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Motivation
- Individuals from low-income families earn less than peers from high-income families

(Chetty et al., 2014; Solon, 1992)

- Gaps emerge early: lower test scores, high school graduation, and college attendance
(Black et al., 2005; Chetty et al., 2020)

- Given returns to schooling, education is a key lever for reducing earnings disparities
(Bhuller et al., 2017; Card, 1999; Fitzpatrick et al., 2011; Zimmerman, 2014)

- Policies expanding resources in high-poverty schools—better teachers, smaller classes,
tutoring, equalized funding—show important bene!ts
(Aizer et al., 2016; Chetty et al., 2014; Hyman, 2017; Jackson et al., 2016; Nickow et al., 2020)

- Low-income students face upstream barriers that limit access to these opportunities
(Malkus, 2024; Robinson et al., 2025)
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Helping Students Overcome Barriers: Communities In Schools

- How can we help students overcome barriers to learning in high-poverty schools?

- One promising approach: combine traditional resources with personalized supports
that help students navigate challenges and access services (e.g., Barr and Castleman, 2025;
Bergman et al., 2024; Caspi and Rafkin, 2025; Espinosa et al., 2024; Katz et al., 2022; Weiss et al., 2019)

- This paper: Communities In Schools (CIS), which places a site coordinator in
high-poverty schools

- Connect struggling students with in-school supports (tutoring, mentoring) and
out-of-school resources (food, housing, health), tailored to individual needs

- CIS currently serves 2 million students annually; 3x the size of Head Start
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Roadmap
1. Academic Outcomes

- E”ect of CIS on test scores among students who struggle academically, have poor
attendance, or face disciplinary problems

- Staggered adoption of Texas CIS programs and K-12 admin data

2. Long-Run E”ects
- High school graduation and college attendance in Texas

- Earnings from national CIS programs and linked Census and IRS data

3. Mechanisms and Persistence
- Can we forecast long-run e”ects using intermediate short-run outcomes?

4. Program Costs and Scaling
- How does CIS compare to reductions in class size?

- Forecasted impacts of future expansions of the program
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CIS Intervention
- “Surround students with a community of support, empowering them to stay in school
and achieve in life” (Communities In Schools, Inc., 2011)

- Teachers and sta” refer students with academic, behavioral, attendance, or
basic-needs concerns to case management

- Case management: regular meetings with a site coordinator who connects students to
in-school supports (tutoring, mentoring) and community resources (food, housing,
health care, social-emotional support)

- In Texas, about 12.5% of students receive case management in a given year
- The median case managed student meets with the site coordinator 29 times in a year

- Other students bene!t from basic-needs services and school-wide initiatives (e.g.,
improving attendance culture)
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Percent of Texas Students in a CIS School
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Characteristics of CIS Schools
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Case Managed vs. Other Students in CIS Schools

Ever in School Case Managed Other Students
with CIS Program Students in CIS Schools

Fraction White 0.26 0.2 0.66

Fraction FRPL 0.52 0.77 0.07

Std. Math Score in 6th Grade -0.13 -0.54 -0.09

Absence Rate in 6th Grade 0.04 0.05 0.04

In-School Suspension Rate in 6th Grade 0.17 0.21 0.05

Graduate from HS 0.73 0.68 0.76

N 3,300,000 132,000 342,000
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Distribution of Top Services
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Data
- Texas Education Research Center administrative records: K–12, postsecondary, and
labor market outcomes

- All Texas public school students, 1995–2019

- CIS program data: school participation (all active schools in 2019–20 with start dates)
and student-level case management, 2014–2019

- Focus on middle school CIS programs; use elementary records for pre-period
outcomes and universal test scores

- 16 million unique students, including 3 million who ever attended a CIS school

- Census data (2000, 2010) linked to federal income tax records, 1979–2019
(Chetty, Dobbie, Goldman, Porter, and Yang, 2025)
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Predicting Case Management

- Goal: identify students most likely to receive intensive CIS services

- Only 12.5% of students are case managed in a given year
- 18% “ever case managed” in middle school

- Compare outcomes to “likely case-managed” students in non-CIS schools

- Strategy avoids bias from unobserved shocks that trigger case management
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Percent of Students Case Managed in Middle School
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Percent of Students Case Managed in Middle School
Out-Of-Sample Prediction from GBMModel
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Outcomes for High-Risk v. Low Risk Students

High-Risk Students Low-Risk Students

Std. Math Score in 6th Grade -0.69 0.78

Absence Rate in 6th Grade 0.046 0.027

Graduate from HS 0.60 0.86

Enroll in TX Colleges (18-22) 0.33 0.74

Employed at Age 27 0.59 0.65

Average Earnings at Age 27 $15,847 $35,260

N 1,968,000 1,986,000
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Empirical Approach
- Stacked event study comparing CIS schools to “never treated” control schools

(Sun and Abraham, 2021)

- Control schools chosen based on pre-entry characteristics and outcomes more than
!ve years prior to CIS

yi,t = ∑5
τ=[→5,5]

τ ↑=→1
βτ 1[t → T (s) = τ] · CISs + εs,r ,m + ϱt + εi,t
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Cumulative Exposure to CIS by Year

DID Coef.: Years 3-5
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High-Risk Students: E”ect on Math Scores
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Low-Risk Students: E”ect on Math Scores
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Test Score E”ects by Risk Quartile
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Alternative Identi!cation Assumptions
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Percent of Students who are White
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E”ects on Student and Teacher Characteristics
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Estimating Long-Run E”ects

- Year-based: Compare outcomes within a school before and after CIS entry to
outcomes in control schools

- Cohort-based: Compare outcomes within a school of exposed vs. unexposed cohorts
to outcomes in control schools

- One outcome per student; equivalent to running grade-level estimates and stacking
across grades

- First stage accounts for total years of CIS exposure
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Cumulative Exposure to CIS

Elementary School Exposure
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Percent Graduated from High School
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E”ects on College Attendance (pp) for High-Risk Students
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Economic Outcomes

- Most Texas CIS programs are too recent to see students in their late 20s or early 30s

- Instead, use CIS programs outside Texas linked to Census and IRS data

- Assign students to schools based on neighborhood catchment zones

- Compare outcomes in CIS neighborhoods to those in later-treated neighborhoods

- Cannot distinguish high- vs. low-risk students (we later compare to Texas estimates)

- Outcome: income percentile at age 27
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Cumulative Exposure to CIS
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Household Income Percentile at Age 27
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Quantiles: Household Income Percentile at Age 27
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Were Long-Run E”ects Forecastable?

- How do predicted long-run e”ects from in-school outcomes compare to actual
long-run e”ects?

- If predicted e”ects are larger: suggests fade-out (e.g., teaching to the test, later
constraints o”set gains)

- If predicted e”ects are smaller: suggests impacts through unobserved channels (e.g.,
grit, social capital, spillovers, complementarities)

- If predicted e”ects are accurate: supports validity of “statistical surrogates”
(e.g., Athey et al., 2025; Prentice, 1989)

- Implication: future rollouts could be evaluated much more quickly
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Out-of-Sample Accuracy of HS Graduation Prediction

AUC = 0.81
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True vs. Predicted E”ects on HS Graduation
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Accuracy of Di”erent Prediction Methods
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When Does Personalization Pay O”?

Di”erent needs→ Di”erent services

E”cient
Personalization

Similar Long-Run Outcomes

Ine”cient
Personalization

Divergent Long-Run Outcomes

- Classify students based on whether primary needs are academic or non-academic
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Fraction of Services Targeted at Academics
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Treatment E”ect of CIS by Student Type

Middle School Math Scores
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Conclusion

- Students from low-income families fall behind in school and in the labor market

- Communities In Schools (CIS)—the nation’s largest integrated student support
program—improves both in-school and long-run outcomes

- Cognitive and non-cognitive channels are important for explaining e”ects

- Relational model of support (dedicated navigator) improves outcomes cost-e”ectively
- $1,000 in CIS ↓ +$406 in adult earnings
- vs. +$40 from class-size reductions (Chetty et al., 2011)
- 3 years of CIS ↔ PDV of lifetime earnings by $40k and tax revenue by $7.2k per student

- Gains are concentrated among the most disadvantaged students

- Targeted expansion could nearly double CIS’s overall impact
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Predicted Impacts of CIS Expansion on Graduation Rates

Optimal Assignment
by High-Risk Concentration

Hypothetical Optimal Roll-Out
Starting From True CIS Allocation[6.77%]

[13.3%]

[20%] Percent of High- vs. Low-Risk Graduation Gap Closed

0.00

0.01

0.02

0.03

Im
pa

ct
 o

n 
H

ig
h-

R
is

k 
H

ig
h 

Sc
ho

ol
 G

ra
du

at
io

n 
R

at
e

0 20 40 60 80 100
Percent of Students Covered By CIS

38 / 38



References I
Aizer, A., S. Eli, J. Ferrie, and A. Lleras-Muney (2016). The long-run impact of cash transfers to poor families. American

Economic Review 106(4), 935–971.
Athey, S., R. Chetty, G. W. Imbens, and H. Kang (2025). The surrogate index: Combining short-term proxies to estimate

long-term treatment e”ects more rapidly and precisely. Review of Economic Studies, rdaf087.
Barr, A. and B. Castleman (2025, November). Increasing degree attainment among low-income students: The role of

intensive advising and college quality. American Economic Review 115(11), 4075–4103.
Bergman, P., R. Chetty, S. DeLuca, N. Hendren, L. F. Katz, and C. Palmer (2024). Creating moves to opportunity:

Experimental evidence on barriers to neighborhood choice. American Economic Review 114(5), 1281–1337.
Bhuller, M., M. Mogstad, and K. G. Salvanes (2017). Life-cycle earnings, education premiums, and internal rates of return.

Journal of Labor Economics 35(4), 993–1030.
Black, S. E., P. J. Devereux, and K. G. Salvanes (2005). Why the apple doesn’t fall far: Understanding intergenerational

transmission of human capital. American Economic Review 95(1), 437–449.
Card, D. (1999). The causal e”ect of education on earnings. Handbook of Labor Economics 3, 1801–1863.
Caspi, A. and C. Rafkin (2025). Legal assistance for evictions.
Chetty, R., W. Dobbie, B. Goldman, S. R. Porter, and C. Yang (2025). Growing class gaps, shrinking race gaps: Economic and

sociological mechanisms underlying recent trends in intergenerational mobility. Quarterly Journal of
Economics forthcoming.

Chetty, R., J. N. Friedman, N. Hilger, E. Saez, D. W. Schanzenbach, and D. Yagan (2011). How does your kindergarten
classroom a”ect your earnings? evidence from project star. The Quarterly Journal of Economics 126(4), 1593–1660.

Chetty, R., J. N. Friedman, and J. E. Rocko” (2014). Measuring the impacts of teachers ii: Teacher value-added and student
outcomes in adulthood. American Economic Review 104(9), 2633–2679.



References II

Chetty, R., J. N. Friedman, E. Saez, N. Turner, and D. Yagan (2020). Income segregation and intergenerational mobility across
colleges in the united states. The Quarterly Journal of Economics 135(3), 1567–1633.

Chetty, R., N. Hendren, P. Kline, and E. Saez (2014). Where is the land of opportunity? the geography of intergenerational
mobility in the united states. The Quarterly Journal of Economics 129(4), 1553–1623.

Communities In Schools, Inc. (2011). Communities in schools: The nation’s leading dropout prevention organization.
Technical report, Communities In Schools, Inc., Arlington, VA. Retrieved from
https://www.communitiesinschools.org/media/uploads/attachments/Communities_In_Schools_The_Nations_

Leading_Dropout_Prevention_Organization_1.pdf.
Espinosa, J., W. N. Evans, D. C. Phillips, and T. Spilde (2024). How do holistic wrap-around anti-poverty programs a”ect

employment and individualized outcomes? Technical report, National Bureau of Economic Research Working Paper
32911.

Fitzpatrick, M. D., D. Grissmer, and S. Hastedt (2011). What a di”erence a day makes: Estimating daily learning gains during
kindergarten and !rst grade using a natural experiment. Economics of Education Review 30(2), 269–279.

Hyman, J. (2017). Does money matter in the long run? e”ects of school spending on educational attainment. American
Economic Journal: Economic Policy 9(4), 256–280.

Jackson, C. K., R. C. Johnson, and C. Persico (2016). The e”ects of school spending on educational and economic outcomes:
Evidence from school !nance reforms. The Quarterly Journal of Economics 131(1), 157–218.

Katz, L. F., J. Roth, R. Hendra, and K. Schaberg (2022). Why do sectoral employment programs work? lessons from
workadvance. Journal of Labor Economics 40(S1), S249–S291.

Malkus, N. (2024, April). Long covid for public schools: Chronic absenteeism before and after the pandemic.

https://www.communitiesinschools.org/media/uploads/attachments/Communities_In_Schools_The_Nations_Leading_Dropout_Prevention_Organization_1.pdf
https://www.communitiesinschools.org/media/uploads/attachments/Communities_In_Schools_The_Nations_Leading_Dropout_Prevention_Organization_1.pdf


References III

Nickow, A., P. Oreopoulos, and V. Quan (2020). The impressive e”ects of tutoring on prek-12 learning: A systematic review
and meta-analysis of the experimental evidence. Technical report, National Bureau of Economic Research Working Paper
27476.

Prentice, R. L. (1989). Surrogate endpoints in clinical trials: de!nition and operational criteria. Statistics in Medicine 8(4),
431–440.

Robinson, C. D., B. Bisht, and S. Loeb (2025). The inequity of opt-in educational resources and an intervention to increase
equitable access. Educational Researcher 54(6), 328–338.

Solon, G. (1992). Intergenerational income mobility in the united states. The American Economic Review, 393–408.
Sun, L. and S. Abraham (2021). Estimating dynamic treatment e”ects in event studies with heterogeneous treatment e”ects.

Journal of Econometrics 225(2), 175–199.
Weiss, M. J., A. Ratledge, C. Sommo, and H. Gupta (2019). Supporting community college students from start to degree

completion: Long-term evidence from a randomized trial of cuny’s asap. American Economic Journal: Applied
Economics 11(3), 253–297.

Zimmerman, S. D. (2014, October). The Returns to College Admission for Academically Marginal Students. Journal of Labor
Economics 32(4), 711–754. Publisher: The University of Chicago Press.


	References

