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ABSTRACT
Despite decades of policy intervention to increase college entry amorigdome students, substantial
disparities in college participation by family income perdiatlicymakers have largely overlooked the
summer after high school as anpiantant time period istudentsO transition to colleget recent research
documents summer attrition rates ranging fromb¥0@ percent among students who had been accepted to
college and declared an intention to enroll in college as of high schookgiadlEncouragingly, several
experimental interventions demonstrate that studentsO postsecondary plans are quite responsive to
additional outreach during the summer months. Questions nonetheless remain about how to maximize the
impact and cosgffectivenss of summer support. Text messaging p@er mentor outreagirograms are
two promising approachdmthto inform students of collegeelated summer tasks and to connect them to
professionakupportwhen they need help. lthis paper we report ontwo large-scale randomized trials
we designed and implemented to investigate the role of technologypeed mentor outreacin
mitigating summer attrition and helping students enroll and succeed in cdledimd that an automated
and personalized text messagjicampaign to remind students of required college taskstantially
increasd collegeenrollmentin several of our intervention sitesith effects concentrated among students
who resided in communities with low levels of educational attainment anddbBegegoing supports;
students whagualified for free- or reducedprice lunch and students whose college plans were less
defined as of the end of higithool.We find that apeer mentor interventioimcreasedour-year college
enrollment, with effectsargest fomales and students witbssdefined college plans. At a cost of $7 per
participantfor the text message campaign and $80 per participant for the peer mentor caiopign
strategieBl and particularly the text outreabhare costeffective approdtes to increasecollege entry
among populationgaditionally underrepresentéa higher education.
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l. INTRODUCTION

Despite several decades of policy intervention to increasegeodierollment among losmcome
students, substantial inequality by income remains: 29 percent of youth from the lowest income quartile
enter college by the age of 25, compared with 80 percent of youth from the top income quartile (Bailey &
Dynarski, 2012).To date,policymakershave largely overlooked the summer after high school as an
important time period in studentsO transition to college. However, successful matriculation is contingent
on students completing a number of tasks during the summer. Sef¢hake tasks relate to studentsO
ability to finance their education, such as securing supplemental loans and setting up tuition payment
plans; others relate to studentsO ability to digest and respond to a considerable volume of college
correspondence, sh as academic placement test registration andaorpus housing forms. Many of
these tasks may be particularly challenging for-losome students who no longer have access to high
school guidance counselors, may not be familiar with support resourdledbkvat their intended college,
and whose families may lack college experience. As a result, students who have already surmounted
many obstacles to college enroliment and who would potentially earn high returns to postsecondary
education may nonethelefgsl to matriculate.

Several studies document surprisingly high summer attrition rates, up to 40 percent, among
students who had been accepted to and intended to enroll in college as of high school graduation
(Castleman& Page,forthcoming Daugherty, 2011 Matthews, Schooley& Vosler, 2011). Summer
attrition is particularly pronounced among limcome students and could explain a substantial portion of
the gap in college enroliment by socioeconomic status. Encouragingly, recent experivatgate
indicates that studentsO postsecondary plans are responsive to additional outreach during the summer. In
randomized trials conducted in Providence, Rl (Summer 2008) and Boston, MA and Fulton County, GA
(Summer 2011), high school counselors or commtmétyed financial aid advisors helped students
complete required summer tasks, at a cost of $100 to $200 per student. Students to whom counselors
offered additional support were 5 to 30 percent more likely to enroll in college, depending on the site and
student sufgroup (Castleman, Arnold, & Wartman, 2012; Castleman, Page, & Schooley, 2012).

The results of these studies suggest Huitional counselor outreach and support during the
summer months can increasalege enrolimenamong lowincome high school graduest Building from
this foundationquestions remaiabout how to reduce costs associated withducting student outreach
how to increase student takp of the offer of additionadssistanceand how to most effectively provide
students with higlguality and personalized information about collegpecific tasks and requirements,
since high school counselarften lackknowledge about financial aid and matriculation requirements.

During the summer of 2012, we collaborated wstwveral education agenciesdaa team of

researcher$o design implement and experimentally evaluateo separate interventiorte investigate



these issuesThe first intervention, implemented in fourbanschool districts, was a text messaging
campaign in whichwe sentrecent hi¢p school graduateand their parenta sé¢ of 8-10 text message
reminders of key tasks to complete oversbhenmer The reminders were customized to inform recipients
about the tasks necessary to be complatatie institutionwhere eachstudent intendedo enroll and
provided the option of requestirigllow-up assistancéom a counselor by responding to the message.
The second intervention was a peer mentor intervention, in wiggbartnered withboth a network of
charter schools and mon-profit organkation focusedn college affordabilityto hire and train college
students to reach out to colleggending high school graduates and support them in their transition to
college. The peer mentors provided encouragement andhdingt perspective on thelleme experience,
helped assess studentsO readiness to matriculate in ,caltegeonnected students to professional
counseling, when needed.

To preview our results, we find that in several of our intervention sitethe text message
intervention had aositive impact on whether students enrolled in coll€lege enrollment rates were
4 b7 percentage points higher among students who received the text messages in these groups relative to
their counterparts who did not receive messadbe effectswere concentrated among studentdo
resided in communities with low levels of educational attainment and few cagtdégg supports;
students whagualified for free or reducedprice lunch, and students whose college plans were less
defined as of the end d¢iigh schoal We do not find impacts of the text intervention in the intervention
site that had highest levels of educational attainment in the community and a high concentration of
collegegoing supports for studentEhe peer mentor interventioimcreasedour-year collegesnroliment
by 4.5 percentage points, with effects largest for males and students witlheli@sed college plans.

We organize the remainder tfe paper as followdn Section I} we review the literature relevant
to interventions aimedet improving college accessd succesdn Sectionlll, we describeour research
design, including the sites, data and sample for each intervention; the design of each intervention; and the
process of and timeline for randomization. $ectionlV, we presnt our results. InSectionV, we
conclude with a discussion of these findings and their implications for policy, practice, and further

research.

I1. LITERATURE REVIEW
Despite a variety of efforts to improve college access amongnosme youth, policymakers
have not focused particularly on the period between high school graduation and college matriculation.
The college access literature, similarly, has not emphasized the summeng college preparatory

initiatives, there is frequently a push to Ostartygarby reaching out to students in the elementary and

! These interventions were part of a larger set of summer 2012 interventions to which we referred as Project
SCOPE:Summer Counseling Outreach for Improving Postsecondary Enrollment
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middle gradesNeverthelessthere is not a corresponding emphasis on Ostaying late,O by continuing to
work with collegeadmitted students after they graduate high school but before they matriculatiede
(Arnold et al, 2009). And while college admissions officers have been aware of summer melt for at least a
decade (seélow to Talk Like an Admissions De&01), the prevailing assumption has been that for
seniors who follow the standard path thghicollege application, selection, and deposit, the summer melt
rate is quite low and, moreover, that students who melt from a particular college instead enroll at a peer
institution.

However, collegéntending, lowincome high school graduates are qutesceptible to having
their college plans change during the summer months following graduaiging data from the
Education Longitudinal Study of 2002 and from administrative data in Boston, CastlmddPage
(forthcoming estimate summer attrition ratebetween 10 and 20 percent among coliatgnding
students. These findings are consistent with similar evidence from the Chicago Public Schools (Roderick
et al, 2008) and with qualitativdata indicating that lowincome students struggle especially with
evaluating financial aid offers and completing the necessary steps to enroll even after paying a spring
deposit to a particular college (Arnold et al, 2009). Additional research &wds higher levels of
attrition among collegintending graduatem large urban districtsuch asthe Fulton County Schools
(Fulton County, GA)(Matthews, Schooley & Vosler, 2018nd theFort Worth Independent School
District (Fort Worth, TX) (Daugherty, 20)1.1

Why do collegeintending students meftStudents may decide hto matriculate because they
acquire new information during the summer which changes their assessment of the benefits or costs of
college (Becker, 1964; Castleman, Page, & Schooley, 20ARgrnatively, students may recognize the
long-term benefits of aollege degree but be unwilling to incur the Aam costs remaining on their
tuition bill. Recent behavioral economic research suggests that individuals often overweight immediate
costs and forego investments that would be in their-teng interest (., Chabris, Laibson & Schuldt,
2008). Students may also hesitate to give up the predictability of their current situation for the
uncertainties of college, even if in the long term they would likely benefit from higher emtucati
(Kahneman & Tversky, 1979

Additionally, students may fail to realize their college intentions because they lack sufficient
information about college costs and options for education financing and are therefore unprepared to pay
the tuition bill they receive midummer Arnold etal., in progressAvery & Kane, 2004; Horn, Chapman,
& Chen, 2003; Grodsky & Jones, 200Relatedly, even among students who are able to access college
information over the summer, the complexity of required paperwork and other tasks may impede&tudents

ability to complete all of the steps necegdar successful matriculatioffvery & Kane, 2004; Bettinger

% For a more comprehensive discussion of why coliagending high school graduates may choose not to enroll
during the fall semester following high school, S=stleman (2013)
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et al, 2012; Dynarski & Scottlayton, 2006)In the context of the summer after high schémlexample,
students may struggle to distinguishmgraid from loans on financial aid award letters. Completing these
intricate processes requires substantial cognitive effort and is likely to Hengliady for adolescents
particularly students from disadvantaged backgrounds who have to devote theianimenergy to
addressing immediate stressdikee supporting their families financially or dealing with neighborhood
violence(Casey, Jones, & Somerville, 20Kleating, 2004Mullainathan, 2011Steinberg, 2008, 2009).
Faced with the time and cognitiveifdens associated wittompleting required college tasks over the
summer, studes may instead opt to put off, abandon entirelythetasks required for matriculatiéh
particularly if the alternative is something maneticing in the present momefMadrian & Shea, 2000;
Beshears et al, 2012; Sc@itayton, 2011).

Correspondingly, students may melt because they miss key deadlines or run out of time to
complete all that is required of them. Karlkatral.(2010) posit that regular reminders should mitighte
Oattentional failure®O and help individuals smooth resource allocation in preparation for a future
expenditure, such as contributing to a financial savings account or investing in higher ed®&ation
prompts may be particularly important during thenmer after high schaalluring which tudents may
not receive any personalized outreach reminding them of required tasks (Arnold et al, 2009). In the
absence of thesgudgeDstudents may easily get off track in completing critical colegated task in
the summer prior to matriculatigithaler & Sunstein, 2008)

Thus, there are a variety of mechanisms through which the combination of improved information
and the offer olsummerassistance could increase the probability that students matriculatdldgec
Information and counseling may increase studentsO willingness to makéeshomvestments in
expectation of longeterm benefits associated with higher education. With improved information and
counseling, students may also overcome the comgexit the required paperwotkey receive from
their intended college. Finally, with regular reminders, students may be better able to devote time to task
completion incrementally throughout the summer, and therefore increase their probability of eérrollme

As several recent randomized trials indicate, offering students additional counseling during the
summer can have a substantial impact on whether they enroll in cdfiegpilot experiment, Castleman,
Arnold and Wartman (2012) assigned proactiveegml counseling to a randomly selected group of recent
graduates from seven small, urban high schools in Providence, RI. $&seal counselors worked with
students throughout the summer to secure additional financial aid, complete paperwork, and alleviate
concerns about college. Treatment group students were 14 percentage points more likely to enroll in
college in the fall semester. Thetervention cost less than $200 per student, suggesting that summer
support may be a lowost means of promoting collegarollment among lovincome students.

Building on this pilot, Castleman, Page and Schooley (2012) conducted two larger scale
experiments in Boston, MA and Fulton County, GA to investigate whether summer counseling increases
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college enrollment among a neomainstream population of high school graduates. Like the pilot, summer
outreach and counseling cost about $B0$200 per student. Across the sites, the offer of counseling
increased the probability of fall college enrollment hgarly four percentage pus; these impacts
persisted into the spring semester. In Fulton County, the offer of support increased immediate enroliment
by nearly eight percentage points among students who qualified for free/reduced pricd henatost
lasting impacts (to date) wein Boston, wherg¢he offer of support increasemntinuous enrollment into
sophomore year of colled®y nearly nine percentage pointthese results reinforce earlier experimental
evidence which demonstrated that providing high school students wittr efibrmation about and
assistance with college and financial aid applications positively impacts postsecondary enroliment
(Bettinger et al, 2012; Carrell & Sacerdote, 2012: Berman, Ortiz & Bos, 2008).

Several open questions remain about summer attatioong collegentending students, and how
to most effectively provide students with support during this time pe@uog. important question i®t
whose offer of help studentse most likely to respondin both the summer 2008 and summer 2011
interventiors, school counselors or financial aid advisors conducted the outWaald students be more
responsive tgeers in college whgraduatedrom the same high schools amtho can share firshand
experience of how they navigated summer obstacles and mahtmsucceed in college®other key
question isthe relative importancef personaloutreach €.g. a phone call from a counselorgrgus
personalizedutreach? Counselors reported invessnf@stantiatime just trying to reach students and get
them in tke door to meet. What if we could automate and personalize outreach, and at the same time share
timely information specific to studentsO intended collégestmmer 2012we designed twoandomized
trials to investigate these questions.
The Potential of Usig Technology to Reach Out to Students: Text Messaging College Information

Text messaging is a promising approach to both inform students of eodleged tasks and to
connect them to professional help when they need assistance. Texting is the predomedmesnby which
young people communicate. Whereas only six percent of teens exchange emails and 39 percent of teens
talk via mobile phones, 63 percent send texts on a daily basis (denk@t2). Further, counselors from
prior summer interventions citdexting as the most effective means of contacting students (Aehald,
in progress). In addition, texting is a potentially eeffective means to provide students with information
and connect them to assistance. For the intervedifmussed belowthe margal cost of delivering each
message is $0.01. Moreover, a text message campaign may increase the efficiency of school counselorsO
time. With a text platform, message delivery canabomatedand personalizedo individual students
and their postsecondaplans, eliminating counselorsO substantial investment of time in initial outreach
and instead allowing them to focus efforts on providing guidance where needed. Fasalrch in both

public health and development economics has fquositive impactsrbm text messaging campaigns on



desired outcomes, such as whether individuals contribute regularly to a savings accganta flu
vaccination(Karlan et al, 2010Stockwell et al., 2012

There are several mechanistheoughwhich personalized text mesges could positively impact
successful fall matriculation among colleigéending students. As noted above, text messaging may be
an efficient strategy for connecting students to school counselors who can help them address summer
obstacles to enrollmenA range of factors, including adolescents® perception of their academic and social
competence, their level of motivation, and their attitudes towards-seeling, influence whether
students seek out assistance with sclasled problems (Boldero & Fallof995; Newman, 1994; Ryan
& Pintrich, 1997; Tynsley et al, 1982). Enabling students to request assistance via text message
minimizes a number of potential barriers to ke§eking. For instance, in und&sourced schools where
counselors have large casadis and minimal time to focus on college planning, high school graduates
may have had limited personal relationships with counselors (Civic Enterprises, 2012). This lack of
personal connection may inhibit students from initiating contact with a coun$alang up the offer of
individualized help by responding to a text message, on the other hand, may require considerably less
interpersonal effort. A related point is that students may feel less threatened by asking for help via text
messaging than they wiguover the phone or in person.

Personalized text messages may also impact successful college matriculation by informing
students of required summer tasks about which they were previously unaware, and/or by simplifying the
steps required to complete thdasks. Particularly as colleges have moved towards online dissemination
of information, students may struggle to comprehensively identify the set of tasks and associated
deadlines required to successfully matriculate. While many colleges now have Od\dtiitentsO
websites that identify required summer tasks, students often have to navigate a complex set of peripheral
web pages to find tasspecific resources and due dat®y contrast, with a small upfront investment to
assemble a list of required tasknd deadlines for the institutions most frequently attended by partner
districtsO graduates, our research team consolidated the set of required tasks into a sk@idexbf 8
message reminders customized to studentsO intended college. These measdagéercaore include
institution- and taskspecific web links that guide students directly to the web page relevant to completing
a given task (e.g. registering for orientation).

Finally, the text messages may positively impact studentsO college ousimmlgsby nudging

them to complete required task at the relevant time during the summer. Personalized messaging

% For instance, the Admitted Students page may indicate that students are required to complete academic placement
tests prior to registering for orientation. However, students may then need to navigate to a different web page to find
relevant specifics such as whamd where to take the tests and whether they are exempt based on their college
entrance exam scores. Details, such as formatting, may vary across these web pages, adding to the time and
cognitive effort required to distill key tasks and deadlines As & pbireference, it typically took our Harvard

College undergraduate research assistaft$.% hours per college to assemble all of the institusipecific

required summer tasks, deadlines, and web links.



effectively may turn adolescentsO greatest liability during the college choice [NrteEss
impulsiveness into an assetBy providing simplifed information and collegeor taskspecific links,

each message allows completion of required steps in the moment, before studentsO attention is diverted to
another activity.

The Potential of Peer Mentoring to Mitigate Summer Attrition

Peer mentoring ab offers promise as a strategy to increase college going amorgclome
high school graduates. Mentoring can yield positive effects on academic achievememgrtbelfand
improved familial relationships at various stages in childrenOs developmesgrt@ro& Tierney, 1998;
Rhodes, Grossman, & Resch, 2000; Thompson & Ké#pnce, 2001). Programs that pair students with
nearage peers have had positive impacts on studentsO sense of connection to school, social skill
development, and academic achievem&atrcher, 2005, 2006; Stoltz, 2005). Specific to college access,
mentoring can enhance interest in college amongdeseration students and increase students® access to
information about college and financial aid processes (DuBois et al, 2002; Ganbkjar&do, 2005).

For several reasons, peer mentoring may be a particularly effective strategy for positively
impacting studentsO collegeing outcomes. Steinberg (2005) documents a ceddogy process of
adolescents becoming increasingly separated #&duit life. Adolescents now spend considerably more
time with their peers than with adults, and particularly with the onset of mobile and social media
technologies, they interact much more frequently with peers than they do with adults (Lenhardt, 2012;
Sulrahmanyam & Greenfield, 2008). As a result, high school graduates may be more likely to respond to
summary outreach frompeers tharfrom adults who make similar efforts. Peer mentors are also more
likely to be facile with modes of communication that arauilg utilized by recent high school graduates.

Peer mentors may be uniquely effective at positively altering students® perceptions of social
norms regarding postsecondary choices. Students from underrepresented groups may lack a sense of
belonging at coiges and universities if they perceive these institutions to be the domain of affluent,
White students (Walton & Cohen, 2007). They may also fear that they would need to downplay their
group identity in order to succeed in college (Cohen & Garcia, 200Q6)eStsO uncertainty about
whether they would fit in on campus may result in greater stress (Lovelace & Rosen, 1996), an additional
impediment to completing required summer tasks.

Further, the behavior of peers in a social environment influences howdmalw of all ages
respond to a given situation (Cialdini & Goldstein, 2004). In uncertain situations, individuals may be
particularly influenced by peer behavior if they believe that following the actions of others will lead to
better outcomes (Cialdin2001). Individuals may also be more influenced by the actions of peers whom

they perceive to share characteristics, such age and gender (Murray et al, 1984; White, Hogg & Terry,

*We are grateful to Tom Kane for making thisrgo



2002). Therefore, neage peer mentors who are from similar backgrounds, gvhduated from high
schools in the same city, and who are currently thriving in college may therefore shift recent high school
graduatesO views about who goes to and succeeds in college. To the extent that this change in perspective
reduces the psychic dssassociated with college, students may be more likely to complete required
summer tasks, and/or seek out individualized assistance if they need help in order to matriculate.

Peer mentors may also increase the probability that students matriculate dogtizony the
potential benefits of going to college. Time and travel costs may prevent students from visiting their
intended college campus, and figgneration college students who received little college counseling in
high school may have difficulty sualizing college life. As a result, students may have far less access to
information about the benefits of college than traditional human capital investment models would posit.
Students may accordingly be averse to forego current situations in favoruoffamiliar environment
(Tversky & Kahneman, 1979). Therefore, peer mentors may be helpful in solidifying studentsO
perceptions of what college has to offer. Especially when peer mentors are from similar age, racial/ethnic,
and gender groups, students nfiag their perspective and experience particularly salient.

Research Questions

We evaluate the impact of a text messaging campaign and a peer mentor outreach intervention on
whether collegéntending high school graduates successfully matriculate ingeoll®ur analyses are
organized around the following research questions:

1. Does an automated and personalized summer text messaging campaign, which informs students
of college tasks to complete and that offers to connect them to professional -gollege
assstance, increase the probability that students enroll and attend college during the fall semester
immediately after high school graduation relative to students who do not receive any outreach?

2. Do students who receive proactive and repeated outreach fpa@ranentor during the summer
enroll in college at a higher rate than students who do not receive any outreach?

3. Do personalized text messages with the offer of counselor assistance and peer mentor outreach

impact rates of college enrollment similarby,is one approach more effective than the other?

1. RESEARCH DESIGN
Sites
During the summer of 2012ye collaborated withthree educational agencies, the Dallas

Independat School District (Dallas ISD)uAspire, a Bostorbased nosprofit organization focsed on

college affordability and Mastery Charter Schopla network of charter schools in the Philadelphia

metropolitan aredMastery) to conduct the text message and peer mentor intervenidmenplemented

the text message intervention with both Dadasl uAspireandthe peer mentor intervention with uAspire

and MasteryDallas ISD is a large, urban school district, serving approximately 158,000 students across
9



227 high schools. There are 22 traditional high schools and 10 magnet high schools stritte di
Approximately 7,000 seniors graduate from the district eachye&spire operates several programs in
partnership with three Massachusetts school districts: the Boston Public Schools, the Lawrence Public
Schools, and the Springfield Public Sctodrhe program most relevant to the text messaging and peer
mentor interventions is the High School Advising Program, which places financial aid advisors in every
public high school in each of the three districts. uAspire advisors spend at least onewaglkpbosting

group workshops and working individually with students in their assigned school(s) for the entire school
year. Mastery Charter Schools serve approximately 8,000 students in grades kindergarten through 12.
The first Mastery Charter School swéounded in 2001 by a coalition of Philadelphia business and civic
leaders. The network has since grown to 11 sclools.

In Table 1,we provide descriptive information on educational attainment sowoeconomic
status in Dallasthe three Massachusetttes with whom uAspire worksand Philadelphiao illustrate
important differencesmong these communitiebor educational attainmenwe report, by districtthe
2011 fouryear high school graduation rate for students who enteirdt grade in Fall 207 and the
percent of adults in each community with a bachelorOs degpeasocioeconomic statuwe reportthe
unemployment rate and the percent of persons living below the poverty level in eddWeityesent the
unemployment rate in each city forayl 2012, or just before the start of the text message and peer mentor
interventions.

Educational attainmemnariesconsiderably across commue# with substantially lower rates of
educational attainment in Lawrence and Springfield relative to Dd@llagon and, to a lesser extent,
Philadelphia Among students enteringinth grade in Fall 2007, 77.3 percent graduated high school
within four years in Dallas, compared with 64.4 percent in Bogittrpercent in Philadelphiand just
over half of students ihawrence and Springfield (52.3 percent and 52.1 percent, respectinelg
whereas 2.5 percent of adults in Bostp28.6 percent of adults in Dallaand 22.6 percent of adults in
Philadelphiaheld bachelorOs degrees, only 11.6 percent of adults irehaaiand 16.9 percent of adults
in Springfielddid sa According to a needs analysis conducted by uAspire prior to its expansion into
Lawrence and Springfield, students in these communities also received considerably lesgjomitpge

support, either witim their high schools or within the broader community, tharstudents in Bostoh.

® For more information on the Dallas Independent School District, tisit://www.dallasisd.org

® For more information on Mastery Charter Schools, visit www.masterycharter.org.

" We obtained the degree attaient data from the & Census Bureau; each statistitresponds to a fivgear
average, from 2008010, for each cityResults for Philadelphia correspond to 2Wa 1.

® The unemployment data for each city comes respectively from the Texas Workforcaissam the
Massachusetts Executive Office of Labor and Workforce Developameshthe US Bureau of Labor Statistioghile
the poverty level data also comes from the US Census Bureau, and reportgeafiagerage (2008010) for each
city. Poverty leel data for Philadelphia corresponds to years 2200I71.

® Details of this needs assessment are available upon request from uAspire.
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Socioeconomic status also differed by city, with higher rates of poverty and unemployment in
Philadelphia,Lawrence and Springfield. Just over 21 percent of people gtoBoand 22.3 percent of
people in Dallas lived below the poverty line, compared @&l percent of people in Philadelph2®,.5
percent of people in Lawrena@nd 27.6 percent of people in Springfield. And while the May 2012
unemployment rate in Bostom@ Dallas was under seven percent (5.7 percent in Boston and 6.9 percent
in Dallag, the unemployment ratevas 9.4 percent, 10.2 percent, and 13.1 percent in Springfield,
Philadelphia and Lawrence, respectively.

These communityevel differences have iportant implications for the potential impact of the
text message and peer mentor interventiéos.instance,tsdents in Lawrence and Springfield may have
been particularly responsive to the offer of personalized information or personal outreach &aragen
peer, given that they were less likely to have an adult in their life who had completed college, received
less support with the college and financial aid processes while in high school, and potentially had more
limited unemployment opportunitiesah their counterparts in Boston or Dallas.

Data and Sample

We capitalize on several data sources in our analySest, each site provided studdevel
demographic and prior academic achievement information. These data include students® gender,
race/etlicity, free/reduced price lunch status, FAFSA completion status, high school GPA, and scaled
score on state achievement tests. The data do not align perfectly across sitesvéiiae a common
set of demographic information across all sites, and stideeal measures of senior year GPA and math
and ELA state assessment score in Dadlag Philadelphiawe only have studentsO sedported high
school GPA for the uAspire sites. And whilee have records of studentsO college intentions for the
uAspire sies, we do not currently have this information for Dallas I8The sites also provided
interactionlevel records from thepeer mentor andtounselor interaction logs. These logs include
information on whether students took up the offer of help fropeermentor orcounselor; when and
where the interaction took place, and what helptleator orcounselor provided.

Second, each site obtained studentl college enrollment records from the National Student
Clearinghouse, a neprofit organization that niatains college enroliment records at approximately 95

percent of colleges and universities in the couttRinally, among students assigned to text messaging,

19 students did provide information on their college intentions on the Dallas ISD exit survey. The exit survey was
done onpaper, however, and Dallas ISD was only willing to have counselors record this information in a
spreadsheet for students assigned to the text message intervention. Counselors then transferred this information
directly to the text message provider, Reifyatle. Dallas ISD was unwilling to send the surveys for students in the
control group outside of the district to be entered into a spreadsheet. We are currently working with both the district
and Reify to investigate whether Reify can send the collegetiomsrinformation for treatment group students back

to the district, where the studeidentifying information can be stripped prior to the district then transferring to our
research team the college intention information.

Y An important point about the $C data is that coverage rates vary considerablgtdtg (Dynarski, Hemelt, &

Hyman, 2012). For instance, in West Virginia the NSC only covers 68 percent of higher education institutions.
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Reify Health the text messaging platform our research team contracted with to deliver thnesseiges,
provided data on whether recipients responded to a text message, the date of their response, whether they
requested help from a counselor, and whether they requested that we stop sending future thessages.

The overall experimental samplacluded students our research team identified as college
intending as of high school graduation. Our definition of coliegending variedacrosssites. Dallas ISD
participates in the United States Department of Education FAFSA Completion Pilot, which provides
partnering districts with studet#vel data on whether high school seniors have started or completed the
FAFSA®We proxied for studentsO college intentions based on whether they had completed (or at least
started) the FAFSA as of high school graduatib820 of 8,066 seniors in Dallas ISD met this sample
criterion In theuAspire sites, we proxied for college intentions based on whether students had initiated at
least two individual meetings withusspire advisor during the school yeaAspire leadensip identified
this benchmark as a relevant demarcation between students with moderate to strong college intentions and
students whose postsecondary plans were more uncertain. 2,833 out of 4,042 students who received
individualized assistance from @Aspire financial aid advisor during senior year met this sample
definition. For Mastery, we capitalized on data gathered from a high school exit survey in order to
identify collegeintending students. Of 568 high school seniors 443 reported specific postsgconda
intentions orthe exit survey and were therefore included in the Mastery sample.

In Tables 2 and 3 we provide descriptive statistics by intervention sfte both the overall sample
within each site and for our analytic sample of collegending students In Table 2, we present
demographic characteristics and in Table 3, we present academic achievement and postsecondary
intention information.Across sites, the sampiacluded primarily students of coloand students who
qualified forfree or redaed price lunch (FRL)In Dallas, ly the end of senior year, just over a third of
seniors (36 percent) had completed the FAFSA. The subset of Dallas ISD seniors who completed the
FAFSA were more likely to be female, more likely to be Bleakdhad math ath ELA state assessment
scores that were approximately thiteaths a standard deviation higher than for the entire senior class

In the uAspire sites65 - 75 percent ofall studentswho met with a uAspire advisor during the
year completed the FAFSA by tead of high school, with substantially higher FAFSA completion rates
among students in our analytic sample who met at least twice with a uAspire atdlfisoAspire sites
differ notably bystudentsO college intentiof@r example, Wile only a quarter foBoston students

intended to enroll at a twyear institution, 64 percent of Lawrence students and 58 percent of Springfield

Fortunately the coverage rates are fairly high in Massachuseftpé@cent) Pennsylvania (90 percent), afidxas
(90 percent), where the majority of studentsimexperimental sample attend college.

12 Reify first transferred this data to each site, where analysts removed stieteifying data before transferring
the text message response data to our research team.

13 Eor more information on the FAFSA Completion pilottp://studentaid.ed.gov/datenter
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studentshad such intention§ hese patterns are similar for the overall sample of uAspire students and for
our analytic sample aftudents who met at least twice with a uAspire advisor during the year.
In the Mastery high schools, 95 perceftstudents with college intentiodgad completed the

FAFSA by the time of high school graduatioklastery seniors graduated with an averaggAGf 2.56
GPA was somewhat higher among collégtending graduates, although standardized test performance
differed by only ongéwentieth of a standard deviation between the two groups.
Intervention design

In this section we provide an overview bitintervention design for both the text messaging and
peer mentor interventions. We provide additional details of each intervention design in Appendix

Intervention #1: Text Messaging to Inform Students and Connect Them to Assistance

The core of theext messaging campaign was a series -0 &ext messages that reminded
students and their parents of tasks they needed to complete at their intended college and offered to
connect recipients to a school counselor from their district if they needed mdHitimlividualized
assistancé! More specifically, the messages reminded students to: log on to their intended college®s web
portal (e.g.wolverineaccess.umiobdu) to access important paperwork; register for orientation and
placement tests; complete hawgsiforms; and sign up for or waive health insurance, if relevant. The
messages also offered students help completing the FAFSA, if they had not done so already, and
interpreting the financial aid award letter and tuition bill they received from theirdietecollege. Most
of the messages included web links that allowed students to complete tasks directly from phone (if they
had a smart phone and data pl&fjor instancefor studentsplanning to enroll at the University of
MassachusettBoston the messagregarding required summer orientatimetluded a web linkor the
University of Massachuset®oston orientation registration web site. The text messages were delivered
between early July and miflugust, with messages delivered in approximately-fiag intervals. In
Figure 1 we provide a comprehensive timeline for both the text message and peer mentor intervention.
We worked with our intervention site partners to collect the studmamd collegdevel information
necessary to personalize the text mgesaand contracted with Reify Healthstartup company aimed
at improving health and education outcomes through the application of mobile technatdigs/er the
messages. For additiondétailson the information we relied on for the text messggiampaign, see
AppendixA.

For students or parents whesponded to the text outreach to requet,we generatd an email
message to a counselor from the studentOs education agency, informing the counselor that the recipient
had requested help. Thegeeld requestO emails provided counselors with the studentOs or parentOs name

and cell phone number so the counselor could contact the student directly. For students or parents who

4 Students who were planning to attend a less commoriistitreceived a generic set of reminders.
15 The actual message content is available upon request.
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requestedo stop receiving messagease were able to cancel all future mesge delivery.Finally, for
recipients who were skeptical about the messages and wanted further informatiothatsmrderwe
wereable to generate a standard respaw#irming the message was from Dallas ISD or uAspire and
encouraging recipients cantact the district/uAspiraith anyquestions.

The final component of the intervention was the individualized supportthatselorgprovided
to recipients when they requested assistawtedeveloped a number of tools to help guide counselorsO
interactbns with studentand parentsincluding comprehensive checklists of what to camefiollow-up
meetings Counselors documented théiteractionswith students from both the treatment and control
groups in an online interaction lag which counselors repted when and where they interacted with
eachstudent and what helff any, they provided to the student during the interactionTable Al, we
provide details of the number of counselors; the hours worked per counselor, and the student caseload per
cownselor, for each site that participated in the text message intervention.

Intervention #2: Personal outreach from peer mentors currently enrolled in college

The peer mentor intervention largely built on tlpeevious summer college counseling
interventiors described above, in whiclounselorgroactively reacéd out to students to offer them help
addressing potential barriers twllege enrollment. The primary difference with the peer mentor
interventionwas that college students who had graduated frontigphlgh schools in each uAspire site
from a Masteryhigh schoolwere conducting the initial outreach to students and providing the first level
of support and guidance.

uAspireand Masterywereresponsible fopeer mentor selection and training. Theelected peer
mentors based on several primary criteria: students had to have worked with uAspirenijriaghool
or have graduated from a Mastdrigh school; be enrolled in college and in good academic standing; and
have received financial aid and havelear understanding of the financial aid process. Peer mentors were
employed frommid-June 2012D mid-August 2012, and worked approximately 20 hours per week. In
Table 4 we provide summary information for th20 peer mentors who staffed the intenient Nine
were based in Boston, two in Lawrence, three in Springfeld six in PhiladelphiaWithin each site,
there was a roughly equal balance between men and women among the peer, mitimtthrs exception
of Mastery, where all but one of the mentaras femaleIn the uAspire sites,llabut one of the peer
mentors attended a foyear college or university, with a roughly equal divide between private and public
institutions, and all but one of the peer mentors was either a junior or senior. Timeem¢ers graduated
from a range of high schools, including comprehensive high schools, pilot schools, vocational/technical
schools, and exam schooilsAspireand Masternyprovided several days of training for the peer mentors,
as well as ongoing support fpeer mentors throughout the summnteor additional information on the

training content, see Appendix
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Peer mentors had several goals in their initial outreach to students. Their primary task was to
make contact with students and assess their readioedall college matriculationWe developed an
intake form to guide peer mentors in their outreach to students. Some of the core topics that peer mentors
covered in their initiaconversatiorwerewhether the studen¢l) was still planning to enroll inatlege,
and if so, at the college they indicated at the end of senior (Bdrad completed the FAFSA3) had
received and reviewead financial aid award letter; an@) had registered for orientation and placement
tests. Following thisnitial assessnm#, peer mentors scheduledprarson meetings or followp phone
conversations to help students address issues that arose duiimtigheonversationsFor instance, peer
mentors helped students interpret thigrancial aid award letters and exploraiition payment plan
options if they faced a gap between their award letter and tuition bill. Peer mentors also reviewed the
briefing documents for the colleges and universities frequently attended by graatysgicipating sites
and helped studenidentify tasksthey had yet to complete.

Peer mentors did not, however, work on any tasks that required students to provide financial
information about themselves or their families, such as completing the FAFSA or applying for
supplementary loans. For thetsssks, and any other areas in which the peer mentor felt they needed
additional guidance toomprehensivelgupport the student, peer mentors referred studemeet witha
supervising counseloi-or information on the advisastaffing structure to suppbobthe peer mentor
intervention see AppendiA.

Both Interventions

Randomization and caseload assignments

In Table4, we present the number of students assigned to each experimental group, by site. In
Dallas ISD the head of counseling first assigned edi¢he nineparticipatingcounselors to a set of high
schools within the district. The district then identified students within the high schools covered by each
counselor who had completed the FAFSA. Among FAFSA completers and within each counselorOs
cluger of high schools, 1,454 students were then randomly assigned to receive the text messages, and
1,466 students were assigned to the control group. Randomization was conducted in early June, with the
first text messages delivered to students in early. July

The uAspire randomization was done within each site, with students assigned to one of three
experimental groups. Of the 1,843 students in Boston who had met at least twice with a uAspire advisor
during the academic year, 697 were assigned to the tirvémtion, 450 were assigned to the peer
mentor intervention, and 696 were assigned to the control group. Of the 294 eligible students in Lawrence,
100 were assigned to the text intervention, 94 were assigned to the peer mentor intervention, and 100
wereassigned to the control group. And of the 696 eligible students in Springfield, 273 were assigned to
the text intervention, 150 were assigned to the peer mentor intervention, and 273 were assigned to the
control group.
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The Mastery randomization was donghin each of the five participating high school campuses.
At each campughe data analyst selected@seload of 40 students for each participating peer advisor. In
the one campus staffed by two peer menttirg, analyst selecte80 students and distiitedthem at
random to these mentors. At each campus, the remaining eligible students were assigned to the control
group for a total of 240 students assigned to receive peer mentor outreach and 203 students assigned to
the control group. For both uAspiand Mastery,andomization was conducted in mldne, with peer
mentor outreach beginning to students in late June and the first text messages delivered to students in
early July.

In Boston, the three advisors assigned to the text messaging intervigtioot have defined
caseloads. Rather, recipients®eting requestsvere routed via email to a summer intern, who then
distributed the requests among the three advisors staffing the intervention. In Lawrence, there was only
one advisor so all students the text message treatment group were assigned to her caseload. In
Springfield, text message students were assigned to the caseload of the advisor with whom they had
worked during the academic year.

Among students who were randomly selected to receiveeaxhrfrom peer mentors, uAspire
assigned peer mentors caseloads of approximately &0 students eacglwith primary consideration
given to matching students and peer mentors on gender where poAsifittonal rules governing
caseload assignments varmbstantially by uAspire sitéor more information on these assignment rules,
see AppendiA.

In Table5, we assess the baseline equivalence of the treatment and control groups within each site.
In the Dallas ISD experimental samplee utilized a prolt model to regress the indicator for treatment
on the vector of baseline covariates described in $ablend 3 along with fixed effects for school
counselor (column 1)in the Mastery sample, we utilize an analogous model with fixed effects at the
schod campus level (column 8)n the uAspire experimental sample, because students were assigned to
either the text message or peer mentor interventi@ytilized a multinomial logit model to regress a
polychotomous indicator for whether students were assigo the text message group, peer mentor
group, or control group on the vector of baseline covaridtestit the multinomial logit models within
each uAspire site. The base outcome value in these models was for students assigned to the control group.
In the tablewe report the logit coefficients for students assigned to the text message group in each site
(columns 2, 4, and 6) as well as for students assigned to the peer mentor group (columns 3, 5, and 7). In
the last row of the tablee report the pvalue on the chisquared test for whether the covariates jointly
explained variation in experimental group assignment. Across all, sitedfail to reject the null
hypothesis that the covariates did not jointly explain variation in assignment, and thecefcele that
students in the treatment and control groups were equivalent at baseline
Measures
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To evaluate the impact of the interventions on studentsO college enrollment in the fall semester
following high school graduationye generated several binagutcome measures from tlidational
Student Clearinghouse (NS@ata. These include whether the student enrolled in the fall semester
immediately bllowing graduation an@hether the student enrolled at a fgwar or tweyear institution.

The primary eglanatory variables imur analyses aréndicators forwhether the student was
randomly assigned to one of the treatment grotlipsncrease the precision ofir analyseswe include
the academicdemographiand, where available, college intentioovarides described in Table BVe
include indicator variables for missingndss any covariate with missing values, including missingness
because the measure is only recorded for one of the intervention sites (e.g. state assessment scores are
measured in Dallbut not in the uAspire sites)Ve also include fixed effects for the level at which
randomization was conducted at each sitenselor fixed effects for Dallasjte fixed effects fouAspire,
andhigh school campus fixed effedts Mastery
Empirical Strategy

In order to investigate the impact of each treatment on the binary college outcomes, we utilize
probit models. We present results of the interventions both for the pooled sample and separately for each
site. Within the uAspirepecific analyseswe report the results of both the text message and peer
interventions on studentsO outcomé&® specify the following Interto-Treat (ITT) model for our
analyses:

@ (%S ;! ) =0 (/M M RIES% e el )
where for studeni assigned to counselor or sijfe COLLEGE represents a dichotomous college
enrollment outcomey; is a fixed effect for the sitappropriate level within which randomization was
conducted; an; is avector of studenlevel covariates. In this mode$; provides the causal effect of
the text messaging intervention on students® outcomes, fylitevides the causal effect of the peer
mentor intervention on students® outcomes. In the uAspire sitéssquared test on the hypothesis that
Biis equal tof;indicates whether there was a differential impact of the text message vs. peer mentor
interventions on studentsO college entry.

We also examine, in both the pooled sample and within individual, sitesther there were
heterogeneous effects of either treatméke focus in particular on whether the treatments had larger
effects on students with less access to college and financial aid information, and on students with less
defined college plans as bigh school graduation. Our rationale is that thesegsabps would be most
impacted by personalized reminders of important college tasks to complete and by the offer of
individualized assistance from a peer mentor or school counselor. We proxy fos &ocesllege
informationin several ways. First, we examine whether the intervention had differential impacts by site,

given the disparities in educational attainment across communities. We also investigéterthe
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treatment had a larger impact fstudentswho qualified for FRL, since these students were arguably
more likely to be the first in their family to go to college, and by studentsO senior year GPA, since
students with lower GPAs may have been less likely to benefit from individualized calemptance

during high schoolWe examine whether the impact of the text intervention varied by whether students
had a specific college they planned to attend as of high school graduation or not, on the theory that
students who were still undecided aboutiah college to attend were less likely to have received
information about required tasks to complete over the surffiidiese students could therefore be
particularly responsive toutreach and suppeslthough because they had not chosen a collegediodatt

the text reminders would be generic, rather than instittgpmcific. Finally, we examine whether the
intervention had a greater impact for students who had met fewer times during the academic year with a
UAspire advisor, on the theory that studemk® met frequently with a uAspire advisor were more likely

to have received considerable guidance on their financial aid award letter and required summer tasks they
would need to complete. The average number of meetings with a uAspire advisor was apeirokinna

so we examine whether either intervention had a differential impact for students who had fewer than four
meetings vs. four or more meetings during the academic year.

In addition to impact analysewe conducted several descriptive analyseexplore channels
through which each intervention may have impacted studentsO outcomes. To assess whether the texting
intervention increased recipients® knowledge about key summer wasksedimplementationdata
corresponding to each message estimatethe number of recipients that followed the embedded
institution-specific web linksWe capitalized on the fact that uAspire students were randomly assigned to
either receive text messages or peer mentor outreach to investigate whether there wereediffethac
proportion of students in each group that met withAspire advisor over the course of the summer. In
the case of the peer mentor interventioe, also examined the proportion of studentsO interactions that
were with peer mentors vs. uAspire &rs, and whether students were more or less likely to interact

with a peer mentor who attended the same high school or college as the student.

V. RESULTS
Intervention implementation
We begin our analyses of the impact of the text messaging and peeromigtérventions by
examining the efficacy of text message delivery as well as the extent of student responsiveness to the

messaging campaign and peer mentor outreach.

%1n Lawrence and Springfield, advisors were able to contact almost all students, or in Springfield rely on district
data on studentsO college intentionsf &isgh school graduation, so the college intentions information in these sites

is quite complete. In Boston, there was a greater number of students who uAspire advisors were not able to contact
at the end of senior year, so for these students, it isti@rdesentangle whether the studentsO were undecided about
their college intentions, or if they had just not communicated their plans to uAspire.
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One challenge in implementing a text messaging intervention is simply getting the phone
numbers to which messages can be denfable 6, we present descriptive data on the text message
delivery rates by education ageri¢ylhese data were provided directly by Reify HedlhDallas, ait of
1,454 students assigned to the text messagingvértdon (row 1), only 848 students provideaiphone
number on the high school exit surggw 2). Of these 848, Reifyerified that the considerable majority,

814, were working cell phone numberew 3)*® Thus, between students who did not provideel
numberand a small share of provided numbers that were not valid cell numbers, we were only able to
send messages to 56 percent of Dallas ISD students assigned to the text intervention (row 4). The uAspire
rates are somewhhigher. out of 1,070 studentassigned to the text messaging intervention, 806 students
provided their phone number, and of these, 768 were working cell phone numbers. We were therefore
able to send messages to 72 percent of uAspire students assigned to the text intervention.

In thelower panel we presentanalogous figures for the parental cell phone numliaver half
(781) ofDallas ISDstudents provided a parent cell phone number on the high school exit survey; of these,
Reify was able to send messages to 663 working numberpirafsovidedparent numbers for over 70
percent of students assigned to the text message intervention, though uAspire was not able to distinguish
in its records whether these were land lorecell phone number#\s a result only 232 of the uAspire
parenthumbers were working cell numbefm advantage of thaAspire datds thatwe canobserve the
overlap between student and parent numbessa substantial portion of students from whom uAspire
had been unable to collect student cell numktbey were ble to provideparent numbersAs a result,

UAspire was able tprovideeither a student or parent number for 96 percent of students assigned to the
text message interventidh.

In Tables 7 and8, we explore several measures of intervention tafdor bdh the text message
and peer mentor interventigrFor the text message interventiare indicatein Table 7the proportion of
students irthe text messagexperimental group and in each ditatreplied to at least one messayal
thatrequested a meetinwith a counselor in response to a text messagdable 8, we report proportion
of students thatinteracted with a advisor orin both the text and peer mentor interventioe define
each of these measures at the level of the student; thatuslemtstvould be coded as having replied to at
least one message if either she or her parent responded to a message.

Text message response rates varied across sites. Approximately 31 percent of students assigned to

the text messaging intervention in Daltasponded to at least one message, compared with 34 percent in

7 We report he uAspire delivery rates across all three sites, as this is how the data were record&eify the

database.

18 Reify wasnot able to verify that the number belonged to the specific student to whom it was linked in the data,

nor that the messages were necessarily delivered to or opened on the phone linked to that number.

9We areworking with Reffy to identify the extent of overlap between student and parent numbers in the Dallas ISD
data, and also to confirm for what proportion of the treatment group students in each agency Reify received working
numbers (either student or parent).

19



Springfield, 37 percent in Boston, and 48 percent in LawréhiEee proportion of students requesting

help from a school counselor in response to a text message was considerably lowerpé&iesenof
students in Dallas requested help from a school counselor while fewer than six percent of students
assigned to the treatment group actually interacted with a school counselor. Based on the counselor
interaction logs, the gap between the proportif students in Dallas who requested help via text message
and who actually received assistance from a counselor appears to be primarily a function of counselors
not contadhg students until several daysssedrom whenthe student requested hélpAt that stage

the student was often not responsive to counselor outreach.

In the uAspire sites, by contrast, the proportion of students who worked with a counselor
approached or even exceeded the share of students who requested help via text messdga, k®Bos
percent of students requested help from a school counselor, while 23 percent of students actually
interacted with a counselor. In Lawrence, 31 percent of students requested help from a school counselor,
while 29 percent of students actually intdeacwith a counseloihe analogous figures in Springfield are
16 and 20 percent.he considerably higher alignment between actual meetings and meeting requests may
be attributable to the strong relationship that many uAspire students have with theatigarmzerall
and in many caseswith a specific advisorOne plausible explanation for why meeting rates exceeded
meeting request rates is that after receiving text messages, students contacted uAspire directly, rather than
request help via text messad@r example, across uAspire sites, of students in the text message group
who did interact with a counselor, 22 percent never requested a counselor meeting via text message.

By construction, students in the peer mentor group did not reply to any messagsuest a
meeting with an advisor via text message. But their rates of interactioramwitivisor or peer mentor
were substantially higher than for students in the text message treatmentAmmss. sites, between 50
and 60 percent of students asmd to receive peer mentor outreach interacted with either a mentor or
advisor during the summeAn important question to consider, however, is what proportion of these
studentsO interactions were with peer mentors vs. advisors€ describe above, peenentors were the
first line of contact with students, but could refer students to an advisor for more expert assistance. Given
the positive impacts we observed in the summer 2011 counseling intervention in Bostan,kethat
the more students werefeered to @ advisor, the more one might expect a positive impact of the peer

mentor intervention on studentsO outcomes. It is harder to predict the impact that peer mentor interactions

201t is worthnoting that these response rates are out of all students assigned to the intervention, not just the subset of
students to whom Reify was able to send messages. Response rates for the subset of students for whom Reify
received either a student or parentminer would be higherThis is particularly true in Dallas where Reify only
received student numbers for 56 percent of the treatment gfaupermore, the parent numbers came from the

same source as the student numbers (the high school exit surveys,lesstlikely that there would be a substantial
number of students from whom Dallas ISD obtained parent but not student numbers.

1 Based on conversations with counselors, the delay in their response to students® requests for help appears to be
mainly a fuinction of the counselors having large caseloads (inclusive of the intervention focused on FAFSA
completion) and limited hours in the summer to devote to both interventions.
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alonemay have had on studentsO college decisions. For the reasousiine earlier, it is possible that

peer mentors would positively influence whether students went to colemerthelessby virtue of

having less experience and training than advisors, it is also possible that they would struggle to help
students ovemme some of the more complicated barriers to enroliment they encountered during the
summer.

In Table 9, we examine the proportion of students assigned to each experimental group that
interacted with a peer mentor or advisor, as well as the number Edtidas that students had with peer
mentors and advisois the uAspire and Mastery sit&sAs we illustratein Table9, a considerably higher
proportion of students in the peer mentor group interacted with either a peer mentor or advisor than
students inthe text or control groups® What is most strikinghowever, is that students in the text
message group were more than twice as likely to have met with an advisor than students in the peer
mentor group (22.3 percent vs. 11.1 percent). They also had mteractions: 0.338 on average for
students in the text group, compared with 0.145 for students in the peer mentar Rgeupnentor
interaction rates are similar between Mastery and uAspire.

A potentially important aspect of the text message interwentias the institutionand task
specific web links included in the personalized messages, since these links may have facilitated students
completing required tasks in the moment, directly from their pho¥eross tasks and sites, clithrough
rates weremodestrelative to the total number of students and parents to whom Reify was able to send
messagedzor more specific details, see Appendix A.

Regression results

We begin in Table @ with the impact of the text messag#erventiors on college enrollmet
across all four sites. Columns 1 and 2 present impacts on overall enroliment; columns 3 and 4 present
impacts onenrollment in fowyear institutionsand columns 5 and 6 present impactsearoliment in
two-year institutions The first column of eachgir presents uncontrolled results of regressing each
outcome on the text indicator and fixed effects for the level of randomization, and the second column
presents the results for fulontrolled modeld? The coefficients in the tablare marginal effectfrom
probit models. Across outcomes, the treatment coefficients are stable to the inclusion of a full set of
covariates, which provides further indication that students were equivalent at baseline across experimental
groups.We do not find significant imacts of thetext messagetervention on either overall enroliment
or enrollment at fouyear institutions, howeveawe do find a positive impact on enroliment at tyear

institutions. Students in the text message group weaglythree percentage pointsore likely to enroll

22 At the time of writing, we did not yet have access to interaction log informfaioDallas.

ZVery few students in the text message or control groups met wir anentor during the summer.

%4 Students in the peer mentor intervention are retained in the analysis here in order to improve precision of our
estimates. Therefore, tieodel also includes a dummy variable for assignment to the peer mentor intervention, but
this model is estimated only within those sites that included a text message intervention.
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at twoyear institutions than students in the control grdaprable 11, we present analogous results for
the peer mentor intervention, and observe that students assigned to receive peer mentor outreach were 4.5
percentage points meiikely to enroll in a fowyear institution in the fall after high school graduation.

In Table 2, we present analogous results, disaggregated by sitgportantto note is that in
Table 2, and all subsequentables,we pool the Lawrence and Springfil data We do so for two
primary reasons: first, agse demonstrated in the descriptive information presented in $aband 3
these communities were much more similar to each other on a host of characteristics related to college
attainment than eitlr site was to Boston. Second,ves show in Appendix Tablé&3, the magnitude of
the overall enrollment impacts are quite similar across both, sated pooling them increasesur
statistical power to detect an impact across Lawrence and Springfield.

In Dallas,we find a pronounced impact of the text intervention on whether students enrolled at
two-year institutions. Students in the treatment group were almost five percentage points more likely to
enroll at twoeyear institutions than students in the cohgroup. This impact was somewhat offset by the
fact that students in the text treatment group were 3.1 percentage points less likely to enrciyedrfour
institutions(though this difference was not significargd the overall enrollment impact is rsagnificant.
Across enrollment outcomes in Bostdhe coefficients on the text treatment indicator trend negatively,
but none is significant. By contrast, the coefficients on the peer mentor intervention in Boston are positive,
particularly for fouryear enroliment, though againot surpassing thenargin of significance. In the
pooled Lawrence and Springfield results, the text intervention had a particularly pronounced impact:
students in the text treatment group were 7.1 percentage points more ligehplian college (column 7),
with this impact roughly equally divided between increases inyearandin two-year enroliment. As in
Boston, the coefficients on the peer mentor intervention in Lawrence and Springfield are positive,
particularly for fouryear enrollment, but again not significarfthe peer mentor impacts in Philadelphia
are small and not significant.

In the bottom row of Tabl&2, we present the jvalue on a’testassessing whethéne impacs
of the text message and peer mentor interventiosie equivalent. In Bostonwe find that the peer
mentor intervention, while not significantly different from the control group, did have a significantly
larger impacton students® overall enroliment and enroliment atykear institutions than did the text
message interventioM/e do not, however, find differences between the text message and peer mentor
interventions in the pooled Lawrence and Springfield results.

In Table B, we examine whether impacts on overall enrollment are heterogeneous across

demographic characteristider the crosssite, pooled sample of students and within each offithe

22



sites®® We examine the impact of the interventiby free / reducegrice lunch status (rows 1 and 2);
gender (rows 3 and 4guartile of high school GPA (rowsb 8); whether or not students had articulated
specific postsecondary plans (ro@sand 10; and for the uAspire sites, the extent to which students
interacted wih a uAspire advisor during the academic year (rows 9 and Wdjile we do not observe
impacts by free / reduced lunch stainsthe pooled sampleve find significant impacts of the text
intervention on overall enrollment for FRL studemsDallas FRL gudents in the text treatment group
were 4.1 percentage points more likely to enroll in college than their counterparts in the control group.
Across sites, peer mentor outreach is particularly beneficial for males, increastirgeonollege
matriculation by 7.2 percentage points. Disaggregated by site, this result is driven by large and
statistically significant impacts of the peer mentors in the Springfield and Lawrence samples.

In order to examine variation in impacts by academic achievementtilize quartile indicators,
because we reason that the impact of treatment may depentingamty on these measures of
achievementFor instance, we might expect the interventions to be less impactful for students with either
particularly high or low academachievement, since their college plans (or lack thereof) would plausibly
be less elastic to the offer of additional information and suppuatéed, in Dallas, we find that the text
intervention has positive and significant impacts for students in thelenidddhe GPA distribution and
for students in the second quartile of the mathematics assessment distffbution.

Acrossthe uAspiresites, wefind pronounced impacts of both interventions for students who did
not have college plans as of high school gadidm, and for students who héelver than foumeetings
with a uAspire advisor during the academic year. In Bgstencoefficients on the text treatment for both
sub-groups are positive, though not significant. The peer mentor intervention had a meshgupact on
students for whom uAspire did not have a record of specific college plans as of high school, increasing
their overall enroliment by 11.8 percentage points. In the pooled Lawrence and Springfield data, the text
intervention increased overalhmliment for students without specific college plans by3 Hercentage
points, and enroliment for students who met fewer tfam times with a uAspire advisor b$4.6
percentage points, relative to the control gréuhe peer mentor intervention increased overall

enrollment for students in Lawrence/Springfield without specific college plans Bypé&®&entage points,

% For the peer mentor intervention, we also examined whether being asaigrentor who graduated from the

same high school or attended the same institution where the student planned to enroll differentially impacted
studentsO outcomes. There were relatively few students who were assigned a peer mentor who attended the same
high school (37) or was enrolled at the studentOs intended college (33). The direction of the impacts within these
sub-groups are positive though obviously very noisy.

%5 We find suggestive evidence of a negative impact of the peer mentor interventionesmssindhe lowest GPA

quartile in Philadelphia and evidence of a positive impact for students in the upper GPA quatrtiles. However, given
the small number of students within each quartile and because of the potential to find spurious results from multiple
testing, we are hesitant to place too much emphasis on these differences.

*’Though not displayed in the tablagse results were driven entirely by increasing enroliment ayéan

institutions.
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and enrollment fostudents who met fewer thdour times with a uAspire advisor by Blpercentage
points, relative to the control grodpy’tess assessing equivalence of the impaxdtthe text message and
peer mentoimterventionsndicate that neither intervention method was more successful than the other.

We conduct two sensitivity tests for thpositive impacts we observe in Lawrence and
Springfield® First, we capitalize on records for whether uAspire hadtudent or parent phone number
for each student to confirm whether tiest messag&eatment impactsn particular,were driven by the
subset of students whoReify should have been able to messae.expect tofind a larger impact for
the subset o$tudents with numbers than for the overall sample, since the overall sample impact will be
attenuated by the inclusion of students in the treatment group who did not actually receive the
intervention. Similarlywe should find no impactf the text intervaetion for students for whom uAspire
did not have a student or parent number, since these students would not have recdiedoaitreach
Because peer mentors could have used a variety of outreach strategies, we may still expect impacts of the
peer metor intervention regardless of cell phone numt&zcond,we investigate whether the overall
enrollment impacts are consistent with the enroliment impaetsbserve for the subset of students who
intended to matriculate at an institution that participateshe National Student Clearinghouse. One
potential concern with relying on the NSC for outcome data is that students may enroll in a higher
education institution that does not participate in the NSC. If studenke tneatmentor controlgroups
were dfferentially more likely to attend one of these institutionsr results could be biased. To the
extent that students enroll at their intended institdtjeexamining the treatment impacts for the subset of
students who planned to enroll at an N®@&tchel institution may provide a benchmark for how much
lack of full coverage in the NSC data could boas program estimates.

In Lawrence/Springfieldwe find a similar impact of the text intervention for the subset of
students for whom uAspire had a numbafe find no impact in Lawrence/Springfield for the subset of
students for whom uAspire did not have a number. And for both the text and peer mentor interventions,
the magnitude of the treatment impact for students intending to enroll at ammid@8ed instution was

similar to the impact in the overall sampldese results are presented in Table A5.

V. DISCUSSION
The summer 2012 text messaganyd peer mentor outreachmpaigis bothhad apositiveimpact

on whether collegintending high school graduaté®m urban school districts enrolled in colleJext

8 The impact for students without specific college plans was driven entirely by inducing students to enrell at two
year institutions, whe the impact of the peer mentor intervention for studentsfestier than foumeetings during

the academic year were equally divided between amd fouryear enrollment.

29\We are unable to conduct them®alyses in Dallas because we l#uk studentevel cell phone and college

intentions data necessary for these tests.

% Thismay be an overly strong assumption. For instance, in our 2011 summer college counseling intervention, only
73 percent of control group students enrolled at their intendesheoll
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outreach increased enrollment in tyear institutions by over three percentage points, while peer mentor
outreach increased foyear enrollment by 4.5 percentage pointsThese overallresults mask
considerable impact heterogeneity which begins to diggd on for whom and the conditions under
which these types of interventions may be particularly beneficiidents in the Dallas Independent
School District who were assigned to receive text messagere 4.9 percentage points more likely to
enroll at a tweyear college than students who were assigned to the control group. The impacts in Dallas
ISD were concentrated among students who qualified for free/reduced priceahnhsudentsvho fell
in the middle of the achievement distribution as measured by GPA and standardized test perfémmance.
Lawrence and Springfield, Massachusetts, students in the text message treatment group were 7.1
percentage points more likely to enroll overall in collegehwhis impact equally divided between
enrollment at fowyear and tweyear institutionsThe peer mentoimpacts in Lawrence and Springfield
were largesamong male studentsand across the uAspire sites, both text and peer mentor impacts were
largest amng studentsvho worked only modestly with a uAspire advisor during the academicayehr
students who began the summer without specificafliculated postsecondary plan&mong these
studentstheimpact of the text message intervention was on the arfdét to 14 percentage points and
the impact of the peer mentor intervention of 11 to 16 percentage pbinBoston, we observe
suggestive evidence giositive impacts & the text campaign angositive impact of the peer mentor
interventionamong those students with no specified postsecondary.lans

Previously, we posed several hypotheses for how the text messaging and peer mentor
interventions could impact students@comes.Qualitative work on which we are collaborating with
Professor Karen Arnold at Boston College will serve to deepen our understanding of this question. As
that work is not yet available, here we rely eristing information to explereach of thes hypotheses.

Regardingthe tex intervention, one possibility is that text messages efficiently connected
students to school counselors who helped them address obstacles to enr@llendatnot find strong
supportfor this hypothesis. In Dallagewer than six percent of students assigned to the text message
intervention had substantive interaction with counselors, so it is hard to imagine that individualized
support from counselors drove the enrollment impaaobserved in DallasAcross the uAspireites,
the rates of substantive interaction with advisor were considerably higheranging from 20 to 30
percentof the text groupacross sitedNeverthelesswhile the rate of advisor interaction for students in the
text group in Boston, 23 percent, wamn par with that inLawrenceand $ringfield, we observe no
impact of the intervention in Boston. uAspire is very coherent and consistent in its advisor hiring

guidelines and training protocols across sites, so the qodli#gdapproacho advisng shauld not differ

31 We find suggestive evidence that the text intervention decreased enrollment among Boston students who had had
more interaction with a uAspire advisor during the academic year. Nevertheless, out of a numbegrofigsub
analyses we conducted in Bos, this is the only one for which we detected a significant, negative treatment impact,

S0 we are hesitant to place much emphasis on this result.
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greatly across sites. If anythinge would expect the Boston advisors to have a greater impact, given the
higher volume of support resources and the pseari uAspire senior leadershipithin the Boston
office. The positive impact aftucentsworking with a uAspire advisor in Boston was certainly evident in
the summer 2011 college counseling interventi@described earliefTogether we find little evidence

to support the hypothesis that the text message impacts were driven by fagibtnections between
students and counselors.

Another possibility is that the text messages increased students® access to information about
required college tasks they needed to complete, and/or simplified this information so it was easier for
studentsto digest.We find some evidence to support this hypothesis.we showed earlier, we did
observe a moderate amount number of ellmoughs for the taskand collegespecific web links
included in each text message. We cannot identify whether messagentscivere actually completing
tasks when they clicked through these links or just learning more about the required task, but this data
does provide some evidence that the text intervention may have increased studentsO and parentsO access t
information dout the tasks they needed to complétee fact that the text message impacts in Lawrence
and Springfield were largest for students with undefined college plans and who had met fewer times with
a UAspire advisor during the year suggests that the intéomentay have been most beneficial for
students who had less concrete information about their college platstestingly, however, these
students received generic reminders of important tasks to complete (e.g. Oregister for orientationO) but not
collegespecific dates or welinks. Thereforethe messages themselves may have increased studentsO
awareness or comprehension of required tasks to matriculate in college, and may have encouraged
students to seek out more information via the college webs#Hédsitenformation they had received
directly from the college, or contact a staff member at the col@gequalitative followup will inform
whether students responded in any of these fashiaihe text messagéisrough our qualitative study.

The hypohesis that is hardest to evaluate from the informatiomently availables whether the
text messages operated by prompting students to addressMashksthey received the messag¢her
than procrastinating and putting them off until later in the sumitt@s is a core area of inquiry for the
qualitative study, though admittedly it will be difficult to accurately capture the time between when we
sent the messages and when students completed tasks since we will be asking them about events six to
seven maths in the past.

For the peer mentor interventionne of the hypothesese articulated earlier is that students
would be more responsive to outreach from peers, particularly if the peers used communication
technologies prevalent among adolescents. esstt compared to automated and personalized text
messagingwe do find evidence that the peer mentor outreach exduit substantially higher rates of
interaction with student$-or instance, in Bostgrmompared to th&3 percent of students in the texbgp
who interacted with an advisor, 55 percent of students in the peer mentor group interacted with a peer
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mentor or advisoMevertheless, these higher rates of interaction did not translate to substantially stronger
impacts of the peer mentor intervemticompared to the text interventioithis may be becausdmost

all of peer mentor treatment group studentsO interactions were with peer mentors rather than advisors.
While the peer mentors were successful at connecting to students, they may have reekmited in

their ability to help students successfully overcome barriers to college enrollment. uAspire leadership
identified several areas mhich peer mentors struggled in providing effective support to students. For
instance, peer mentors struggliedanswerstudentsO financial aid questions. They also frequently took
studentsO confidence in their college plans at face value, rather than probing to investigate whether there
were important tasks the student needed to complete but were unaware bf, pee mentors had

trouble assessing when the student with whom they were working would benefit from direct support from

a UAspire advisor.

The other mechanismge proposed for the peer mentor intervention are difficult to assess from
our current dataln the follow-up qualitative study, we will examine whether students in the peer mentor
group who did enroll in college were encouraged to do so either because the peer mentors changed their
perceptions about the kind of students who enroll and succeeullége, or because the peer mentors
provided them with a more concrete sense of the benefits of going to college.

Another important question pertaining to the text message intervention is why the direction of the
effect in Boston was negative, evennisignificant. Following the summer 2011 counseling intervention,
Arnold et al.(in progress) completed a series of focus groups and interviews with students and counselors
to understand how the offer of counseling impacted studentsO decidiony; some of thehemes from
this study may inform the potential negative impacts of the text intervention in Boston on students®
enrollment. During the counselor focus groups, uAspire advisors often noted that students had an
unrealistic sense of their readiness for gmle This could potentially emerge in a community that
reinforces a strong collegging culture ifcluding an encouragement campaiffom the MayorOs
Office) and that provides a range of schaamhd communitybased college supports to students, but that
does not necessarily help them anticipate all of the tasks they need to complete after high school
graduation.

Advisors in the 2011 counseling intervention reported that they sometimes felt like Odream
crushersO when they had to tell a student that theirdad college would require them to borrow tens of
thousands of dollars to cover the full cost of attendance.a¢aine advisor said, after Obursting students®
bubbles,Ghey were able to help students follow through on their goal of going to colléhey dy
reducing costs to the point that the loan burden would be more managethigie intended colleger by
identifying a more affordable college option for the student. One possibility with the text intervention is
that the messages served thetffunction of Obursting studentsO bubbles,© making them aware of all they
would have to do in order to make their college plans a reality. Because the-butsttileg was divorced
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from the personal assistance from a uAspire advisor, however, the message®t have served the
second purpose of helping students identify an alternative collegeViganecognize that currenttpis
explanation for the negative treatment effects in Boston is speculdtigeerthelessyur hope is that the
results of the fblow-up qualitative study will shed additional light on how students in Boston responded
to the text messages

Finally, both interventions appeared to benefit students with undefined college plans and fewer
meetings with uAspire advisors before high silhgraduation. This trend would be consistent with the
hypothesis that students who are not as far along in their college planning (and therefore potentially
facing unresolved financial aid issues or a lack of awareness of required summer tasks) could be
particularly responsive to personalized information and assistance.

Perhaps the most striking feature of timerventions, and particularly th&ext messaging
intervention is their costeffectiveness. There were two primary expenditures to implementeitte
campaign. The first was the cost of message delivery. Including the cosfrohtipystem design and the
permessage delivery charges, the totessagingcost per student in the Dallas and uAspire treatment
groups was approximately $2, or roughl%,0 across both sites. The other primary expense was
compensation for counselors to staff the summer interventibith brought the pestudent cost of the
intervention to a mere $7 per studefibe costs of the peer mentor intervention were primaiyrly
wages to the peer mentors themselves and salary for supervising advisors. Together, the peer mentor
intervention cost approximately $80 per student and so is more similar in cost to colgtselor
interventions.

In Tablel4, we compare the peparticipant costs and enrollment impacts for the text intervention
to several related interventions that provided personalized information and assistance to high school
seniors and graduates: the summer 2011 college counseling interventions we conducteahinMBost
and Fulton County, GA; the H&R Block FAFSA experiment that provided families assistance completing
the FAFSA as part of the tax return process (Bettinger et al.,, 2012); and two programs that matched
college students with high school seniors to hbkm complete college applications (Berman, Ortiz, &
Bos, 2008; Carrell & Sacerdote, 2012). It is important to note that these interventionons&de@bly
different in desigrand seved populationsquite differentfrom the text campaign, sour estimaes should
be interpreted as rough comparisons of impact on cetieqrey per dollar invested in each program.

Compared to these interventions, the text messaging camigsaigmcosteffective strategy for
increasing college enrollment. The summer collegmseling interventions had slightly larger impacts (5
D8 percentage points), but also cost more ($1$200 per participant). The college mentoring programs
also had larger impacts, particularly the New Hampshire program, which increased enrollment for
females and recent immigrants by twelve percentage pointsthése programs were considerably more
expensive than both the text campaign and the summer college counseling intesvat$ioh0- $1,000
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per student. In terms of impact per dollar spemd, il & R Block FAFSA experiment is the most cost
effective comparison: offering adults assistance with completing the FAFSA as part of income tax
preparation cost $88 per participant, and increased enrollment by 8 percentage points. Even compared to
the H& R Block experiment, however, the text campaign appears to be a particulartpsdvapproach

to increase enrollment among traditionally underrepresented populations in higher education,®ith a 3
percentage point increase in enrollment for an investrof $7 per participant.

An important point about several of the studiesdescribe in Tabld 4 is that the authors have
demonstrated that the interventions increased not only college entry, but also persistence. Both Bettinger
et al. (2012) Carrell & &cerdote (2012) show that differences in college participation between treatment
and control groups persist for at least two years following high school. Castleman, Page, & Schooley
(2012) find even more pronounced impacts of summer college counselimglonsore fall persistence
than on overall enroliment. While the offer of summer counseling increased immediate enrollment in
Boston by 5.1 percentage points, it increased continuous enrollment through the first three semesters in
college by 8.8 percentagmints.

It is clearly an open and essential question whether the text intervention will have a similarly
long-term impact on students® outcomes. If all the text intervention is doing is inducing students into
college, only to have them drop about sevemahths later, the intervention could conceivably be doing
harm, since students may have incurred debt to matriculate but have little to shibvinfeerms of
additional education. While it is encouraging that the sun2féd college counseling interveoti had
pronounced impacts on sophomore year persistence, it is possible that the text intervention impacted
students® enroliment through different channels, and may therefore not have as persistent an impact on
studentsO enrolimelte expecto track stuéntsO enrollment patterns over time.

In thinking about how to replicate or expand on these interventions, several important lessons
emerge A core challenge to text message interventions is obtaining studentsO or parentsO cell phone
numbers. Our strategyf relying on high school exit surveys was somewhat effective, but only six in ten
of our targeted studenis Dallasprovided these numbers. Especially if one considers the possibility of
messaging students at earlier stages in their educational tregecthool districts maglso feel it is
more important (or legally mandated) to obtain informed consent from parents, which could create a
further impediment to collecting numbers from a large portion of the target population. Utilizing existing
data codlection points (e.g. beginningf-year parent registration, or college entrance examination
registration) may be an effective approach for increasing the number of students who can be messaged.
Another challenge to the text message intervention is persyadicipients of the interventionOs
credibility. This was less of a challenge in the uAspire sites, where the first text students received was
signed by their academic year advisor, and more so in Dallas ISD, where the first message was signed by
head of shool counseling. A common response to the text messages in Dallas was, OWhoOs this?0O Having
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a strategy in place to inform recipients of the message campaignOs intent, and to persuade them that the
messages are coming from someone they can trust, argamipoonsiderations to increase the likelihood
of the programOs success.

Regardinghe peer mentor intervention, the peer mentors were effective at connecting to students
and interacting with them about their college plans. These interactions may havadedh their own
right by shifting studentsO perceptions of the social norms of coltég or by concretizing the benefits
of college for students. The peer mentaray not have hadhe capacity, however, to help students
address more complicated hars to their successful matriculation. A future peer mentor intervention that
harnesses the success with which peer mentors can reach students, buthibetsystems in place to
connect students to professional assistance when they need helphaeglldmore pronounced impact
on studentsO college enrollment decisions.

Compared to the text message intervention, a challenge and cost of a peer mentor outreach
strategy comes in the form of management needs. Our primary contacts for both uAspitastarg
indicated that the peer mentors required substantial encouragement, oversight and management. For
agencies interested in implementing a peer mentor model, these needs should be planned for.

Conclusion

In closing,the resultave presenpresentedherehave significant implications for policy, practice,
and research. Gaps in college enrollment and success by socioeconomic status have persisted for decades
and have widened among recent cohorts (Bailey & Dynarski, 2012). School districts are undgngno
pressure to increase collegeing rates among underrepresented populations. Yet, districts often have
limited resources with which to invest in initiatives to improve college access. Personalized text
messagingand to a lesser degr@eer mentor dmeach combined with access to professional assistance
may be particularly affordable and effective strategies to increase college going among students from
low- and moderatéincome background©ur analyses demonstrate that the text messaging campaign has
a substantial impact on whether students enroll in college, particularly relative to its cost. Ardrthe p
mentor intervention, whilémpacts are less precisely estimated haray have had sizable impacts on
certain subgroups.

More broadly as schoa and governments grapple with limitadd, in some cases, declining
budgets, practitioners amiblicymakerswill need to develop lowcost, highimpact strategies to help lew
income students and their families selaatl continue alongducational pathwaythat prepare them for
future successThe text messaging modgeh particular, as a strategy to consolidate and personalize
complex information and to facilitate connections between students, families, and school officials, could
conceivably be applied tmany stages in studentsO educational pathways: when they are choosing which
primary or secondary schools to attend, which courses toaalleépwhich colleges to apphOur results
illustrate both the feasibility and impact of a text message campadyseame to the set the stage for
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policymakers and practitioners to use similar strategies to support students in making better educational

decisions and smoother transitions throughout their educational trajectories.
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Tables

Table 1: Educatioral attainment and socioeconomic statysy site

Dallas, TX Boston, MA  Lawrence, Springfield, Philadelphia,

MA MA PA
Fouryear high graduation 77.3 64.4 52.3 52.1 61.0
rate in 2011 (foFall 2007
entering 9 grade cohort)
Percent of adults with a 28.6 42.5 11.6 16.9 22.6
bachdorOs degree or highe
(200602010 average)
Percent of persons ling 22.3 21.2 26.5 27.6 25.6
below the poverty line
(200602010 average)
Unemployment rate 6.9 5.7 13.1 9.4 10.2

(May 2012)

Note: Eucational attainment armbverty figures for Philadelphia are for years 28®011.

Sources: Texas Education Agency; Massachusetts Department of Elementary and Secondary Education; U
Bureau; Texas Workforce Commission; Massachusetts Executive Office of Labor and WoEkéeelopment;
School District of Philadelphia, Office of AccountabilityS Bureau of Labor Statistics.
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Table 2: Summary statistics for baseline demographic characteristics, by site

Dallas, TX Boston, MA Lawrence, MA Springfield, MA Philadelphia, PA
All HS FAFSA uAspire Seniors w/ uAspire Seniors w/ uAspire Seniors w/ All HS Seniors w/
seniors completers seniors > 2 mtgs seniors > 2 mtgs seniors > 2 mtgs seniors  college plans
(1) (2) (3) 4) (5) (6) (7) 8) ) (10)
Female 0.51 0.56 0.59 0.60 0.61 0.63 0.58 0.59 0.54 0.56
[2,528] [1,823] [475] [291] [844] [635]
Black 0.29 0.33 0.38 0.37 0.01 0.01 0.28 0.31 0.95 0.95
[7,952] [2,865] [2,152] [1,631] [335] [236] [768] [574]
Hispanic 0.63 0.57 0.25 0.25 0.84 0.85 0.41 0.36 -- --
[7,952] [2,865] [2,152] [1,631] [335] [236] [768] [574]
White 0.06 0.08 0.08 0.07 0.03 0.01 0.11 0.10 0.03 --
[7,952] [2,865] [2,152] [1,631] [335] [236] [768] [574]
Other 0.01 0.02 0.29 0.30 0.12 0.13 0.20 0.22 0.03 0.02
race/ethnicity [7,952] [2,865] [2,152] [1,631] [335] [236] [768] [574]
Qualified for 0.78 0.79 0.78 0.78 0.89 0.88 0.78 0.76 0.65 0.65
free/reduced [2,152] [1,568] [318] [236] [686] [526]
price lunch
Completed the 0.36 1.00 0.74 0.88 0.64 0.85 0.71 0.84 -- 0.95
FAFSA

Source: Dallas ISD, Mastery and uAspire administrative records (for Boston, Lawrence, and Springfield).

Notes: Means are shown with standard deviations in parentheses (for continuous variables only) and the number of observations in brackets if less than full
sample. The experimental sample includes college-intending students, identified by completing the FAFSA (Dallas), meeting with an advisor at least twice
during senior year of high school (uAspire), or reporting college intentions on a high school exit survey (Mastery). For uAspire sites, GPA is based on student

self-report.
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Table 3: Summary statisticsfor baselineacademic abievement and college intention characteristicdyy site

Dallas, TX Boston, MA Lawrence, MA Springfield, MA Philadelphia, PA
All HS FAFSA UAspire Seniors w/  uAspire Seniors w/  uAspire Seniorsw/  AllHS Seniors w/
seniors  completers  seniors I 2 mtgs seniors I 2 mtgs seniors I 2 mtgs seniors  college plans
1) (2) (3) 4) ) (6) (7 (8) (9) (10)
Prior academic achievement
Senior year 3.29 3.38 -- -- -- -- -- -- 2.56 2.86
GPA (0.21) (0.18) (1.04) (0.65)
[8,035] [2,916] [523] [441]
State math 0.00 0.29 -~ -~ -~ -~ -~ - 0.00 0.05
assessment (1.00) (0.89) (1.00) (0.985)
[7,452] [2844] [310] [285]
State ELA 0.00 0.31 -~ -~ -~ -~ -~ - 0.00 0.05
assessment (1.00) (0.70) (1.00) (0.985)
[7,452] [2,844] [310] [285]
GPA<2.0 - - 0.13 0.11 0.16 0.13 0.17 0.15 - -
[1,868] [1,448] [304] [226] [563] [425]
GPA 2.0D3.0 - - 0.42 0.41 0.37 0.34 0.44 0.42 - -
[1,868] [1,448] [304] [226] [563] [425]
GPA 3.0p4.0 - - 0.46 0.48 0.47 0.53 0.40 0.43 - -
[1,868] [1,448] [304] [226] [563] [425]
Postsecondary intentions
Intend on 2 - - 0.25 0.25 0.64 0.56 0.58 0.57 0.42
year inst. [1,580] [1,258] [336] [221] [524] [517] [433]
Intend on 4 - - 0.3 0.30 0.20 0.28 0.16 0.16 0.41
year public inst. [1,868] [1,258] [336] [221] [524] [517] [433]
Intend on 4 - - 0.44 0.45 0.14 0.16 0.26 0.26 0.17
year private [1,868] [1,258] [336] [221] [524] [517] [433]
inst.
N 8,066 2,920 2,574 1,843 487 294 981 696 443

SourceDallasISD, Mastery and uAspire administrative records (for Boston, Lawrence, and Springfield).

Notes: Means are shown with standard deviations in parentheses (for continuous variables only) and the number of obsbraaterts if less than ful
sample. The experimental sample includes colegending students, identified by completing the FAFSA (Dallas), meeting with an advisor at leas
during senior year (UAspire), or reporting college intentions on a high school exit survey (MasteryAspiwe sites, GPA is based on student-ssbrt.
College intention information is currently unavailable for Dallas.
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Table 4; Student assignment to experimental group, by site

Dallas, TX Boston, MA  Lawrence, MA Springfield, MA Philadelphia,

PA
Text message 1,454 697 100 273 --
Peer mentor -- 450 94 150 240
Control 1,466 696 100 273 203
Total 2,920 1,843 294 696 443
experimental
sample

Notes: In Dallas, school counselors were first assigned to cover a set of high schools within theStlisteints
were then assigned to the treatment or control group within each counselorOs cluster of high schools. In uA
students were assigned to each experimental group within each site. In the Mastery Charter Schools, stude
assigned to eachxperimental group within each school.
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Table 5: Assessment of baseline equivalence using probit (Dallas and Philadelphia) and multinomial logit (Massachusetts sites) regression
to predict treat group assignment from baseline covariates

Dallas Boston Lawrence Springfield Philadelphia
Peer mentor Peer mentor Peer mentor
Text group | Text group group Text group group Text group group Peer mentor grouy
1) (2 3) 4) ®) (6) (7 8)
Demographic characteristics
Female -0.00 0.04 0.04 0.20 -0.30 -0.11 -0.06 -0.03
(0.02) (0.12) (0.13 (0.32) (0.32) (0.19) (0.22) (0.05)
Black -0.02 -0.16 -0.21 -1.61 -1.99 0.19 0.33 -0.13
(0.04) (0.25) (0.28) (1.60) (1.62) (0.35) (0.43) (0.14)
Hispanic -0.01 -0.28 -0.08 -1.33 -1.36 0.43 0.35 --
(0.04) (0.26) (0.29) (0.86) (0.88) (0.35) (0.42)
Other race/ethnicity -0.10 -0.32 -0.25 -1.93 -3.22 0.60 -0.00 -0.44*
(0.08) (0.26) (0.29) (1.16) (1.38) (0.48) (0.66) (0.12)
Quialified for free or -0.00 0.08 0.10 0.71 -0.35 -0.11 0.37 -0.05
reduced lunch (0.02) (0.15) (0.17) (0.58) (0.50) (0.24) (0.31) (0.05)
Completed the FAFSA -- -0.05 -0.19 0.27 0.46 -0.10 0.34 -0.08
(0.17) (0.19) (0.44) (0.45) (0.25) (0.32) (0.12)
Prior academic achievement
Senior year GPA -0.01 -- -- -- -- -- -- 0.02
(0.07) (0.05)
Standardized state 0.01 -- -- -- -- -- -- 0.02
assesment math score (0.01) (0.04)
Standardized state 0.00 -~ = - - -~ -~ 0.01
assessment ELA score (0.02) (0.04)
High school GPA 2.0- -- -0.23 -0.33 -0.14 0.25 0.10 0.25 -
3.0 (0.22) (0.24) (0.54) (0.58) (0.34) (0.43)
High school GPA 3.0 -- -0.25 -0.57* -0.35 0.21 -0.26 0.09 -
4.0 (0.22) (0.24) (0.55) (0.59) (0.35) (0.44)
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Table 5, continued Assessment of baseline equivalence using probit (Dallas and Philadelphia) and multinomial logit (Massachusett

sites) regressin to predict treat group assignmentfrom baseline covariates

Dallas Boston Lawrence Springfield Philadelphia
Peer mentor Peer mentor Peer mentor | Peer mentor
Text group Text group Text group Text group
group group group group
O] 2 3) “ &) (6) (7 ®)
Postsecondary intentions
Intend to enroll at a four- - -0.42* -0.40" 0.78" 0.76~ -0.07 -0.07 -0.02
year public inst. (0.19) 0.21) (0.45) (0.45) (0.30) (0.35) (0.06)
Intend to enroll at a four- -- -0.327 -0.16 0.98” 0.56 0.12 0.01 0
year private inst. 0.17) (0.20) (0.56) (0.57) (0.26) (0.30) (0.08)
Provided a cell number to -- 0.08 0.35 - -- -0.34 0.11 --
uAspire (0.32) (0.40) 0.41) (0.57)
Number of meetings with -- -0.01 0.04 -0.01 -0.01 0.00 -0.04 --
uAspire advisor (0.03) (0.03) (0.06) (0.06) (0.03) (0.04)
N 2,920 1,843 294 696 443
Fixed effects for level of q N/A N/A N/A q
randomization
p-value on ! “ test for joint 0.997 0.559 0.682 0.864 0.718

significance

~p <0.10, * p<0.05, ** p<0.01, *** p<0.001

Source: Dallas ISD, Mastery and uAspire administrative records (for Boston, Lawrence, and Springfield).

Notes: Robust standard errors are reported in parentheses. Coefficients in columns 1 and 8 are coefficients from probit regressions. Coefficients in columns
2-4 are from multinomial logit models. The base outcome in columns 2 — 4 is students assigned to the control group. Models include indicator variables for

missingness for any covariate with missing values.

42



Table 6: Text message delivery rates by intervention sites

Boston, Springfield, and

Dallas, TX Lawrence MA

1)
Total students assigned to receive text 1,454 1,070
messags
Total student cell numbers sent to text 848 806
messaging platform
Total working student cell numbers sent to 814 768
text messaging platform
Proportion of students assigned to receive 0.56 0.72
messages for whom there were working
student cell nmbers
Total parent cell numbers sent to text 781 711
messaging platform
Total working parent #s sent to text messagir 663 232
platform
Proportion of students assigned to receive 0.46 0.22
messages for whom there were working par
cell numbers
Proportion of students for whom Reify -- 0.96

received a studewt parent number

Source: Reify Health administrative data

Notes: Reify Health is the text messaging platform that delivered the text messages to students and pal
Health rported the number of student and parent cell numbers they received from each intervention site i
of the intervention. Reify Health also verified whether the numbers they received were working cell nur
opposed to land line numbers, -lomgeractive cell numbers, or invalid phone numbers. Dallas ISD obi
student and parent numbers through a high school exit survey. uAspire obtained student and parent cell r
the Massachusetts intervention sites from a combination of exit suamy advisors outreach to students.
Massachusetts delivery rates are grouped together because that is how they were recorded in the R
database. We do not currently have access to data indicating for what proportion of students assigred
intervention in Dallas Reify received a student or parent number (last row).
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Table 7: Text message response rates among students assigned to receive text message outreach, by
site

Dallas, TX Boston, MA Lawrence, MA  Springfield, MA

ey ) 3) “)
Replied to at least one text 0.308*** 0.367%** 0.480%*** 0.341***
message (0.012) (0.018) (0.050) (0.029)
Replied to at least one text 0.112%** 0.192%** 0.310%** 0.161***
message to request an (0.008) (0.015) (0.046) (0.022)
advising meeting
N 2,920 1,843 294 696
Fixed effects for level of q N/A N/A N/A

randomization

~p <0.10, * p<0.05, ** p<0.01, *** p<0.001
Source: Dallas ISD and uAspire administrative records (for Boston, Lawrence, and Springfield sites).
Notes: Robust standard errors are reported in parentheses. The coefficients report marginal effects from probit
regressions. Sample sizes reported here pertain to the full sample. Text message response rates, by construction,
were 0 among students in the control group.
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Table 8: Rate of counselor / advisor interaction, by site

Dallas, TX Boston, MA Lawrence, Springfield,  Philadelphia,

MA MA PA
@) ) 3) “ &)
Text message 0.057%** 0.192%** 0.180%** 0.174%** --
(0.006) (0.026) (0.055) (0.039)
Peer mentor -- 0.516%** 0.443%** 0.480%** 0.571%**
(0.031) (0.060) (0.054) (0.038)
Control group 0.00 0.04 0.11 0.03 0.02
meeting rate
N 2,920 1,843 294 696 443
Fixed effects for level o q N/A N/A N/A q
randomization

~p <0.10, * p<0.05, ** p<0.01, *** p<0.001
Source: Dallas ISD, Mastery and uAspire administrative records (for Boston, Lawrence, and Springfield sites).
Notes: Robust standard errors are reported in parentheses. The coefficients report marginal effects from probit
regressions. The take-up rates for the text message and peer mentor groups are respectively the sum of the
coefficients on text message and control and the sum of the coefficients on peer mentor and control.
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Table 9: Student interactions with peer mentors and advisors across the uAspire arMastery sites

Interaction with Interaction with Interaction with Number of Number of
peer mentor or peer mentor advisor interactions interactions
advisor with a peer with an advisor
mentor
UAspire
Text 0.229 0.010 0.223 0.012 0.272
(N =1070) ’ ’ ’ ’ )
Peer mentor
(N = 694) 0.544 0.480 0.111 0.718 0.079
Control 0.048 0.002 0.046 0.002 0.066
(N =1069) ) ) ) ) )
Mastery
Peer mentor
(N = 240) 0.563 - - 0.704 -
Control
(N = 203) 0.054 - - 0.103 -

Source: uAspire and Mastery Charter Schools administrative records (for Boston, Lawrence, and Springfield sites).

Notes: Interaction rates for peer mentors and advisors calculated based on interaction logs that both peer mentors
and advisors completed after they interacted with a student. Based on the reporting in the Mastery Charter Schools,
we are not able to distinguish between interactions with peer mentors and counselors.

46



Table 10: Impact of the text message intervention on Fall 2012 enrollment, across intervention sites

Overall enrollment Enrollmentat a fouryear Enrollment at a tweyear
institution institution
) 2) 3) 4) ©) (6)
Text message 0.013 0.019 -0.019 -0.018 0.032** 0.030*
(0.013) (0.013) (0.014) (0.016) (0.012) (0.012)
Control group enrollment 0.679 0.696 0.431 0.386 0.233 0.202
N 5753 5753 5753 5753 5753 5753
PseudeR? 0.011 0.116 0.031 0.307 0.042 0.146
Full set of controls q q q
Fixed effects for level of randomization q q q q q q

~ p <0.10, * p<0.05, ** p<0.01, *** p<0.001

Source:Dallas ISD and uAspire administrative records (for Boston, Lawrence, and Springfield sites).

Notes: Robust standard errors are repomegghirenthese€oefficients presented are marginal effects from probit regressitinshe covariates set at their mea
Controls include gender, race/ethnicity, whether students qualified for free/reduced price lunch, high school GPA (s&fgk freen administrative records i
Dallas, selreported cumulative GPA in uAspire sites), math and ELAestasessment scores (Dallashether the student completed the Free Applicattor
Federal Student Aid (uAspirethe number of meetings students hathve uAspire advisor during senior year (uAspire only), the type of institution to \
students intended to enroll (uAspire), and whether the student was assigned to a peer mentor intervention implememteity GortberuAspire sites (UAspil
only). Models include indicator variables for missingness for any covariate with missing values (including missingness becaaseithésnonly recorded fi
one of the intervention sites).
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Table 11: Impact of the peer mentor intervention on Fall 2012 enrollment, across intervention sites

Overall enroliment

Enrollment at a fouyear

Enrollment at a tweyear

institution institution
€] (2) 3) 4 ®) (6)
Peer mentor 0.009 0.023 0.009 0.045~ 0.001 -0.004
(0.021) (0.021) (0.022) (0.027) (0.017) (0.016)
Control group enrollment 0.657 0.676 0.457 0.388 0.186 0.142
N 3276 3276 3276 3276 3276 3276
PseudeR® 0.013 0.15 0.038 0.406 0.047 0.223
Full set of controls q q q
Fixed effects for level of randomizatic q q q q q q

~ p <0.10, * p<0.05, ** p<0.01, *** p<0.001

Source:Mastery and uAspire administrative records (for Boston, Lawrence, and Springfield sites).
Notes: Robust standard errors are reportedairethesesCoefficients presented are marginal effects from probit regressithshe covariates set at the
means. Controls include gender, race/ethnicity, whether students qualified for free/reduced price lunch, high schooloGéa(BRA fromadministrative
records in Mastery, seteported cumulative GPA in uAspire sites), math and ELA state assessment scores (Mastery), whether the student cormple
Application for Federal Student Aid (uAspire and Mastery), the number of meetinghtstithd with a uAspire advisor during senior year (UAspire only]
type of institution to which students intended to enroll (UAspire and Mastery), and whether the student was assignednentbpegervention implemente
concurrently in the uAspérsites (uAspire only). Models include indicator variables for missingness for any covariate with missing values (inedstfiggess
because the measure is only recorded for one of the intervention sites).
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Table 12: Impact of the text messagand peer mentorinterventionson Fall 2012 enrollment, by intervention site

Dallas, TX Boston, MA Lawrence & Springfield, MA Philadelphia, PA
Overall Enroll at Enroll at| Overall Enroll at Enroll at| Overall Enroll at Enroll at| Overall Enroll at Enroll at
enroll  4-year 2-year | enroll 4-year 2-year | enroll 4-year 2-year | enroll 4-year 2-year
(1) (2) ) (4) (%) (6) (7) (8) 9) (10) (11) (12)
Text message 0.024 -0.031 0.049**| -0.016 -0.021 -0.005 | 0.071* 0.042 0.035 -- -- --
(0.017) (0.020) (0.017)| (0.026) (0.022) (0.014)| (0.035) (0.034) (0.036)
Peer mentor -- -- -- 0.035 0.043 -0.001 | 0.036 0.049 0.008 | -0.023 0.019 -0.02
(0.029) (0.036) (0.016)| (0.040) (0.044) (0.041)| (0.050) (0.061) (0.028)
Control group 0.718 0385 0432 | 0.701 0520 0.095 | 0.628 0.146 0273 | 0.675 0.421 0.107
enrollment
N 2,920 2,920 2,920 1,843 1,843 1,843 990 990 990 443 443 443
PseudeR? 0.10 0.22 0.08 0.16 0.34 0.20 0.13 0.50 0.18 0.222 0.439 0.24
Full set of controls q q q q q q q q q q q q
Fixed effects for q q q q q q q q q q q q
level of
randomization
p-value on! *test -- -- --
that text message = 0.08 0.09 0.86 0.40 0.87 0.51

peer mentor

~ p <0.10, * p<0.05, ** p<0.01, *** p<0.001
SourceDallas ISD, Mastey and uAspire administrative records (for Boston, Lawrence, and Springfield sites).
Notes: Robust standard errors are reported in parentl@sefficients presented are marginal effects from probit regressitinghe covariates set at their mea
Controls include gender, race/ethnicity, whether students qualified for free/reduced price lunch, high school GPA (s&i# frean administrative records
Dallas and Mastery, seteported cumulative GPA in uAspire sites), math and ELA state assdsstoess (Dallas and Mastery), whether the student comg
the Free Application for Federal Student Aid (uAspire and Mastery), the number of meetings students had with a uAspitki@lyisenior year (UAspir
only), the type of institution to whicktudents intended to enroll (uAspire and Mastery), and whether the student was assigned to a peer mentor i
implemented concurrently in the uAspire sites (UAspire only). Models include indicator variables for missingness forretg wivamssing values (includin
missingness because the measure is only recorded for one of the intervention sites).
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Table 13. Heterogeneous effects of the text message and peer mentor interventions on Fall 2012 enrollment by selected student

characteristics, by intervention site

Pooled sample Dallas Boston Lawrence / Springfield Philadelphia
Peer
Text Peer mentor Text Text Peer mentor Text Peer mentor
mentor
Free / reduced price lunch 0.022 0.024 0.041~ -0.013 0.025 0.004 0.012 0.009
(0.016) (0.030) (0.020 (0.032) (0.036) (0.047) (0.053) (0.062)
Non free / reduced price -.023 0.075 -0.043 -0.058 0.044 0.114 0.063 -0.052
lunch (0.027) (0.045 (0.033) (0.054) (0.055) (0.078) (0.094) (0.079)
Male 0.018 0.072~ 0.028 -0.025 0.019 0.102~ 0.138* -0.088
(0.02) (0.038) (0.026) (0.044) (0.049) (0.059) (0.064) (0.070)
Female 0.017 0.023 0.027 -0.013 0.042 0.049 -0.02 0.016
(0.019 (0.030) (0.023) (0.032) (0.035) (0.046) (0.054) (0.062)
First (bottom) quartile 0.017 -0.157~
GPA N N (0.027) N N N N (0.092)
Second quartile GPA 0.045~ -0.072
h h (0.025) h - - - (0.076)
Third quartile GPA 0.052~ 0.106
h h (0.026) h - - - (0.076)
Fourth (top) quartile GPA -0.039 0.057
h h (0.036) h - - - (0.090)
Specified college plans -0.015 0.000 -0.042 -0.007 0.059 0.016
(0.023 (0.026) h (0.029) (0.032) (0.038) (0.044) h
College plans not specifiec 0.071~ 0.121** 0.041 0.118* 0.113 0.160~
(0.041) (0.046) N (0.050) (0.056) (0.076) (0.091) N
Fewer than four advising 0.034* 0.051~ 0.018 0.044 0.146** 0.108~
meetings (0.015) (0.028) N (0.037) (0.042) (0.051) (0.057) N
Four or more advising -0.045 -0.004 -0.075% 0.003 -0.017 -0.029
meetings (0.028) (0.031) B (0.034) (0.037) (0.049) (0.057) B

~ p <0.10, * p<0.05, ** p<0.01, *** p<0.001

SourceDallasISD, Mastery and uAspire administrative records (for Boston, Lawrence, and Springfield sites).
Notes: Robust standard errors are reported in parenti@geSicients presented are marginal effects from probit regressitthghe covariates set at the
means. Controls include gender, race/ethnicity, whether students qualified for free/reduced price lunch, high schooloGipda(IBRA from administrativ
records in Dallas and Mastery, sedfported cumulative GPA in uAspire sites), math and ELAesdiasessment scores (Dallas and Mastery), whether the s
completed the Free Application for Federal Student Aid (uAspire and Mastery), the number of meetings students had vii¢ghaavisspduring senior yee
(uAspire only), the type of institutioto which students intended to enroll (uAspire and Mastery), and whether the student was assigned to a pe
intervention implemented concurrently in the uAspire sites (uAspire only). Models include indicator variables for misfingmessovarate with missing

values (including missingness because the measure is only recorded for one of the intervention sites).
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Table 14: Cost estimates and program impacts for the texand peer mentorinterventions and several related colleggoing experimental
interventions

Program Target population Intervention Design CO.St. per First fall semester
participant enrollment impact
Summer 2012 text intervention Personalized text reminders $7 3 D7 percentage
of important college tasks points
Summer 2012 peer mentor intervention Proactive outreach from pee $80 4.5 percentage
mentors to help with summe points
Collegeintending tasks
Summer 2011 counseling experim&Boston high school Proactive outreach from $200 5 percentage points
(Castleman, Pagk Schooley, 2012) graduates financial aid advisors to help
with summer tasks
Summer 2011 counseling experim&ttulton Proactive outreach from $100 8 percentage points
County(Castleman, Pag® Schooley, 2012) school counselors to help for FRL gudents
with summer tasks
New Hampshire college mentor intervention High school 1:1 mentoring from college  $500- $1,000 12 percentage poini
(Carrell & Sacerdote, 2012) seniors who had  students and application fee increase for females
not applied to waivers and reent
college immigrants
H&R Block FAFSA Completion experiment  Low-income adults Help with the FAFSA as par $88 8 percentage points
(Bettinger et al., 2012) with and without of income tax preparation
children

Notes: Cost estimates for the New Hampshire collegetonéntervention were provided by Bruce Sacerdote. Cost estimates for the California college
intervention are from Berman, Ortiz, and Bos (2008). Impact estimates are from a presentation about the program by dstarthesHall 2012 APPAN
conference. Paper not available on APPAM site.
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Figure 1: Text message and high school-university partnership intervention timeline
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Mid-May: HS exit
surveys completed in
Dallas (source for cell
#s and college plans)
Mid-May: HS
graduation in Dallas

July 3" text message intervention
launched in uAspire sites
Early-July: APS counselors began
outreach to students. Outreach
continued through early-August.
July — August: 10 text messages
delivered to each recipient (unless
stop requested). Messages
delivered at approximately 5-day
intervals

August 15™: last text message
delivered

Mid-August: Peer mentors
complete outreach to students

¥ Dallas and uAspire
transferred baseline data,
counselor interaction log
data, and text message
response data

Early-June: Students randomized to text intervention or control group in Dallas. |
Randomization in Dallas done at the counselor level, with counselors each assigned to '

cover graduates from several Dallas high schools.

Mid-June: uAspire advisors finish gathering college plans and cell #s from students

(combination of surveys and counselor outreach to students)

Mid-June: HS graduation in uAspire sites (Boston, Lawrence, Springfield)
Mid-June: Students assigned to text intervention, peer intervention, or control group in

uAspire sites. Randomization done at the site level
Late-June: peer mentors begin outreach to students in uAspire sites
June 28™: text message intervention launched in Dallas

| |
T

¥ Early-December: uAspire

transferred NSC data

¥ Late-January: Dallas

transferred NSC data
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Appendix A: Intervention Design details for the text message and peer mentor interventions

Text message intervention

Information required for message delivery
To deliver the messages, we relied on three types of information: student and parent cell phone

number; the college at which each student intended to enroll; and institution-specific web links and task
completion dates corresponding to each message. Each site administered a senior year exit survey to
collect students’ and parents’ contact information, and information on whether and, if so, where students
were intending to go to college. Prior to the start of summer, each partner agency provided a list of the
colleges at which 80-90 percent of district graduates enroll, based on historic college enrollment data
from the National Student Clearinghouse. For each of these colleges, we assembled documents to
summarize the summer tasks required of incoming freshmen, along with task-specific web links and
completion dates.*

Currently, it is not typical for educational agencies such as school districts to communicate with
their students or families via text message. For this reason, it bears particular mention that neither
students nor their parents were asked to provide informed consent to receive the text messages or to
participate in the research study. Both the Dallas ISD and uAspire legal review processes determined that
the district/organization could text message students as part of their broader communication and outreach
strategies. In collaboration with Dallas ISD and uAspire, we developed several practices so that students
would perceive the messages as credible and to minimize costs incurred by students. First, we sent all
students an introductory message stating the relevant agency’s commitment to helping students make
their college plans a reality and letting students know that over the course of the summer they would be
sending several text message reminders of important college tasks to complete. The Dallas ISD message
was signed by the head of school counseling for the district, while the uAspire message was signed by the
student’s academic year advisor. Second, we agreed to limit the number of messages we sent to ten.”
Finally, we developed a system to immediately cancel all future messages if recipients requested that we
stop messaging them (we describe this system in greater detail below). Notably, less than four percent of
all message recipients requested that we stop messaging them at any point during the summer.

For the purpose of delivering the text messages, we contracted with Reify Health (Reify), a start-
up company aimed at improving health and education outcomes through the application of mobile
technologies. Each partner agency transferred student and parent contact and student postsecondary plan

information directly to Reify, and we provided Reify with spreadsheets containing the college-specific

32 All of these documents are available upon request.
33 Our rationale was that cell phone users who do not have unlimited texting plans often pay $0.10 per message. The
ten-message limit would therefore limit out-of-pocket expenses to approximately $1.00 per recipient.

53



task information. Reify then merged the studamid collegdevel information and delivecepersonalized

messages based on the schedule established at the start of summer.

Peer mentor

Training content
Training covered a number of topics, including the basics of interpreting financial aid award

letters and tuition bills, along with other tasktudents are commonly required to complete during the
summer in order to successfully matriculate in college during the fall. uAspire also spent considerable
time providing the mentors with strategies to advise their peers, and facilitated a range-bfitdang
activities to foster collaboration. Throughout the summer, peer mentors had regular meetings with a lead
advisor with whom they were paired; peer mentors met individually with their lead advisor and uAspire
peer mentors additionally participatiedteam meetings with other peer meraoivisor pairs®
Advisor staffing structure

In Lawrence there was one advisor who supported both peer mentors, while in Springfield each of
the three peer mentors was paired with a single advisor who provided tstippaghout the summer.
Peer mentors and their lead advisors in Boston were first assigned to one of three teams. The first team
had two advisors and four peer mentors; the second team had two advisors and three peer mentors; and
the third team had two &sors and three peer mentors. In all three MA sites, the peer mentors worked
primarily out of the area uAspire central location. The Mastery peer advisors worked out of one of the
five high school campuses. One campus was staffed by two peer mentdhe arcthaining campuses
were staffed by a single peer mentor. In each site, peer mentors were supervised by -alesigpated
counselor.
Peer mentor caseload assignments

In Lawrence, the rules were most straightforward: because there were two memeofsmale
and one male, both of whom attended fgaar institutions, assignment was based exclusively on gender:
female students were assigned to the female peer mentor and male students were assigned to the male
peer mentor. The assignment rules iniggfield were also fairly straightforward: uAspire assigned
students to peer mentors based primarily on gender and the type of institution at which the peer mentor
was enrolled. For instance, females who were intending to enroll at-getwacollege werassigned to
the female peer mentor enrolled at Holyoke Community College. In Boston, the assignment rules were
more complex. The first two teams were staffed by advisors who had worked in the High School

Advising Program during the academic year. Studerte assigned to one of these two teams if they had

34Much of the training focus and structure emerged from trainings uAspire conducts faraduien they join the
| organization. Additional information about uAspireOs approach to training is available upon request from uAspire.

54



graduated from a high school in which an advisor from that team had worked. This assignment rule
accounted for approximately twhirds of the students in Team 1 and Team 2. The remaining students
had woked during senior year with an advisor who either had left uAspire, or who was not assigned to
staff the summer peer mentor intervention. These students were assigned to either fill out the first two
teams or to populate the third team. Within team, stisdeere assigned wherever possible to specific
peer mentors who: (1) attended the college or university where the student intended to matriculate; (2)

graduated from the same high school as the student; or (3) was the same gender as the student.

Text mesage clickthrough rates

In order to remain within the 16€haracter limit for text messages, Reify created tRbrteners, using
the Google URL shortener service, for each of the institutamal taskspecific web links. These URL

shorteners consolidate GRL of any length into a 20haracter web link (e.dhttp://goo.gl/7PmVY.

Google provides analytic data on the total number of ¢hic&ughs for each link, which we present by

site in Table 8. Unfortunately, we arenable to distinguish from the available data whether the-click
throughs were unigue students, or the same student or parent returning multiple times to the site. We pool
the uAspire sites because of the overlap in Massachusetts colleges and univeesitiesl &ty students

from all three sites. In the top panel, we provide, for each task for which we sent a web link, the total
number of click throughs across all institutions. We also indicate for each task when during the summer
the message was deliverdd.the bottom panel, we repeat from earlier tables the total number of students
assigned to the intervention and the total number of working student and parent numbers that Reify
received for each site. We also provide the total number of institutionghioh there were institution

specific web links within each sitAcross tasks and sites, clithrough rates were modest relative to the

total number of students and parents to whom Reify was able to send meBsadestance, in Dallas,

out of the 814students and 663 parents messaged, there were 13xhebicighs for the web links that
brought recipients to the web portal at the studentOs intended college. Click through rates in Dallas were
lower for messages pertaining to freshman orientation, placernests, and housing forms (in the
clickrange of 3855 click-throughs per task). Towards the end of the summer, there was an increase in
click-throughs, with 87 on the tuition payment options links and 47 on the health insurance links. The
trend in theuAspire sites was with similar: out of the 768 students and 232 parents messaged, there were
87 clickthroughs for the web portal links and a smaller number for the orientation and placement test
links (42 and 34, respectively). Click through rates inpifesswere particularly low for the housing form

links, which received only 15 cliekhroughs. As in Dallas, there was an increase towards the end of

summer, with 95 clickhroughs on the tuition payment options links and 55 on the health insurance links.
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Table Al: Intervention staffing by site
Dallas, TX Boston, MA Lawrence, Springfield, Philadelphia,

MA MA PA
Number of counselors 9 9 1 3 5
staffing the
intervention
Intervention(s) to Text message Text message Text message Text message Peer mentor
which counselors were and FAFSA 3) and peer and peer
assigned completion  Peer mentor mentor mentor
(6)
Hours worked per 75 50-100 140 140 --
counselor
Total student caseloac  260-290  Text message 194 140" 40
per counselor b175
Peer mentor

p75'

Text message 150- 170 175 100 90 --

treatment group

students per counselo

Notes: Concurrent to the text messaging intervention in Dallas, our research team implemented a
completion intervention with students who had not completed the FAFSA byshkigol graduation. The nin
Dallas ISD counselorsO caselotidsefore includedigh school seniors who had not completed the FAFSA ¢
graduation, to whom they were assigned to reach out to help with FAFSA completion, as well as students
compkted the FAFSA and who received the text messaging intervention. Advisors in the uAspire sites v
responsible for active outreach to their caseload of students in the peer mentor intervention. Rather, t
responsible for supporting peer mentorgheir outreach to students, and for meeting individually with stud
when they were referred to the advisor by the peer mentor.
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Table A2: Total number of text message web link clickhroughs, by site

Number of web link clickhroughs for

each tak
Dallas UAspire
Task (message delivery tifframe)
Log on to institutional web portal (early July) 131 87
Register for freshman orientation (eadlyly) 52 42
Register for placement tests (mildly) 55 34
Complete housing fons (mid-July) 38 15
Look into tuition payment plan options (lalaly) 87 95
Look into health insurance options and waiver policy, if 47 55
Applicable (earlyAugust)
Total number of students in text treatment group 1,454 1,070
Totalworking student cell numbers sent to text messaging 814 768
platform
Totalworkingstudent cell numbers sent to text messaging 663 232
platform
Total number of institutions for which there were institution 13 29

specific web links

Source: Reify HealtAdministrative data

Notes: Reify Health created URthorteners, using the Google URL shortener service, for each of the instit
and taskspecific web links that were included in the personalized messages that went out to students,
provides anattic data on the total number of clithkroughs for each link. We pool the uAspire sites because ¢
overlap in Massachusetts colleges and universities attended by students from all three sites.
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Table A3: Impact of the text message and peer mentor intervention on Fall 2012 enrollment,
Lawrence and Springfield

Lawrence, MA Springfield, MA
Overall Enrollment Enrollment Overall Enrollment Enrollment
enrollment  at four-year at two-year enrollment at four-year at two-year
(1) (2) (3) 4) (5) (6)
Text message 0.078 0.042 0.056 0.075~ 0.031 0.037
(0.063) (0.071) (0.075) (0.042) (0.038) (0.040)
Peer mentor 0.024 0.097 -0.058 0.033 0.018 0.033
(0.065) (0.075) (0.074) (0.052) (0.049) (0.050)
N 294 294 294 696 696 696
Pseudo-R* 0.16 0.52 0.24 0.16 0.51 0.18
Full set of controls q q q q q q
Fixed effects for N/A N/A N/A N/A N/A N/A
level of
randomization

~p <0.10, * p<0.05, ** p<0.01, *** p<0.001

Source: uAspire administrative records (for Boston, Lawrence, and Springfield sites).

Notes: Robust standard errors are reported in parentheses. Coefficients presented are marginal effects from probit
regressions with the covariates set at their means. Controls include gender, race/ethnicity, whether students qualified
for free/reduced price lunch, self-reported cumulative GPA, whether the student completed the Free Application for
Federal Student Aid, the number of meetings students had with a uAspire advisor during senior year, and the type of
institution to which students intended to enroll. Models include indicator variables for missingness for any covariate
with missing values.
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Table A4: Sensitivity of Fall 2012 enrollment impacts to whether students provided a cell number for messaging and whether studentsO
intended institution was covered in the National Student Clearinghouséawrence and Springfield

Total sample Student or parent No student or parent Students intending to
number number enroll at an NSC matcl
inst.
(5) (6) (1) (8)
Text message 0.071* 0.076* -0.033 0.071~
(0.035) (0.036) (0.098) (0.038)
Peer mentor 0.036 0.048 0.104 0.033
(0.040) (0.040) (0.217) (0.043)
N 990 938 52 723
Full set of controls v v v v
Fixed effects for level of randomizatio v/ V4 V4 V4

~ p <0.10, * p<0.05, ** p<0.01, *** p<0.001

Source:uAspire administrative records (for Boston, Lawrence, and Springfield sites).

Notes: Robust standard errors are reported in parentt@sefficients presented are marginal effects from probit regressitimshe covariates set at the
means. Cotrols include gender, race/ethnicity, whether students qualified for free/reduced price lunch, cumulative Gipadqslindported for uAspire)
whether the student completed the Free Application for Federal Student, and the number of meetingdatudéhts uAspire advisor during senior ye
Models include indicator variables for missingness for any covariate with missing values.
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