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ABSTRACT 

KIPP is an influential and rapidly growing network of over 100 charter schools that serve 

primarily disadvantaged minority students. Prior evidence suggests that KIPP may positively 

affect student achievement, but these studies do not provide conclusive evidence due to 

methodological limitations. Federal and state education policy makers and district administrators 

may be interested in learning more about the impacts on this large network of charter schools on 

student achievement. We use propensity score matching to identify traditional public school 

students with similar characteristics and prior achievement histories as students who enter KIPP. 

Across 22 KIPP schools, we find positive and statistically significant impacts of KIPP on student 

achievement, with larger impacts in math than in reading. These impacts persist over four years 

following admission, and are not driven by attrition of low performers from KIPP schools. 
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DO KIPP SCHOOLS BOOST STUDENT ACHIEVEMENT? 

I. INTRODUCTION 

KIPP is a rapidly growing network of charter schools, designed to expand educational 

opportunities for low-income students. The first two KIPP schools opened in Houston and New 

York City in 1995, and the network has grown to 109 schools operating in 20 states and the 

District of Columbia in the 2011-2012 school year. The ultimate goal of KIPP, according to the 

KIPP Foundation mission statement, is to become a ―national network of public schools that are 

successful in helping students from educationally underserved communities develop the 

knowledge, skills, character, and habits needed to succeed in college and the competitive world 

beyond‖ (see http://www.kipp.org/about-kipp/the-kipp-foundation). In this paper, we examine 

KIPP’s success in helping students develop knowledge and skills, by providing the first large-

scale, systematic, and rigorous assessment of the impacts KIPP schools have on academic 

achievement in math and reading.  

The influence of KIPP in the national debate over education policy has been 

disproportionate to its size. Although the KIPP network is growing rapidly and it now serves as 

many students as a medium-sized urban school district (about 32,000 students in 2011-2012), 

this constitutes only about 2 percent of all charter school students and less than 0.1 percent of all 

public school students in the U.S. Nonetheless, KIPP is often cited as an example of a successful 

model for educating disadvantaged students. For example, shortly after taking office as U.S. 

Secretary of Education in 2009, Arne Duncan appeared before American Council on Education 

and told them, ―From Teach For America to the KIPP charter schools to instructional 

innovations at colleges and universities, we have proven strategies ready to go to scale‖ (See 

http://www.kipp.org/about-kipp/the-kipp-foundation
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http://www.ed.gov/news/speeches/secretary-arne-duncan-speaks-91st-annual-meeting-american-

council-education). This is a controversial view. Supporters agree that KIPP is perhaps the best 

hope for educating disadvantaged students who have not been well served by the traditional 

public school system (Thernstrom and Thernstrom 2003; Mathews 2009). Critics charge that 

KIPP draws resources from traditional public schools and that the apparent positive effects of 

KIPP are actually driven by creaming of the most motivated and least disruptive students, either 

at entry or through selective attrition (Carnoy et al. 2005; Kahlenberg 2011; Miron 2011). 

Prior research has concluded that KIPP has positive effects on student achievement, but 

many of these studies have serious methodological limitations. Studies of KIPP schools in 

Baltimore (MacIver and Farley-Ripple 2007) and Memphis (McDonald et al 2008) found higher 

achievement scores among students at the KIPP schools in these cities than among their 

traditional public schools, controlling for students’ demographic and socioeconomic 

characteristics. Similarly, a study of 24 KIPP schools assessed the performance of their students 

on a nationally normed achievement test and found that growth rates on achievement tests of the 

KIPP students exceeded those of a national sample (Educational Policy Institute 2005). 

However, these studies used very broad comparison groups and did not account for unmeasured 

student characteristics potentially related to KIPP enrollment and subsequent achievement.  

Two recent studies have provided more rigorous evidence on KIPP impacts, but cover a 

limited number of KIPP schools. Woodworth et al. (2008) used propensity score matching 

techniques to estimate the impacts of the first year of attendance at three San Francisco area 

KIPP schools. They found that these schools had statistically significant impacts of 0.16 to 0.68 

standard deviations in reading and 0.19 to 0.88 standard deviations in math. Angrist et al. (2010) 

conducted a lottery-based study of a single KIPP school in Massachusetts and estimated average 

http://www.ed.gov/news/speeches/secretary-arne-duncan-speaks-91st-annual-meeting-american-council-education
http://www.ed.gov/news/speeches/secretary-arne-duncan-speaks-91st-annual-meeting-american-council-education
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impacts for a year of KIPP attendance of 0.35 standard deviations in math and 0.12 standard 

deviations in reading.  

In this paper, we use a rigorous non-experimental design to estimate the achievement 

impacts of admission to 22 KIPP schools over a four-year follow-up period. The key to the 

design involved using propensity score matching to compare KIPP students to a matched group 

of traditional public school students from their districts with similar characteristics and a similar 

history of prior achievement. We find positive and statistically significant impacts of KIPP on 

student achievement, with larger impacts in math than in reading. These impacts persist over four 

years following admission, and are not driven by attrition of low performers from KIPP schools. 

 

II. ESTIMATION METHODS 

A. Data and Sample 

The KIPP schools included in the analysis met two criteria. First, we focused on the 35 

KIPP middle schools established by the 2005-2006 school year, in order to be able to include 

multiple cohorts of students over multiple years of follow-up. Second, the schools had to be 

located in districts or states that provided at least three years of longitudinally linked 

achievement data for students in public schools. Ultimately, 22 KIPP schools in 10 states and the 

District of Columbia met these criteria.
1
 We obtained data from the local school districts for 15 

schools and from the state education departments for 7 schools. In each case, the data included 

students’ raw scores in math and reading on the state assessment, and information about the 

students’ demographic, socioeconomic, and educational characteristics. 

Students in the sample included (a) those entering KIPP schools for the first time in the 5th 

or 6th grade in a given school year who had attended a non-KIPP district school in the previous 
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year; and (b) non-KIPP district school students in the same grade/year cohort who did not enter 

KIPP in the followup years. We obtained data on these students for two years prior to the year of 

KIPP entry—baseline and pre-baseline years—and up to four follow-up years after KIPP entry. 

In particular, we followed sample members either through 8th grade or up to the last year of data 

provided by their state or district, whichever came first. 

Data used in the analysis covers the period through 2007-2008 for most KIPP schools in the 

study and through 2008-2009 for three schools. Based on differences among participating 

schools in the year the KIPP school opened and the initial year the state or district was able to 

provide data, we have data on varying numbers—between three and eight—of cohorts at 

different schools. Overall, we have data on a total of 94 school/year cohorts of students who 

entered the 22 KIPP schools between 2001-2002 and 2008-2009. The resulting sample consists 

of 7,143 students who entered KIPP schools during the follow-up period, including 5,993 

students used in the impact analysis.
2
 The descriptive analysis of the characteristics of non-KIPP 

students in districts in which a KIPP school is located is based on a total sample size of 

2,800,927.
3
 From among these students, we selected a matched comparison sample of 5,993 non-

KIPP students for the impact analysis. 

Baseline characteristics of KIPP students in the sample compared with students in their 

districts who did not enter KIPP are shown in Table 1. The vast majority of students at KIPP 

schools over this period were black (64 percent) or Hispanic (32 percent), with fewer than 5 

percent white, non-Hispanic (or of some other racial/ethnic group). While the districts in which 

these schools are located also tended to enroll large proportions of black and Hispanic students, 

the proportion white, non-Hispanic or of another racial/ethnic group (28 percent) was much 

larger than at the KIPP schools. KIPP students were also more likely than other district students 
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to be economically disadvantaged, as measured by the proportion eligible for free or reduced-

price school meals (82 versus 64 percent). By contrast, KIPP students were less likely than other 

district students to be classified as special education (9 versus 12 percent) or limited English 

proficient (6 versus 12 percent) students. 

We measured sample members’ baseline achievement levels using their performance on the 

4th grade state assessments in math and reading. In this and all other analyses involving student 

achievement, we standardized test scores by creating a z-score for each student—the student’s 

raw score minus the mean score for all district students taking the test in the same year and grade 

and divided by the standard deviation of scores for that same group. District students who did not 

enter KIPP had mean standardized scores close to zero (0.03 in each subject).
4
 KIPP students 

entered 5th grade with lower test scores than others in their district, on average, as their mean 

scores were -0.10 in math and -0.08 in reading. KIPP students’ mean baseline achievement levels 

were closer to those of other students in their baseline (4th grade) schools who did not enter 

KIPP, who had mean baseline scores of -0.08 in math and -0.07 in reading (not shown in table). 

B. Propensity Score Matching 

Before estimating KIPP impacts, we used propensity score matching to select a comparison 

group that would be analogous to a control group from an experimental study—similar to 

students who entered KIPP based on observable characteristics other than their choice to remain 

in non-KIPP public schools rather than enter a KIPP school in grade 5 or 6. We first estimated a 

matching model to examine the relationship between students’ baseline characteristics and their 

likelihood of entering KIPP. We then used estimates from this matching model to calculate 

propensity scores for all sample members. These scores were used to select the comparison 

group by identifying students from among the pool of potential comparison students—district 
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students not entering KIPP—whose propensity scores were closest to those who entered KIPP. 

Finally, we assessed the quality of this matched comparison group to determine whether their 

observed characteristics and those of the KIPP entrants were truly balanced.  

The basic propensity score matching approach we use here for estimating school-level 

impacts has been validated by three recent studies that have compared impact estimates based on 

a matching model similar to ours with estimates of the same impact parameter based on an 

experimental design (Bifulco 2010; Fortson et al. 2012; Furgeson et al. 2012). Furgeson et al. 

(2012) studied the impact on math and reading achievement of charter management organization 

schools, and found that the estimated impacts based on a propensity score matching design were 

0.01 standard deviation units higher in math and 0.03 units lower in reading than those based on 

an experimental design, with neither difference statistically significant. In a study of charter 

middle schools, Fortson et al. (2012) also did not find statistically significant differences 

between impact estimates based on a propensity score matching design and those based on an 

experimental design; in both math and reading the matching design produced impact estimates 

0.05 standard deviation units higher than the experimental design. Finally, Bifulco (2010) used 

three different pools of potential comparison students in estimating impacts of magnet schools, 

thus creating six different matching-experimental comparisons. Across these comparisons, there 

was one case in which the matching-experimental difference was statistically significant and five 

cases in which the difference was not significant. On average, the matching approach produced 

impact estimates that were 0.03 standard deviation units higher than those produced by the 

experimental design in both reading and math. 
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1. Matching Model 

The matching model was designed to use baseline characteristics—including achievement 

scores—to predict which students would ultimately enter KIPP. We estimated this model 

separately in each KIPP site, based on a sample that included KIPP entrants and all students in 

the pool of potential comparison group students. The pool of potential comparison group 

students for a given KIPP school included all students attending schools in the local public 

school district who did not subsequently enter the KIPP school. The dependent variable in the 

model was a binary indicator of whether the student entered KIPP, and we used logistic 

regression to estimate the model. We considered the following variables as covariates, as well as 

quadratic and cubic functions of the continuous covariates and interactions between 

combinations of covariates: 

 Baseline math and reading scores 

 Pre-baseline math and reading scores 

 Test score missing value indicators
5
 

 Indicators for repeating a grade in the baseline or pre-baseline year 

 Indicators for gender, race/ethnicity, special education status, limited English 

proficient status, and free or reduced-price school meal eligibility 

The baseline achievement scores were critically important to include in the model. By 

identifying comparison students with a similar history of prior achievement as the KIPP students, 

we could match on the student characteristics that are the strongest predictors of future academic 

achievement. Prior studies have found that non-experimental designs are most likely to succeed 
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in replicating randomized experimental impact estimates when they include pre-treatment 

measures of the outcomes of interest (Cook et al. 2008; Bifulco 2010; Fortson et al. 2012; 

Furgeson et al. 2012). Thus, baseline scores were included in the matching model with certainty. 

Other covariates were iteratively included in the model and retained only if they were determined 

to have improved the fit of the model, using a cut-off p-value of 0.20 for this purpose.  

2. Selecting the Matched Comparison Group 

For each sample member, we calculated a propensity score based on student characteristics 

and the estimated coefficients from the matching model. For each KIPP student, we then selected 

from among the area of common support within the full potential comparison group pool 

(without replacement) the student with the closest propensity score, or the ―nearest neighbor.‖ 

This set of nearest neighbor matches formed the matched comparison group, which—due to the 

matching process—was of equal sample size to the treatment group of KIPP entrants. 

Within each KIPP site, we then assessed the quality of the match. To be defined as a good 

match, we required baseline math and reading scores to be balanced; that is, for there to be no 

statistically significant differences between the treatment and matched comparison group at the 

0.05 level in these scores. We also required that at least 90 percent of the remaining covariates 

included in the matching model in a given site have no statistically significant treatment-control 

differences.  

By these standards, we had good matches between the KIPP treatment group and matched 

comparison group in all 22 KIPP sites. In no site was there a statistically significant difference 

between the two groups in baseline reading or math scores. Further, in 20 of the 22 sites there 

were no significant treatment-matched comparison group differences in the mean values of any 

of the covariates. In the other two sites, there were significant differences for 7 percent of the 
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covariates. Across sites, average baseline reading and math scores were nearly identical. Mean 

reading scores were -0.08 among the treatment group and -0.09 among the matched comparison 

group, while mean math scores were -0.11 among both groups. The near equivalence of baseline 

achievement scores also held when the sample was restricted to students with valid follow-up 

outcome data (Tuttle et al. 2010).  

C. Impact Model 

Following matching, we estimated KIPP impacts using a regression model that included as 

covariates students’ baseline characteristics. Even though we used matching to create 

comparison groups for each KIPP school that were similar to KIPP students, we used a 

regression model to improve the precision of the impact estimates and control for any baseline 

differences between the treatment and matched comparison groups that remained after matching. 

As with the matching process, we estimated the impact model separately by KIPP site, and used 

a sample that included separate observations for up to four follow-up years of outcome 

measures.
6
 Fifth grade KIPP entrants and their matched comparison students, for example, could 

contribute up to four observations reflecting their test scores over the next four years (through 

8th grade for most of them), so long as our data covered that entire period. Students entering 

KIPP in 6th grade could contribute up to three years of follow-up data. Later cohorts of students 

entering KIPP close to the end of the data collection period were followed for fewer years. In 

addition, five KIPP schools dropped entirely out of the analysis of year 4 impacts because the 

data collection period ended three years after the school opened. Thus, the sample used in 

estimating impacts after three or four years following KIPP entry is smaller than that used in 

estimating impacts after one or two years. Finally, students were retained in the sample if they 

changed schools within the district, but were dropped from the sample if they left the district 
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(that is, they contributed to the sample only for those years they remained in the district). In the 

average site, 17 percent of KIPP students left the district at some point during the follow-up 

period, compared with 18 percent among other students in the district. 

In a given KIPP site, we estimated the following model: 

 (1) 
4

1

it it n it t it

n

y X Tn , 

where ity  is the outcome of interest for student i in year t; itX  is a vector of characteristics of 

student i in year t; itTn  is a binary variable for being in the treatment group in outcome year n 

(that is, for being admitted to KIPP n years ago); t  is a set of fixed year indicators; it  is a 

random error term that reflects the influence of unobserved factors on the outcome; and ,  , 

and n  are parameters or vectors of parameters to be estimated.  

The model’s covariates included baseline and pre-baseline math and reading test scores, 

gender, race/ethnicity, special education status, free and reduced-price status, limited English 

proficiency, and dummy variables indicating whether students had repeated a grade in the 

baseline or pre-baseline year. The model also included a set of dummy variables indicating the 

grade in which the outcome was measured, as well as missing value indicator variables for the 

test score measures. 

The estimated coefficient on treatment status in year n, n , represents the impact of having 

enrolled in the site’s KIPP school n years ago. These are cumulative impact estimates; for 

example, 
2
 reflects the estimated effect of being admitted to KIPP two years ago relative to 

staying in traditional public schools over those grades. After estimating impacts separately by 

site, we averaged impacts across the 22 KIPP sites. 
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The quasi-experimental design represented by the model presented above and the propensity 

score matching process are based on the premise that prior achievement serves as a good 

predictor of future achievement, independent of a student’s enrollment in KIPP. If true, then the 

achievement levels of treatment and matched comparison group students period would have been 

the same during the follow-up period, if not for the former group’s enrollment in KIPP. With two 

years of prior achievement data, we were able to test this premise using the following 

specification test. We estimated a simplified version of the impact model in which we defined 

the outcome to be students’ baseline (4th grade) test score in a given subject, and then used their 

pre-baseline (3rd grade) math and reading scores as the key covariates, along with treatment 

status and the other covariates listed above.
7
 Because the ―outcome‖ in this model was measured 

prior to KIPP entry, there will be no true impact of KIPP and the estimated coefficient on 

treatment status in this specification test should not differ significantly from zero. If we were to 

find a significant KIPP effect here, that would provide evidence of some selection bias even with 

controls for prior achievement. 

We found no such evidence of selection bias based on this specification test. Across sites, 

the mean estimated coefficient on treatment status from this model was small and not statistically 

significant, at 0.016 (standard error = 0.012) in math and 0.009 (standard error = 0.011) in 

reading. Thus, even with just a single year of baseline test scores, we found no reason to expect 

students who ultimately entered KIPP to have higher (or lower) later scores than other district 

students for any reason other than the influence of KIPP. 

Finally, our impact estimation methods addressed two other methodological issues that 

could have influenced the estimated impacts of KIPP, attrition from KIPP and grade repetition: 
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 Attrition from KIPP: According to some critics, one way that KIPP may achieve 

positive outcomes for its students is through selective attrition. In other words, KIPP 

could push out its lowest achieving students (and not replace them with other low 

achieving students), thus leaving a group of students that would be higher achieving, 

on average. To ensure that attrition from KIPP did not influence our estimate impacts, 

students who left KIPP remained in the treatment group of KIPP entrants so long as 

they remained in the district (i.e., in our data). Thus, the estimated impacts of KIPP 

reflect the effect of a given number of years of potential exposure to KIPP, regardless 

of the number of years of actual exposure. Thus, the impact estimates presented 

below likely understate KIPP’s full effects on students who remain enrolled. 

 Grade Repetition: Because state assessments are grade specific, sample members 

who repeated a grade took a different version of the math and reading tests than other 

sample members in their original grade/year cohort. Thus, these students are missing 

the model’s key outcome variable for any year after they were retained. As a matter 

of school policy, KIPP middle schools tend to retain students in grade at higher rates 

than most traditional public schools—for example, rates of repetition at KIPP were 11 

percent in 5th grade and 5 percent in 6th grade, compared with 2 percent in each 

grade at other district schools.
8
 In our main analysis, we imputed test scores for grade 

repeaters in all years after they were retained in grade by setting them to their 

standardized scores in the last year prior to their grade repetition. This procedure 

assumes that students’ achievement levels (relative to others in their cohort) were 

thereafter frozen in time when they repeated a grade, with KIPP neither allowed to 

boost or harm their achievement levels. To test the sensitivity of the impact estimates 
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to this assumption, we also estimated a version of the model with the more 

conservative approach of assigning all grade repeaters a score at the 5th percentile of 

their original cohort distribution for all years after they have been retained in grade. 

 

III. KIPP IMPACTS 

The estimated impacts of the 22 KIPP middle schools included in this study on student 

achievement were positive, statistically significant, and of substantial magnitude. One year after 

entering KIPP, as shown in Table 3, average impacts were 0.26 standard deviations in math and 

0.09 standard deviations in reading, with both estimates statistically significant. Cumulative 

impacts after two and three years were larger, with statistically significant impacts of 0.42 

standard deviations in math and 0.24 in reading by the third year. Estimated impacts were a bit 

smaller, though still statistically significant, after four years (at 0.25 standard deviations in math 

and 0.19 standard deviations in reading). 

These estimates suggest KIPP impacts that are large relative to various measures of 

educational progress or the effects of other educational interventions. For example, research 

suggests that the typical student progresses during middle school years by about 0.40 standard 

deviation units in math achievement and 0.31 standard deviation units in reading over the course 

of a year (Hill et al. 2008).
9
 By this measure, after three years of enrollment, KIPP is providing 

its students with a year of extra learning in math and about three-fourths of an extra year in 

reading. The KIPP impact estimates are also substantial when compared with the typical black-

white achievement gap, which has been estimated to range from 0.5 to 1.0 standard deviation 

depending on the population studied. The KIPP impact estimates compare favorably with 
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estimated impacts from the oft-cited Tennessee class size experiment, where three-year impacts 

were 0.20 standard deviations in math and 0.23 standard deviations in reading (U.S. Department 

of Education 1998). 

In comparison, estimates on the impacts of other groups of charter schools vary greatly, 

depending largely on the group of charter schools being studied. Several studies based on either a 

broad group of all charter schools (CREDO 2009; Zimmer et al. 2009) or a broad group of 

oversubscribed charter schools (Gleason et al. 2010) found that, on average, estimated charter 

school impacts were either negative or not statistically significant. However, studies that focused 

on oversubscribed charter schools in large urban areas found positive and statistically significant 

impacts on student achievement, particularly in math (Hoxby et al. 2009; Gleason et al. 2010; 

Angrist et al. 2011; Dobbie and Fryer 2011). The magnitude of these estimated impacts was 

either in the same range or a bit lower than the estimated impact of KIPP presented in this paper. 

The pattern of cumulative impacts shown in Table 3 might seem to indicate that the 

marginal effects of the first year of KIPP attendance were especially large, with the additional 

impacts of subsequent years declining. However, differences in cumulative impacts from one 

year to the next cannot be strictly interpreted as the marginal effect of the later year, for several 

reasons. As noted earlier, the composition of the sample changed from follow-up year to follow-

up year. By the fourth year, for example, the estimates were based on only 17 of the 22 schools, 

and also on fewer cohorts of students at each school. In particular, cumulative impacts in the 

fourth year are more heavily influenced by early cohorts at KIPP schools than by later cohorts. 

Two other factors influenced estimated impacts in later grades more than in earlier grades. 

First, cumulative impact estimates from the later years were affected to a larger extent by KIPP 

leavers, who remained in the treatment group even though they were no longer attended a KIPP 
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school, and may not have attended for some years. While all treatment students attended a KIPP 

school for at least part of the first year, the proportion no longer attending KIPP rose each year 

thereafter. Second, since the test scores of students who repeated a grade were ―frozen‖ for all 

subsequent years, a larger proportion of the sample were affected by this imputation procedure in 

later years than in earlier years. 

Across individual KIPP schools in the study, impacts on math and reading achievement 

were consistently positive. Among the 22 schools, 21 had positive three-year impacts in math, of 

which 18 were statistically significant and 9 had magnitudes exceeding 0.50 standard deviations 

(Figure 1). In reading, 19 of 22 schools had positive three-year impacts, of which 14 were 

significant (Figure 2). The sample included two schools that subsequently lost their KIPP 

affiliation during the follow-up period, and the estimated impacts of these schools during the 

period in which they were open were at or near the bottom of the impact distribution. In math, 

for example, one of the closed schools had the lone negative three-year impact and the other 

closed school had an impact that was positive but not statistically significant. 

Estimated KIPP impacts were not overly sensitive to the details of the estimation approach, 

as shown in Table 4. For example, estimated impacts using a comparison group consisting of all 

district students (in the relevant grade-year cohorts) who remained in non-KIPP district schools 

rather than a matched comparison group (but using the same impact model) were nearly the same 

as the impact estimates from our main approach. A model based only on sample members with 

valid baseline test scores (that is, with no imputation of baseline scores) also produced similar 

estimates. Finally, using the alternative, more conservative approach to imputing subsequent test 

scores of grade repeaters by setting them to the 5th percentile led to a reduction in estimated 
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three-year impacts, to 0.35 standard deviations in math and 0.18 standard deviations in reading. 

For both subjects, however, these impact estimates remained statistically significant. 

 

IV. DISCUSSION 

We find that KIPP schools had positive and statistically significant impacts on student 

achievement in math and reading. The magnitude of these estimated impacts is substantial, 

particularly in math, based on various markers of students’ educational progress or estimated 

impacts from other groups of charter schools or other educational interventions. And separate 

impact estimates for the participating KIPP schools show strong consistency in the results—

impacts are positive and statistically significant in a large majority of participating schools, and 

two of the schools that were on the low end of the distribution of impacts ultimately lost their 

KIPP affiliation and closed. 

The design used to estimate these KIPP impacts was nonexperimental, however, and critics 

could argue that these estimates could have been biased by positive selection into KIPP. While 

we cannot entirely rule out the possibility of selection bias, we believe it is unlikely that selection 

bias can explain away the positive estimated impacts of KIPP for three reasons. First, based on a 

comparison of the observable baseline characteristics of KIPP students with those in the 

surrounding district, there was no evidence of positive selection into KIPP. Students who entered 

KIPP were actually lower achieving at baseline than other district students in their cohort (and 

had similar achievement levels to other students at their own elementary schools). Second, we 

conducted a ―falsification test‖ that indicated no KIPP effect on baseline achievement scores 

once we controlled for pre-baseline achievement scores and other covariates. The implication 

here is that no systematic differences remained between students who ultimately entered KIPP 
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and those who did not just prior to KIPP entry once we controlled for pre-baseline achievement 

scores and other factors. The results of this falsification test are reinforced by recent literature 

suggesting that using a propensity score matching approach is likely to give estimates of school-

level impacts that do not differ significantly from those produced by an experimental design 

(Bifulco 2010; Fortson et al. 2012; Furgeson et al. 2012). Third, we retained in our treatment 

group any student who entered a KIPP school regardless of whether he or she remained 

throughout middle school, negating the possibility of our positive impacts resulting from 

selection bias through KIPP attrition. 

What aspect of KIPP schools or the context in which they operate might explain their 

positive impacts on student achievement? While this study was not designed to explain why 

these impacts occur, we can offer various possibilities for why students entering KIPP schools 

perform better in middle school than observationally equivalent students who remain in 

traditional public schools. These possible explanations generally fall into three categories. 

First, some feature or combination of features—logistical, curricular, or philosophical—of 

KIPP schools or the KIPP network may lead to their positive impacts. These could include 

additional time in school during summer and weekends for KIPP students, for example, or a 

particular emphasis on the ―no excuses‖ model of expectations for students. Second, the context 

in which KIPP schools operate may lead to these impacts. For example, KIPP schools may draw 

students from areas in which the traditional public schools are particularly low-performing. Since 

impact estimates are based on the performance of KIPP students compared to those in traditional 

public schools, positive impacts could arise from KIPP schools being above average and/or from 

these traditional public schools being below average. Third, positive peer effects might 

contribute to positive KIPP impacts. While we found no evidence of selection into KIPP based 



19 

 

on prior achievement levels, some other student characteristic that is less easily measured—such 

as motivation—could differ among KIPP students versus those in traditional public schools, 

leading to differing peer effects.  

As education policymakers and practitioners continue to search for strategies for addressing 

achievement gaps and turning around low-performing schools, these possible explanations for 

positive KIPP impacts might be the subject of useful future quantitative or qualitative research. 

NOTES 

1
 The 22 KIPP schools included in the study were not restricted to those that remained in 

existence through the follow-up period. Two schools included in the study sample ultimately lost 

their KIPP affiliation and closed. 

2
 The sample size for the impact analysis is smaller than the overall sample (which we use to 

describe the characteristics of KIPP entrants) for two reasons. First, students who enter KIPP but 

for whom we have no follow-up outcome data are excluded from the impact analysis. Second, 

the impact estimates are based on students who enter KIPP in either 5th or 6th grades. Those 

who enter in 7th or 8th grades are not included in the impact analysis. See Nichols-Barrer et al. 

(2011) for more information on patterns of entry into KIPP schools. 

3
 Because the analysis was conducted separately for each KIPP school, with the resulting 

estimates then averaged across schools, this sample double counts a large number of students. 

For example, if two KIPP schools located in the same district were included in our sample, the 

non-KIPP students in the same were counted twice. The total number of district students 

included in the descriptive analysis was 1,245,993. 

4
 Because test scores were standardized on the distribution of scores across the district, the mean 

standardized score for non-KIPP students in the district (who make up the vast majority of the 
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district’s students) was close to zero by definition. The mean district score did not exactly equal 

0 for two reasons. First, the sample for the district excludes students who ultimately entered 

KIPP. Second, in cases where students repeated their baseline grade only the most recent test 

score was kept; dropping older test scores of grade repeaters caused a slight increase in the 

average district standardized score. 

5
 When students were missing baseline or pre-baseline achievement scores, we used imputed 

scores created by stochastic regression imputation, separately by treatment status, and created 

binary variables to indicate which cases had imputed scores. See Appendix C of Tuttle et al. 

(2010) for additional detail. 

6
 In the estimation of the model’s standard errors, we accounted for the resulting clustering due 

to having multiple observations per person. 

7
 We estimated this model using the sample of all district students rather than a matched 

comparison group. In addition, this model included only a single year of baseline achievement 

data while the main impact model includes two years. While this is not how we estimated 

impacts in the paper’s main analysis, the test should inform the question of whether prior 

achievement scores among sample members properly accounted for factors that distinguished 

students who entered KIPP from those who did not and that are and non-KIPP and that are also 

related to future achievement. 

8
 In the case of 5th grade at KIPP, a student could have either repeated the grade while at KIPP 

(that is, been enrolled in 5th grade at KIPP for two consecutive years) or during the transition to 

KIPP (that is, completed 5th grade at a non-KIPP school in one year and then repeated 5th grade 

at KIPP in the following year). In both cases—including the latter case in which a student is 
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enrolled in 5th grade at KIPP for only one year—the second overall year in 5th grade was treated 

as a repeated year and the imputation procedures described here were used. 

9
 It is important to note that the standard deviation units used in Hill et al. (2008) were based on a 

national distribution of student test scores whereas the standard deviation units presented in this 

paper are based on district-wide distributions of student scores. 
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TABLE 1. BASELINE CHARACTERISTICS OF STUDENTS ATTENDING KIPP SCHOOLS 

VERSUS OTHER DISTRICT SCHOOLS 

 KIPP District 

Race/Ethnicity (Percentages)   

     Black 64 42 

     Hispanic 32 30 

     White / Other  4 28 

Gender (Percentages)   

     Female 53 50 

     Male 47 50 

Other Student Characteristics (Percentages)   

     Eligible for free or reduced-price school meals 82 64 

     Special education classification  9 12 

     Limited English proficiency classification  6 12 

Achievement Scores (Mean Standardized Scores)   

     Reading -0.08 0.03 

     Math -0.10 0.03 

Sample Size 7,143 2,800,927 

 

SOURCE: District and state administrative data. 

NOTE: The district sample excludes students who ultimately attended KIPP. Statistics were first calculated for each of the 22 KIPP 

schools and associated district samples, and then averaged across schools, with each school weighted equally. As a result, the 

district sample includes students counted more than once, since some KIPP schools were located in the same districts as 

others. The total number of students included in these calculations was 1,245,993. 
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TABLE 2. BASELINE STUDENT ACHIEVEMENT, BY TREATMENT STATUS 

(Standard Errors in Parentheses) 

 

Treatment Group 

Matched Comparison 

Group 

All Non-KIPP District 

Students 

Achievement Scores (Mean Standardized Scores)    

 

     Reading 

 

 

-0.08 

(0.012) 

-0.09 

(0.012) 

0.03** 

(0.002) 

 

     Math 

 

 

-0.11 

(0.012) 

-0.11 

(0.012) 

0.03** 

(0.002) 

 

SOURCE: District and state administrative data. 

NOTE: The district sample excludes students who ultimately attended KIPP. Statistics were first calculated for each of the 22 KIPP 

schools and associated district samples, and then averaged across schools, with each school weighted equally. As a result, the 

district sample includes students counted more than once, since some KIPP schools were located in the same districts as 

others. 

 

   *Difference from mean for treatment group is statistically significant at the 0.05 level. 

 **Difference from mean for treatment group is statistically significant at the 0.01 level. 
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TABLE 3. ESTIMATED IMPACT OF POTENTIAL EXPOSURE TO KIPP,  

BY NUMBER OF YEARS AFTER KIPP ENTRY 

(Standard Errors in Parentheses) 

 

Year 1 Year 2 Year 3 

 

Year 4 

 

     Reading 

 

0.09** 

(0.011) 

0.16** 

(0.013) 

0.24** 

(0.018) 

0.16** 

(0.027) 

 

     Math 

 

0.26** 

(0.011) 

0.35** 

(0.014) 

0.42** 

(0.020) 

0.25** 

(0.027) 

 

Sample Size: Number of KIPP Sites 22 22 22 17 

 

Sample Size: Number of Students—Math 11,242 8,019 5,439 2,576 

 

Sample Size: Number of Students—Reading  11,218 8,041 5,447 2,570 

 

SOURCE: District and state administrative data. 

NOTE: Estimates reflect average KIPP impact across the KIPP schools in the sample, with each school weighted equally. Impacts 

estimates based on a comparison of outcomes within each site among KIPP students versus a matched comparison group, 

selected using propensity score matching. Impacts were estimated after controlling for any remaining differences between the 

KIPP group and comparison sample in a regression framework. 

 

   *Difference from zero is statistically significant at the 0.05 level. 

 **Difference from zero is statistically significant at the 0.01 level. 
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TABLE 4. SENSITIVITY OF IMPACT ESTIMATES TO ALTERNATIVE SPECIFICATIONS 

 Year 3 Impact Estimate 

Math Reading 

 

Main Specification 

 

0.42** 

(0.020) 

0.24** 

(0.018) 

 

District-Wide Comparison Group 

 

0.40** 

(0.015) 

0.23** 

(0.015) 

 

Scores of Grade Repeaters Set to 5th Percentile 

 

0.35** 

(0.028) 

0.18** 

(0.020) 

 

Drop Observations with Missing Baseline Scores 

 

0.40** 

(0.023) 

0.24** 

(0.022) 

 

SOURCE: District and state administrative data. 

 

   *Difference from zero is statistically significant at the 0.05 level. 

 **Difference from zero is statistically significant at the 0.01 level. 
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FIGURE 1: MATH TEST SCORE EFFECT SIZES AFTER THREE YEARS, BY KIPP SCHOOL 

 

Note:  Colored bars are statistically significant at the five percent level. 
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FIGURE 2: READING TEST SCORE EFFECT SIZES AFTER THREE YEARS, BY KIPP SCHOOL 

 

Note:  Colored bars are statistically significant at the five percent level. 
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