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1. Introduction

The APEC-III study provides national estimates of improper payment rates for the 2017-2018 

School Year (SY) based on detailed data on error rates collected from a national sample of School 

Food Authorities (SFAs), schools, and student households. As these detailed data are not available 

every year, the study developed models that use annually available data to update the improper 

payment estimates. The objective of the estimation models is to estimate improper payment rates at 

the national and State level in future school years. These estimation models rely on model results 

based on the APEC-III sample and administrative data available in future years from the USDA and 

U.S. Census Bureau. 

The previous studies in the APEC series, APEC-I and APEC-II, used nationally representative 

samples of SFAs, schools, and student households to estimate improper payment rates for the SY 

2005-2006 and SY 2012-2013, respectively. The researchers used models to estimate improper 

payments for the years in which primary data were not collected. Although these models produced 

valid estimates of improper payment rates for the intervening years, it is necessary to update these 

models for estimates in future years because the relationships between the predictors and improper 

payment rates may have changed. Relative to the school years examined by the previous APEC 

studies, three changes may result in different estimation modeling results based on data from SY 

2017-2018: 

1. A substantially larger percentage of schools utilized Community Eligibility Program
(CEP) to certify students in SY 2017-2018 than in the years that serve as the basis for
the APEC-II estimation models (SY 2012-2013).

2. APEC-III uses a different methodology to estimate CEP error rates than APEC-II. The
change in methodology requires new estimation models to account for the difference in
definitions of CEP errors between the studies.

3. As noted in Volume 1 of this report, a substantially larger percentage of students were
certified by direct certification (as opposed to application) in SY 2017-2018 than in prior
years. This change may result in different patterns and sources of certification error
relative to prior years.

This volume describes the approach to test and develop new estimation models and provides the 

model-based estimates of improper payments at the national and State level. In addition to providing 

updated model estimates, the current approach makes some improvements over the models 
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developed as part of the APEC-II study. First, the models in this report rely on additional 

population data drawn from the U.S. Census that were not used in previous APEC estimation 

models. The addition of these explanatory variables improved the validity of some of the models, 

particularly the model of certification error rates in CEP schools. Second, analysts attempted a new 

estimation modeling technique using Bayesian methodology. The Bayesian approach produced 

estimates similar to the traditional econometric approach. As we describe in Chapter 4, although the 

Bayesian approach did not substantially improve the estimates over the traditional econometric 

approach, the fact that the estimates from both approaches are similar provides additional 

confidence in the validity of the traditional econometric models. 

1.1 Data Sources 

Two types of error may lead to improper payments: certification error and aggregation error.1 

Certification errors in non-CEP schools are the result of improper classification of a student as free, 

reduced-price, or paid (denied), due to household reporting and/or administrative errors. In CEP 

schools, certification errors result from improper calculation of the ISP. Aggregation errors are 

administrative errors made by staff in the calculation and reporting of meal counts from schools to 

SFAs and from SFAs to State agencies. Analysts defined dependent variables and explanatory 

variables to model each type of error. The APEC-III sample data are the source for the dependent 

variables. Because FNS will use the estimation models to calculate updated improper payment rates 

for future years, administrative data sources updated on an annual basis serve as the source for the 

explanatory variables. 

The sample includes certification error rates for a nationally representative sample of 227 SFAs, 

which includes 278 CEP schools and 499 non-CEP schools, and aggregation (meal count) data from 

639 schools. Taking a similar approach to the APEC series, analysts aggregated improper payments 

identified from the APEC-III sample to the SFA level. Separate dependent variables represent 

improper payment rates due to certification errors in CEP and non-CEP schools and due to the 

aggregation errors. 

                                                 
1 The APEC-II study also considered meal claiming error as a source of improper payments. The FNS and IPERA 

requirements no longer consider meal claiming error to result in improper payment; therefore, this analysis does not 
include models of meal claiming errors.  
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Analysts explored several potential sources for explanatory variables, giving priority to sources 

readily available on an annual basis in future years. We also prioritized data sources that match easily 

at the SFA level (i.e., those that include clear SFA identifiers and contain data on as many national 

SFAs as possible). Using these criteria, analysts identified three data sources to provide explanatory 

variables. First, the FNS-742 Verification Collection Report (VCR) data provide annually-updated 

data based from almost all national SFAs. The FNS-742 VCR data also serve as the primary data 

source for the APEC-I and APEC-II estimation models. Second, the U.S. Census American 

Community Survey provides annually-updated estimates of population demographics at the zip-code 

level. The third data set is the annual report to Congress on Direct Certification in the National 

School Lunch Program (NSLP).2 

1.2 Estimation Methods 

To select final estimation models, analysts defined potential models using combinations of 

dependent and explanatory variables and compared the results. The approach is similar to the model 

specification approach used in the previous (APEC-II) study. First, we specify different candidate 

models using alternative combinations of explanatory variables. Next, we used a cross-validation 

approach to generate and compare estimates of the validity of each model. The cross-validation 

approach, also employed to develop the APEC-II estimation models, involves randomly selecting 

subsets of the observed APEC-III sample data and testing the ability of the models to predict the 

observed values accurately. Chapter 3 describes the candidate models and presents the results of the 

cross-validation approach. 

1.3 Model Results 

Using the final selected models, we estimate national improper payment rates. We then compare the 

model-based national estimates of improper payment rates to the APEC-III weighted estimates. We 

estimated the national models using two estimation techniques: the traditional econometric method 

and a Bayesian methodology utilizing the beta distribution. With the traditional econometric 

method, analysts used a bootstrapping technique to resample multiple times from the set of SFAs in 

2 A potential drawback to this data set is that it provides information at the State, as opposed to the SFA, level. 
However, there is a theoretical relationship between the SNAP direct certification rates from this report and 
certification error rates.  
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the FNS-742 VCR data set in order to estimate standard errors and confidence intervals of the 

model-based results. We find that the traditional econometric approach provides national estimates 

that are closer to the APEC-III sample-based estimates. Chapter 4 presents the model-based and 

sample-based results for comparison. In all cases, the confidence intervals of the model-based 

improper payments overlap those of the APEC-III sample-based improper payments. 

We use the models to estimate improper payment rates for each of the 48 contiguous States and the 

District of Columbia. The FNS-742 VCR data and the U.S. Census data provide information 

representative of SFAs in each State. Analysts used a bootstrapping approach to estimate the 

confidence intervals for each State estimate. Although the model-based estimates suggests that 

improper payment rates do vary across States, the confidence intervals of most States overlap one 

another. Therefore, the State modeling estimates are suggestive of variation across States but do not 

provide statistically significant evidence of State-by-State differences. 

1.4 Overview of this Volume 

This volume describes the technical approach to model development and the model-based improper 

payment estimates at the national and State level. Chapter 2 describes the potential data sources 

analysts considered for both the dependent and the explanatory variables and lists the final data 

sources and variables used for modeling. Chapter 3 discusses the potential model specifications and 

selection of final models, and includes an overview of the cross-validation methodology and the 

cross-validation results for each potential model specification. Chapter 4 describes the approach to 

apply the results of the final models to produce model-based estimates for SY 2017-2018, and 

compares the model-based estimates to the APEC-III sample-based estimates. Chapter 5 provides 

improper payment estimates and confidence intervals for each of the States individually. Chapter 6 is 

a summary and discussion of the results.  
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2. Data and Measures

We developed and tested several measures as the inputs for models of improper payments. These 

models generate estimates for improper payment rates due to certification error in non-CEP 

schools, certification error in CEP schools, and aggregation error, separately for NSLP and School 

Breakfast Program (SBP).3 Following the approach used for APEC II, we defined dependent 

variables for each error type. In a departure from the methodology of previous studies in the APEC 

series, we no longer consider meal claiming error (i.e. cashier error) as a source of improper 

payments. Therefore, the analyses do not attempt to estimate improper payments due to meal 

claiming errors in future years. 

2.1 Dependent Variables 

For each model, we measure the dependent variable as improper payment rates for each district 

(SFA) by dividing the improper payments due to each type of error by the total reimbursement 

amounts for the district. We tested different model specifications to improve performance and fine 

tune the estimation of error rates (relative to actual estimates based on the APEC-III weighted data). 

Certification Error in CEP Schools. Following the approach taken by the APEC-II estimation 

models for CEP schools, we modeled the net percentage of CEP reimbursements in error for NSLP 

and SBP for a district. The net error is appropriate for certification error in CEP schools because 

certification error in CEP schools is due to an improper calculation of the CEP group’s ISP. 

Therefore, a CEP group cannot have both underpayments and overpayments due to certification 

error. 

Certification Error in non-CEP Schools. We used the APEC-III data to calculate percentages of 

over- and under-payments for NSLP and SBP meals due to certification error in non-CEP schools 

for each SFA. In an attempt to replicate the approach used by the APEC-II estimation modeling, we 

also explored models of certification error in non-CEP schools using disaggregated measures of the 

percentages of meals in error (e.g., the percentages of meals claimed as Free served to students 

3 Aggregation error was not included in the APEC-II modeling because there was not enough variation in aggregation 
error to support effective modeling. 
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eligible for Paid meals, and other potential combinations). However, these measures did not yield 

estimates that were close to the national improper payment estimates using the weighted APEC-III 

data. Therefore, we decided not to use the disaggregated measures.4 

Aggregation Error. Aggregation error occurs in the process of counting and reporting of meals at 

point of sale, from schools to SFAs, and from SFAs to States. Each SFA has a count of meals that is 

either higher or lower than the actual amount, we defined the dependent variable for Aggregation 

Error as the net payment overcount (if positive) or undercount (if negative) for each SFA. 

Table 2-1 lists the dependent variables estimated for each SFA. 

Table 2-1. List of dependent variables with data descriptions 

Dependent variable 
short name Description 

Certification error in non-CEP schools 
Pct_reimb_UnderPay_NSLP Percentage Underpayments of total reimbursements, NSLP 
Pct_reimb_OverPay_NSLP Percentage Overpayments of total reimbursements, NSLP 
Pct_reimb_UnderPay_SBP Percentage Underpayments of total reimbursements, SBP 
Pct_reimb_OverPay_SBP Percentage Overpayments of total reimbursements, SBP 
Certification error in CEP schools 
CEPNetErrPay_luncha Net erroneous payment percentage due to certification error in CEP 

schools, NSLP 
CEPNetErrPay_breaka Net erroneous payment percentage due to certification error in CEP 

schools, SBP 
Aggregation error 
pct_pmt_true_nslp_sfa Net aggregation error, NSLP 
pct_pmt_true_sbp_sfa Net aggregation error, SBP 

Note: 
a Underpayments were not assessed for improper payments due to certification errors in CEP schools. The net erroneous 

payment rate for non-CEP schools, therefore, is the same as the over-payment rate. 

4 The disaggregated models rely on estimates of the numbers of meals served in each SFA at the Free, Reduced-Price, 
and Paid rate. Measurement error related to the estimates of meal counts may explain the relative inaccuracy of 
estimates based on the disaggregated dependent variables. The prevalence of CEP schools was a contributing factor in 
this decision. FNS administrative records of meal counts and reimbursement amounts do not distinguish between 
meals served in CEP versus non-CEP schools. Therefore, calculating an estimate of the numbers of meals served at 
each certification level to non-CEP students only would rely on several assumptions, including the percentage of 
meals served to non-CEP students and the percentage of meals served at the Free and Paid rate to students in non-
CEP schools only. These assumptions would introduce a significant amount of measurement error because there is no 
way to adjust the calculations for each SFA. 
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2.2 Explanatory Variables 

We considered several data sources for potential explanatory variables for the models. As a basic 

prerequisite, the data source must provide data for each SFA in the nation. In addition to this basic 

requirement, we gave preference to data sources that met the following criteria when selecting 

sources for explanatory variables: 

1. Annual updates and timely availability: Ideally, the data should provide annually updated
characteristics so that future models provide error estimates based on up-to-date
information.

2. Matching difficulty: Data sources may use different identifiers for each school district,
which can make it difficult to match data in future years.

3. Theoretical relationship of data elements to error rates: We gave preference to data
sources that provide characteristics found to relate directly to error rates.

With these criteria in mind, we considered the following potential data sources: 

FNS-742 VCR Data: This data source provides the most data elements used in the models because 

FNS collects the FNS-742 data on an annual basis, the data apply to nearly every SFA in the nation, 

and the data elements have a strong theoretical relationship to error rates. 

SNAP Direct Certification Report: The USDA produces an annual report to Congress on Direct 

Certification in the NSLP. This report includes a measure of the State-level percentage of SNAP 

children directly certified for free meals. This measure has a theoretical relationship to certification 

error because directly certified students have a lower error rate due to certification error than 

students who submit an application. 

Census American Community Survey (ACS) Five-Year Data: The Census ACS data provide 

demographic information linked to geography. The data include annually-updated economic 

measures that may relate to NSLP and SBP error rates, such as the percentage of the population 

living below that poverty line, Census ACS data are available by zip code, which match zip codes for 

SFAs included in the FNS 742 VCR data files. This approach provides for a good match to almost 

all SFAs; after matching, 99.32 percent of national SFAs matched to ACS data by zip code. Those 

that did not match had data entry errors for the zip code field that meant an accurate zip code could 

not be determined. The small numbers of unmatched SFAs are unlikely to affect the estimates 

significantly. 
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Common Core of Data (CCD) and Private School Survey (PSS): We considered using the data 

available from the CCD and PSS, however there were two significant drawbacks to these data 

sources. First, the updated and publicly available CCD and PSS are not always available on a timely 

basis. Indeed, as of July 25, 2019, the most recent CCD publicly available data set is for SY 2016-

2017, and the most recent available PSS data set is for SY 2015-2016. Second, although these data 

sources provide information on all school districts, they use different identifiers from the FNS-742 

data, which makes matching these data to the other sources costly and time consuming. Therefore, 

when considering the CCD and PSS for the estimation models, we arrived at the same conclusion as 

the APEC-II study, which was that the CCD and PSS data did not provide information useful 

enough for modeling to justify the cost to FNS of including them in future years. 

Table 2-2 provides a list of the explanatory measures and descriptions grouped by the data source. 

2.3 Summary 

The primary data sources that provide explanatory variables suitable for estimating improper 

payment rates in future years are FNS and U.S. Census data files. 

There are a number of strengths to note regarding these data: 

• FNS-742 VCR data contain records for nearly all SFAs in the nation and contain 
verification data that has a direct theoretical relationship to certification error. 

• U.S. Census data provide detailed and regularly updated demographic and economic 
estimates that have a theoretical relationship with many of the dependent variables 

There are also some limitations to the data available for forecasting: 

• FNS data sources showing reimbursement amounts and national meal counts do not 
distinguish between reimbursements made and meals served in CEP versus non-CEP 
schools. 

• Relatively few available data elements have a direct theoretical relationship to 
certification errors in CEP schools and to non-certification error (aggregation error). 
Aggregation errors are math errors that are not easily predicted because little is known 
about why they occur. As previous studies in the APEC series and the analyses 
completed for Objective 2 of this study conclude, none of the data elements available in 
this or future years have a theoretical link to aggregation error. 
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Table 2-2. List of potential explanatory variables by data source 

Measure Description 
Final model specificationd 

CEP NON-CEP AGG 
FNS 742 Verification Collection Reporta 
FNS742_SFA_PUBLIC SFA is public    
enrollment_by_10k Student enrollment divided by 10,000    
avg_sch_size Average school size (# of students)    
numprovisionschools Number of schools operating special provision    
Freeeligcat Percentage of students certified free without an application    
FNS742_TOTAPP_CERTIFIED_by_1k Total applications divided by 1,000    
FNS742_PERCSTUD_FREE % of Students Certified for Free Meals    
FNS742_PERCSTUD_FREE_NONAPP % of Students Certified Without an Application    
FNS742_PERCSTUD_FREE_CATELIG % of Students Certified Free Categorically    
FNS742_PERCSTUDENTS_REDP % of Students Certified for Reduced-Price Meals    
FNS742_VMETH_ALTRANDOM Used Alternate Random Verification Sample    
FNS742_PERC_NORESP_FREE_BEF % Free Applications did not Respond during Verification    
FNS742_PERC_RED_TERM_FREE_BEF % Free Applications reduced or terminated during Verification    
FNS742_PERC_INCREASE_RED_BEFO % RP applications increased during verification    
FNS742_PERC_RED_TERM_RED_BEFO % RP Applications reduced or terminated during Verification    
FNS742_PERC_NORESP_RED_BEFORE % RP Applications did not Respond during Verification    
FNS742_PERC_CHANGED_RED_BEFOR % RP applications, benefits changed    
FNS742_PERC_CHANGED_ALL % Verified Applications, Benefits Changed    
FNS742_PERC_NORESPONDALL_VRFA % Applications did not Respond during Verification    
PCT_CEP_STUDENTS Percentage of students in CEP schools    
PCT_CEP_SCHOOLS Percentage of schools that are CEP    
Direct certification reportb 

    
pct_snap_dircert Percentage SNAP direct-certified for free meals (State)    
U.S. Censusc 
Pct_minority Percent minority (other than non-Hisp white)    
PctMarriedHHs Percent HHs with children under 18 that are married couple HHs    
Educ_LHS Percent less than HS education    
Pct_noEngl Percent non-English speakers    
PctBelowPov_6to17 Percent of children ages 6 to 17 below 100% poverty level    

Sources: 
a FNS-742 Verification Collection Report. 
b Annual report to Congress on Direct Certification in the National School Lunch Program. 
c U.S. Census data. 
Note: 
d Explanatory variables with an X were used in the final models from the APEC-II modeling report.  
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3. Model Development 

The goal of the estimation models is to predict future improper payment rates with as much 

accuracy and precision as possible, given the available explanatory variables. There are several 

potential combinations of dependent and explanatory variables. We used a strategic approach to 

identify base and alternative models to compare by building on the work done in previous 

estimation modeling analyses from the APEC-II report. 

We first estimated models using the same final specifications and estimation techniques as the 

APEC-II estimation modeling. We then attempted to improve upon these models using new 

explanatory data from the U.S. Census. We evaluated the alternative model results based on their 

ability to predict outcomes from the observed APEC-III data and the degree to which the models 

explain the variation in the dependent variables observed in the data. Below we describe the 

methodology, the model results, and the selected sets of explanatory variables for each error 

estimate. 

3.1 Methodology 

The APEC-II estimation modeling analysis tested the predictive power of many of the potential 

combinations of dependent and explanatory variables, arriving at a final set of models through a 

process of comparison of multiple model iterations. To build on this approach, we began by 

estimating the same final estimation models used by the APEC-II estimation modeling analysis. 

We started with the same final dependent variables chosen from the APEC-II analysis and defined 

an alternative set of dependent variables for comparison (referred to as the “Base” models). These 

models relied primarily on data elements drawn from FNS data sources (the FNS-742 VCR and 

State direct certification reports). We then estimated alternative models using both FNS data and 

additional data from the U.S. Census linked to each SFA by geography. 

1. Models using explanatory variables drawn from FNS data based on the final models 
from the APEC-II estimation modeling analysis (FNS-742 and the SNAP direct 
certification percentages). We refer to these models as the base models. 
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2. Models with the same explanatory variables as in (1) but with additional demographic 
explanatory variables linked by geography from the U.S. Census. We refer to these 
models as the base + Census models. 

Modeling Approach 

Following the same approach as the APEC-II estimation modeling analysis, we used Ordinary Least 

Squares (OLS) regression to estimate each model and select a final set of explanatory variables. OLS 

assumes a continuous and normally distributed dependent variable. The dependent variables used 

for these analyses are improper payment rates, which do not perfectly meet this distribution 

assumption. However, as the APEC-II estimation modeling analysis concluded, OLS can provide a 

reasonable prediction of improper payment rates despite the violation of this assumption. 

To test the robustness of the results obtained using the OLS regression approach, we also examined 

an alternative methodology by using a Bayesian zero-inflated beta regression technique designed for 

modeling dependent variables measured as rates (i.e., percentages out of 100). This alternative 

approach does not assume a normally-distributed dependent variable. However, we find that this 

alternative approach does not result in a substantial improvement in predictive accuracy over OLS 

when comparing predicted values of improper payment rates to the national weighted estimates 

presented in Volume 1 of this report. We present the results of these alternative models for 

comparison in Chapter 4. 

Cross Validation 

We assessed the predictive validity of the base and the base + Census models using the same cross-

validation approach utilized in the APEC-II estimation modeling report. This approach compares 

the predicted values from each model specification to actual observed values for the improper 

payment rates by drawing a series of randomly selected test and validation samples from the APEC-

III data. Cross-validation is a method that many predictive modeling analyses utilize to reduce the 

possibility of overfitting the models. Over-fitting can occur when selecting a predictive model 

specification based on a limited set of observed data based only on the goodness-of-fit of the model. 

Over-fitting may result in a model that is less accurate in future years because the model chosen 

represents only the best fit for only a small set of observed data from the current year. Cross-
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validation provides a more robust examination of the model specification, taking into account the 

fact that the observed data do not perfectly represent all national SFAs. 

The cross-validation procedure includes four basic steps.5 We ran these procedures for each of the 

candidate models and generated ratios for comparison: 

1. Randomly split the sample (observed data) into 10 equally-sized groups. Exclude one 
group (the testing sample) and estimate the model using data from only the other 9 
groups (the estimation sample). 

2. Apply the coefficients estimated from the estimation sample to the values of the 
explanatory variables from the testing sample to obtain the predicted outcomes 
(improper payment rate) for the testing sample. 

3. Calculate the ratio of the predicted outcomes over the observed outcomes for the 
testing sample. 

4. Repeat steps 1 through 3 for 10 iterations, obtaining ratios using different testing 
samples drawn from the sample of SFAs for each iteration. Calculate the average ratio 
of predicted values compared to observed values from the 10 iterations. 

We used cross-validation to estimate the average ratio of each predicted error rate over the error rate 

observed from the APEC-III data for each candidate model specification. We chose models with 

ratios that are closer to 1.00 (indicating an exact match between the predicted error rate and the 

observed error rate) over models with ratios further away from 1.00. We also considered the 

goodness-of-fit (R-squared value) of each of the models when comparing model results. 

3.2 Certification Error in CEP Schools 

Following the methodological approach described above, we first estimated a base model including 

the same explanatory variables used by the APEC-II study drawn from the FNS-742 VCR data and 

                                                 
5 These steps mirror the cross-validation approach taken by the APEC-II analysis to select final estimation models. See 

page 36 of “The Second Access, Participation, Eligibility, and Certification Study (APEC-II): Estimating and 
Validating Statistical Models for Updating Estimates of Improper Payments in the NSLP and SBP,” available from 
https://www.fns.usda.gov/second-access-participation-eligibility-and-certification-study-apec-ii-estimating-and-
validating. 

https://www.fns.usda.gov/second-access-participation-eligibility-and-certification-study-apec-ii-estimating-and-validating
https://www.fns.usda.gov/second-access-participation-eligibility-and-certification-study-apec-ii-estimating-and-validating
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the SNAP Direct Certification Report data.6 We then included additional variables from the U.S. 

Census. 

Estimating certification error in CEP schools in future years is a challenge because few variables 

from the available data have strong theoretical relationship to CEP error rates. Identified students in 

CEP schools are not subject to verification because staff identify students in CEP schools as eligible 

by matching them to administrative lists, and no students submit applications. Therefore, the 

verification results from the FNS-742 VCR data do not apply to CEP schools. Furthermore, the 

subgroup analyses of error rates due to certification error in CEP schools presented in Volume 1, 

Chapter 7 of this report did not suggest any additional characteristics that have a strong relationship 

with CEP error rates.7 

Table 3-1 shows the cross-validation and goodness-of-fit results of the base and the base + Census 

models of certification error rates in CEP schools. The cross-validation results show that Census 

data marginally improves the predictive value of the models. The ratios for the base + Census 

models are closer to 1 for both the NSLP and SBP estimates. Furthermore, the goodness of fit 

estimate (R-squared) indicates that the models that include the Census characteristics explained a 

substantially larger portion of the variance than the base models without Census variables. 

Therefore, we selected the base + Census models as the final models to estimate improper payments 

due to certification error in CEP schools. 

Table 3-1. Cross-validation results comparing Base and Base + Census Models of Certification 
Error in CEP schools 

Improper payments due to  
certification error in CEP schools (Net) 

NSLP SBP 
Ratioa R-squared Ratioa R-squared 

Base 1.005 0.014 1.005 0.014 
Base + Census 1.004 0.133 1.004 0.133 

Notes:  
a Average estimated ratio of predicted error rate over observed error rate based on cross-validation. 
CEP=Community Eligibility Provision; NSLP=National School Lunch Program; SBP=School Breakfast Program. 

                                                 
6 We made one modification to the APEC-II model specifications in this case. The APEC-II models included 

explanatory variables for both the percentage of CEP students and the percentage of CEP schools. These variables 
measure similar concepts and are correlated at 0.97. Because these measures capture the same concept, we included 
only the percentage of CEP students (excluding the percentage of CEP schools) in the models to avoid issues of 
collinearity and potential over-fitting of the model.  

7 The only characteristic that had a significant and consistent relationship to CEP error rates based on the Objective 2 
subgroup analyses was the percentage of schools in the SFA that used CEP. The model already captures this 
characteristic with the inclusion of the “percentage of CEP students” variable.  
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Table 3-2 shows the model coefficients for the base + Census models of certification error in CEP 

schools. Similar to the findings from previous predictive modeling efforts, we find that few available 

predictors have a significant relationship with certification error rates in CEP schools. 

Table 3-2. Base plus census model parameters for improper payments due to certification 
error in CEP schools 

Independent variable name and description  NSLP SBP 
Base model 
PCT_CEP_STUDENTS Percentage of students in CEP schools 0.03 

(0.03) 
0.03 

(0.03) 
FNS742_SFA_PUBLIC SFA is public 0.06 

(0.05) 
0.06 

(0.05) 
PCT_Snap_dircert_16 Percent SNAP direct certified, SY 2016-2017 0.03 

(0.15) 
0.03 

(0.15) 
Census variables 
PctBelowPov_6to17 Percent below poverty level ages 6 to 17 <0.01 

(<0.01) 
<0.01 

(<0.01) 
PctMarriedHHs Percent HHs with children under 18 that are married 

couple HHs 
<0.01 

(<0.01) 
<0.01 

(<0.01) 
Pct_minority Percent minority (other than non-Hisp white) <0.01** 

(<0.01) 
<0.01** 

(<0.01) 
Pct_noEngl Percent non-English speakers <0.01 

(0.01) 
<0.01 
(0.01) 

Educ_LHS Percent less than HS education -<0.01 
(<0.01) 

-<0.01 
(<0.01) 

Model parameters 
Intercept -0.22 

(0.18) 
-0.21 
(0.17) 

R-Squared 0.133 0.133 
Sample size (SFAs) 68 68 

Sources: FNS-742 Verification Collection Report; Annual report to Congress on Direct Certification in the National School 
Lunch Program; U.S. Census American Community Survey 5-year estimates; U.S. Census. 

Notes: Cell entries are OLS regression coefficients, standard errors in parentheses. *** p<0.01 ** p<0.05 * p<0.10. 

CEP=Community Eligibility Provision; NSLP=National School Lunch Program; SBP=School Breakfast Program. 

3.3 Certification Error in Non-CEP Schools 

We used a set of model parameters based on the models used for the APEC-II estimation modeling 

as the base models for certification errors in non-CEP schools. These models rely primarily on 

explanatory variables drawn from the FNS-742 VCR data set. These explanatory variables include 

results of the verification process for each SFA, such as the percentages of applications that did not 

respond during the verification process and the percent of applications that had a certification status 

change because of verification. 
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SFAs use different processes to select samples of applications for verification. There are three 

potential sample selection processes (see FNS-742 VCR item 5-3): 

1. Standard (lesser of 3% or 3,000 error-prone) 

2. Alternate one (Lesser of 3% or 3,000 selected randomly) 

3. Alternate two (Lesser of 1% or 1,000 error-prone applications PLUS lesser of one-half 
of one percent or 500 applications with SNAP/TANF/FDPIR case numbers) 

The method of selection influences the types of applications examined during the verification 

process. Therefore, following the approach used by the APEC-II study, we include a variable 

indicating whether the SFA used a standard or an alternate sample selection method and included 

interactions between the sample selection process and the results of the verification process. This 

approach accounts for the possibility that the relationship between the verification variables and the 

error rates may differ based on the sample selection procedure used by the SFA. 

Table 3-3 displays the cross-validation results of the base and the base + Census models of 

improper payments due to certification errors in non-CEP schools. Because SFAs can have both 

overpayments and underpayments due to certification errors in non-CEP schools, we model over- 

and under-payment rates separately. The cross-validation results were similar for the Base and Base 

plus Census models. However, the Base plus Census models have higher R-squared values indicating 

that the models that include Census variables as well as the Base variables explain more of the 

variation in the data. Therefore, we selected the base + Census models as the final estimation 

models for certification error in non-CEP schools because they provide nearly identical ratios and a 

marginally higher goodness of fit over the base models. 

Table 3-3. Cross-validation results comparing base and base + census models, certification 
error in non-CEP schools 

Error type 
NSLP SBP 

Ratioa R-squared Ratioa R-squared 
Overpayments due to certification error in non-CEP schools 
Base 1.000 0.266 1.004 0.281 
Base + Census 1.000 0.292 1.004 0.303 
Underpayments due to certification error in non-CEP schools 
Base 1.001 0.097 1.000 0.155 
Base + Census 1.000 0.110 1.000 0.183 

Notes:  
a Average estimated ratio of predicted error rate over observed error rate based on cross-validation. 

CEP=Community Eligibility Provision; NSLP=National School Lunch Program; SBP=School Breakfast Program. 
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Table 3-4 displays the model parameters for the base + Census models of certification error in non-

CEP schools. Few explanatory variables significantly influence certification error rates and have the 

expected relationship with the outcomes. For example, the percentage of students in the SFA 

certified at the reduced-price rate positively relates to the over-payment rate in the SFA. This makes 

intuitive sense because, as described in Volume 1 of this report, students certified at the reduced-

price rate tend to have the highest error rates out of any of the three potential certification rates. 

Furthermore, the percentage of students certified without an application (i.e. by direct certification) 

relates negatively to the under-payment rate. We expected that higher percentages of students 

certified without an application should result in lower error rates because certification methods that 

do not involve applications tend to result in fewer errors. 

3.4 Aggregation Error 

The APEC-II modeling found that aggregation error was not a significant source of improper 

payments and that there were no significant predictors of aggregation error. Consequently, there was 

not enough variation in data to estimate a forecasting model. After comparing multiple potential 

models of aggregation errors, we come to a similar conclusion. 

Although the predicted values were close to the observed values for the aggregation error models, 

they will not provide valid predictions in future years. A regression model with no significant 

predictors and a very low R-squared value will return a prediction close to the mean value of the 

outcome variable regardless of the values of the explanatory variables. Therefore, future models 

based on the aggregation error models would simply predict similar mean values as the SY 2017-

2018 estimates and would not provide accurate updates based on newly available data. 
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Table 3-4. Base plus Census model parameters for improper payments due to certification error in non-CEP schools 

Independent variable name and description 

NSLP SBP 
Over-

payments 
Under-

payments 
Over-

payments 
Under-

payments 
Base model 
FNS742_PERCSTUDENTS_REDP % of students certified for reduced-price 

meals 
0.96*** 

(0.28) 
-0.14 
(0.24) 

0.93*** 
(0.35) 

-0.24 
(0.19) 

FNS742_PERCSTUD_FREE % of students certified for free meals -0.10 
(0.10) 

0.15* 
(0.08) 

0.07 
(0.12) 

0.08 
(0.07) 

FNS742_PERCSTUD_FREE_CATELIG % of students certified free categorically 0.27 
(0.43) 

-0.04 
(0.36) 

-0.63 
(0.53) 

0.68** 
(0.29) 

FNS742_PERCSTUD_FREE_NONAPP % of students certified without an 
application 

0.01 
(0.10) 

-0.22** 
(0.09) 

-0.15 
(0.12) 

-0.15** 
(0.07) 

FNS742_PERC_CHANGED_ALL % verified applications, benefits 
changed 

-0.08 
(0.09) 

0.01 
(0.07) 

-0.08 
(0.11) 

-0.03 
(0.06) 

FNS742_PERC_CHANGED_RED_BEFOR % RP applications, benefits hanged 0.10 
(0.07) 

0.03 
(0.06) 

0.14* 
(0.09) 

0.04 
(0.05) 

FNS742_PERC_NORESPONDALL_VRFA % applications did not respond during 
verification 

-0.20 
(0.16) 

-0.03 
(0.14) 

-0.51** 
(0.20) 

-0.11 
(0.11) 

FNS742_PERC_NORESP_RED_BEFORE % RP applications did not respond 
during verification 

0.18 
(0.11) 

0.03 
(0.10) 

0.44*** 
(0.14) 

0.06 
(0.08) 

FNS742_SFA_PUBLIC SFA is public -0.25*** 
(0.07) 

0.04 
(0.06) 

-0.18** 
(0.08) 

0.03 
(0.04) 

FNS742_VMETH_ALTRANDOM Used alternate random verification 
sample 

-0.05 
(0.04) 

0.02 
(0.03) 

-0.08* 
(0.04) 

<0.01 
(0.02) 

FNS_INTC_RAND_CHANGED_ALL Alt random verif sample*% 
Apps changed during verification 

0.09 
(0.10) 

-0.01 
(0.08) 

0.10 
(0.12) 

0.04 
(0.07) 

FNS_INTC_RAND_NORESPOND_ALL Alt random verif sample*% 
Apps did not respond during verification 

0.16 
(0.17) 

-<0.01 
(0.14) 

0.49** 
(0.21) 

0.09 
(0.11) 

FNS_INTC_RAND_RED_APS_CHNG Alt random verif sample*% 
Red price apps changed during 
verification 

-0.06 
(0.08) 

-0.02 
(0.07) 

-0.08 
(0.10) 

-0.06 
(0.05) 

FNS_INTC_RAND_RP_APS_NORESP Alt random verif sample*% 
Red price apps did not respond during 
verification 

-0.09 
(0.12) 

-0.02 
(0.10) 

-0.36** 
(0.15) 

-0.06 
(0.08) 

pct_snap_dircert Percent SNAP direct certified -0.04 
(0.07) 

-0.04 
(0.06) 

-0.12 
(0.08) 

-0.04 
(0.05) 

enrollment_by_10k Student enrollment divided by 10,000 <0.01* 
(<0.01) 

<0.01 
(<0.01) 

<0.01 
(<0.01) 

<0.01 
(<0.01) 
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Table 3-4. Base plus Census model parameters for improper payments due to certification error in non-CEP schools (continued) 

Independent variable name and description 

NSLP SBP 
Over-

payments 
Under-

payments 
Over-

payments 
Under-

payments 
freeeligcat Percentage of students certified free 

without an application 
-<0.01 
(<0.01) 

-<0.01 
(<0.01) 

-<0.01 
(<0.01) 

-<0.01 
(<0.01) 

Census variables 
PctBelowPov_6to17 Percent below poverty level ages 6 to 

17 
<0.01 

(<0.01) 
<0.01 

(<0.01) 
-<0.01 
(<0.01) 

-<0.01 
(<0.01) 

PctMarriedHHs Percent HHs with children under 18  
that are married couple HHs 

<0.01 
(<0.01) 

-<0.01 
(<0.01) 

-<0.01 
(<0.01) 

-<0.01 
(<0.01) 

Pct_minority Percent minority (other than non-Hisp 
white) 

-<0.01 
(<0.01) 

<0.01 
(<0.01) 

-<0.01 
(<0.01) 

<0.01 
(<0.01) 

Pct_noEngl Percent non-English speakers -<0.01 
(<0.01) 

-<0.01 
(<0.01) 

-<0.01 
(<0.01) 

-<0.01 
(<0.01) 

Educ_LHS Percent less than HS education <0.01 
(<0.01) 

-<0.01 
(<0.01) 

<0.01 
(<0.01) 

-<0.01 
(<0.01) 

Intercept 0.32*** 
(0.12) 

0.02 
(0.10) 

0.41*** 
(0.14) 

0.05 
(0.08) 

R-Squared 0.29 0.11 0.30 0.18 
Sample size (SFAs) 165 165 162 162 

Sources: FNS-742 Verification Collection Report; Annual report to Congress on Direct Certification in the National School Lunch Program; U.S. Census. 

Notes: Cell entries are OLS regression coefficients, standard errors in parentheses. *** p<0.01 ** p<0.05 * p<0.10. 

CEP=Community Eligibility Provision; NSLP=National School Lunch Program; SBP=School Breakfast Program. 
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We attempted different model specifications for predicting aggregation errors in future years, but the 

models had very low R-squared values (the highest R-squared value was 0.03) and no significant 

predictors. Furthermore, when we attempted to add additional Census predictors to the models, this 

resulted in ratios between the predicted and observed values that were further away from 1.0. This 

indicates that the addition of new predictors actually resulted in worse predictions because the new 

predictors do not have a significant relationship to aggregation error rates. Tables 3-5 and 3-6 show 

the cross-validation results and model parameters from the attempted models of aggregation errors 

for the NSLP and the SBP. 

Table 3-5. Cross-validation results comparing base and base + Census models for aggregation 
errors 

Net improper payments due to aggregation error 
NSLP SBP 

Ratio R-squared Ratio R-squared 
Base 1.000 0.015 1.000 0.010 
Base + Census 0.668 0.033 0.895 0.025 

Notes:  
a Average estimated ratio of predicted error rate over observed error rate based on cross-validation. 

CEP=Community Eligibility Provision; NSLP=National School Lunch Program; SBP=School Breakfast Program. 
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Table 3-6. Base plus Census model parameters for improper payments due to aggregation 
error 

Independent variable name and description NSLP SBP 
Base model 
FNS742_PERCSTUD_FREE % of Students Certified for Free Meals 0.03 

(0.05) 
-<0.01 

(0.08) 
FNS742_PERCSTUD_FREE_NONAPP % of Students Certified Without an 

Application 
-0.02 
(0.07) 

0.08 
(0.12) 

FNS742_PERC_CHANGED_ALL % Verified Applications, Benefits Changed -0.01 
(0.03) 

-0.03 
(0.04) 

FNS742_SFA_PUBLIC SFA is public 0.03 
(0.05) 

-0.06 
(0.08) 

avg_sch_size Average school size (# of students) -<0.01 
(<0.01) 

<0.01 
(<0.01) 

enrollment_by_10k Student enrollment divided by 10,000 -<0.01 
(<0.01) 

-<0.01 
(<0.01) 

Census variables 
PctBelowPov_6to17 Percent below poverty level 

ages 6 to 17 
-<0.01 
(<0.01) 

-<0.01 
(<0.01) 

PctMarriedHHs Percent HHs with children 
under 18 that are married 
couple HHs 

-<0.01 
(<0.01) 

-<0.01 
(<0.01) 

Pct_minority Percent minority (other than non-Hisp white) -<0.01 
(<0.01) 

-<0.01 
(<0.01) 

Pct_noEngl Percent non-English speakers <0.01 
(<0.01) 

<0.01 
(<0.01) 

Educ_LHS Percent less than HS 
education 

-<0.01 
(<0.01) 

<0.01 
(<0.01) 

Model parameters 
Intercept 0.02 

(0.07) 
0.15 

(0.12) 
R-Squared 0.033 0.025 
Sample size (SFAs) 211 212 

Sources: FNS-742 Verification Collection Report; Annual report to Congress on Direct Certification in the National School 
Lunch Program; U.S. Census. 

Notes: Cell entries are OLS regression coefficients, standard errors in parentheses. *** p<0.01 ** p<0.05 * p<0.10. 

CEP=Community Eligibility Provision; NSLP=National School Lunch Program; SBP=School Breakfast Program. 

3.5 Summary 

We attempted two alternative model specifications in an attempt to improve on the base models 

selected from prior estimation modeling analyses of error rates. We compared the results of these 

models using a cross-validation technique designed to assess the predictive validity of each model 

specification. The cross-validation results indicate that the addition of variables drawn from the U.S. 

Census data result in a substantial improvement in the predictive validity of the models of 

certification errors in CEP schools. For certification errors in non-CEP schools, the addition of U.S. 

Census variables resulted in a marginal improvement over the base models. Therefore, the final 
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selected estimation models for certification errors in both CEP and non-CEP schools include the set 

of selected Census variables in addition to the base variables drawn from the FNS-742 data and the 

SNAP direct certification report. 

In contrast to certification errors, it is especially difficult to predict aggregation errors in future years. 

Aggregation errors are clerical errors and we know very little about their causes but they appear to 

be random. Multiple attempts to find characteristics that relate to aggregation error, including the 

Objective 2 analyses presented in Volume 1 of this report and the estimation models attempted for 

the APEC-II study, failed to find any significant predictors of aggregation error. 

We attempted to improve upon prior aggregation error modeling efforts by including additional U.S. 

Census characteristics. None of the additional explanatory variables had a significant relationship 

with aggregation errors. Furthermore, aggregation error models that included additional explanatory 

variables resulted in predicted error rates that were further away from the observed aggregation error 

rates than the base models without the additional predictors. This result suggests that adding 

additional explanatory variables from the available data sources will not improve the predictive 

validity of the aggregation error models. Therefore, we come to the same conclusion as the APEC-II 

estimation modeling analysis, which is that we do not recommend using results of the aggregation 

error models to predict future error rates due to aggregation errors.   
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4. National Improper Payments 

The next step in the estimation modeling analysis is to use the final models to generate national 

predictions of improper payments. To check the accuracy of the predictions, we compare them to 

the weighted national APEC-III estimates reported in Volume 1 of this report. Due to differences in 

the sampling and estimation procedures used to generate the APEC-III weighted estimates, the 

weighted estimates and the predictions will not equal each other perfectly. However, a reasonably 

valid prediction model should result in improper payment rates and amounts that are close to the 

national estimates using the weighted APEC-III data. For comparison, the tables below show the 

point estimates, standard errors, and confidence intervals for the estimates based on the APEC-III 

weighted data and the predictive models. 

As an additional check of the robustness of the model specification and estimation procedure, 

analysts also estimated the models using a Bayesian estimation procedure. Although the Bayesian 

estimation procedure is in theory well suited for this type of data, we do not find that using Bayesian 

estimates results in a substantial improvement over the traditional modeling procedures. The results 

of the alternative estimation procedure appear in the additional columns in the tables below for 

comparison. 

4.1 Methods 

We used the parameters from the final models selected in Chapter 3 to generate point estimates, 

standard errors, and confidence intervals for each of the improper payment rates. We tested the 

specified models using two estimation methods: the traditional OLS regression estimation method, 

and an alternative Bayesian estimation method. We present the results from both approaches and 

compare these results to the national estimates of improper payments using the weighted data from 

Volume 1 of this report. 

Traditional (OLS) Estimation of Improper Payment Rates and Confidence Intervals 

We used the model coefficients to estimate predicted national improper payment rates using the data 

set of national SFAs matched to the FNS-742 VCR data set, the U.S. Census data, and the SNAP 

Direct Certification Report data. The first step is to generate point estimates for the improper 
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payment rate due to each error type by applying the model coefficients to the national data set of 

SFAs listed in the FNS-742 VCR data. Next, the estimation modeling programs use a bootstrapping 

method to generate a distribution of improper payment estimates by randomly resampling from the 

sampled SFAs and from the SFAs listed in the FNS-742 VCR data set. The bootstrapping approach 

is the same approach used by the APEC-II estimation modeling analysis to generate confidence 

intervals around the modeling estimates. 

The bootstrapping steps are: 

1. Create 100 bootstrapped sets of the sampled SFAs from the APEC-III data. Re-
estimate each of the models using each of the 100 bootstrapped sets to generate 100 
separate sets of model coefficients. 

2. Create 100 bootstrapped samples of the national SFAs included in the FNS-742 VCR 
list. 

3. Apply each of the bootstrapped model coefficients from Step 1 to each of the 
bootstrapped samples from Step 2 and calculate improper payment rates for each 
combination. This step results in 10,000 bootstrapped estimates of improper payment 
rates (100 x 100=10,000). 

4. Calculate the standard error of the distribution of 10,000 bootstrapped estimates from 
Step 3 and the 95% confidence intervals of the distribution. 

Bayesian Estimation of Improper Payment Rates 

The previous section discusses the econometric models that are consistent with earlier APEC 

studies. However, as discussed in previous APEC reports, OLS regression has some limitations. 

Thus, in addition to OLS estimations, we also use a model employing Bayesian reasoning and 

estimation techniques to estimate a national model and produce national and State level estimates. 

This approach is a more generalized version of the OLS method. Rather than a least squares 

solution (as utilized by OLS regression), it uses Markov Chain Monte Carlo (MCMC) to estimate the 

coefficients. 

The Bayesian Approach begins with the final sets of models selected using the traditional approach 

and uses MCMC to generate estimates instead of OLS regression. The dependent variables used to 

model each error type are improper payment rates. A rate is bounded between 0 (no payments in 

error due to that error type) and 1 (all payments in error due to that error type). Recognizing the 

distribution of these dependent variables, we use a Beta regression in our estimation of the models 
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(Paolino 2001). The Beta distribution values are restricted to be between 0 and 1.8 The Beta 

regression may provide estimates more consistent with the data than OLS regression, which assumes 

a normal distribution and can make forecasts that do not fit the data (e.g., improper payment rates 

greater than 100% or less than 0%). The Beta distribution is governed by two shape parameters, one 

which is equivalent to a mean and the other to the variance. Together they work to provide a 

distribution of values of the errors. We derive the shape parameters from the actual values of the 

proportions (i.e., the improper payment rates) across the SFAs. We include the same explanatory 

variables that were used in the econometric models. 

We use a random effects model because we need to make inferences beyond the values of the 

independent variable in the sample. To make inferences beyond our sample, we conceptualize that 

our sample data are randomly drawn from a larger universe. This means that for each of the 

parameters associated with a variable, we will assume a distribution with a mean and variance 

(commonly referred to as a “prior distribution”). These prior distributions9 are normally represented 

in the error term. The expected mean and variance (priors) are informed by results from the APEC-

II estimation models. We begin by assuming a normal distribution for the parameter estimates—

experimenting with the mean values (taken from APEC-II study) and variances (again taken from 

APEC-II study). After examining the results, we vary the assumptions regarding the distributions 

and the shape parameters and test the sensitivity of the results to changes in these parameters. 

Given the independent and dependent variables, we utilize MCMC methods to produce regression 

results. The MCMC method estimates numerous sets of parameter estimates based on the 

distributional assumptions specified for the parameters for the independent variables and the error 

term(s). Each set constitutes a particular instance of a regression, and the total sample of regressions 

provides the various forms that regression could take given the assumptions. This procedure results 

in an updated estimate for each of the parameters. This updated result is called a posterior 

distribution and it contains the information for a large number of regressions based on the priors 

plus the new information. The mean for each parameter in the posterior distribution corresponds to 

                                                 
8 It is possible that some improper payment rates equal 0 or 1. To account for this possibility, we will use a zero-inflated 

beta regression and/or zero-one inflated regression approach (Ghosh, Mukhopadhyay, and Lu 2003).  
9 In Bayesian statistical inference, a prior probability distribution, often simply called the prior, of an uncertain quantity 

is the probability distribution that would express one’s beliefs about this quantity before some evidence is taken into 
account. For example, the prior could be the probability distribution representing the relative rate of errors in a given 
district. 
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the point estimate between that variable and the dependent variable. The distribution of parameter 

values across all regressions can provide credibility limits that correspond to confidence intervals. 

To summarize, the Bayesian analysis approach includes the following steps: 

1. Select a probability model and priors for the model parameters. As a start, this will 
involve computing summary statistics from observational data (e.g., APEC-II). We will 
establish a candidate model using OLS regression. This will provide the mean estimate 
and the standard errors for each of the parameters thought to be useful. 

2. Use MCMC to obtain the estimates of the posterior distribution. We will first draw 
values from the prior distributions and adjust the information using the updated data 
and establish values for the posterior distribution. 

3. Perform the MCMC simulations a specified number of times to ensure an adequate and 
stable posterior solution is reached. The posterior solution has a posterior distribution 
for each of the parameters in the model. 

4. For each simulation, review results and based on a distance and a pre-determined 
tolerance for the distributional statistics, we decide whether its summary statistic is 
sufficiently close to that of the observed data. We accept the simulation results that are 
consistent with the acceptable distance and tolerance we assume at the beginning of 
analysis. 

5. We approximate the posterior distribution of coefficients from the distribution of 
values associated with accepted simulations. 

Because MCMC sampling routines iteratively sample the new data, the estimates obtained provide 

overall support for predictive validity (the sampling provide a large number of sample comparisons 

based on the assumptions). This is similar to bootstrap methods used in generating sampling 

variances. One important advantage of the MCMC sampling approach is that it is very effective with 

small samples because the method relies on repeated sampling to compute results. We use a SAS 

software package procedure called PROC MCMC to estimate the models. This procedure generates 

a large number of samples from the posterior distribution, and then uses these samples to estimate 

the posterior distributions of the model parameters empirically. 

Because the MCMC procedure generates a distribution of model parameters, it is not necessary to 

perform an additional bootstrapping routine similar to the procedures utilized for the OLS model 

estimates. We use the posterior distribution from the Bayesian modeling to generate a distribution of 

improper payment rate estimates. Analysts calculate the improper payment point estimate as the 
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mean of this distribution of predicted improper payments; standard errors and confidence intervals 

are the standard errors and 95 percent confidence intervals of the distribution of predicted values. 

Calibrating Improper Payment Amounts for Non-CEP and CEP Schools 

After obtaining estimates of improper payment rates due to certification errors in CEP and non-

CEP schools, we apply these rate estimates to the actual NSLP and SBP reimbursement amounts 

from FNS data files. This requires separate total dollar amounts of reimbursements paid specifically 

to students in CEP schools and non-CEP schools. This step is necessary so that it is possible to 

combine total improper payments from CEP and non-CEP schools to generate a total estimate of 

improper payments due to certification error in all schools. 

This step presents an additional challenge because a significant portion of SFAs during SY 2017-

2018 utilized CEP to certify students in at least a portion of schools. There is no national estimate of 

the proportion of NSLP and SBP payments that went to CEP schools versus non-CEP schools for 

SY 2017-2018 (see Volume 1 Chapter 3 for a discussion of this issue and the approach to estimating 

the proportion of payments made to CEP schools). 

The proportion of NSLP and SBP payments made to CEP schools may change in future years 

because the percentage of schools using CEP to certify students changes from year to year. With this 

in mind, the forecasting programs use the annually-updated percentages of students in CEP schools 

provided on the FNS-742 VCR data to calculate updated proportions of payments made to CEP 

schools in future years. 

As we describe in Volume 1 Chapter 3, the national percentage of CEP students does not exactly 

equal the percentage of reimbursements made to CEP schools because the proportion of meals 

reimbursed at the free rate is higher in CEP schools than in non-CEP schools. Therefore, following 

the approach described in Volume 1 Chapter 3, the programs apply an adjustment factor to the 

annually-updated percentage of CEP students using estimates from the APEC-III meal count data 

to adjust for the observed percentages of free meals served in CEP schools versus non-CEP 

schools. It is not possible to update this adjustment factor in future years because FNS does not 

plan to collect nationally-representative meal count data that distinguishes between meals served to 

CEP versus non-CEP schools on an annual basis. Although it is not possible to update this 

adjustment factor, we have no evidence to suggest that the proportion of meals reimbursed at the 



 

   
APEC-III Final Report 
Volume 3 Estimation Modeling – June 2020 27 

  

free rate in CEP schools versus non-CEP schools will change substantially in future years. 

Therefore, we believe that this approach represents a reasonable approximation for estimating CEP 

and non-CEP reimbursements based on the updated percentages of CEP students drawn from the 

FNS-742 VCR data in future years. 

Adjustment for Exclusion of Non-Applicants from the APEC-III Student Sample 

Budget calibration for improper payments made in non-CEP schools requires an additional 

adjustment due to the sampling design because the household survey sample only includes students 

certified at the free or reduced-price rate (certified students) and paid applicants. The sample does 

not include non-applicants (i.e., students who did not apply, and were not certified as free, reduced-

price, nor paid). Non-applicants correctly receive meals at the paid rate; therefore, no improper 

payments were made to non-applicants. To adjust for payments made to non-applicants when 

calculating improper payment amounts and rates, the forecasting programs use the same adjustment 

factor for the model estimates as analysts used for the budget calibration of weighted national 

estimates (see Volume 1 Chapter 3). This adjustment uses records of meal counts collected from 

sampled SFAs to estimate the proportion of meals served at the paid rate in a given month 

(including paid applicants and non-applicants). Analysts then compared the proportion of meals 

served at the paid rate to the proportion of meals served to paid applicants only based on the 

household survey and meal participation records. This comparison allows us to adjust the budget 

calibration to include non-applicants in the denominator when calculating erroneous payment rates. 

The non-applicants have zero error rate. Appendix H (Volume 4) provides a description of this 

adjustment procedure. 

4.2 Certification Error in CEP Schools 

Table 4-1 shows the predictions based on the OLS models and the Bayesian models of improper 

payments due to certification error in CEP schools. The tables also show the APEC-III national 

estimates for comparison (the same estimates that appear in Volume 1 Chapter 3). Due to the nature 

of certification errors in CEP schools and the error estimation methodology, this study does not 

assess underpayments due to certification errors in CEP schools. Therefore, the overpayment 

amounts equal the gross improper payment amounts in Table 4-1. 
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Table 4-1. Improper payment estimates due to certification errors in CEP schools, SY 2017-2018 

Error type 

NSLP SBP 
APEC-III national 

estimates 
OLS model 
predictions 

Bayesian model 
predictions 

APEC-III national 
estimates 

OLS model 
predictions 

Bayesian model 
predictions 

Total reimbursements  
(millions of dollars) 

4,115 4,115 4,115 1,169 1,169 1,169 

Improper payment amounts (millions of dollars) 
Overpayments 99 

(34) 
[34, 166] 

96 
(43) 

[36, 176] 

95 
(10) 

[78, 112] 

26 
(10) 

[6, 46] 

26 
(12) 

[10, 48] 

22 
(3) 

[18, 27] 
Underpayments  
(not assessed for CEP) 

– – – – – – 

Gross improper payments 99 
(34) 

[34, 166] 

96 
(43) 

[36, 176] 

95 
(10) 

[78, 112] 

26 
(10) 

[6, 46] 

26 
(12) 

[10, 48] 

22 
(3) 

[18, 27] 
Improper payment rates (percentages out of 100) 
Overpayments 2.40 

(0.82) 
[0.78, 4.02] 

2.32 
(1.04) 

[0.88,4.27] 

2.31 
(0.25) 

[1.90, 2.73] 

2.24 
(0.85) 

[0.56, 3.92] 

2.25 
(1.01) 

[0.86, 4.14] 

1.90 
(0.24) 

[1.50, 2.29] 
Underpayments  
(not assessed for CEP) 

– – – – – – 

Gross improper payments 2.40 
(0.82) 

[0.78, 4.02] 

2.32 
(1.04) 

[0.88,4.27] 

2.31 
(0.25) 

[1.90, 2.73] 

2.24 
(0.85) 

[0.56, 3.92] 

2.25 
(1.01) 

[0.86, 4.14] 

1.90 
(0.24) 

[1.50, 2.29] 

Sources: APEC-III weighted data; FNS-742 Verification Collection Report; Annual report to Congress on Direct Certification in the National School Lunch Program; 
U.S. Census. 

Notes: Estimates are calibrated based on total national reimbursements reported in the FNS national data file. Standard errors in parentheses. Lower and upper 95% 
confidence intervals in brackets. 

CEP=Community Eligibility Provision; NSLP=National School Lunch Program; SBP=School Breakfast Program; OLS=Ordinary Least Squares. 
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The OLS model estimates of improper payments due to certification errors in CEP schools for both 

the NSLP and SBP were close to the APEC-III national estimates. The point estimates from the 

OLS models slightly underestimated certification errors in CEP schools for the NSLP (the model 

predicts an error rate of 2.32 percent, compared to the APEC-III national weighted estimate of 2.40 

percent). For the SBP, the OLS model predicts an improper payment rate slightly higher than the 

APEC-III national estimate (2.25 percent versus 2.24 percent). In all cases, the 95 percent 

confidence intervals of the OLS model predictions and the APEC-III weighted estimates 

overlapped. 

The Bayesian model estimates also come close to the APEC-III national estimates. For both the 

NSLP and the SBP, the mean prediction from the Bayesian models estimates is slightly higher than 

the APEC-III weighted national estimates. The models predict an improper payment rate of 2.82 

percent for the NSLP (compared to the APEC-III weighted estimate of 2.70 percent), and 3.10 

percent for the SBP (compared to the APEC-III weighted estimate of 2.59 percent). As was the case 

with the OLS model estimates, the confidence intervals of the Bayesian model estimates overlap 

with those of the APEC-III weighted estimates. 

4.3 Certification Error in Non-CEP Schools 

The national results of certification errors in non-CEP schools from the OLS models and the 

Bayesian models appear in Table 4-2. The OLS model results come close to the APEC-III national 

estimates. The 95 percent confidence intervals of the OLS model estimates overlap with those of the 

APEC-III national estimates. There are slight differences between the point predictions of the OLS 

model estimates and the APEC-III national estimates. The OLS estimated overpayment amount for 

the NSLP is $602 million (6.34 percent), compared to the APEC-III estimate of $627 million (6.61 

percent); the OLS estimated overpayments are also close for the SBP ($199 million based on the 

model estimates versus the APEC-III estimate of $196 million). The models predict higher values 

for underpayment rates due to certification errors than the APEC-III national estimates, but again 

the confidence intervals overlap. For the NSLP, the OLS predicted underpayment rate is 2.54 

percent versus the 1.70 percent based on the APEC-III national estimates; for the SBP, the rates are 

2.40 percent predicted versus 1.56 percent. The predicted gross improper payments based on the 

OLS models are slightly higher than the APEC-III national estimates due primarily to the higher 
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predicted underpayment rates, but again there is substantial overlap between the confidence intervals 

of the predicted gross improper payment rates and the APEC-III national estimates. 

The Bayesian models tend to over-predict improper payments due to certification errors in non-

CEP schools relative to the APEC-III national estimates for both NSLP and SBP reimbursements. 

Predicted overpayments based on the Bayesian model parameters are $656 million for the NSLP 

($236 million for the SBP), compared to $627 million from the APEC-III national estimates ($196 

million for the SBP). The Bayesian models substantially over-predict underpayment rates. Predicted 

underpayments based on the Bayesian model parameters are $358 million for the NSLP ($98 million 

for the SBP), compared to $162 million from the APEC-III national estimates ($49 million for the 

SBP). The confidence intervals for underpayments based on the Bayesian model parameters do not 

overlap with those of the APEC-III national estimates, suggesting that the Bayesian predictions 

differ substantially from the actual underpayment amounts. 

4.4 Certification Error in All Schools 

To estimate improper payment amounts and rates in all schools for SY 2017-2018, analysts 

combined the predicted overpayment, underpayment, and gross improper payment amounts due to 

certification errors in CEP and non-CEP schools. Table 4-3 shows the APEC-III national estimates, 

the OLS model predictions, and the Bayesian model predictions of improper payments due to 

certification errors in all schools. 

The OLS and the Bayesian models both predicted improper payment values due to certification 

errors in CEP schools similar to the APEC-III national estimates. However, for improper payments 

due to certification errors in non-CEP schools, the OLS model predictions were closer to the 

APEC-III national estimates than were the Bayesian model predictions. The OLS model predictions 

for certification errors in all (i.e. CEP and non-CEP) schools come closer to the APEC-III national 

estimates than Bayesian model predictions. The OLS models predict total overpayments of $698 

million for the NSLP (compared to the APEC-III national estimate of $726 million), and $225 

million for the SBP (compared to the APEC-III estimate of $222 million). 
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Table 4-2. Improper payment estimates due to certification errors in non-CEP schools, SY 2017-2018 

Error type 

NSLP SBP 
APEC-III national 

estimates 
OLS model 
predictions 

Bayesian model 
predictions 

APEC-III national 
estimates 

OLS model 
predictions 

Bayesian model 
predictions 

Total reimbursements  
(millions of dollars) 

9,490 9,490 9,490 3,144 3,144 3,144 

Improper payment amounts (millions of dollars) 
Overpayments 627 

(58) 
[513, 741] 

602 
(51) 

[503, 672] 

656 
(11) 

[639, 675] 

196 
(22) 

[153, 239] 

199 
(23) 

[156, 228] 

236 
(5) 

[229, 244] 
Underpayments  
(not assessed for CEP) 

162 
(29) 

[105, 218] 

241 
(42) 

[163, 303] 

358 
(11) 

[342, 378] 

49 
(10) 

[30, 68] 

75 
(14) 

[53, 100] 

98 
(4) 

[93, 105] 
Gross improper payments 789 

(68) 
[654, 923] 

844 
(66) 

[707, 928] 

1014 
(15) 

[990, 1040] 

245 
(25) 

[195, 295] 

275 
(26) 

[222, 311] 

334 
(6) 

[325, 345] 
Improper payment rates (percentages out of 100) 
Overpayments 6.61 

(0.61) 
[5.41, 7.81] 

6.34 
(0.54) 

[5.30,7.09] 

6.91 
(0.12) 

[6.74,7.11] 

6.23 
(0.69) 

[4.87, 7.60] 

6.34 
(0.74) 

[4.97,7.24] 

7.50 
(0.15) 

[7.27,7.77] 
Underpayments  
(not assessed for CEP) 

1.70 
(0.30) 

[1.11, 2.30] 

2.54 
(0.44) 

[1.73,3.20] 

3.77 
(0.11) 

[3.60,3.98] 

1.56 
(0.30) 

[0.95, 2.16] 

2.40 
(0.45) 

[1.70,3.19] 

3.13 
(0.12) 

[2.96, 3.35] 
Gross improper payments 8.31 

(0.72) 
[6.89, 9.73] 

8.89 
(0.69) 

[7.45,9.77] 

10.69 
(0.16) 

[10.44,10.96] 

7.79 
(0.80) 

[6.20, 9.38] 

8.74 
(0.83) 

[7.06,9.90] 

10.64 
(0.19) 

[10.35, 10.97] 

Sources: APEC-III weighted data; FNS-742 Verification Collection Report; Annual report to Congress on Direct Certification in the National School Lunch Program; 
U.S. Census. 

Notes: Estimates are calibrated based on total national reimbursements reported in the FNS national data file. Standard errors in parentheses. Lower and upper 95% 
confidence intervals in brackets. 

CEP=Community Eligibility Provision; NSLP=National School Lunch Program; SBP=School Breakfast Program; OLS=Ordinary Least Squares. 
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Table 4-3. Improper payment estimates due to certification errors in all schools, SY 2017-2018 

Error type 

NSLP SBP 
APEC-III national 

estimates 
OLS model 
predictions 

Bayesian model 
predictions 

APEC-III national 
estimates 

OLS model 
predictions 

Bayesian model 
predictions 

Total reimbursements  
(millions of dollars) 

13,606 13,606 13,606 4,312 4,312 4,312 

Improper payment amounts (millions of dollars) 
Overpayments 726 

(67) 
[595 , 857] 

698 
(72) 

[565, 804] 

751 
(15) 

[728, 777] 

222 
(24) 

[175, 269] 

225 
(27) 

[176, 258] 

258 
(5) 

[249, 268] 
Underpayments  
(not assessed for CEP) 

162 
(29) 

[105, 218] 

241 
(42) 

[163, 303] 

358 
(11) 

[342, 378] 

49 
(10) 

[30, 68] 

75 
(14) 

[53, 100] 

98 
(4) 

[93, 105] 
Gross improper payments 887 

(76) 
[738, 1036] 

939 
(81) 

[791, 1053] 

1108 
(18) 

[1080, 1141] 

271 
(27) 

[218, 324] 

301 
(29) 

[244, 342] 

357 
(6) 

[346, 368] 
Improper payment rates (percentages out of 100) 
Overpayments 5.33 

(0.49) 
[4.37, 6.30] 

5.13 
(0.53) 

[4.15, 5.91] 

5.52 
(0.11) 

[5.35, 5.71] 

5.15 
(0.56) 

[4.06, 6.24] 

5.23 
(0.61) 

[4.09, 5.97] 

5.98 
(0.13) 

[5.78, 6.21] 
Underpayments  
(not assessed for CEP) 

1.19 
(0.30) 

[0.77, 1.61] 

1.77 
(0.31) 

[1.20,2.23] 

2.63 
(0.08) 

[2.51, 2.77] 

1.14 
(0.28) 

[0.70, 1.58] 

1.75 
(0.33) 

[1.24,2.32] 

2.28 
(0.08) 

[2.16, 2.44] 
Gross improper payments 6.52 

(0.56) 
[5.42, 7.61] 

6.90 
(0.60) 

[5.81, 7.74] 

8.16 
(0.14) 

[7.94, 8.38] 

6.29 
(0.57) 

[5.06, 7.51] 

6.98 
(0.68) 

[5.66, 7.93] 

8.27 
(0.15) 

[8.03, 8.53] 

Sources: APEC-III weighted data; FNS-742 Verification Collection Report; Annual report to Congress on Direct Certification in the National School Lunch Program; 
U.S. Census. 

Notes: Estimates are calibrated based on total national reimbursements reported in the FNS national data file. Standard errors in parentheses. Lower and upper 95% 
confidence intervals in brackets. 

CEP=Community Eligibility Provision; NSLP=National School Lunch Program; SBP=School Breakfast Program; OLS=Ordinary Least Squares. 
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The OLS models predict a slightly higher underpayment rate, but again, the confidence intervals of 

the predictions and the APEC-III national estimates overlap. The OLS models predict an 

underpayment rate of 1.77 percent for the NSLP (compared to the APEC-III national estimate of 

1.19 percent), and 1.75 percent for the SBP (compared to the APEC-III national estimate of 1.14 

percent). Combining overpayment and underpayments, the OLS predicted gross improper payment 

rate due to certification error is 6.90 percent for the NSLP (compared to the APEC-III national 

estimate of 6.52 percent), and 6.98 percent for the SBP (compared to the APEC-III national 

estimate of 6.29 percent). 

The Bayesian model predictions do not come as close to the APEC-III national estimates as the 

OLS model predictions. The Bayesian models substantially over-predict the occurrence of 

underpayments due to certification error in all schools, and slightly over-predict the rate of 

overpayments. This also results in a prediction of the gross improper payment rate based on the 

Bayesian models that is substantially higher than the APEC-III national estimates. 

4.5 Aggregation Error 

As the results of the modeling analyses in the previous chapter show, none of the explanatory 

variables are strong predictors for aggregation errors. Furthermore, the cross-validation results 

indicate that the attempted predictive models do not provide valid estimates of aggregation errors. 

This is due to two unique characteristics of aggregation errors: first, aggregation errors are math 

errors that do not appear to relate significantly to any known characteristics of schools or SFAs, and 

second, aggregation errors are relative rare events, which are difficult to predict accurately using 

forecasting models. Therefore, we come to the same conclusions as previous estimation modeling 

analyses in the APEC series that forecasting models will not provide valid predictions of future rates 

of aggregation error. 

4.6 Summary 

The forecasting models provide predicted improper payment amounts and rates based on the FNS-

742 VCR, SNAP Direct Certification Report, and U.S. Census data that are generally close to those 

based on the APEC-III weighted data. After attempting the traditional OLS modeling approach 

used by the APEC-II study and a Bayesian MCMC modeling approach, we find that the traditional 
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OLS approach results in national predictions that are closer to the actual estimated values from the 

APEC-III data. The OLS predicted gross improper payment rates in all schools are 6.90 percent for 

NSLP and 6.98 percent for SBP, compared to the APEC-III estimates of 6.52 percent and 6.29 

percent, respectively. 

Although the Bayesian modeling approach provides some methodological advantages in theory, we 

recommend using the OLS model estimates to predict improper payment rates in future years. The 

traditional OLS modeling approach produces predictions that are closer to the actual improper 

payment rates and amounts from Volume 1 of this report. Furthermore, the OLS modeling 

approach is less computationally intensive than the Bayesian modeling approach, which requires 

significant computing time and resources to produce estimates. 

Both the traditional OLS modeling approach and the Bayesian modeling approach over-predict the 

occurrence of underpayments relative to the APEC-III national estimates. However, comparisons of 

the confidence intervals and the distribution of predicted values indicate that only the Bayesian 

modeling approach substantially over-predicts underpayments. It is possible that the models do not 

perform as well when predicting underpayments compared to when predicting overpayments 

because underpayments occur at lower rates than overpayments, meaning that they are relatively rare 

events relative to overpayments. 

Aggregation errors are difficult to predict; following the conclusions of the APEC-II estimation 

modeling analyses, we also find that there is no model based on available data that would provide 

valid predictions of improper payments due to aggregation errors in future years. Given the findings 

from the three studies in the APEC series, however, we expect that improper payments due to 

aggregation errors will continue to represent a relatively small portion of all improper payments. 

Furthermore, we find no evidence that aggregation error rates vary significantly from year to year 

(see Volume 1 Chapter 4 of this report), meaning that there is no evidence of a trend in aggregation 

errors in either direction. Given this, the best available prediction is that improper payments due to 

aggregation errors in future years will be similar to those in past years. 
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5. State Improper Payment Estimates 

An objective of the APEC-III estimation modeling analysis is to produce State-level estimates of 

improper payment rates. These estimates are valuable because they may identify States with 

unusually high error rates and therefore suggest areas of focus to reduce future errors. Analysts 

calculated State improper payment estimates by applying the model results to the national data set of 

SFAs drawn from the FNS-742 VCR data file. 

5.1 Methodology 

The same models used for the national model predictions serve as the basis for estimates of 

improper payment rates for each State. The list of national SFAs drawn from the FNS-742 VCR 

data set contains a national set of SFAs and the geographic location (e.g., State, zip code) of each 

SFA. Therefore, it is possible to calculate estimates for each State separately by applying the model 

estimates to the national data for each SFA. 

The State improper payment estimates are based on the national model results obtained using the 

traditional OLS regression approach. We decided to use the OLS regression results for the State 

level estimates as opposed to the Bayesian modeling results. Although the Bayesian modeling results 

yielded similar estimates to the OLS models, as the previous chapter shows, the OLS models result 

in estimates that are closer to the national average error rates based on the APEC-III sample. 

Analysts estimated State-level improper payment amounts and rates using the following procedure, 

separately for each meal type (e.g., NSLP or SBP): 

1. Use the national models obtained using the OLS regression method to estimate 
improper payments for each SFA. 

2. Sum the estimated improper payments (overpayments, underpayments, and gross 
improper payments) for each SFA separately for each type of error (e.g., certification 
error in CEP schools, certification error in non-CEP schools) by State. 

3. Calculate the estimated State improper payment rate by dividing the total State 
estimated improper payments by the total estimated payments made to the State. 

4. Create a set of 10,000 bootstrapped combinations of model coefficients and predictors 
by randomly sampling 100 bootstrapped iterations of the SFAs on the FNS-742 VCR 
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data set and combining the bootstrapped SFAs with 100 sets of bootstrapped OLS 
model coefficients. Repeat steps 1 through 3 to calculate 10,000 bootstrapped improper 
payment estimated amounts and rates for each State. Use the distribution of 
bootstrapped improper payment estimates to calculate the standard error and 95 
percent confidence intervals of each State estimate. 

5.2 Certification Error in CEP Schools 

A substantial number of schools and SFAs utilize CEP to certify students. This represents a shift 

from the school year examined by the APEC-II State level estimation modeling analysis (SY 2012-

2013). In SY 2012-2013, only six States and the District of Columbia were home to CEP schools. 

For the school year examined by APEC-III (SY 2017-2018), every State was home to at least some 

CEP schools, and the FNS-742 VCR data indicate that approximately 22.93 percent of students 

nationally attended a CEP school. 

Figures 5-1 and 5-2 show the model-based estimates of State-level improper payment rates due to 

certification errors in CEP schools. We present the same information in table format in Table SA-1 

in Volume 3 Supplemental Appendix A. The first thing to note about the estimates is that, although 

there is State-by-State variation in CEP error rates, the standard errors are large and the confidence 

intervals are wide. Many of the estimated confidence intervals include zero, and the confidence 

intervals for each State overlap those of other States. There are two reasons for the wide confidence 

intervals. First, certification error rates in CEP schools are relatively rare events compared to those 

in non-CEP schools. Among CEP schools in the APEC-III sample, 80.8 percent had no 

certification errors; in comparison, among non-CEP schools, only 21.5 percent had no certification 

errors. Rare events are more difficult to predict than relatively common events because the models 

are based on only a small set of observed errors. Second, although schools and SFAs more often 

utilized CEP in SY 2017-2018 than in prior school years, there were still relatively fewer CEP 

schools than non-CEP schools. Therefore, there are fewer observations from CEP schools than 

non-CEP schools to serve as the basis for State level estimates. The APEC-III sample collected data 

from CEP schools from 24 States (an asterisk appears next to States represented by at least one CEP 

school in the APEC-III sample in Table SA-1 in Volume 3 Supplemental Appendix A). 
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Figure 5-1. State comparison of model-based improper payment rates due to certification 
errors in CEP schools for the NSLP, SY 2017-2018 

 
Sources: APEC-III sample data; FNS-742 Verification Collection Report; Annual report to Congress on Direct Certification 

in the National School Lunch Program; U.S. Census. 

Notes: Estimates are calibrated based on total national reimbursements reported in the FNS national data file.  

CEP=Community Eligibility Provision; NSLP=National School Lunch Program; SBP=School Breakfast Program; 
OLS=Ordinary Least Squares.  
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Figure 5-2. State comparison of model-based improper payment rates due to certification 
errors in CEP schools for the SBP, SY 2017-2018 

 
Sources: APEC-III sample data; FNS-742 Verification Collection Report; Annual report to Congress on Direct Certification 

in the National School Lunch Program; U.S. Census. 

Notes: Estimates are calibrated based on total national reimbursements reported in the FNS national data file.  

CEP=Community Eligibility Provision; NSLP=National School Lunch Program; SBP=School Breakfast Program; 
OLS=Ordinary Least Squares. 
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Only twelve States have positive estimated improper payment error rates with confidence intervals 

that do not include zero. For both the NSLP and the SBP, the States with the largest estimates of 

improper payment rates due to certification error in CEP schools that also have confidence intervals 

that do not cross zero are New Mexico, the District of Columbia, North Dakota, Texas, and 

Montana. It is important to note that, although the confidence intervals for these five States do not 

cross zero, they are still large, and even the State with the largest estimated improper payment rate 

(New Mexico) has a confidence interval that includes the national average CEP error rate. 

Therefore, although these results are suggestive of differences in CEP error rates, they do not 

provide conclusive evidence of differences between States. 

Thirty-seven States have estimated improper payment rates due to certification errors in CEP 

schools that have confidence intervals that include zero. Although some of these States may have a 

positive error rate, the APEC-III sample data and the limited set data available for each SFA in the 

nation for the forecasting models do not allow for estimates that are significantly different from 

zero. Eight States have a negative predicted improper payment rate due to certification errors in 

CEP schools. This can occur because we use the OLS models to estimate error rates; OLS assumes 

a normal distribution of the data and can therefore return negative predicted values even when no 

negative outcome values exist in the observed data.10 Each of the States with negative error 

estimates has a confidence interval that includes zero, indicating that the model-based estimated 

error rates for these States are effectively zero and not, in fact, negative. 

5.3 Certification Error in Non-CEP Schools 

Improper payments due to certification errors in non-CEP schools vary by State. As described in 

Chapter 3 (model selection), the non-CEP certification error rate models predict certification errors 

based primarily on the results of the verification process (FNS-742 VCR data). Therefore, SFAs in 

each State with different outcomes from the verification process (e.g., larger or smaller percentages 

                                                 
10 As described in Chapter 4 of this volume, we attempted to use an alternative modeling approach for CEP error rates 

utilizing a beta distribution, which provides a theoretical advantage in that it is designed for modeling rates and 
therefore predicts values that are bounded between 0 and 1. We found that these alternative models did not result in 
average estimated error rates that were as close to the national average as the estimates based on the OLS models. 
Therefore, we employed the OLS models for these State level estimates.  
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of verified applications that had changes in benefit levels due to the verification process) likely 

explain many of the differences in the State-level estimates. 

Figures 5-3 and 5-4 summarize the State model-based estimates of improper payment rates due to 

certification errors in non-CEP schools. We present the same information, by underpayments and 

overpayments, in table format in Table SA-2 in Volume 3 Supplemental Appendix A. For the NSLP, 

twenty-eight States have gross improper payment rates higher than the estimated national average of 

8.89 percent, and for the SBP, twenty-seven States exceed the national average of 8.74 percent. 

However, for both the NSLP and the SBP, all of the States with above-average improper payment 

rates had confidence intervals that overlapped with the confidence intervals of the national average. 

Therefore, comparisons of improper payment rates between States are suggestive but not significant. 

For the NSLP, the States with the highest estimated improper payment rates (above 12 percent) 

were Wyoming, Kansas, Mississippi, and Oklahoma (see Figure 5-3). For the SBP, six States have 

estimated improper payment rates above 12 percent – Arizona, Mississippi, Oklahoma, Tennessee, 

and Wyoming (see Figure 5-4). The estimated error rates differ for the NSLP and the SBP due to 

differences in the model parameters for errors associated with each program and differences in the 

numbers of meals claimed by State for each program. 

A handful of States (one State for NSLP and three States for SBP) have estimated improper 

payment rates due to certification errors in non-CEP schools with confidence intervals that include 

zero. The inclusion of zero in the confidence interval of the estimate indicates that there is 

substantial variation in the SFAs from that State. The variation means that the bootstrapping 

procedure results in very different estimates (and a wide distribution) when re-sampling from SFAs 

in certain States, and in particular States with both very large and small SFAs. 
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Figure 5-3. State comparison of model-based improper payment rates due to certification 
errors in non-CEP schools for the NSLP, SY 2017-2018 

 
Sources: APEC-III sample data; FNS-742 Verification Collection Report; Annual report to Congress on Direct Certification 

in the National School Lunch Program; U.S. Census. 

Notes: Estimates are calibrated based on total national reimbursements reported in the FNS national data file.  

CEP=Community Eligibility Provision; NSLP=National School Lunch Program; SBP=School Breakfast Program; 
OLS=Ordinary Least Squares. 
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Figure 5-4. State comparison of model-based improper payment rates due to certification 
errors in non-CEP schools for the SBP, SY 2017-2018 

 
Sources: APEC-III sample data; FNS-742 Verification Collection Report; Annual report to Congress on Direct Certification 

in the National School Lunch Program; U.S. Census. 

Notes: Estimates are calibrated based on total national reimbursements reported in the FNS national data file.  

CEP=Community Eligibility Provision; NSLP=National School Lunch Program; SBP=School Breakfast Program; 
OLS=Ordinary Least Squares. 
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5.4 Certification Error in All Schools 

Analysts combined the estimated improper payment amounts due to certification errors in non-CEP 

schools and in CEP schools to generate State-specific estimates of improper payments due to 

certification errors in all schools. The level of participation in CEP varied by State for SY 2017-2018. 

Because CEP certification error rates tend to be lower than non-CEP, States with higher CEP 

participation rates typically have lower estimated certification error rates in all schools. According to 

the FNS-742 VCR data for SY 2017-2018, by State, the percentage of students enrolled in CEP 

schools ranges from a low of 0.39 percent (New Hampshire) to a high of 69.70 percent (District of 

Columbia). Table 5-1 summarizes the percentages of CEP students by State. 

Table 5-1. Percentages of students enrolled in CEP schools by State, SY 2017-2018 

State Percentage CEP students 
Alabama 27.52 
Arkansas 14.43 
Arizona 10.66 
California 12.63 
Colorado 4.53 
Connecticut 23.39 
District of Columbia 69.70 
Delaware 41.05 
Florida 23.75 
Georgia 27.11 
Iowa 9.99 
Idaho 11.26 
Illinois 40.26 
Indiana 10.74 
Kansas 4.94 
Kentucky 67.83 
Louisiana 58.93 
Massachusetts 26.58 
Maryland 11.81 
Maine 10.88 
Michigan 19.41 
Minnesota 6.87 
Missouri 13.95 
Mississippi 30.50 
Montana 17.59 
North Carolina 28.16 
North Dakota 5.23 
Nebraska 1.77 
New Hampshire 0.39 
New Jersey 11.14 
New Mexico 52.64 
Nevada 19.81 
New York 53.81 
Ohio 20.67 
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Table 5-1. Percentages of students enrolled in CEP schools by State, SY 2017-2018 
(continued) 

State Percentage CEP students 
Oklahoma 21.76 
Oregon 21.79 
Pennsylvania 26.01 
Rhode Island 10.38 
South Carolina 30.88 
South Dakota 10.94 
Tennessee 44.35 
Texas 21.03 
Utah 1.87 
Virginia 12.05 
Vermont 16.85 
Washington 9.15 
Wisconsin 16.65 
West Virginia 66.98 
Wyoming 2.05 

Source: FNS-742 VCR data set for SY 2017-2018. 
 
Figures 5-5 and 5-6 summarize the State model-based estimates of improper payment rates due to 

certification errors in all (CEP and non-CEP) schools. We present the same information, by 

underpayments and overpayments, in table format in Table SA-3 in Volume 3 Supplemental 

Appendix A. For the NSLP, 30 States have estimated improper payment rates due to certification 

errors that exceed the model-based estimate of the national average (26 States for the SBP). 

However, it is important to note that the confidence intervals of the State estimates overlap those of 

the national average even for States with the largest estimated certification error rates. Therefore, the 

estimates are suggestive of differences between the States but not conclusive. For the NSLP, the five 

States with the largest estimated certification error rates in all schools are Wyoming, Kansas, Utah, 

Arizona and Minnesota; for the SBP, the States are Arizona, Wyoming, Utah, Kansas, and 

California. 
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Figure 5-5. State comparison of model-based improper payment rates due to certification 
errors in all schools for the NSLP, SY 2017-2018 

 
Sources: APEC-III sample data; FNS-742 Verification Collection Report; Annual report to Congress on Direct Certification 

in the National School Lunch Program; U.S. Census. 

Notes: Estimates are calibrated based on total national reimbursements reported in the FNS national data file.  

CEP=Community Eligibility Provision; NSLP=National School Lunch Program; SBP=School Breakfast Program; 
OLS=Ordinary Least Squares. 
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Figure 5-6. State comparison of model-based improper payment rates due to certification 
errors in all schools for the SBP, SY 2017-2018 

 
Sources: APEC-III sample data; FNS-742 Verification Collection Report; Annual report to Congress on Direct Certification 

in the National School Lunch Program; U.S. Census. 

Notes: Estimates are calibrated based on total national reimbursements reported in the FNS national data file.  

CEP=Community Eligibility Provision; NSLP=National School Lunch Program; SBP=School Breakfast Program; 
OLS=Ordinary Least Squares. 
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5.5 Aggregation Errors 

Analysts did not attempt to generate model-based estimates of improper payments due to 

aggregation errors for each State. As noted in Chapters 3 and 4, the models do not provide valid 

estimates of aggregation errors using any of the available predictors. It is possible that aggregation 

errors vary by State, but without any explanatory variables with a significant relationship to 

aggregation error rates it is not possible to estimate State-specific rates accurately. 

5.6 Summary 

The model-based estimates of State improper payment rates suggest that there is variation between 

States in certification errors in both CEP and non-CEP schools. However, similar to the State-level 

estimates from the previous estimation modeling analysis conducted for the APEC-II study, the 

State-level estimates presented in this chapter have large confidence intervals, and it is therefore the 

differences in error rates between most States are not statistically significant. 

There are several strengths and limitations to note regarding the State model-based estimates of 

improper payments due to certification errors. A strength is that the APEC-III sample contains at 

least some error rate information from SFAs in a majority of States. Furthermore, the set of model 

predictors drawn from the FNS-742 VCR data set contain data for almost all SFAs in the nation and 

are broadly representative of all States. 

There are also characteristics of the data that substantially limit our ability to generate precise State-

level error estimates. We estimated the model parameters using observed data from the APEC-III 

study. The APEC-III study was designed to produce national estimates of improper payment rates 

and amounts. The APEC-III sample, therefore, is designed to produce nationally representative 

estimates of improper payments, but not necessarily precise estimates of the improper payment rates 

of individual States. The APEC-III sample does not include SFAs from every State in the nation and 

there is no way to generate weighted estimates for each State based on the sample data alone. 

Therefore, there are no “known” State-level estimates of improper payment rates to compare the 

predicted values, which means we cannot compare the State-level estimates to known sample-based 

estimates (as we did for the national estimates presented in Chapter 4).11 

                                                 
11 The list of national SFAs drawn from the FNS-742 VCR data set contains all SFAs in all states. While it is possible to 

calculate estimates for each State separately by applying the model estimates to the national data for each SFA, there 
may be some uncertainty in the State estimates because the sample design does not allow for the estimation of 
weighted sampled-based estimates for each State individually.  
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6. Summary 

It is possible to predict future improper payment rates by combining estimates from the APEC-III 

sample and administrative data collected on an annual basis. This volume describes the procedures 

used to identify data sources, select final models, and use the final model estimates to calculate 

national and State-level improper payment estimates for SY 2017-2018. We conclude that an OLS 

modeling informed by data collected annually by FNS and the U.S. Census produces valid estimates 

of national improper payment rates due to certification errors. It was not possible to generate valid 

estimates of aggregation errors due to the lack of available predictors that have a significant 

relationship with aggregation error. 

First, we explored potential data sources of characteristics that may relate to errors. We selected final 

data sources by prioritizing sources that are updated on at least an annual basis, provide data that 

can be linked directly to SFAs, and contain information that, in theory, relates to error rates. Three 

data sources fit these criteria: 1) the FNS-742 VCR data; 2) the annual USDA report to Congress on 

Direct Certification in the NSLP; and 3) the U.S. Census. Using data from the APEC-III sample 

summed to the SFA level, we defined a set of outcome variables for modeling by building upon the 

variables defined by the APEC-II estimation modeling analysis. 

Next, we tested and selected final models using a cross-validation procedure. The cross-validation 

approach assesses model validity and reduces the likelihood of model over-specification by 

repeatedly selecting test samples from the observed data and comparing predicted outcomes from 

each model specification to actual outcomes. The results of the cross-validation procedure indicate 

that models based on predictors drawn from a combination of the FNS-742 VCR data, the annual 

USDA report to Congress, and the U.S. Census provide the most valid estimates of improper 

payments due to certification errors in both CEP and non-CEP schools. However, no combination 

of predictors from the available data sets resulted in valid estimates of improper payments due to 

aggregation errors. 

After selecting the specifications for the final models, we estimated national improper payments due 

to certification errors, separately for CEP and non-CEP schools and then combined for all schools. 

We estimated these models using the traditional OLS modeling approach employed by the prior 

APEC estimation modeling report (APEC-II) as well as an alternative approach utilizing a Bayesian 
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methodology. We found that, despite the theoretical advantages of the Bayesian approach, the 

traditional OLS approach produced estimates that were closer on average to the known improper 

payment rates based on the weighted APEC-III sample data. The APEC-III sample-based national 

gross improper payment rate due to certification errors in all schools was 6.52 percent for the NSLP 

(6.29 % for SBP). The OLS models predicted an improper payment rate of 6.90 percent for NSLP, 

and 6.98 percent for SBP. The confidence intervals of the model predictions overlapped those of 

the APEC-III sample-based estimates. 

The final step in the estimation modeling analysis was to use the final models and set of predictors 

to estimate State-level improper payment rates for the SY 2017-2018. These estimates, presented in 

Chapter 5, suggest that there is variation among States in terms of improper payment rates due to 

certification errors. However, the limitations of the available data resulted in large confidence 

intervals. This means that in most cases we cannot distinguish the improper payment rates in most 

States from one another based on the available data. 
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Table A-1. Model-based estimates of improper payment rates due to certification errors in CEP 
schools by State, SY 2017-2018 

State 
Gross improper payments 
NSLP SBP 

National payment rates (percentages out of 100) 
National average (model-based estimate) 2.32 

(1.04) 
[0.88,4.27] 

2.25 
(1.01) 

[0.86, 4.14] 
State-level improper payment rates (percentages out of 100) 
Alabama 2.47 

(1.46) 
[0.40,5.23] 

2.40 
(1.42) 

[0.38,5.07] 
Arkansas 2.19 

(1.35) 
[0.27,4.62] 

2.12 
(1.31) 

[0.26,4.47] 
Arizona* 3.79 

(2.97) 
[-1.51,8.68] 

3.66 
(2.88) 

[-1.47,8.41] 
California* 4.55 

(3.04) 
[-0.67,9.36] 

4.40 
(2.94) 

[-0.66,9.06] 
Colorado 4.21 

(2.06) 
[0.97,7.83] 

4.08 
(2.00) 

[0.94,7.57] 
Connecticut* 2.26 

(3.02) 
[-3.25,6.34] 

2.19 
(2.92) 

[-3.15,6.15] 
District of Columbia 6.15 

(3.19) 
[1.37,11.52] 

5.96 
(3.09) 

[1.33,11.17] 
Delaware 2.66 

(2.10) 
[-0.59,5.94] 

2.58 
(2.04) 

[-0.57,5.76] 
Florida 1.58 

(2.72) 
[-3.13,5.96] 

1.53 
(2.64) 

[-3.03,5.79] 
Georgia* 2.77 

(1.73) 
[0.09,5.77] 

2.68 
(1.68) 

[0.09,5.59] 
Iowa* -0.06 

(1.77) 
[-3.06,3.00] 

-0.05 
(1.71) 

[-2.96,2.90] 
Idaho* 1.94 

(1.57) 
[-0.23,4.93] 

1.88 
(1.52) 

[-0.22,4.77] 
Illinois* 2.20 

(1.38) 
[-0.12,4.67] 

2.13 
(1.34) 

[-0.12,4.52] 
Indiana* 1.11 

(1.26) 
[-0.58,3.52] 

1.08 
(1.22) 

[-0.57,3.41] 
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Table A-1. Model-based estimates of improper payment rates due to certification errors in CEP 
schools by State, SY 2017-2018 (continued) 

State 
Gross improper payments 
NSLP SBP 

Kansas -0.02 
(1.75) 

[-3.03,2.74] 

-0.02 
(1.69) 

[-2.94,2.65] 
Kentucky* -0.49 

(2.17) 
[-3.32,2.96] 

-0.47 
(2.10) 

[-3.21,2.87] 
Louisiana* 2.84 

(1.82) 
[-0.11,5.69] 

2.75 
(1.77) 

[-0.10,5.52] 
Massachusetts* 2.75 

(3.89) 
[-4.40,8.30] 

2.67 
(3.78) 

[-4.26,8.05] 
Maryland 0.29 

(2.62) 
[-3.63,4.60] 

0.27 
(2.54) 

[-3.53,4.45] 
Maine* -0.61 

(1.86) 
[-3.48,2.62] 

-0.59 
(1.80) 

[-3.38,2.54] 
Michigan 2.67 

(1.58) 
[0.05,5.22] 

2.58 
(1.53) 

[0.05,5.04] 
Minnesota 3.84 

(2.48) 
[-0.66,7.47] 

3.73 
(2.41) 

[-0.64,7.24] 
Missouri* 1.07 

(1.12) 
[-0.67,2.99] 

1.03 
(1.09) 

[-0.65,2.89] 
Mississippi 3.08 

(2.09) 
[-0.47,7.07] 

2.98 
(2.02) 

[-0.46,6.84] 
Montana 4.63 

(2.32) 
[1.09,8.98] 

4.48 
(2.25) 

[1.06,8.69] 
North Carolina* 2.55 

(1.44) 
[0.29,5.05] 

2.47 
(1.40) 

[0.28,4.90] 
North Dakota 4.95 

(2.59) 
[1.34,9.66] 

4.79 
(2.51) 

[1.29,9.37] 
Nebraska 1.66 

(2.46) 
[-2.15,5.79] 

1.61 
(2.38) 

[-2.09,5.61] 
New Hampshire -0.59 

(2.76) 
[-5.29,3.70] 

-0.58 
(2.68) 

[-5.14,3.59] 
New Jersey 3.21 

(2.77) 
[-1.20,7.01] 

3.12 
(2.68) 

[-1.16,6.80] 
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Table A-1. Model-based estimates of improper payment rates due to certification errors in CEP 
schools by State, SY 2017-2018 (continued) 

State 
Gross improper payments 
NSLP SBP 

New Mexico* 6.24 
(2.84) 

[1.77,10.85] 

6.05 
(2.76) 

[1.71,10.51] 
Nevada 2.01 

(2.44) 
[-2.01,5.92] 

1.94 
(2.36) 

[-1.94,5.74] 
New York* 1.53 

(1.55) 
[-0.51,4.61] 

1.48 
(1.50) 

[-0.50,4.46] 
Ohio* 1.50 

(1.73) 
[-0.97,4.09] 

1.45 
(1.68) 

[-0.95,3.96] 
Oklahoma 2.48 

(4.09) 
[-4.29,9.87] 

2.39 
(3.97) 

[-4.17,9.56] 
Oregon* 0.71 

(4.07) 
[-6.59,7.83] 

0.67 
(3.94) 

[-6.40,7.57] 
Pennsylvania* 1.64 

(1.79) 
[-1.42,4.63] 

1.58 
(1.73) 

[-1.38,4.48] 
Rhode Island 1.91 

(3.83) 
[-4.45,7.23] 

1.84 
(3.71) 

[-4.31,7.03] 
South Carolina* 2.57 

(1.55) 
[0.03,5.07] 

2.49 
(1.51) 

[0.03,4.92] 
South Dakota* 1.06 

(3.18) 
[-3.56,6.94] 

1.03 
(3.08) 

[-3.45,6.73] 
Tennessee* 0.48 

(1.54) 
[-1.77,3.34] 

0.46 
(1.49) 

[-1.71,3.24] 
Texas* 4.86 

(2.31) 
[1.21,8.81] 

4.71 
(2.24) 

[1.17,8.53] 
Utah 2.18 

(4.97) 
[-6.37,10.55] 

2.10 
(4.82) 

[-6.20,10.22] 
Virginia 0.44 

(2.07) 
[-2.67,3.91] 

0.42 
(2.01) 

[-2.60,3.79] 
Vermont -1.80 

(1.84) 
[-5.42,0.95] 

-1.75 
(1.78) 

[-5.26,0.91] 
Washington 2.48 

(2.81) 
[-2.48,6.58] 

2.40 
(2.72) 

[-2.40,6.38] 
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Table A-1. Model-based estimates of improper payment rates due to certification errors in CEP 
schools by State, SY 2017-2018 (continued) 

State 
Gross improper payments 
NSLP SBP 

Wisconsin* -0.20 
(2.49) 

[-3.96,4.08] 

-0.19 
(2.41) 

[-3.83,3.96] 
West Virginia -0.97 

(1.89) 
[-3.97,2.15] 

-0.94 
(1.83) 

[-3.85,2.08] 
Wyoming 3.25 

(2.77) 
[-1.20,7.83] 

3.15 
(2.69) 

[-1.16,7.59] 

Sources: APEC-III sample data; FNS-742 Verification Collection Report; Annual report to Congress on Direct Certification 
in the National School Lunch Program; U.S. Census. 

Notes: Estimates are calibrated based on total state reimbursements reported in the FNS national data file. Standard 
errors in parentheses. Lower and upper 95% confidence intervals in brackets. 

CEP=Community Eligibility Provision; NSLP=National School Lunch Program; SBP=School Breakfast Program; 
OLS=Ordinary Least Squares. 

* Indicates States represented by CEP schools in the APEC-III analytic sample. 
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Table A-2. Model-based estimates of improper payment rates due to certification errors in non-
CEP schools by State, SY 2017-2018 

State 

NSLP SBP 

Over-
payment 

Under-
payment 

Gross 
improper 
payment 

Over-
payment 

Under-
payment 

Gross 
improper 
payment 

National payment rates (percentages out of 100) 
National 
average (model-
based estimate) 

6.34 
(0.54) 

[5.30,7.09] 

2.54 
(0.44) 

[1.73,3.20] 

8.89 
(0.69) 

[7.45,9.77] 

6.34 
(0.74) 

[4.97,7.24] 

2.40 
(0.45) 

[1.70,3.19] 

8.74 
(0.83) 

[7.06,9.90] 
State-level improper payment rates (percentages out of 100) 
Alabama* 6.43 

(1.09) 
[5.15,8.69] 

1.98 
(0.92) 

[0.54,3.61] 

8.41 
(1.39) 

[6.62,11.15] 

4.79 
(1.36) 

[2.87,7.31] 

2.11 
(1.07) 

[0.58,4.04] 

6.91 
(1.60) 

[4.97,10.09] 
Arkansas* 8.23 

(1.54) 
[5.97,10.95] 

2.82 
(1.10) 

[0.81,4.28] 

11.05 
(1.96) 

[7.78,14.29] 

10.49 
(2.42) 

[6.71,14.64] 

1.00 
(0.74) 

[-0.05,2.41] 

11.49 
(2.46) 

[7.62,15.74] 
Arizona* 6.95 

(1.89) 
[2.68,8.69] 

4.96 
(1.94) 

[1.19,7.78] 

11.91 
(2.68) 

[5.68,14.67] 

8.66 
(3.27) 

[1.65,12.43] 

4.84 
(1.52) 

[2.66,7.52] 

13.50 
(3.28) 

[6.11,17.32] 
California* 7.43 

(1.30) 
[4.80,9.02] 

3.30 
(1.20) 

[1.06,5.14] 

10.73 
(1.87) 

[7.11,13.23] 

8.15 
(1.90) 

[4.21,10.40] 

3.31 
(0.96) 

[1.84,4.98] 

11.47 
(2.24) 

[7.05,14.42] 
Colorado* 8.35 

(1.05) 
[6.56,10.00] 

2.36 
(0.81) 

[0.71,3.44] 

10.70 
(1.37) 

[8.34,12.81] 

8.93 
(1.61) 

[6.37,11.78] 

1.01 
(0.68) 

[0.16,2.34] 

9.95 
(1.59) 

[7.60,13.09] 
Connecticut 4.65 

(1.03) 
[3.17,6.54] 

1.97 
(0.75) 

[0.53,3.03] 

6.62 
(1.22) 

[4.54,8.65] 

4.69 
(1.24) 

[2.80,6.92] 

0.96 
(0.58) 

[-0.06,1.84] 

5.65 
(1.33) 

[3.51,7.89] 
District of 
Columbia* 

5.40 
(3.31) 

[1.57,12.32] 

3.82 
(2.41) 

[0.84,8.27] 

9.22 
(3.83) 

[4.95,17.34] 

6.51 
(4.70) 

[1.28,16.26] 

4.46 
(2.89) 

[1.86,10.87] 

10.97 
(5.54) 

[5.67,23.81] 
Delaware* 3.66 

(1.46) 
[1.18,5.99] 

1.15 
(1.29) 

[-1.11,3.10] 

4.81 
(1.83) 

[1.52,7.22] 

2.48 
(1.75) 

[-0.31,5.49] 

1.19 
(0.94) 

[-0.82,2.29] 

3.67 
(1.89) 

[0.43,6.46] 
Florida* 2.18 

(1.41) 
[-0.67,3.96] 

0.21 
(1.39) 

[-1.91,2.45] 

2.39 
(2.20) 

[-1.59,5.55] 

0.53 
(2.10) 

[-3.17,3.41] 

0.23 
(1.15) 

[-2.07,1.55] 

0.77 
(2.78) 

[-4.50,4.30] 
Georgia* 7.19 

(1.56) 
[4.91,10.06] 

3.75 
(1.64) 

[1.42,6.69] 

10.94 
(2.17) 

[7.98,14.97] 

8.36 
(2.32) 

[4.86,12.67] 

4.13 
(1.81) 

[1.44,7.46] 

12.49 
(2.58) 

[8.93,17.28] 
Iowa* 6.80 

(1.09) 
[4.88,8.52] 

1.80 
(0.69) 

[0.76,2.97] 

8.60 
(1.26) 

[6.41,10.56] 

5.65 
(1.29) 

[3.70,7.98] 

0.90 
(0.59) 

[-0.08,1.91] 

6.56 
(1.41) 

[4.51,9.10] 
Idaho* 9.25 

(1.54) 
[7.11,12.12] 

2.15 
(0.77) 

[0.76,3.23] 

11.41 
(1.58) 

[8.90,14.02] 

9.43 
(2.14) 

[6.12,13.09] 

0.96 
(0.71) 

[-0.20,2.11] 

10.39 
(2.16) 

[7.01,14.03] 
Illinois* 4.13 

(1.33) 
[1.77,6.00] 

1.63 
(0.68) 

[0.62,2.87] 

5.76 
(1.38) 

[3.18,7.68] 

2.93 
(1.15) 

[0.63,4.46] 

1.34 
(0.62) 

[0.43,2.45] 

4.27 
(1.28) 

[1.63,5.74] 
Indiana* 6.24 

(0.93) 
[4.50,7.62] 

1.46 
(0.50) 

[0.62,2.33] 

7.70 
(1.01) 

[5.87,9.20] 

5.60 
(1.16) 

[3.68,7.42] 

1.09 
(0.58) 

[0.04,2.05] 

6.68 
(1.27) 

[4.40,8.52] 
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Table A-2. Model-based estimates of improper payment rates due to certification errors in non-
CEP schools by State, SY 2017-2018 (continued) 

State 

NSLP SBP 

Over-
payment 

Under-
payment 

Gross 
improper 
payment 

Over-
payment 

Under-
payment 

Gross 
improper 
payment 

Kansas* 9.10 
(1.50) 

[6.89,11.71] 

3.13 
(1.02) 

[1.05,4.43] 

12.23 
(1.84) 

[8.99,15.12] 

10.28 
(2.17) 

[6.86,13.94] 

1.07 
(0.71) 

[0.09,2.51] 

11.35 
(2.15) 

[8.07,15.20] 
Kentucky* 3.91 

(1.72) 
[0.91,6.72] 

0.89 
(1.08) 

[-1.03,2.76] 

4.80 
(1.82) 

[1.56,7.63] 

2.51 
(2.16) 

[-1.25,5.69] 

0.58 
(0.83) 

[-0.91,1.82] 

3.09 
(2.30) 

[-1.16,6.33] 
Louisiana* 6.75 

(1.56) 
[3.97,9.12] 

1.70 
(0.98) 

[0.52,3.64] 

8.45 
(1.82) 

[5.43,11.36] 

5.55 
(1.59) 

[3.13,8.34] 

1.38 
(0.60) 

[0.57,2.51] 

6.94 
(1.72) 

[4.44,10.01] 
Massachusetts* 2.75 

(1.45) 
[0.36,5.03] 

1.11 
(1.20) 

[-0.73,3.12] 

3.86 
(1.83) 

[0.59,6.72] 

0.87 
(1.50) 

[-1.60,3.49] 

1.29 
(0.97) 

[-0.69,2.47] 

2.17 
(1.83) 

[-0.87,4.79] 
Maryland* 7.64 

(1.58) 
[5.33,10.42] 

2.97 
(1.14) 

[1.08,4.66] 

10.61 
(1.92) 

[7.41,13.77] 

7.49 
(2.44) 

[3.67,11.59] 

3.01 
(1.12) 

[1.28,4.88] 

10.50 
(2.73) 

[5.99,14.93] 
Maine* 9.17 

(1.78) 
[6.12,11.99] 

0.92 
(1.02) 

[-0.69,2.58] 

10.10 
(2.04) 

[6.58,13.37] 

6.20 
(2.20) 

[2.78,9.86] 

1.32 
(1.03) 

[-0.44,2.95] 

7.52 
(2.38) 

[3.31,11.50] 
Michigan* 5.46 

(1.06) 
[3.72,7.26] 

1.49 
(0.76) 

[0.23,2.82] 

6.95 
(1.31) 

[4.84,9.21] 

4.11 
(1.30) 

[1.96,6.33] 

2.07 
(0.69) 

[0.88,3.06] 

6.18 
(1.48) 

[3.65,8.59] 
Minnesota* 9.30 

(1.51) 
[7.06,12.21] 

2.01 
(0.93) 

[0.44,3.29] 

11.31 
(1.67) 

[8.84,14.31] 

7.77 
(1.94) 

[4.80,11.42] 

2.18 
(0.89) 

[0.58,3.60] 

9.95 
(2.12) 

[6.83,13.87] 
Missouri* 8.34 

(0.92) 
[6.69,9.83] 

1.71 
(0.48) 

[0.94,2.49] 

10.05 
(1.01) 

[8.08,11.59] 

8.32 
(1.20) 

[6.29,10.28] 

1.36 
(0.51) 

[0.58,2.25] 

9.68 
(1.23) 

[7.61,11.74] 
Mississippi* 7.64 

(1.40) 
[5.26,9.92] 

4.58 
(1.41) 

[1.95,6.62] 

12.22 
(2.00) 

[8.67,15.19] 

8.82 
(2.30) 

[4.76,12.49] 

4.30 
(1.41) 

[2.19,6.84] 

13.12 
(2.60) 

[8.79,17.18] 
Montana 8.35 

(1.63) 
[5.54,10.96] 

1.32 
(0.68) 

[0.31,2.51] 

9.67 
(1.67) 

[6.90,12.34] 

8.63 
(2.20) 

[4.80,11.91] 

1.22 
(0.80) 

[-0.07,2.60] 

9.86 
(2.24) 

[6.00,13.29] 
North Carolina* 6.35 

(1.30) 
[4.72,9.01] 

3.35 
(1.18) 

[1.80,5.73] 

9.70 
(1.60) 

[7.71,12.70] 

6.83 
(1.82) 

[4.37,10.35] 

2.82 
(1.11) 

[1.22,4.86] 

9.65 
(1.86) 

[7.07,13.19] 
North Dakota 8.49 

(1.38) 
[6.31,10.92] 

2.06 
(0.70) 

[0.85,3.17] 

10.56 
(1.47) 

[8.07,12.99] 

8.36 
(1.80) 

[5.71,11.49] 

2.02 
(0.72) 

[0.95,3.33] 

10.38 
(1.77) 

[7.87,13.67] 
Nebraska* 8.06 

(1.50) 
[5.77,10.70] 

0.99 
(0.82) 

[-0.48,2.16] 

9.05 
(1.64) 

[6.34,11.70] 

7.32 
(1.97) 

[4.52,10.95] 

0.62 
(0.77) 

[-0.91,1.55] 

7.93 
(2.07) 

[4.69,11.34] 
New Hampshire 6.60 

(1.44) 
[4.73,9.32] 

1.95 
(1.08) 

[0.36,3.91] 

8.55 
(1.88) 

[5.99,12.08] 

4.17 
(1.92) 

[1.59,8.02] 

3.28 
(1.22) 

[1.44,5.40] 

7.45 
(2.43) 

[4.27,12.04] 
New Jersey* 5.13 

(1.22) 
[3.00,7.09] 

3.00 
(0.95) 

[1.25,4.22] 

8.12 
(1.46) 

[5.33,10.05] 

4.14 
(1.21) 

[1.93,5.98] 

3.18 
(0.95) 

[1.40,4.56] 

7.32 
(1.62) 

[3.86,9.55] 
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Table A-2. Model-based estimates of improper payment rates due to certification errors in non-
CEP schools by State, SY 2017-2018 (continued) 

State 

NSLP SBP 

Over-
payment 

Under-
payment 

Gross 
improper 
payment 

Over-
payment 

Under-
payment 

Gross 
improper 
payment 

New Mexico* 5.34 
(1.10) 

[3.81,7.43] 

3.07 
(1.21) 

[1.46,5.43] 

8.41 
(1.62) 

[6.20,11.57] 

4.62 
(1.29) 

[2.86,7.09] 

2.61 
(0.94) 

[1.24,4.47] 

7.23 
(1.65) 

[4.85,10.32] 
Nevada* 9.08 

(2.63) 
[3.61,11.92] 

1.76 
(1.27) 

[0.19,4.34] 

10.84 
(2.63) 

[5.69,14.04] 

7.24 
(2.97) 

[1.53,11.13] 

2.18 
(1.41) 

[0.73,5.36] 

9.42 
(3.27) 

[4.02,14.91] 
New York* 6.94 

(1.77) 
[3.00,8.79] 

2.47 
(1.22) 

[0.67,4.81] 

9.41 
(1.96) 

[5.67,12.17] 

7.41 
(2.04) 

[2.85,9.39] 

1.90 
(1.01) 

[0.50,3.71] 

9.31 
(2.08) 

[4.78,11.69] 
Ohio* 8.09 

(1.11) 
[6.10,9.75] 

2.37 
(0.79) 

[1.03,3.81] 

10.46 
(1.37) 

[8.20,12.52] 

7.10 
(1.47) 

[4.64,9.39] 

3.00 
(0.84) 

[1.71,4.50] 

10.11 
(1.72) 

[7.14,12.92] 
Oklahoma* 8.26 

(1.28) 
[6.21,10.15] 

3.79 
(1.59) 

[0.96,5.87] 

12.05 
(2.27) 

[8.27,15.46] 

9.69 
(2.53) 

[5.27,13.21] 

3.10 
(0.99) 

[1.69,4.87] 

12.79 
(2.65) 

[8.30,16.66] 
Oregon* 7.92 

(1.43) 
[5.25,10.21] 

2.81 
(1.22) 

[1.11,5.05] 

10.72 
(1.88) 

[7.88,13.91] 

9.00 
(1.99) 

[5.59,12.23] 

2.59 
(0.95) 

[1.30,4.47] 

11.59 
(2.14) 

[8.23,15.17] 
Pennsylvania* 5.27 

(1.09) 
[3.44,6.99] 

1.41 
(0.76) 

[0.37,2.80] 

6.67 
(1.29) 

[4.59,8.79] 

4.52 
(1.13) 

[2.47,6.30] 

1.29 
(0.71) 

[0.23,2.56] 

5.81 
(1.28) 

[3.56,7.72] 
Rhode Island* 5.05 

(1.24) 
[2.89,6.94] 

1.82 
(0.92) 

[0.33,3.31] 

6.87 
(1.75) 

[3.85,9.53] 

5.05 
(1.69) 

[2.19,7.77] 

1.80 
(0.86) 

[0.56,3.32] 

6.85 
(1.92) 

[3.61,9.92] 
South Carolina* 5.75 

(1.23) 
[3.95,8.00] 

2.62 
(1.20) 

[0.96,5.07] 

8.36 
(1.64) 

[5.97,11.39] 

4.17 
(1.74) 

[1.81,7.41] 

2.81 
(1.11) 

[1.16,4.76] 

6.99 
(1.97) 

[4.22,10.68] 
South Dakota* 9.43 

(1.57) 
[6.81,12.04] 

2.46 
(0.89) 

[1.00,3.82] 

11.89 
(1.76) 

[8.86,14.71] 

9.61 
(1.88) 

[6.56,12.61] 

1.47 
(0.74) 

[0.68,3.07] 

11.07 
(2.04) 

[7.95,14.66] 
Tennessee* 9.07 

(1.72) 
[6.46,12.19] 

2.25 
(1.29) 

[0.33,4.36] 

11.32 
(1.98) 

[8.16,14.68] 

10.73 
(2.53) 

[7.02,15.21] 

1.81 
(1.20) 

[0.17,4.07] 

12.54 
(2.60) 

[8.75,17.17] 
Texas* 4.88 

(1.05) 
[2.93,6.28] 

3.56 
(0.93) 

[1.73,4.80] 

8.44 
(1.33) 

[5.71,10.06] 

5.72 
(1.58) 

[2.63,7.77] 

3.04 
(0.80) 

[1.68,4.32] 

8.76 
(1.64) 

[5.49,10.86] 
Utah* 8.49 

(1.70) 
[5.82,11.50] 

2.76 
(1.14) 

[0.99,4.59] 

11.24 
(2.10) 

[8.19,15.14] 

8.95 
(2.19) 

[5.21,12.44] 

2.60 
(1.01) 

[1.42,4.60] 

11.55 
(2.45) 

[7.69,15.81] 
Virginia* 6.03 

(0.96) 
[4.65,7.77] 

2.02 
(0.57) 

[1.31,3.07] 

8.05 
(1.04) 

[6.62,10.03] 

4.90 
(0.98) 

[3.55,6.78] 

1.88 
(0.52) 

[1.19,2.86] 

6.77 
(1.16) 

[5.35,9.14] 
Vermont 9.34 

(1.65) 
[6.83,12.39] 

1.75 
(0.99) 

[0.01,3.25] 

11.08 
(1.78) 

[8.06,14.03] 

7.60 
(2.23) 

[4.36,11.72] 

1.99 
(0.91) 

[0.57,3.46] 

9.59 
(2.35) 

[6.08,13.91] 
Washington* 7.81 

(1.26) 
[5.89,10.10] 

1.62 
(0.73) 

[0.32,2.62] 

9.43 
(1.38) 

[7.24,11.78] 

7.68 
(1.77) 

[4.85,10.67] 

1.45 
(0.63) 

[0.30,2.39] 

9.13 
(1.84) 

[6.15,12.14] 
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Table A-2. Model-based estimates of improper payment rates due to certification errors in non-
CEP schools by State, SY 2017-2018 (continued) 

State 

NSLP SBP 

Over-
payment 

Under-
payment 

Gross 
improper 
payment 

Over-
payment 

Under-
payment 

Gross 
improper 
payment 

Wisconsin* 6.86 
(1.20) 

[4.65,8.76] 

1.37 
(0.71) 

[0.04,2.52] 

8.24 
(1.25) 

[6.07,10.34] 

5.23 
(1.56) 

[2.85,7.87] 

1.08 
(0.55) 

[0.13,1.91] 

6.32 
(1.59) 

[3.72,8.90] 
West Virginia 5.06 

(1.42) 
[2.26,6.92] 

1.40 
(1.08) 

[0.04,3.55] 

6.46 
(1.76) 

[3.39,9.16] 

5.60 
(1.89) 

[2.21,8.45] 

1.07 
(1.10) 

[-0.51,2.97] 

6.67 
(2.25) 

[2.76,10.16] 
Wyoming 9.75 

(2.17) 
[7.00,13.86] 

2.59 
(1.31) 

[0.54,4.67] 

12.34 
(2.52) 

[8.61,16.78] 

10.33 
(3.18) 

[6.31,16.45] 

1.72 
(1.17) 

[0.15,3.86] 

12.05 
(3.41) 

[7.80,18.69] 

Sources: APEC-III sample data; FNS-742 Verification Collection Report; Annual report to Congress on Direct Certification 
in the National School Lunch Program; U.S. Census. 

Notes: Estimates are calibrated based on total state reimbursements reported in the FNS national data file. Standard 
errors in parentheses. Lower and upper 95% confidence intervals in brackets. 

CEP=Community Eligibility Provision; NSLP=National School Lunch Program; SBP=School Breakfast Program; 
OLS=Ordinary Least Squares. 

* Indicates States represented by students attending non-CEP schools in the APEC-III analytic sample. 
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Table A-3. Model-based estimates of improper payment rates due to certification errors in all 
schools by State, SY 2017-2018 

State 

NSLP SBP 

Over-
payment 

Under-
payment 

Gross 
improper 
payment 

Over-
payment 

Under-
payment 

Gross 
improper 
payment 

National payment rates (percentages out of 100) 
National 
average (model-
based estimate) 

5.13 
(0.53) 

[4.15, 5.91] 

1.77 
(0.31) 

[1.20,2.23] 

6.90 
(0.60) 

[5.81, 7.74] 

5.23 
(0.61) 

[4.09, 5.97] 

1.75 
(0.33) 

[1.24,2.32] 

6.98 
(0.68) 

[5.66, 7.93] 
State-level improper payment rates (percentages out of 100) 
Alabama 4.99 

(0.92) 
[3.79,6.86] 

1.26 
(0.58) 

[0.35,2.30] 

6.26 
(1.10) 

[4.79,8.37] 

4.01 
(1.06) 

[2.54,6.02] 

1.43 
(0.72) 

[0.39,2.73] 

5.44 
(1.23) 

[3.87,7.81] 
Arkansas 7.08 

(1.27) 
[5.16,9.26] 

2.28 
(0.89) 

[0.66,3.46] 

9.36 
(1.60) 

[6.66,11.95] 

9.06 
(2.01) 

[5.87,12.47] 

0.83 
(0.61) 

[-0.04,2.00] 

9.90 
(2.04) 

[6.65,13.34] 
Arizona 6.51 

(1.73) 
[2.67,8.21] 

4.26 
(1.67) 

[1.03,6.69] 

10.77 
(2.35) 

[5.38,13.23] 

8.03 
(2.90) 

[1.80,11.41] 

4.23 
(1.33) 

[2.33,6.57] 

12.26 
(2.91) 

[5.74,15.64] 
California 6.95 

(1.25) 
[4.42,8.49] 

2.75 
(1.00) 

[0.89,4.29] 

9.70 
(1.68) 

[6.43,11.86] 

7.59 
(1.71) 

[4.06,9.43] 

2.82 
(0.82) 

[1.57,4.24] 

10.41 
(2.01) 

[6.30,12.98] 
Colorado 8.10 

(1.00) 
[6.39,9.68] 

2.21 
(0.77) 

[0.67,3.24] 

10.32 
(1.28) 

[8.07,12.26] 

8.67 
(1.52) 

[6.22,11.32] 

0.96 
(0.64) 

[0.15,2.22] 

9.63 
(1.50) 

[7.36,12.52] 
Connecticut 3.91 

(1.14) 
[2.11,5.75] 

1.36 
(0.52) 

[0.37,2.09] 

5.27 
(1.16) 

[3.30,7.04] 

4.00 
(1.23) 

[2.05,6.06] 

0.70 
(0.42) 

[-0.05,1.33] 

4.69 
(1.25) 

[2.64,6.72] 
District of 
Columbia 

6.09 
(2.93) 

[1.73,11.16] 

0.31 
(0.19) 

[0.07,0.67] 

6.40 
(2.92) 

[2.17,11.55] 

6.06 
(2.61) 

[2.32,10.85] 

0.78 
(0.51) 

[0.33,1.91] 

6.84 
(2.66) 

[3.13,11.78] 
Delaware 3.12 

(1.25) 
[1.00,5.08] 

0.53 
(0.59) 

[-0.51,1.42] 

3.65 
(1.30) 

[1.29,5.57] 

2.53 
(1.27) 

[0.53,4.76] 

0.61 
(0.48) 

[-0.42,1.18] 

3.14 
(1.32) 

[0.93,5.29] 
Florida 1.99 

(1.28) 
[-0.33,3.85] 

0.14 
(0.96) 

[-1.32,1.68] 

2.13 
(1.71) 

[-0.92,4.60] 

0.81 
(1.73) 

[-2.22,3.24] 

0.17 
(0.83) 

[-1.49,1.12] 

0.98 
(2.16) 

[-3.08,3.77] 
Georgia 5.61 

(1.23) 
[3.83,7.84] 

2.41 
(1.06) 

[0.91,4.30] 

8.02 
(1.56) 

[5.78,10.96] 

6.54 
(1.71) 

[4.08,9.64] 

2.81 
(1.23) 

[0.98,5.07] 

9.35 
(1.88) 

[6.74,12.90] 
Iowa 5.89 

(0.96) 
[4.17,7.37] 

1.56 
(0.60) 

[0.66,2.58] 

7.46 
(1.11) 

[5.53,9.13] 

4.98 
(1.17) 

[3.23,7.15] 

0.80 
(0.52) 

[-0.07,1.69] 

5.78 
(1.28) 

[3.90,8.19] 
Idaho 8.17 

(1.32) 
[6.27,10.59] 

1.83 
(0.65) 

[0.64,2.75] 

10.00 
(1.34) 

[7.83,12.17] 

8.43 
(1.86) 

[5.53,11.58] 

0.83 
(0.61) 

[-0.17,1.83] 

9.26 
(1.87) 

[6.36,12.41] 
Illinois 3.10 

(1.01) 
[1.28,4.54] 

0.77 
(0.32) 

[0.29,1.35] 

3.87 
(1.02) 

[2.01,5.36] 

2.55 
(0.91) 

[0.78,3.79] 

0.70 
(0.32) 

[0.23,1.29] 

3.25 
(0.95) 

[1.34,4.55] 
Indiana 5.51 

(0.84) 
[3.97,6.77] 

1.26 
(0.43) 

[0.53,2.00] 

6.77 
(0.90) 

[5.13,8.07] 

5.02 
(1.04) 

[3.27,6.66] 

0.95 
(0.51) 

[0.04,1.79] 

5.97 
(1.13) 

[3.92,7.62] 
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Table A-3. Model-based estimates of improper payment rates due to certification errors in all 
schools by State, SY 2017-2018 (continued) 

State 

NSLP SBP 

Over-
payment 

Under-
payment 

Gross 
improper 
payment 

Over-
payment 

Under-
payment 

Gross 
improper 
payment 

Kansas 8.51 
(1.40) 

[6.41,10.91] 

2.93 
(0.96) 

[0.98,4.14] 

11.43 
(1.71) 

[8.42,14.10] 

9.68 
(2.04) 

[6.48,13.11] 

1.01 
(0.67) 

[0.09,2.36] 

10.69 
(2.02) 

[7.62,14.31] 
Kentucky -0.02 

(1.96) 
[-2.63,2.97] 

0.09 
(0.11) 

[-0.11,0.29] 

0.07 
(1.96) 

[-2.56,3.04] 

0.12 
(1.75) 

[-2.35,2.82] 

0.11 
(0.16) 

[-0.18,0.36] 

0.23 
(1.78) 

[-2.36,2.97] 
Louisiana 3.71 

(1.46) 
[1.42,6.06] 

0.38 
(0.22) 

[0.12,0.81] 

4.09 
(1.45) 

[1.83,6.47] 

3.60 
(1.31) 

[1.75,5.83] 

0.42 
(0.18) 

[0.17,0.76] 

4.02 
(1.33) 

[2.15,6.31] 
Massachusetts 2.75 

(1.47) 
[0.51,5.20] 

0.72 
(0.78) 

[-0.47,2.03] 

3.47 
(1.64) 

[0.65,6.18] 

1.44 
(1.49) 

[-0.93,4.07] 

0.89 
(0.67) 

[-0.47,1.69] 

2.32 
(1.66) 

[-0.64,5.06] 
Maryland 6.50 

(1.32) 
[4.56,8.84] 

2.51 
(0.96) 

[0.91,3.93] 

9.01 
(1.63) 

[6.32,11.60] 

6.49 
(2.08) 

[3.20,9.98] 

2.59 
(0.96) 

[1.10,4.20] 

9.07 
(2.35) 

[5.23,12.93] 
Maine 7.77 

(1.56) 
[5.15,10.30] 

0.79 
(0.88) 

[-0.59,2.21] 

8.56 
(1.80) 

[5.43,11.42] 

5.32 
(1.96) 

[2.21,8.56] 

1.15 
(0.90) 

[-0.38,2.57] 

6.48 
(2.12) 

[2.75,9.93] 
Michigan 4.75 

(0.94) 
[3.15,6.24] 

1.11 
(0.57) 

[0.17,2.10] 

5.86 
(1.10) 

[4.14,7.65] 

3.76 
(1.09) 

[1.96,5.52] 

1.60 
(0.53) 

[0.68,2.36] 

5.35 
(1.22) 

[3.28,7.32] 
Minnesota 8.81 

(1.38) 
[6.71,11.41] 

1.83 
(0.84) 

[0.40,2.99] 

10.63 
(1.51) 

[8.26,13.30] 

7.45 
(1.79) 

[4.71,10.75] 

2.00 
(0.82) 

[0.54,3.31] 

9.44 
(1.96) 

[6.48,13.05] 
Missouri 7.00 

(0.81) 
[5.51,8.32] 

1.40 
(0.39) 

[0.77,2.03] 

8.40 
(0.88) 

[6.67,9.71] 

7.12 
(1.03) 

[5.35,8.80] 

1.14 
(0.43) 

[0.48,1.88] 

8.25 
(1.05) 

[6.49,10.01] 
Mississippi 5.81 

(1.28) 
[3.80,7.90] 

2.74 
(0.85) 

[1.17,3.95] 

8.55 
(1.54) 

[5.97,11.19] 

6.71 
(1.68) 

[3.88,9.45] 

2.75 
(0.90) 

[1.40,4.37] 

9.47 
(1.87) 

[6.32,12.59] 
Montana 7.49 

(1.34) 
[5.25,9.63] 

1.01 
(0.52) 

[0.24,1.93] 

8.50 
(1.36) 

[6.26,10.62] 

7.77 
(1.78) 

[4.75,10.48] 

0.97 
(0.64) 

[-0.05,2.06] 

8.74 
(1.79) 

[5.74,11.54] 
North Carolina 4.94 

(0.98) 
[3.57,6.77] 

2.11 
(0.74) 

[1.13,3.60] 

7.05 
(1.13) 

[5.56,9.03] 

5.38 
(1.30) 

[3.54,7.80] 

1.88 
(0.74) 

[0.81,3.24] 

7.26 
(1.32) 

[5.38,9.79] 
North Dakota 8.25 

(1.29) 
[6.25,10.52] 

1.92 
(0.65) 

[0.79,2.95] 

10.17 
(1.36) 

[7.90,12.44] 

8.14 
(1.69) 

[5.67,11.11] 

1.89 
(0.68) 

[0.89,3.13] 

10.03 
(1.65) 

[7.72,13.14] 
Nebraska 7.91 

(1.47) 
[5.67,10.48] 

0.97 
(0.80) 

[-0.47,2.11] 

8.88 
(1.60) 

[6.22,11.45] 

7.20 
(1.93) 

[4.45,10.76] 

0.60 
(0.75) 

[-0.89,1.51] 

7.80 
(2.03) 

[4.61,11.14] 
New Hampshire 6.56 

(1.43) 
[4.70,9.24] 

1.94 
(1.07) 

[0.36,3.89] 

8.50 
(1.87) 

[5.94,11.97] 

4.15 
(1.89) 

[1.52,7.82] 

3.26 
(1.21) 

[1.43,5.38] 

7.41 
(2.39) 

[4.19,11.80] 
New Jersey 4.85 

(1.06) 
[3.15,6.58] 

2.56 
(0.81) 

[1.06,3.60] 

7.40 
(1.25) 

[5.01,9.13] 

4.01 
(1.07) 

[2.24,5.82] 

2.76 
(0.82) 

[1.21,3.96] 

6.77 
(1.43) 

[4.01,8.81] 
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Table A-3. Model-based estimates of improper payment rates due to certification errors in all 
schools by State, SY 2017-2018 (continued) 

State 

NSLP SBP 

Over-
payment 

Under-
payment 

Gross 
improper 
payment 

Over-
payment 

Under-
payment 

Gross 
improper 
payment 

New Mexico 5.97 
(2.02) 

[3.08,9.46] 

0.94 
(0.37) 

[0.45,1.66] 

6.90 
(2.02) 

[4.00,10.74] 

5.51 
(1.78) 

[2.99,8.69] 

0.99 
(0.35) 

[0.47,1.69] 

6.49 
(1.82) 

[3.86,9.85] 
Nevada 7.23 

(2.05) 
[2.96,9.52] 

1.30 
(0.94) 

[0.14,3.21] 

8.53 
(2.06) 

[4.52,11.09] 

6.00 
(2.33) 

[1.48,9.02] 

1.67 
(1.08) 

[0.56,4.11] 

7.67 
(2.57) 

[3.45,11.88] 
New York 3.10 

(1.30) 
[0.95,5.27] 

0.72 
(0.35) 

[0.19,1.40] 

3.82 
(1.32) 

[1.78,6.01] 

3.64 
(1.26) 

[1.24,5.42] 

0.69 
(0.37) 

[0.18,1.35] 

4.33 
(1.28) 

[2.01,6.19] 
Ohio 6.30 

(0.99) 
[4.46,7.76] 

1.72 
(0.58) 

[0.75,2.77] 

8.02 
(1.14) 

[5.90,9.79] 

5.72 
(1.21) 

[3.66,7.57] 

2.27 
(0.63) 

[1.29,3.40] 

7.99 
(1.40) 

[5.43,10.24] 
Oklahoma 6.60 

(1.47) 
[4.07,8.81] 

2.70 
(1.13) 

[0.68,4.18] 

9.30 
(1.97) 

[5.83,12.15] 

7.81 
(2.09) 

[3.96,10.56] 

2.30 
(0.74) 

[1.26,3.62] 

10.12 
(2.23) 

[6.04,13.17] 
Oregon 5.84 

(1.55) 
[3.15,8.32] 

2.00 
(0.87) 

[0.79,3.60] 

7.84 
(1.72) 

[5.11,10.62] 

6.85 
(1.76) 

[3.78,9.34] 

1.93 
(0.71) 

[0.96,3.32] 

8.78 
(1.91) 

[5.77,11.82] 
Pennsylvania 4.02 

(0.97) 
[2.22,5.64] 

0.93 
(0.50) 

[0.24,1.84] 

4.95 
(1.03) 

[3.09,6.56] 

3.62 
(0.96) 

[1.74,5.07] 

0.89 
(0.49) 

[0.16,1.77] 

4.51 
(1.02) 

[2.68,6.14] 
Rhode Island 4.62 

(1.15) 
[2.56,6.29] 

1.57 
(0.79) 

[0.29,2.86] 

6.19 
(1.56) 

[3.45,8.52] 

4.66 
(1.51) 

[2.05,7.03] 

1.58 
(0.75) 

[0.49,2.91] 

6.24 
(1.70) 

[3.29,8.93] 
South Carolina 4.45 

(0.98) 
[2.96,6.19] 

1.55 
(0.71) 

[0.57,3.01] 

6.01 
(1.16) 

[4.31,8.22] 

3.56 
(1.24) 

[1.86,5.82] 

1.79 
(0.71) 

[0.74,3.02] 

5.35 
(1.39) 

[3.34,8.07] 
South Dakota 8.22 

(1.44) 
[6.02,10.81] 

2.10 
(0.76) 

[0.85,3.27] 

10.33 
(1.57) 

[7.84,13.01] 

8.50 
(1.70) 

[5.84,11.28] 

1.28 
(0.65) 

[0.60,2.67] 

9.77 
(1.83) 

[7.12,13.08] 
Tennessee 4.04 

(1.17) 
[2.38,6.26] 

0.93 
(0.53) 

[0.14,1.81] 

4.98 
(1.23) 

[3.09,7.21] 

5.35 
(1.44) 

[3.22,7.93] 

0.86 
(0.57) 

[0.08,1.94] 

6.21 
(1.47) 

[4.09,8.87] 
Texas 4.87 

(0.97) 
[3.01,6.26] 

2.57 
(0.67) 

[1.25,3.47] 

7.45 
(1.14) 

[5.18,8.92] 

5.47 
(1.32) 

[2.73,7.11] 

2.28 
(0.60) 

[1.26,3.25] 

7.75 
(1.37) 

[4.99,9.45] 
Utah 8.33 

(1.66) 
[5.81,11.30] 

2.69 
(1.12) 

[0.96,4.48] 

11.02 
(2.05) 

[8.06,14.85] 

8.79 
(2.13) 

[5.17,12.24] 

2.54 
(0.99) 

[1.39,4.50] 

11.34 
(2.39) 

[7.57,15.52] 
Virginia 5.14 

(0.88) 
[3.85,6.72] 

1.70 
(0.48) 

[1.11,2.59] 

6.84 
(0.96) 

[5.49,8.64] 

4.26 
(0.88) 

[3.08,5.92] 

1.61 
(0.45) 

[1.02,2.45] 

5.87 
(1.04) 

[4.60,7.94] 
Vermont 6.86 

(1.36) 
[4.73,9.32] 

1.36 
(0.77) 

[0.01,2.53] 

8.22 
(1.46) 

[5.65,10.60] 

5.74 
(1.82) 

[2.99,9.09] 

1.59 
(0.73) 

[0.46,2.77] 

7.33 
(1.91) 

[4.31,10.85] 
Washington 7.17 

(1.17) 
[5.31,9.17] 

1.42 
(0.64) 

[0.28,2.31] 

8.59 
(1.25) 

[6.40,10.59] 

7.11 
(1.62) 

[4.46,9.71] 

1.29 
(0.56) 

[0.27,2.13] 

8.40 
(1.67) 

[5.56,10.98] 
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Table A-3. Model-based estimates of improper payment rates due to certification errors in all 
schools by State, SY 2017-2018 (continued) 

State 

NSLP SBP 

Over-
payment 

Under-
payment 

Gross 
improper 
payment 

Over-
payment 

Under-
payment 

Gross 
improper 
payment 

Wisconsin 5.31 
(1.08) 

[3.55,7.18] 

1.07 
(0.55) 

[0.04,1.97] 

6.38 
(1.08) 

[4.57,8.30] 

4.17 
(1.36) 

[2.09,6.57] 

0.87 
(0.44) 

[0.10,1.53] 

5.04 
(1.37) 

[2.75,7.37] 
West Virginia -0.26 

(1.70) 
[-3.10,2.53] 

0.16 
(0.13) 

[0.01,0.41] 

-0.10 
(1.71) 

[-2.91,2.72] 

0.42 
(1.50) 

[-2.14,2.89] 

0.22 
(0.23) 

[-0.11,0.62] 

0.64 
(1.54) 

[-2.00,3.20] 
Wyoming 9.57 

(2.10) 
[6.89,13.57] 

2.52 
(1.27) 

[0.53,4.55] 

12.10 
(2.45) 

[8.45,16.38] 

10.16 
(3.10) 

[6.22,16.13] 

1.68 
(1.14) 

[0.15,3.77] 

11.84 
(3.33) 

[7.67,18.31] 

Sources: APEC-III sample data; FNS-742 Verification Collection Report; Annual report to Congress on Direct Certification 
in the National School Lunch Program; U.S. Census. 

Notes: Estimates are calibrated based on total state reimbursements reported in the FNS national data file. Standard 
errors in parentheses. Lower and upper 95% confidence intervals in brackets. 

CEP=Community Eligibility Provision; NSLP=National School Lunch Program; SBP=School Breakfast Program; 
OLS=Ordinary Least Squares. 
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