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I. Overview

This is a pre-analysis plan for the randomized evaluation of the Girls Inc. EmpowerHub program.
We begin with the motivation for the program and the randomized evaluation in Section II. Section
III lays out the target population, recruitment strategies, and eligibility criteria. Section IV describes
our planned data sources, and Section V defines our primary and secondary outcomes. In Section
VI, we present and discuss our power calculations relative to observational evidence and related
studies. Finally, our empirical strategy is laid out in Section VII.

II. Background
The healthy development of social-emotional skills, including behavioral and emotional

regulation, leadership, decision-making, self-esteem, and relationship-building, is important for
children’s present and future well-being and success. For instance, behavioral and emotional
self-regulation allow youth to relate healthily to others in the present, explore their own interests and
aspirations, and promote healthy social functioning in adulthood (Pulkkinen et al., 2002). Middle
school is a pivotal time in youth development. Youth are living through a mental health crisis, where
anxiety, depression, suicide have reached startingly high rates (Office of the Surgeon General, 2021).
During early adolescence, youth develop a sense of personal identity through autonomous decision
making and goal-setting, and benefit from the exploration of these questions in a safe social
environment with positive guidance (Wong et al., 2010). However, many middle school students do
not receive adequate emotional support. Suicide rates fall when school is not in session, whether for
summer break or during COVID-19 disruptions (Hansen et al., 2024). Meanwhile, chronic
absenteeism remains at an all time high (Mervosh and Parish, 2024) and school enrollment has failed
to recover to pre-pandemic levels (Burtis et al., 2024). School engagement can be a challenge,
particularly for low-income students attending urban public schools.

An in-school counseling program for high school girls in Chicago led to mental health
benefits, decreasing PTSD symptoms, depression, and anxiety (Bhatt et al., 2023). Girls Inc.’s
EmpowerHub offers a similar potential solution catered toward the specific needs of middle school
girls in Indianapolis communities, incorporating elements of mentorship, social-emotional learning
SEL), and academic support. Adolescents’ later academic and economic success depends on social
factors in addition to early educational investments, particularly for under-resourced communities.



A range of youth programs have been implemented across the United States, displaying
varying degrees of recorded effectiveness. Prior studies show positive findings on the effectiveness
of youth programs, including those incorporating mentorship (Falk et. al, 2020; Resnjanki et al.,
2021; Zimmerman et. al, 2018), social-emotional learning (Battistich et. al, 2004; Crean and Johnson,
2013), and trauma-informed therapy (Bhatt et al., 2023). Other studies of programs incorporating
mentoring high-risk populations find no consistent program effect for school grades, test scores,
on-time graduation (Maxfield et al., 2003; Heppen et al., 2018), school engagement (Guryan et. al,
2021), risky behaviors (Rodriguez-Planas, 2012; 2017), or student well-being and behavior (Berry et.
al, 2016). This study seeks to determine the impact of EmpowerHub–which is uniquely in-school,
focuses on middle school girls, and draws upon both SEL and mentorship–not only behavioral
outcomes, but also school engagement and academic achievement. This study will inform Girls Inc.,
IPS, and the greater academic community about the effectiveness of girl-centered comprehensive
programming for middle school students. If this study shows that EmpowerHub has a positive
effect on the identified outcomes for participants, it can be used as evidence to secure further
funding or legislation to expand services to benefit more youth.

III. Evaluation Design

A. Research Questions
What is the impact of EmpowerHub on academic performance in terms of grades, school
attendance, homework completion, and disciplinary outcomes?

B. Eligibility
Students are eligible to enroll if they (1) attend one of Girls Inc.’s seven IPS partner schools, (2) are
in sixth grade, and (3) identify as a girl. Eligibility will be determined by baseline surveys at the seven
middle schools in which EmpowerHub will run. A child interest form will be administered to
children at informational presentations during lunch hours, and a parent/guardian application will be
administered at back-to-school events. Eligible children who provide assent and whose
parent/guardian provides parental consent will be enrolled in the study.

C. Randomization
In September 2024, the research team will randomize study participants into two equal groups,
treatment and control, by school, contingent on sufficient enrollment. Depending on program
capacity constraints, subsequent years may not have equal sized treatment and control groups. The
treatment group will be invited to begin EmpowerHub programming soon after randomization, and
the control group will continue attending standard in-school programming. EmpowerHub
participants will continue attending programming throughout middle school.

D. Intervention
The EmpowerHub program is delivered by trained program coordinators and is comprised

of three sections – Strong (health and wellness), Smart (academic readiness), Bold (civic



responsibility and leadership). The program is designed to be consistent across each program site.
EmpowerHub’s strategy encompasses a multifaceted approach that includes reinforcing academic
behaviors, fostering perseverance, cultivating positive mindsets, enhancing learning strategies, and
developing social skills, all integral to shaping well-rounded individuals and engaging students in
their own futures.

 This program focuses on non-cognitive factors such as academic behaviors, mindsets,
perseverance, learning strategies, and social skills. EmpowerHub’s curricular interventions are
strategically designed to develop non-cognitive skills shown by research to be critical in enhancing
students’ cognitive and emotional realms, thereby improving academic outcomes.Programmatic
components include mentorship from program coordinators, activities in STEM and arts, support in
building academic and life skills through goal setting and leadership training, and other engaging
sessions.

EmpowerHub operates within the school setting, taking place once per week during advisory
periods, with a focus on addressing middle school girls’ disengagement and academic
underperformance. The goal is to provide participants at each partnering location with 35-50 hours
of high-impact programming throughout the academic year. The EmpowerHub program will be
available to cohorts of 25-40 middle school girls at each of the seven participating IPS middle
schools. Students who are not in EmpowerHub–the control group and all other students not in the
study–will continue engaging in standard advisory period activities like teacher meetings and
homework time.

IV. Data Sources
A. Indianapolis Public Schools (IPS)

IPS holds administrative data for all students from the seven public middle schools participating in
EmpowerHub. We plan to use these records to verify eligibility prior to randomization and measure
the effect of EmpowerHub on a range of educational outcomes. Through a data sharing partnership
with IPS, the research team will pull academic outcomes for study participants from the
PowerSchool and Schoology platforms, as well as other administrative data collected by the school
system. The research team will also collaborate with IPS on their annual school climate
questionnaire, Panorama, that surveys students on emotional and social topics, and the responses of
study participants will be used for research purposes.

B. Girls Inc. of Greater Indianapolis
Girls Inc. surveys program applicants to collect information about their household structure and
parental education and income, which will allow us to document differences in program engagement
and outcomes by family background. Program records from Girls Inc. will provide engagement
measures including enrollee attendance to in-school programming, various outside events, and
program director interactions which will allow for descriptive work of the treatment and treatment
on the treated analysis. LEO has a data sharing agreement with Girls Inc.

V. Study Outcomes



EmpowerHub’s strategy encompasses a multifaceted approach that includes reinforcing academic
behaviors, fostering perseverance, cultivating positive mindsets, enhancing learning strategies, and
developing social skills, all integral to shaping well-rounded individuals and re-engaging students in
their future. That is why this evaluation will primarily focus on middle school educational outcomes
of participants, pulled from administrative data at IPS. We are also interested in examining the
effects of EmpowerHub on disciplinary and social outcomes.

A. Primary Outcomes
● Standardized GPA: cumulative GPA, normalized by the control group mean and standard

deviation at the end of year 1 within a given school
● We will combine outcomes into a standardized summary index or alternative summary

aggregated index (see, e.g. Rose et al, 2022), behavioral index:
○ Incident reports: Number of reported school incidents, suspensions, and detentions,

and an indicator for whether an incident occurred during the school year
○ Chronic absenteeism: indicator for whether participant has been chronically absent
○ Grade repetition: indicator for whether the student did not progress to the next

grade on time
○ Homework completion: cumulative rate of homework completion as reported by

school records

All of these outcomes will be measured at the end of a given school year.

B. Secondary Outcomes
● Aggregated and disaggregated standardized test scores: standardized test scores in ILearn

(math and ELA)
● Chronic absenteeism: indicator for whether participant has been chronically absent
● Grade repetition: indicator for whether the student did not progress to the next grade on

time
● Homework completion: cumulative rate of homework completion as reported by school

records
● GPA by subject category: standardized GPA broken into subject category
● Participation in other extracurricular and athletic activities: indicator for whether student

participates in other extracurricular and athletic activities outside of EmpowerHub
● School attendance rate: fraction of school days attended
● Full attendance: indicator for attending 94% or more of school days
● Disciplinary outcomes: number of school suspensions and detentions, and an indicator for

whether the participant had any suspensions or detentions during the school year
● Incident reports: Number of reported school incidents, and an indicator for whether an

incident occurred during the school year



● Social outcomes: collected at the end of the academic year, constructed from student
responses to a survey administered in schools by IPS with questions on self-efficacy and
belonging. We are collaborating with IPS on the survey content, so outcome construction
is dependent upon data availability and granularity.

VI. Statistical Power and Sample Size

We plan to enroll a study sample of approximately 1,050 individuals in the study over three years
(academic years 2024-25 to 2026-27), with approximately 40% of these assigned to the treatment
group (offered a spot in EmpowerHub), and expect a program take-up rate of around 80%. Because
full attendance (attending 94% or more of school days) is readily available rather than chronic
absenteeism (missing 10% or more of school days) for the schools we are studying, we report full
attendance for our power calculations. Based on school district data, 47.3% of students at the seven
participating schools attend school for at least 94% of school days. We are powered to detect a 10.42
percentage point change in full attendance, or a 22% increase.

For standardized outcomes in test scores and grades, we are powered to detect a 0.158 standard
deviation change between the control group and the treatment group.

VII. Empirical Strategy

A. Main Specification
Our primary specification estimates the impact of the offer to enroll in EmpowerHub or

intention-to-treat (ITT) effects of the program on outcomes. We will estimate ITT effects by OLS
using the following regression:
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preferred specification provided that observable baseline characteristics are shown to be balanced
across the treatment and control groups.

We will also estimate treatment effects conditional on control vector of baseline𝑋
𝑖

characteristics to account for any sampling variation in the composition of treatment and control
groups:
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school grades and test scores (where available), age, race, ethnicity, and household characteristics.
Standard errors will be clustered at the strata-level and we will also report permuted p-values for our
main outcomes.1

B. Treatment on Treated Specifications
In addition to the reduced-form estimates obtained in the equations above, we are also

interested in estimating the causal impact of EmpowerHub program participation, also known as the
treatment-on-treated (TOT) effect. To this end, we will estimate the TOT by instrumenting for program
participation with treatment assignment. Using a two-stage-least-squares approach (2SLS), we will
estimate the system:
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indicator for whether the individual received any programming as a part of EmpowerHub. This
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individual i was “actively engaged” throughout the first three years of middle school. Under
reasonable assumptions, captures the causal impact of enrollment and engagement in theβ

𝐷
𝑖

program on outcome . Note that this parameter equals the intent-to-treat parameter ( divided𝑌
𝑖

β
1
)

by the regression-adjusted take-up rate ( ).2π
We plan to enroll 1,050 students into the study over three years, with approximately 426 of

these in treatment and around 341 participating in the program. These numbers may vary depending
on the take-up rate for EmpowerHub; for example, if a higher than expected share of the treatment
group turns down the program, more students will need to be randomized into treatment in order to
fill the spots available in EmpowerHub.

In all models, we will use heteroskedasticity-robust standard errors.

2 This approach relies on the assumption that there was no average effect of being offered Thread enrollment
on those who did not take up the program and that the control group was not affected by losing the lottery
for the opportunity to enroll in the program.

1Our randomized design falls within the standard framework described in Athey et al. (2023). We will cluster standard
errors at the level that is most recommended at the time of our analysis. According to Athey et al. (2023), the “right”
level may even be at the individual level.



C. Treatment Effect Heterogeneity and Subgroup Analyses
Given that this study will recruit a broad range of students, the EmpowerHub program will

likely have different effects within different sub-groups. Understanding whether the program works
broadly, for some sub-population of policy interest, or is most beneficial for some surprising
sub-sample provides crucial information to governments on how they might scale this program in
the event of a positive finding.

The study will estimate the impact of EmpowerHub across several outcome categories and
subgroups. The research team is interested in determining whether the intervention is more effective
for certain populations relative to others. Our main sub-group analysis will explore heterogeneity of
treatment effects by baseline cognitive and non-cognitive measures prior to randomization. We will
use grades, standardized test scores, and other academic information prior to randomization to
predict baseline cognitive measures. Predicted non-cognitive measures will draw upon available
information on disciplinary outcomes, attendance, and grade repetition prior to randomization. If
these predictions have a low R2, we may instead explore heterogeneity by baseline grades and
attendance rates. We will split the sample at the median of a baseline indices discussed below, but will
also explore graph treatment effects across the distribution of each index (provided sufficient
statistical power).

● Baseline cognitive measures index: We will use grades and standardized test scores prior to
randomization to predict baseline cognitive/academic performance.

● Baseline non-cognitive measures index: We will use disciplinary outcomes, attendance,
homework completion, and grade repetition prior to randomization to predict baseline
non-cognitive traits.

● To measure the level of poverty and family resources at baseline, we will create a family
resources index: This index will consist of family structure, family income, parent/guardian
education level, family homelessness status, all measured at baseline.

● Racial congruence: We will use student and program coordinator race to investigate the
impact of same-race program coordinators on participant outcomes.

D. Exploring Heterogeneity using Machine Learning
We may draw on an emerging literature that leverages machine-learning methods to explore

heterogeneity of causal effects (Chernozhukov et al., 2018; Athey and Imbens, 2015, 2019; Davis
and Heller, 2017). This methodology will enable us to learn as much as possible from our data using
a disciplined and data-driven approach. Since the “state of the art” is still evolving, we cannot
commit to a particular approach at present. However, we plan to pre-specify our approach prior to
running this analysis and will interpret our results as suggestive.

E. Multiple Hypothesis Testing
Testing multiple hypotheses raises the likelihood that any one hypothesis is found to be

statistically significant purely by chance. We will supplement our results by reporting summary
indices that aggregate multiple outcome variables within a common outcome domain. Aggregation
not only improves the statistical power within a given domain but also vastly reduces the number of



hypotheses examined. This plan pre-specifies what data will be collected, primary and secondary
outcomes, the main specification, and subgroups of interest. By committing to a set of analyses in
advance, we avoid concerns about data-mining and specification searching, and credibly commit to a
few hypotheses that, together, comprise the central test of EmpowerHub’s model. Classic p-values
will be reported for all outcomes, which will provide a reader with full information that they can use
to make multiple hypothesis testing corrections if they desire. We will also conduct non-parametric
permutation tests and report permuted p-values for the main sets of analyses following Chetty et al.
(2016).3

3 This approach entails randomly re-assigning treatment status to students in the main sample and running the
main specification thousands of times to simulate a counterfactual distribution of T-statistics. Relative to this
counterfactual distribution, we can then compute permuted p-values as likelihood of observing our realized
T-statistic. The same approach can be applied to sets of hypotheses to calculate the likelihood of observing by
chance the magnitudes of treatment effects observed in the study.
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