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ABSTRACT 

This dissertation consists of three essays that examine how changes in education 

and nutrition policies affect student college readiness and school performance and help 

consumers make informed food choices. The first essay analyzes the effect of standardized 

testing, the State of Texas Assessments of Academic Readiness (STAAR) and Texas 

Assessment of Knowledge and Skills (TAKS), on high school students’ college readiness 

in Texas. We examine how STAAR/TAKS Math and English Language Arts (ELA) 

passing rates, and schools’ demographics characteristics affect high school students’ 

college readiness using data from 2009 to 2016. We also examine differences between 

urban and rural communities. The major findings from this essay are: (1) the STAAR test 

has been more effective than the TAKS test in getting students college ready; (2) schools’ 

demographic characteristics play an important role in predicting college readiness; (3) 

notable differences are observed between urban and rural schools with respect to 

SAT/ACT scores, college enrollment rate, and high school graduation rate, but not for 

standardized tests passing rates.  

The second essay examines how the new A-F accountability rating system affects 

Texas high schools’ academic performance in the short-run. The Texas Education Agency 

(TEA) employs accountability rating system to rate and evaluate public schools and 

districts. In 2018, Texas adopted the new A-F rating system and became the one of 17 

U.S. states currently using this rating system. In this essay, both school and district-level 

data were used to evaluate how accountability rating grades affect Texas public high 
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schools’ STAAR test passing rates. The results show that the new A-F accountability 

rating system has a positive effect on students’ STAAR performance, especially in 

mathematics testing for low-performing schools and districts. The effect is highly 

significant for schools which received an F rating in 2016. The overall effects are stronger 

on Math than ELA. 

The third essay examines how the new Nutrition Facts Panel (NFP) on packaged 

food affects households’ food purchases. The new version of the NFP was released in May 

2016 and was intended to help consumers to better understand the nutrition content of 

foods available to them and make informed food choices. The new NFP discloses added 

sugar and Vitamin D. The font size of calorie amount is larger and bolder on the new NFP, 

and calories from fat was removed from it. In this study, we use 100% juices and other 

juices as a case study, to evaluate how the adoption of the new NFP affects households’ 

demand for juices by comparing household juice purchases pre and post label adoption. 

Nielsen Homescan Data and Label Insight data were used to conduct the analysis. The 

estimation results show that sales of 100% juice increased after manufacturers adopted the 

new NFP, whereas the other juices demonstrate a decreasing trend. Demographics did not 

play an important role, except for strong regional effects. 
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1. INTRODUCTION  

 

This dissertation evaluates the impacts of policy changes in Texas standardized 

testing used in Texas public schools and the adoption of the new A-F accountability rating 

system on student college readiness and the performance of schools and districts, and the 

adoption of the new Nutrition Facts Panel (NFP) for packaged foods on consumer food 

choices. The new NFP was released in 2016 with the aim to help consumers become more 

informed and aware of the nutritional contents of foods available to them and make better 

food purchasing decision.  

Standardized testing programs and accountability rating systems have been 

important components of Texas education system. Both programs were designed to 

improve students’ academic performance and get students college and career ready. The 

State of Texas Assessments of Academic Readiness (STAAR) test, which replaced the 

Texas Assessment of Knowledge and Skills (TAKS) test in 2012, focuses on improving 

students’ college readiness. However, STAAR test received criticisms for being too 

difficult and above grade level. The objective of the first essay is to compare students’ 

college readiness outcomes under two different standardized testing programs TAKS and 

STAAR and investigate if there exist any differences between rural and urban 

communities. Texas officially adopted the new A-F accountability rating system in 2018 

and became the 17th state employing this simple and transparent accountability rating 

system. A major concern about this new accountability rating system is that it could 

unfairly penalize students and schools from low income communities who are already 
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struggling to meet standardized testing requirements, causing them look even worse. 

Therefore, in essay two, we examine how the A-F rating system influences students’ 

academic achievements in the short-run by tracking the progress of high and low-

performing schools separately. Percentage of students receiving free and reduced-priced 

meals in each school was used in the econometrics model as a proxy for poverty at school 

level.  

The Nutrition Facts Panel (NFP) for packaged foods has been important in 

providing information to the consumer and help consumers make informed food choices. 

The NFP has been required on all packages since 1994 and has experienced several 

changes. In 2016, the Food and Drug Administration (FDA) announced the new NFP, 

which is the first major update to the label in over 20 years. Changes include the mandatory 

disclosure of added sugar and vitamin D, changes to the design and appearance of calorie 

amount, and adjustments in serving size. The changes reflect recommendations from the 

2015-2020 Dietary Guidelines for Americans. In essay three, using data from Nielsen 

Homescan Data and Label Insight, we investigate how the adoption of the new NFP affects 

households’ purchases of 100% juices and other juice products.  

A brief overview of the remainder of this dissertation is outlined as follows: 

Chapter 2 examines the changes of standardized testing programs on Texas high 

school students’ college and career readiness. Chapter 3 conducts an empirical analysis to 

investigate the new A-F rating system’s short-run effects on Texas high school students’ 

academic achievements. Chapter 4 examines how the new adoption of the new NFP 

impacts household’s juice products purchases of 100% juice and other juice products by 
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comparing purchases before and after the adoption of the new nutrition labels. Chapter 5 

highlights the findings and implications of three research papers addressed in the 

dissertation and outlines future directions. 



 

4 

 

2. HOW STANDARDIZED TESTING AFFECTS STUDENTS’ COLLEGE 

READINESS IN TEXAS 

 

2.1. Introduction 

College readiness can be broadly defined as being prepared for postsecondary 

entry-level courses and careers (Conley 2008). Students who are not college ready are less 

likely to enroll in higher education institutions, and those who are enrolled are less likely 

to receive a degree (Royster, Gross and Hochbein 2015). According to the ACT Report 

on College and Career Readiness (Malin, Bragg and Hackmann 2017), on average only 

39% of high school graduates meet three or four subject area (English, math, reading, and 

science) ACT College Readiness Benchmarks. College readiness rates are even lower for 

students who are minorities or from low-income families. In Texas from 2011 to 2015, 

only 27.6% of adults older than 25 hold a bachelor or higher degree, lower than the 

national average of 33.4%. However, more and more jobs in the United States require 

college education beyond high school. Therefore, it is important for policy makers and 

educators to find ways to help Texas high school students prepared to enroll and succeed 

at postsecondary institutions.  

In 2012, the Texas standardized testing program, State of Texas Assessments of 

Academic Readiness (STAAR), was introduced, including annual assessments in reading, 

writing, science, social studies for grades 3-8, and high school end of course (EOC) 

assessments following Algebra I, English I, English II, biology, and U.S. history. The 

EOC assessments were established to meet the State of Texas standards and to help high 
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school students get ready for college and be able to succeed in entry-level courses in 

postsecondary institutions. The standards include multilevel content knowledge in 

English/Language Arts, Social Sciences, Mathematics and Natural Sciences. Beyond 

content knowledge, the standards also aim to help develop students’ critical thinking skills. 

Subject content knowledge is consistent with previous studies of definitions and 

dimensions for college readiness (Conley 2008; Geoffrey Maruyama 2012; Porter and 

Polikoff 2012). Moreover, the 81st Texas Legislature’s House Bill 3 required that STAAR 

EOC assessments be used to measure college and career readiness.  

The commonly accepted definition of college readiness refers to as “the level of 

preparation a student needs in order to enroll and succeed, without remediation, in a credit-

bearing general education course at a postsecondary institution that offers a baccalaureate 

degree or transfer to a baccalaureate program” (Conley 2008). In his later book, he divided 

college readiness into four dimensions: cognitive capabilities, content knowledge, 

attributes and behaviors, and college knowledge. Cognitive capabilities are used in 

“formulating problems, conducting research, and completing work accurately”. Content 

knowledge is described as “core academic subjects’ knowledge and skills”, including 

English, mathematics, science, social studies, world languages, and the arts. Attitudes and 

behaviors refer to “ability to study, manage time, and set and achieve academic goals”. 

College knowledge is defined as “how the postsecondary system operates and the 

difference between high school and college” (Conley 2010).  

Researchers have used several college readiness measurement indicators in prior 

studies. These indicators include high school graduation rate (Greene and Forster 2003), 
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high school GPA (Conley 2008; Geiser and Studley 2002; Greene and Forster 2003), class 

rank (Conley 2008; Greene and Forster 2003), ACT/SAT score (Conley 2008; Geiser and 

Studley 2002; Greene and Forster 2003; Wyatt 2010), self-reported first year GPA of 

postsecondary institutions (Wyatt 2010; Twing, Miller and Meyers 2008; Geiser and 

Studley 2002), AP test scores (Conley 2008).  The Why Rural Matters report (Showalter, 

Johnson, Klein, et al. 2017) applied graduation rates for overall students and minority 

students, students eligible for free or reduced meal programs, and percentage of rural 

students taking AP course or SAT/ACT test to provide state-level rural high school 

rankings on college readiness. However, there are some doubts about the accuracy of using 

students’ high school performance to predict college readiness and success. High school 

GPA or class rank is a poor predicator of college readiness due to the absence of a 

nationally standardized grading system (Owen 2003; Thompson and Kobrak 1983); high 

school courses are under prepared for students who intend to apply for college (Jones and 

Watson 1990; Weissberg, Owen, Jenkins, et al. 2003); standardized tests are substantially 

different among states and fail to provide a complex array of skills for college (Thompson 

and Kobrak 1983); the number of students taking SAT/ACT is also considered as a poor 

measurement since not all college-ready students take these exams (Crystale M. Marsh, 

Michael A. Vandehey and George M. Diekhoff 2008).  

Teacher quality is consistently considered to contribute to education performance 

and student achievement. Teacher’s experience, highest education achievement, 

credentials, certification, and teacher-student ratio are all believed to be important to 

education performance (Goldhaber and Brewer 2000; Clotfelter, Ladd and Vigdor 2007). 
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In addition, teachers’ characteristics also play an important role in high school students’ 

college readiness and success (Ehrenberg and Brewer 1994; Reid and Moore III 2008). 

Previous studies show teachers’ additional experience doesn’t affect students’ test scores; 

meanwhile, any gains from experience happened first few years of career (Rivkin, 

Hanushek and Kain 2005; Rockoff 2004). Family income is strongly associated with 

education performance. At the aggregated school-level, percentage of economically 

disadvantaged students has been applied as a proxy variable for family economically 

disadvantaged status and found to be negatively correlated with college readiness (Reid 

and Moore III 2008; Blanden and Gregg 2004; Chevalier and Lanot 2002; Hobbs and 

Vignoles 2010).  

Zhang and Jin (2018) compared teacher quality on students’ standardized score 

between urban and rural in Guangxi Province, China. They employed a teacher value-

added model, which was nested in score, student, and teacher levels. Their findings 

showed that urban-rural gaps on students’ standardized testing scores were largely 

dependent on teacher quality, rural students would have performed better if they had same 

high-quality teachers as urban schools (Zhang, Jin, Torero, et al. 2018). 

College enrollment rate is correlated with parents’ educational achievement and 

family income background (Perna and Swail 2000), and it is suggested that parents who 

never went to college allow their children to choose less challenging courses in high 

schools. A recent study suggested parents’ highest education is not correlated with 

children’s college readiness but their highest education expectation for their child is highly 
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correlated with the student’s test scores (Asamsama, Octaviana Imelda Prima Hemmy, 

Mayo, Stillman, et al. 2016). 

A state-level study from Florida showed that math college readiness is correlated 

with advanced level math course taken in high school (Conger, Long and Iatarola 2009). 

Similarly, more rigorous algebra courses also improve students’ chances of college 

readiness (Gonzalez-Muniz, Klingler, Moosai, et al. 2012). Strayhom examined the how 

students’ perceptions of how well high school courses prepared them for college, exposure 

to college information, and students’ socioeconomic status affect high school performance 

such as high school GPA, 12th-grade National Assessment of Education Progress (NAEP) 

math score, and 12th-grade highest math level (Strayhorn 2014).  

Several studies consider college readiness in Texas. Barnes and Slate (2014) 

examined the college readiness rates of Black, Hispanic, and White public high school 

graduates from 2007 to 2009. The college readiness rates were defined as both Math and 

English Language Arts (ELA) ready, Math ready, and ELA ready. They found college 

readiness gaps remain large among minority groups of students (Barnes and Slate 2014). 

Chandler and Slate (2014) investigated college readiness rates of economically 

disadvantaged, limited English proficiency, and special education students from 2007 to 

2011 (Chandler, Slate, Moore, et al. 2014). Another similar study has been conducted by 

Holden and Slate to examine the rates of learning disabled and economically 

disadvantaged students (Holden, Slate, Moore, et al. 2017). Welton and Williams (2015) 

used a qualitative case study to examine pressures of accountability on college-going 

culture in high “minority” and high poverty schools in Texas and revealed that 
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accountability pressure leads schools to focus on the state exit exam. They also found high 

“minority” and high poverty schools suffer more sanctions due to the poor accountability 

pressure (Welton and Williams 2015).  Martinez (2015) examined college readiness rates 

of students from low-income families and minority students from 2009 to 2012 and 

concluded that high-quality faculty and rigorous curriculum can help schools to better 

build up college-going culture (Martinez 2015). However, most previous studies about 

Texas college readiness are descriptive. Moreover, their data date back to 2012 when 

Texas’ students still took the TAKS tests. Table 2.1 provides a summary of the state 

percentage of both math and ELA ready among different groups of students from 2009 to 

2016. Consistent with research findings before 2009, college readiness gaps still remain, 

and the both ready rate is decreasing though this period.  

Table 2.1 Summary of College Ready on Both Subjects (2009-2016) 
 

Year State African 
American Hispanic White Asian Special 

Education 
Economically 
Disadvantaged 

English 
Language 
Learner 

2015-16 39% 22% 29% 55% 71% 6% 25% 9% 
2014-15 35% 16% 22% 53% 65% 7% 19% 6% 
2013-14 54% 38% 47% 67% 78% 8% 42% 8% 
2012-13 56% 41% 48% 69% 77% 9% 45% 8% 
2013-12 57% 41% 48% 69% 77% 8% 44% 8% 
2012-11 52% 36% 42% 65% 75% 7% 38% 6% 
2011-10 52% 36% 42% 65% 75% 7% 38% 6% 
2010-09 52% 34% 42% 66% 74% 7% 38% 5% 

 

In this study, we want to analyze the effects of Texas' standardized tests on several 

college readiness measurement indicators for urban, suburban, exurban, and rural public 

schools in Texas. First, because one of the education goals set forth in HB 3 is for Texas 
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to rank nationally as one of the top ten states for graduating college-ready students by the 

2019/2020 school year, we want to examine how the enactment of HB 3 affects college 

readiness, specifically whether the STAAR testing program better reflects college 

readiness compared to the previous TAKS testing program. Due to STAAR’s high 

difficulty level, EOC math and ELA pass rates dropped dramatically after Texas’ students 

started taking STAAR test.  

Secondly, we want to see if there are any college readiness differences between 

urban, suburban, exurban and rural Texas’ public high schools. According to a National 

Center for Education Statistics (NCES) report (2014) and our data set, rural high schools 

have the highest graduation rate compared to more urban communities, but the college 

enrollment rate of rural high schools is lower than suburban schools and slightly lower 

than urban high school in recent years.  

The remainder of this paper is organized as follows. In the next section, we provide 

a brief history of standardized testing and rural education in Texas. We then describe 

empirical approach and our data in section 2.3 and 2.4 followed by results section in 2.5. 

2.2. Background 

2.2.1. Standardized testing in Texas 

Texas has a long history of statewide standardized testing. In 1980, Texas State 

Legislature implemented its first standardized testing program, the Texas Assessment of 

Basic Skills (TABS), to test students on basic reading, writing, and mathematics skills in 

third, fifth, and ninth grades. Four years later, the Texas Educational Assessment of 

Minimum Skills (TEAMS) was launched because TABS was not considered rigorous 
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enough. In 1991, TEAMS was replaced by the Texas Assessment of Academic Skills 

(TAAS), which had tougher requirements than TABS but only covered math and ELA. In 

2001, a more comprehensive standardized testing program, Texas Assessment of 

Knowledge and Skills (TAKS), was introduced with two more subjects: social studies and 

science (Diamond 2014).  

    About ten years later, in spring 2012, the State of Texas Assessments of 

Academic Readiness (STAAR) program was implemented and currently employed in 

Texas’ public schools. The STAAR test is considered to be the most difficult, highest 

stakes, and academically demanding standardized testing programs implemented in the 

state of Texas to date. The STAAR program was defined and designed, to help prepare 

students each year of their education to be on track for postsecondary readiness, including 

attending a college or university and career readiness. It includes annual assessment for 

grades 3 through 8 in reading, writing, science, social studies and end of course (EOC) 

assessments for public high school students in Algebra I, English I, English II, biology, 

and U.S. history. The EOC test content standards are jointly supported by Texas’ K–12 

education and higher education agencies.  

With the enactment of House Bill 3, the legislature required that STAAR EOC 

assessments can be applied to measure college and career readiness. After passing these 

assessments, students are believed to potentially meet the college readiness performance 

standards and demonstrate potential for postsecondary success. Therefore, it requires more 

rigorous courses, content, and assessments and set higher graduation requirements than 

the previous TAKS testing program. Due to STAAR’s high difficulty level and high 
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stakes, it has received constant criticisms from parents, students, and lawmakers. They 

criticize that STAAR has a bigger graduation pressure for high school students, hurts 

chance of college admission, and lacks consistent statewide plans and standards (Save 

Texas Schools 2013). 

2.2.2. Rural education in Texas 

According to the U.S. Department of Education’s National Center for Education 

Statistics, Texas has more schools in rural areas than any other U.S. states. Over 20 percent 

of all Texas public schools are in rural areas. For year 2015/2016, there were 608,390 rural 

students in Texas, the highest number of rural student enrollment across states. In fact, 

Texas had almost 6.5 times the median number of rural students across U.S. states 

(94,096). Rural family diversity and poverty are critical issues in Texas. About 44.7% of 

rural students are from minority families, and 53.3% of rural students are eligible for the 

free or reduced lunch program. Around 8.2% of rural students are English Language 

Learners, compared to the state average of 3.5%. Many rural school districts are also 

struggling. They are facing financial and academic crises, including declining student 

enrollment, technological disadvantages, trouble recruiting and retaining high quality 

teachers, and even the possibility of shutting down due to poor educational performance 

and inferior financial conditions.  

The National Center for Education Statistics (NCES) 2014 report (Kena, Aud, 

Johnson, et al. 2014) showed that rural high schools have the second highest graduation 

rate of any locale category; one percent less than Suburban and Town communities but 

almost ten percent higher than the graduation rates of the City category. Despite high 
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graduation rates, the enrollment rates in higher education institutions are lower than any 

other locale recognized by NCES. From 2009 to 2015, rural schools had the highest high 

school graduation rate compared to urban and suburban areas (see Figure 2.1). Rural 

schools perform similarly for both Math and ELA college ready rates (see Figure 2.2). 

However, the rural enrollment rate at postsecondary institutions is lower than for suburban 

high schools (see Figure 2.3). According to previous studies, this is probably caused by 

the natural-resource based character of many rural economies, which plays an important 

role shaping students’ education attainment thoughts. Some researchers claim, as a result 

of small-scale land-based economies, students from rural areas do not value higher 

education as necessary or valuable to participating in the rural economy (Atkin 2003; 

Howley and Howley 2010; Stone 2017). Texas data indicate urban and rural students 

experience different financial and cultural environments. Therefore, in this study, we 

apply the Hierarchical Linear Model (HLM) to examine what higher level (district or 

county) factors stop rural high school graduates from attending higher education 

institutions. 
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Figure 2.1 High School Graduation Rate (2009-2016) 
 

 

Figure 2.2 Both Math and ELA College Ready Rate (2009-2016) 
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Figure 2.3 Texas Public Higher Education Institutions Enrollment Rate  
(2009-2015) 
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indicators including high school GPA, 12th-grade NAEP math score, and 12th-grade 

highest math level (Strayhorn 2014). DeAngelo and Franke (2016) used a two-level 

(student, higher education institution) Hierarchical Generalized Linear Model (HGLM) 

model to examine the relationship between first-year retention and student-level factors 

associated with socioeconomic status (DeAngelo and Franke 2016). Another two-level 

HLM analysis was conducted to illustrate first-year college GPA is the best predictor for 

college readiness (Geiser and Santelices 2007). In this study, we apply a two-level (school, 

county) HLM model to see how standardized testing affects college readiness 

measurement indicators.  

In the first stage, the college readiness indicators were regressed on standardized 

test pass rates and other school characteristics within each school. Then the estimated 

slopes (the school-level estimation regression coefficients) from this first stage become 

the outcomes in the second stage analysis, which attempts to explain variations in slopes 

on the basis of a range of county-level socioeconomic variables.  

First stage, school level (within county): 

𝑦!" = 𝛽"# + 𝛽"$𝑋!"$ + 𝛽"%𝑋!"% +⋯+ 𝛽"&'$𝑋!"&'$ + 𝜀!"                        (1) 

Second stage, county-level (between county): 

𝛽"( = 𝜃#( + 𝜃$(𝑍$" + 𝜃%(𝑍%" +⋯+ 𝜃)'$,&𝑍)'$," + 𝑢"(                       (2) 

for 𝑖 = 1,… ,𝑁 schools in county 𝑗; 𝑗 = 1,… , 𝐽 counties; 𝑘 = 0,… , 𝐾 − 1 

intendent variables in the school level;	𝑦!" are outcomes of college readiness indicators; 

𝑋!"( are school level standardized pass rate and school characteristics variables;  𝜀!" is 

random errors; 𝛽"( are regression coefficients characterizing school effects; for 𝑝 =
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0,… , 𝑃 − 1 independent variables in the county.  level;  𝑍+" are county level independent 

variables; 𝜃+( are the county level regression coefficients. Errors are clustered at county 

level. We assume 𝜀!" and 𝑢"( are normally distributed, 𝜀!"~𝑁(0, 𝜎%), 𝑢"(~𝑁(0, 𝜏"%𝐼). 

Meanwhile, we apply a Bayesian model to our hierarchical linear model. There are 

several advantages of the application of Bayesian methodology in a hierarchical model: a) 

prior may contain knowledge from the data; b) flexibility of dealing with multilevel 

structures of using priors; c) ability to handle model misidentification. May (2006) used a 

Multilevel Bayesian Model to handle two primary problems when measuring students’ 

SES across multiple countries: missing data and incomparable data (May 2006). A 

Bayesian pattern-mixture model has the flexibility to incorporate models with missing 

data on both dependent variables and time-varying independent variables (Kaciroti, 

Raghunathan, Schork, et al. 2006).  

A generalized Bayesian empirical approach to hierarchical model is presented 

below,   

For the first stage—school level:  

                                                      	𝒚" = 𝑿"𝜷" + 𝑹"                                                          (3) 

where 𝒚" is a 𝑛" × 1 vector of outcomes, 𝑿" is a 𝑛" × 𝐾 matrix of intendent 

variables at school level, 𝜷" is a 𝐾 × 1 vector of parameters, 𝑹" is a 𝑛" × 1 vector of 

random errors, where 𝑹"~𝑁(0, 𝜎%). Since 𝜷E" = 𝜷" + 𝒗", then 𝑣𝑎𝑟J𝒗"|𝜷"L = 𝑣𝑎𝑟J𝜷E" −

𝜷"|𝜷"L = 𝑣𝑎𝑟J𝜷E"M𝜷"L = 𝜎%(𝑿"′𝑿")'$ = 𝑽", where 𝒗" a 𝐾 × 1 vector of random error of 

𝜷" and  𝑽" is a 𝐾 × 𝐾 matrix of sample variance for each 𝛽P"( correspondingly.  
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For the second stage—county level:  

                                				𝜷" = 𝒁"𝜽 + 𝑼"                                                                 (4) 

where 𝒁" is a 𝐾 × 𝑃 vector of county level independent variables, 𝜽 is a 𝑃 × 1 

vector of county level regression coefficients, and error 𝑼"~𝑁(0, 𝜏"%). Then 𝑣𝑎𝑟J𝑼"M𝒁"L =

𝑣𝑎𝑟J𝜷" − 𝒁"𝜽M𝒁"L = 𝑣𝑎𝑟J𝜷"M𝒁"L = 𝑻,, where 𝑻, is a 𝐾 × 𝐾 matrix of parameter 

dispersion after accounting for county level effects. 

Therefore,	𝜷E" = 𝜷" + 𝒗" + 𝒁"𝜽 + 𝑼", and the total dispersion of coefficients can 

be divided into sample variance and parameter dispersion,  

              			varJ𝜷E"M𝒁"L = varJ𝜷E"M𝜷"L + varJ𝜷"M𝒁"L = 𝑽" + 𝑻,                         (5) 

Under OLS and GLS theory,  

𝜷E" = (𝑿"′𝑿")'$(𝑿"′𝒚") and 𝜷X" = 𝒁"𝜽∗, where 𝜽∗ = J𝒁".𝑻𝒛'𝟏𝜷"L
'𝟏(𝒁".𝑻𝒛'𝟏𝜷")          (6) 

The empirical Bayes theory yields the following weighted estimation coefficients,   

                                        𝜷"∗ = 𝑾"𝜷E" + (𝐼 −𝑾")𝜷X"                                            (7) 

where 𝑾" = 𝑻,(𝑽" + 𝑻,)'$ ∈ [0,1] is a reliability coefficients, as the ratio of true 

parameter variance to the total observed variance. The Bayes estimate 𝜷"∗ is a weighted 

combination of estimation of each school within counties 𝜷E" and mean slope for the 

population of counties 𝜷X". 𝜷"∗ primarily depends on the more reliable parameter between 

school level 𝜷E" and county level 𝜷X".  
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2.4. Data 

Our dataset includes four different categories: student performance on 

standardized tests, school demographics, college readiness indicators and county level 

demographics. 

The first three categories are school-level data from Texas Academic Performance 

Report (TAPR), Academic Excellence Indicator System (AEIS), and Texas Higher 

Education Coordinating Board (THECB). These data are all available to the public. These 

data contain information on all Texas public high schools, Texas public two-year colleges, 

and Texas public four-year universities from 2009 to 2016 (higher education institution 

data are available from 2009 to 2015). County-level demographics data are collected from 

U.S. Census Bureau to account for higher level countywide peer effects (Sass 2006). Data 

is also available from 2009 to 2016 (see Table 2.6). We exclude charter schools from our 

study because of the wide variability of curricula, school structures, grade levels, and 

student diversity (Barnes and Slate 2014) and schools under Alternative Education 

Accountability Rating System. When a school or district has insufficient data, only serves 

students enrolled in early education, experience data integrity issues, or annexation, it 

would not be assigned a rating. For those schools which are not rated are excluded from 

our dataset. Texas Academic Performance Report (TAPR) was available from 2013 to 

2017, and Academic Excellence Indicator System (AEIS) was available from 2003 to 

2012. Both of these two reports include statewide comprehensive information of Texas 

students’ performance and school demographic characters for each academic year. There 

are a few reasons that we use school level aggregated data in our research. First, this is the 
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lowest level of unit of observation provided in the public dataset, and it allows us to control 

for within school variations; second, policymakers and the public tend to focus on school 

level performance (Papke and Wooldridge 2008), which also determines the school’s 

capability of receiving government funding; and third, aggregated school-level data 

focusing on urban-rural disparities can reveal differences among these groups (Barnes and 

Slate 2014).  

2.4.1. School demographics  

Table 2.2 summarizes school demographic data from 2009 to 2016, including the 

number of total students, number of grade 12 students, percentage of economically 

disadvantaged students, operating expense per student, average teaching experience and 

number of students per teacher. Rural schools have the smallest school size, highest 

operating expense per student ($12,089.61), highest average teaching experience (13.89 

years), and lowest number of students per teacher (9.29). Urban schools have the highest 

percentage of economically disadvantaged (53.38%), lowest average teaching experience 

(11.81 years), and highest number of students per teacher (14.97). We also include school 

demographics summary of excluded schools. Compared to schools in our dataset, the 

excluded schools have a smaller number of students, especially 12th grade students, higher 

rate of economically disadvantaged students, less average teaching experience, and 

smaller students/teacher ratio (see Appendix A). Expenditure per student, teacher 

experience, and pupil teacher ratio are often considered to measure school quality (Card 

and Krueger 1992; Ehrenberg and Brewer 1994).  
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Table 2.2 Summary of School Demographic Information (2009-2016) 
 

Variable 
Urban   Sub-Urban   Exurban   Rural 

Mean Std. 
Dev. 

 Mean Std.  
    Dev. 

 Mean Std. 
Dev.  

Mean Std. 
Dev. 

         
 

  

School 
Demographics 

        
 

  

# of Students 1606.40 976.15  711.07 700.64  393.61 327.81  256.57 292.53 
# of grade12 

Students 357.40 235.39  150.27 158.13  79.07 77.40  47.99 65.11 

% of Econ 
disadvantaged 53.38 25.70  48.29 18.26  50.40 15.72  51.39 17.18 

Operating 
Expense per 

Student 
9038.95 2170.39  9657.69 2079.1

3 
 9926.04 1739.9

9 
 12089.61 3496.18 

            

Teacher 
Information 

           

Average 
Teaching 

Experience 
11.81 2.36  12.84 2.38  12.95 2.52  13.89 2.61 

Number of 
Students per 

Teacher 
14.97 2.92  11.96 2.78  10.70 2.18  9.29 2.14 

Observations    4674      2121      2468       968 
 

Family income is strongly associated with education performance. Given a lack of 

household income data at school-level, the percentage of economically disadvantaged 

students can be applied as a proxy variable for family economically disadvantaged status. 

This proxy, which has been widely used in education socioeconomics study, is expected 

to be negatively correlated with college readiness (Reid and Moore III 2008; Blanden and 

Gregg 2004; Chevalier and Lanot 2002; Hobbs and Vignoles 2010). In TEA's Public 

Education Information Management System (PEIMS), an economically disadvantaged 

student is eligible for free or reduced-price lunch or eligible for other public assistance. 
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2.4.2. Standardized test pass rate 

Table 2.3 summaries the standardized testing pass rate for STAAR and TAKS. The 

standard of passing STAAR/TAKS assessments is Level II: Satisfactory Academic 

Performance. A student can only pass the STAAR/TAKS test with a score within Level II 

or III (Advanced Academic Performance) and fails when scoring at Level I 

(Unsatisfactory Academic Performance). The TAKS test included four subjects at grade 

11: mathematics, English, science and social science. Since we would like to compare 

students who graduate in the same year, then TAKS pass rate data are from the next year 

of reports, namely students who graduate at grade 12 in the following academic year. 

Starting from 2011-12, Texas public high school students have to take the new STAAR 

end of course (EOC) tests as part of their graduation requirements. The EOC tests includes 

five subjects: Algebra I, Biology, English I, English II, and U.S. history. High school 

students enrolled in grade 9 in the 2011/2012 school year were required to take the STAAR 

EOC assessments, and students enrolled in grade 9 before 2011/2012 continued to take 

TAKS test through their graduation. The last group of students who took the TAKS test 

graduated in 2014. Therefore, TAKS test pass rates in our dataset are from 2009 to 2014. 

Unlike TAKS tests taken at a fixed grade, students can take STAAR EOC tests whenever 

they complete a relevant course, which brings some difficulty to our data analysis. We 

contacted a local counselor and got information that usually high school students take 

Algebra I at grade 9 and English II at grade 10 (Neff 2017). We use this information to 

measure our STAAR EOC pass rates. To be consistent with students graduating at grade 

12, 2015 Algebra 1 is from the report of 2012 test results, and English II is from the 2013 



 

23 

 

report; 2016 Algebra I is from 2013 report, and English II is from the 2014 report. Both 

the TAKS and STAAR standardized testing programs include mathematics, English 

language arts (English I, English II), science (biology) and social science (U.S. history). 

These subjects are consistent with previous studies of knowledge required for high school 

students. In order to consistently measure Mathematics and ELA college ready, we only 

report Math and English pass rates for both tests; we use TAKS grade 11 math and English, 

STAAR EOC Algebra I and English II. Moreover, because the satisfactory levels of 

standardized tests vary every single year, it would be meaningless to simply compare the 

average score of each school. The pass rate can perfectly avoid this problem. Meanwhile, 

policymakers are more interested in passing rate instead of average scores. However, in 

order to protect students’ confidentiality, if the numerator is less than 5 and the 

denominator is less than 5, then the pass rate is recorded as missing (TEA 2016). We have 

to exclude these observations from our data. From Table 2.3 we can clearly see that the 

STAAR test pass rates are significantly lower than TAKS test for both two subjects, 

dropping from 86% to 77% for math and decreases from 93% to 76% for ELA. These 

changes are from the rigor of questions assessing students’ skills at a deeper level in the 

STAAR test. We don’t observe big differences in scores among the four location 

categories; rural schools even perform slightly better than other locations categories on 

the TAKS and STAAR assessments.  
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Table 2.3 Test Performance: % Meeting Satisfactory Level (2009-2016) 
 

Variable 
Urban   Sub-Urban   Exurban   Rural 

Mean Std. 
Dev. 

 Mean Std. Dev.  Mean Std. 
Dev.  

Mean Std. 
Dev. 

TAKS (2009-2014)        
 

  

Mathematics 85.97 10.09  86.93 9.17  86.32 9.70  86.97 11.08 

ELA 93.22 5.50  94.39 5.49  94.02 5.27  94.08 5.96 

Obs.   3431  1579  1857  734 

 
        

 
  

STAAR (2015-2016)       
 

  

Mathematics 76.62 15.01  77.44 14.07  78.06 12.59  79.66 14.05 

ELA 75.18 15.31  76.43 12.40  75.43 11.95  77.09 12.50 

Obs.   1243   542   611   234 
 

2.4.3. College readiness indicators  

Table 2.4 summarizes three categories of school-level college readiness 

measurement indicators, including % meeting exit level, SAT/ACT performance, high 

school graduation and dropout rate. We also include data of students’ postsecondary 

institution enrollment rate. Data is reported in the next year of TAPR or AEIS.  

Both Ready Rate is defined as graduates meeting or exceeding the Texas Success 

Initiative (TSI) criteria in both reading/ELA and mathematics on the exit-level of 

standardized test, SAT, or ACT test. The college readiness criteria are established by the 

TEA. The criteria are consistent for both TAKS and STAAR test periods.  A scale score 

higher than 2200 on ELA test and a “3” or higher on essay indicates the student meets 

exit-level expectations and is marked as “Reading Ready”; similarly, a math score higher 

than 2200 indicates the student meets exit-level Math expectations and is “Math Ready”. 

A student meeting both criteria at the same time is “Both Ready”. We do not observe large 
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differences among the four location categories, but rural schools perform slightly worse 

than urban and suburban schools.  

The TEA also applies college entry exam (SAT/ACT) scores to measure college 

readiness. If the student’s score is above the criterion, then the student is marked as 

“SAT/ACT Above Criteria”. The criterion scores are defined as a combined score of 1110 

on the critical reading and mathematics sections of the SAT or a composite score of 24 on 

the ACT. Urban schools have the highest SAT/ACT taking rate and above criteria rate, 

suggesting graduates from urban areas are more likely to at least consider, if not enroll, in 

higher education institutions, and many do well on the entrance exams. Even though rural 

schools’ SAT/ACT taking rate is second highest, their above criteria rate is the lowest. 

And in Figure 2.6 we can observe that in 2014, rural schools’ average SAT/ACT above 

criteria rate experienced a big increase, which is consistent with Figure showing a larger 

share enrolling in higher education in 2014. Four-year graduation rate and dropout rate are 

also included in Table 2.4. For some schools which don’t have four-year graduation rate 

or dropout rate, we use five-year graduation rate, or graduation/dropout rate of Minimum 

High School Program (MHSP), Recommended High School Program (RHSP), or 

Distinguished Achievement Program (DAP). Many parents and educators criticize that 

STAAR hurts students’ high school graduation rates, however, based on our observations, 

high school graduation rates slightly increased after the enactment of STAAR testing. 

Rural schools have the highest high school graduation rate, while urban schools have the 

lowest graduation rate.  
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Two measures consider post-secondary attainment: college enrollment rate and 

first-year grade point average (GPA). For both enrollment rate and first year GPA, given 

the limitation of dataset (only available through 2015), we lost some observations, but 

enrollment trend and higher education performance data allow us to study how well the 

TAKS and STAAR test estimate postsecondary academic success. The enrollment rate 

includes students enrolled in Texas Public Higher Education Institutions from 2009 to 

2015. This includes both four-year universities and two-year institutions. The Texas 

higher education enrollment rate slightly decreased in the past years until 2014. As a share 

of marginal students graduate, it is logical that not all students in the graduating class go 

on to college. Enrollment rates of these four location categories are fairly similar; exurban 

has the lowest rate (51.90%). As seen in Figure 2.3, generally, students from rural or 

exurban areas are less likely to enroll in colleges or universities in the fall following 

graduation as compared to urban or suburban peers.  
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Table 2.4 Summary of College Readiness Indicators (2009-2016) 
 

Variable 
Urban   Sub-Urban   Exurban   Rural 

Mean Std. 
Dev. 

 Mean Std. 
Dev. 

 Mean Std. 
Dev.  

Mean Std. 
Dev. 

% Meeting college-ready criterion for Math or ELA    
 

  

Both Ready 47.65 19.86  46.98 16.65  44.57 16.74  45.32 18.78 

Math Ready 59.63 20.65  59.33 18.75  57.99 19.32  58.22 20.40 

ELA Ready 59.66 18.75  59.95 16.57  57.73 16.83  58.00 18.62 

 
           

SAT/ACT Performance           

Above Criteria Rate 21.62 17.82  20.66 12.18  18.79 11.92  18.48 12.12 

Taking Rate 72.52 17.99  64.11 16.37  60.33 15.70  68.49 18.40 

 
           

Four-year Graduation/Drop Rate 
Graduation Rate 91.03 8.01  94.05 5.93  94.64 5.58  95.53 5.37 

Drop Rate 5.01 5.23  3.24 4.05  2.90 3.84  2.47 3.72 
        
Obs. 4674  2121  2468   968 

 
           

Enrollment Rate at Texas Public Higher Education Institutions (2009-2015) 

Rate 53.60 11.28  53.40 10.20  51.90 10.08  53.02 10.02 
Obs. 3917   1545   1697   477 

 
 

 

Figure 2.4 Standardized Test Math Pass Rate (2009-2016) 
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Figure 2.5 Standardized Test English Pass Rate (2009-2016) 
 

 

Figure 2.6 SAT/ACT Above Criteria Rate (2009-2016) 
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Figure 2.7 SAT/ACT Participation Rate (2009-2016) 
 

Table 2.5 summarizes high school graduates’ performance in Texas public higher 

education institutions from 2009 to 2015. These data measure students’ performance in 

the next academic year following high school graduation. Specifically, student 

performance is measured by the first year GPA earned by high school graduates who 

attended Texas public four-year university or two-year college in the following year. If a 

high school has fewer than five students attending Texas public higher education 

institutions, or a high school has less or equal than 25 graduates, then there is no data 

reported. First-year college GPA is often considered a more accurate college readiness 

measurement indicator than high school performance (Wyatt 2010). From our data, we 

can see that over 30% students received a GPA under 2.0 in their first year of two-year 
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four-year university. Even though almost 50% of students were considered both Math and 

ELA ready, the academic performance of first year of college students is comparatively 

poor. There are not significant differences between these four location categories.  

 
Table 2.5 Graduates’ First Year GPA in Texas Public Higher Education 

Institutions (2009-2015) 
 

Variable 
Urban   Sub-Urban   Exurban  Rural 

Mean Std. 
Dev. 

 Mean Std. 
Dev. 

 Mean Std. 
Dev.  

Mean Std. 
Dev. 

         
 

  

Two-Year Public 
Colleges 

        
 

  

GPA<2.0 33.03 10.55  33.16 11.14  31.39 12.13  31.62 14.85 
2.0<=GPA<2.50 15.14 5.57  15.10 7.12  15.31 8.38  15.10 10.10 
2.5<=GPA<3.0 13.64 5.52  14.64 6.97  15.32 8.26  15.10 9.80 
3.0<=GPA<3.50 16.53 6.39  17.29 8.02  17.94 9.15  17.36 10.73 

GPA>3.5 13.14 8.23  13.69 8.38  14.14 8.77  13.99 10.60 
Unknow 8.52 6.72  6.13 5.53  5.89 5.88  6.83 7.49 

Obs. 3884  1529  1686  462 
         

 
  

Four-Year Public 
Universities 

        
 

  

GPA<2.0 25.26 13.38  22.71 13.08  22.52 13.88  23.01 14.68 
2.0<=GPA<2.50 16.04 6.70  16.06 9.35  16.14 10.74  16.29 11.19 
2.5<=GPA<3.0 19.36 6.87  19.78 10.14  19.50 11.56  20.00 11.59 
3.0<=GPA<3.50 20.88 8.41  21.92 11.30  22.12 12.82  21.30 13.59 

GPA>3.5 17.56 11.10  18.61 11.86  18.82 12.99  18.47 12.84 
Unknow 0.90 1.64  0.93 2.54  0.89 2.81  0.93 2.90 

Obs. 3886   1446   1432   427 
 

2.4.4. County-level demographics 

Table 2.6 summarizes county-level data including median household income, the 

percentage of adults holding a high school or higher degree, the percentage of adults 

holding a bachelor or higher degree, and unemployment rate in order to account for higher 
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level effects on college readiness. There are disparities in county-level socio-economic 

measures among the four location categories. The percentage of adults holding a bachelor 

or higher degree (27.19%) and median household income ($52,247.57) from urban areas 

are higher than the other three areas. Only 16.86% adults from rural areas hold a bachelor 

or higher degree, and rural median household income was $43,890. 

Table 2.6 County-level Demographics Summary Statistics (2009-2015) 
 

Variable 
Urban   Sub-Urban   Exurban   Rural 

Mean Std. Dev.  Mean Std. Dev.  Mean Std. Dev. 
 

Mean Std. 
Dev. 

% holding high school or higher degree   
    

 
 76.84 11.28  75.09 12.58  76.62 11.40  75.94 11.58 
% Holding Bachelor or higher Degree  

 
     

 27.19 8.99  18.32 6.51  15.36 3.93  16.86 5.81 
Unemployment Rate          

 7.41 1.46  7.05 2.10  7.38 2.17  6.34 3.36 
Median Household Income          

 52247.57 12881.11  46720.09 11108.64  44098.99 7441.78  43890.38 9826.78 
Obs.    4674      2121      2468        968 

 

2.4.5. Location categories 

We apply the percentage of rural population from the 2010 U.S. Census to divide 

Texas’s 254 counties into four categories: urban (less than 20%), sub-urban (20%~50%), 

exurban (50%~80%), and rural (higher than 80%). Under this method, totally we have 45 

urban counties, 73 sub-urban counties, 71 exurban counties, and 65 rural counties. 
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2.5. Estimation results 

2.5.1.  Single-level school fixed effects  

We begin with a single level model considering the relative contribution of school-

level factors on college readiness indicators. We apply Math/ELA both ready, SAT/ACT 

performance, SAT/ACT taking rate and high school graduation rate to see how 

standardized pass rate, school demographics, test dummy (1=STAAR) and county 

demographics variables affect college readiness indicators in Table 2.7. We apply within-

school fixed effects model to see how these predictors affect college readiness indicators 

within each school across years.  

There are three main conclusions drawn from Table 2.7. First, the math pass rate 

on standardized tests within each school is positively associated with students being both 

math and ELA college ready, SAT/ACT test performance, and high school graduation 

rates; ELA pass rate also has a significantly positive effect on both ready and SAT/ACT 

performance. For example, if the math pass rate at one school increases by 1%, then then 

the both ready rate will increase by 0.24% correspondingly. While students taking STAAR 

tests are less likely to be named as both ready relative to students taking the TAKS exams, 

students taking STAAR tests perform better on the SAT/ACT and graduated high school 

at higher rates. However, regardless of whether students took the TAKS or STAAR test, 

with more students meeting satisfactory level standards for mathematics and ELA, the 

percentages of students getting ready for college are higher. If a student is well prepared 

for standardized test in Texas, he/she is more likely to be college ready. 
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Table 2.7 Fixed-Effect Estimation Results of College Readiness Indicators 
 

 Both Ready 
SAT/ACT 

Above 
Criteria Rate 

SAT/ACT 
Taking Rate 

High School 
Graduation 

Rate 
Math Pass Rate 0.24*** 0.04*** -0.01 0.09*** 

 (0.01) (0.01) (0.02) (0.01) 
ELA Pass Rate 0.07*** 0.06*** 0.03 -0.00 

 (0.02) (0.01) (0.02) (0.01) 
Average Teaching 

Experience 0.20** 0.22*** -0.00 -0.08* 

 (0.08) (0.06) (0.10) (0.04) 
Students/Teacher 

Ratio 0.11 0.11 -0.00 0.11* 

 (0.10) (0.08) (0.14) (0.05) 
% Econ 

Disadvantaged 0.06** -0.09*** 0.03 0.07*** 

 (0.02) (0.01) (0.03) (0.01) 
Operating Expense 

per Student 0.00 -0.00 0.00** 0.00 

 (0.00) (0.00) (0.00) (0.00) 
% Holding Bachelor 

Degree 0.19* 0.04 0.39** 0.21*** 

 (0.10) (0.07) (0.13) (0.04) 
% Unemployment 

Rate 0.24** -0.22** -0.46*** 0.23*** 

 (0.09) (0.07) (0.12) (0.04) 
Median Household 

Income 0.00*** -0.00** 0.00 0.00*** 

 (0.00) (0.00) (0.00) (0.00) 
Test Dummy -17.79*** 0.71* -0.21 1.86*** 

 (0.39) (0.30) (0.52) (0.18) 
School Fixed Effect -14.63*** 18.28*** 52.83*** 55.61*** 

 (3.30) (2.47) (4.31) (1.53) 
Prob > F 0.00 0.00 0.00 0.00 

Obs. 10231 10231 10231 10231 
Note: * p<0.05, ** p<0.01, *** p<0.001    

 

Second, school demographic characteristics play important roles on graduates’ 

college readiness. Average teaching experience has positively significant effects on both 

ready and SAT/ACT above criteria rate. If a school has more experienced teachers, the 
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students from this school can better prepare for college. However, it shows a negative 

effect on high school graduation rate. Teacher/student ratio positively affects the high 

school graduation rate. We use percentage of economically disadvantage students to 

capture family income effects and find this measure to be positively associated with both 

ready and graduation rates but negatively associated with SAT/ACT above criteria rates. 

Operating expense per student doesn’t demonstrate significant effects within schools on 

college readiness. Meanwhile, we include some county level variables in the single level 

model to see how county effects influence college readiness indicators. From the results 

of Table 2.7, the percentage of adults holding a bachelor degree has a significant positive 

effect on school’s college readiness within schools across years, suggesting in counties 

with a higher proportion of adults with a post-secondary degree, there are more high school 

students getting ready for college. 

Finally, we do not observe quite as many factors contributing to SAT/ACT taking 

rate. A two-level hierarchical model (multilevel model) may account for countywide 

mixed effects to see what other higher-level factors affecting college readiness. The 

multilevel model allows us to separate college readiness indicators into both within-groups 

and between-group components. 

2.5.2. Hierarchical model estimation 

Table 2.8 presents the results of two-level analysis of college readiness indicators 

on both school-level and county-level factors. We compare the two-level model to the 

single level within school model. A Likelihood Ratio test results show that the two-level 

model is preferable favorable to a single-level model in this study. In this hierarchical 
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model, we include both within-group and between group effects. Math county mean, ELA 

county mean, and county-level control variables (percentage adults holding a bachelor or 

higher degree, unemployment rate, and median household income) capture between 

county effects, which shows how these predictors affect indicators across counties; other 

school-level predictors demonstrate within group effects, suggesting the changes within 

each county.  
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Table 2.8 Hierarchical Estimation Results of College Readiness Indicators 
  

Both Ready 
SAT/ACT 

Above Criteria 
Rate 

SAT/ACT 
Taking Rate 

High School 
Graduation Rate 

 
School-level Fixed Effect     

Math Pass Rate 0.43*** 0.13*** 0.13*** 0.17*** 
 (0.01) (0.01) (0.02) (0.01) 

ELA Pass Rate 0.23*** 0.12*** 0.27*** 0.10*** 
 (0.02) (0.02) (0.03) (0.01) 

Math County Mean 0.48*** 0.20* 0.06 0.23*** 
 (0.08) (0.10) (0.20) (0.07) 

ELA County Mean 0.76*** 0.71*** 0.31 0.32** 
 (0.12) (0.15) (0.30) (0.10) 

Average 
Teaching Experience 0.61*** 0.59*** 0.20** -0.02 

 (0.05) (0.04) (0.07) (0.03) 
Students/Teacher Ratio 0.86*** 0.67*** 0.78*** 0.10*** 

 (0.06) (0.05) (0.08) (0.03) 
% Econ Disadvantaged -0.32*** -0.42*** -0.12*** -0.06*** 

 (0.01) (0.01) (0.01) (0.00) 
Operating 

Expense Per Student 0.00*** 0.02** 0.11*** 0.02*** 
 (0.00) (0.00) (0.00) (0.00) 

% Holding Bachelor Degree 0.16** 0.21** 0.58*** -0.20*** 
 (0.06) (0.06) (0.15) (0.04) 

% Unemployment Rate -0.17 -0.04 -0.46 -0.28* 
 (0.13) (0.17) (0.34) (0.11) 

Median Household Income 0.00* 0.00** -0.00*** 0.00 
 (0.00) (0.00) (0.00) (0.00) 

Test Dummy -11.40*** 2.49*** 4.69*** 6.02*** 
 (0.38) (0.33) (0.52) (0.19) 

Fixed Effect -65.99*** -69.85*** 42.32* 49.98*** 
 (7.71) (9.66) (19.29) (6.55) 

County-level Random Effects     

School Mean Effect 0.00 0.00 0.00 0.00 
Math Pass Rate 0.00 0.00 0.01 0.00 
ELA Pass Rate 0.01 0.01 0.13 0.00 

% Holding Bachelor Degree 0.00 0.14 0.20 0.01 
% Unemployment Rate 0.00 0.00 0.00 0.00 

Median Household Income 0.00 0.00 0.00 6.18 
Residual 120.25 89.30 221.84 29.08 
LR Test 0.00 0.00 0.00 0.00 

Obs. 10231 10231 10231 10231 
Note: * p<0.05, ** p<0.01, *** p<0.001   
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Fixed effects coefficients on math and ELA pass rates are all positively and 

significantly correlated with the four college readiness indicators: both ready, SAT/ACT 

above criteria, SAT/ACT taking rate, and graduation rate. The coefficients from the two-

level model are slightly bigger than the single level model, which indicates that predictors 

have bigger effects at higher level model. This finding is also consistent with the highest 

level, between group, estimated coefficients. In the single level model, SAT/ACT taking 

rate is not correlated with neither of pass rates. Significance in the multi-level model 

suggests that countywide factors play a bigger role on the SAT/ACT taking rate. If a 

school has higher standardized testing passing rates, average teaching experience, 

teacher/student ratio, percentage of adults holding a bachelor degree, then this school has 

more students getting ready for college. Except for SAT/ACT taking rate, random effect 

coefficients of math and ELA positively affect other college readiness indicators. 

Meanwhile, random effects provide variance of math and ELA coefficients to obtain 

reliability coefficient to account for county effects for the college readiness indicators. 

The results show that school level effects mostly account for college readiness indicators 

for coefficients of math and ELA pass rate. For example, with one percent increase of 

math pass rate, high school graduation rate will increase by 0.17% and 0.32% across 

counties. 

Secondly, school demographics estimation results are similar to single level 

models. Average teaching experience and teacher-student ratio have significantly positive 

effects on both ready and SAT/ACT above criteria rate within counties. In both the single 

school level model and accounting for county level effects, teacher quantity and quality 



 

38 

 

are very important to students’ college readiness preparation. The percentage of 

economically disadvantaged students is negatively associated with these four indicators in 

the hierarchical model while the effects had been positive in the single level model, except 

for SAT/ACT above criteria. This model shows that with better-off families and school 

districts, more students are better prepared for college. While fixed effects of operating 

expense per student at the county level are significant for all four indicators, the 

coefficients are zero, suggesting that school expenditures are less important to student 

performance than other measures. Meanwhile, the percentage of adults holding a bachelor 

degree has a positive effect on both ready, SAT/ACT taking rate and performance across 

counties. However, it has a negative effect on high school graduation rate. We believe this 

is led by a large portion of urban schools in our dataset. Urban high schools have the 

lowest graduation rate; however, urban areas have the highest share of residents holding a 

bachelor degree. Median household is statistically significant but with a zero coefficient 

for both ready, SAT/ACT performance, and SAT/ACT taking rate across counties. In this 

case, median household income’s reliability coefficient is 0.18, indicating 18% of county 

effect account for high school graduation rate.  

Third, the introduction of STAAR had a positive effect on SAT/ACT above criteria 

and taking rates and high school graduation rate in the hierarchical model. As with the 

single-level model, STAAR was associated with fewer both ready students. The 

SAT/ACT taking rate at single-level model is not significant, indicating within county 

effects account for the SAT/ACT taking rate.  
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2.5.3. College enrollment and first-year GPA 

Because we only have data from 2009 to 2015, we separately estimate enrollment 

rate and first year GPA models. Table 2.9 shows the estimation results of both the single 

level within school model and the hierarchical model of Texas public higher education 

institutions. Model 1 presents the single level within school model estimation results. The 

estimation results show that ELA pass rate has a strong and positive effect on college 

enrollment rate, while math pass rate does not significantly affect college enrollment 

within schools across years. Average teaching experience and teacher-student ratio do not 

show significant effects on college enrollment rate. Percentage of economically 

disadvantaged students and median household income have negative effects on college 

enrollment rate, indicating family income background is important to students’ going to 

higher education institutions. The percentage of adults holding bachelor degree has 

negative effects on the college enrollment rate. Our dataset only includes students going 

to Texas Public Higher Education Institutions, so this unexpected coefficient may indicate 

that counties with a higher percentage of adults holding bachelor degree and higher 

median household income, more high school students may attend private or out of state 

institutions.  
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Table 2.9 Estimation Results of College Enrollment Rate 
 

 Model1 Model2 
School-level Fixed Effect  

Math Pass Rate 0.01 0.07*** 
 (0.01) (0.01) 

ELA Pass Rate 0.12*** 0.34*** 
 (0.02) (0.02) 

Math County Mean  0.31* 
  (0.13) 

ELA County Mean  0.31 
  (0.19) 

Average Teaching Experience 0.07 0.24*** 
 (0.06) (0.05) 

Students/Teacher Ratio -0.13 0.55*** 
 (0.08) (0.05) 

% Econ Disadvantaged -0.14*** -0.19*** 
 (0.02) (0.01) 

Operating Expense per Student 0.00 0.06*** 
 (0.00) (0.00) 

% Holding Bachelor Degree -0.32*** 0.04 
 (0.08) (0.07) 

% Unemployment Rate -0.10 -0.17 
 (0.08) (0.21) 

Median Household Income -0.00*** -0.00 
 (0.00) (0.00) 

Test Dummy 0.66 3.61*** 
 (0.34) (0.37) 

School Fixed Effect 65.25*** 2.48 
 (2.78) (12.11) 

County-level Random Effects  
School Mean Effect  0.00 

Math Pass Rate  0.00 
ELA Pass Rate  0.00 

     % Holding Bachelor Degree       0.28 
% Unemployment Rate  0.00 

       Median Household Income       0.00 
Residual   60.81 

F test 0.00  
LR test  0.00 

Obs. 7636 7636 
Note: * p<0.05, ** p<0.01, *** p<0.001  
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Model 2 is the two-level hierarchical model including county level fixed and 

random effects. The fixed effect coefficients on the math pass rate and ELA pass rate are 

significantly positive, indicating standardized testing positively helps more students enroll 

in higher education institutions within counties. However, the random coefficients do not 

show strongly significant impacts on enrollment rate across counties, suggesting the 

standardized testing at school levels has more explanatory power. Meanwhile, consistent 

with previous findings, teacher quality and quantity are positively correlated with college 

enrollment. The percentage of economically disadvantaged students is negatively 

correlated with enrollment. Moreover, STAAR test works better than TAKS at the county 

level to improve higher education institution enrollment rate. However, at the school level, 

the coefficient is not as significant.  

Table 2.10 presents the results of higher education institution first year GPA 

performance under both the within school fixed effects model and the hierarchal model. 

The dependent variable we apply here is percentage of first year GPA greater than 3 for 

both two-year colleges and four-year universities. Math pass rate has positively significant 

effects under both four models, which suggests that if students perform well at math 

standardized testing at the high school level, they can also perform well in their first year 

at higher education institutions. With more students scoring above math satisfactory 

standard, there are more students receiving a GPA greater than 3.0 at first year of colleges 

and universities. The estimated regression coefficients of hierarchical model are higher 

than the corresponding single level coefficients, indicating math pass rate has greater 

explanatory power at the county level; ELA meeting satisfactory standard are positively 
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correlated with GPA greater than 3.0 both at college and university in the hierarchical 

regression estimated results. This finding shows a very good link between high school 

performance and higher education performance. Meanwhile, high school average teacher 

experience also has strong and positive effects on first year GPA. Coefficients of 

teacher/student ratio are only significant in county-level estimations. High school 

percentage of economically disadvantaged negatively affects first year performance, 

particularly in the two-level level model.  
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Table 2.10 Estimation Results of First Year GPA 
 One Level  Two Levels 
 2-year College 

GPA>=3 
4-year University 

GPA>=3 
2-year College 

GPA>=3 
4-year University 

GPA>=3 
Math Pass Rate 0.07*** 0.13***  0.20*** 0.29*** 

 (0.02) (0.02)  (0.02) (0.02) 
ELA Pass Rate -0.03 -0.05  0.05* 0.13*** 

 (0.03) (0.04)  (0.03) (0.03) 
             Math County Mean   0.17 0.32** 

    (0.13) (0.12) 
             ELA County Mean   0.28 0.37* 

    (0.19) (0.18) 
Average Teaching Experience 0.33*** 0.38**  0.47*** 0.59*** 

 (0.10) (0.13)  (0.06) (0.08) 
Students/Teacher Ratio 0.05 0.10  0.16* 0.32*** 

 (0.13) (0.16)  (0.06) (0.08) 
% Econ Disadvantaged -0.05* 0.04  -0.19*** -0.32*** 

 (0.02) (0.03)  (0.01) (0.01) 
Operating Expense Per Student 0.00* -0.00*  0.06*** -0.00 

 (0.00) (0.00)  (0.00) (0.00) 
% Holding Bachelor Degree -0.00 0.48**  -0.06 -0.01 

 (0.13) (0.17)  (0.07) (0.06) 
% Unemployment Rate 0.29* 0.06  -0.23 -0.33 

 (0.12) (0.16)  (0.20) (0.19) 
Median Household Income 0.00*** 0.00***  0.00 0.00* 

 (0.00) (0.00)  (0.00) (0.00) 
Test Dummy 4.59*** 4.57***  7.46*** 10.38*** 

 (0.54) (0.71)  (0.48) (0.62) 
Fixed Effect 2.66 -19.13***  -11.36 -26.08* 

 (4.50) (5.78)  (11.69) (10.91) 
County-level Random Effects     
            School Mean Effect   0.00 0.00 

Math Pass Rate    0.00 0.00 
ELA Pass Rate    0.00 0.00 

     % Holding Bachelor Degree   0.01 0.00 
         % Unemployment Rate   0.00 0.00 
        Median Household Income   13.17 11.80 

Residual    101.61 161.11 
F test 0.00 0.00    

LR test    0.00 0.00 
Obs. 7561 7191  7561 7191 

      Note: * p<0.05, ** p<0.01, *** p<0.001    
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Another interesting finding is with the increased difficulty level of the STAAR 

test, students perform better at higher education institutions. First year GPA is considered 

the best predictor of college readiness indicators. Our findings are consistent with prior 

work and also show that STAAR and TAKS testing can help students to prepare for the 

first year at higher education institutions.  

2.5.4. College readiness in rural high schools 

In order to find out the urban-rural differences in college readiness for Texas public 

high schools, we used a hierarchical model because we believe higher level demographic 

characteristics may contribute to students’ academic results. This section only covers rural 

high schools.  Estimation results are shown in Table 2.11.  
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Table 2.11 Hierarchical Estimation Results of Rural High Schools 

  Both 
Ready 

SAT/ACT 
Above 
Criteria 

Rate 

SAT/ACT 
Taking 
Rate 

High 
School 

Graduation 
Rate 

Enrollment 
Rate 

2yr-
College 
FYGPA 

4yr-
University 
FYGPA 

School-level Fixed Effect           
Math Pass Rate 0.37*** 0.06 0.03 0.08*** -0.07 0.22** 0.20 

 (0.04) (0.03) (0.06) (0.02) (0.05) (0.08) (0.10) 
ELA Pass Rate 0.17** 0.07 0.22** 0.03 0.25** -0.05 0.27 

 (0.06) (0.05) (0.08) (0.02) (0.08) (0.14) (0.18) 
Math County Mean 0.83*** 0.31* 0.04 0.13* 0.56** 0.31 0.22 

 (0.14) (0.13) (0.21) (0.06) (0.18) (0.34) (0.27) 
ELA County Mean 0.57* 0.60** 0.40 0.01 0.34 -0.28 0.40 

 (0.23) (0.20) (0.34) (0.10) (0.28) (0.53) (0.40) 
Average Teaching 

Experience 0.14 0.17 -0.01 0.16* 0.07 0.26 0.62 
 (0.21) (0.16) (0.27) (0.08) (0.20) (0.35) (0.43) 

Students/Teacher Ratio 0.36 0.67* -0.06 -0.17 0.09 0.16 0.80 
 (0.38) (0.30) (0.49) (0.14) (0.33) (0.58) (0.70) 

% Econ Disadvantaged -0.14** -0.21*** -0.03 -0.03 -0.18*** -0.05 -0.23* 
 (0.04) (0.03) (0.06) (0.02) (0.05) (0.08) (0.10) 

Operating Expense Per 
Student -0.07*** -0.02 -0.03 0.01 0.03 0.01 0.15* 

 (0.00) (0.00) (0.03) (0.00) (0.00) (0.00) (0.00) 
% Holding Bachelor Degree 0.11 0.25* 0.15 0.04 0.04 0.49 0.24 

 (0.14) (0.13) (0.21) (0.06) (0.17) (0.31) (0.22) 
% Unemployment Rate -0.10 0.12 -0.58 -0.02 -0.88** -0.06 -0.53 

 (0.27) (0.24) (0.43) (0.12) (0.32) (0.60) (0.42) 
Median Household Income 0.00 0.00 -0.00 0.00 -0.00 0.00 0.00 

 (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) 
Test Dummy -16.14*** 0.61 0.35 2.52*** 1.46 9.57*** 12.57*** 

 (1.42) (1.10) (1.82) (0.52) (1.61) (2.75) (3.38) 
Fixed Effect -79.83*** -72.29*** 34.40 80.16*** -13.66 16.44 -18.56 

 (17.01) (15.02) (26.18) (7.47) (19.11) (37.21) (26.75) 
County-level Random Effects           

School Mean Effect 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
Math Pass Rate 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
ELA Pass Rate 0.01 0.02 0.00 0.00 0.00 0.00 0.00 

% Holding Bachelor Degree 0.00 0.00 0.45 0.00 0.00 0.00 0.00 
% Unemployment Rate 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Median Household Income 0.00 0.00 19.34 2.89 0.00 45.17 0.00 
Residual 167.33 99.75 273.54 22.83 62.49 176.35 259.54 
LR Test 0.01 0.00 0.00 0.00 0.00 0.01 1.00 

Obs. 968 968 968 968 477 462 427 
       Note: * p<0.05, ** p<0.01, *** p<0.001 
  

     

Overall, we observe a less significant regression panel for rural areas compared to 

overall estimation results. School demographic variables like teacher experience, 

pupil/teacher ratio, and operating expense per student are not correlated with any of the 
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college readiness indicators. But school level economically disadvantaged rate has a 

consistent negative effect on college readiness indicators, demonstrating family financial 

background is negatively correlated with students’ college readiness. 

AT both the school level and county level, mathematics standardized testing pass 

rates show significant positive effects on both ready and graduation rate. At the county 

level, the math pass rate positively affects college enrollment rate. At the school level, 

math pass rate has a positive impact on 2-year college first year GPA. Similarly, school 

and county level ELA pass rate positively affect both ready, county level ELA affects 

college enrollment rate, and school level ELA is positively correlated with SAT/ACT 

above criterial rate. Students/teacher ratios may not be binding in often-small rural 

schools, reflected in insignificant coefficients. Interestingly, rural schools saw worse both 

readiness outcomes and smaller improvements to other outcomes following the switch 

from TAKS to STAAR. However, the negative effects of economic disadvantage are less 

(in absolute value) for rural students. Another interesting finding is that a rural county’s 

unemployment rate is significantly and negatively correlated with this county’s college 

enrollment rate, which is not observed from overall regression results.   

2.6. Conclusions  

Given demographic features of the diverse Texas high student population, 

standardized testing programs designed to improve students’ academic performance are 

especially important in Texas. In this study, we examine the role of standardized testing 

on Texas public high school students’ college readiness and also compare the differences 

between urban and rural communities. The results from using an 8-year panel data set 
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from Texas public high schools show that Texas’s current standardized STAAR testing 

program helps more students get ready for college compared to its previous TAKS 

standardized testing program. Although the STAAR tests have been criticized for being 

difficult, they did have a positive effect on students’ college readiness.  

In addition to standardized testing passing rates, school demographics and teacher 

characteristics also play an important role in students’ college readiness. Teacher’s quality 

and quantity and schools’ operating expense per student all positively impact college 

readiness indicators. These effects are more significant in higher level models. Social 

demographic characters can significantly affect educational outcomes.  We found that high 

school students were more readily prepared for college if there were more adults within 

this county who had earned a bachelor degree or higher.  

 Gaps in education between urban and rural schools are also found in this paper. 

Compared to other states, Texas has the highest number of rural students. With respect to 

standardized testing ratings, we did not observe big differences between urban and rural 

schools, with rural schools performing slightly better than urban schools. We found 

notable differences between urban and rural schools with respect to SAT/ACT scores, 

college enrollment rate, and high school graduation rate. Consistent with previous studies, 

rural high schools rank highest on high school graduation rate, but college enrollment rate 

is slightly lower than in urban areas. We find that rural schools experienced worse both 

readiness outcomes and smaller improvements to other outcomes following the switch 

from TAKS to STAAR, suggesting rural schools may not have had the resources to fully 

prepare for this change. Rural communities struggling to improve income and job 
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prospects may be encouraged by our finding of less disastrous effects of economic 

disadvantage for rural schools as compared to the entire population of schools across 

multiple student outcomes. Meanwhile, the significant negative coefficient on 

unemployment in the college enrollment model may reflect economic structures, such as 

a natural resource base that provide fallback options, or limited access to colleges in rural 

areas. From this perspective, rural economic development affects high school students’ 

enrollment. 
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3. SHORT-RUN IMPACT OF ACCOUNTABILITY RATING SYSTEMS ON 

STUDENTS’ ACADEMIC ACHIEVEMENTS IN TEXAS 

 

3.1. Introduction 

School accountability systems have been a important component of the U.S. public 

education system since the late 1990s. Accountability systems are used to evaluate public 

schools based on student academic performance on statewide standardized tests and assign 

simple ratings based on the test score results and other factors (Hamilton, Stecher and 

Klein 2002; Feng, Figlio and Sass 2010). The systems aim to improve low-performing 

students (Figlio and Rouse 2006; Chiang 2009; Chakrabarti, Chandrasekhar, Calvert, et 

al. 2007). Even though these systems differ in their form and substance, they generally 

have three components: measurement of performance, publication of results, and 

incentives to meet targets (Holbein and Ladd 2017).  

The threat of sanctions on low-performing public schools has become a dominant 

form of incentive by which policymakers seek to raise student achievement. In the United 

States, penalties for repeated failure to meet performance standards have become 

universally established in all states as a result of two laws enacted to improve student 

academic attainment. Every Student Succeeds Act (ESSA) was signed by President 

Obama on December 2015, seeking longstanding commitment to equal opportunities for 

all students. The previous version of the law, the No Child Left Behind (NCLB) Act, was 

enacted in 2002. NCLB used Adequate Yearly Progress (AYP) to measure school's 

progress and failure. ESSA provides more flexibility for states to set their own rating 



 

50 

 

systems to evaluate students’ performance. These two laws are based on a theoretical 

assumption that consequences will motivate school staff to perform at higher levels and 

focus their attention on student academic outcomes. However, NCLB and ESSA bring 

more tests, sanctions, and teacher turnover to struggling schools.  Numerous studies 

considered how accountability systems affect student test performance, long run student 

academic attainment, non-cognitive character, and school funding (Ahn and Vigdor 2014; 

Altrichter and Kemethofer 2015; Cecilia Elena Rouse, Jane Hannaway, Dan Goldhaber, 

et al. 2013; Deming, Cohodes, Jennings, et al. 2013). 

Studies show accountability pressure has long term positive impacts for students’ 

academic achievement. Under the accountability rating pressure, low-performing students 

received higher scores on a competitive 10th grade math exam and even got higher 

earnings. Meanwhile, students from a school at risk of receiving low-performing rating 

performed better than their peers (Deming, Cohodes, Jennings, et al. 2016). Similarly, 

students received higher scores on the 10th grade math exam and achieved better 

postsecondary outcomes if their school was at risk of getting failing ratings compared to 

their peers from schools receiving high ratings, and there is no evidence that accountability 

pressure has impacts on the high-performing schools (Deming, Cohodes, Jennings, et al. 

2013). A study on accountability pressure conducted in Dallas ISD back to 1991 reveals 

positive and large effects on students’ 7th grade standardized testing past rate for Hispanic 

and white students relative to other cities (Ladd 1999). Positive influence of accountability 

pressure strength was also found on students’ National Assessment of Education Progress 

(NAEP) test performance (Nichols, Glass and Berliner 2006).  
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Class size has been another factor contributing to students’ academic achievements 

(Krueger and Whitmore 2001; Bourke 1986; Slavin 1989). Angrist and Lavy suggested a 

smaller class size has important impacts on students’ test scores (Angrist and Lavy 1999) . 

But Hoxby found out no significant effects of class size reduction on achievements 

(Hoxby 2000).  

Family income has been considered as a strong indicator for students’ academic 

performance. Achievement disparities are distinguishable between students from high 

income families and low-income ones (White 1982; Reardon 2013; Lacour and Tissington 

2011). Students who cannot reach accountability rating system requirements are often 

from low-income families and eligible for free or reduced lunch program (Figlio and 

Winicki 2005). However, other studies have found accountability ratings have positive 

impacts for students from low-income families and minority families (Fuller and Johnson 

Jr 2001).  

Florida was the first state to launch an A-F rating system in 1999, and 17 states 

have adopted an A-F accountability rating system, including Texas. An A-F rating system 

provides a simple and transparent way that everyone can understand about school 

academic performance, especially parents, educators, and policymakers. Schools, 

districts, and charters receive a grade letter (A, B, C, D, F) based on a scale score from 

three domains: student achievements, closing achievement gap, and school progress. The 

measurement criteria vary between states. A-F grading is also associated with financial 

rewards and sanctions. For example, in Florida, schools receiving a letter grade A would 

have additional funding of $33 per student; however, F or D schools would face penalties 
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like principal dismissal or closure (Rockoff and Turner 2010; Howe and Murray 2015). In 

Texas, if a school receives unacceptable rating for four consecutive years, then sanctions 

or interventions would be imposed (Texas Education Agency 2019) .   

After the release of preliminary accountability ratings for schools and districts in 

2016 and the official release for districts in 2018 among Texas public schools, the new A-

F rating system hasn’t stopped receiving criticisms from stakeholders. The biggest 

argument and concern are that the new system is unfair to low income students and 

struggling schools and causes them look even worse. The larger part of D and F rated 

districts have more economically disadvantaged students under the new rating system 

(Swaby 2018).  In addition, critics claim the new rating system harms and blames poor 

students and teachers rather than helping them (Robison 2018). All states with the A-F 

rating system face similar concerns. In Louisiana, school district grade has a strong 

correlation with its socioeconomic status; low poverty districts are more likely to receive 

better performed rating scores (Schneider 2018). In Chatam County, North Carolina, 

districts with more students participating in the free or reduced lunch program tended to 

receive a low-performing rating grade (Keck 2017). According to the 2018 Florida report 

card, only 6.6 percentage of high poverty schools received an A grade (Wright 2018).  

This paper has two objectives. First, the A-F Academic Accountability report 

released by TEA in 2018 claimed that the accountability system has short-run impacts like 

“pressure on schools to avoid a low performance rating led low-scoring students to score 

significantly higher on a high-stakes math exam in 10th grade” and long-term impacts of 

“more likely to attend and graduate from a four-year college, and they had higher earnings 
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at age 25” (TEA 2019). The accountability rating grade is usually released in August each 

year in Texas, and students take standardized tests in the following May. Therefore, we 

examine whether accountability rating systems have positive short-run impacts on 

students’ academic performance in the next school year in order to avoid penalties.  

Additionally, there is a concern that A-F grading fails to adequately incorporate 

socioeconomic conditions of schools and districts, which would lead punishing poor 

schools for being poor while rich schools are considered fine (Veselka 2018).  However, 

the 2018 A-F Academic Accountability Report showed that the student poverty is not a 

strong factor for determining how a district is rated. Therefore, in this study, we control 

for percentage of students participating the in free and reduced lunch to see if 

socioeconomic effects are considered in the accountability system.  

3.2. Background 

3.2.1. TAKS testing accountability system  

Texas provides annual academic accountability ratings to its public-school 

districts, charters and schools. The ratings are based largely on performance on state 

standardized tests and graduation rates of schools. The ratings examine 1) student 

achievement, 2) student progress, 3) efforts to close the performance gap, and 4) 

postsecondary readiness.  

The first acknowledged accountability system, the Texas Assessment of Academic 

Skills (TAAS), remained in use until the 2001- 02 school year. The second accountability 

system included the Texas Assessment of Knowledge and Skills (TAKS) and assigned 

ratings to schools and school districts from the 2004 to 2011 school years. Each school 
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district is evaluated and assigned ratings of exemplary, recognized, acceptable, or 

unacceptable. Alternative Education Accountability (AEA) rating categories were 

applicable to alternative education campuses (AECs) and charters: Academically 

Acceptable, Academically Unacceptable, and Not Rated.  

3.2.2. STAAR testing accountability system  

In 2013, the State of Texas Assessments of Academic Readiness (STAAR) was 

introduced as the new standardized testing program. Meanwhile, a new accountability 

rating system was also employed in Texas. There is no record for year 2012 since 

education agencies have to apply the new standardized testing program to the new 

accountability rating system. In the new accounting system, there are four rating categories 

of Texas’ public school: Met Standard, Met Alternative Standard, Improvement Required, 

and Not Rated.  

Met standard indicates schools meets the targets of indices where schools have 

accessible performance data, including index 1 or index 2 index 3 and index 4. Index 1 

measures students’ academic achievements across all subjects for all grades based on 

meeting or exceeding STAAR Approach Grade Level Standard, English Language Leaner 

(ELL) progress standard, and high school End-of-Course (EOC) standard. Index 2 

measures students’ progress on STAAR mathematics and ELA/reading by students’ 

demographic groups: ethnicity, ELL, and special education. Index 3 measures 

performance gaps, focusing on the STAAR performance of low-performing minority and 

economically disadvantaged student groups. Index 4 measures postsecondary readiness, 

emphasizing elementary and middle school students’ preparation for high schools and 
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high school students’ readiness and success in college and the work force. Index 4 is 

measured solely on STAAR assessments, containing STAAR meet or exceed standard, 

graduation rate and plan score, and college and career readiness indicators.  

A new feature of this accountability rating system is distinction designations to 

reward schools’ achievements. Schools that are rated as Met Standard accountability 

rating are qualified to be awarded distinction designations. There are four categories of 

the distinction designations: Student Performance, Student Progress, Closing Gap and 

Postsecondary Readiness, and seven areas: Academic Achievement in Mathematics, 

Academic Achievement in English Language Arts/Reading Academic Achievement in 

Science, Academic Achievement in Social Studies, Top 25 Percent at Student Progress, 

Top 25 Percent at Closing Performance Gaps, and Postsecondary Readiness. The first six 

distinctions designations are awarded only campus level, and postsecondary readiness are 

awarded both at campus and district levels. If schools are not rated or are evaluated by 

Alternative Education Accountability (AEA), they are excluded from distinction 

designation rating.  

Distinction designations are awarded based on schools’ performance in the above 

areas to a group of campuses of similar school characteristics like school type, grade span, 

student population size, the percentage of economically disadvantaged students, the 

percentage of English Language Learners (ELL), mobility rate, the percentage of special 

education students, and the percentage of students enrolled in early college high school 

program. If schools met the standards of any of these seven areas, schools will receive one 

point. For each distinction, the campus must rank at least 33% of comparable high schools 
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or 50% of elementary/middle schools based on the distinction designation indicators. In 

2017, there are 48% schools receiving 0 points, 52% of schools getting at least one point, 

and only 2% of schools receiving seven points among all Texas public elementary, middle 

and high schools.  

3.2.3. A-F accountability rating system 

The 85th Texas Legislature passed House Bill (HB) 22 adopting the A-F rating 

system to evaluate school and district performance. The five ratings are: A = Exemplary 

Performance, B = Recognized Performance, C = Acceptable Performance, D = In Need of 

Improvement, F = Unacceptable Performance. The easy-to-access accountability rating 

system is intended to allow all stakeholders to monitor student academic performance at 

both school and district levels. The preliminary accountability ratings were released in 

December 2016, and the official rating came into effect in 2018.  

HB 22 established three domains for measuring the academic performance of 

districts and schools: Student Achievement, School Progress, and Closing the Gaps. 70% 

of the final scale score is from combined student achievement and school progress, and 

30% is based on closing the gaps. The criteria of each assigned grade are: A (90~100), B 

(80~89), C (70~79), D (60~69), F (0~59). The A-F grading rating for all Texas school 

districts of 2017-18 school year was released August 2018. During this school year, 11.8% 

of school districts are graded as A, 32.6% of school districts as B, 22.7% of school districts 

as C, 4.5% of school districts as D, 0.9 % of school districts as F. Campuses were still 

rated at the old rating system in 2017-18, and first received A-F grades in the 2018-19 

school year.  
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Even though the new rating system provides straightforward information and is 

believed to have long term benefits for students, it faces several criticisms. The biggest 

concern is its potential unfairness to low-performing schools and low-income students. 

Schools with higher poor student populations are more likely to receive a failing letter 

rating than peer schools.  Considering family income is one of the most important features 

to impact students’ academic performance and the new A-F rating system heavily depends 

on STAAR test performance, then high poverty schools would suffer and get harsh 

penalties. However, the report of the Accountability Rating 2018 claims that student 

poverty is not a strong predictor under the new rating system, and 11% of the high poverty 

schools still receive a rating of A. We examine the effects of economic disadvantage in 

our later analysis.  

In August 2019, Texas Education Agency released accountability ratings for both 

district and school levels. This is the first official rating under the new A-F rating system.  

3.3. Empirical approach  

In order to compare districts that fall on either side of a grade cutoff while 

controlling for a flexible function of predictors, Regression Discontinuity Economics 

(RDD) is employed to estimate the impact of receiving a particular letter grade on 

standardized test passing rates within the district in the following year. In particular, we 

apply the methodology that Rockoff and Turner (2007) and Winters (2016) used in their 

papers to examine the effects of letter grades on average student test score in the following 

year in New York City (Winters 2016; Rockoff and Turner 2010). From their findings, the 

accountability rating system helps D and F schools improve average student math and 
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ELA test scores in the following school year. Ratings don’t show strong effects for A, B, 

and C schools.   

To estimate the impact, we use a use a reduced-form regression represented in 

equation (1),  

𝑦!1 =	𝛽# +	𝛽$𝐷! + 	𝜷𝑿!1 +  𝜀!1                                     (1) 

 where 𝑦!1 is the difference of passing rate of standardized testing for school 𝑖 in 

year 𝑡; 𝐷! is the accountability rating grade received by school 𝑖 in year 2016 ; 𝑿!1 is a 

vector of school demographics predictors that would affect the schools’ passing rate in the 

same year 𝑡;  𝜀!1is an idiosyncratic error term.  

3.4. Data 

            Data were collected from Texas Education Agency, a comprehensive public 

dataset including schools’ academic performance and socioeconomics at school, county, 

and state levels. There are three data sources in our study, including 2016 A-F Preliminary 

Accountability Rating System, Texas Academic Performance Reports (TAPR) from 2016 

to 2019, and A-F Accountability Rating System in 2018 and 2019. All data are for Texas 

public high schools from Grade 9 to 12 through the whole observation period. We exclude 

charter schools and alternative education campuses from our study because of the wide 

variability of curricula, school structures, grade levels, and student diversity. In total there 

are 1,030 schools included through 2016 to 2019 in this study.  

In 2016, each school and district received preliminary A-F rating results including 

scaled scores and ratings on five domains: Student Achievement, Student Progress, 

Closing performance Gaps, Postsecondary Readiness, Community and Student 
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Engagement. These five domains are created to help students better prepare postsecondary 

readiness, close the achievement gap, and make it easier for parents and the community to 

better understand how schools and school districts perform. However, schools and districts 

didn’t receive a rating for their overall performance; hence, we used Student Achievement 

to represent school and district’s rating and how accountability pressure affect their future 

academic performance. District ratings are also included in our analysis to consider how 

schools will improve under different rated districts. School level aggregated math and 

ELA pass rates are included to reflect students’ academic achievement. High schools have 

different rating criteria rather than elementary and middle schools. The elementary/middle 

school Student Achievement Domain score is fully based on STAAR test results, but high 

school’s is based on three parts: STAAR test (40%), college, career and military ready 

rate (40%), and graduation rate (20%). Therefore, in this paper, to be consistent, we use 

Texas public high school data only.  

In addition, school demographics data are from Texas Academic Performance 

Reports (TAPR) 2016-2019. The TAPR is a comprehensive academic report which 

contains a wide scope of information of schools and districts to reflect students’ 

performance across Texas every year. The demographics data include the percentages of 

minority students, the percentage of economically disadvantaged students, the percentage 

of Limited English Proficient (LEP) students, the percentage of non-Special Education, 

Average Teaching Experience, and Teacher/Student Ratio. Math class size and ELA class 

size are also included in this data set to note changes in schools’ curriculum or schedules. 



 

60 

 

In this data set, we observed fewer school districts rated in 2018 due to the Harvey 

Hurricane.  

Table 3.1 describes school’s pass rate on standardized testing -- STAAR testing 

program from 2016 to 2019 based on 2016 accountability ratings. For schools receiving F 

in 2016, motivated by the accountability pressure, we observed significant academic 

improvements in math, where their math pass rate went up by 10% in 2017, 12% in 2018, 

and 17% in 2019. D schools’ math pass rate increased by 8% in 2017, 9% in 2018 and 

11% in 2019 correspondingly, and schools which got the receipt of an F in 2016 also 

demonstrated improvements in ELA. The average math pass rate increase for all five 

ratings’ schools is 6%, 7%, and 8% each year, suggesting the lower grading schools 

improve more across years. Comparatively, for schools which received A, B or C, we do 

not observe much increase on standardized testing pass rates for math or ELA since 2016, 

and we even notice slight decrease in the math pass rate. The above trend can also be seen 

in Figure 3.1, where we can see directly that D and F schools improved noticeably after 

receiving lower accountability ratings in 2016, although the improvement slowed in 2017. 

The short-term effect of accountability pressure is significant for those groups of schools. 

There are no doubts schools respond to lower ratings by putting more time, effort, and 

resources to help students to catch up with their peers. It is intuitive to say D and F schools 

experience more accountability pressure than the higher graded schools because D and F 

schools would encounter sanctions if they receive low performing ratings for four 

consecutive years in Texas.  
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Table 3.1 Math and ELA Pass Rates 2016-2019 
 

Year 

School 
Rating 

Received in 
2016 

Obs. Math Pass 
Rate 

ELA Pass 
Rate 

2016 

A 133 91.08 91.12 
B 186 83.62 78.96 
C 381 76.22 67.90 
D 210 65.77 57.48 
F 120 56.95 47.44 

Average 1030 74.73 68.58 

2017 

A 133 93.65 90.68 
B 186 87.51 77.56 
C 381 80.72 65.98 
D 210 73.14 56.07 
F 120 66.94 46.04 

Average 1030 80.39 67.27 

2018 

A 133 93.88 90.77 
B 186 87.22 78.25 
C 381 81.34 68.59 
D 210 74.32 59.72 
F 120 68.68 51.41 

Average 1030 81.09 69.75 

2019 

A 133 92.72 91.47 
B 186 86.51 79.35 
C 381 81.76 69.11 
D 210 76.01 59.87 
F 120 73.37 51.66 

Average 1030 82.07 70.29 
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Figure 3.1 Math/ELA progress 2016-2019 

 

In addition to the pressure on each school itself, pressure from school districts can 

also be observed. School districts can face penalties like mandated state take over if they 

receive low performing ratings persistently. In order to avoid this, school districts would 

gather resources to help the struggling schools. In Figure 3.2, we divide school districts 

into two groups: higher and lower graded school districts representing A, B or C districts 

and D or F districts (based on 2016 preliminary A-F accountability rating results). We 

seek to capture the effects of higher district sanction pressure on campus performance. For 

math tests, D and F schools from both districts experience significant improvement. The 

D schools from higher graded districts achieve slightly better passing rates for math than 
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D schools from lower graded districts, and F schools from lower graded districts perform 

better at ELA. Generally speaking, C, D, and F schools in both groups of districts show a 

comparatively similar trend. Most interestingly, A and B schools in lower graded districts 

have higher average passing rates than A and B schools in higher graded districts. We 

observe a large gap between the average math passing rates between B schools and C 

schools in lower graded districts. There are only 68 schools graded as A or B in lower 

graded districts versus 632 A and B schools in higher graded districts. This shows 

disparities between schools within lower graded districts and suggests these districts are 

not able or willing to reallocate resources to overcome these gaps. Some A and B schools 

in lower graded districts may serve as case studies for other schools wishing to improve 

their ratings. Much the same as overall trends, ELA pass rate in higher graded districts 

don’t show noticeable changes between years, even for D and F schools. Similarly, we 

observe a distinguish break of the ELA passing rates between B and C schools in lower 

graded district, and A and B schools from those districts perform better than the ones from 

the other group of districts.    
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Figure 3.2 Math/ELA Progress of Different Rated Districts 2016-2019 
 

Table 3.2 displays school demographic characteristics from 2016 to 2019. We can 

observe F schools have the highest percentage of Economically disadvantaged students, 

Limited English Proficient students, Special Education students, African American 

students, and Hispanic students through years. This is also the biggest concern from 

stakeholders and communities. Many argue that the new rating system is not fair to the 

low-performing rating schools with higher poverty rates and struggling students and 

families. Under this circumstance, schools receiving failing scores cannot get enough 
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funding and good resources from the government, then they tend to perform worse. 

Socioeconomics disparities are huge between A and F schools. Schools receiving A have 

the least percentage of Economically disadvantaged students, Limited English Proficient 

students, Special Education students, the percentage of African American students, and 

Hispanic students. These findings are consistent through all the years observed. 

Interestingly, A schools have the highest class-size both on mathematics and ELA, and 

students/teacher ratio. The percentage of economically disadvantaged students increased 

from 2016 to 2019 for all schools. It ranges from 1% to 6%, which is consistent with a 

Texas Department of Agriculture policy change increasing the household income 

threshold for children eligible for the lunch program, allowing more kids to enroll in this 

program now (Texas Department of Agriculture 2019) .  
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Table 3.2 School Demographics 2016-2019 

Year 
Rating 

in 
2016 

Obs. Econ Disad-
vantaged 

Limited 
English 

Proficient 

Non-
Educationally 
Disadvantaged 

Math 
Class 
Size 

ELA 
Class 
Size 

Avg 
Teaching 

Experience 

Students/
Teacher 

Ratio 

2016 A 133 32.82 2.07 67.18 19.99 18.56 12.32 17.30 
 B 186 36.94 3.13 63.06 17.92 16.45 12.78 14.07 
 C 381 51.27 4.76 48.73 16.87 15.65 12.50 13.17 
 D 210 65.63 8.82 34.37 16.86 15.71 11.72 13.31 
  F 120 75.88 13.79 24.12 17.54 16.19 10.63 14.11 

2017 A 133 33.04 2.40 66.96 19.98 18.33 12.60 17.27 
 B 186 37.12 3.49 62.88 18.11 16.32 12.84 14.10 
 C 381 52.06 5.26 47.94 17.06 15.46 12.55 13.20 
 D 210 66.54 9.64 33.46 16.90 15.70 11.65 13.32 
  F 120 77.27 15.20 22.73 17.66 16.29 10.72 14.13 

2018 A 133 33.73 2.90 66.27 20.03 18.47 12.45 17.31 
 B 186 37.10 3.69 62.90 18.20 16.34 12.79 14.10 
 C 381 53.31 5.85 46.69 16.82 15.23 12.49 13.13 
 D 210 67.26 10.36 32.74 16.87 15.44 11.60 13.32 
  F 120 78.44 16.36 21.56 17.19 16.17 10.54 14.01 

2019 A 133 34.24 3.58 65.76 20.36 18.81 12.68 17.27 
 B 186 39.00 4.36 61.00 17.48 15.90 13.00 14.05 
 C 381 55.09 6.98 44.91 16.51 14.99 12.61 13.07 
 D 210 69.19 11.67 30.81 16.72 15.32 11.82 13.24 
  F 120 81.72 17.75 18.28 17.55 15.91 10.95 14.15 

School Demographics 2016-2019 continuous 

Year 

School 
Rating 

Received 
in 2016 

Obs. Student 
Size 

White 
Student 

African 
American 
Student 

Hispanic 
Student 

2016 A 133 1496.35 40.79 9.14 38.33 
 B 186 1322.62 52.45 7.69 33.96 
 C 381 1139.05 45.98 8.92 40.89 
 D 210 1217.4 25.23 10.74 61.43 
  F 120 1190.23 10.43 21.41 66.26 

2017 A 133 1537.75 39.98 9.01 38.83 
 B 186 1347.82 51.69 7.56 34.60 
 C 381 1143.16 45.18 8.86 41.74 
 D 210 1233.59 24.75 10.57 62.09 
  F 120 1207 10.11 20.92 67.09 
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2018 A 133 1583.78 39.05 8.90 39.31 
 B 186 1347.07 51.05 7.70 35.00 
 C 381 1142.6 44.30 8.83 42.55 
 D 210 1232.09 24.24 10.53 62.65 
  F 120 1212.9 9.76 20.70 67.73 

2019 A 133 1599.49 38.03 9.01 39.75 
 B 186 1341.62 50.35 7.74 35.44 
 C 381 1142.76 43.64 8.70 43.23 
 D 210 1225.42 23.70 10.32 63.31 
  F 120 1201.89 9.65 20.18 68.38 

 

Table 3.3 reveals schools’ progress in the past years under the two different rating 

systems. We can only observe school level accountability ratings only at 2016 and 2019. 

Among the 123 schools which received F in 2016, one school achieves an A rating in 

2019, 27 schools become B, 62 schools become C, 33 schools become D, and only one 

school remains F. This finding suggests accountability pressure truly motivates schools to 

improve academic achievement. Do these achievement results stem from the rating system 

becoming more generous? To study this question, we compared schools’ math and ELA 

pass rates under those two ratings. The results are very straightforward that schools are 

performing better academically, especially for math STAAR testing. Even for the only 

school which stays as F, the pass rate still increased by 7.8%, those schools becoming B 

increased by 25% which is significant for struggling schools. Additionally, we only 

observe one F school closed and one F school turning to the Alternative Education 

Accountability Rating System.  
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Table 3.3 STAAR Pass Rate Transactions under Two Rating Regimes 
Math Pass Rate 

       
School 
Rating 
2016 

School Rating 2019 Pass 
Rate 
2016 A B C D F 

A 92.72 . . . . 91.08 
B 87.70 82.43 . . . 83.62 
C 88.79 80.60 75.88 . . 76.22 
D 90.33 79.35 68.94 67.33 . 65.77 
F . 81.68 71.55 70.53 69.00 56.95 
       

ELA Pass Rate 
       

School 
Rating 
2016 

School Rating 2019 Pass 
Rate 
2016 A B C D F 

A 91.47 . . . . 91.12 
B 81.13 73.26 . . . 78.96 
C 77.66 67.80 60.67 . . 67.90 
D 75.00 62.00 55.18 52.33 . 57.48 
F . 57.76 52.00 46.66 38.00 47.44 

 
School Ratings in 2016 and 2019 

      
School 
Rating 
2016 

School Rating 2019 

A B C D F 

A 133 0 0 0 0 
B 144 42 0 0 0 
C 68 289 24 0 0 
D 3 137 67 3 0 
F 0 25 62 32 1 

 

In Figure 3.3, we present the school district accountability rating’s weighted score 

crossing with the percentage of economically disadvantaged students. Texas Education 

Agency uses this variable to represent the percentage of students eligible for free or 

reduced-price lunch program (Texas Education Agency 2018). The two years’ correlations 
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are displayed here. First, the overall the percentage of economically disadvantaged 

students increased by almost 5% and can also be seen in Table 3.2, which suggests more 

students enroll the free or reduced- price lunch program. This change is as a result of Texas 

Department of Agriculture increasing the household income threshold for children eligible 

for the lunch program by $1,200 as an example of four households’ annual total income 

compared to the previous year. This policy allowed more children from poor families to 

enroll in the free or reduced-price lunch program in Texas (Texas Department of 

Agriculture 2019). Secondly, the slope between accountability rating and the percentage 

of economically disadvantaged students demonstrates a negative relationship. Better 

graded school districts like A and B, mostly fall in the areas of fewer students from poor 

families versus F school districts experiencing high poverty situation. However, the slope 

seems to flatten in 2019 compared to 2018, and fewer school districts receive low grades.  
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Figure 3.3 The correlation between Poverty and Accountability Rating 
 

3.5. Estimation results 

3.5.1. Graphical analysis 

First, we plot graphs using STAAR Math and ELA pass rates from 2017 to 2019 

against the accountability score received in 2016 on Domain 1, Student Academic 

Achievement (see Figure 3.4). Different colors and symbolic shapes represent five 

accountability grades for each school.  

Figure 3.4 (left) demonstrates for math pass rate 2017-2019. We observe that F 

schools have the steepest slope versus the other four graded schools for math pass rate 

2017-2019, B schools have comparatively the flattest slope. At the cutoff of D and F, F 

schools have slightly higher passing rates than D schools, suggesting F schools have more 
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pressure to improve to avoid sanctions. Another interesting finding is A schools don’t 

show slow progress after receiving the better grade, although better performance is 

probably associated with financial awards or benefits gained from good reputation.  

Figure 3.4 (right) displays information about ELA pass rate in the same time 

period. In contrast to math, correlation between accountability grade and the following 

years’ ELA pass rates are comparatively consistent among all five category schools, and 

A schools’ slope is moderately flatter than other schools. At the cutoff of A and B schools, 

we observe A schools perform better than B school for the following years’ ELA pass rate. 

From Figure 3.4 plots of math and ELA pass rates, we see schools with similar 2016 

student achievement scores demonstrate different academic performance in the following 

years at different accountability rating grades. We take a deeper look at school progress 

in the next step.  

 
Figure 3.4 Math/ELA Passing Rates 2017-2019 
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Figure 3.5 Math/ELA Passing Rates Progress 2017-2019 
 

In general, accountability pressure has noticeable positive short-term impacts on 

schools’ academic performance especially for F and D schools in both math and ELA 

passing rates, and at the cutoff of D and F schools; F schools perform moderately better 

than D schools for math passing rate. Even though we observe less significant effects of 

accountability pressure on ELA passing rates, we still observe the positive effects on F 

schools.   

3.5.2. Regression analysis 

In this section, we analyze 1) how 2016 accountability rating affects schools’ 

short-term academic performance improvement from 2017 to 2019; 2) for two groups of 

schools, lower graded schools (D and F schools) and higher graded schools (A, B, and C), 
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how schools’ demographics characteristics affect their STAAR math and ELA passing 

rates from 2016 to 2019.  

3.5.2.1. Accountability rating analysis 

Table 3.4 presents estimation results of how school and district rating 2016 affects 

schools’ short-term academic improvements from 2017 to 2019 for both STAAR math 

and ELA testing programs. The dependent variables we employ here are school’s 

academic achievements progress, which is the current year’s passing rate minus passing 

rate in 2016 for each exam, specifically math and ELA massing rate increases in 2017, 

2018, and 2019. The predictors we apply here are year effect dummy (2017, 2018, 2019), 

2016 school accountability rating (A, B, C, D, and F), 2016 district accountability rating 

dummy (1 = D or F, 0 = A, B, or C), and the interactions between school rating and district 

rating representing different graded schools within lower graded districts or higher graded 

districts.  
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                   Table 3.4 Linear Regression Estimation Results 
 

  
Math Progress ELA Progress 

  
Year Dummy 2018 0.652* 2.473*** 

(0.39) (0.26) 
Year Dummy 2019 1.420*** 3.014*** 

(0.39) (0.26) 
School Rating B 0.77  -0.28  

(0.60) (0.40) 
School Rating C 2.464*** 0.59   

(0.55) (0.37) 
School Rating D 7.664*** 2.585*** 

 (0.72) (0.48) 
School Rating F 10.191*** 1.10  

 (1.01) (0.68) 
District Rating 

Dummy 
 (1 = D, F, 0 = A,B,C) 

-2.268* 1.191 

(1.22) (0.82) 
School B * District 

Rating Dummy 
2.372 0.634 

(3.18) (2.13) 
School C * District 

Rating Dummy 
1.46 -3.487*** 

(1.46) (0.98) 
School D * District 

Rating Dummy 
-0.50 -3.219*** 

(1.41) (0.95) 
School F * District 

Rating Dummy 
2.05 0.84  

(1.61) (1.08) 
Constant 1.993*** -2.153*** 

(0.52) (0.35) 

Observations 3,090 3,090 
F Statistic 39.872*** 24.758*** 

Note: *p<0.1; **p<0.05; ***p<0.01   
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First of all, we expect to see a short-term effect from comparatively strong 

accountability pressure rather than a long-term effect. We use year dummies, 2017, 2018, 

and 2019 to refer year effects. The coefficient of year 2017 is omitted to prevent 

multicollinearity. In this case, for math passing progress, we observe that year 2017 has a 

stronger short-term impact than year 2018, and the year dummy 2019 has a stronger impact 

than 2017. Moreover, the absolute values of year 2019’s dummy coefficient is bigger than 

year 2018. This result is consistent with Table 3.1 and Figure 3.1. The average passing 

rates 2017 to 2019 increased by 6%, 7%, and 8% for all schools, while the average passing 

rate increases for D and F schools were 9%, 11%, and 14%. The math pass rate for F 

schools went up by almost 18% from 2016 to 2019. It shows accountability rating pressure 

indeed help lower performing schools improve in math. Another interesting finding is that 

schools’ math pass rates increase significantly from 2018 to 2019. The district A-F rating 

release in 20181 and the promise of campus A-F rating coming out in 2019 may have 

increased accountability pressue. The school level A-F rating 2019 would be the first 

official rating after the preliminary a-f rating published in 2016. This would bring schools 

pressure to avoid poor ratings and possible sanctions. Nevertheless, the ELA pass progress 

displays a quite different story. The 2017 ELA pass rates declined by 1.3% from 2016, so 

coefficients of the year 2018 and year 2019 dummies show positively significant effects 

compared to year 2017 dummy. Still, the absolute values of coefficient of year dummy 

 

1 There are 153 schools in our dataset without a district rating in 2018 due to Hurricane Harvey. 
This predictor was not included for empirical analysis due to the limited scope of the phenomenon and for 
model efficiency.  
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2019 is higher than year 2018, which may be attributed to the same reasons of math 

progress. In general, accountability rating pressure has positive impacts on schools’ 

academic performance through years, the impact is stronger in the short term than the 

longer term.  

Second, we to examine how school accountability rating affect schools’ 

standardized testing performance. The coefficient on grade A is omitted due to 

multicollinearity. For math progress, we observe positively significant and consistently 

bigger effects from grade B to grade F, where F schools demonstrate the greatest math 

pass rate progress through years, consistent with Figure 3.4. Correspondingly, ELA pass 

rate progress displays less significant effects through years; only D schools show a 

positively significant effect compared with grade A schools. Those findings are also 

consistent with previous studies. This part of the estimation results indicate accountability 

rating helps school improve better on academic performance, especially for lower graded 

schools like D or F schools. We observe substantial development for those schools 

whereas the effect is not that significant for A, B, or C schools.  

Third, we examine how school district accountability ratings affect individual 

schools’ standardized testing performance. We use the district rating dummy to represent 

lower higher rated districts, where 1 is D, F districts, and 0 is A, B, C districts. The 

estimation results reveal negative and significant effects for the math exam. This finding 

demonstrates schools in higher rated school districts experienced noticeable academic 

performance improvements after receiving their 2016 grades. Lower rating schools in 

higher graded school districts may experience more pressure from school districts to 
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improve, in order to avoid lowering the district grade. Higher rated districts may have 

more resources to allocate to low performing schools. This is also can be seen from Figure 

3.2. For math, F schools in both higher and lower districts have similar progress in past 

years; however, we observe a higher improvement of D schools in A, B, C districts 

compared to D, F districts, which led to aggregated improvements for lowering grading 

schools in higher grading school districts. As before, the impacts of school district rating 

for ELA progress was not distinguishable. Because this coefficient only shows aggregated 

effects of all five grades, we separate school ratings to examine how different graded 

schools behaved in those higher and lower graded districts.  

Lastly, the interactions between different graded schools belonging to higher or 

lower graded districts were investigated here. The four coefficients show that compared 

with grade A schools in different graded districts, we do not observe significant 

differences between the two group of districts for five different rating schools, of the math 

pass rate progress. This finding is consistent with Figure 3.2. Even though we observe that 

A and B schools in lower graded districts perform better for average math passing rates 

through years, in this model, we are looking at schools’ progress in past years as the 

outcome variable controlling for ratings. Where those schools’ math pass rates were kept 

stable, we cannot observe significant effects from the coefficients. However, we detect 

that C and D schools in higher graded districts received better ELA improvements than 

those schools in D and F districts. This can also be observed from Figure 3.2 that the 

average ELA passing rate went down for C schools in lower graded districts, and D 

schools in higher graded districts experienced slightly higher scores in the past few years.  
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In general, from the estimation results of Table 3.4, we can conclude that 

accountability rating pressure has significantly positive effects for schools’ academic 

performance, and the impact is stronger for previously lower graded schools. Meanwhile, 

those effects in the short-run are relatively stronger than in the long-term. Additionally, 

schools from lower or higher graded districts do not show obvious differences, but A and 

B schools from D and F districts perform better than the other group of schools on the 

basis of average math and ELA passing rates.  In the next step, we explore how schools’ 

demographics characteristics affect schools’ STAAR testing performance under different 

ratings.  

3.5.2.2. School socioeconomics analysis 

Table 3.5 presents the fixed effect estimation results for schools’ STAAR 

performance to its demographics under different ratings. We divide schools into two 

categories: “D, F Schools” refer to schools receiving D or F in the preliminary 

accountability rating December 2016, “A, B, C schools” refer to schools receiving higher 

A, B or C accountability ratings. We consider, under different ratings, how each school’s 

academic performance responds to its socioeconomic status through years. The outcome 

variable applied is school’s STAAR testing passing rates from 2016 to 2019. A fixed effect 

model was employed here, and we control for variables including the percentage of 

economically disadvantaged students at the school level, math class size, ELA class size, 

students/teacher ratio, and average teaching experience.  
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Table 3.5 Fixed Effect Regression Estimation Results 
 

  Math Pass Rate ELA Pass Rate 
  D, F Schools A, B, C Schools D, F Schools A, B, C Schools 

Econ 
Disadvantage 

0.112** 0.023 0.070** -0.024 

(0.04) (0.03) (0.03) (0.02) 
Math Class Size -0.279** 0.049   

 
(0.13) (0.07)   

English Class 
Size 

  -0.186** -0.121** 
  (0.09) (0.05) 

Students/Teacher 
Ratio 

-0.069 -0.319** -0.29 0.139 
(0.29) (0.16) (0.18) (0.11) 

Avg Teaching 
Experience 

-0.193 0.286*** 0.12  0.087 
(0.20) -0.1 (0.13) (0.07) 

Observations 1,320 2,800 1,320 2,800 
F Statistic 3.313*** 3.126** 4.347***  2.219* 

Note: *p<0.1; **p<0.05; ***p<0.01   

 

First of all, coefficients on the percentage of economically disadvantage for D, F 

schools are positive and significant for math and ELA exams, while the parameters for A, 

B, and C schools are not significant. It indicates that even with the increase of poverty rate 

for D and F schools, their academic performance still improved year by year after 

receiving less satisfied ratings.  This finding is also consistent with our Table 3.2, where 

the percentage of economically disadvantaged students increased by 2% for A and B 

schools, 4% for C and D schools, and 6% for F graded schools in the past four years, while 

D and F schools displayed higher academic performance progress.  

Second, math and ELA class size were gauged in the regression. Math class size 

shows a negative and significant effects on math pass rate after receiving lower grading 

rates in 2016, suggesting with smaller student size in a math class, the students’ 
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standardizing testing performance improves better. The coefficients for ELA class size for 

both groups of schools are also negative and significant, indicating the same impact that a 

smaller class help better on students’ ELA academic improvements. The coefficient on 

math class size for A, B, and C schools is not significant. This finding shows that with less 

students in either a math or ELA class, students’ academic performance improves better, 

especially for lower performing schools.  

Lastly, two teacher related indicators were evaluated here, students/teacher ratio 

and average teaching experience. The only significant coefficients are from A, B, and C 

schools’ math pass rate. The estimation results revealed that with a lower students/teacher 

ratio and higher average teaching experience, higher graded schools made better progress 

on math exams.  

In this section, we examined how schools’ demographics characters impact 

schools’ academic performance through years. The estimation results show that lower 

graded schools with higher poverty rates experienced performance improvements; math 

and ELA pass rates also went up with lower class size; teacher related demographic 

indicators did not reveal significant effects, although higher graded schools with lower 

students/teacher ratio and higher average teaching experience progressed better.  

3.6. Conclusions  

In this paper, we examined how accountability rating systems affect schools’ 

academic performance in the short run based on different dimensions and criteria. 

Accountability rating systems aim to help improve students’ academic achievements 

through the evaluation of schools’ academic testing scores and other indicators. Texas has 
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been employing accountability rating system for a long time, and recently adopted the new 

A-F rating system, becoming one of 17 states currently employing this rating system. In 

this study, data were collected from preliminary accountability rating grades released in 

December 2016 and the official A-F accountability rating system for both school and 

district level published in August 2019. We considered how accountability rating grades 

affect Texas public high schools’ standardized testing program (STAAR) in the following 

years 2017, 2018, and 2019. In addition, we also evaluated the effects of accountability 

rating system on low achieving schools and low-income families, to see whether the new 

rating system improves or harms those groups of schools.  

Given on the evidence from all the figures, tables, and regression results from our 

analysis, we conclude that the new A-F accountability rating system has distinguishable 

positive impacts on students’ STAAR testing performance, especially for low performing 

schools and districts in mathematics testing. Those impacts are extremely significant for 

schools receiving F in 2016. Schools’ math passing rates revealed increases for lower 

performing schools over time, and the impact is stronger when they received lower grades 

in 2016. While schools within higher performed school districts improved slightly better 

than lower graded districts, there are no big differences for F schools in either districts. 

Meanwhile, we observed slight differences at similar accountability score but receiving 

different grades; F schools perform better at the cutoff compared with D schools. Finally, 

the regression results also reveal the consistent finding that for lower graded schools, the 

short-term impact is more significant and the coefficient value is bigger than for higher 

graded schools. Compared to dramatic changes of mathematic passing rates, ELA passing 
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rate improvements are relatively smaller for all schools in the short run. They even 

experienced decline in 2017. At both the school and district levels, the trends are flat and 

stable.  

Additionally, we also take socioeconomic conditions into consideration to evaluate 

fixed effects of new accountability rating system through years. At both school and district 

levels, we observe a negative correlation between grade and the percentage of 

economically disadvantaged students. F graded schools’ have more than 40% higher 

economically disadvantaged rates as compared to A graded schools. However, this paper 

reveals that schools’ academic performance improved with the increase of schools’ 

poverty rate, largely due to changes in how poverty was defined for Texas schools. Even 

though schools with high poverty received lower grade in 2016, we can still see they 

improved greatly in the next few years, while some other schools with moderate poverty 

rate even experienced decline on standardized testing exams. Moreover, schools with 

lower class size also made better progress than the other schools. Average teaching 

experience and students/teacher ratio only impact higher graded schools.  

The limitation of this paper stems from the data as there are no A-F ratings in 2017, 

and only district accountability ratings were released in 2018. Thus, we cannot observe 

how accountability rating affects schools’ academic performance continuously.  
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4. HOW DOES THE ADOPTION OF NEW NFP AFFECTS HOUSEHOLD 

PURCHASES? A CASE OF JUICE PRODUCTS 

 

4.1. Introduction 

Nutrition content disclosure policy aiming to help consumers to make healthier 

purchase decisions has been important through U.S. history (Lusk and McCluskey 2018). 

Labeling the nutrition content of foods was relatively limited until 1960s, since most meals 

were prepared at home with basic food ingredients (Kessler 1989). The only labeled foods 

were for customers with special dietary needs (Boon, Lichtenstein and Wartella 2010). As 

the demand for availability of packaged and processed foods on the market increased, 

consumers requested more nutrition content and ingredient information for food products 

they purchased. In response to their needs, at the recommendation of the 1969 White 

House Conference on Food, Nutrition, and Health, the Food and Drug Administration 

(FDA) considered a system for the nutritional contents of food can be identified (Mayer 

1969). In 1973, nutrition labeling regulations were finalized by the FDA. Nutrition 

labeling was mandatory if the food product belonged to FDA regulated foods for which 

nutrition content claims were being used in labeling or advertising. Otherwise nutrition 

labeling was voluntary. For products subject to mandatory nutrition labeling, labels 

included the amount of calories, the grams of protein, carbohydrate, fat; vitamin A & C, 

thiamin, riboflavin, calcium, and iron were based on U.S. Recommended Daily Allowance 

(RDA) which was determined by the National Academy of Sciences (Allowances 1968) . 
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Sodium, saturated fatty acids, and polyunsaturated fatty acids were optional. All these 

nutrients must be presented on the basis of a usual or average serving size.  

After the 1973 FDA regulation, customers were more interested in science between 

nutritional dietary information and health. However, some manufactures used 

exaggerated, non-standardized, or ambiguous claims to meet customers’ eager to adopt 

healthy eating, which misled and confused customers and brought issues for food industry 

(Porter and Earl 1990). Regulating and standardizing nutrition labeling were compulsory.  

In 1990, the Nutrition Labeling and Education Act (NLEA) became a law, and the 

U.S. Food and Drug Administration (FDA) required the Nutrition Facts Panel (NFP) on 

almost all food packages sold in the United States. On May 8, 1994, the Nutrition Facts 

Panel was released. This was the most comprehensive food labeling policy in U.S. history 

up to that point. Foods with mandatory labelling requirements are bread, cereal, canned 

and frozen food, snacks, deserts, drinks, etc. Fresh vegetables and fruits, fresh meat and 

seafood, food provided in restaurants, bakery, and deli products are voluntary. Apart from 

the nutrition content components in the 1973 FDA regulations, new label requirements 

included calories from fat, total fat, saturated fat, cholesterol, sodium, dietary fiber, sugar.  

In addition, the FDA also authorized some health claims and nutrient content claims for 

food. Commonly used claim characteristics included free, low, reduced, less, lean, and 

extra lean.  

Daily Reference Values (DRVs) were first proposed by NLEA to replace 

Recommended Daily Allowance (RDA), where manufactures reported values of total fat, 

saturated fatty acids, cholesterol etc. This was mainly on the basis of the Surgeon General's 
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report on nutrition and health (United States. Public Health Service. Office of the Surgeon 

General. 1989) and Diet and health: implications for reducing chronic disease risk 

(National Research Council 1989). Serving size was determined by USDA’s national 

survey on food consumption and intake conducted by FDA and later used to create 

Reference Amounts Customarily Consumed for different food categories (Boon, 

Lichtenstein and Wartella 2010). The purpose of NFP is to provide consumers nutrition 

content in order to make better food choices.  

Since then, the NFP has been modified several times to include important 

information like per-serving nutrition information (1994) and trans-fat content (2003). 

Starting January 1, 2006, the FDA mandated the declaration of Trans Fatty Acid on a 

percent Daily Value basis in the Nutrition Facts Panel. This is also the very first change 

after Nutrition Labeling and Education Act (NLEA) became law in 1990 and mandatory 

nutrition labeling in 1994. This change was associated with scientific evidence of trans-

fat intake as raising the risk of getting coronary heart disease (Moss 2006; Brandt, Moss 

and Ferguson 2009). It helps customers be aware of adverse effect of trans fatty acid, 

reduce consumption of trans-fat, and develop a healthy diet (Food and Drug 

Administration, HHS 2003). Trans-fat was reduced in food supplies after the mandatory 

adoption on the Nutrition Food Panel and restaurant menus (Downs, Bloem, Zheng, et al. 

2017) . 

On February 27, 2014, the FDA announced the proposed updates to food Nutrition 

Facts Panel which made significant changes compared to its initial release 20 years prior 

(see Figure 4.1). The former first lady Michelle Obama unveiled the new NFP and said, 
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"This is a big deal, and it's going to make a big difference for families all across the 

country" (Office of the First Lady 2014).   

 

 

                                         Source: Food and Drug Administration (2020) 

Figure 4.1 The New Nutrition Facts Panel (NFP) by FDA 2014 Proposal 
 

On May 20, 2016, the FDA announced the new Nutrition Facts label for packaged 

foods to reflect new scientific information (see Figure 4.2) and published the final rules in 

the Federal Register on May 27, 2016. The new NFP is slightly different from the 2014 

version on the layout. This is so far the biggest change for NFP since it was begun in 1994.  
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                                   Source: Food and Drug Administration (2020) 

Figure 4.2 The New Nutrition Facts Panel (NFP) by FDA 2016 Announcement 
 

There are important changes made to the new NFP: 1) bolder and larger type 

design to highlight “Calories” and “Serving Size”, and bigger type size for “servings per 

container”; 2) adjusted serving size to reflect what people actually eat and drink daily; 3) 

the removal of “Calories from Fat”; 4) “Added Sugar” in grams and the percent Daily 

Value are mandatory on the new NFP to reflect sugars added during processing of food as 

distinguished from natural sugar; 5) Vitamin D, potassium, calcium and iron are required 

on the new NFP including the actual amount and percent Daily Value; vitamin A and C 

are no longer mandatory; 6) the percent Daily Value has been updated to match the newer 

scientific evidence and displayed in the footnote to help better explain to customers (Food 

and Drug Administration, HHS 2016) . The newer scientific evidence refers to the Institute 
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of Medicine recommendations and the 2015-2020 Dietary Guidelines for Americans 

(Dietary Guidelines Advisory Committee 2015)  . 

The new updated NFP makes it easier for consumers to make healthier and 

informed food options to support a healthy diet, and, more importantly, to make a 

connection between healthy dietary and chronic disease in order to help reduce the risk of 

heart disease and obesity. Manufacturers with $10 million or more in annual food sales 

were expected to finish the labelling updates by January 1, 2020. Manufacturers with less 

than $10 million on annual food sales receive one extra year to comply (Food and Drug 

Administration, HHS 2016). In single-ingredient sugar products such as maple syrup and 

honey, the manufacturers can delay changes until July 1, 2020, and added sugar 

information are not required to be displayed on the package; total sugar grams and the 

percent Daily Value are still mandatory (Food and Drug Administration, HHS 2016) .  

Added sugar could be one of the most important changes to the new NFP. It is the 

first time the FDA requires manufacturers to disclose that information. FDA defines total 

sugar as “sugar naturally present in foods and beverages, as well as added sugar”; the 

added sugar is defined as “sugars that are added during the processing of foods” (FDA 

2020). Those updates can help consumers moderate consumption of foods containing 

added sugar. The excessive amount of added sugar intake would exceed calorie limits. 

Calories from added sugar should be less than ten percent of total calorie intake. The 2015-

2020 Dietary Guidelines for Americans recommended low added sugar, along with little 

saturated fats, and low sodium to maintain a healthy eating pattern (Dietary Guidelines 

Advisory Committee 2015).  Manufacturers may be inspired to alter the formula to reduce 
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sweeteners in food and drinking products to meet healthier eating demands. This newly 

added sugar information was designed to reduce sugar input for both consumer and 

industry level (Khandpur, Rimm and Moran 2020).  

The new NFP helps consumers be more informed of current and accurate nutrition 

content, better understand what they are actually consuming, and consume a healthy diet 

to help reduce risks of chronic disease. The newly updated serving size can better reflect 

how much people actually eat and drink and the number become more realistic to match 

current dietary conditions, which replace the previous version of serving size for 1994 

NFP version. For example, the previous serving size of soda was 8 ounces, and under the 

new NFP, it increased to 12 ounces; on the other hand, the serving size of yogurt decreased 

from 8 ounces to 6 ounces (Food and Drug Administration, HHS 2016) .  

In addition, the new regulations may affect food industry in several ways, 

including a potential innovation of “Light/Reduced Sugar” food and drinks. There are 

some arguments that the new food label information would not affect food industry 

substantially as the significant label modifications just appear on the back of the package 

instead of the front (Scott-Dixon, K).  

Nielsen Homescan Data and Label Insight data are used in the analysis. The 

advantages of using scanner sales data to analyze impacts of the new Nutrition Facts Panel 

over field studies or lab experiments include the longer time observation period and 

broader sample size and demographic characters, which are more convincing than lab 

experiments. The disadvantage is straightforward: scanner data cannot tell exactly which 
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nutrition content or the changes of NFP design has the dominant role when consumers 

make food purchase decisions (Balasubramanian and Cole 2002).  

The purpose of this paper is to evaluate the how the new Nutrition Facts Panel 

affects household purchases using juice products as a case study.  After the release of 

Nutrition Facts Panel in May 2016, companies have more than three years to gradually 

adopt the new NFP. We would like to compare the monthly units sold from January 01, 

2016 to December 31, 2017, between the pre-adoption period and post-adoption period 

for juice products that already adopted the new NFP.   

4.2. Literature review 

Food nutrition labelling is an approach that can help consumers consume less 

negative attributes, make healthy food purchasing choices, and adopt a healthy dietary 

(Mhurchu, Eyles, Jiang, et al. 2018; Guthrie, Fox, Cleveland, et al. 1995; Campos, Doxey 

and Hammond 2011; Variyam 2008). Consumers with higher education, female, younger 

than 35 years old, or on a low-fat diet have better knowledge about nutrition information 

and are more favorably employing nutrition labeling when making food purchasing 

choices (Mandal 2008; Marietta, Welshimer and Anderson 1999; Guthrie, Fox, Cleveland, 

et al. 1995; Neuhouser, Kristal and Patterson 1999). Caucasians are more likely to adopt 

food labels than other ethnic groups (Gans, Burkholder, Risica, et al. 2003; Hyman, 

Simons-Morton, Ho, et al. 1993; Dian A Dooley, Rachel Novotny and Patricia Britten 

1998). A study conducted by Blitstein and Evans shows that 53% of the participants 

consistently employ NFP for food decisions (Blitstein and Evans 2006). Summarized and 

highlighted nutrition information like “no trans-fat” or “low calorie” on the NFP can help 
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increase product consumption, while “low fat” reduces sales which may suggested 

customers are also motivated by taste perspective (Kiesel and Villas-Boas 2013). The NFP 

also has a positive effect on weight management and obesity (Arsenault 2010).  

Several previous studies demonstrate that updating the NFP design with easy-to-

understand nutrition contents and standardized front-of-package (FOP) labeling formats 

can help to develop customers’ awareness on nutrition information and serving size and 

promote better food choices (Gina S. Mohr, Donald R. Lichtenstein and Chris Janiszewski 

2012; Hamlin, McNeill and Moore 2015; Roberto and Khandpur 2014).  A meta-analysis 

shows the utilization of food labeling can help consumers reduce calories and total fat by 

6.6% and 10.6% correspondingly. From the industry side, less sodium was used during 

production by 8.9% and 64.3% lower on artificial trans-fat (Shangguan, Afshin, Shulkin, 

et al. 2019). One longitude study displays consumption of packaged food products 

containing saturated fat, sodium, and total sugar declined from 2000 to 2013 (Taillie, Ng 

and Popkin 2016), which is in agreement with Dietary Guidance for Americans 2010 

(United States. Dietary Guidelines Advisory Committee 2010).   

There are several papers investigating the impacts of Nutrition Labeling and 

Education Acts 1990 through dimensions like nutrition intake, products consumption, and 

information search. Balasubramanian and Cole conducted four studies, from field studies 

to laboratory experiments, looking into how consumers utilize the nutrition contents from 

1994 Nutrition Facts Panel and nutrition claims by the law of Nutrition Labeling and 

Education Act (NLEA). Those comprehensive studies evaluate the post NLEA era impacts 

from customers’ overall search intensity, recall efficiency, to food choices. Grocery field 
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studies and lab experiment found no evidence supporting that NLEA changed customers’ 

time devoted on NFP nor recall accuracy, Customers depend more on negative nutrition 

attributes such as calorie counts, fat, and sodium than positive nutrition attributes. After 

NLEA, brand loyalty went up. Longitudinal scanner analysis shows the NLEA changed 

customers’ food choice and that sales of low-calorie food went up after NLEA. Focus 

groups reveal that customers’ search intensity on the NFP differed based on how they 

consider the food category (Balasubramanian and Cole 2002).  

Variyam employed two survey databases (Continuing Survey of Food Intakes by 

Individuals 1994–1996 by USDA and Diet and Health Knowledge Survey) to identify the 

impacts of Nutrition Facts Panel on dietary intake between Food-At-Home and Food-

Away-From-Home. The estimation results showed that the mandatory nutrition labeling 

by NLEA has overall moderate and positive effects on nutrition intake, comparing those 

who use NFP for food purchasing choices prefer higher fiber and iron than who do not. 

However, they didn’t find the use of NFP is correlated with intake reductions of fat or 

cholesterol (Variyam 2008). Moorman’s study suggested that NLEA can better help 

consumers obtain and understand more nutrition information at the point of purchase with 

the introduction of NLEA (Moorman 1996). Customers are more likely to read nutrition 

labeling after the implementation of NFP in 1994 (Patterson, Bhargava and Loewenstein 

2017) .  

However, limited or even adverse effects from nutrition labeling and claims were 

also discovered in previous studies. Patterson, Bhargava, and Loewenstein (2017) found 

no evidence suggesting customers make healthier food choices after the enactment of 
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NLEA (Patterson, Bhargava and Loewenstein 2017). The “low fat” nutrition claim 

boosted the overall calorie intake and reduced guilty feelings especially for who are 

already overweight (Wansink and Chandon 2006). The “low fat” claim contributed to food 

overconsumption, which may lead to obesity rather than solving it (Geyskens, Pandelaere, 

Dewitte, et al. 2007).   

Meanwhile, there are some barriers between consumers and nutrition labels. 

Nutrition information is sometimes ignored by consumers (Grunert, Fernández-Celemín, 

Wills, et al. 2010; Grunert and Wills 2007).   Todd and Variyam found that consumers 

tend to use of fewer nutrition labels (Todd and Variyam 2008). A study conducted by 

NYC Department of Health and Mental Hygiene showed that if consumers saw the 

nutrition information, they would consume fifty-two fewer calories compared to who 

didn’t (Elbel, Kersh, Brescoll, et al. 2009) . Another barrier is that nutrition information is 

difficult for consumers to understand. Studies showed even though some consumers 

understand the nutrition information, in general they are confused by technical terms and 

roles that nutrients play in their daily diets (Higginson, Kirk, Rayner, et al. 2002; Byrd-

Bredbenner, Wong and Cottee 2000) .   

There are several papers evaluating the self-reported Nutrition Facts Panel 2014 

using eye-tracking investigation. Grebitusa and Davis (2017), included six different food 

products to account for diversities. Their results show that participants pay more attention 

to the modified NFP compared to the old one on healthy food (salad, yogurt, frozen healthy 

food). Alternatively, less attention is paid to the new NFP unhealthy food (cereal, cookies, 

chips) than the current one (Grebitus and Davis 2017). Another study was conducted to 
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investigate whether the modified NFP helps consumers better understand added sugar 

information displayed (Khandpur, Graham and Roberto 2017). The revealing added sugar 

information might help consumers increase the corresponding knowledge. Graham and 

Roberto conducted another research to measure how young adults’ attention to the 

modified NFP and their purchase intention. Their results conveyed that young adults’ 

attention to the modified NFP didn’t seem to increase or make any significant changes to 

their food purchasing decisions (Graham and Roberto 2016). 

4.3. Methodology  

In order to capture the effects of the adoption of the new Nutrition Facts Panel on 

the changes of products’ sales, we apply a fixed effect model to estimate the products’ 

units sold differences before the adoption of the new NFP and after the adoption of the 

new NFP while controlling for household demographics characteristics.  

An empirical model is displayed below: 

𝑙𝑜𝑔𝑄!"1 = 𝛽# + 𝛽$𝑙𝑜𝑔𝑝!"1 + 𝛽%𝐷!"1 + 𝜷𝑿𝒋𝒕 + 𝛼! + 𝜃1 +	𝜀!"1		 

where  𝑄!"1 is the number of units  each 𝑈𝑃𝐶! bought by ℎ𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑" in month 𝑡; 𝑝!"1 is 

unit price paid for 𝑈𝑃𝐶! by ℎ𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑" in month 𝑡;  𝑋"1 is a vector of household 

characteristics for ℎ𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑" which include household income, household size, presence 

of child, household head’s education, employment status, and age. We observe 2,405 

households with female head, 957 with male head.  𝐷!"1 is an indicator variable equals to 

one if  household" purchased product 𝑖 in month 𝑡 after the adoption of the new NFP and 

zero otherwise.  𝛼! is a time-invariance fixed effect to capture UPC’s characteristics. The 

𝜃1 is the time fixed effect of UPC-invariant to capture time factors that may affect the 
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number of units sold during that time period; 𝜃1 captures the date of purchase. The  𝜀!"1 is 

the error term. This empirical model allows us to compare the quantity of each product 

sold pre and post new NFP adoption. This empirical model allows us to see how the 

adoption of the new NFP will affect household’s purchasing decisions in the pre and post 

periods.  

4.4. Data 

4.4.1. Data sources 

The analysis was conducted by using the Nielsen HomeScan data from 2016 and 

2017. Homescan data are collected from the nationally representative sample of 

households. The data report weekly expenditures of food items purchased during each 

shopping trip. The purchase and household demographics information were collected from 

Nielsen Homescan Dataset.  

Nielsen Homescan Data include all packaged grocery products that a household 

purchased through a specified store on a specified date at major U.S. markets, and each 

product’s information is scanned on barcode and identified on the UPC level. Consumers 

need to report the number of units purchased and total amount paid for each item. In 

addition, they are also required to submit coupon values or any promotions. The Nielsen 

Homescan Data provide information about product characteristics, including brand, size, 

category, department, grocery shopping date, as well as households’ characteristics 

including the size, occupation, race, age, household income, zip code etc. 

The information on the NFP and date of the new NFP label adoption by product 

UPC level was obtained from Label Insight Co.. Label Insight Co. provides transparent 
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product label information to help consumers make better food choices. They convert 

Nutrition Food Panel information into a data format so consumers can easily compare 

products under different brands and nutrition content. Manufacturers send digital images 

of their product packages to Label Insight database, and the company extracts all product 

and nutrition information from the label. The database includes a comprehensive list of 

products from general categories such as food, personal care, alcohol, supplements, pet 

food, etc. Information on approximately 371,800 food products available from Label 

Insight provides nutrition information like calories, fat, sugar, health claims, serving size, 

and nutrient amounts. Everything customers can read from a product package is available 

and displayed in data formats on the Label Insight website. Similar to Nielsen Data, Label 

Insight uses UPC for product identification. Below is a screen shot of a product 

information from Label Insight website,  

 

Figure 4.3 A Screen Shot of Label Insight Platform 
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Label Insight only keeps the latest version of products’ package and label. If the 

manufacturer sends a newer version of the product’s package, then the previous 

information is deleted from their database. A list of products that adopted the new NFP in 

2016 was obtained from one of their former employees. For products which adopted new 

NFP starting in 2017, we use Label Insight’s database to create a list of products using 

added sugar as a proximity index of new NFP. Under this case, we cannot control for 1) 

products with multiple NFP updates within 2017, since they only keep the latest version 

of NFP (we use their last data collection date as the first date of adopting new NFP); 2) 

products first adopting the new NFP in 2017, but the label has been changed after 2017 

(we cannot obtain from the current version of database); 3) for products which already 

adopted the new NFP, but the added sugar information was not obtained from Label 

Insight (cannot be observed).  

4.4.2. Data merging 

In this section, we provide a brief description of merging products’ information 

from Label Insight to Nielsen Homescan Data and food categories of adopting the new 

NFP. Out of 718 unique products that were reported, according to Label Insight Co., that 

already adopted new NFP on their package between July 2016 to December 2016, 576 

products (80.22%) were merged successfully with Nielsen Homescan. In the year 2017, 

10,531 products reported added sugar in grams on the label and were considered as 

products that adopted new NFP for our research purposes. After merging with Nielsen 

Homescan Data, we ended up with 8,603 products that match successfully (81.69%). The 

overall matching rate is similar to the previous study (Mhurchu, Eyles and Choi 2017).  
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Through the observation period from 2016 to 2017, first we combined Nielsen 

Homescan Trip File and Nielsen Homescan Purchase File to generate daily sales and units 

sold for all trips and households involved for each UPC which adopted the new NFP in 

2016 and 2017, and then summed daily sales and units sold to monthly level for each UPC. 

The unit price is generated by summed monthly sales divided by summed monthly units 

sold. Secondly, using this monthly product sales, the data set is merged with Nielsen 

Homescan Product File at each UPC level to get product information of brand, size, 

category, and department. Products’ nutrition content was collected from Label Insight. 

Meanwhile, we define treatment period as the next month after adopting the new NFP 

using the last observed purchase date. The control period is defined as the first observed 

purchase date to the month of adopting the new NFP. Those UPCs which already adopted 

the new NFP are considered treated UPCs. 

After merging treated UPCs with aggregated monthly sales data set, we observe 

67 treated UPCs in 2016 and 995 treated UPCs in 2017 do not contain any purchase 

information through the study period. Those UPCs were removed due to lack of pre sales; 

products where the total price paid from Nielsen Purchase File were reported zero were 

also removed from dataset. We have 509 products adopting the new NFP in 2016 and 

7,608 products adopting the new NFP in 2017. Among those products adopting the new 

NFP in 2016, there are 254 “existing” products, suggesting there is purchase information 

before the date of adopting the new NFP, and 255 “new” products, indicating there is only 

purchase information after the date of adopting the new NFP. Among those products 
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adopting the new NFP in 2017, there are 4,419 “existing” products, and 3,189 “new” 

products.  

Figure 4.4 to 4.5 display all food product categories adopting new NFP in 2016 

and 2017 correspondingly. This food category data is from Nielsen Product Dataset: 

product group description. Figure 4.4 shows products adopting new NFP in 2016 are 

randomly distributed, most food categories using the new NFPs are juice, cheese, and 

snacks. In general, for either “existing” or “new” products which adopted new NFP in 

2016, the number of products and food categories are still very limited since manufactures 

had less than six months to complete the design of the food packages and NFP.  

 
 
 

Figure 4.4 Food Product Categories Adopted New NFP in 2016 
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Figure 4.5 demonstrates products adopting the new NFP in 2017 for “existing” 

product and “new” products. Compared with new NFP adopted in 2016, there are more 

products and food categories. Cheese, snacks, and canned vegetables have the most 

products changing to the new NFP for “existing” products; snacks and candy have the 

most products using new NFP for “new” products. No matter for “existing” or “new” 

products, we can observe far more products converting to the new NFP in 2017 even 

though the deadline to comply with the new policy is until 2020. In the later analysis, we 

will only focus “existing” products in order to compare the changes pre and post the 

adoption of the new NFP.  

 
 
 

Figure 4.5 Food Product Categories Adopted New NFP in 2017 
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4.4.3. Juice products 

In this section, for the total 4,673 “existing” products adopted the new NFP in 2016 

and 2017, we chose juice products which under “JUICE, DRINKS - CANNED, 

BOTTLED” and “JUICES, DRINKS-FROZEN” from Nielsen Homescan Data’s 

product_group_descr to see how the adoption of the new NFP affects the households’ 

purchases. One of the biggest changes of the new 2016 NFP is the disclosure of added 

sugar information, which was never required before. Based on the regulations from FDA, 

100% fruit juice doesn’t meet the definitions of added sugar as the sugars included are all 

naturally occurring sugars. Thus, it’s label notes zero gram and 0% DV on the NFP. Non-

100% juices have to disclose the added sugar information, which provides us a good 

research perspective on how this new NFP affects juice products purchases. Out of 9,018 

total juice products, 2,244 (24.89%) are 100% juices and 6,774 (75.12%) are non-100% 

juices. A total of 136 juice products (including 6 multi-pack products) have adopted the 

new NFP between 2016 and 2017, out of which 64 products (47.06%) are 100% juice and 

72 products (52.94%) are other juice. In this research, we observe single ingredient juice, 

mixed fruit and vegetable juice in the category of other juices. The 100% juices with no 

added sugar can serve as a good incentive for the manufactures to adopt the new NFP 

sooner, there is no need for calculating added sugar percentages, and 0 gram of added 

sugar could promote the sales of 100% juices. There are only two 100% juice products 

that reported 1 gram of added sugar listed on the NFP, since this is a very small amount, 

we decided to include these two products in our dataset. Among the 136 products that 

already adopted new NFPs, 124 are shelf stable and 12 are frozen juice. There are 31 
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cranberry juice, 21 orange juice (including 10 frozen ones), 14 apple juice, 5 grape juice, 

4 prune juice, and others.  

We observe 9 juice products that changed labels in 2016 and 127 products that 

changed labels in 2017. Among those, 89% changed the label between August 2017 and 

December 2017. Figure 4.6 shows the monthly juice units sold on each UPC by each 

household through 2016 to 2017. We normalized juice products into per oz. From our 

analysis we observe an increase in sales of 100% by the end of 2017, where other juice 

sales have slightly declined. We are interested to see what factors contribute to the 

changes. The average monthly units of juice products purchased by each household is 

about 87.68 oz for other juice, and 100% juice is slightly higher at 89.60 oz. There is a 

bounce in October 2017 for 100% juice. Upon further inspection, there were two 

households purchasing 384 oz in that single month, which triggered the total units sold.  

 
 

Figure 4.6 Juice Sales Changes Through Time 
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4.4.4. Household demographics  

In order to figure out what other factors can contribute to the change of sales for 

the pre and post period after the adoption of the new 2016 NFP label, we included 

household demographics from Nielsen Scanner Data. Households in this analysis suggest 

that they purchased juice product which already adopted the new NFP at least once during 

the study period. The summary statistics are shown in Table 4.1. 

About 86.15% of the households buy juice once a month, 12.53% of the 

households buy juice twice a month, and only 1.32% of households buy juice three or 

more times a month. The size of household in this study is relatively small; 56.31% of 

households have one or two members and 68.09% of households don’t have kids. The 

percentage of households with income less than 50,000 and between 50,000 and 100, 000 

is relatively equal, and each account for about 40% of observations. We observe 2,405 

households with a female head, 957 households with a male head, so we choose female 

household head as our default household head. If the household head works more than 35 

hours a week, it is regarded as full time job; otherwise it is a part time job. Forty percent 

of household heads work full time, 20% work part time, and the rest are unemployed or 

retired. The majority of our observed households are white, and most of them are not of 

Hispanic origin.  
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Table 4.1 Descriptive Statistics of Household Variables 
Variables Variable Values Observations Mean 

Household Size 1 1771 0.1711 

 2 4058 0.3920 

 3 1781 0.1720 

 4 1630 0.1574 
 4+ 1113 0.1075 

Household Income <50K 4013 0.3876 
 50-100K 4287 0.4141 
 >100K 2053 0.1983 

Household Head Age <40 2310 0.2231 
 40-55 3346 0.3232 
 >55 4697 0.4537 

Household Head Education High School 2390 0.2309 
 College 6479 0.6258 
 Post College 1484 0.1433 

Household Head Employment Full Time 4229 0.4085 
 Part Time 2068 0.1997 
 Unemployed 4056 0.3918 

Presence of Kids less than Age 18 Kids 3304 0.3191 
 No kid 7049 0.6809 

Marital Status Married 7271 0.7023 
 Other 3082 0.2977 

Race White/Caucasian 8345 0.8060 
 Asian 259 0.0250 
 Black/African American 1232 0.1190 
 Other 517 0.0499 

Hispanic Origin Yes 675 0.0652 
 No 9678 0.9348 

Region Northeast 2232 0.2156 
 Midwest 2031 0.1962 
 South 3955 0.3820 
 West 2135 0.2062 

Brand Juice Brand 5973 0.1711 
 National Grocery 3358 0.3920 
  Regional Grocery 1022 0.1720 
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We also control for regional effects, where we use US Census Bureau definitions 

to split the locations of household into four big regions: North East, Midwest, West, and 

South. In our dataset, we observe 40% of the households living in the South, where the 

other three regions have equally 20% of households distributed. In the next section, we 

use products’ characteristics and household demographic characteristics to estimate how 

the new NFP policy affects juice products’ purchases before and after the adoption of the 

new NFP.  

4.5. Estimation results 

4.5.1. Fixed effect regression results 

In this section, we used fixed effect model to estimate the differences of sales 

changes before and after the product adopted the new NFP within each UPC. We also 

control for product and time fixed effects, products’ unit price, products’ brands and 

household’s demographic characters. We consider how consumers react to the new NFP 

as reflected in changes to the number of units sold.  

Table 4.2 presents the fixed effect estimation results. Our dependent variable is the 

log of monthly units sold per oz of one UPC purchased by each household from January 

01, 2016 to December 31, 2017. We define post period as the next month of the month 

that the product adopts the new NFP until the end of the study period, and pre period is 

from the beginning of our study period to the month of that product adopted the new NFP. 

UPC fixed effects, month fixed effects, and demographic characteristics are controlled in 

this section. In column 1, we have the fixed effect estimate for 100% juice. The coefficient 

of treated time shows the differences of each 100% juice’s sales changes in the pre and 
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post periods. Even though this coefficient of 100% juice is not highly significant, this 

policy still has a positive effect on the post period sales, which means household are 

purchasing more 100% juice after the products adopt the new NFP. Although consumers 

may be aware that 100% juice are made from natural fruits, the 0-gram added sugar 

disclosed on the new NFP can also help consumers to better understand and apply 

knowledge of added sugar when making juice purchases (Khandpur, Rimm and Moran 

2020). Households with more people are more likely to buy 100% juice. The coefficient 

of household size greater than 4 is significantly positive with the monthly units sold 

values. In general, we don’t observe strong effects from demographic variables. 

Household income, race, household head age, education, employment do not play 

important roles on the units sold for each UPC.  It can be considered as juice is an essential 

grocery for all categories of families, regardless of household income or employment 

status. This finding is also consistent with the previous finding that in general, household 

income does not highly correlate with the perception of soft drinks (Kim, House, 

Rampersaud, et al. 2012) . However, we do notice that regional effects have a much 

stronger effect than individual household level. The Northeast and South have 

significantly positive effects on 100% juice sales through the study period.  
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Table 4.2 UPC Fixed Effects Regression Estimation Results 
  100% Juice   Other Juice 
  Estimate Std. Err.   Estimate Std. Err. 

log of Unit Price -0.4012*** 0.0035   -0.3069** 0.0025 
Treated Time T = 1 6.6549* 0.024  5.4029 0.0158 
Household Income <50K -0.0025 0.0299  -0.0134** 0.0034 
Household Income >100K -0.0031 0.0344  0.0134 0.0039 
Household Size = 2 0.0068 0.0073  0.0085 0.0055 
Household Size = 3 0.0126 0.0086  0.0081 0.0068 
Household Size = 4 0.0248 0.01  0.004 0.0075 
Household Size = 4+ 0.2302* 0.0108  -0.0023 0.0082 
Presence of Child = No -0.0126 0.0341  0.0056*** 0.0328 
HH Education = High School -0.073 0.0046  0.0057 0.0036 
HH Education = Post College -0.011 0.0055  -0.0102. 0.0044 
HH Employment = Part Time 0.0034 0.0051  -0.0038 0.004 
HH Employment = 
Unemployed 0.0004 0.0045  -0.0034 0.0034 

HH Age <40 -0.0018 0.0053  -0.0141*** 0.0039 
HH Age >55 0.0066 0.0051  -0.0013 0.0038 
White/Caucasian 0.0094 0.0169  0.0224 0.0096 
Black/African American 0.0025 0.0177  0.0202 0.0106 
Other Race 0.0014 0.0194  0.0058 0.0119 
Hispanic = Yes -0.0151 0.0089  0.0087 0.0061 
Married = Yes -0.0021 0.0058  -0.0102* 0.0045 
Northeast 0.0119*** 0.0083  -0.0059 0.005 
South 0.0284*** 0.0072  0.0119* 0.0039 
West 0.022. 0.0087  -0.0093 0.0047 

      

R-Square 0.0312   0.0255  
Observations 9198   15755  
UPC fixed Effect Yes   Yes  
Month Effect Yes   Yes  
Demographic Control Yes     Yes   

Note: *p<0.1; **p<0.05; ***p<0.01     
 

Meanwhile, the fixed effect regression results for other juice are also presented in 

Table 4.2. Compared to 100% juice, the adoption of new policy may have a more 

noticeable effect on units sold since added sugar information is disclosed at the first time. 
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How does this policy affect consumers’ purchasing decisions? Consistent with our 

assumptions, we observe more significant demographic variables.  

First, we do not observe significant pre and post sales differences on other juice 

compared to 100% juice, suggesting the disclosure of added sugar on non-100% juice does 

not significantly change consumers’ purchasing decisions. This is consistent with the 

concern that since the NFP is on the back of the package, consumers may not view the FP 

or be influenced by disclosure of added sugar or other changes in nutritional content.  

Second, with lower household income, consumers are less likely to buy other juice. From 

our dataset, we find that normalized unit price of other juice is slightly higher than 100% 

juice; under this case, this finding is consistent with our dataset. If a household doesn’t 

have any children, then they are more likely to buy other juice than households with kids. 

Again, we do not observe that household head education is highly correlated with juice 

purchase decisions. Household heads aged 40 to 55 are more likely to buy other juice as 

compared to household heads of other ages. We do not observe the strong regional effects 

of 100% juice ofr other juices. Only households from the South buy more other juice than 

Midwesterners; the other two regions do not demonstrate strong effects on the purchases 

of other juice.  

In conclusion, controlling for fixed effects and demographics characteristics, we 

do observe that 100% juice has slight increases in monthly units sold after the adoption of 

new NFP, whereas other juices do not show this trend. In general, household 

demographics characteristics do not play an important role in the juice units sold. 



 

109 

 

However, we do observe larger households are more likely to buy 100% juice while 

households with kids are less likely to buy non 100% juice.  

4.5.2. Robustness check – 2SLS 

The challenge of this paper is the potential unit price endogeneity issue. Since the 

unit price is calculated as the total dollars paid each month divided by total units sold of 

each month, the price endogeneity issue may exist in this paper (Dong, Shonkwiler and 

Capps Jr 1998). This issue may come from the unobserved factors or varying time effects. 

However, according to previous studies, price endogeneity is not considered a big issue 

for scanner data (Hendel and Nevo 2013). Ordinal linear regression is still considered a 

better result than other instrument variables (Alviola IV and Capps Jr 2010).  In this study, 

we use K-Nearest-Neighboring method to pick up ten control products which contain 

similar nutrition content and product information.  

K-NN is a simple non-parametric classification procedure to find the nearest points 

to the target one (Dudani 1976). The commonly used distance metric is Euclidean 

distance. In this case, we use products’ nutrition content and product groups to find the 

nearest neighbors to each treated product including: Calories, Total Sugar (because the 

control products were picked up from all the juice products, where most of them haven’t 

adopted new NFPs, then we cannot include added sugar information here), Cholesterol, 

Dietary Fiber, Potassium, Protein, Saturated Fat, Total Carbohydrate, Sodium, and Total 

Fat. All the above nutrition content is reported per serving. We also include product 

characteristics like size amount, product group code, product module code, and, product 

department code. The purpose of using k-NN method here is to find out the control 



 

110 

 

products which contain the most likely nutrition contents and product characteristics to 

get the average unit price to apply as an Instrument Variable for our treated products. Then 

we run two stage least squares analysis to compare the results with our original results. 

The comparisons are presented at Table 4.3.  

First of all, based on Hausman test results, unit price has the endogeneity issue. 

Thus, we use average monthly control products’ units sold by each household use as an 

instrument variable for two stage least square analysis. R squares from both 100% juice 

and other juice’s 2SLS regression improved over the ones from fixed effect panel models. 

This means after applying the instrumental variables, we have a better performing model.  

Second, we observe relatively stronger effects on coefficient estimations. For both 

100% juice and other juice, if the fixed effects coefficients show significant effects, then 

at 2SLS models, we observe a stronger effect on our outcome variables. Similar to the 

fixed effect model, for 100% juice, we observe households buy more 100% juice after the 

adoption of the new NFP; household greater than 4, Northeast regional effects are 

significant; for other juice, household income, presence of child, household head age, 

marital status, and race have more significant effects on purchases.  
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Table 4.3 2SLS Regression Estimation Results 
 

  100% Juice   Other Juice 
  Estimate Std. Err.   Estimate Std. Err. 

log of Unit Price -0.2454*** 0.0035   -0.2871*** 0.0105 
Treated Time T = 1 4.1416*** 0.024  4.7134 0.0623 
Household Income <50K 0.0025 0.0045  -0.0118 0.0126 
Household Income >100K -0.0031 0.0052  -0.0207 0.0151 
Household Size = 2 0.0068 0.0073  0.0539*** 0.0208 
Household Size = 3 0.0126 0.0086  0.0422 0.026 
Household Size = 4 0.0248 0.01  0.0756*** 0.0282 
Household Size = 4+ 0.0268* 0.0108  0.0313 0.0306 
Presence of Child = No 0.0126 0.0066  -0.0107 0.0184 
HH Education = High School -0.0073 0.0046  -0.0032 0.0133 
HH Education = Post College -0.011 0.0055  -0.0549*** 0.0174 
HH Employment = Part Time 0.0034 0.0051  -0.0522*** 0.0149 
HH Employment = Unemployed 0.0004 0.0045  0.0084 0.0125 
HH Age <40 -0.0018 0.0053  -0.0323 0.0261 
HH Age >55 0.0066 0.0051  -0.1469*** 0.0271 
White/Caucasian 0.0094 0.0169  0.0263 0.0699 
Black/African American 0.0025 0.0177  -0.1077 0.0761 
Other Race 0.0014 0.0194  -0.2552*** 0.0754 
Hispanic = Yes -0.0151* 0.0089  0.0257 0.0229 
Married = Other -0.0021 0.0058  -0.033* 0.0162 
Northeast 0.0119** 0.0083  0.1061 0.016 
South 0.0284* 0.0072  0.0903* 0.0131 
West 0.022. 0.0087  0.0752** 0.0176 

      

IV = Control Product Unit Price      

            P-Value of Hausman Test 0.0000   0.0000  

R-Square 0.0790   0.1172  

Observations 9198   15755  

UPC fixed Effect Yes   Yes  

Month Effect Yes   Yes  

Demographic Control Yes     Yes   
Note: *p<0.1; **p<0.05; ***p<0.01     
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In this section, we use within UPC fixed effect model and 2SLS analysis to 

evaluate whether the adoption of the new NFP changes households’ purchases on juice 

products, either 100% or other juice. In general, we observed higher sales after the 

adoption of the new NFP for 100% juice in both models but only observed the sales 

increase in 2SLS for other juice.  Demographic characteristics do not show very strong 

effects on the monthly units sold; however, we still discover that larger households prefer 

purchasing 100% juice versus other types of households. Household head education, 

employment status, and age do not consistently influence the purchasing decisions. 

Regional effects are significant for 100% juice in the Northeast and South.  

4.6. Conclusions 

The new 2016 version of the Nutrition Facts Panel launched in May 2016 aims to 

help consumers to better understand nutrition content and make healthier food decisions. 

It discloses added sugar and Vitamin D, increases font size of calorie amount, and removes 

calories from fat. In this study, we use juice products as a case study to evaluate how this 

policy affects households’ purchases in the pre and post periods. We conduct the data 

analysis using data from Nielsen Homescan Data and Label Insight.  

First, since manufactures can adopt the new NFP gradually until 2021, we find 

they tend to change “existing” products that contain fewer calories and less added sugar 

and total sugar in an early stage. The products’ categories focus on cheese and canned 

vegetables. “New” products have comparatively more sugar and calories. We observed 

more and varied food categories starting to adopt the new NFP in 2017 than 2016.  
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Second, of the 136 juice products that adopted the new NFP, we observe more than 

48% of the products are 100% juice, which is higher than the overall 100% juice 

percentage of the juice industry (24.89%). Disclosing 0 gram of added sugar on 100% 

juice can motivate manufacturers to adopt the new NFP sooner.  

Third, we conducted a within UPC fixed effect model to estimate how the policy 

changes products’ sales in the pre and post periods controlling for unit price and household 

demographics characteristics and regional effects. We found that after the new NFP was 

adopted, 100% juice has a smaller increase than in the previous model whereas 

demographics do not show significant effects on the monthly units sold. In order to address 

the price endogeneity problem, we apply k-NN to choose ten control products for each 

treated UPC to calculate average monthly unit price to work as an Instrumental Variable. 

The results show the existence of price endogeneity issues, and 2SLS is a better 

performing model and shows stronger but consistent results compared with the fixed 

effects model for both 100% juice and other juice.  

There are some limitations of this paper: we cannot get access to the exact list of 

products which adopted the new NFP before 2017; the current extracting method misses 

some observations. Due to the limited observation period of Nielsen Homescan Data, 

where the number of products adopted the new NFP is still a smaller portion of the whole 

food products, the product categories and products are comparatively limited. Since Label 

Insight only keeps the latest nutrition label, we cannot observe possible reformulation after 

the adoption of the new NFP.  
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5. CONCLUSIONS 

 

This dissertation consists of three stand-alone papers, each investigating a topic on 

Texas standardized testing, the accountability rating system, and food nutrition labels. 

Three topics are integrated in their common interest of evaluating policies and 

understanding the impact and effectiveness of these policies by comparing the outcomes 

between pre and post periods. The first paper presented in Chapter 2, examines how 

standardized testing affects Texas high school students’ college readiness using a 

hierarchical model. Descriptive and empirical analyses demonstrate that the new STAAR 

test helps more students achieve college readiness compared to the previous TAKS test. 

Furthermore, school and county-level characteristics play an important role on students’ 

college readiness. High school students attending schools with more experienced teachers 

and lower student to teacher ratio, higher expenditures per student, high percentage of 

adults within this county with bachelor’s degree or higher were better prepared for 

colleges compared to students who attended schools with relatively worse socioeconomic 

status. No significant differences were found in standardized test passing rates between 

urban and rural communities, although rural students perform slightly better. Notable 

differences were found between urban and rural schools with respect to SAT/ACT scores, 

college enrollment rate, and high school graduation rate, with urban schools generally 

performing better than rural schools.  

The second paper investigates how the adoption of Texas’ A-F accountability 

rating system impacts students’ academic achievement. Similar to the standardized testing 
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program, the accountability rating system aims to improve students’ academic 

achievement. Texas adopted an A-F rating officially in 2018. We used a preliminary A-F 

rating released in December 2016 to examine how this new rating system helps to improve 

students’ standardized testing performance. Results from the descriptive, graphical, and 

empirical analysis show that the new A-F accountability rating system has positive 

impacts on students’ STAAR testing performance, especially for schools and districts that 

performed poorly on mathematics testing. Those impacts are highly significant for schools 

that received an F in 2016; the effects of ratings on schools’ math improvements are 

stronger than for ELA. We observe a negative correlation between the ratings and 

percentage of economically disadvantaged students. The limitation of this paper stems 

from the data as there are not any A-F ratings available in 2017, and only district 

accountability rating was released in 2018. Thus, we were in no position to comment on 

how accountability ratings affect schools’ academic performance over longer time 

horizons.  

The third paper analyzes the effect of 2016 NFP’s influence on households’ 

purchases of 100% juices and other juice products. Data from Nielsen Homescan Data and 

Label Insight were used in the analysis. The new NFP discloses added sugar, vitamin D, 

changes the font size of calorie amount, and removes calories from fat. We found that 

manufacturers tended toward adoption of the new NFP where products contain less sugar 

and calories. Sales of 100% juice that adopted the new NFP increased during the post 

period, which was not the case for the other juices. Additionally, households’ 

demographics do not have significant effects on the sales changes. However, regional 
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effects are stronger in this analysis; households from Northeastern region are more likely 

to buy 100% juice after the adoption of the new NFP. In order to address the endogeneity 

of prices, the K-NN method was used to select control products based on similar nutrition 

information to generate a robust instrument variable to the treated products.  
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APPENDIX A 

   Summary of Excluded School Demographic Information (2009-2016) 
 

Variable 
Urban   Sub-Urban   Exurban   Rural 

Mean Std. 
Dev. 

 Mean Std.  
    Dev. 

 Mean Std. 
Dev.  

Mean Std. 
Dev. 

         
 

  

School Demographics         
 

  

# of Students  233.50 386.50  109.14 242.56  61.62 128.72  57.69 72.33 
# of Grade12 Students  23.30 57.00  13.01 31.99  7.09 21.70  6.17 11.07 
% of Econ Disadvantaged 61.60 30.17  60.68 28.53  61.47 29.90  67.40 31.38 

            

Teacher Information            

Average Teaching Experience 9.84 5.99  11.77 6.10  14.23 6.91  12.47 4.29 
Number of Students per Teacher 11.30 7.01  10.12 6.56  9.00 7.02  7.23 4.68 
Obs.   5255     1461      692       356 

 

Nutrition Content of “Existing” and “New” Products 

Year  2016 2017 

  Existing 
Product 

New  
Product 

Existing 
Product 

New  
Product 

Calories 101.18 127.47 111.15 124.97 
Added 
Sugar 2.58 4.72 4.45 5.56 

Total Sugar 5.11 8.87 5.16 6.47 
Vitamin D 0.36 0.13 0.25 0.42 

 

 

 

 

 

 


