs serve both trauma-affected
and non-affected individuals, such negative effects may be obscured in average impacts. Our findings
suggest that GME can buffer these risks while still benefiting others. Yet, while we concentrate on
the trauma-robustness aspect of GME, there is tantalizing evidence that GME may be especially
effective for those with the most severe trauma burden, outperforming even the no-intervention
group.

It is also important to note that our trial in Colombia concluded just before the COVID-19 pan-
demic, limiting the time participants had to apply new skills. Moreover, none of the course contents
addressed how to navigate broader economic shocks. Thus, we interpret our net effects as a lower
bound of what could have achieved under normal circumstances or with content more directly linked
to business strategy in difficult times. Integrating GME within a successful program tailored to
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current economic circumstances may lead to positive net effects, presenting an important area for
future research.

The capacity to imagine the future is foundational for making important economic decisions, ranging
from human capital development to savings and investment. This is especially true in uncertain and
risky domains, such as entrepreneurship and job search. Through training in mental experiencing,
individuals can learn to see the world’s opportunities in the future, even after difficult experiences
in the past.
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Figures

Assessed eligibil-
ity (n=36,136)

Excluded, not eligible (n=6,793):
a) Allocated to piloting (n=5,529)
b) Declined to participate (n=182)
c) Could not reach (n=1,082)

Eligible, but not recruited (n=29,343)

Randomized
(n=1,800)

Intervention group Control group

Allocated to intervention (n=900)
Completed baseline (n=798)
Received intervention (n=664)
Did not receive intervention (n=134)

Mental health screening (n=6)
Did not reach (n=128)

Allocated to control group (n=900)
Completed baseline (n=854)

Lost to follow-up (n=101)
Mental health screening (n=1)
Did not reach (n=100)

Endline completed (n=697)

Lost to follow-up (n=159)
Did not reach (n=159)

Endline completed (n=698)

Analyzed (n=697) Analyzed (n=698)

Figure 1. Ethiopia Trial Flow Diagram
Notes: This flowchart follows the Consolidated Standards of Reporting Trials (CONSORT) recommendations (Mo-
her et al., 2010). Received intervention refers to participants who began the first session of the GME interven-
tion. Eligibility was assessed on the universe of all registered refugees that satisfied the inclusion criteria (refugees
aged 18 to 50 with at least grade 7 education). Mental health screening was conducted at every point of contact with
respondents. Six participants were excluded from the treatment group at baseline and referred to further evaluation.
One participant was excluded from the treatment group at the point of the first intervention and referred for further
evaluation.
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Assessed eligibility (n=3,553) Excluded, not eligible (n=1,216)
Eligible, but not recruited (n=370)

Randomized (n=1,967)

GME intervention group Traditional intervention group Control group

Allocated to GME (n=956)
Completed baseline (n=755)
Received intervention (n=553)

Allocated to traditional (n=558)
Completed baseline (n=447)
Received intervention (n=301)

Allocated to control (n=453)
Completed baseline (n=345)

Lost to follow-up (n = 206) Lost to follow-up (n = 125) Lost to follow-up (n = 115)

Analyzed (n=671) Analyzed (n=385) Analyzed (n=338)

Figure 2. Colombia Trial Flow Diagram
Notes: This flowchart follows the Consolidated Standards of Reporting Trials (CONSORT) recommendations (Moher
et al., 2010). To be eligible, participants needed to demonstrate entrepreneurship potential by reporting having a
business or plans to launch a business in the following three months. We further defined entrepreneurship potential
to encompass those who could describe their business or business idea in a few words and classify them by sector. In
order to account for the need to self-fund transportation costs to the training centers, we limited eligibility to those
applicants who reported either non-zero income or business sales in the past six months. Eligible applicants were
also required to be literate, over the age of 18 years and to provide three points of contact. “Received intervention”
reports the number of people who attended at least one session. “Lost to follow-up” reports the number of people
who did not participate in both the midline and endline surveys. The sample for the analysis includes only people
who accepted to participate in the training.
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Figure 3. Ethiopia: Correlation between Quality of Past and Future Mental Simulation
Notes: The figure shows the correlation between the quality of mental simulation in past and future scenarios,
from the respondents of the baseline survey in Ethiopia. The quality of mental simulation includes coded scores on
specificity, emotionality and frequency of positive scenarios (computed among neutral scenarios).
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Figure 4. Heterogeneous Treatment Effects on Main Outcomes, by Trauma
Notes: The figure shows heterogeneous treatment effects on main outcomes by baseline trauma. For the Ethiopia
results in panel (a), the figure plots coefficient estimates from specification (1) augmented with an interaction term
for baseline trauma. “High Trauma” is defined as a baseline score of more than 31 on the PCL-5, a 20-item self-
report measure that assesses 20 symptoms of PTSD as defined in the Diagnostic and Statistical Manual of Mental
Disorders, Fifth Edition (DSM-5). Outcomes and regression specifications are defined as in Panel A of Tables 2 and
3. The coefficients shown in the figure are the treatment effects in the low (in purple) and high (in orange) trauma
samples. In Colombia (panel b), we categorize respondents as “High Trauma” if they score 33 or higher on the Impact
of Event Score (IES-R) at baseline. Outcomes and regression specifications are defined as in Panel B of Tables 2
and 3. The figure in panel (b) reports four different coefficients from two regressions. One regression compares the
traditional training with the control (empty squares), and the other the GME training against the traditional one
(full diamonds). Each coefficient shows the treatment effect within the sample of people with high (in orange) or
low (in purple) trauma. 90 percent confidence intervals are shown for all coefficient estimates. Both high trauma
dummies correspond to our pre-registered definitions. Tables C5 and C7 report the corresponding regression results.
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Figure 5. Heterogeneous Treatment Effects on Main Outcomes, by Gender
Notes: The figure shows heterogeneous treatment effects on main outcomes by gender. For the Ethiopia results in
panel (a), the figure plots coefficient estimates from specification (1) augmented with an interaction term for gender.
Outcomes and regression specifications are defined as in Panel A of Tables 2 and 3. The coefficients shown in the
figure are the treatment effects in the male (in purple) and female (in orange) samples. In Colombia (panel b),
outcomes and regression specifications are defined as in Panel B of Tables 2 and 3. The figure in panel (b) report
four different coefficients from two regressions. One regression compares the traditional training with the control
(empty diamonds), and the other the GME training against the traditional one (full circles). Each coefficient shows
the treatment effect within the sample of women (in orange) or men (in purple). 90 percent confidence intervals
shown for all coefficient estimates. Tables C6 and C8 report the corresponding regression results.
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Figure 6. Ethiopia: Quantile-Quantile Plot: Overall Imagery Index and Work Engagement
Notes: The figure compares the Quantile-Quantile plots of the overall simulation index at baseline and endline
between treatment group individuals who were not working at baseline but were working at endline, and treatment
group individuals who were not working in both baseline and endline.
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Tables
Table 1. Economic Vulnerability and Trauma in Our Samples

Experimental
Samples

Comparison
Samples

(1) (2) (3) (4)
Ethiopia Colombia Ethiopia† Colombia‡

Panel A: Socioeconomic characteristics and economic activity
Age 28.6 32.0 31.5 33.5
Household size 1.8 3.5 2.10 3.1
Engaged in productive activity (fraction of sample)(a) 0.19 1.00 0.59 0.55
Wage if employed (US$ per month)(b) 98.19 n/a 189.10 n/a
Earnings below minimum wage (fraction of sample) n/a 0.67 n/a 0.51

Ethiopia Colombia World General Population
Panel B: Post traumatic stress disorder(c)

At risk of PTSD (fraction of sample above threshold) 0.13 0.22 0.04¶

Panel C: Exposure to trauma (lived or witnessed)
Any trauma (fraction of sample) 0.98 0.83 0.61∗∗ to 0.70∗

Number of traumas
Mean 5 2.8
Median 4 2
1 trauma (fraction of sample) 0.10 0.24 0.27∗∗

2 traumas (fraction of sample) 0.12 0.20 0.15∗∗

3 traumas (fraction of sample) 0.13 0.17 0.10∗∗

4 or more traumas (fraction of sample) 0.65 0.26 0.10∗∗

Panel D: Exposure to specific types of trauma
Assault, incl. sexual, weapon (fraction of sample) 0.71 0.61 0.23∗

War, torture, death, displacement (fraction of sample) 0.77 0.48 0.13∗

Life-threatening illness and accidents (fraction of sample) 0.92 0.51 0.34∗

Panel E: Worst trauma lived or witnessed
Less than 3 years ago (fraction of sample) 0.44 0.32
Respondent’s or someone’s life was in danger (fraction of sample) 0.78 0.81

Notes: (a) For Ethiopia, economic activity refers to any wage employment or self-employment in the last 7 days. In our Colombia
sample, eligibility was limited to participants who had non-zero income or business sales in the past six months, so the entire sample
is economically active by definition. For the Colombian general population, we use the national estimate of the (formal and infor-
mal) employment to population ratio for people that are at least 15 years old. (b) Conditional mean for respondents who reported
a wage income, in US$ per month, converted using period average exchange rates from the World Development Indicator database.
(c) In Ethiopia, we use the PCL-5 post-traumatic stress disorder (PTSD) checklist, a 20-item self-report measure of PTSD symp-
toms. In Colombia, we use the Impact of Event Score Revised (IES-R) scale, a 22-item self-report measure of PTSD symptoms.
Sources: † Ethiopian National Labor Force and Migration Survey 2021. We restrict the sample using the same criteria as our
experimental sample (residence in Addis Ababa, 18 to 50 years old, with at least junior high school education completed). Wage
income from the 2021 survey is inflated to 2022 using Ethiopia’s Consumer Price Inflation from the World Development Indicator
database to match our experimental sample. ‡ Based on the 2021 data from the Departamento Administrativo Nacional de Es-
tadística (DANE) Gran Encuesta Integrada de Hogares (GEIH) for all Colombia. ¶ Koenen et al. (2017)
∗ Kessler et al. (2017) ∗∗ Kessler et al. (2005) § Schein et al. (2021)
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Table 2. GME Treatment Improves Mental Simulation Quality

Panel A: Ethiopia
(1) (2) (3) (4)

Sub-indices

Simulation Index Specificity Emotionality Frequency
of Positives

GME Treatment 0.091∗∗∗ 0.030 0.132∗∗∗ 0.113∗∗∗

(0.030) (0.044) (0.048) (0.039)
[0.197] [0.010] [0.010]

Mean DV in Control 0.00 0.00 -0.01 0.01
N in Control 665 665 665 664
N in Treatment 667 667 667 665

Panel B: Colombia
(1) (2) (3) (4) (5) (6)

Simulation Index, by Domain Sub-indices (Business Scenarios)
All

Scenarios
Business
Scenarios

Non-business
Scenarios Specificity Emotionality Frequency

of Use

Panel B.1: Traditional vs Control
Traditional Training -0.069 -0.157∗ -0.049 -0.129 -0.122 -0.073

(0.075) (0.089) (0.074) (0.080) (0.081) (0.086)
[0.249] [0.249] [0.249]

Panel B.2: GME vs Traditional
GME Training 0.026 0.178∗∗ -0.006 0.133∗ 0.167∗∗ 0.090

(0.063) (0.074) (0.061) (0.068) (0.065) (0.072)
[0.054] [0.034] [0.083]

Panel B.3: GME vs Control
GME Training 0.014 0.046 0.004 0.037 0.044 0.023

(0.066) (0.076) (0.064) (0.070) (0.069) (0.073)
[1.000] [1.000] [1.000]

Mean DV in Control 0.00 0.00 0.00 0.00 0.00 0.00
Mean DV in Traditional 0.00 -0.10 0.00 -0.10 -0.10 0.00
N in Control 550 390 550 390 390 390
N in Traditional 656 456 656 454 454 456
N in GME 1140 839 1140 835 835 838

Notes. This table shows ITT effects of the treatments on the quality of mental simulation. Panel A shows results for the Ethiopia
sample, where indices are based on treatment-blind coding done in the back-office, based on participants’ recordings. Panel B
shows results for the Colombia sample, where indices are based on participants’ self-reports. Specificity refers to the clarity of the
images the respondent is able to generate. Emotionality refers to the strength of the emotions these images entail. Frequency of
positives refers to the frequency of positive images appearing when respondents are presented with neutral scenarios. Frequency of
use refers to the use of mental images in everyday life. Differences in the number of observations across columns in Panel B are
due to the business scenarios being asked only to respondents with a business. Further details on the outcomes are reported in the
main text (Section 4), Appendix D.5 for Ethiopia and E.5 for Colombia. All the regressions control for randomization strata and,
for Colombia, survey wave fixed effects. Parentheses report robust standard errors for Ethiopia, and clustered standard errors (at
the household level) for Colombia. FDR sharpened q-values in square brackets. *, **, *** denote significance at the 10, 5, and 1
percent levels respectively.
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Table 3. GME Treatment Effects on Economic Outcomes, Mental Health and Welfare

Panel A: Ethiopia
(1) (2) (3) (4) (5) (6)

Economic Outcomes Mental Health & Welfare
Employment Earnings Consumption Food Security Life Satisfaction WHODAS Score

GME Treatment 0.124∗∗ 0.143∗∗ 0.056 0.219∗∗∗ 0.131∗∗ 0.158∗∗∗

(0.054) (0.063) (0.050) (0.051) (0.052) (0.049)
[0.019] [0.019] [0.046] [0.001] [0.015] [0.004]

Mean DV in Control -0.00 0.00 0.00 0.00 -0.00 -0.00
N in Control 698 698 698 698 698 698
N in Treatment 697 697 697 697 697 697

Panel B: Colombia
(1) (2) (3) (4) (5) (6)

Economic Outcomes Mental Health & Welfare
Earnings

(Pre-COVID19)
Earnings

(COVID19)
Operating Business
(Pre-COVID19)

Operating Business
(COVID19) Life Satisfaction Kessler

Panel B.1: Traditional vs Control
Traditional Training -0.222∗∗ -0.144∗∗ 0.001 -0.022 0.040 -0.012

(0.096) (0.071) (0.032) (0.031) (0.083) (0.070)
[0.140] [0.140] [1.000] [1.000] [1.000] [1.000]

Panel B.2: GME vs Traditional
GME Training 0.191∗∗ 0.141∗∗ 0.020 0.048∗ -0.003 0.017

(0.083) (0.060) (0.027) (0.025) (0.065) (0.057)
[0.070] [0.070] [0.518] [0.084] [0.931] [0.843]

Panel B.3: GME vs Control
GME Training -0.007 0.040 0.031 0.033 0.040 0.011

(0.066) (0.057) (0.029) (0.028) (0.077) (0.064)
[1.000] [1.000] [1.000] [1.000] [1.000] [1.000]

Mean DV in Control 0.00 0.00 0.70 0.70 0.00 0.00
Mean DV in Traditional -0.20 -0.10 0.70 0.60 0.10 0.00
N in Control 323 539 333 552 248 545
N in Traditional 380 642 392 659 304 647
N in GME 665 1115 679 1145 521 1133

Notes. This table shows ITT effects of the treatments on economic outcomes (Columns 1 to 4 for Panel A and Panel B) and mental health and welfare (Columns 5 and
6 for Panel A and Panel B). For Ethiopia (Panel A), earnings are computed as weekly income from wage and self-employment. Employment is a standardized dummy
equal to 1 if respondents had been engaged in any type of work in the past week. Consumption is an index of total expenditures, excluding those linked with outgoing
and ongoing transfers such as remittances and other transfers. Food security is an index defined as in the Social Economic Survey of Ethiopia and includes reverse-coded
questions about, e.g., not having enough food or the number of days with less preferred food. Life satisfaction is based on the Cantril Self-Anchoring Striving Scale, a
self-reported wellbeing score. The WHODAS score refers to the World Health Organization Disability Assessment Schedule, which measures self-reported health levels
(and it is reverse-coded so that higher levels indicate better health). For Colombia (Panel B), earnings (Columns 1 and 2) are defined as the inverse-hyperbolic sine of
earnings (including business sales and income from other activities). Operating business (Columns 3 and 4) is an indicator for having an operating business. Kessler
is the standardized score of the Kessler K6 Distress scale (reverse coded so that higher values indicate higher wellbeing). Life satisfaction is based on the Cantril
Self-Anchoring Striving Scale, and was only asked in the second follow-up survey. Further details on the outcomes are reported in Appendix D.5 for Ethiopia and E.5
for Colombia. All the regressions control for randomization strata and, for Colombia, survey wave fixed effects. Parentheses report robust standard errors for Ethiopia,
and clustered standard errors (at the household level) for Colombia. FDR sharpened q-values in square brackets. *, **, *** denote significance at the 10, 5, and 1
percent levels respectively.
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Table 4. Characterizing the Causal Chain: Beliefs and Actions

Panel A: Ethiopia
(1) (2) (3) (4) (5) (6) (7)

Beliefs Actions
Intent
to Stay

Probability
of Work Permit

Probability
of Finding Work

Time to
Find Work

Reservation
Wage Job Search Hours Worked

GME Treatment 0.178∗∗∗ 0.192∗∗∗ 0.204∗∗∗ -0.092∗ 0.030 -0.097∗∗ 0.145∗∗

(0.053) (0.054) (0.054) (0.051) (0.054) (0.042) (0.056)
[0.002] [0.002] [0.002] [0.032] [0.090] [0.018] [0.011]

Mean DV in Control -0.00 -0.00 -0.00 -0.00 0.00 -0.00 -0.00
N in Control 698 698 698 698 698 698 698
N in Treatment 697 697 697 697 697 697 697

Panel B: Colombia
(1) (2) (3) (4) (5) (6) (7)

Business Actions
New Financing:

Any
New Financing:

Amount
Introduced

New Product(s)
Investment:

Any Business Asset
Investment:
Marketing

Worked
in Business

Employees:
Any

Panel B.1: Traditional vs Control
Traditional Training -0.064∗ -0.147∗ 0.031 0.009 -0.003 -0.033 -0.020

(0.037) (0.076) (0.032) (0.032) (0.038) (0.033) (0.031)
[0.392] [0.392] [0.686] [1.000] [1.000] [0.686] [1.000]

Panel B.2: GME vs Traditional
GME Training 0.061∗∗ 0.131∗∗ 0.017 0.015 0.044 0.053∗∗ 0.025

(0.030) (0.062) (0.028) (0.027) (0.032) (0.026) (0.027)
[0.117] [0.117] [0.409] [0.409] [0.199] [0.117] [0.378]

Panel B.3: GME vs Control
GME Training 0.015 0.024 0.062∗∗ 0.039 0.061∗ 0.020 0.028

(0.034) (0.071) (0.029) (0.029) (0.035) (0.030) (0.028)
[0.723] [0.723] [0.269] [0.424] [0.325] [0.714] [0.662]

Mean DV in Control 0.30 0.00 0.20 0.50 0.30 0.50 0.60
Mean DV in Traditional 0.30 -0.10 0.30 0.50 0.20 0.50 0.50
N in Control 327 327 379 555 251 549 498
N in Traditional 382 382 456 658 306 651 561
N in GME 669 669 807 1143 526 1133 1018

Notes. This table shows ITT effects of the treatments on beliefs (Panel A, Columns 1 to 5) and actions in both Ethiopia (Panel A, Columns 6 and 7) and Colombia (Panel B, Columns
1 to 7). For Ethiopia, intent to stay is the standardized average of the intended duration of stays in Ethiopia across various scenarios that vary the likelihood of obtaining a work permit.
Probability of work permit is the expected probability of receiving a formal residence permit that allows for working and starting a business in the next three years. Probability of
finding work is the expected probability of finding some work in the next three years conditional on not being given a formal work permit and staying in Ethiopia. Time to find work
is the expected number of weeks needed to find casual work that pays about 1,300 birr per month. Reservation wage is respondents’ reservation wage conditional on not being given a
formal work permit. Job search is an index aggregating the number of hours spent, the number of calls made, the number of channels used, and the money spent in searching for any
job. Hours worked is the total number of hours spent working in the past week. For Colombia, New financing: any is an indicator for receiving any new funding for the business. New
financing: amount is the amount of funding received for the business. Introduced new product(s) is an indicator of whether the respondent introduced a new product or service. The
two investment outcomes in Columns 4 and 5 are indicators for having invested in any business asset (e.g., machines, tools, software) or marketing, respectively. Worked in business is
an indicator of whether the respondent spent any hours working in their business in the last week. Employees: any is an indicator for employing any worker in the business. Variables
in Columns 1, 2 and 5 of Panel B were asked in only one follow-up survey. Further details on the outcomes are reported in Appendix D.5 for Ethiopia and E.5 for Colombia. All the
regressions control for randomization strata and, for Colombia, survey wave fixed effects. Parentheses report robust standard errors for Ethiopia, and clustered standard errors (at the
household level) for Colombia. FDR sharpened q-values in square brackets. *, **, *** denote significance at the 10, 5, and 1 percent levels respectively.
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A A Model of Trauma and Decision-Making
A decision maker (DM) considers which actions a ∈ A to take. To fix ideas, we can think of the set A
as containing actions that could help the DM get a job. The benefit of an action is u(a), the cost of an
action is c, and she wishes to take all actions for which u(a) > c. Ex-ante she has no information to
distinguish between actions in A and we assume a randomnly chosen action has a negative expected utility

1
#A

∑
a∈A

u(a) < c, so without more information she will not take any action, and will receive utility 0.29

Given this, our DM values information. Denote A′ = {a ∈ A : u(a) > c} to be the set of actions that are
worth taking. The expected value of information that reveals whether a randomly chosen action is in A′ is

V̂ (A) = 1
#A′

(∑
a∈A′

u(a) − c

)
.

Our DM can generate information about actions by recalling memories, and then using the recalled memories
to simulate the likely utility of taking the action. Memories are recalled from a set E, with each memory
e ∈ E encoding details of an event, such as the utility experienced (u(e)), environmental factors, and actions
taken. The probability of recall depends on the similarity between memory and action. We follow Bordalo
et al. (2024) and assume that the probability of recalling memory e when considering action a is given by

r(e, a; E) = s(e, a)∑
e′∈E

s(e′, a)
, (3)

where s(e, a) is a symmetric function that measures the similarity between e and a. As highlighted by
Bordalo et al. (2024) a key implication of this recall function is interference. Suppose the set E contains
both relevant and irrelevant memories, where an irrelevant memory is one that does not provide useful
information about action a. As the set of irrelevant memories increase the denominator of (3) increases,
and so the probability that a relevant memory is recalled decreases.

Having drawn memory e, our decision maker then uses it to simulate the outcome of taking action a, with
simulated expected utility given by

Us(a, E) =
∑
e∈E

r(e, a; E)u(e).

We denote this Us(a, E) (simulated utility) to distinguish it from true expected utility U(a).

When our DM simulates she pre-experiences the outcome, i.e. experiences part of the utility from the
drawn event κu(e), where κ ∈ (0, 1) captures the idea that simulation is not as vivid as reality, but is an
experience. Thus the expected utility that comes from pre-experiencing a is

Up(a, E) = κUs(a, E).

This expected utility depends on action a because, although she may lack direct information about the
utility of a itself, she knows which life events a resembles and can predict which memories will be recalled.
For some actions the DM may expect a negative utility from the pre-experiencing.

The process of simulation for an action a ∈ A generates information V (A) that we assume is some fraction
of the value of perfect information V̂ (A), and also a per-experiencing utility Up(a, E). Our DM decides to

29We think of this as concentrating on the set of risky but potentially worthwhile actions.
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recall and simulate action a if
V (A) + Up(a, E) > 0.

The set A can be divided into a subset that the DM will choose to simulate,

S(A, E) = {a ∈ A : V (A) + Up(a, E) > 0} (4)

and its complement A/S(A, E) that the DM chooses not to simulate. We refer to S(A, E) as the simulation
set. After simulating an action in S(A, E), she takes the action if u(e) > c for the drawn memory and,
because a randomly chosen action has a negative expected utility, she does not take any action that she has
not simulated.30 The simulation process then defines a set of actions that the DM will take, which depends
on E

A(A, E) = {a ∈ S(A, E) : Us (a, E) > c} . (5)

A.1 The Cognitive Impacts of Trauma
To understand the impact of trauma memories on cognition it is useful to divide the set E into three
subsets: ER(A), relevant undistorted memories; ET , trauma memories; and ẼR(A), relevant but trauma
distorted memories.

In the simplest case, ER(A) consists of memories of previous attempts to get a job, and records the true
utility of those events. We assume that ER(A) is unbiased, in the sense that if only ER(A) is used for recall
and simulation, then simulated expected utility is an unbiased estimator of true utility

EUs(a, ER(A)) = U(a).

On average, people do not make mistakes if they rely on undistorted and relevant memories.

The set ET is the set of trauma memories. These memories have two characteristics. First, they are
unlikely to be directly relevant, e.g., trauma memories are rarely directly relevant to looking for a job. In
the language of Bordalo et al. (2024) they are non-domain specific. Second, they are – by definition – very
low u. The first characteristic means that trauma memories can potentially interfere with the recall of
relevant memories. Denote eR to be any relevant memory, then from (3)

r(eR(a), a; ER(A) ∪ ET ) < r(eR(a), a; ER(A)).

When our DM goes looking for useful information about how she will fare finding a job, her mind may well
recall a trauma memory which provides no useful information.

The second characteristic implies that when trauma memories do interfere, they create distorted thinking
and unpleasant pre-experiencing. On average

Us(a, ER(A) ∪ ET ) < Ûs(a, ER(A)) & UP (a, ER(A)) < UP (a, ER(A) ∪ ET ).

Because the trauma memories are likely have very low similarity with an economic choice a these effects
are likely to be small on average, but to be quite devastating when they do occur. If the recalled event
was very low utility, pre-experienced utility κu(e) will be very low. We think of this as a flashback: in
attempting to think about the future, the trauma survivor re-experiences a trauma memory, which leads
to strong negative feelings.

If this were the only impact of trauma it might not have strong economic consequences. However, as
discussed above, this is not where the impact of trauma stops, because the negative emotions from trauma

30It would not change anything if we allowed the DM to draw multiple memories.
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can spread through the memory system, creating a new set of distorted memories: ẼR(A). Every time
a memory is recalled and an action simulated a new memory is created. This is a memory of the re-
experiencing and is a composite of the old memory and the context at the time of recall, which includes
the decision maker’s current emotions. We can capture this by assuming that the memory e′, of recalling
the memory e, has utility

u(e′) = αu(e) + (1 − α)ū,

where ū is the current emotional state. This new memory is appended to the existing set so E′ = E ∪ {e′}.
If emotional state is subject to noise that is uncorrelated with recall, then E(ū) = 0, and this formulation
will predict a slow forgetting of emotional value with the new memories having - on average - utility closer
to zero.

This creation of new memories allows the impacts of trauma to spread across domains. A key aspect of
trauma is that it negatively impacts emotional state for an extended time after the event. Let the level
of utility during this period be ũ << 0. For any memory e recalled while ũ is the emotional state, a new
negatively distorted memory ẽ will be created with

u(ẽ) = αu(e) + (1 − α)ũ << u(e).

This process continues over time: the initial trauma creates negative emotions, which update existing
memories, which leads to the recall of more negative memories, which in turn negatively impacts emotion,
which updates additional memories, etc. As discussed above, this leads the impact of a sufficiently negative
trauma to spread throughout the memory system. It is as if the negativity of the trauma invades the past,
and hence the pre-experiencing of the future. We model this as creating an additional set of memories
ẼR(A) which are relevant to the action A, for example because they are all about looking for a job, but
have distorted utility u(ẽ) << u(e).

The creation of these negatively distorted domain relevant memories then leads to two additional cognitive
changes beyond flashbacks.

1. Avoidance: those with many traumatic experiences avoid simulating the future

S(A, ER(A) ∪ ET ∪ ẼR(A)) ⊂ S(A, ER(A)),

where S(A, ·) is defined in (4) as the set of actions the DM chooses to simulate.
2. Distortion: those with many traumatic experiences have a negatively distorted view of themselves

and the future
Us(a, ER(A) ∪ ET ∪ ẼR(A)) << U(a).

The combined impact of avoidance and distortion is that the size of the action set is reduced

A(A, ER(A) ∪ ET ∪ ẼR(A)) ⊂ A(A, ER(A)),

where Ã(A, ·) is defined in 5. Trauma leads our DM to appear unmotivated and inactive, because she
underestimates how many actions are worthwhile – she cannot see the world’s opportunities.

Overall, this model, a very simple extension of Bordalo et al. (2024), gives the three key diagnostic cri-
teria for PTSD: flashbacks, distortion and avoidance. A simple way to conceptualize the model is that
a trauma survivor wants to think about the future, but her mind spontaneously turns to recalling either
trauma memories, or trauma distorted memories, which interfere with her ability to recall relevant and
accurate information. If these recollections are painful enough, she may stop thinking about the future
(avoidance), and if she does continue to think about the future, her simulations will be overwhelmingly
negative (distortion).
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A.2 Economic Implications of Trauma
The model has strong economic implications. Most directly, trauma survivors will be unmotivated and
inactive, even outside of the domain of the trauma, and will not be able to see the world’s opportunities.
Trauma has a direct negative impact on the economic welfare of trauma survivors.

Beyond this direct effect, our model of trauma also has implications for traditional anti-poverty programs.
Many of these programs are designed to remove the poor’s economic constraints, under the argument
that the poor are experts in their own lives, and just need opportunities. Microfinance, cash transfers
and land titling have all been justified in this way. Our model of trauma suggests that, in populations
where large numbers of people have experienced trauma, these programs will not be as effective: while
economic constraints exist, cognitive constraints also limit the ability to fully leverage the opportunities
these programs provide.

A second type of anti-poverty program focuses on education rather than direct opportunity (e.g., teaching
a man to fish). These programs guide individuals on actions to take and encourage them to consider the
opportunities those actions might create. For example, a business training program might teach someone
about a set of actions B, one of which might be the need to approach a bank for credit. In our model this
amounts to a) giving the individual an experience in which the utility of going to the bank u(b) is greater
than c and b) encouraging the decision maker to pre-experience going to the bank.

To see the impact of these two forces, suppose that prior to the training program our DM had not simulated
any of the business actions B, and had a set of relevant experiences ER(B) that were undistorted, but that
she also had a large stock of negatively distorted experiences and trauma memories Ẽ. The program will
have two impacts on her set of memories. First, is a teaching effect: the information from the program
that u(b) > c creates a new relevant memory e1 that is added to the memory bank. Second, is a distortion
effect: the DM’s simulation of the outcome of going to the bank also creates an experience e2 that enters
the memory bank. This memory will, on average, be negatively distorted by the potential interference of
the memories in Ẽ. These two effects go in opposite directions with the updated set of relevant memories
being ER(B) ∪ {e1} ∪ {e2}.

The overall impact of the teaching and distortion effects is an empirical question, but with a population
that is highly traumatized it is possible that the program will backfire. Let B be the set of actions discussed
in the program, then if the distortion effect dominates the teaching effect

1. Induced avoidance:
S(B, ER(B) ∪ {e1} ∪ {e2}) ⊂ S(B, ER(B)).

so the DM may stop simulating advocated actions.
2. Induced distortion:

Us(b, ER(B) ∪ {e1} ∪ {e2}) < Us(b, ER(B)) ∀b ∈ B,

so that the DM considers advocated actions to be low expected utility if she does simulate.

Overall, these two effects will combine to reduce the likelihood that the DM take actions that are within
the domain of the program’s teaching

A(B, ER(B) ∪ {e1} ∪ {e2}) ⊂ A(B, ER(B))

Induced avoidance also has an interesting testable implication. Traumatized populations who participate
in a training program, and for whom the distortion effect dominates the teaching effect should be less likely
to simulate actions associated with the program. This can be seen as a test of the hypothesis that some
experiences can interfere with the process of simulation.
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A.3 Overcoming Trauma: GME
The goal of GME is to make a memory pathway from a current state to a desired state that does not cross
through the set of distorted memories Ẽ. This is done by guiding a DM to simulate an action b that is
useful (for example going to the bank as above) but very carefully ensure that a realistic picture is created
of the utility associated with taking that action. To model this, suppose that the desired action is b. GME
involves carefully creating a set of memories or imagined events ER(b) such that Us(b, ER(b)) = U(b). The
implication being that after the program

|Us(b, Ẽ ∪ ER(b)) − U(b)| < |Us(b, Ẽ) − U(b)|

so that the DM’s simulations are more accurate.
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B Mental Simulation Measures: Correlation with Economic Out-
comes and Validation

(a) Mental Simulation and Economic Welfare

(b) Mental Simulation and Life Satisfaction

Figure B1. Mental Simulation Quality and Economic Outcomes
Notes: The figure shows binned scatter plots for the correlation between our mental simulation index and different
measures of economic outcomes (labeled “mental experiencing” in the graphs). Both variables on the x-axis and
y-axis are unconditional indexes in the post-intervention surveys, only for the control group. All the figures control
for stratification variables. Within each panel, the figure on the LHS is for Ethiopia and the figure on the RHS
for Colombia. For Ethiopia, mental simulation measures are back-coded, and include specificity, emotionality and
positivity. For Colombia, mental simulation measures are self-reported, including specificity, emotionality and fre-
quency of use. In Panel (a), the welfare index in Ethiopia includes unconditional weekly wage, total expenditure,
food security, frequency of savings. In Colombia, it is the earnings index for the pre-COVID19 period. In Panel (b),
life satisfaction is the standardized response to the Cantril ladder question (on a scale from 1 to 10). For Colombia,
this question was asked only in the second follow-up survey.
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Figure B2. Mental Simulation Quality: Correlation between Back-Coded and Self-Reported Mea-
sures
Notes: The figure shows a binned scatter plot for the correlation between back-coded and self-reported measures of
mental simulation quality from the Ethiopia experiment (labeled “mental experiencing” in the graphs). Both indexes
average standardized indexes of specificity, emotionality and frequency of positive scenarios (out of the neutral ones
proposed). For self-reported measures, the latter frequency was asked to the enumerator conducting the survey with
the respondent. The figure controls for strata and enumerator fixed effects.
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(a) Ethiopia (b) Colombia

Figure B3. Mental Simulation Quality and Trauma
Notes: The figure reports coefficients on an indicator variable for “High trauma” symptoms for different measures
of mental simulation quality (labeled “mental experiencing” in the graphs): frequency, quality of positive scenarios
(including specificity and emotionality) and quality of negative scenarios (including specificity and emotionality). In
panel (a), the first bar on the left indicates the frequency with which respondents come up with positive images
when prompted with neutral scenarios. All the measures in panel (a) are back-coded by treatment-blind research
assistants, are oriented to the past and come from the baseline survey for the full sample. Controls include strata
and enumerator fixed effects. In panel (b), the first bar on the left indicates the frequency with which respondents
use mental simulation in their everyday life. All the measures in panel (b) are self-reported, oriented to the future
and come from follow-up surveys only for the control group. Controls for strata are included.

9



Learning to See the World’s Opportunities Online Appendix

C Additional Results

Figure C1. Ethiopia: Quantile Treatment Effects on Quality of Mental Simulation
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(b) Specificity and Emotionality Sub-Indices

Notes: The figure shows quantile treatment effects on the index and sub-indices of quality of mental simulation in
the Ethiopia experiment. The indices are defined in the note to Table 2 of the paper. The outcomes are based on
office-coded measures. 90 percent confidence intervals are shown.
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Table C1. Ethiopia: PCA Index for Mental Simulation Quality

(1) (2) (3) (4)
Sub-indices

Simulation
Index Specificity Emotionality Frequency

of Positives

Panel A: Main Specification
GME Treatment 0.154∗∗ 0.045 0.133∗∗ 0.162∗∗

(0.062) (0.061) (0.059) (0.063)
[0.180] [0.032] [0.032]

Panel B: PDS Lasso

GME Treatment 0.147∗∗ 0.034 0.127∗∗ 0.142∗∗

(0.061) (0.060) (0.058) (0.062)
[0.235] [0.046] [0.046]

Control Mean -0.08 -0.02 -0.07 -0.08
Observations 1332 1332 1332 1329

Notes: This table shows the impact of the GME treatment on the quality of mental simulation,
including the specificity, emotionality and frequency of positive images. Panel A shows ITT effects
controlling for randomization strata (gender and prime treatment), while Panel B adds controls
chosen using PDS Lasso. The table reproduces Table 2 of the main paper, but the outcome measures
here are built from a Principal Component Analysis (PCA) that includes both respondents’ answers
and back-coded values. Robust standard errors in parentheses. *, **, *** denote significance at the
10, 5, and 1 percent levels respectively.
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Table C2. GME Treatment Effect on Mental Simulation Quality with PDS Lasso Controls

Panel A: Ethiopia
(1) (2) (3) (4)

Sub-indices

Simulation Index Specificity Emotionality Frequency
of Positives

GME Treatment 0.092∗∗∗ 0.026 0.132∗∗∗ 0.112∗∗∗

(0.030) (0.044) (0.048) (0.038)
[0.227] [0.010] [0.010]

Mean DV in Control 0.00 0.00 -0.01 0.01
N in Control 665 665 665 664
N in Treatment 667 667 667 665

Panel B: Colombia
(1) (2) (3) (4) (5) (6)

Simulation Index, by Domain Sub-indices (Business Scenarios)
All

Scenarios
Business
Scenarios

Non-business
Scenarios Specificity Emotionality Frequency

of Use

Panel B.1: Traditional vs Control
Traditional Training -0.063 -0.157∗ -0.045 -0.130 -0.122 -0.071

(0.072) (0.088) (0.070) (0.079) (0.080) (0.084)
[0.238] [0.238] [0.238]

Panel B.2: GME vs Traditional
GME Training 0.023 0.160∗∗ -0.009 0.114∗ 0.167∗∗ 0.066

(0.060) (0.072) (0.058) (0.066) (0.065) (0.068)
[0.093] [0.031] [0.145]

Panel B.3: GME vs Control
GME Training 0.001 0.041 -0.007 0.027 0.047 0.021

(0.061) (0.073) (0.061) (0.068) (0.067) (0.071)
[1.000] [1.000] [1.000]

Mean DV in Control 0.00 0.00 0.00 0.00 0.00 0.00
Mean DV in Traditional 0.00 -0.10 0.00 -0.10 -0.10 0.00
N in Control 550 390 550 390 390 390
N in Traditional 656 456 656 454 454 456
N in GME 1140 839 1140 835 835 838

Notes. This table reproduces Table 2 from the main paper with the inclusion of controls chosen using PDS Lasso. Outcomes
are defined in the note to Table 2. Further details on the outcomes are reported in the main text (Section 4), Appendix D.5 for
Ethiopia and E.5 for Colombia. All the regressions control for randomization strata and, for Colombia, survey wave fixed effects.
Parentheses report robust standard errors for Ethiopia, and clustered standard errors (at the household level) for Colombia. FDR
sharpened q-values in square brackets. *, **, *** denote significance at the 10, 5, and 1 percent levels respectively.
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Table C3. GME Treatment Effects on Economic Outcomes, Mental Health and Welfare with PDS
Lasso Controls

Panel A: Ethiopia
(1) (2) (3) (4) (5) (6)

Economic Outcomes Mental Health & Welfare
Employment Earnings Consumption Food Security Life Satisfaction WHODAS Score

GME Treatment 0.080 0.121∗ 0.056 0.217∗∗∗ 0.134∗∗∗ 0.165∗∗∗

(0.049) (0.063) (0.043) (0.048) (0.050) (0.047)
[0.065] [0.042] [0.088] [0.001] [0.011] [0.002]

Mean DV in Control -0.00 0.00 0.00 0.00 -0.00 -0.00
N in Control 698 698 698 698 698 698
N in Treatment 697 697 697 697 697 697

Panel B: Colombia
(1) (2) (3) (4) (5) (6)

Economic Outcomes Mental Health & Welfare
Earnings

(Pre-COVID19)
Earnings

(COVID19)
Operating Business
(Pre-COVID19)

Operating Business
(COVID19) Life Satisfaction Kessler

Panel B.1: Traditional vs Control
Traditional Training -0.222∗∗ -0.144∗ 0.001 -0.022 0.040 -0.012

(0.096) (0.071) (0.032) (0.031) (0.083) (0.070)
[0.193] [0.193] [1.000] [1.000] [1.000] [1.000]

Panel B.2: GME vs Traditional
Traditional Training 0.191∗∗ 0.141∗∗ 0.020 0.048 -0.003 0.017

(0.083) (0.060) (0.027) (0.025) (0.065) (0.057)
[0.100] [0.100] [0.987] [0.212] [0.987] [0.987]

Panel B.3: GME vs Control
Traditional Training -0.007 0.040 0.031 0.033 0.040 0.011

(0.066) (0.057) (0.029) (0.028) (0.077) (0.064)
[1.000] [1.000] [1.000] [1.000] [1.000] [1.000]

Mean DV in Control 0.00 0.00 0.70 0.70 0.00 0.00
Mean DV in Traditional -0.20 -0.10 0.70 0.60 0.10 0.00
N in Control 323 539 333 552 248 545
N in Traditional 380 642 392 659 304 647
N in GME 665 1115 679 1145 521 1133

Notes. This table reproduces Table 3 from the main paper with the inclusion of controls chosen using PDS Lasso. Outcomes are defined in the note to Table 3. Further
details on the outcomes are reported in the main text (Section 4), Appendix D.5 for Ethiopia and E.5 for Colombia. All the regressions control for randomization
strata and, for Colombia, survey wave fixed effects. Parentheses report robust standard errors for Ethiopia, and clustered standard errors (at the household level) for
Colombia. FDR sharpened q-values in square brackets. *, **, *** denote significance at the 10, 5, and 1 percent levels respectively.
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Table C4. Characterizing the Causal Chain: Beliefs and Actions with PDS Lasso Controls

Panel A: Ethiopia
(1) (2) (3) (4) (5) (6) (7)

Beliefs Actions
Intent
to Stay

Probability
of Work Permit

Probability
of Finding Work

Time to
Find Work

Reservation
Wage Job Search Hours Worked

GME Treatment 0.171∗∗∗ 0.189∗∗∗ 0.186∗∗∗ -0.092∗ 0.009 -0.099∗∗ 0.098∗∗

(0.053) (0.054) (0.054) (0.049) (0.051) (0.042) (0.050)
[0.003] [0.003] [0.003] [0.033] [0.140] [0.019] [0.033]

Mean DV in Control -0.00 -0.00 -0.00 -0.00 0.00 -0.00 -0.00
N in Control 698 698 698 698 698 698 698
N in Treatment 697 697 697 697 697 697 697

Panel B: Colombia
(1) (2) (3) (4) (5) (6) (7)

Business Actions
New Financing:

Any
New Financing:

Amount
Introduced

New Product(s)
Investment:

Any Business Asset
Investment:
Marketing

Worked
in Business

Employees:
Any

Panel B.1: Traditional vs Control
Traditional Training -0.065∗ -0.149∗∗ 0.046 0.017 -0.003 -0.017 -0.024

(0.036) (0.075) (0.030) (0.031) (0.037) (0.031) (0.030)
[0.347] [0.347] [0.347] [0.638] [1.000] [0.638] [0.638]

Panel B.2: GME vs Traditional
GME Training 0.061∗∗ 0.131∗∗ -0.001 -0.002 0.033 0.041∗ 0.017

(0.030) (0.062) (0.026) (0.025) (0.031) (0.025) (0.026)
[0.168] [0.168] [0.982] [0.982] [0.395] [0.194] [0.695]

Panel B.3: GME vs Control
GME Training 0.015 0.024 0.055∗∗ 0.034 0.058∗ 0.017 0.033

(0.033) (0.070) (0.028) (0.028) (0.034) (0.029) (0.027)
[0.678] [0.678] [0.476] [0.496] [0.476] [0.678] [0.496]

Mean DV in Control 0.30 0.00 0.20 0.50 0.30 0.50 0.60
Mean DV in Traditional 0.30 -0.10 0.30 0.50 0.20 0.50 0.50
N in Control 327 327 379 555 251 549 498
N in Traditional 382 382 456 658 306 651 561
N in GME 669 669 807 1143 526 1133 1018

Notes. This table reproduces Table 4 from the main paper with the inclusion of controls chosen using PDS Lasso. Outcomes are defined in the note to Table 4. Further details on the
outcomes are reported in the main text (Section 4), Appendix D.5 for Ethiopia and E.5 for Colombia. All the regressions control for randomization strata and, for Colombia, survey wave
fixed effects. Parentheses report robust standard errors for Ethiopia, and clustered standard errors (at the household level) for Colombia. FDR sharpened q-values in square brackets.
*, **, *** denote significance at the 10, 5, and 1 percent levels respectively.
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Table C5. Ethiopia: Main Outcomes by Baseline Trauma

(1) (2) (3) (4) (5) (6) (7) (8)
Overall
Index

Mental
Experiencing Economic Outcomes Mental Health & Welfare

Simulation
Index Employment Earnings Consumption Food

Security
Life

Satisfaction
WHODAS

Score
GME Treatment=1 × High Trauma=0 0.125∗∗∗ 0.080∗∗ 0.094 0.148∗∗ 0.080 0.202∗∗∗ 0.072 0.122∗∗

(0.028) (0.033) (0.059) (0.069) (0.055) (0.053) (0.056) (0.052)
[0.063] [0.057] [0.217] [0.210] [0.043] [0.001] [0.001]

GME Treatment=1 × High Trauma=1 0.271∗∗∗ 0.166∗ 0.300∗∗ 0.112 -0.080 0.348∗∗ 0.512∗∗∗ 0.394∗∗∗

(0.066) (0.085) (0.147) (0.151) (0.100) (0.154) (0.132) (0.152)
[0.030] [0.091] [0.049] [0.104] [0.001] [0.125] [0.001]

High Trauma -0.237∗∗∗ -0.116∗ -0.032 0.015 -0.125 -0.439∗∗∗ -0.443∗∗∗ -0.373∗∗∗

(0.053) (0.067) (0.106) (0.119) (0.091) (0.123) (0.109) (0.129)
[0.082] [0.296] [0.296] [0.115] [0.001] [0.001] [.]

p-value: GME Treatment=1 × High Trauma=0 = GME Treatment=1 × High Trauma=1 0.04 0.34 0.19 0.83 0.16 0.37 0.00 0.09
Control Mean -0 0 -0 0 0 0 -0 -0
N in Control 698 665 698 698 698 698 698 698
N in Treatment 697 667 697 697 697 697 697 697

Notes. This table shows heterogeneous treatment effects by baseline trauma. “High Trauma” is our pre-registered dummy which takes value one if the respondent scores above the threshold of 31 in the PCL-5 scale for trauma symptoms,
which is suggestive of PTSD (asked at baseline). We run an interacted model: yis = α + β1 · GMEi + β2 · HighT raumai + β3 · GMEi · HighT raumai + δs + ϵis. The coefficients reported in the Table are β1 (“GME Treatment=1 × High
Trauma=0”), β1 + β3 (“GME Treatment=1 × High Trauma=1”) and β2 (“High Trauma”). At the bottom of the table we include a test of whether β1 equals β1 + β3. Outcomes are defined in the notes to Tables 2 and 3 of the paper. Further
details on the outcomes are reported in Appendix D.5. All the regressions control for strata. Robust standard errors in parentheses, FDR sharpened q-values in square brackets. *, **, *** denote significance at the 10, 5, and 1 percent levels
respectively.
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Table C6. Ethiopia: Main Outcomes by Gender

(1) (2) (3) (4) (5) (6) (7) (8)
Overall
Index

Mental
Experiencing Economic Outcomes Mental Health & Welfare

Simulation
Index Employment Earnings Consumption Food

Security
Life

Satisfaction
WHODAS

Score
GME Treatment=1 × Female=0 0.137∗∗∗ 0.078∗ 0.158∗ 0.215∗ 0.112∗ 0.171∗∗ 0.116 0.047

(0.039) (0.042) (0.086) (0.119) (0.064) (0.074) (0.072) (0.059)
[0.034] [0.128] [0.074] [0.235] [0.001] [0.062] [0.002]

GME Treatment=1 × Female=1 0.151∗∗∗ 0.104∗∗ 0.088 0.069∗ -0.000 0.268∗∗∗ 0.147∗∗ 0.269∗∗∗

(0.034) (0.044) (0.067) (0.040) (0.077) (0.069) (0.074) (0.079)
[0.069] [0.069] [0.069] [0.072] [0.035] [0.086] [0.153]

Female -0.127∗∗∗ -0.126∗∗∗ -0.364∗∗∗ -0.368∗∗∗ 0.269∗∗∗ 0.050 0.119 -0.430∗∗∗

(0.037) (0.043) (0.074) (0.074) (0.075) (0.076) (0.076) (0.074)
[0.008] [0.001] [0.001] [0.002] [0.161] [0.091] [0.001]

p-value: GME Treatment=1 × Female=0 = GME Treatment=1 × Female=1 0.78 0.68 0.52 0.24 0.26 0.34 0.77 0.03
Control Mean -0 0 -0 0 0 0 -0 -0
N in Control 698 665 698 698 698 698 698 698
N in Treatment 697 667 697 697 697 697 697 697

Notes. This table shows heterogeneous treatment effects by gender. We run an interacted model: yis = α + β1 · GMEi + β2 · F emalei + β3 · GMEi · F emalei + δs + ϵis. The coefficients reported in the Table are β1 (“GME
Treatment=1 × Female=0”), β1 + β3 (“GME Treatment=1 × Female=1”) and β2 (“Female”). At the bottom of the table we include a test of whether β1 equals β1 + β3. Outcomes are defined in the notes to Tables 2 and 3 of
the paper. Further details on the outcomes are reported in Appendix D.5. All the regressions control for strata. Robust standard errors in parentheses, FDR sharpened q-values in square brackets. *, **, *** denote significance
at the 10, 5, and 1 percent levels respectively.
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Table C7. Colombia: Main Outcomes by Baseline Trauma

(1) (2) (3) (4) (5) (6) (7) (7)
Overall
Index

Mental
Experiencing Economic Outcomes Mental Health & Welfare

Simulation Index
(Business Domain)

Earnings
(Pre-COVID19)

Earnings
(COVID19)

Operating Business
(Pre-COVID19)

Operating Business
(COVID19) Life Satisfaction Kessler

Panel A: Traditional vs Control
Traditional Training=1 × High Trauma=0 -0.091∗ -0.200∗ -0.209∗ -0.100 -0.000 -0.027 -0.037 -0.063

(0.052) (0.116) (0.121) (0.089) (0.040) (0.039) (0.096) (0.081)
[0.646] [0.443] [0.476] [1.000] [1.000] [1.000] [1.000]

Traditional Training=1 × High Trauma=1 -0.084 -0.249 -0.437∗∗ -0.253∗ -0.029 -0.045 0.202 0.103
(0.082) (0.171) (0.202) (0.133) (0.070) (0.068) (0.192) (0.154)

[0.476] [0.476] [1.000] [1.000] [1.000] [1.000] [1.000]

High Trauma -0.094 0.137 0.129 0.023 0.022 0.003 -0.148 -0.647∗∗∗

(0.069) (0.141) (0.114) (0.106) (0.060) (0.059) (0.181) (0.132)
[1.000] [1.000] [1.000] [1.000] [1.000] [1.000] [0.001]

p-value: Trad.=1 × High trauma=0 = Trad.=1 × High trauma=1 0.937 0.809 0.325 0.335 0.719 0.816 0.266 0.336

Panel B: GME vs Traditional

GME Training=1 × High Trauma=0 0.103∗∗ 0.154∗ 0.199∗ 0.109 0.012 0.064∗∗ 0.013 0.008
(0.042) (0.092) (0.105) (0.075) (0.032) (0.031) (0.081) (0.066)

[0.340] [0.364] [0.368] [0.368] [0.364] [0.769] [0.592]

GME Training=1 × High Trauma=1 0.182∗∗ 0.361∗∗ 0.359∗ 0.194 0.088 0.095∗ -0.015 0.101
(0.071) (0.161) (0.202) (0.126) (0.058) (0.056) (0.133) (0.128)

[0.364] [0.364] [0.385] [0.719] [0.364] [0.769] [0.769]

High Trauma -0.106 0.066 -0.154 -0.150 -0.012 -0.021 0.075 -0.504∗∗∗

(0.068) (0.152) (0.199) (0.121) (0.053) (0.052) (0.119) (0.116)
[0.719] [0.592] [0.395] [0.769] [0.719] [0.699] [0.001]

p-value: GME=1 × High trauma=0 = GME=1 × High trauma=1 0.342 0.264 0.485 0.564 0.249 0.621 0.859 0.521

Panel C: GME vs Control

GME Training=1 × High Trauma=0 0.033 0.005 0.013 0.027 0.027 0.047 -0.040 -0.057
(0.043) (0.095) (0.084) (0.075) (0.036) (0.035) (0.087) (0.076)

[1.000] [1.000] [1.000] [1.000] [1.000] [1.000] [1.000]

GME Training=1 × High Trauma=1 0.119∗ 0.125 -0.063 0.006 0.069 0.046 0.198 0.213
(0.071) (0.143) (0.116) (0.112) (0.062) (0.061) (0.188) (0.139)

[1.000] [1.000] [1.000] [1.000] [1.000] [1.000] [1.000]

High Trauma -0.124∗ 0.157 0.098 -0.057 0.022 0.005 -0.207 -0.698∗∗∗

(0.068) (0.142) (0.102) (0.106) (0.058) (0.059) (0.180) (0.132)
[1.000] [1.000] [1.000] [1.000] [1.000] [1.000] [0.001]

p-value: GME=1 × High trauma=0 = GME=1 × High trauma=1 0.292 0.482 0.599 0.871 0.553 0.988 0.248 0.086
Mean DV in Control 0.00 0.10 0.00 0.00 0.70 0.60 0.00 0.00
Mean DV in Traditional -0.10 -0.10 -0.20 -0.10 0.70 0.60 0.00 0.00
N in Control 467 326 270 457 279 467 214 463
N in Traditional 583 397 335 569 344 581 270 573
N in GME 989 733 572 961 585 988 450 976

Notes. This table shows heterogeneous treatment effects by baseline trauma. “High Trauma” is our pre-registered dummy which takes value one if the respondent scores above the threshold of 33 in the IES-R scale for trauma symptoms, which
is suggestive of PTSD (asked at baseline). We run an interacted model: yisw = α + β1 · T reati + β2 · HighT raumai + β3 · T reati · HighT raumai + δs + δw + ϵisw, where T reati is Traditional vs Control in Panel A, GME vs Traditional in Panel
B and GME vs Control in Panel C. The coefficients reported in the Table within each panel are β1 (“Treatment=1 × High Trauma=0”), β1 + β3 (“Treatment=1 × High Trauma=1”) and β2 (“High Trauma”). At the bottom of each panel we
include a test of whether β1 equals β1 + β3. Outcomes and specifications are defined in the notes to Tables 2 and 3 of the paper. Further details on the outcomes are reported in Appendix E.5. Clustered standard errors in parentheses, FDR
sharpened q-values in square brackets. *, **, *** denote significance at the 10, 5, and 1 percent levels respectively.
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Table C8. Colombia: Main Outcomes by Gender

(1) (2) (3) (4) (5) (6) (7) (7)
Overall
Index

Mental
Experiencing Economic Outcomes Mental Health & Welfare

Simulation Index
(Business Domain)

Earnings
(Pre-COVID19)

Earnings
(COVID19)

Operating Business
(Pre-COVID19)

Operating Business
(COVID19) Life Satisfaction Kessler

Panel A: Traditional vs Control
Traditional Training=1 × Female=0 0.092 -0.003 0.049 -0.021 0.114∗∗ 0.039 0.179 0.091

(0.060) (0.127) (0.131) (0.096) (0.048) (0.047) (0.131) (0.098)
[0.117] [0.042] [0.117] [0.137] [0.203] [0.651] [0.470]

Traditional Training=1 × Female=1 -0.182∗∗∗ -0.266∗∗ -0.414∗∗∗ -0.229∗∗ -0.081∗ -0.064 -0.051 -0.082
(0.053) (0.119) (0.133) (0.099) (0.042) (0.040) (0.106) (0.095)

[0.874] [0.713] [0.756] [0.117] [0.470] [0.281] [0.470]

Female -0.009 0.215∗ -0.022 -0.196∗∗ 0.071 0.036 0.039 -0.249∗∗

(0.057) (0.124) (0.123) (0.095) (0.048) (0.046) (0.136) (0.104)
[0.187] [0.756] [0.123] [0.241] [0.470] [0.754] [0.117]

p-value: Trad.=1 × Female=0 = Trad.=1 × Female=1 0.001 0.125 0.013 0.130 0.002 0.094 0.170 0.199

Panel B: GME vs Traditional

GME Training=1 × Female=0 -0.019 0.003 -0.076 -0.058 -0.023 0.031 -0.059 -0.033
(0.048) (0.111) (0.109) (0.083) (0.039) (0.038) (0.092) (0.084)

[0.005] [0.005] [0.005] [0.229] [0.136] [0.573] [0.483]

GME Training=1 × Female=1 0.183∗∗∗ 0.310∗∗∗ 0.379∗∗∗ 0.279∗∗∗ 0.050 0.059∗ 0.036 0.053
(0.046) (0.098) (0.118) (0.084) (0.036) (0.034) (0.088) (0.078)

[0.869] [0.483] [0.483] [0.485] [0.483] [0.483] [0.573]

Female -0.267∗∗∗ -0.031 -0.481∗∗∗ -0.402∗∗∗ -0.113∗∗∗ -0.055 -0.193∗ -0.384∗∗∗

(0.055) (0.121) (0.139) (0.098) (0.041) (0.040) (0.099) (0.088)
[0.666] [0.004] [0.001] [0.015] [0.229] [0.100] [0.001]

p-value: GME=1 × Female=0 = GME=1 × Female=1 0.003 0.037 0.005 0.005 0.167 0.567 0.452 0.451

Panel C: GME vs Control

GME Training=1 × Female=0 0.088 0.033 0.002 -0.035 0.094∗∗ 0.069 0.106 0.040
(0.054) (0.115) (0.114) (0.086) (0.045) (0.043) (0.125) (0.094)

[1.000] [1.000] [0.993] [1.000] [1.000] [1.000] [1.000]

GME Training=1 × Female=1 0.024 0.055 -0.015 0.094 -0.017 0.006 -0.006 -0.011
(0.043) (0.098) (0.081) (0.076) (0.036) (0.036) (0.095) (0.086)

[1.000] [1.000] [1.000] [0.437] [0.559] [1.000] [1.000]

Female -0.008 0.227∗ -0.030 -0.193∗∗ 0.066 0.033 0.018 -0.246∗∗

(0.057) (0.123) (0.122) (0.095) (0.047) (0.046) (0.134) (0.104)
[0.437] [1.000] [0.437] [0.795] [1.000] [1.000] [0.437]

p-value: GME=1 × Female=0 = GME=1 × Female=1 0.350 0.887 0.907 0.260 0.051 0.250 0.470 0.687
Mean DV in Control 0.00 0.00 0.00 0.00 0.70 0.70 0.00 0.00
Mean DV in Traditional -0.10 -0.10 -0.20 -0.10 0.70 0.60 0.10 0.00
N in Control 552 390 323 539 333 552 248 545
N in Traditional 661 456 380 642 392 659 304 647
N in GME 1147 839 665 1115 679 1145 521 1133

Notes. This table shows heterogeneous treatment effects by gender. We run an interacted model: yisw = α + β1 · T reati + β2 · F emalei + β3 · T reati · F emalei + δs + δw + ϵisw, where T reati is Traditional vs Control in Panel A, GME
vs Traditional in Panel B and GME vs Control in Panel C. The coefficients reported in the Table within each panel are β1 (“Treatment=1 × Female=0”), β1 + β3 (“Treatment=1 × Female=1”) and β2 (“Female”). At the bottom
of each panel we include a test of whether β1 equals β1 + β3. Outcomes and specifications are defined in the notes to Tables 2 and 3 of the paper. Further details on the outcomes are reported in Appendix E.5. Clustered standard
errors in parentheses, FDR sharpened q-values in square brackets. *, **, *** denote significance at the 10, 5, and 1 percent levels respectively.
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Table C9. Ethiopia: Job Search by Baseline Work Status

(1) (2) (3) (4) (5) (6)

Job Search Reservation
Wage Hours Worked

Baseline Sample: No Work Work No Work Work No Work Work
GME Treatment -0.045 -0.299∗∗∗ 0.075 -0.185 0.136∗∗∗ 0.045

(0.046) (0.108) (0.057) (0.153) (0.047) (0.185)
[0.358] [0.019] [0.295] [0.295] [0.019] [0.519]

Mean DV in Control -0.01 0.05 -0.05 0.23 -0.22 0.97
N in Control 571 127 571 127 571 127
N in Treatment 549 148 549 148 549 148

Notes. This table shows ITT effects of the GME treatment on work-related outcome variables.
“No work” is the sample of respondents who were not working at baseline, and “Work” is the
sample of respondents who were working at baseline. Job search is an index aggregating the
number of hours spent, the number of calls made, the number of channels used, and the money
spent in searching for any job. Reservation wage is respondents’ reservation wage conditional on
not being given a formal work permit. Hours worked is the total number of hours spent working
in the past week. Further details on the outcomes are reported in the main text (section 4) and
Appendix D.5. All the regressions control for randomization strata. Parentheses report robust
standard errors. FDR sharpened q-values in square brackets. *, **, *** denote significance at the
10, 5, and 1 percent levels respectively.
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Table C10. Ethiopia: Non-Standardized Labor Market Impacts

Employment Earnings Wage Earnings Business Earnings
(1) (2) (3) (4)

Panel A: Main Specification

GME Treatment 0.05** 113.30** 87.65* 25.65*
(0.022) (49.850) (48.464) (13.286)
[0.049] [0.049] [0.049] [0.049]

Panel B: PDS Lasso

GME Treatment 0.03 95.90* 80.79* 23.63*
(0.020) (49.702) (47.474) (12.765)
[0.114] [0.114] [0.114] [0.114]

Control Mean 0.21 214.82 217.48 -2.66
Observations 1395 1395 1395 1395

Notes. This table shows ITT estimates of the GME treatment on employment, total earnings, wage
earnings, and self-employment earnings over the past seven days. Employment (column 1) is a dummy
variable that takes the value of one when a respondent has worked over the past seven days, in any
activity. Earnings (column 2) is the sum of earnings from wage employment (column 3) and earnings
from self-employment (column 4). Earnings from wage employment and from self-employment are each
winsorized at the 99th percentile. All earnings values are unconditional in Ethiopian birr per week. The
variables in Columns 1 and 2 correspond to the non-standardized versions of main economic outcomes of
Table 3, Panel A, Columns 1 and 2. Panel A shows the results controlling for randomization strata. Panel
B shows the result obtained adding controls using PDS Lasso. Robust standard errors in parentheses,
sharpened q-values in square brackets. *, **, *** denote significance at the 10, 5, and 1 percent levels
respectively.
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Table C11. Ethiopia: Detailed Labor Market Outcomes

Work Status (Extensive Margin) Hours Worked (Intensive Margin)
Any Wage Own business Casual Unpaid Total Wage Own business Casual Unpaid
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Panel A: Main Specification

GME Treatment 0.124** 0.095* 0.085 0.061 -0.066 0.145** 0.111** 0.116* 0.061 -0.035
(0.054) (0.055) (0.061) (0.056) (0.047) (0.056) (0.056) (0.070) (0.057) (0.052)
[0.117] [0.180] [0.198] [0.236] [0.198] [0.112] [0.152] [0.180] [0.236] [0.308]

Panel B: PDS Lasso

GME Treatment 0.080 0.060 0.084 0.040 -0.054 0.098** 0.071 0.097 0.058 -0.030
(0.049) (0.050) (0.061) (0.055) (0.044) (0.050) (0.051) (0.067) (0.058) (0.051)
[0.495] [0.495] [0.495] [0.495] [0.495] [0.495] [0.495] [0.495] [0.495] [0.495]

Control Mean -0.00 -0.00 -0.00 0.00 0.00 -0.00 -0.00 -0.00 -0.00 -0.00
Observations 1395 1395 1395 1395 1395 1395 1395 1395 1395 1395

Notes. This table shows ITT estimates of the GME treatment on work status (extensive margin) and hours worked (intensive margin). Work status is a
standardized dummy variable that takes the value of one when a respondent has worked over the past seven days, in any activity (column 1) or specific
activities (columns 2 through 5). Hours worked refers to the standardized, unconditional number of hours worked, from any activity (column 6) or specific
activities (columns 7 through 10). Outcomes in Columns 1 and 6 correspond to those presented in the main Tables 3 and 4. Panel A shows the results
controlling for randomization strata, and Panel B adding controls chosen using PDS Lasso. Robust standard errors in parentheses, sharpened q-values in
square brackets. *, **, *** denote significance at the 10, 5, and 1 percent levels respectively.
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Table C12. Additional Outcomes Related to Beliefs and Actions

Panel A: Ethiopia
(1) (2) (3) (4) (5) (6)

Beliefs Self-reported
Preferences

Self-efficacy Optimism Aspirations Risk
Aversion Trust Patience

GME Treatment 0.027 0.165∗∗∗ 0.110∗∗ 0.058 0.106∗∗ 0.107∗∗

(0.054) (0.053) (0.053) (0.054) (0.054) (0.051)
[0.260] [0.012] [0.064] [0.130] [0.064] [0.064]

Mean DV in Control 0.00 -0.00 0.00 -0.00 -0.00 -0.00
N in Control 698 698 698 698 698 698
N in Treatment 697 697 697 697 697 697

Panel B: Colombia
(1) (2) (3) (4) (5) (6)

Beliefs Actions (Non-business Domain)

Self-efficacy Safety Net COVID19
Mitigation

Worked
for Wage

Savings:
Any

Savings:
Amount

Panel B.1: Traditional vs Control
Traditional Training -0.052 -0.009 -0.074 0.025 0.013 -0.081

(0.072) (0.069) (0.067) (0.033) (0.029) (0.055)
[1.000] [1.000] [1.000] [1.000] [1.000] [1.000]

Panel B.2: GME vs Traditional
GME Training -0.035 0.001 0.084 -0.015 0.031 0.023

(0.063) (0.059) (0.058) (0.027) (0.023) (0.049)
[1.000] [1.000] [1.000] [1.000] [1.000] [1.000]

Panel B.3: GME vs Control
GME Training -0.049 -0.002 -0.003 0.013 0.048∗ -0.050

(0.066) (0.063) (0.063) (0.029) (0.025) (0.068)
[1.000] [1.000] [1.000] [1.000] [0.518] [1.000]

Mean DV in Control 0.00 0.00 0.00 0.50 0.80 0.00
Mean DV in Traditional 0.00 0.00 -0.10 0.50 0.80 -0.10
N in Control 545 545 551 547 318 318
N in Traditional 649 649 657 647 384 384
N in GME 1134 1133 1142 1131 648 648

Notes. This table shows ITT estimates of the treatments on additional intermediate outcomes. For Ethiopia (Panel A),
Self-efficacy is the score on the Generalized Self-Efficacy scale, a 10-item psychometric scale to assess self-beliefs (Schwarzer
and Jerusalem, 1995). Optimism is the standardized value of the Revised Life Orientation Test, a 10-item psychometric
scale to assess levels of optimism versus pessimism in life (Scheier et al., 1994). Aspiration measures respondents’ aspirations
based on three questions: “Do you expect to work for pay in a non-family enterprise (including your own business) in the
future?”, “Do you expect to work for pay in a family enterprise in the future?” and “Do you see yourself continuing your
education in the future?”. Self-reported preferences are based on unincentivized survey questions adapted from the Global
Preference Survey (Falk et al., 2018). For Colombia (Panel B), Self-efficacy is an index aggregating answers to three scales:
the Brief Resilient Coping Scale (Sinclair and Wallston, 2004), and adapted subset of statements from the Brief Resilience
Scale (Smith et al., 2008) and a Self-efficacy scale (Chen et al., 2001). Safety nets is a standardized index aggregating
answers to three questions about perceptions of whether people felt they had enough savings for the first two months of
the lockdown, had enough cash to cover expenses for the coming week, or could easily find 200,000 pesos within a month
for an unexpected need. COVID19 mitigation is a standardized index that indicates whether participants adapted their
decision-making during the COVID-19 crisis. It aggregates yes/no answers to a series of questions about pandemic-related
adjustments in the business, such as following government COVID19 guidelines, adopting hygiene protocols, or contacting
suppliers. Worked for wage is an indicator of whether the respondent works in a wage work. Savings: any is an indicator
for any savings. Savings: amount is the respondent’s amount of savings (unconditional). Questions about savings were
only asked in one follow-up survey and refer to the pre-COVID19 period. Further details on the outcomes are reported in
the main text (Section 4), Appendix D.5 for Ethiopia, and E.5 for Colombia. All the regressions control for randomization
strata and, for Colombia, survey wave fixed effects. Parentheses report robust standard errors for Ethiopia, and clustered
standard errors (at the household level) for Colombia. FDR sharpened q-values in square brackets. *, **, *** denote
significance at the 10, 5, and 1 percent levels respectively.
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Table C13. Ethiopia: Outcomes by Social Desirability Scale

Panel A: Simulation Outcomes Panel B: Economic Outcomes
(1) (2) (3) (4) (1) (2) (3) (4) (5) (6)

Sub-indices Economic Outcomes, Mental Health and Welfare Mental Health & Welfare

Simulation Index Specificity Emotionality Frequency
of Positives Employment Earnings Consumption Food Security Life Satisfaction WHODAS Score

GME Treatment 0.091∗∗∗ 0.029 0.130∗∗∗ 0.115∗∗∗ 0.126∗∗ 0.141∗∗ 0.055 0.218∗∗∗ 0.135∗∗∗ 0.157∗∗∗

(0.030) (0.044) (0.048) (0.039) (0.054) (0.062) (0.050) (0.051) (0.051) (0.049)
[0.701] [0.030] [0.027] [0.059] [0.059] [0.196] [0.001] [0.032] [0.008]

Social Desirability 0.008 -0.001 -0.014 0.040 0.054 0.069 -0.035 -0.077∗∗ 0.125∗∗∗ 0.066∗

(0.020) (0.031) (0.031) (0.026) (0.037) (0.044) (0.034) (0.037) (0.036) (0.038)
[0.766] [0.701] [0.444] [0.144] [0.140] [0.216] [0.077] [0.006] [0.111]

GME Treatment x Social Desirability -0.015 -0.030 -0.060 0.044 0.039 -0.130∗ 0.005 0.020 0.021 -0.091∗

(0.029) (0.042) (0.046) (0.037) (0.052) (0.072) (0.044) (0.047) (0.052) (0.047)
[0.701] [0.472] [0.472] [0.265] [0.108] [0.439] [0.318] [0.318] [0.092]

p-value: GME Treatment + GME Treatment x Social Desirability = 0 0.07 0.99 0.29 0.00 0.04 0.90 0.35 0.00 0.03 0.33
Control Mean 0 0 -0 0 -0 0 0 0 -0 -0
N in Control 665 665 665 664 698 698 698 698 698 698
N in Treatment 667 667 667 665 697 697 697 697 697 697

Panel C: Beliefs and Actions
(1) (2) (3) (4) (5) (6) (7)

Beliefs Actions
Intent
to Stay

Probability
of Work Permit

Probability
of Finding Work

Time to
Find Work

Reservation
Wage Job Search Hours Worked

GME Treatment 0.179∗∗∗ 0.191∗∗∗ 0.202∗∗∗ -0.088∗ 0.030 -0.095∗∗ 0.147∗∗∗

(0.053) (0.054) (0.054) (0.050) (0.054) (0.042) (0.056)
[0.006] [0.005] [0.005] [0.106] [0.399] [0.054] [0.043]

Social Desirability -0.059 -0.093∗∗ -0.076∗∗ 0.080∗∗ -0.018 0.079∗∗ 0.038
(0.038) (0.039) (0.038) (0.033) (0.042) (0.032) (0.037)
[0.137] [0.049] [0.073] [0.046] [0.425] [0.046] [0.249]

GME Treatment x Social Desirability 0.098∗ 0.071 0.004 0.052 -0.003 -0.002 0.036
(0.052) (0.052) (0.052) (0.044) (0.056) (0.040) (0.054)
[0.082] [0.176] [0.546] [0.203] [0.546] [0.546] [0.393]

p-value: GME Treatment + GME Treatment x Social Desirability = 0 0.00 0.00 0.01 0.62 0.74 0.12 0.03
Control Mean -0 -0 -0 -0 0 -0 -0
N in Control 698 698 698 698 698 698 698
N in Treatment 697 697 697 697 697 697 697

Notes. This table shows the impact of the GME treatment on all the main outcomes shown in Tables 2, 3 and 4 of the paper, interacted with a score for social desirability. Social desirability is based on the Marlowe–Crowne Social Desirability Scale (Crowne Marlowe, 1960),
which measures the individual propensity for social desirability bias. All the outcomes are defined in the notes to Tables 2, 3 and 4. All regressions control for randomization strata (gender and prime treatment). Robust standard errors in parentheses, sharpened q-values in
square brackets (computed within each panel). *, **, *** denote significance at the 10, 5, and 1 percent levels respectively.
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Table C14. Ethiopia: Outcomes by Rule Orientation Scale

Panel A: Simulation Outcomes Panel B: Economic Outcomes
(1) (2) (3) (4) (1) (2) (3) (4) (5) (6)

Sub-indices Economic Outcomes Mental Health & Welfare

Simulation Index Specificity Emotionality Frequency
of Positives Employment Earnings Consumption Food Security Life Satisfaction WHODAS Score

GME Treatment 0.086∗∗∗ 0.025 0.125∗∗∗ 0.111∗∗∗ 0.121∗∗ 0.147∗∗ 0.060 0.227∗∗∗ 0.137∗∗∗ 0.161∗∗∗

(0.030) (0.044) (0.048) (0.039) (0.054) (0.064) (0.050) (0.050) (0.051) (0.049)
[0.279] [0.021] [0.018] [0.044] [0.042] [0.230] [0.001] [0.037] [0.009]

Rule Orientation 0.060∗∗∗ 0.069∗∗ 0.152∗∗∗ -0.042 0.091∗∗ 0.022 0.040 -0.102∗∗∗ -0.055 -0.002
(0.021) (0.032) (0.032) (0.028) (0.039) (0.032) (0.029) (0.039) (0.037) (0.037)

[0.053] [0.001] [0.138] [0.042] [0.336] [0.187] [0.037] [0.161] [0.507]

GME Treatment x Rule Orientation 0.002 0.004 -0.052 0.056 -0.056 -0.092∗ -0.107∗∗ -0.012 -0.036 -0.056
(0.030) (0.043) (0.046) (0.039) (0.054) (0.055) (0.042) (0.051) (0.050) (0.048)

[0.449] [0.222] [0.138] [0.243] [0.120] [0.037] [0.502] [0.336] [0.230]

p-value: GME Treatment + GME Treatment x Rule Orientation = 0 0.04 0.65 0.28 0.00 0.40 0.46 0.48 0.00 0.18 0.12
Control Mean 0 0 -0 0 -0 0 0 0 -0 -0
N in Control 665 665 665 664 698 698 698 698 698 698
N in Treatment 667 667 667 665 697 697 697 697 697 697

Panel C: Beliefs and Actions
(1) (2) (3) (4) (5) (6) (7)

Beliefs Choices
Intent
to Stay

Probability
of Work Permit

Probability
of Finding Work

Time to
Find Work

Reservation
Wage Job Search Hours Worked

GME Treatment 0.178∗∗∗ 0.186∗∗∗ 0.207∗∗∗ -0.094∗ 0.029 -0.101∗∗ 0.145∗∗

(0.053) (0.054) (0.054) (0.050) (0.054) (0.042) (0.056)
[0.005] [0.005] [0.004] [0.118] [0.493] [0.045] [0.036]

Rule Orientation -0.018 0.056 -0.067∗ -0.078∗ 0.043 0.123∗∗∗ 0.050
(0.035) (0.040) (0.037) (0.041) (0.042) (0.035) (0.039)
[0.493] [0.190] [0.124] [0.118] [0.300] [0.005] [0.223]

GME Treatment x Rule Orientation 0.021 0.034 0.025 0.109∗ -0.022 -0.051 -0.056
(0.048) (0.054) (0.051) (0.056) (0.063) (0.044) (0.056)
[0.493] [0.488] [0.493] [0.118] [0.525] [0.253] [0.300]

p-value: GME Treatment + GME Treatment x Rule Orientation = 0 0.01 0.00 0.00 0.83 0.93 0.02 0.26
Control Mean -0 -0 -0 -0 0 -0 -0
N in Control 698 698 698 698 698 698 698
N in Treatment 697 697 697 697 697 697 697

Notes. This table shows the impact of the GME treatment on all the main outcomes shown in Tables 2, 3 and 4 of the paper, interacted with the respondent’s score on a “Rule Orientation” scale, which captures the extent to which they care about following rules and
regulation. All the outcomes are defined in the notes to Tables 2, 3 and 4. All regressions control for randomization strata (gender and prime treatment). Robust standard errors in parentheses, sharpened q-values in square brackets (computed within each panel). *, **,
*** denote significance at the 10, 5, and 1 percent levels respectively.
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Table C15. Colombia: Mental Simulation Outcomes in Sample with Business at Baseline

(1) (2) (3) (4) (5) (6)
Simulation Index, by Domain Sub-indices (Business Scenarios)

All
Scenarios

Business
Scenarios

Non-business
Scenarios Specificity Emotionality Frequency

of Use

Panel A: Traditional vs Control
Traditional Training -0.068 -0.131 -0.045 -0.053 -0.145 -0.074

(0.102) (0.111) (0.103) (0.111) (0.104) (0.102)
[0.974] [0.974] [0.974]

Panel B: GME vs Traditional
GME Training 0.066 0.181∗ 0.005 0.086 0.189∗∗ 0.142∗

(0.086) (0.095) (0.083) (0.091) (0.088) (0.085)
[0.164] [0.104] [0.104]

Panel C: GME vs Control
GME Training 0.017 0.052 -0.013 0.057 0.035 0.047

(0.095) (0.098) (0.096) (0.097) (0.090) (0.090)
[1.000] [1.000] [1.000]

Mean DV in Control 0.00 0.00 0.00 0.00 0.00 0.00
Mean DV in Traditional 0.00 -0.10 0.00 0.00 -0.10 0.00
N in Control 278 241 278 241 241 241
N in Traditional 341 285 341 285 284 284
N in GME 595 513 595 512 509 509

Notes. This table reproduces Panel B of Table 2 from the main paper only in the sample of people with a business at baseline. Regression
specifications and outcomes are defined in the note to Table 2. Panel A shows the effect of the traditional treatment versus control, Panel
B compares the GME treatment to the traditional treatment, and panel C looks at the impact of the GME treatment with respect to the
control. Clustered standard errors in parentheses, FDR sharpened q-values in square brackets. *, **, *** denote significance at the 10, 5, and
1 percent levels respectively.
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Figure C2. Quantile Treatment Effects on Earnings Levels
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(a) Traditional vs Control
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(b) GME vs Traditional

Notes: The Figure shows quantile treatment effects on earnings (in levels, winsorised at the 99th percentile) in the
Colombia experiment. Figure (a) shows the comparison between the traditional training and the control, while Figure
(b) shows the comparison between the GME training and the traditional one. Figures on the left-hand side use as
dependent variable non-standardized earnings levels pre-Covid, and figures on the right-hand side non-standardized
earnings levels during Covid.
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Table C16. Colombia: Business Practices

Trad Training GME Treat
t-test:

difference
mean sd mean sd p-value

Marketing Practices:
Examined A Competitor’S Prices 65.33 47.67 70.69 45.46 0.12
Examined A Competitor’S Products 70.00 45.90 78.61 40.93 0.01***
Asked For Consumer Feedback On New Products 50.67 50.08 59.86 48.76 0.01**
Asked A Former Consumer Why They Stopped Buying 34.67 47.67 43.88 49.46 0.01**
Asked A Supplier About Product Sales 61.07 48.84 60.59 48.70 0.89
Introduced A Special Offer 69.33 46.19 72.22 44.73 0.39
Advertised 79.33 40.56 81.39 38.84 0.48

Costing and Record-Keeping Practices:
Keep Written Business Records 57.33 49.54 48.26 49.82 0.01**
Record Every Purchase And Sales 66.67 47.22 70.28 45.42 0.29
Use Records To Examine Cash Balance At Any Time 64.43 47.95 61.79 48.33 0.46

Financial Planning Practices:
Set A Sales Target For The Next Year 66.67 47.22 50.97 49.74 0.00***
Compares Sales To Target Monthly 70.47 45.69 65.21 47.57 0.13
Budgets Likely Costs 48.67 50.07 38.82 48.58 0.01***

HR practices:
Training Provision Exists 35.57 47.95 33.89 47.28 0.63
Evaluated Employee Performance 39.60 48.99 36.81 48.18 0.44
Provides Employees Feedback 42.95 49.58 40.97 49.14 0.59

Observations 150 244
Notes. The table shows business owners’ engagement in business practices in the Colombia experiment. Data come from a
survey conducted in 2021 (two years after the intervention), which reached around 50% of the original sample. The response
rate was not differential by treatment (GME vs Traditional). The number of observations in the table is even lower as questions
on business practices were only asked to people who had an operating business at the time of the survey. *, **, *** denote
significance at the 10, 5, and 1 percent levels respectively.
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D Details of Experiment 1 (Ethiopia)
This appendix contains additional contextual and implementation details for Experiment 1 (Ethiopia).

D.1 Context
Ethiopia hosts a large number of refugees, reflecting enduring conflict in the broader Horn of Africa region.
At the time of data collection in 2022, almost 880,000 registered refugees from 26 countries lived in Ethiopia.
Most refugees come from South Sudan (46 percent), Somalia (29 percent), Eritrea (19 percent), and Sudan
(5 percent). Ethiopia has, de jure, one of the most progressive refugee policy frameworks in Africa, which
gives widespread rights to refugees including paid employment and self employment, access to education,
and access to social and financial services. There remains, however, a significant gap between policy and
implementation. At the time of data collection, formal work permits had not been granted to any refugees,
and de facto access to economic opportunities was limited to a small number of urban refugees engaging in
informal work (UNHCR, 2021, 2022).

This project focuses on one such urban refugee population: registered refugees from Eritrea located in
Addis Ababa, Ethiopia’s capital city. In Ethiopia, a limited number of refugees are granted permission to
live in urban areas outside of camps if they fulfill certain criteria, including specific protection needs or the
ability to name a sponsor who can provide for them.31 Despite this policy not legally affording refugees the
right to work or operate their own businesses, many refugees still take up informal economic opportunities.
Thus, this population of refugees serves as an important test case for broader economic integration efforts
by the government and illustrates the challenges of economic self-reliance in an urban setting, including
the ability to find informal work or start a business without a permit. According to the UNHCR (2021),
“[m]ost of the registered urban refugees are not able to meet their basic needs with the current income that
they receive either from informal work or remittances” (p. 13). The Eritrean refugees we work with tend
to have more access to economic opportunities than other refugee populations due their linguistic, ethnic,
and cultural proximity with the host community. In Addis Ababa, networks among Eritrean refugees and
with the host community are the main source of economic opportunities.32

We partnered with the Ethiopian federal government’s refugee agency, the Ethiopian Refugee & Returnee
Service (RRS), to implement the study. We worked closely with RRS to determine an appropriate study
sample to study the economic lives of vulnerable urban refugees and agreed to focus on the Eritrean refugee
population in Addis Ababa. Since economic behavior is our key focus, we restricted our sample to registered
refugees aged 18 to 50 with at least junior high school education (Ethiopian grade 7 and above).33 RRS
provided us with a de-identified list of all registered refugees that satisfied these criteria (N = 36,136), from
which we drew a random sample stratified by gender (N=2,000). Before survey enumerators approached
refugees in our sample, we worked with RRS caseworkers and refugee community leaders to disseminate
information about our study. After this initial approach, a professional survey firm administered informed
consent and conducted a baseline survey on 1,652 refugees.34 D1 summarizes the characteristics of our
sample along the margins of economic vulnerability and trauma.

31See Woldetsadik et al. (2019) for a detailed discussion of the “out of camp” policy (OCP) from a legal perspective.
32A 22-year old Eritrean refugee quoted by Betts et al. (2019) provides an illustrative account: “I am working at

a metal workshop that does welding and repairing for doors, and houses and fences. The owner of the workshop is
Ethiopian. I got connected to him through my Eritrean refugee friend who has contacts with Ethiopians... There
are five employees at this workshop and all of them are Eritrean refugees” (p. 9).

33The sampling frame is based on a centralized UNHCR-RRS database. Our sample excludes Eritrean asylum
seekers not yet granted refugee status, refugees that fled from Tigray between 2020 and 2022, or Ethiopian internally
displaced people. In Addis Ababa, 77 percent of refugees have completed primary education (based on the 2023 World
Bank Socio-Economic Survey of Refugees in Ethiopia), so our sample is relevant to a large share of the population.

34Potential respondents were approached in random order. If a respondent could not be found or did not consent
to participate, they were replaced with someone from the same stratum drawn from a separate replacement frame.
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The median refugee in our study left Eritrea five years prior to data collection and has lived in Addis Ababa
for three years. A significant majority, 94 percent, expressed intentions to leave at some point in the future.
Our survey elicits subjective expectations over the likelihood of staying in Ethiopia and expected income
under various scenarios (no formal work permit, 1 percent chance of formal work permit, 50 percent chance,
and 99 percent chance). At baseline, the median respondent indicates a 40 percent probability of staying in
Ethiopia for the three years following the survey if not given a formal work-permit. Assuming a near-certain
permit with 99 percent chance, the median respondent indicates a 60 percent probability of staying. This
suggests that the uncertainty related to the legal right to work can partly explain the reluctance to stay in
Ethiopia. The weak intent to stay underscores a tendency for envisioning a vague, distant positive future
(e.g., migrating to a third country) over planning for an uncertain near-term future.

The avoidance of planning concretely for the near future is consistent with the low rate of economic activity
observed in the sample. Only 19 percent of the respondents were economically active at the time of the
baseline survey. This breaks down to 12 percent engaged in wage work and 7 percent in other activities
including self-employment. 39 percent of respondents indicate that they are unemployed but looking for
work. In comparison, 59 percent of people in the general population of Addis Ababa in the same age range
and with the same education are economically active. Conditional on being employed, the average wage
in our sample is slightly less than half of the general population (about USD 98 compared to about USD
189). There is a pronounced gender gap in the economic lives of our sample. Among men, 16 percent were
involved in wage work compared to just 8 percent of women. This gap extends to income, where working
men reported an average monthly income of 3,830 birr (about USD 68), compared to working women who
reported an average monthly income of 2,555 birr (about USD 45).

Mental health in our sample is poor relative to the general population. We find that 13 percent of our
sample is above the cut-off for probable PTSD, relative to 4 percent in the general population (Koenen
et al., 2017). These findings are in line with Betts et al. (2019), who find that Eritrean refugees in Addis
Ababa face significantly more mental health problems than the host community. In our study, over half
of the participants (52 percent) reported direct exposure to at least one traumatic event (and significantly
higher rates when looking at traumatic events directly experienced and those witnessed first-hand, as in
Table 1 of the paper). This rate is notably higher compared to the general Ethiopian population, where only
35.8 percent report having directly experienced the same (Girma et al., 2022).35 We find a wide spectrum
of traumatic experiences within our sample, many of which are plausibly related to forced displacement:
20.7 percent of our sample report having directly experienced physical assault, 13.4 percent report having
directly experienced severe human suffering, and 12.8 percent report having directly experienced physical
combat or exposure to a war-zone in the military or as a civilian. Among women in our sample, 7.6 percent
report having directly experienced severe sexual assault or threat of assault (e.g., rape, attempted rape).
Most respondents reported that their most traumatic experience happened more than two years prior to
data collection.

In summary, Eritrean refugees in Addis Ababa face significant challenges in economic integration. Even
if informal livelihood opportunities are accessible, economic activity remains limited. Forcibly displaced
populations do not have the time to pre-experience positive images and desirable outcomes about their life
at destination, and many feel to be caught up in the past. We hypothesize that in our sample, the lack of
these images may be one factor that explains the low willingness to invest into a life in Addis Ababa and
the negative view of what their stay in Ethiopia may bring.

35We use the Life Events Checklist (LEC-5) for DSM-5, which has demonstrated good construct validity among
Ethiopian adults (Girma et al., 2022).
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D.2 Intervention and Experimental Design
We randomly assigned 900 eligible individuals (50 percent) to the GME intervention and 900 to a control
group without intervention. Treatment assignment was stratified by gender and a cross-randomized priming
treatment not discussed in this paper. Figure 1 in the main body of the paper illustrates our design using
a Consolidated Standards of Reporting Trials (CONSORT) chart.

The GME curriculum consists of four one-hour sessions that demonstrate how mental experiencing can be
used: to imagine and possibly reframe a potential life in Addis Ababa in the immediate term; to build a safe
mental space as a foundation for making economic decisions; to reflect on specific actions that can be taken
to access economic opportunities; and to think about specific plans and steps that can be taken towards
improving economic outcomes. Each session features two to three GME exercises guided by the trainer and
implemented using a pre-recorded audio by a clinical psychologist, lasting 5–7 minutes. These recordings
ensure standardization and high quality. Trainers use a scripted guide (prepared by researchers) for the rest
of the session, which includes moments for participants to reflect on their experiences and problem-solve
challenges faced in practicing positive mental experiences.

All GME exercises follow the same structure: First, the trainer gives a brief introduction and prepares
participants (e.g., posture, breathing). Then the trainer guides the exercise using a script prepared by the
researchers. Finally, debriefing questions are asked to encourage reflection and motivate the subsequent
activities. While we do not share information about new economic opportunities in the intervention,
participants are encouraged to consider simple ways to leverage opportunities that already exist in Addis
Ababa (e.g., asking acquaintances about potential jobs).

To build trust in the program, trainers were refugees from the same community without specialized train-
ing. They received weekly training and supervision from clinical psychologists and psychiatrists at Addis
Ababa University, led by Dr. Benyam Worku Dubale. Using non-specialized trainers allows us to test an
intervention with scale-up potential in similar contexts. Sessions took place in a community center rented
from a local NGO. A comprehensive risk management protocol was in place to ensure participant, trainer,
and enumerator safety during the project duration. This included a referral system for participants showing
signs of severe mental illness.

D.3 Timeline of Activities and Data Collection
Figure D1 shows the timeline of the intervention and data collection. The primary data sources for the
Ethiopia experiment are a baseline survey and an endline survey conducted approximately 60 days after
the end of the intervention. The baseline survey was collected on a rolling basis between April and July
2022. For treated participants, the first GME session was delivered two weeks after the baseline survey. The
remaining three GME sessions were delivered on a weekly basis. The endline data collection was completed
in October 2022. All baseline and endline surveys were conducted in person.

Given the sensitive context and vulnerability of the population, we collaborated with a survey firm to
recruit and train Eritrean refugees as enumerators. This group of enumerators was different from the group
of refugees implementing the GME sessions. We decided to work with refugee community members for
three reasons: first, these refugees could communicate effectively with other refugees; second, our qualitative
work and government partners suggested this approach might reduce social desirability concerns; and third,
we anticipated their involvement would increase trust within the surveyed community. The project was
presented to respondents as an independent academic research project. Protocols to minimize the risk of
infection from COVID-19 were in place and were monitored by the survey firm.
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D.4 Balance, Take up, and Attrition
Balance
Table D1 shows that treatment assignment is balanced at baseline. There is no significant difference between
the treatment and control groups at baseline on relevant demographic, economic, and health characteristics.
We also fail to reject the null in a joint orthogonality test of the significance of all the variables shown in
Table D1 on treatment assignment (F(18, 1631)=0.89, p=0.60).

Program Take-up
In terms of program take-up, 75 percent of participants assigned to the GME treatment attended at least
one session. On average, participants attended two sessions, i.e. half of the four-session program. Table D2
shows the main observable correlates of take-up. Older and more traumatized participants are more likely
to attend at least one sessions, while women and respondents with higher expenditures are less likely to
engage in the program.

Survey Attrition
We surveyed 84 percent of baseline respondents in our endline survey, so overall attrition is low. Table D3
shows that very few observables predict participation to the endline survey. Respondents who are younger
at baseline attrited more than others (significant at 10 percent), and so did respondents with a better
economic situation (total expenditures is significant at 1 percent and the frequency of savings is significant
at 5 percent). No other demographic or employment characteristics are related with participation into the
endline.

The survey attrition rate by treatment is summarized in the table below. A regression of attrition on the
GME treatment indicator tells us that attrition among GME-trainees is 5.6 percentage points lower than in
the control group (p = 0.002). However, notice that our endline contains exactly 50% of respondents from
the treatment and the control groups, respectively, which corresponds to the treatment assignment shares
in the overall sample (but only baseline participants could be invited to the intervention.)

Survey Attrition Rate, by Treatment

(1) (2) (3) (4) (5)
Treatment Status Overall Baseline Endline Attrition rate

(1)-(3) (2)-(3)
GME Treatment 900 798 697 0.225 0.126
Control 900 854 698 0.224 0.183
Full sample 1,800 1,652 1,395 0.225 0.156

Table D4 mitigates concerns related to differential attrition by showing that the observable characteristics
of participants in the endline survey are balanced between treatment groups. The only exception is total
(unconditional) income, which is higher among the treated compared to the control group, but this is only
significant at the 10 percent level. In our PAP report (a link can be found in Section 4), to further address
differential attrition, we show that our main results are broadly robust using Lee Bounds to correct for
differential attrition between the treatment and control groups.

D.5 Measurement and Construction of Outcome Variables
This section provides further details on the construction of the main outcomes as specified in our PAP. We
comment below on specific cases in which an outcome was included in our pre-analysis, but it is shown
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among the “secondary” outcomes in the paper.

We collected three families of primary outcomes: mental simulation, economic outcomes and mental and
physical health. We construct our indices within each family following Kling et al. (2007): (i) all variables
are first consistently signed (e.g. higher value associated with higher ability or welfare); and (ii) each
component of the index is then standardized by subtracting the control group mean and dividing by the
control group standard deviation. In the case where there are multiple subscales, we take the average of
the standardized components. We provide details on the construction of the outcome variables for each
family in the following paragraphs.

Mental Simulation

Our overall mental simulation index is constructed from an adapted version of the Prospective Imagery Task
(MacLeod et al., 1993; Stöber, 2000; Holmes et al., 2008) and the Autobiographical memory test (McNally
et al., 1995). In both the baseline and endline surveys, we present participants with two versions of this
test: one oriented to the future and one oriented to the past. For both versions, we present participants
with four different scenarios (specific to the version given) and ask them to imagine a specific memory or
future event that is linked to the given scenario within 45 seconds. The scenarios include one negative,
one positive and two neutral. For each memory or future event they mention, we then ask participants to
reproduce it in their mind and report the vividness and emotional intensity of it, both on 5-points scales.
We further ask the surveyor for the emotional affect reflected in the response.

Following our PAP, for both versions of the test, we coded the answers given by participants in the back
office in terms of three measures: i) specificity, ii) emotionality and iii) positivity. Research assistants
were blind to treatment and had to code the answers based on criteria given by the research team. Both
specificity and emotionality were rated on a scale from 1 (“No memory at all” or “No emotion at all”) to 5
(“Very specific” or “Extremely strong emotions”). Positivity was rated on a scale from 1 (“Very negative”)
to 4 (“Very positive”). Our detailed questions are listed in Table D5 below.

We gave detailed guidelines to research assistants and examples on how to place recordings on different
points of the scales. We followed the psychological literature (Griffith et al., 2009) to build the criteria for
defining “specific” answers, which mean that they refer to events which happened on a particular day and
lasted less than 24 hours. By contrast, non-specific memories do not refer to any specific event but rather
to doing an action in general.

Overall we construct three different indices for each of the two versions of the scale (past and future), which
we then combined into three aggregate indices of specificity, emotional intensity, and positivity.

Economic outcomes

We focus on two main sets: (1) Employment outcomes, (2) income, consumption, and welfare.

1. Employment outcomes: Engagement in employment and/or self-employment (extensive and intensive
margin) and job search.

• Engagement in employment and/or self-employment is measured as a dummy equal to 1 if
a person is involved in any of the following activities i) has a non-agricultural or non-fishing
business for yourself or for your household, or ii) is in casual, part-time, or temporary labor,
or iii) is in wage or salary work, or iv) is in an unpaid apprenticeship. If respondents work in
a specific activity, we ask for the number of hours worked. Our analysis focuses on a dummy
for any economic activity and the total number of hours spent. We focus on the aggregate
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across all activities, but we also report results for each activity separately for completeness in
the appendix.

• Job search is measured with a battery of questions adapted from the Ethiopian Socioeconomic
Survey (ESS) / Living Standard Measurement Study (LSMS) (Central Statistics Agency of
Ethiopia, 2020) and previous literature in this context: first, we ask whether the person looked
for ways to start one of the following activities: i) non-agricultural or non-fishing business for
yourself or for your household, ii) casual, part-time, or temporary labor, iii) wage or salary
work, iv) unpaid apprenticeship. If they did, we ask for the number of hours spent searching,
the number of calls made, money spent, channels used, length of search and chances that they
will start the activity within 3 months. As main outcome, we build an index of effort in search
by aggregating in an index the hours, number of calls made, number of channels used and money
spent.

Hours worked and job search are presented in the paper among “secondary” outcomes.

2. Income, consumption, and welfare: earnings, savings, consumption, food security
We adapt a number of survey module from the ESS/LSMS to measure baseline and endline living
standards of study participants. Closely following the ESS/LSMS lets us compare the study sample
to the broader population in the host community of Addis Ababa. For this outcome family, we collect
data on six dimensions: (1) earnings from economic activities, (2) Food consumption (at home and
away from home), dietary diversity, and non-food consumption, (3) Food security, (4) savings, (5)
incoming and outgoing transfers, (6) support from various assistance programs.

• Our food security index is the total score (sum) of the four-item version of the Food Insecurity
Experience Scale (FIEFS). It includes reverse-coded questions about i) not having enough food,
ii) number of days with less preferred food, iii) number of days with limited food variety and
iv) number of days no eating for full day in the past week.

• Our total earnings index includes earnings from wage work (in the last seven days) and profits
from self-employment (in the last twelve months).

For conciseness, we do not report results on savings, incoming and outgoing transfers and as-
sistance. These results can be found in our PAP report.

Mental and physical health

We use two broad measures of well-being and physical health: (1) the Cantril Self-Anchoring Striving Scale
and the (2) World Health Organization Disability Assessment Schedule (WHODAS) Schedule 2.0.

We use the Cantril Self-Anchoring Striving Scale (Cantril, 1965) as a simple and widely-used self-reported
measure of well-being. We follow Gallup’s implementation: we ask respondents to imagine, using a visual
aid, a ladder with steps numbered from zero at the bottom to 10 at the top, where the top represents the
best possible life for respondents and the bottom the worst possible life. We then ask respondents two
questions. (a) “On which step of the ladder would you say you personally feel you stand at this time?” (b)
“On which step do you think you will stand about five years from now?”. Our life satisfaction index is the
standardized average of the answers to the two questions.

The World Health Organization Disability Assessment Schedule (WHODAS) is a widely used measure of
disability and functional impairment in in accordance with the International Classification of Functioning,
Disability and Health. We use the 12-item self-reported version and score it using the WHO’s simple
additive method (the score ranges from 12 to 60). Our WHODAS outcome variable is standardized and
reverse-coded, so that higher values indicated lower disability.
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D.6 Cost Effectiveness and Scalability
Table D6 provides more detailed data on program costs. Dividing the total cost of USD 152,180 by 664
actual beneficiaries (who took up at least one session of the GME intervention) results in average costs
of USD 229 per beneficiary. We estimate the marginal costs to deliver the program to an additional
beneficiary to be approximately USD 58, though we caution that specific features of the implementation
infrastructure (such as our risk management framework) will not scale linearly. While the implementation
of the intervention was researcher-led and supervised, we believe that the program is appropriate to be
scaled up within the programming of governments and development partners. When doing so, it will be
important to ensure a high quality of training and an effective risk management framework and referral
system that ensures safety of participants and staff.

8
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D.7 Figures and Tables
Figure D1. Timeline of Implementation and Data Collection

Notes: This figure illustrates the timeline of data collection and intervention delivery for the Ethiopia trial. The baseline
survey was conducted on a rolling basis during April and July 2022. For treated participants, the first GME session was
delivered two weeks after the baseline survey. The remaining three GME sessions were delivered on a weekly basis.
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Table D1. Ethiopia: Baseline Balance

(1) (2) (3)
Variable Control Treatment Difference

Demographics
Age 28.285 28.688 0.403

(6.685) (7.182) (0.341)
Female 0.499 0.500 0.001

(0.500) (0.500) (0.025)
Years of Schooling 10.561 10.528 -0.033

(3.150) (3.106) (0.154)
Household Size 1.794 1.878 0.085

(1.578) (1.729) (0.081)
Years in Addis 2.847 3.006 0.160

(1.954) (2.333) (0.106)
Employment and economic outcomes

Engaged in Work 0.189 0.207 0.018
(0.391) (0.405) (0.020)

Hours Worked 7.948 8.330 0.381
(20.534) (20.631) (1.013)

Job Search Hours 4.102 4.986 0.884
(13.171) (14.953) (0.693)

Total Expenditure 4,391.381 4,360.888 -30.494
(2,039.233) (2,664.041) (116.282)

Food Security 16.960 17.218 0.258
(3.926) (3.901) (0.193)

Frequency of Savings 0.296 0.313 0.017
(0.457) (0.464) (0.023)

Total Income 282.336 326.947 44.612
(974.281) (1,051.613) (49.844)

Bank Account 0.952 0.949 -0.003
(0.214) (0.221) (0.011)

Weekly Wage 137.429 139.254 1.825
(488.720) (493.654) (24.180)

Trauma and mental health
Number of Traumatic Events 4.770 4.860 0.089

(2.791) (2.917) (0.140)
PTSD Score 15.007 15.162 0.155

(13.933) (13.970) (0.687)
Life Satisfaction 6.729 6.660 -0.069

(1.582) (1.594) (0.078)
Overall Health 0.726 0.722 -0.004

(0.111) (0.108) (0.005)
Observations 854 798 1,652

Notes: The table presents a balance test at baseline for the Ethiopia experiment. Columns 1 and 2 show the mean and
standard errors for the control and GME treatment. The last column show the difference between treatment arms. * p<0.10,
** p<0.05, *** p<0.01. Engaged in work is a dummy that is one if respondents are engaged in any economic activity in the
past week. Hours worked refers to the unconditional number of hours worked in the past week. Total expenditures refers to
total individual consumption expenditures in the past week, in Ethiopian birr. Food security is the total score (sum) of the
four-item version of the Food Insecurity Experience Scale (FIEFS). Frequency of savings indicates the frequency in which
respondents say they could save 600 Ethiopian birr. Total income is the unconditional weekly income from wage employment
and self-employment. Bank account is an indicator that is one if respondents have a registered account with a financial
institution. Weekly wage is the unconditional weekly income from wage work only. Number of traumatic events refers to the
number of events from the Life Events Checklist for DSM-5 (LEC-5) personally experienced or witnessed. PTSD Score refers
to the score on the PTSD Checklist for DSM-5 (PCL-5). Life satisfaction refers to the Cantril Self-Anchoring Striving Scale.
Overall health refers to the overall score on the World Health Organization Disability Assessment Schedule (WHODAS).
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Table D2. Ethiopia: Intervention Take-up

(1) (2) (3)
Variable No Take-up Take-up Difference

Demographics
Age 27.446 29.109 1.664***

(6.352) (7.401) (0.582)
Female 0.673 0.441 -0.232***

(0.470) (0.497) (0.040)
Years of Schooling 10.584 10.508 -0.076

(3.280) (3.047) (0.253)
Household Size 1.807 1.903 0.096

(1.715) (1.734) (0.141)
Years in Addis 2.931 3.032 0.101

(1.694) (2.514) (0.190)
Employment and economic outcomes

Engaged in Work 0.203 0.208 0.005
(0.403) (0.406) (0.033)

Hours Worked 8.168 8.384 0.216
(20.272) (20.768) (1.681)

Job Search Hours 4.045 5.304 1.259
(14.341) (15.129) (1.216)

Total Expenditures 4,841.984 4,197.832 -644.153***
(3,929.763) (2,045.594) (215.824)

Food Security 18.025 16.945 -1.080***
(3.616) (3.958) (0.315)

Frequency of Savings 0.351 0.300 -0.051
(0.479) (0.459) (0.038)

Total Income 305.953 334.063 28.110
(1,140.837) (1,020.522) (85.665)

Bank Account 0.950 0.948 -0.003
(0.217) (0.222) (0.018)

Weekly Wage 112.450 148.339 35.888
(431.520) (513.027) (40.196)

Trauma and mental health
Number of Traumatic Events 4.436 5.003 0.568**

(2.849) (2.928) (0.237)
PTSD Score 13.460 15.738 2.278**

(12.467) (14.408) (1.135)
Life Satisfaction 6.807 6.611 -0.196

(1.451) (1.637) (0.130)
Overall Health 0.732 0.719 -0.013

(0.106) (0.109) (0.009)
Observations 202 598 1,654

Notes: The table presents characteristics of participants that attended at least one session of the intervention (Column 2)
and those that did not (Column 1). Columns 1 and 2 show the mean and standard errors for each group. Column 3 shows
the difference between both groups, with significance indicated as follows: * p<0.10, ** p<0.05, *** p<0.01. Variables are
defined in the note to table D1.
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Table D3. Ethiopia: Survey Attrition at Endline

(1) (2) (3)
Variable Did not drop Dropped Difference

Treatment Status
GME Treatment 0.500 0.393 -0.107***

(0.500) (0.489) (0.034)
Demographics

Age 28.619 27.724 -0.895*
(7.018) (6.392) (0.470)

Female 0.497 0.514 0.017
(0.500) (0.501) (0.034)

Years of Schooling 10.578 10.366 -0.212
(3.094) (3.311) (0.212)

Household Size 1.853 1.735 -0.118
(1.678) (1.505) (0.112)

Years in Addis 2.905 3.027 0.123
(2.192) (1.878) (0.146)

Employment and economic outcomes
Engaged in Work 0.197 0.198 0.001

(0.398) (0.400) (0.027)
Hours Worked 8.025 8.716 0.691

(20.440) (21.326) (1.397)
Job Search Hours 4.747 3.354 -1.393

(14.188) (13.337) (0.955)
Total Expenditures 4,312.418 4,725.307 412.889***

(2,050.704) (3,592.882) (160.001)
Food Security 17.006 17.514 0.508*

(3.887) (4.042) (0.266)
Frequency of Savings 0.292 0.370 0.077**

(0.455) (0.484) (0.031)
Total Income 296.698 342.898 46.200

(994.441) (1,105.554) (68.729)
Bank Account 0.953 0.934 -0.020

(0.211) (0.249) (0.015)
Weekly Wage 130.952 178.255 47.303

(463.406) (619.102) (33.317)
Trauma and mental health

Number of Traumatic Events 4.812 4.821 0.009
(2.841) (2.914) (0.194)

PTSD Score 15.169 14.607 -0.562
(14.006) (13.636) (0.947)

Life Satisfaction 6.681 6.774 0.093
(1.586) (1.599) (0.108)

Overall Health 0.725 0.718 -0.008
(0.108) (0.119) (0.007)

Observations 1,395 257 1,652
Notes: The table presents baseline characteristics of respondents that were found at endline (Column 1) and those that
were not found at endline (Column 2). Columns 1 and 2 show the mean and standard errors. The last column shows the
difference between columns 1 and 2, with significance indicated as follows: * p<0.10, ** p<0.05, *** p<0.01. Variables are
defined in the note to table D1.
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Table D4. Ethiopia: Baseline Characteristics of Respondents at Endline, by Treatment

(1) (2) (3)
Variable Control Treatment Difference

Demographics
Age 28.348 28.890 0.541

(6.718) (7.301) (0.376)
Female 0.497 0.496 -0.001

(0.500) (0.500) (0.027)
Years of Schooling 10.613 10.542 -0.071

(3.094) (3.095) (0.166)
Household Size 1.804 1.902 0.099

(1.589) (1.762) (0.090)
Years in Addis 2.785 3.024 0.239**

(1.952) (2.405) (0.117)
Employment and economic outcomes

Engaged in Work 0.182 0.212 0.030
(0.386) (0.409) (0.021)

Hours Worked 7.640 8.410 0.770
(20.336) (20.552) (1.095)

Job Search Hours 4.163 5.331 1.168
(12.812) (15.429) (0.761)

Total Expenditures 4,343.772 4,281.020 -62.753
(2,052.544) (2,049.853) (109.838)

Food Security 16.933 17.079 0.146
(3.885) (3.891) (0.208)

Bank Account 0.957 0.950 -0.007
(0.203) (0.219) (0.011)

Frequency of Savings 0.282 0.303 0.020
(0.450) (0.460) (0.024)

Weekly Wage 125.642 136.270 10.628
(442.982) (483.255) (24.822)

Total Income 251.339 342.122 90.783*
(891.976) (1,086.174) (53.214)

Trauma and mental health
Life Satisfaction 6.717 6.646 -0.071

(1.586) (1.585) (0.085)
Overall Health 0.727 0.723 -0.004

(0.110) (0.106) (0.006)
Number of Traumatic Events 4.716 4.908 0.192

(2.752) (2.927) (0.152)
PTSD Score 15.159 15.179 0.020

(14.141) (13.880) (0.750)
Observations 698 697 1,395

Notes: The table presents baseline characteristics of respondents at endline, by treatment status. Columns 1 and 2 show
the mean and standard errors for the control and GME treatment. The last column show the difference between treatment
arms, with significance indicated as follows: * p<0.10, ** p<0.05, *** p<0.01. Variables are defined in the note to table
D1.
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Table D5. Measurement: Mental Simulation in Ethiopia Study

Reference
Period Scenarios Rating Criteria for

Each Scenario

Past

Respondents are presented with the following scenarios
in randomized order. For each scenario, they are asked
to think of a specific event that has happened.

1) A relative gets sick (negative)
2) One of your friends gets a job (positive)
3) You take a health test (neutral)
4) You plan your next day (neutral)

Specificity
(1 “No memory at all’
to 5 ”Very specific”)

Emotionality
(1 “No emotion at all’
to 5 ”Extremely strong emotions”)

Positivity
(1 “Very negative’
to 4 ”Very positive”)

Future

Respondents are presented with the following scenarios
in randomized order. For each scenario, they are asked
to think of a specific event that could happen in the future.

1) Someone insults you on the street (negative)
2) Someone gives you a winning lottery ticket (positive)
3) You ask someone for a job (neutral)
4) You go out for a walk in your neighborhood (neutral)

Notes: The questions for each scenario were self-assessed and rated by treatment-blind research assistants based on audio
recordings. The table presents an English translation of the Tigrinya questionnaire. The original questionnaire is available
from the authors upon request.

Table D6. Ethiopia: Detailed Cost Estimates

Category Costs (USD) Comments

Program administration and staff costs 58,157 Project steering and coordination.
Staff time of refugee expert and psychiatrist.

Targeting costs 21,056 Community outreach campaign
Staff training 3,671 Government inception workshop plus training
Participant training 6,000 Training venue hire and related costs

Implementation and program material costs 53,057 Production of curriculum materials
(esp. video) and implementation of training

User costs none
Averted costs none

Monitoring costs 10,240 Risk management framework
and referral system

Total program costs 152,180
Notes: The table presents a detailed cost estimates following the J-PAL costing template for cost effectiveness anal-
ysis. We assume an ETB/USD exchange rate of 51.76 for 2022 taken from the World Bank WDI database. See
www.povertyactionlab.org/resource/conducting-cost-effectiveness-analysis-cea for more details on the template.
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E Details of Experiment 2 (Colombia)
This appendix contains additional details for Experiment 2 (Colombia).

E.1 Context
Decades of civil conflict in Colombia have internally displaced more than seven million people (IDMC, 2017).
With over 8 million registered victims of conflict, the 2016 peace deal brought socio-economic inclusion to the
forefront of policy priorities. Since 2015, Colombia has also faced a significant influx of Venezuelan refugees
and migrants due to their country’s humanitarian crisis. By October 2022, the Colombian government
reported 2.89 million Venezuelan refugees, migrants, and asylum seekers (R4V, 2023). This unprecedented
inflow has added socio-economic challenges in many communities already struggling with post-conflict
recovery.

As in other post-conflict contexts, self-employment is emphasized as an effective tool for promoting recovery,
restoring individual economic autonomy and boosting community development. Micro and small-scale firms
represented more than 87 percent of firms in Colombia in 2016 (OECD, 2018) and are increasingly supported
by the government, for example through vocational and skills training programs provided by the National
Training Service (SENA).

Governmental and non-governmental actors in our context increasingly recognized the challenges of sup-
porting the economic livelihoods of traumatized populations. Our meetings with public and private or-
ganizations highlighted that survivors of conflict and displacement were either not taking up programs or
performing worse than the general population. At our project’s inception, the government provided ad-hoc
psychological support, but demand was low. Most high-trauma, low-income households were unwilling to
prioritize mental health without first addressing their economic difficulties. The government sought to
design and test a program that blended economic skills with psychological support, appealing to those
motivated to improve their economic lives but requiring help with post-trauma symptoms. The key idea
on the ground was that a combined program would trigger a virtuous cycle between psychological health
and economic outcomes.36

To deliver the intervention, we partnered with the local government of Bogotá, specifically the District De-
partment of Social Integration (SDIS) and District Department of Economic Development. Our government
partners recruited participants through a multi-channel media campaign by advertising an entrepreneurship
program promoting soft skills, including through community centers and social media platforms.37 As part
of their mandate, the SDIS were required to train numerous groups that face economic and social challenges
(e.g., victims of conflict and Venezuelan migrants, low-income youth, LGBTQ groups). The resulting sam-
ple thus features vulnerability along multiple dimensions and represents groups that – according to our field
partners – struggle with training and taking up of economic opportunities.

Our final sample includes 1,967 participants. Both trauma exposure and symptoms are very high in the
sample. At baseline, 83 percent report exposure to traumatic past experiences, which is higher than
estimates of exposure in general populations, ranging between 61 percent and 70 percent. Moreover,
the types of trauma reported by participants are strikingly different from other settings: 48 percent of

36This concept has also been proposed by researchers as an effective way to boost the demand and supply of
mental health services in low-resource contexts and increase the returns to economic programs (Ridley et al., 2020).

37Interested applicants were required to complete a short application form, online or in person, which was used
to screen for eligibility. Of 3,553 applicants, 2,337 met the predefined criteria. Eligibility required demonstrating
entrepreneurship potential by having a business or plans to start one within three months and being able to describe
the business or idea and classify it by sector. To account for self-funded transportation costs, applicants needed to
report non-zero income or business sales in the past six months. Additional criteria included being literate, being
over 18 years old, and providing three points of contact.
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participants report having lived or witnessed war-related trauma, including death, displacement and torture,
and 61 percent report surviving or witnessing assault. As a benchmark, the WHO World Mental Health
survey finds that exposure to these same types of trauma is 13.1 percent and 22.9 percent in general
populations across more than 20 countries (Koenen et al., 2017). The share of participants positively
screening for PTSD is also high in our Colombia sample, with 22 percent being above the cut-off for
probable PTSD.

Vulnerability also extends to the economic domain. Participants are low-income, with 67 percent earning
less than the minimum wage (compared to 51 percent overall in Colombia). The average monthly income
at baseline is COP $693,077 (approximately USD $200), which is around 80 percent of the Colombian
monthly minimum wage. The average household has 3.5 people (compared to 3.1 in the country). While
55 percent of the sample has an existing business, the remaining share has only a business idea. In terms
of demographics, 58 percent of participants are women, the average participant is 32 years old and has
completed secondary schooling.

In summary, the aspiring micro-entrepreneurs in our Bogotà sample face significant challenges in improving
their psychological wellbeing and economic livelihoods. As in our Ethiopia setting, many individuals tend
to envision a vague, distant, and positive future, but avoid planning for it and struggle to identify concrete
steps to move forward.

E.2 Intervention and Experimental Design
The experiment in Colombia evaluates whether integrating GME into standard economic support programs
can enhance their effectiveness for vulnerable populations. Accordingly, our design randomly assigns eligible
applicants into two main treatments: a traditional business training (“traditional training”) and a business
training plus GME (“GME treatment”). To explore the net effect of receiving a program, we also randomly
assign part of the sample to a no intervention group, which does not receive any training (“control”). Given
restrictions in government funds, we assigned 956 participants to the GME treatment (48 percent), 558 to
the traditional treatment (28 percent) and 453 to the control (23 percent). Figure 2 in the main body of
the paper illustrates our design using a Consolidated Standards of Reporting Trials (CONSORT) chart.

Treatment assignment was stratified by subdivision, sex, age, entrepreneurship status (having an existing
business, an idea or both), sales for business owners or income for people without a business.38

A key challenge was designing both treatment arms to be nearly identical, differing only in the inclu-
sion of GME exercises. Both training programs consisted of ten three-hour sessions covering the same
entrepreneurship themes in the same order. The sessions followed the journey of an aspiring entrepreneur,
with themes including product development, customer experience, marketing, competition, savings, finance,
productivity, and employee management.39 In both curricula, we motivated the relevance of the content of
each session through relatable real-life stories.

Both treatment arms also had an identical delivery format. Both curricula were implemented in weekly
group sessions, with class sizes of 15 to 25 participants and venues available in the same neighborhoods
across Bogotá. Two trainers led each session: one with expertise in psychology or social work, and the
other in entrepreneurship. To minimize the impact of trainer heterogeneity, trainers were required to follow
a standardized scripted manual and presentation deck prepared by the research team. All trainers were
recruited through the same call using a well-defined selection criteria. Trainers received over three weeks
of training. They also rehearsed before each week’s session in group workshops led by four supervisors who

38Participants living in the same address and formerly homeless affiliated with the same shelter were assigned to
the same treatment status to avoid spillovers. For our analysis, we aggregate the data to household/center level.

39The curricula drew on materials from existing entrepreneurship training programs, including the International
Labour Organization’s Start and Improve Your Business program.
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had co-designed and piloted the curricula together with the research team. For all activities, trainers were
kept separate by treatment arm. Participants who attended at least seven sessions received a certificate.
Both programs were implemented by the local government of Bogotá, specifically the District Department
of Social Integration (SDIS) and District Department of Economic Development.

The key feature that distinguishes the GME training from the traditional one is the inclusion of three to four
mental experiencing exercises in each session. In the traditional curriculum, we replace the GME exercises
with group discussions, role plays and written work of the same content and time length. For example, in
the GME curriculum, participants were encouraged to imagine their product or service in detail and how
they felt towards the product, before imagining the day in the life of their business and noting the emotions
that arise. In contrast, participants in the traditional curriculum were asked to think about their product
and write down the ways in which their business idea matches their passions and skills.40

The design of the entrepreneurship training was informed by extensive qualitative data collection in our
sample. We also incorporated ongoing feedback from various government ministries throughout the curricu-
lum development process. Key collaborators included the lead psychologist team at the National Victims
Unit (Unidad para las Víctimas), the High Council for the Rights of Victims, Peace, and Reconciliation
(Alta Consejería para los Derechos de las Víctimas, la Paz y la Reconciliación), and the National Training
Service (Servicio Nacional de Aprendizaje).

E.3 Timeline of Activities and Data Collection
The intervention was delivered in two waves, the first taking place from July to September 2019 and the
second from September to December 2019. Figure E1 shows the timeline of the intervention and data
collection. We conducted an extensive qualitative study and two pilots to refine the curriculum and RCT
design in the year prior to implementation. Before starting the training within both waves, we first screened
interested applicants to determine eligibility, randomized eligible participants into the three treatment arms
and conducted a baseline survey. For participants in both waves, we conducted the first follow-up phone
survey 6 to 8 months and the second follow-up phone survey 12 to 14 months after the end of the training
program. We had originally scheduled an in-person follow-up survey for early March 2020, but it was
cancelled in response to the Covid-19 pandemic and the stringent nationwide lockdown in Colombia. Thus
we had to change plans and implemented two phone surveys commencing in May and November 2020.

Given the sensitive context and vulnerability of the population, we used surveyors from Innovations for
Poverty Action (IPA) Colombia, an independent nonprofit research organization. IPA Colombia communi-
cated to respondents that they were conducting a survey on entrepreneurs in Bogotá in collaboration with
the local government partner. We needed to cite our government partner to encourage participation in a
context with some of the lowest trust rates globally, but there was no mention of the program itself. All
respondents were compensated COP $10,000 ($2.8) for their time, irrespective of whether they completed
the survey.

E.4 Balance, Take up, and Attrition
Balance
Table E1 shows that treatment assignment is balanced on observables in the sample who accepted to
participate in the training, which is the one used for the analysis, but balance also holds for the full sample
of randomized participants. We fail to reject the null of a joint orthogonality test of the significance of all
the variables shown in Table E1 on treatment assignment (F(15,1818)=0.65, p=0.83).

40As a second example, in the GME group participants imagined their product or service from the perspective
of their target customer, using empathy to understand customer needs. In contrast, the traditional training asked
participants to complete a table summarizing customer needs and listing how their product addressed them.
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Take-Up
The take up of each treatment group is substantial, with about 67% of individuals attending at least
one session in the GME training across both waves, conditional on confirming attendance. By way of
comparison, attendance rates in the McKenzie and Woodruff (2014) review of business training programs in
developing countries range from 39 to 92%, with a mean of 64%. Of those attending at least one session, 48%
attended seven or more of the ten sessions in the GME treatment and qualified for a certificate. Similarly,
63% attended at least one session in the traditional training across both waves. Of those attending at
least one session, 53% attended seven or more sessions in the traditional training. Take up rates are 58%
and 55% in the GME and traditional group, respectively, if we do not condition on confirmed attendance.
Our sample is highly resource-constrained and mobile. In collaboration with our government partners, we
developed several strategies to maximize compliance among those who were randomized to both training
treatments. For instance, participants were assigned to venues that matched their location preferences
to the best extent possible. Our supervisors ensured that participants were reminded on a weekly basis
over WhatsApp groups, text messages and phone calls. Participants who attended seven or more sessions
received a certificate signed off by the government partner (SDIS) and the World Bank, and invited to
attend a graduation ceremony in the case of the second wave.

Additionally, Table E2 shows which baseline characteristics are correlated with take up. We find that older
people, those who have a business and with had a larger number of traumatic experiences are more likely to
participate in at least one session, while women and people with stronger trauma symptoms and/or distress
are less likely to take-up the training.

Attrition
We surveyed 74% of all participants in our first follow-up survey and 63% of participants in our second follow-
up survey. Table E3 shows that selection into the surveys is related with a few observable characteristics.
For instance, participants with a slightly higher income before the training are less likely to participate in
the follow-up surveys than their peers with lower pre-intervention income. Individuals who took part to the
baseline survey or attended more sessions of the training are more likely to also participate in the follow-up.

When testing whether attrition is differential across treatment groups, we find that participation in both
the midline and endline surveys is the same between participants from our GME and traditional training
groups. 76% and 75% of participants from our GME and traditional training groups responded to our
midline survey, and 64% and 65% participated in the endline survey, respectively. However, 70% and
57% of the no-intervention group participants were interviewed in the first and second follow-up surveys,
respectively. Overall, the likelihood of replying to any of the two follow-up surveys is 4 percentage points
lower in the control than any of the other two treatment arms (statistically significant at the 10%).

Despite this small difference in response rate between the training arms and the control, Table E4 shows
that the observable characteristics of participants in the midline or endline are balanced between treatment
groups. This is reassuring evidence that, on observables, the samples of respondents look similar across
treatment arms. In our PAP reports (linked in Section 4), to further deal with attrition, we use Lee Bounds
to correct for differential attrition between the treatments and the control.

E.5 Measurement and Construction of Outcome Variables
This section provides further details on the construction of the main outcomes, following the structure and
definitions specified in our PAP. We comment below on specific cases in which an outcome was included in
our pre-analysis, but it is shown among the “secondary” outcomes in the paper.

We collected three families of primary outcomes: mental simulation, economic outcomes and psychological
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resilience. We construct our indices within each family following Kling et al. (2007): (i) all variables are
first consistently signed (e.g. higher value associated with higher ability or welfare); and (ii) each compo-
nent of the index is then standardized by subtracting the control group mean and dividing by the control
group standard deviation. In the case where there are multiple subscales, we take two additional steps: (iii)
the sum of the standardized components is taken and (iv) the sum is standardized again using the control
group mean and standard deviation. For the psychological scales, we first sum the individual response items
within a scale prior to standardizing the indices. We provide details on the construction of the outcome
variables for each family in the following paragraphs.

Mental Simulation

Our overall mental simulation index is constructed from an adapted version of the Spontaneous Use of
Imagery Scale (Reisberg et al., 2003) and the Prospective Imagery Task (MacLeod et al., 1993; Stöber,
2000; Holmes et al., 2008). Our overall index of mental experiencing quality combines three indices:

1 Frequency of use. The scale consists of eight statements designed to assess the propensity of an
individual to use mental simulation in either business-related or non-business scenarios. For example,
we ask respondents to consider “When I need to go to a meeting, I picture the route in my mind
before going”, and state the extent to which they agree on a Likert scale from 1 to 5. We build one
index on the frequency of use of mental simulation from this scale.

2-3 Specificity and emotionality. The scale asks respondents to imagine three positive and three negative
scenarios, either related to their business or not. For example, respondents are asked to imagine a
scenario in which “the COVID-19 pandemic is over, and you are struggling to make ends meet” or
“the COVID-19 pandemic is over, and your business is doing well”. Respondents are then asked to
assess the vividness and emotional intensity associated with each image. We build two indices from
this scale: one for specificity, and one for emotionality (both on a scale from 1 to 5).

Details about the questions used in our scales are reported in Table E5.

Economic Outcomes

We distinguish between two time periods: (1) economic activity prior to the Covid-19 induced lockdown (i.e.
before 24 March 2020) and (2) economic activity during the lockdown. All the main continuous variables
in this family (i.e., income, revenues, savings, hours and funding) are winsorized at the 99th percentile and
transformed using an inverse hyperbolic sine transformation.

For the pre-COVID period, we have two main measures of economic outcomes, both based on participants’
recall of the months prior to the national lockdown:

• Business status: this is a dummy equal to one if the person had a business pre-COVID, and 0
otherwise.

• Earnings: this is an index which includes sales and take-home income, conditional on owning a
business, or simply take-home income if no business exists at the time of the survey. We ask about
income in a typical week in the month prior to the start of the lockdown, and about the best month
of sales in the six months prior to the start of the lockdown.

For the period during COVID-19, we construct our outcomes as follows:

• Business status: this is a dummy equal to 1 if the person has a business which is NOT permanently
closed, 0 if the person has no business or the business has permanently closed (since March 2020);
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• Earnings: this index is constructed as the one for the pre-COVID period, but refers to the sales in
the month prior to the survey and the income in the week before;

• Investment: this index measures whether a person acquired a new asset or significantly improve an
existing asset for their business, out of a given list of possible investment categories. This index does
not clearly distinguish between the pre-COVID and COVID period;

• Savings and Perceived Safety nets: we measure savings in the pre-Covid period and an index of
perceptions of informal support networks during the pandemic (perceived safety nets). These per-
ceptions include whether the respondent thinks to have enough savings for the first two months of
the lockdown, whether they would be able to easily obtain 200,000 pesos within the next month and
whether they have enough cash to cover expenses for the following week.

• COVID19 Mitigation: this index tries to capture how entrepreneurs adapt their business to the
pandemic and the associated government restrictions. This index includes two sub-indices. One
sub-index is for the behavioral response that people had to COVID-19 pandemic, for instance we ask
participants whether they set up a safe work environments, identified alternative supply chains or
diversified their products. The other sub-index is for “safe” working hours, defined as the proportion
of total hours worked during which social distancing, frequent hand washing, the use of face masks
or home working were adhered to.

To reflect our theoretical framework, we include investment, savings, perceived safety nets and
COVID19 mitigation among “secondary outcomes” in the paper.

Psychological resilience
We explore whether the treatment has effects on mental well-being during the pandemic by building two
indices.

The first index reflects psychological distress, as measured by the Kessler K6 non-specific distress scale
(Kessler et al., 2002).

The second index captures psychological resilience, defined as the ability to respond well in the face of
adversity. We use three scales for this index: the Brief Resilient Coping Scale (Sinclair and Wallston,
2004), and adapted subset of statements from the Brief Resilience Scale (Smith et al., 2008) and a Self-
efficacy scale (Chen et al., 2001).

To reflect our theoretical framework, we include psychological resilience (called “self-efficacy”) among “sec-
ondary outcomes” in the paper.

E.6 Cost Effectiveness and Scalability
Table E6 provides more detailed data on program costs, following the J-PAL costing template for cost-
effectiveness analysis. Dividing the total cost by actual beneficiaries (who took up at least one session of
either the GME or traditional training interventions) results in average costs of USD 532 per beneficiary.
We report the costs to deliver the program to the beneficiaries that took up the program. We estimate the
marginal costs to deliver the program to an additional beneficiary to be approximately USD 146, though
we caution that specific features of the implementation infrastructure may not scale up linearly.

A key aspect of scalability in Colombia is the ability to deliver the program through non-specialized trainers
and in a group-based settings. We believe that the program can be scaled up within the programming of
governments and development partners. In novel contexts, the effectiveness of GME will likely hinge on
carefully adapting the GME exercises to the specific situation faced by the population of interest. This
can be done through qualitative work in collaboration with mental health professionals and other relevant
experts.
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E.7 Figures and Tables
Figure E1. Timeline of Implementation and Data Collection

Notes: This figure illustrates the timeline of data collection and intervention delivery for the Colombia trial. The baseline
survey and intervention were conducted in two separate waves in July-September 2019 and September-December 2019.
Participants in both waves were invited to the follow-up surveys in 2020.
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Table E1. Colombia: Baseline Balance in Analysis Sample

(1) (2) (3) (4) (5) (6)
Means Pairwise differences

Variable GME Traditional Control GME-Trad GME-C Trad-C

Demographics
Female 0.574 0.579 0.571 -0.006 0.003 0.008

(0.495) (0.494) (0.496) (0.847) (0.934) (0.809)
Age (18-28) 0.591 0.573 0.629 0.019 -0.038 -0.056*

(0.492) (0.495) (0.484) (0.522) (0.201) (0.090)
Age (29-45) 0.245 0.249 0.272 -0.004 -0.027 -0.023

(0.431) (0.433) (0.446) (0.869) (0.312) (0.443)
Age (46-59) 0.096 0.119 0.094 -0.024 0.002 0.025

(0.294) (0.325) (0.292) (0.197) (0.927) (0.224)
Years of Education 13.157 13.035 13.366 0.122 -0.209 -0.331

(3.315) (3.590) (3.135) (0.587) (0.333) (0.189)

Business and assets
Only Business Owner 0.245 0.245 0.236 0.000 0.009 0.009

(0.431) (0.431) (0.425) (0.995) (0.724) (0.757)
Only Have a Business Idea 0.477 0.477 0.494 -0.000 -0.017 -0.017

(0.500) (0.500) (0.501) (0.987) (0.569) (0.621)
Have Business and Business Idea 0.278 0.275 0.270 0.002 0.008 0.006

(0.448) (0.447) (0.444) (0.924) (0.764) (0.853)
Income ≤ min wage 0.665 0.677 0.641 -0.011 0.024 0.036

(0.472) (0.468) (0.480) (0.679) (0.398) (0.265)
Income > min wage 0.238 0.221 0.248 0.016 -0.010 -0.027

(0.426) (0.416) (0.432) (0.502) (0.688) (0.349)
Assets Owned 11.661 11.894 11.835 -0.233 -0.175 0.058

(3.839) (3.962) (3.782) (0.354) (0.498) (0.841)
Household Size 3.452 3.609 3.650 -0.157 -0.197* -0.041

(1.506) (1.607) (1.713) (0.120) (0.077) (0.745)
Save Monthly (Y/N) 0.549 0.535 0.580 0.014 -0.031 -0.045

(0.498) (0.499) (0.494) (0.661) (0.359) (0.230)
Had Access to Credit (Y/N) 0.153 0.150 0.138 0.003 0.015 0.012

(0.360) (0.358) (0.345) (0.909) (0.531) (0.644)

Trauma and mental health
Number of Traumatic Events 2.247 2.342 2.308 -0.090 -0.056 0.040

(2.330) (2.367) (2.539) (0.513) (0.710) (0.812)
High Trauma Symptoms (IES > 33) 0.242 0.228 0.231 0.014 0.010 -0.004

(0.429) (0.420) (0.422) (0.609) (0.718) (0.912)
Trauma Symptoms (IES) 17.645 17.142 17.785 0.503 -0.140 -0.643

(22.273) (22.005) (20.958) (0.724) (0.923) (0.691)
Distress Score (Kessler) 13.098 13.187 13.138 -0.090 -0.040 0.050

(4.102) (3.980) (3.970) (0.728) (0.882) (0.868)
Observations 795 461 415 1,257 1,211 877

Notes: The table presents a balance test at baseline for all three treatment arms, considering only the sample of people who
accepted to participate in the training (i.e. our analysis sample as specified in our PAP). Columns 1, 2, and 3 show the mean
and standard errors for the GME treatment, traditional treatment, and control groups, respectively. The following 3 columns
show the differences between treatment arms. * p<0.10, ** p<0.05, *** p<0.01. “Income ≤ min wage” indicates that the
respondent was earning less on a monthly basis than the Colombian minimum wage at the time of eligibility screening for
the project. “Assets Owned” is a variable which counts the number of assets that the person owns (out of a given list).
The number of traumatic events is calculated using a contextually-relevant trauma history checklist. Trauma symptoms
are measured using the Impact of Event Score Revised scale. The “Distress score” is a measure of anxiety, depression and
general distress computed using the Kessler K-6 scale.
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Table E2. Colombia: Intervention Take-up

(1) (2) (3)
Variable No Take-up Take-up Difference

Demographics
Female 0.611 0.553 -0.058**

(0.488) (0.497) (0.028)
Age (18-28) 0.623 0.565 -0.058**

(0.485) (0.496) (0.027)
Age (29-45) 0.255 0.236 -0.020

(0.436) (0.425) (0.397)
Age (46-59) 0.070 0.124 0.054***

(0.255) (0.330) (0.001)
Years of Education 13.019 13.111 0.091

(3.656) (3.362) (0.675)

Business and assets
Only Business Owner 0.221 0.261 0.039*

(0.415) (0.439) (0.084)
Only Have a Business Idea 0.522 0.464 -0.058**

(0.500) (0.499) (0.030)
Have Business and Business Idea 0.257 0.274 0.017

(0.437) (0.446) (0.465)
Income ≤ min wage 0.650 0.677 0.027

(0.477) (0.468) (0.286)
Income > min wage 0.244 0.233 -0.011

(0.430) (0.423) (0.641)
Assets Owned 11.654 11.759 0.105

(3.918) (3.863) (0.661)
Household Size 3.600 3.486 -0.114

(1.659) (1.518) (0.250)
Save Monthly (Y/N) 0.523 0.551 0.028

(0.500) (0.498) (0.363)
Had Access to Credit (Y/N) 0.146 0.154 0.008

(0.354) (0.361) (0.723)

Trauma and Mental Health
Number of Traumatic Events 1.875 2.421 0.546***

(2.390) (2.274) (0.000)
High Trauma Symptoms (IES>33) 0.275 0.217 -0.059**

(0.447) (0.412) (0.029)
Trauma Symptoms (IES) 20.269 16.296 -3.974***

(24.340) (21.157) (0.006)
Distress Score (Kessler) 13.776 12.834 -0.941***

(4.607) (3.797) (0.000)
Observations 615 806 1,854

Notes: The table presents characteristics of participants that attended at least one session of the intervention (Column 2)
and those that did not (Column 1). Columns 1 and 2 show the mean and standard errors for each group. Column 3 shows
the difference between both groups, with significance indicated as follows: * p<0.10, ** p<0.05, *** p<0.01. Variables are
defined in the note to table E1.

23



Learning to See the World’s Opportunities Supplementary Materials: Experimental Context

Table E3. Colombia: Survey Attrition at Midline and Endline

(1) (2) (3) (4) (5) (6)
Participated in Midline Participated in Endline

Variable No Yes Diff No Yes Diff
Treatments

GME Treatment 0.446 0.485 0.039 0.457 0.486 0.029
(0.498) (0.500) (0.177) (0.499) (0.500) (0.257)

Traditional Treatment 0.273 0.277 0.003 0.263 0.283 0.019
(0.446) (0.447) (0.897) (0.441) (0.450) (0.394)

Control 0.278 0.239 -0.039 0.278 0.232 -0.047**
(0.449) (0.427) (0.122) (0.449) (0.422) (0.038)

Baseline Participation 0.672 0.866 0.194*** 0.716 0.875 0.159***
(0.470) (0.341) (0.000) (0.451) (0.330) (0.000)

Total Attendance 2.407 3.756 1.350*** 2.577 3.892 1.315***
(3.241) (3.699) (0.000) (3.250) (3.752) (0.000)

Wave 1 Participant 0.359 0.317 -0.042 0.318 0.332 0.014
(0.480) (0.466) (0.126) (0.466) (0.471) (0.549)

Demographics
Female 0.585 0.571 -0.014 0.558 0.584 0.026

(0.493) (0.495) (0.613) (0.497) (0.493) (0.311)
Age (18-28) 0.593 0.596 0.003 0.619 0.583 -0.036

(0.492) (0.491) (0.908) (0.486) (0.493) (0.146)
Age (29-45) 0.276 0.246 -0.031 0.241 0.259 0.018

(0.448) (0.431) (0.231) (0.428) (0.439) (0.417)
Age (46-59) 0.058 0.115 0.058*** 0.082 0.113 0.031**

(0.234) (0.320) (0.000) (0.274) (0.316) (0.037)
Years of Education 13.794 13.021 -0.772*** 13.483 13.034 -0.449**

(3.390) (3.329) (0.001) (3.338) (3.353) (0.022)
Business and assets

Only Business Owner 0.198 0.257 0.058** 0.221 0.255 0.034
(0.399) (0.437) (0.013) (0.415) (0.436) (0.119)

Only Have a Business Idea 0.485 0.480 -0.005 0.474 0.485 0.010
(0.500) (0.500) (0.863) (0.500) (0.500) (0.688)

Have Business and Business Idea 0.317 0.262 -0.054** 0.304 0.259 -0.045*
(0.466) (0.440) (0.040) (0.461) (0.439) (0.053)

Income ≤ min wage 0.580 0.688 0.108*** 0.616 0.688 0.072***
(0.494) (0.463) (0.000) (0.487) (0.464) (0.003)

Income > min wage 0.289 0.219 -0.070*** 0.270 0.217 -0.053**
(0.454) (0.414) (0.006) (0.445) (0.412) (0.016)

Assets Owned 12.328 11.632 -0.697*** 12.209 11.572 -0.637***
(4.005) (3.813) (0.010) (4.021) (3.771) (0.006)

Household Size 3.278 3.608 0.330*** 3.431 3.593 0.162*
(1.544) (1.592) (0.002) (1.606) (1.577) (0.083)

Save Monthly (Y/N) 0.539 0.555 0.016 0.563 0.548 -0.015
(0.499) (0.497) (0.635) (0.497) (0.498) (0.597)

Had Access to Credit (Y/N) 0.161 0.146 -0.015 0.138 0.153 0.015
(0.368) (0.353) (0.535) (0.345) (0.360) (0.460)

Trauma and mental health
Number of Traumatic Events 1.559 2.515 0.956*** 1.826 2.538 0.712***

(2.016) (2.455) (0.000) (2.184) (2.463) (0.000)
High Trauma Symptoms (IES>33) 0.207 0.242 0.036 0.225 0.240 0.014

(0.406) (0.429) (0.203) (0.418) (0.427) (0.558)
Trauma Symptoms (IES) 15.369 18.063 2.694* 16.911 17.812 0.901

(21.283) (21.994) (0.066) (21.663) (21.975) (0.481)
Distress Score (Kessler) 13.246 13.105 -0.141 13.249 13.081 -0.169

(4.130) (4.012) (0.615) (4.056) (4.025) (0.476)
Observations 399 1,273 1,672 589 1,083 1,672

Notes: The table shows observable differences between people who participated or not in the midline survey (Columns 1,
2 and 3) and endline survey (Columns 4, 5 and 6). Columns 1, 2 and 4, 5 show means and standard errors, while Columns
3 and 6 show differences in means and their standard errors. * p<0.10, ** p<0.05, *** p<0.01. Variables are defined in the
note to table E1.
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Table E4. Colombia: Differences across Treatments in the Baseline Characteristics of Respondents
at Midline and Endline

(1) (2) (3) (4) (5) (6)
Midline differences Endline differences

Variable GME-Trad GME-PC Trad-PC GME-Trad GME-PC Trad-PC

Demographics
Female -0.044 -0.013 0.030 -0.038 -0.027 0.011

(0.187) (0.705) (0.432) (0.283) (0.474) (0.794)
Age (18-28) 0.031 -0.001 -0.031 0.061* -0.013 -0.074*

(0.352) (0.983) (0.416) (0.088) (0.737) (0.080)
Age (29-45) -0.026 -0.049 -0.023 -0.018 -0.047 -0.029

(0.366) (0.108) (0.498) (0.564) (0.166) (0.442)
Age (46-59) -0.033 -0.011 0.021 -0.050** 0.009 0.059**

(0.139) (0.605) (0.413) (0.042) (0.685) (0.033)
Years of Education -0.129 -0.184 -0.055 0.003 -0.235 -0.237

(0.600) (0.449) (0.845) (0.992) (0.384) (0.444)

Business and assets
Only Business Owner -0.003 0.021 0.024 -0.003 0.020 0.022

(0.912) (0.492) (0.479) (0.927) (0.555) (0.544)
Only Have a Business Idea 0.012 -0.022 -0.034 -0.006 -0.009 -0.003

(0.715) (0.533) (0.384) (0.869) (0.814) (0.942)
Have Business and Business Idea -0.006 0.001 0.007 0.012 -0.010 -0.023

(0.836) (0.972) (0.835) (0.699) (0.758) (0.547)
Income ≤ min wage -0.010 0.014 0.025 0.038 0.012 -0.026

(0.744) (0.659) (0.501) (0.257) (0.729) (0.517)
Income > min wage 0.018 0.005 -0.013 -0.019 0.006 0.025

(0.514) (0.867) (0.686) (0.525) (0.854) (0.481)
Assets Owned -0.333 -0.217 0.117 -0.204 -0.156 0.048

(0.227) (0.448) (0.717) (0.488) (0.609) (0.888)
Household size -0.132 -0.232* -0.100 -0.111 -0.199 -0.088

(0.233) (0.070) (0.483) (0.345) (0.153) (0.564)
Save Monthly (Y/N) 0.017 0.002 -0.015 0.022 -0.012 -0.033

(0.632) (0.955) (0.723) (0.569) (0.778) (0.463)
Had Access to Credit (Y/N) 0.003 0.013 0.009 -0.011 0.001 0.013

(0.893) (0.628) (0.750) (0.682) (0.960) (0.696)

Trauma and mental health
Number of Traumatic Events -0.104 -0.084 0.020 -0.095 -0.112 -0.017

(0.522) (0.637) (0.919) (0.584) (0.567) (0.938)
High Trauma Symptoms (IES>33) 0.012 0.012 0.001 0.012 0.002 -0.010

(0.706) (0.705) (0.982) (0.705) (0.953) (0.792)
Trauma Symptoms (IES) 0.046 -0.403 -0.448 0.109 -0.561 -0.670

(0.977) (0.807) (0.809) (0.949) (0.753) (0.734)
Distress Score (Kessler) -0.271 -0.120 0.150 -0.184 -0.085 0.099

(0.348) (0.692) (0.659) (0.544) (0.801) (0.788)
Observations 969 921 656 832 777 557

Notes: The table shows pairwise differences in means for baseline variables between each treatment group at midline
(Columns 1, 2 and 3) and endline (Columns 4, 5 and 6). * p<0.10, ** p<0.05, *** p<0.01. Variables are defined in the
note to table E1.
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Table E5. Measurement: Mental Simulation

Mental Experiencing Questions
Indexes Question(s)

Frequency of use “On a scale of 1 to 5, how much do you agree with this statement?”, where numbers 1 to 5 meant respectively: Strongly
disagree; Disagree; Neither agree nor disagree; Agree; Strongly agree. The statements used were as follows:

• When I need to go to a meeting, I picture the route in my mind before going.
• When I think about a customer using my product or service, I imagine the customer’s experience through pictures
and sensations in my mind.
• When I think about the day ahead, I create mental pictures of all the tasks I must do.
• When I am faced with difficult situations, I mentally experience the actions I could take and the consequences of
those actions before reacting.
• When I think about the type of business I want to have, I live the experience of running that business in my mind.
• When I feel overwhelmed, I find a mental place or time where I feel safe and calm.
• When someone is upset with me, I live that person’s experience in my mind to understand what might have caused
the situation.
• When I buy an asset for my business, an image of owning the asset pops up in my mind before buying it.

Emotionality and Specificity Now I am going to ask you to imagine a couple of scenarios. When you imagine each one of them, please close your
eyes, and let me know when you are done imagining it. Afterwards, I will ask you questions about the image.

Question on emotionality. For each of the following scenarios, “What is the intensity of the emotion produced in you
by this image?. Use a scale from 1 to 5 where 1 means ”no emotion at all”, 2 ”little, but weak emotions”, 3 ”moderate
emotions”, 4 ”strong emotions” and 5 ”extremely strong emotions”.”

Question on specificity. For each of the following scenarios, “Using a scale for the mental image where 1 means ”no
image at all”, 2 means ”vague and dim”, 3 means ”moderately clear and vivid”, 4 means ”reasonably clear and vivid”
and 5 means ”perfectly clear and vivid”, how detailed is this image from 1 to 5?”

• I want you to imagine that the COVID-19 pandemic is over, and you save enough money to buy an asset you really
want.
• I want you to imagine the COVID-19 pandemic is over and you spend quality time with your family and friends.
• I want you to imagine that the COVID-19 pandemic is over, and your business is doing well.
• I want you to imagine that the COVID-19 pandemic is over, and you are struggling to make ends meet.
• I want you to imagine that the COVID-19 pandemic is over, and you have had a serious disagreement with someone
close to you.
• I want you to imagine that the COVID-19 pandemic is over and your business closes.

Table E6. Colombia: Detailed Cost Estimates

Category Costs (USD) Comments

Program administration and staff costs 295,615 Project steering and coordination.
Staff time of project manager, supervisors and trainers.

Targeting costs 15,633 Community outreach campaign and application screening
Staff training 7,036 Training venues and materials; back-up trainers
Participant training 46,200 Training venue hire and materials

Implementation and program material costs 50,653 Production of curriculum materials and implementation
of training, incl. graduation ceremony and fair

User costs 13,291 Transport subsidy
Averted costs none
Monitoring costs none
Total program costs 428,429
Notes: The table presents a detailed cost estimates following the J-PAL costing template for cost effectiveness analysis. We
assume a COP/USD exchange rate of 3403 and 2019 costs are adjusted to 2022 USD using a CPI-based inflation adjustment
factor of 1.169, derived from the World Bank WDI database. See www.povertyactionlab.org/resource/conducting-cost-
effectiveness-analysis-cea for more details on the template.
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