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ABSTRACT 
 
 

There is an ongoing debate among instructional personnel, parents, legislators, and the 

community at large about the nature and purpose of testing in the educational system. State and 

district-based testing programs have been criticized as “over-testing” policies. The result of the 

criticism culminates in a reduction of assessment program implementations – either being 

removed or significantly scaled back with a corresponding decrease in available student 

information used to lead instruction, evaluate district initiatives, or predict future student 

performance. This study shows progress monitoring, or interim, test usefulness and 

appropriateness by examining student performance scores on locally-created interim tests for 

middle school science courses and compares them to student performance scores on the state-

wide standardized summative test to determine the predictive validity while controlling for 

student, class, and school characteristics. The result is a statistically significant model that 

predicts student success on the state science exam based on aggregated student progress 

monitoring scores. 

 

Keywords: Assessment, Progress Monitoring, Benchmark Tests, Interim Tests, Middle Grade 

Science Curriculum, State-wide Accountability, High-stakes Testing, Benchmark Assessments, 

Predictive Validity, Descriptive Analysis, Assessment, Logistic Regression. 
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CHAPTER 1 
 

INTRODUCTION 
 
 

 
The United States educational system is situated within complex arrangement of 

accountability mechanisms that are dominated standardized testing. School district 

administrators are now at a crossroads in terms of student testing policy and practice because of 

the demands placed on them by this accountability system. As such, there is an ongoing struggle 

among educational practitioners, parents, legislators, and the community-at-large about the 

nature and purpose of tests in the educational system. On one hand, teachers feel their creativity 

is stifled because of the increase in testing and narrowing of curriculum that focuses on 

benchmark statements (Au, 2001; Hirsh, 2016). They are stressed about student performance on 

tests and how to adequately prepare their students to take them. Tests are seen as possible threats 

to teacher job security (Barksdale-Ladd & Thomas, 2003; Lavigne, 2014) and parents see 

anxiety, anger, nervousness, and isolation in their children when it comes to high-stakes testing 

(Barksdale-Ladd & Thomas, 2003; Triplett & Barksdale, 2005). 

On the other hand, teachers acknowledge the usefulness and importance of tests as part of 

the teaching cycle (Flores & Clark, 2003) and use student progress monitoring data to inform 

instructional decisions (Deno, 2003; Safer & Fleishman, 2005; Stecker, Lembke, & Foegen, 

2008). Parents want to know how their child is performing and accept testing when it is used to 

identify students who are deficient in key areas or who may need to be retained (Barksdale-Ladd 

& Thomas, 2006; Hart, Casserly, Uzzell, Palacios, Corcoran, & Spurgeon, 2015). Parents and the 

community, however, do want school and teacher accountability and they agree testing serves a 

purpose in this regard. Yet, research also suggests educators, parents, and students alike are 

apprehensive about using test scores for teacher evaluation (Bennett, 2016), further complicating 

the issue of testing. 

Whether or not stakeholders see testing as useful almost seems to be a moot point as 

negative views by stakeholders has helped to usher in an “Opt-Out” movement against testing. 

Social media and news outlets have spread the movement into a nationwide concern (see Hirsch, 

2016; Nix, 2017; Overman, n.d.). While these sentiments have largely been focused on state-

wide standardized testing, the pushback is not isolated to only these high stakes tests. District-
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based assessment programs have also been targeted by this movement, with such programs being 

removed or significantly scaled back (Hart et al., 2015). This reduction in local testing, however, 

is not without consequences. The result has created a deficit in the available standardized student 

performance information used by teachers, schools, and districts.  

School district administrators are caught in the middle as they try to balance pleasing the 

public on the one hand and acquiring quality information on student learning outcomes 

(Seethaler & Fuchs, 2011) for use on teacher effectiveness and evaluating district initiatives or 

policies on the other (Perie, Marion, Gong, & Wurtzel, 2007; Davidson & Frohbieter, 2011). In 

the end, this debate has left school district administration with a need to be deliberate and 

thoughtful about “Why,” “How,” “When,” and “To what degree” student knowledge is 

measured. In short, to show testing is useful, needed, and appropriate; a deliberate utility. 

 
Problem of Practice and Positionality 

 
As part of district administration, I was tasked with developing an assessment program 

for middle grades science courses. This program was funded through Race-to-the-Top grants to 

accomplish two goals: 1) teachers needed reliable ways to evaluate student learning and 

preparedness for the state science test, and 2) district administration needed the ability to 

evaluate the effectiveness of its instructional framework, instructional materials, and professional 

learning in science. 

There were many challenges in creating this assessment program, stemming from both 

teachers and school administration. Teachers were not accustomed to having a “test” from the 

district and they were unsure as to its purpose – “Will it be an evaluation of my teaching?” 

“What will my principal do with the result?” and “How much time will this take away from my 

instruction?” were shared questions among science teachers. School administration thought more 

about logistics and implementation, such as “How much money will this cost in printing?” or 

“Where do we find time to use the computer labs for test administration?”  

For my part, I had my own challenges. I do not think a test can fully capture the net 

accumulation of a student’s knowledge, especially in science where hands-on “labs” or 

investigations are an integral instructional and assessment piece. My reconciliation to this, 

however, is straightforward enough: the state has a system within which this task must serve and, 

since the State standardized tests is seen as a measurement tool for this purpose, why can this 
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assessment program not follow as well as well? Given they are creatively and specifically crafted 

to measure the benchmark statements and appropriate areas of middle grades science. To that 

end, my next major challenges were: “Where to find quality items?” or “How do I create the tests 

and administer them – in the same year?” and “How many items do I include per benchmark?” 

There was always an issue of finding the balance between providing quality information to 

teachers and administration, over-testing students, and losing instructional time. This was a 

challenge in creating efficient tests in a timely manner with teacher buy-in. 

The science assessment program I developed has been in place since 2012. This 

longevity, however, is not true of assessment programs for other subjects in the district that have 

been removed, scaled back, or replaced with a commercial assessment system. There is still a 

looming threat of ending the program and unfortunately, no evaluation of it has been conducted. 

As such, my problem of practice is, “Did I accomplish these two goals?” Does this assessment 

program provide: 

1) teachers with reliable ways to evaluate student learning and help prepare their students 

for the state science assessment?  

2) quality data for district administration to use and evaluate the effectiveness of its 

instructional framework, instructional materials, and professional learning in science? 

 
Study Purpose 

 
While testing has various implications at all stakeholder levels, the focus of this study 

targets school district administration. More specifically, because there is a need to show the 

utility and efficiency of assessment programs, as evidenced by the community stance noted 

earlier, the purpose of this study is to guide district assessment policy towards a balanced and 

efficient system of curriculum, instruction, and assessment. This is accomplished by analyzing 

how content-specific, district-created interim tests are aligned to their summative state-wide 

standardized counterparts by determining the predictive nature of the interim tests for student 

performance on state-wide standardized tests. This analysis of predictive usefulness addresses 

the problem of practice because predictability, in this regard, necessitates alignment to the 

content benchmark statements that are taught. This in turn implies the evaluation of student 

learning and district initiatives using the interim tests data was justified because the instruction 

and assessments are tied to the same content benchmark statements. 
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My work as a teacher and as a district administrator has always been situated within 

middle grades science. Naturally, my focus for this study is also on middle grades (6-8) science 

courses along with the battery of district-developed science interim tests and the Florida 

Statewide Science Assessment (SSA). The interim tests I developed used a similar item-writing 

and test-assembly process employed by the state for its state-wide science summative 

standardized assessment. Moreover, the items were crafted to mimic the style, format, rigor, and 

content of the state science assessment. For the purposes of this study, I refer to the locally 

created benchmark tests in science as “interim tests” and the Florida Statewide Science 

Assessment for Grade 8 as the SSA. 

The intent of this study is to show the utility of the district science assessment program to 

district administration. Using this research as a guide to testing policy, hopefully the district will 

continue to support and develop its progress monitoring assessment program for science and 

increase its support for other subject areas in a similar manner. That is, if I show the science 

assessment program provides quality data that are aligned to the science curriculum and the 

state-based assessment program then the district can adapt its testing policy to implement similar 

programs for other content areas. 

 
Background Context 

 
Accountability, assessment, and benchmark statements are all part of one overarching 

educational system. They are interdependent and cannot be disentangled. The next sections 

describe the accountability and assessment systems that were in place within the scope of the 

present research. They provide an explanation of how these systems work together and clarify 

the nature of testing that is of interest in this study. 

 
Accountability and Assessment Systems 

 
Historically, accountability in American education was enforced by community 

stakeholders and parents through the local school board. The extent of this system was primarily 

confined to teacher interviews during the hiring process and existed only at the teacher level 

(Carnoy & Loeb, 2002; Ravitch, 2002). Starting in the late 1970s, this approach changed as the 

public rallied for more school and teacher accountability on student learning, educational 

spending, and program effectiveness (Jennings, 2000; Merchant, et al., 2006; Stecker, et al., 
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2008). As a result, accountability and assessment were “merged” into a single system within 

which districts could show their effectiveness to the public, especially in the wake of legislation 

such as Title I (McDill & Natriello, 2001) and No Child Left Behind of 2001 (Fowler, 2012) that 

set requirements for school and district accountability using measurable indicators and setting 

expected outcomes. This effectiveness was most easily measured by student academic 

achievement on national and state standardized testing programs (Jennings, 2000; Borman & 

D’Agostino, 2001; McDill & Natriello, 2001; Supovitz, 2009).  

Unlike accountability, student assessment has traditionally been within the direct control 

of the schools. Its primary function was to differentiate students into various performance groups 

(Carnoy & Loeb, 2002). However, as educational accountability programs moved towards a 

dependence on testing, the nature of testing moved towards a dependence on accountability and 

towards high stakes. This relationship between accountability and assessment is depicted in 

Figure 1. 

 

 
Figure 1. Accountability and assessment are linked processes. 

 

This call for increased accountability has also led to an increased use of test preparation 

products by schools and teachers (Foegen, Jiban, & Deno, 2007; Konstantopolous, Miller, van 

der Ploeg, & Li, 2016). One class of these products used for progress monitoring of students is 

called interim or benchmark tests. They focus on specific state content benchmarks within a 

course or subject and are used to identify a student’s level of attainment for those targeted 

benchmark statements. Such tests allow teachers and administrators to inform their student 
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tracking decisions and lead instructional practices (Perie, et al., 2007; Carlson, Borman, & 

Robinson, 2001). 

Florida’s Accountability System and Science. Florida’s school grading system is a 

mechanism by which local and state stakeholders are informed about school efficacy and school 

districts themselves are held accountable to state-level goals. Starting with the 2014-15 school 

year, the Florida Statutes, section 1008.34(3)(b)(1), codified the requirements for school grades 

using four focus areas: student achievement, student growth (student learning gains), student 

acceleration, and student high school graduation. These components are each calculated as a 

percentage of students, measured by dividing students who met set criteria (test scores for X out 

of Y middle school components) by those students who should be included in the component. All 

components above that are applicable to a school are combined to create a final value that is 

assigned a grade of “A” through “F.” Schools and districts that earn a grade of less than a “C” for 

more than two consecutive years may be reorganized by the Florida Department of Education or 

zoned students are given the opportunity to receive vouchers to attend other schools. 

The student achievement focus for school grading contains four subject-area components: 

English / Language Arts, Mathematics, Science, and Social Studies. The science achievement 

component captures the percentage of students who earn a performance level of 3 or higher (on a 

5-point scale) for science courses, including the Statewide Science Assessment (SSA) in Grades 

5 and 8 and the Biology 1 End-of-Course Exam (Fla. Admin. Code, 2018). Each subject-area 

component has the same weighting of the school grade calculation. For a typical middle school, 

there are three grade levels of students who contribute to the English / Language Arts component 

and the Mathematics component. In terms of science, only grade 8 science scores contribute to 

the middle school grade, which means it weighs as much as the three grade levels for ELA or 

math subject-areas. 

  The underlying components and their contribution to the school grade seems at odds 

with the intended outcome of spotlighting school areas to help improve them. The school grade, 

for example, gives focus to students who pass the state tests and not explicitly to those who did 

not pass. It creates a schism within district policy as it conflicts with the apparent mainstream 

focus of student achievement on reading and mathematics. Moreover, district administration uses 

this information to determine effectiveness of their support systems like instructional materials 
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and professional learning opportunities, while school administration uses it to determine teacher 

placement by moving teachers who have low passing rates to non-state-tested subject areas. 

 
Florida’s Science State Assessment 
 

The Florida Statewide Science Assessment (SSA) for middle grades science is a state-

developed, criterion referenced test. It is administered at the end of the school year and is given 

to both fifth and eighth grade students. In terms of content, the SSA is unique when compared to 

its state-level counterparts for other subjects. Whereas English Language Arts, mathematics, 

biology, civics, and United States history all have state tests covering one year of content, for 

middle school, the SSA is one test, given in one grade, that spans three years of content. Students 

are assessed at the end of their eighth-grade year rather than through yearly standardized 

summative tests after each middle school science course. The content covered on the SSA is 

aligned to the Florida-codified science benchmark statements.  

Florida’s Science Benchmark Statements. Florida has been revising its science 

benchmark statements since the early 1970s after legislative mandates called for standardization 

of content knowledge expectations (Florida Department of Education, 2005). The current 

version, adopted in 2008 by the Florida State Board of Education, is termed the Next Generation 

Sunshine State Standards or NGSSS. The NGSSS are statements of what students are expected 

to achieve, learn, or do after instruction by content area (Florida Department of Education, 

2010). The structure of the NGSSS is depicted in Figure 2, starting with the grade level or 

subject-area, and ending with the most granular level, the benchmark statement. 

The content benchmark statements are designated either “parent” or “child,” with a fully 

nested set called the “combined benchmarks” (Florida Department of Education, 2012). The 

parent benchmark statement houses the child statements for the purposes of assessment. 

Developing a test item that targets the parent benchmark statements means the child benchmark 

statements may also be assessed or at least the content is required for a student to respond 

appropriately to the item (Florida Department of Education, 2012). Consider the benchmark 

statements outlined in Table 1 where the parent statement encapsulates the content of the child 

statements. They are all assessed as the parent statement and test items are written for the 

Statewide Science Assessment (SSA) based on the parent benchmark statement. 
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Figure 2. Hierarchy of the Next Generation Sunshine State Standards for Science (NGSSS). 

  

 
Table 1. Selected grade 6 Florida science content benchmark statements. 

Benchmark Statement Level 

SC.6.E.7.4 Differentiate and show interactions among the geosphere, hydrosphere, 
cryosphere, atmosphere, and biosphere. Parent 

SC.6.E.7.2 Investigate and apply how the cycling of water between the atmosphere 
and hydrosphere has an effect on weather patterns and climate. Child 

SC.6.E.7.3 
Describe how global patterns such as the jet stream and ocean currents 
influence local weather in measurable terms such as temperature, air 
pressure, wind direction and speed, and humidity and precipitation. 

Child 

SC.6.E.7.6 Differentiate between weather and climate. Child 

SC.6.E.7.9 Describe how the composition and structure of the atmosphere protects 
life and insulates the planet. Child 

4: Differentiate and show interactions among the geosphere, 
hydrosphere, cryosphere, atmosphere, and biosphere.  Benchmark

Next Generation Sunshine State Standards Organization

Grade / 
Subject 6: Grade 6 Science

Body of 
Knowledge E: Earth and Space Science

Big Idea 7: Earth System and Patterns

Standard

(Not encoded): The scientific theory of the evolution of Earth 
states that changes in our planet are driven by the flow of energy 
and the cycling of matter through dynamic interactions among the 
atmosphere, hydrosphere, cryosphere, geosphere, and biosphere, 
and the resources used to sustain human civilization on Earth.In
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 The benchmark statements are organized using a systematic coding system that follows 

the hierarchy depicted in Figure 4. Because they reside within the science subject area, they start 

with “SC.” The next term is the grade level to which that content benchmark statement is 

assigned, for the purposes of this study they range from (6 to 8) representing grade level 6, 7, or 

8, respectively. The letter-terms encode the reporting category, a grouping of similar or related 

content benchmark statements into broad content-categories (Florida Department of Education, 

2018). The reporting categories are for the Statewide Science Assessment and the encoding letter 

are as follows: N - Nature of Science, E - Earth and Space Science, P – Physical Science, and L – 

Life Science. The next number is the “Big Idea,” such as “7: Earth Systems and Patterns” and the 

last number is the content benchmark index. 

Florida Item and Test Development. The Florida Department of Education (FLDOE) 

contracts for the development of individual items and final assembly of the tests to a vendor 

through a purchasing and procurement process. A blueprint is provided by FLDOE that outlines 

basic test design along with a separate item-writing “specifications” document to assist the 

vendor. These specifications outline how the benchmark statements can be assessed by providing 

benchmark clarifications, content limits, and sample questions. The benchmark clarifications 

describe what students are expected to do when they answer an item aligned to the targeted 

benchmark statement. The content limits set the boundaries of the content knowledge an item 

assesses. They are a restriction on what a student can be asked to do for a benchmark statement. 

Lastly, the verb used in the benchmark statement aligns to a level of cognitive complexity, or 

amount of thinking, required to answer an item. The three levels of cognitive complexity used by 

the Florida Department of Education for all state-wide standardized tests are a modified version 

of the Webb’s Depth of Knowledge Taxonomy (Webb, 2005); they are given in. Table 2. 

Sample Item. Consider a Grade 6 earth science parent benchmark statement and its 

associated child benchmark statement, shown in Table 1, specifically benchmark: “SC.6.E.7.6:  

Differentiate Climate and Weather.” To develop an item for this benchmark statement, the item 

should be at a moderate cognitive complexity because it requires a differentiation of structure or 

function of systems. For this benchmark statement, the specifications document provides no more 

guidance other than the verbiage itself, which is straight forward. Using this information, a 

sample item was developed for this benchmark statement (SC.6.E.7.6: Differentiate climate and 

weather) and is given in Figure 3. 
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Item Review. The Florida Department of Education uses an extensive system for item 

creation, review, and test assembly that includes multiple committee reviews and oversights. 

These committees ensure the content is valid for the content standards, the grade level, and the 

method of assessment as well as scientific accuracy of the materials and its accessibility to 

students, or bias (Florida Department of Education, 2012; Florida Department of Education, 

2018). This process also ensures the State Science Assessment is comprised of high-quality and 

appropriate items based on rigor, relevance, and cognitive complexity (Webb, 2005). 

 
Table 2. Cognitive complexity system used on the Florida Statewide Science Assessment. 

Low Complexity Moderate Complexity High Complexity 
Retrieve information from 
a chart, table, diagram, or 
graph. 
 
Recognize a standard 
scientific representation of 
a simple phenomenon or 
identify common 
examples. 
 
Complete a familiar 
single-step procedure or 
solve a problem using a 
known formula. 

Interpret data from a chart, 
table, or simple graph. 
 
Determine the best way to 
organize or present data 
from observations, an 
investigation, or 
experiments. 
 
Describe or explain 
examples and 
non-examples of scientific 
processes or concepts. 
 
Specify or explain 
relationships among 
different groups, facts, 
properties, or variables. 
 
Differentiate structure and 
functions of different 
organisms or systems. 
 
Predict or determine the 
next logical step or 
outcome. 
 
Apply and use concepts 
from a standard scientific 
model or theory. 

Analyze data from an 
investigation or experiment 
and formulate a 
conclusion. 
 
Develop a generalization 
from multiple data sources. 
 
Analyze and evaluate an 
experiment with multiple 
variables. 
 
Analyze an investigation or 
experiment to identify a 
flaw and propose a method 
for correcting it. 
 
Analyze a problem, 
situation, or system and 
make long-term 
predictions. 
 
Interpret, explain, or solve 
a problem involving 
complex spatial 
relationships. 

Florida Department of Education (2012) p. 16. 
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Figure 3. Sample item developed using the Florida Department of Education Specifications 

Document for the Florida Statewide Standardized Assessment Grade 8. 
  

Landforms, such as mountains, can have a large impact on climate. The diagram below 
shows prevailing winds from an ocean moving across a mountain system.

Which of the following would best describe the type of climate found at Region X?

A. temperate
B. tropical
C. desert
D. polar

Ocean Mountains

Region X

Direction of Prevailing Winds over a Mountain System
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Scoring of the Statewide Science Assessment. All of the Florida’s statewide 

standardized assessments, including the Statewide Science Assessment, are scored through a 

process that employs item response theory pattern scoring using both a 3-parameter logistic 

model and a generalized partial credit model (Binici, Lin, & Lin, 2017). While the technical 

aspects of this approach are beyond the scope of this study, it is enough to note this methodology 

has ability to score a test item based on both the item’s qualities and the student’s abilities or 

characteristics (Furr & Bacharach, 2008). However, this same process has its drawbacks too. 

Most notably, it obscures the score calculation for non-psychometricians by using abstract 

mathematical calculations.  

This scoring system used by the state generates a student ability measurement that 

encodes student performance information (Hambleton & Jones, 1993; Furr & Bacharach, 2008; 

Thompson, 2009; Thorpe, 2012). The ability information values are normalized to range from ±3 

and are then transformed into a scaled score ranging from (140 to 260) according to a specific 

equation (Binici, et al., 2017). The last step uses a series of cut scores set by Florida Department 

of Education to convert the scaled score into one of five performance levels, noted in Table 3. 

 
Table 3. Statewide Science Assessment (SSA) performance level cut scores. 

Grade Level 
Performance Level 

Level 1 Level 2 Level 3 Level 4 Level 5 

5 140 – 184 185 – 199 200 – 214 215 – 224 225 – 260 

8 140 – 184 185 – 202 203 – 214 215 – 224 225 – 260 
 

The performance levels are given designations or labels to help parents interpret their child’s 

performance. the Florida Department of Education (2018) defines each performance level as the 

following: 

Level 1 – Inadequate – Highly likely to need substantial support for the next grade/course. 

Level 2 – Below Satisfactory – Likely to need substantial support for the next grade/course. 

Level 3 – Satisfactory – May need additional support for the next grade/course. 

Level 4 – Proficient – Likely to excel in the next grade/course. 

Level 5 – Mastery – Highly likely to excel in the next grade/course. 
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The items included on the Statewide Standardized Assessment are aligned and tagged to the 

content benchmark statements adopted by the Florida Department of Education.  

By design, each test item is aligned with and tagged to a content benchmark and each 

benchmark is grouped into a reporting category. The number of items that contribute to each 

reporting category are totaled into a score of “earned points” out of “points possible,” where each 

item is worth one point. The reporting category is the most granular level of information released 

by the Florida Department of Education about individual student performance. Information on 

student performance at individual benchmarks is not released. 

Developing the Science Interim Tests. Keeping in line with the state, I developed a 

similar system of reviews for the middle school science test creation process, as shown in Figure 

4. This entailed the creation of review committees made up of representative groups of teachers 

and instructional coaches from each school as well as the development of test blueprints that 

outlined which benchmark statements would be tested, how many items per benchmark, and 

what their cognitive complexity and rigor should be. 

 

 
Figure 4. Workflow of item and science interim test development. 

 
It was important to garner both teacher-level and school-level support because the scope of this 

assessment program had not been attempted in my district before. The breakdown of the teacher 

Blueprint Creation Test Assembly

Item Development Committee 
Review

Committee 
Review

Test Released for 
Administration

District ReviewDistrict Review
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review committee composition for the first three years of the program is given in Table 4. 

Besides reviewing the interim test items, the review committees also set administration windows 

to ensure teachers across the district remained on track with regards the district curriculum maps 

and pacing guides. The motivation for these windows was in part due to the high student 

mobility within the district so students who change schools could continue where they left off 

with a narrow overlap or gap in content. 

 
Table 4. Composition of teacher review committee and final year interim statistics 

School Year Grade Level Committee 
Teachers 

Schools 
Represented 

Number of 
Interim Tests 

Number of 
Students Tested 

2011-12 6 6 43% 4 3,509 
 7 9 64% 5 3,514 
 8 9 64% 3 3,984 

2012-13 6 6 43% 4 3,620 
 7 9 64% 5 3,528 
 8 9 64% 4 3,769 

2013-14 6 13 86% 7 3,683 
 7 12 93% 8 3,983 
 8 13 93% 7 3,090 
 

It was also important to help teachers and instructional coaches understand how to use the 

data obtained from the interim tests. This was accomplished via two methods. The first method 

was to go to each school and work with the teachers one-on-one or during their professional 

learning communities to analyze the data after each test administration to help identify trends in 

student performance or understand student misconceptions. The second method was to hold 

district-wide professional learning workshops for principal-selected teachers from each grade 

level and each school. A sample workshop list is given in Table 5 for Grade 6 science. 

Development of science interim program was an iterative process of learning and 

refinement. I wanted to give students an experience like the Statewide Science Assessment. I 

wanted to give teachers new insight into their subject. I assumed the teachers participating in this 

development process would have an experience that could enhance their own practice by helping 

them to navigate the science content benchmarks and understand how to better use student-level 

data to lead their instruction. To this day, my successors work with teachers, through this 
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process, to ensure they can maximally reach students and raise science achievement for all our 

students. 

 

Table 5. Sample district-wide content, assessment, and data analysis workshops 

Date Content Topics Assessment Topics 

September 
13, 2013 

Science Process 
Earth Structures 
Earth Systems 

The basics: going from σ to χ and Gauss to Pearson 

November 
12, 2013 

Weather and Climate 
Force and Motion Rigor, Complexity, and Style in FCAT 2.0 / EOC 

March 11, 
2014 

Cells 
Classification Using data as evidence: trends, outliers, and ordinality 

 
Study Significance 

 
The significance of this study is to promote active and efficient use of tests for Florida 

school districts and to contribute to the current body of district test administration policy 

literature. It is therefore grounded within, and looks to contribute to, three areas of education. 

First, there is a need to predict student performance and target students for specific 

interventions based on those predictions (Fuchs, 2002). School district administration needs to be 

assured that the tools districts use for assessing student content knowledge are aligned to 

instruction, the instruction is aligned to the course benchmark statements, and both correlate to 

other indicators of student performance. In other words, the outcome of a test should match other 

outcomes of student achievement in the same content area. 

Second, there are noticeable gaps in the literature when it comes to the usefulness of 

tests, especially when considering mandates ushered in by the No Child Left Behind Act of 2001 

(NCLB) and Every Student Succeeds Act of 2015. One of these gaps occurs because of the focus 

on primary and intermediate education, kindergarten through grade five. This focus leaves 

secondary grade levels to rely on generalizations from lower-grade level studies (Fuchs, 2010). 

Third, there have been studies that have attempted to show an association between 

various student performance metrics, including course grades, interim test scores, grade-point 

averages, and standardized test performance. These studies, however, focused solely on reading 

or mathematics subject areas, often with mixed results (see McGlinchey & Hixon, 2004; Dyson, 
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2008; Espin, Wallace, Lembke, Compbell, & Long, 2010; Stanley & Stanley, 2011). This narrow 

subject area focus is at odds with accountability systems that include the contributions of other 

subjects, such as science and social studies, that also factor them in as equivalent areas when 

determining school grades and other evaluation metrics (Merchant et al., 2006; Winters, Trivitt, 

& Greene, 2009). 

Research Questions 
 

The overarching research question for this study focuses on determining the relationship 

between district interim tests and the Florida Statewide Science Assessment (SSA). The impetus 

of this research stems from a need to have well-informed district administrators by providing 

aggregated student performance, a need to validate the science interims test results, and to fill a 

gap in the current literature. It is this knowledge gap and these needs that have guided the 

formulation of the research questions at the crux of this study, specifically: 

1. To what extent are locally-created interim tests valid predictors of student performance 

on the Florida State-wide Science Assessment for Grade 8? 

2. How does the predictive validity of the interim tests vary by student race, exceptionality, 

socio-economic status, absenteeism rate, class, and school characteristics? 

The first research question seeks to understand how well the interim tests are linked to 

the Statewide Science Assessment: do students with a specific range of scores normally fall 

within an identifiable range of scores on the SSA? The second question goes further to determine 

the robustness of that predictive result: is there a difference in the predictability obtained from 

the first research question when factoring in student, class, and school characteristics?  The last 

question is also intended to see if the data are robust and are internally consistent in terms of 

grade-level to grade-level and demographic to demographic, for year over year on both the 

interim and SSA scores. 

 
Organization of the Study 

 
This chapter outlined the research questions, purpose, and significance as well as 

situating the study within an education and student assessment context for district administration. 

The second chapter is a review of relevant literature on the problem and synthesis of the study’s 

conceptual framework from prior research. The third chapter outlines the methodology and 

design of the study including sampling methods, the statistical tools used, and a description and 
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operationalization of the variables of interest. The fourth chapter details the results of those 

statistical methods and chapter five is a discussion of the findings, implications for testing policy, 

and future research avenues. 
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CHAPTER 2 
 

REVIEW OF THE LITERATURE 
 
 

 
This chapter outlines the current body of literature on assessment, test administration, and 

test predictive validity. While there is a wealth of information on tests in the general sense, there 

is relatively little on interim tests and predictive validity, let alone the intersection of those areas. 

Moreover, of the studies that do tangentially apply, many rely heavily on elementary grade levels 

for reading or mathematics and not for secondary grade levels or other subject areas. Thus, this 

research and the review of literature in the follow paragraphs serves to fill this gap by focusing, 

on these neglected areas, specifically middle grades science. 

 
Assessment and Testing Terminology 

 
This section outlines some discrepancies and misconceptions associated with terminology 

used within the context of testing and measuring student learning. The following paragraphs 

address these issues and offer conventions that are used within this study in an attempt to clarify 

processes, meanings, and intentions of testing, tests, and assessment. 

The terminology directly related to testing and assessment in education is used differently 

by different stakeholders. First, an assessment is not a test and a test is not an assessment. An 

assessment is the process of collecting information with the intent of making a judgement and a 

test is a tool that collects information used for such a judgment (Cohen & Swerdlik, 2010; 

Haladyna & Rodrigquez, 2013; Linquanti, 2014; Herman & Heritage, 2016). That is, an 

assessment of student learning may involve using tests that attempt to measure the amount of 

learning a student has accomplished or aptitude for some skill. Colloquially, the terms “test” and 

“assessment” have blurred into synonyms of each other. In fact, the original branding of 

Florida’s statewide assessment system combined both terms: “State Student Assessment Test” 

and “The Florida Comprehensive Assessment Test.” Even academic literature is not immune to 

this blurring where “assessments” are sometimes referred to as the tools that collect evidence of 

student learning (see Stecker, Lembke, & Foegen 2008; Carlson, Borman, & Robinson, 2011; 

Sigman & Mancuso, 2017). 
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Inconsistent usage of terminology is also present when discussing the types of assessment 

and testing. For example, assessment of student learning is now generally categorized into three 

distinct types: summative, interim, and formative (Perie et al., 2007; Stiggins, 2008; Davidson & 

Frohbieter, 2011). This was not always the case as some terms were used differently depending 

on context and others changed meaning over time. This is especially true for interim tests, which 

have been cited as “quarterly,” “progress-monitoring,” “benchmark” “medium-cycle,” and even 

(dubiously) as “formative” assessments or tests, yet they all referred to the same type of tool 

(Brown & Coughlin, 2007; Herman, Osmundson, & Dietel, 2010; Olah, Lawrence, & Riggan, 

2010; Linquanti, 2014). Moreover, “formative assessments,” unlike summative and interim 

testing, have no corresponding “formative test” (Linquanti, 2014; Herman & Heritage, 2016). 

Formative assessment, by design, is a continuous process that is seamlessly incorporated into 

daily instruction such that it requires no transition and it is not invasive (Black & William, 1998; 

Perie & Marion, 2007; Herman, et al. 2010; Davidson & Frohbieter, 2011). The properties of 

these types of assessment, and more specifically interim tests, are explained in later sections. 

Given how this information is used in the literature, there are two areas of inconsistency 

that need to be addressed: “assessment” versus “test” and the misconception of what “formative 

assessment” practices entail. One way of ameliorating this first point may be to use the term 

“evaluation” in place of “assessment.” Since these terms both refer to judgments based on 

evidence, there is no loss in scope of what they encapsulate while also improving clarity. The 

second point may best be addressed by a slight change in terminology followed by an explicit 

definition of what encompasses formative assessment practices. First, following the convention 

above, the term “formative evaluation” easily provides the clarity to differentiate the process of 

evaluation from traditional testing. Second, the definition of formative evaluation, as suggested 

by the Council of Chief State School Officers (CCSSO) and McManus (2008) is posed, 

“formative assessment [evaluation]” is a process of evaluation used concurrent within 

instruction. This instruction is constantly adjusted to guide learning toward intended goals as the 

results (i.e. feedback) of the evaluation are received (CCSSO & McManus, 2008). Therefore, 

given the confusion of terminology and the degree to which this terminology persists, I follow 

convention and use the term “assessment” to denote a process of evaluation of learning. 

However, I use “test” to strictly mean an instrument used in an evaluation of learning, and I use 

“formative evaluation” in place of “formative assessment” to provide clarity when differentiating 
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between test types later. The term “testing” is used throughout this narrative to denote the 

process of administering a test (or multiple tests). It is used to differentiate assessment, which 

could be non-invasive, from testing, which is always invasive to instruction. 

These points of clarification may seem trivial, but they are important because there needs 

to be a clear distinction between an evaluation of learning that uses multiple data points to make 

decisions and the instruments (tests) used to collect some of those data points. This decision-

making process is often referred to as data-driven decision making and is one of the primary 

reasons for using interim tests (Heppen et al., 2011). Also, while not the focus of this study, 

formative evaluations are important facets of student learning evaluation and (in addition to 

summative tests) serve to define what interim assessments are and are not. This clarification 

leads into how data are used based on the assumptions made about the usefulness of tests and 

evaluation processes. These are outlined in later sections of this chapter. 

 
Assumptions Used in Educational Testing 

 
For testing to be meaningful, with interpretable and useful score results, there are some 

axioms that must be outlined about students (Cohen & Swerdilk, 2010). First, students have 

certain “qualities,” such as science knowledge or problem-solving skills, and they exhibit these 

qualities at some point in time or another. These qualities can be measured along a continuum 

and further quantified based on their intensity, such as low to high, small to large, etc. Finally, 

the act of measuring does not change the outcome (Cohen & Swerdlik, 2010). In other words, 

testing a student, in and of itself, does not impact the student response. This is important as it sets 

the fundamental nature of testing as a tool to acquire information on student performance and not 

a tool to impact student performance directly. This is supported by research on how interim tests 

impact student achievement, which shows either mixed results or marginal impact, at best (Hart 

et al., 2015; Konstantopolous, 2016)  

As an example, consider science knowledge as a quality which is measured by asking 

content questions. During the start of the school year a student may not exhibit much science 

content knowledge for the current grade level, but he would learn more as the year progressed. If 

those initial questions were asked again, the answers would ideally show improvement and he 

would rank along a continuum of science content knowledge higher than before. Moreover, 
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asking those questions either outside of or during school, or verbally or orally, should not change 

the answers given by the student. 

Like the axioms for the student qualities above, tests also have certain properties that we 

must accept to make meaningful interpretations of the resulting data. Tests are tools that have 

limitations, weaknesses, strengths, and sources of error; therefore, no test score is completely 

“true” (Cronbach & Meehl, 1955; Messick, 1991; Cohen & Swerdlik, 2010). Additionally, tests 

can be developed, administered, and scored in a fair and unbiased way (CCSSO, Cronin & 

Kingsbury, 2008; Cohen & Swerdlisk, 2010). This is a difficult assumption that is often 

contested in the literature (Brennan, Kim, Wenz-Gross, Siperstein, 2001; Watson, Johanson, 

Loder, Dankiw, 2014), but it is a fundamental assumption that is associated with both test 

validity and the interpretations of testing data on student learning (Anastasi & Urbina, 2017). 

Lastly, testing has a purpose and utility; it serves to benefit society in many ways as is shown in 

subsequent sections of this research (Cohen & Swerdlik, 2010). 

 
Test and Evaluation Typology 

 
Understanding the types of tests and student learning evaluation processes is an important 

part of decision-making used in education because different types of tools have different types of 

outcome data (Hamilton et al., 2009; Heppen et al., 2011) To that end, there are several proposed 

systems that place tests into types or categories. Though they do not all focus on the same test 

characteristics when qualifying them, they do provide a framework for this study none-the-less. 

One system, based on administration frequency and scope-of-content, is offered by Perie, 

Marion, and Gong (2007). Here, formative evaluations are conducted frequently within 

classroom instruction while summative tests are given infrequently and at the end of a 

curriculum unit or course. Interim tests fall somewhere between these two frequency-extremes. 

This system also looks at the amount of content covered as well. Formative evaluation covers 

small sections of the immediate curriculum while summative tests cover a broad range of the 

overall curriculum. Interim tests are considered “mid-range” in content, so they fall somewhere 

between formative evaluation and summative tests in this respect, as shown in Figure 5 (Perie, 

Marion, & Gong, 2007). 

Alternatively, Herman, Osmundson, and Dietel (2010), proposed categorizing tests 

according to data aggregation ability as part of a “stream” of student learning information. That 
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is, the flow of information on student learning starting with classroom formative evaluation and 

ending with state-based tests (summative tests). Formative evaluations are the lowest level 

because they take place within the classroom with a small number of students, and with little (if 

any) aggregation of data. State-based tests (summative tests) are at the highest level because they 

may have thousands of student-data points aggregated together. Interim tests are found 

somewhere in the middle in terms of aggregation. Another facet proposed in this system is 

routineness, which is like administration frequency but focuses on administration structure. For 

example, formative evaluations are given frequently and, while there is structure at some level, 

formative evaluation should be continuous, seamless, and non-invasive within instruction. This 

contrasts with interim tests which are administered according to a set time frame or window 

multiple times a year and state-based tests (summative tests) which are given only at the end of 

content instruction, usually once annually (Herman, Osmundson, Dietel, 2010). Figure 6 

summarizes this continuum of evaluation, where each “box” represents a classroom of students. 

These taxonomies are not diametric to one another. Instead, they each posit overlapping 

views that attempt to provide a rationale for determining test and evaluation typology. Both 

typologies, for example, agree that formative evaluation is quick, fully integrated into 

instruction, and is “instructionally-adjusting” when used with feedback (Black & William, 1998; 

Perie et al., 2007; Harmon et al., 2010). They also agree formative evaluation data are not 

normally aggregated and doing so would serve little purpose outside of the classroom (Perie et 

al., 2007; Hermon et al., 2010). Summative tests are finalizing; they are used at the end of an 

overall evaluation of student learning and are infrequently administered when compared to other 

test types (Perie et al., 2007; Hermon et al., 2010). Interim tests are actually a category of 

exclusion because they are neither formative evaluation nor summative in a nature but lie 

somewhere between those types regarding scope of content, frequency of administration, 

routineness, and aggregation of data (Perie et al., 2007; Herman et al., 2010). Davidson and 

Frohbieter (2011) maintain formative evaluation is very different when compared to the other 

categories and caution against generalizing formative evaluation studies. That is, what works for 

formative evaluation may not work in the case of interim or summative tests. For comparison, 

both taxonomies are depicted in Figure 5 and Figure 6 to show each perspective. The nature of 

these typologies logically leads in to their purpose. The next section goes into detail on the 

purpose of formative evaluation, interim tests, and summative tests.  
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Figure 5. Continuum of evaluation based on content covered and administration frequency. 

Adapted from Perie, Marion, & Gong (2007). 
 

 

 

 

 
Figure 6. Continuum of evaluation based on aggregation ability and administration frequency. 

Adapted from Hermon, Osmundson, & Dietel (2010).  
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A Framework for Test Purpose 
 
In the general sense, the purpose of any test (or survey, questionnaire, etc.) is to provide a 

score. A score is a piece of information that encodes, summarizes, or abstracts observed patterns 

of student performance (Messick, 1991). In the case of this study, the more appropriate purpose 

for testing resides in how a test score is used, which is further nested within the question: Is the 

resulting test score useful, i.e. a valid predictor of future performance?  

Messick (1991) proposes tests have the following purposes: selection decision, 

classification decision, readiness diagnosis, and remedial diagnosis. Another system, posited by 

Natriello (1987), asserts tests are used for certification, selection, direction, or motivation. Here, 

motivation is a student engagement piece that connects a student with a specific task, i.e. by 

challenging a student (as in a contest, for example) he will then be more engaged in learning 

(Natriello, 1987). The idea of using an assessment as an engagement piece is what is now 

referred to as “gamification” and spans the gamut of both academic discipline and stakeholder 

levels. It is an actively researched topic in the field of education (see Kapp, 2012; Stott, & 

Neustaedter, 2013; Gibson, Ostashewski, & Flintoff, 2015). Perie, Marion, & Gong (2007) 

propose there are three overarching purposes for tests: having an instructional, evaluative, or 

predictive focus. Tests that have an instructional focus are designed to guide teacher practice 

during instruction. On the other hand, if the focus is to determine effectiveness of curriculum, 

professional development, instructional materials, and other similar programs then tests are 

evaluative. A test with a predictive focus should be used to determine or estimate how well a 

student will do on a final test, such as a state-wide standardized assessment (Perie et al, 2007).  

There is scant overlap among these three approaches, due in part to the scope of each 

system. While both Messick (1991) and Natriello (1987) focus on the individual students, Perie 

et al. (2007) focus on district-level policy. Additionally, both Messick (1991) and Natriello 

(1987) were not explicitly defining purpose within the context of test type, unlike Perie et al. 

(2007) who hold purpose and type are intricately linked. Shown in Figure 8 is a crosswalk of 

how each of these systems relates to one another based on how each category is defined. 

The crosswalk suggests the purpose for evaluation and testing has been increasingly 

consolidated over time to widen its reach as the usage diversifies from classroom, to school, to 

district, and finally to state or national levels (Stiggins, 2005). This is especially true when 

considering the data-driven decision-making movement that schools are now focusing on as 
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districts implement new testing polices based on statutory requirements (Davidson & Frohbieter, 

2011). It is also evident from the crosswalk that the work of Perie et al. (2007) captures the 

consolidation of purpose as a capstone. The authors posit test purpose as central to test utility and 

situates it within a district context. Therefore, I will adopt the framework of Perie et al. (2007) to 

guide the analysis of the science interim test program and district testing policy. 

 
Figure 7. Comparison of relative agreement between testing purpose typology. 

 
Purpose of Evaluation and Tests within the Context of Type 

 
Analyzing evaluation and test purpose within the context of the typology provides insight 

into how tests could be used efficiently. Operationally, type and purpose are linked, and both 

typology frameworks acknowledge this fact accordingly (Perie et al., 2007; Herman, et al., 

2010). However, when evaluation processes or tests are used for more than one purpose, they run 

the risk of not providing enough information for either purpose (Brown & Coughlin, 2007; Perie 

et al, 2007; Herman et al., 2010; Davidson & Frohbieter, 2011). Below, formative evaluation, 

interim test and summative test types are considered with this regard in mind. 

Formative Evaluation. To reiterate, formative evaluation is an ongoing and integrated 

process used within the teaching cycle, which is conducted concurrently with instruction, to 

gauge student learning (Black & William, 1998; Herman & Heritage, 2016). Some examples of 

formative evaluation practices include: engaging students in instructionally-oriented 

conversations, asking questions on what students are thinking to determine misconceptions or 

understanding, and working with students to promote metacognition of their own thinking 

(Linquanti, 2014). These processes inform teachers on student progress with the immediate 
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content being taught and identifies gaps in student understanding (Perie et al, 2007; Herman et 

al., 2010). The ultimate purpose of formative evaluation is to improve student learning by 

refining the teaching approach as each student progresses through the lesson. The interpretation 

of the results from continuous formative evaluation is directly made by the teacher at the time of 

evaluation, thus there cannot be a determination of either validity or reliability on the results 

(Herman & Heritage, 2016). Therefore, formative evaluation has an instructional purpose as it 

assists in determining immediate student learning. This process is termed “evaluation for 

learning” (Brown & Coughlin, 2007; Perie, et al., 2007; Linquanti, 2014). 

Interim Tests. These tests are part of a regiment or battery of tests within a larger 

assessment program, hence the name “quarterly” is sometimes used to describe them (Perie et 

al., 2009; Herman et al., 2010; Konstantopolous, Miller, van der Ploeg, & Li, 2017). They have a 

limited scope of content compared to summative tests as they individually focus on one part of a 

larger set of benchmark statements or content (Perie et al., 2009; Linquanti, 2014). The 

information garnered from interim tests is usually intended to be aggregated at the school and 

district levels to determine the effectiveness of programs, materials, or interventions used 

(Herman, et al. 2010; Olah, Lawrence, Riggan, 2010). The data can also be used to predict how 

well students will do on their end-of-year exam if the both tests are measuring the same content 

(Brown & Coughlin, 2007; CCSSO, Cronin & Kingsbury, 2008). In this way, interim tests can 

be either evaluative or predictive in nature because they are a retrospective “evaluation of 

learning” (Perie et al., 2007; Linquanti, 2014). However, as noted by Herman and Heritage 

(2016), interim testing data does not identify what help is needed, but only shows in what areas 

teachers, classes, or schools need help. 

Summative Tests. These tests are designed to help evaluate a student’s performance on 

specific content benchmark statements over the whole of a course, as part of finalizing or 

capstone assessment (Herman et al., 2010; Linquanti, 2014). This category also includes district, 

school, and teacher unit exams, mid-term exams, and final exams (Perie et al., 2009). As such, 

summative tests have an evaluation focus because they are intended to show student learning or 

growth at the end of instruction and are a retrospective “evaluation of learning” (Perie et al., 

2007; Linquanti, 2014).  

Another dimension of summative tests is the notion of “high-stakes” testing (Herman et 

al., 2010; Stiggins, 2005). High stakes tests, like end-of-course exams, and other national or 



27 

state-based assessment instruments are summative in nature. They are designed to distinguish 

students who pass from those who fail (Meylani, Bitter, & Castaneda, 2014). In fact, Perie et al., 

(2007) and Herman et al. (2010) go further to suggest high-stakes tests are not designed to meet 

instructional purposes at all. Instead, they are used as gatekeepers to the next step in a student’s 

educational pathway (Brennan et al., 2009). They are also useful for accountability and policy 

decision judgements (Merchant et al., 2007; Blanc, et al., 2010). Figure 8 summarizes the 

properties of tests and their purposes. 

 
Figure 8. Summary of typology, purpose, and ability to aggregate data. 

Constructed from Perie et al., (2007) and Herman, et al., (2010). 
 
 

Analysis of Purpose and Typology. Any balanced district policy on testing needs to be 

efficient. This efficiency comes from aligning test utility to test purpose. Interim tests span the 

gamut of testing purpose as outlined by Perie and colleagues (2009) in part because their data 

can be aggregated at various levels as suggested by Herman and colleagues (2010). Additionally, 

because interim tests are malleable to purpose and aggregation, they are targeted by the data-

driven decision-making movement in schools (Davidson & Frohbieter, 2011). 

 
Factors that Influence Student Achievement on Tests 

 
The notion that certain factors, latent or not, have an impact on student performance was 

established during the middle half of the last century (see Coleman, 1966). Currently, it is a well-

established axiom that such factors exist, and that they have an influence that must be accounted 

for (American Institutes for Research, 2011). This section briefly outlines some of these factors 

at the school, class, and student levels. 
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School Effects 
 
A school has a contribution to test score variance, as noted by studies that look at teacher 

impact on student learning (Dee, 2004; McCaffrey et al., 2004; Ballou, et al., 2004). One 

component shown to impact student achievement is a school’s overall program of funded 

services for disadvantaged populations, as measured by Title I status (Borman & D’Agostino, 

1996; Borman, Hewes, Overman, & Brown, 2003). While there are federal criteria used in 

determining which schools receive Title I funding, there is also a district discretion component as 

well. Because this district discretion is not consistent across districts or even year over year, I 

instead employ the percentage of the student population at each school that is eligible to receive 

free or reduced-priced meals in lieu of a base Title I status indicator. 

Another component shown to be associated with student achievement is the racial / ethnic 

composition of the school (Colemen, 1966; Rumberger & Palardy, 2005). Students with low 

socio-economic status have been shown to disproportionality have teachers who have either no 

subject-level certification or they are probation or emergency provisions for their teaching 

certification (Goldhaber & Brewer, 2000). Aaronson, Barrow, and Sander (2007) has shown 

many “lower-quality” teachers remain in the schools for several years and very few move into a 

“high-quality” categorization over that time. This suggests teacher quality is a school-level 

effect, as it persists across multiple cohorts of students, however, as noted by Rumberger and 

Palardy (2005), teacher quality has marginal effect on student achievement. Therefore, I omit 

any teacher-quality factors from the present study and include the only include the school’s 

percent-minority composition, since the research suggests both socio-economic status and racial 

minority status are indicative of these effects when aggregated to the school level. 

 
Class Effects 

 
Classroom effects, more formally called peer-interactions, have often been attributed to 

observed student underperformance or teacher dissatisfaction with final evaluation ratings in my 

experience. The research, however, may not be not so accommodating to the mantra of “these 

kids.” Instead, classroom composition (homogenous versus heterogeneous in ability) has a low 

effect size when it comes to test score variance (Rothenberg, McDermott, & Martin, 1998; 

Hattie, 2002). Even at the college level, according to Griffith and Rask (2014), there is little 

evidence of both peer effects and classroom composition. These studies, however, were subject 



29 

to the scheduling practices of the schools where student-level tracking may have introduced a 

bias. Another study which utilized a random assignment of students to classes conducted by 

Carrell, Fullerton, and West (2009) suggests peer interaction effects were underreported and they 

play a part in student achievement. 

While there is conflict in the effect of peer interactions in the literature, I address them all 

the same, since they are often studied in the research. These interactions are captured in an 

analogous manner as the school-level composition terms, including composition of classroom, 

the class size (as assigned by student schedules) and the aggregated “science-ability” of the 

students assigned to each class. Here, classroom composition looks at the percentage of students 

for each assigned class who are 1) students with disabilities, 2) students who are gifted, and 3) 

students who are eligible for free or reduced-price meals. 

 
Student Effects 

 
Student-level effects play a part in their performance, which is why they are aggregated 

at higher levels (class and school) to show the average influence they have on achievement. One 

of these is absenteeism: Elliot’s (1979) study shows there is a long history of associating low 

student academic performance with absenteeism. Similar to the class- and school-level effects, 

other student-level effects used in the current study include student socio-economic status, gifted 

status, and disability status. 

 
Analysis of Influencing Factors 

 
While the impact each factor has on student performance, and in particular on test 

performance, has been dully examined there still remains the issue of practicality. One way of 

using these variables in a predictive capacity is to run an analysis for each subgroup of student 

that captures these characteristics and compare the outcomes. This idea is at the heart of the 

second research question and the idea of comparing models and outcomes by factors instead of 

directly controlling for each factor in a mathematical model.  This design was made to ensure the 

pragmatic nature of any problem of practice is maintained and easily implemented or 

generalized. 
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Evaluating Test Reliability and Validity 
 
Test validity is a judgement of how well a test measures what it was intended to measure. 

This is also referred to as the “meaningfulness” of a test score (Messick, 1999; Cohen & 

Swerdlik, 2013; Anastasi & Urbina, 2017). One the other hand, test score reliability is a measure 

of consistency and stability of the resulting test scores and their subsequent interpretation. It is 

not a measure of the test (at tool) itself (Messick, 1991; Traub, 1991; Gliner, Morgan, & Leech, 

2011). Further, while the focus is different for these terms, they are related in that test validity 

cannot be easily evaluated without using test score reliability measures (Cronbach & Meehl, 

1955; DeVon et al., 2007). Both concepts are important as educational practitioners feel interim 

tests and the resulting data lack reliability or predictive validity. As result, they do not use the 

data in their instructional decisions or data-driven decision-making processes (Heppen et al., 

2011; Kenny, Johns, Roegman, & Maeda, 2017). 

 
Test Score Reliability 
 

All test scores have three parts: the observed or raw score, the true score, and the error of 

measurement (Dudek, 1979; Feldt & Brennan, 1989; Harvill, 1991; Webb, Shavelson, & Haertel, 

2006). The observed score is the earned raw points on any given test; they are influenced by 

many factors, such as qualities of the test taker. The true score, conversely, is the score earned 

absent random events; that is, only systematic errors are captured by the true score. The error of 

measurement captures the remaining random errors that impact the earned score. The 

relationship between these parts is shown in Equation (1), 

 

 

𝑋𝑋 = T + E 

where 

 X is the observed score, 

 T is the true score, and 

 E is the error of measurement. 

(1) 

 
While test score reliability has several methods for its calculation (Cronbach, 1951) it is 

fundamentally defined as the ratio of the variance of the true score to the variance of the 

observed score (Webb et al., 2006).  
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However, the method of calculation is not without controversy. Harvill (1991) notes two 

important aspects of score reliability: the value obtained is not static for each test and reliability 

measurements are only interpretable in the aggregate, not on individual bases. Webb and 

colleagues (2006) state there is much debate on not only which method, but also the way in 

which the method is carried out and conclude, as with Harvill (1991), there are multiple (and 

different-valued) coefficients that can be calculated for any given test. While Cronbach’s (1951) 

reliability coefficient or internal consistency index is most widely used (Pike & Hudson, 1998), 

there is debate on which values are ‘adequate’ to designate test scores as reliable (Schmitt, 1996; 

Clark & Watson, 2006). Moreover, the value of alpha is dependent on the number of items used 

within a test (Briggs & Cheek, 1986; Schmitt, 1996). 

Even with the debate over the use and interpretation of test score reliability, Cronbach’s 

alpha is used often enough that it provides a foundation for determining the reliability of the 

interim test scores. Schmitt (1996) notes there are issues with alpha, but it is still useful as long 

as other measures, such as inter-item correlations are mentioned in tandem. 

 
Test Validity 

 
Test validity is split into three distinct, but related, categories: content validity, construct 

validity and criterion-related validity (Cronbach & Meehl, 1955; Cohen & Swerdlik, 2013). 

Content validity is a judgement of what topics, subjects, or content are covered on a test. 

Construct validity is based on how well a test measures a theoretical trait (or construct), such as 

intelligence, mechanical aptitude, verbal fluency, running ability, etc. (Messick, 1991; Anastasi 

& Urbina, 2017). Criterion validity is focused on how well one test score is associated with a 

score on a different test, given they measure the same construct. It is also a larger category that 

contains both predictive and concurrent validity (Brown & Coughlin, 2007; DeVon et al., 2007). 

Figure 9 shows how the types of validity are related within a hierarchy, starting with construct 

validity at the top. 

 Predictive Validity. As noted earlier, predictive validity is a subcomponent of criterion 

validity. A criterion is a set benchmark statement used in a comparison against student 

performance to make decisions (Florida Department of Education, 2012; Cohen & Swerdlik, 

2013). The intent behind predictive validity is to show scores from one test are related to and 

predicted by scores from another test with both tests given at separate times. Using the hierarchy 
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outlined in Figure 9, this also means both tests must measure the same quality, they are 

unidimensional for the same construct, such as science content knowledge (Brown & Coughlin, 

2007). 

 

 
Figure 9. Test validity hierarchy. 

 

Before determining the degree of predictive validity, there are some assumptions that 

must be made. The students who take tests, either state-based or local-based, change every year. 

As a result, changes in scores at the state level may not necessarily parallel changes at the district 

or school level and vice versa (CCSSO, Cronin & Kingsbury, 2008). Next, score prediction is 

only possible if the content of each test studied remains unchanged (Meylani, Bitter, & 

Castandeda, 2007). The CCSSO, Cronin and Kingsbury (2008) also note cut scores play a crucial 

role in predictive validity because it is an easier task to correctly predict student performance 

when student performance is far from the satisfactory/unsatisfactory cut score. 

Determining the degree of predictive validity depends on a preponderance of evidence 

from multiple analyses. For example, Cohen and Swerdlik (2010) suggest correlation 

coefficients and expectancy tables are sufficient indicators upon which to make a predictive 

validity judgement. Similarly, McGlinchey and Hixson (2004) used correlation coefficients and 

accuracy measures such as sensitivity and specificity to determine predictive validity of 

curriculum-based measurement tests to state reading tests. This approach was also followed by 

Seethaler and Fuchs (2011) in a similar study that focused on mathematics. In some cases, 

regression was seen as preferable to correlation coefficients because regression provides 

estimates which are more stable (Messick, 1989). Liu and Maddux (2008) employed such 

regression analyses in their study on predictive validity of student affective behaviors. Similarly, 

Meylani, Bitter, and Castandeda (2014) used this method in their study on predicting high-stakes 

performance using third party-developed math assessment programs. 
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Data-Driven Decision Making 
 
The use of data to drive both district-level initiative and classroom-level instructional 

decisions, i.e. data-driven decision making, is not new to the field of education. Even 

anecdotally, the utility of looking back at past student performance to change future practice is a 

highly held teaching best practice, although it is not always used in a systematic way (Abelman, 

Elmore, Even, Kenyon, & Marshall, 1999; Heppen et al., 2001; Confrey & Makar, 2005). What 

is meant by “data-driven decision making” is also not uniform across educational disciplines 

(Ikemoto & Marsh, 2007). This is due, in part, to how data are used at different practitioner 

levels, from the classroom teacher to the district administration. Moreover, besides the general 

lack of systematic processes used at these levels there is also a general lack of support to 

maintain any such process or improve upon them should they be implemented (Confrey & 

Makar, 2005). 

This lack of support or inability to maintain a data-driven decision-making culture at 

various organizational levels may be due to a lack of understanding. In the present context, 

Davidson and Frohbieter (2011), for example, surveyed district and school-level staff on the 

purpose, implementation, and usage of interim tests at several schools in California and 

Colorado. A clear majority (> 80%) of administration believed interims were for teacher 

evaluation and instruction purposes. This contrasts with the slight majority (54%) of teachers 

who thought they were for instructional purposes. The survey also showed that 75% of district 

staff, 43% of school administration, and only 35% of teachers received some professional 

development or training on interim test use and implementation (Davidson & Frohbieter, 2011). 

In this case, the system was both poorly implemented because it did not provide feedback as to 

how the implementation was going and it also confused the purpose of the interim tests which 

reduced the program’s efficacy (Perie, et al., 2007). Any successful program (such as the present 

interim assessment program) needs a feedback system in place that consists of school leadership 

monitoring instructional changes, regularly scheduled time for planning and data analysis, and 

conversations about pedagogy changes based on student performance (Blanc, Christman, Liu, 

Mitchel, Travers, & Bulkley, 2010; Konstantopolous, 2016). 

Further, with the advent of high stakes testing used in accountability systems and 

legislation, such as the No Child Left Behind Act of 2001 and Every Student Succeeds Act of 

2015, that require district and school-based decisions be backed by evidence, there has been a 
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renewed interest in documenting the aspects of data-driven decision making (Ikemoto & Marsh, 

2007; Carlson, Borman, Robinson, 2011; Heppen et al., 2011; Every Student Succeeds Act, S. 

1177, 114th Cong, 2015).  

 
Proposed Framework 
 

In an attempt to provide a guide that could lead to a systemic use of data-driven decision 

making, Mandinach, Honey, and Light (2006) developed a conceptual framework that outlines 

the steps used; an adapted version of this framework was proposed by Ikemotoa and Marsh 

(2007) and is shown in Figure 10.  

 

 
Figure 10. Data-driven decision-making process (adapted from Ikemotoa & Marsh, 2007). 

 

This framework is broken up into six parts that are supported by feedback from stakeholders. 

Here, the “data block” includes all inputs, such as student interim test scores or other student-

produced information (aggregable) that would provide district-level administrators with 

additional data points. The “information block” is the analysis of the data in the form of statistics 

and summaries. These results are used in the “Knowledge block” to create strategies (action 

steps) and prioritize them according to their perceived impact. The last steps take these strategies 

and decides on to which to implement. The process ends with a measure of its impact. With the 

use of feedback at each step, the process becomes iterative or cyclical so that small adjustment 

allows for new action steps and impact measurements. 
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Interims Tests and Data-Driven Decision Making 
 

Using interim tests (as outlined previously) within a context of data-driven decision-

making processes, educational practitioners (at all levels) have three general outcomes (Heppen 

et al., 2011; Konstantopoulos et al., 2016): 

• a deeper understanding of student academic needs at both individual and aggregated 

levels along with the ability to respond to those needs with targeted intervention or 

supports. 

• a deeper understanding of teacher instructional deficits and strengths at both individual 

and aggregated with the ability to respond to those needs with targeted professional 

learning opportunities. 

• a meaningful professional learning community where data are used in conversations that 

lead to sharing of strategies to improve learning and instruction. 

 
Overall, the use of data-driven decision-making and these three outcomes leads to an increase in 

student achievement on state-based standardized tests. Thus, the predictive purpose of the 

interim tests is an important facet of this decision-making process (Ikemoto & Marsh, 2017). 

These outcomes, when coupled with the framework adapted by Mandinach, Honey, and Light 

(2006), are an integral part of any districts testing policy. When implemented, it provides the 

purpose, as noted by Perie et al. (2007) and the feedback needed to support usage at all 

practitioner levels (Confrey & Makar, 2005). 

 
Synthesizing the Guiding Framework for This Study 

 
The research presented in this chapter was collected and analyzed to form a framework to 

guide the methods used in the present study, as well as show how the results of the analysis were 

interpreted. This framework was synthesized from the from the following salient points 

presented here: 

• The utility of a test scores is deeply rooted in the purpose or intent of testing.  

• District testing policy is both pragmatic and, because it transcends multiple stakeholder 

levels, it is political. 

• Predictive validity is a function of test score reliability, test score model fitting, and test 

score prediction specificity measurements. 
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• Because testing policy is pragmatic, predictive validity needs to be efficient, or using as 

little data a possible while yielding this best specificity measures. 

 
It is also important to understand that data-driven decision-making using test data cannot occur 

without a district testing policy. Such a policy must mandate evaluative feedback, professional 

learning community monitoring, and a firm commitment to supporting teachers in using their 

data. 

Interim tests are a valuable tool the educational practitioner, at multiple educational 

policy levels, can use to inform their decisions. They are a result of legislation and accountability 

systems reliance on standardized tests to show the effectiveness of teachers, schools, and 

districts. Moreover, interim tests are malleable in that they are defined by exclusion, based other 

assessment process types and purposes, and thus can be used in a myriad of ways at a variety of 

levels. Their ability to aggregate data over large ranges, from the individual student over time to 

whole district, coupled with their routineness and high frequency of administration make them 

prime candidates to track student progress and intervene on student learning when appropriate. 

The only hurdle to overcome with using interim tests is showing their predictive validity to 

schools and districts so data can be meaningfully used to support students. 

This literature review provides the foundations upon which the analysis in this study 

rests. The next chapter provides the methodologies used to perform the analysis. This includes 

base statistical figures of relevant datasets, the mathematical models that were developed, and 

the rationale for their use in answering the research questions. 
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CHAPTER 3 
 

RESEARCH METHODOLOGY 
 
 

 
The focus of this study is to examine the degree to which interim assessment scores are 

associated with future student performance on state-wide standardized tests, specifically local 

science interim tests compared to the Florida State Science Assessment (SSA). This association 

is modeled and investigated through regression analysis and other statistical tools using a case 

district longitudinal data set. This study seeks to answer the following questions: 

1. To what extent are locally-created interim tests valid predictors of student performance 

on the Florida State-wide Science Assessment for Grade 8? 

2. How does the predictive validity of the interim tests vary by student race, exceptionality, 

socio-economic status, absenteeism rate, class, and school characteristics? 

 
Research Design 

 
The nature of this study is quantitative and employs a predictive validity research design. 

Such predictive, non-experimental research seeks to determine some future outcome based on 

prior results or inputs, such as test scores predicting job performance (Cronbach & Meehl, 1955; 

Aaker et al, 2005; DeVon et al., 2007; Burke & Christensen, 2014; Anastasi & Urbina, 2017). 

Predictive validity, just as any other test validity study, cannot be expressed as a single 

calculated value but instead by a preponderance of evidence supporting the claim (Cronbach & 

Meehl, 1955). That is, predictive validity is a judgement based on an amalgam of evidence 

suggesting the use of test scores is appropriate for their intended purpose (Messick, 1989; 

AERA, APA, & NCME, 1999; Haladyna & Rodriguez, 2013; Anastasi & Urbina, 2017).  

While there are multiple ways of generating the required evidence, two of the most 

common include using correlation coefficients (Gliner, Morgan, & Leech, 2001; Cohen & 

Swerdlik, 2013; Anastasi & Urbina, 2014; Meylani, Bitter, & Castandeda, 2014) in tandem with 

test score reliability measures (Crocker & Algina, 1986; Clark & Watson, 1995) and regression 

models (Messick, 1989; Cronin & Kingsbury, 2008; Liu & Maddux, 2008; Bryant, 2010). I 

employ both methods for each research question. The correlation coefficient is used to examine 

how interim test scores relate to scores on the State-wide Science Assessment (SSA) while the 
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regression analysis generates the probability of satisfactory performance (dichotomous) and 

performance level (categorical) on the SSA based on the interim scores. The proceeding sections 

outline the usage, benefits, and limitations of each method used as well as the full analytical plan 

in later sections. 

 
Data 

 
This study used an administrative dataset created by combining student, class, and 

school-level data from the district student information system, the district student assessment 

platform, and state-level online databases. This section outlines the data used and how the 

datasets were created. 

 
Data Context 

 
The school district in this study is a medium-sized local education agency located in the 

South Eastern United states. The school board employs approximately 8,500 people with just 

over 5,000 of them in instructional positions. It is one of the top three employing organizations 

within county. The district has almost 63,000 students spread over approximately 100 schools, 

including traditional public, charter, and special centers. Table 6 summarizes the five-year racial 

and ethnic trends of the district. Since the present study focuses on middle grades science 

courses, only students enrolled in those courses are included in the sample. These courses are 

outlined in Table 7 and the tally of students in each course is given in Table 8. 

 
Access to Data and Storage 

 
Once approval for this research study was given by the Florida State University Internal 

Review Board (IRB) (see Appendix D for documentation), a request was sent to the district 

office of research and evaluation for the required, approved, and de-identified data elements. The 

request for the data was approved and the data were retrieved from the district’s data systems by 

school district employees. 

All received data were housed on a secure cloud drive (Microsoft OneDrive) provided by 

Florida State University. The specific data and corresponding variables that were obtained from 

the case district are outlined in the next sections. 
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Table 6. Race and ethnicity makeup of school district. 

Race / 
Ethnicity 2013-14 2014-15 2015-16 2016-17 2017-18 

White 60% 60% 61% 60% 59% 

Hispanic 18% 19% 19% 20% 20% 

Black 15% 16% 16% 16% 17% 

Asian 2% 2% 2% 2% 2% 

Other 4% 4% 5% 5% 5% 

Frequency 61,237 61,777 62,928 63,100 62,977 
Note: Total percentages do not add up to 100% because student can identify as more than one 
race. Source: https://edstats.fldoe.org/ 
 

Table 7. Middle grades science courses in Florida. 

Course Code State Course Title Grade Level 

2002040 M/J Comprehensive Science I 6 

2002050 M/J Comprehensive Science I, Advanced 6 

2002070 M/J Comprehensive Science II 7 

2002080 M/J Comprehensive Science II, Advanced 7 

2002100 M/J Comprehensive Science III 8 

2002110 M/J Comprehensive Science III, Advanced 8 
Source: https://www.cpalms.org 
 

Table 8. Middle grades science course enrollment in district. 

Course Code 2013-14 2014-15 2015-16 2016-17 2017-18 Total 

2002040 2,817 2,760 2,826 2,805 2,952 14,160 

2002050 1,480 1,518 1,497 1,451 1,563 7,509 

2002070 2,772 2,421 2,630 2,709 2,657 13,189 

2002080 1,811 1,655 1,709 1,585 1,584 8,344 

2002100 2,394 2,623 2,545 2,419 2,559 12,540 

2002110 1,872 1,937 1,727 1,839 1,823 9,198 

Total 13,146 12,914 12,934 12,808 13,138 64,940 
Source: District enrollment dataset. 
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School-Level Dataset 
 

The Florida Department of Education maintains an online reporting tool (EdStats) that 

stores aggregated information on schools, districts, and state-level metrics. I compiled a database 

for each school in the district that includes the percent minority student population and percent of 

students eligible for free or reduced meals of the school. 

 
Class-Level Data 
 

Class-level observations were constructed such that they contain all students enrolled in 

science classes for the school district, grouped by school, period (meeting time), and room 

(meeting location). Table 9 outlines each of the class-level variables that were generated once a 

class was created and students were assigned to it based on scheduling and school enrollment 

datasets. 

 
Table 9. Class-level variable listing and information. 

Class Grade Class Factors Range Mean SD Data Type 

Grade 6 Class Science Ability [162, 252] 206.4 13.5 Continuous 

 Percentage SWD [0, 100] 13.6 18.3 Continuous 

 Class Size [10, 37] 21.3 3.9 Continuous 

 Percentage FRL [9,100] 75.2 18.9 Continuous 

Grade 7 Class Science Ability [162, 252] 206.9 13.1 Continuous 

 Percentage SWD [0, 100] 13.1 18.3 Continuous 

 Class Size [10, 37] 20.8 3.7 Continuous 

 Percentage FRL [9,100] 74.9 19.4 Continuous 

Grade 8 Class Science Ability [162, 252] 207.0 19.6 Continuous 

 Percentage SWD [0, 100] 12.6 17.4 Continuous 

 Class Size [10, 37] 21.0 3.7 Continuous 

 Percentage FRL [9,100] 74.6 19.3 Continuous 
 

In this study, I chose to use class-level data instead of specific teacher-level data based on 

both the methods of prior teacher impact studies and the current student-scheduling practices 
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used in schools. The teacher impact studies note the problematic nature of classes with multiple 

teachers, class sizes that are extreme (either too small or too large), or use instructional delivery 

models, such as departmentalization (Ballou, Sanders, & Wright, 2004; Kane & Staiger, 2008). 

While departmentalization was not an issue for the present study (normally reserved for K-5 

classrooms), it does set a precedent to add constraints for the both the classroom instructional 

model and classroom size. As an example of scheduling practices, consider a class that uses a co-

teaching model. While there is one primary instructor in such a class, the student information 

system “sees” a class in two parts: those students tied to the primary teacher but not the co-

teacher and those students tied to the co-teacher but not the primary teacher. The class is 

artificially divided into multiple parts based on the teacher even though all students receive the 

same base instruction. Here, the use of class-level terms is an attempt to counter this artificial 

partitioning and the corresponding limitation of the case district’s data. As such, class-level 

terms are used to capture both peer effects and teacher effects as latent variables in some of the 

models. 

The class-level data includes calculated aggregate variables such as the percentage of 

students from low socio-economic backgrounds, percentage of students with an exceptionality, 

class science-ability, and class size. Using the American Institutes for Research’s (2010) 

education production function of teacher impact as a guide, class ability in this study is defined 

as the mean class-wide-value for the Statewide Science Assessment (SSA) Grade 5 test scale 

score. 

 
Student-Level Data 

 
Student level data served two purposes: they are the most granular level of student 

information and they provided requisite data to generate aggregate class-level data. For example, 

student exceptionality was coded as a dichotomous variable (coded as either 0 or 1) by each 

student. Once instructional classes were assigned, that variable was aggregated into a percentage 

of the class that exhibit an exceptionality, as defined in proceeding sections. The same process to 

create a dichotomous variable was carried out for the socioeconomic status indicator as well. The 

specific variables originally included in the student-level datasets received from the district are 

outlined in Table 10. 
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Table 10. Student-level variable listing and information. 

Student Factors Range Mean SD Data Type 

Student Exceptionality [0, 1] 0.128 0.33 Discrete 

Student Absenteeism [0, 352] 40.0 31.0 Discrete 

Interim Test Scores, Grade 6 [6.7, 100] 68.3 16.1 Continuous 

Interim Test Scores, Grade 7 [12.5, 100] 70.2 16.1 Continuous 

Interim Test Scores, Grade 8 [0, 100] 74.9 15.6 Continuous 

Student Socioeconomic Status [0, 100] 0.743 0.44 Discrete 

Student Gifted Status [0 100] 0.061 0.24 Discrete 

Student Race / Ethnicity - - - Categorical 

Student Class (period / room) - - - Categorical 

Student Cohort - - - Categorical 

Student Grade 8 SSA Scale Score [140, 260] 208.4 20.3 Continuous 
 

Interim Test Data. The raw interim test data contain performance scores for each 

science interim taken from grade six to grade eight for each student. The data in the analytic 

sample only contain yearly composite student scores generated by grade level. The generated 

interim composite scores (ICSs) are the total percent score earned for a given year, as shown in 

Equation 2. 

 

 𝐼𝐼𝐼𝐼𝐼𝐼 𝑖𝑖,𝑔𝑔 =
Sum of raw scores on all interims

Sum of possible points on all interims
 (2) 

 

In short, the student-level composite score generated by Equation 2 is the total raw score earned 

in a grade level (g) divided by total interim test item exposure for each student (i). Moreover, 

weights are not required because the case district designed the interim items to be worth one 

point each with no partial credit given. All items are multiple choice response with four options 

(one correct answer and three plausible distractors).  

This composite score is used to account for several administrative policy changes that 

took place within this study’s time frame. These administrative changes occurred each year 

because of decisions made from teacher curriculum and assessment steering committees. These 
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changes include reordering the units of curriculum for the upcoming year or re-chunking sections 

of the interim test to fit the school year’s non-instructional days (such as winter break, spring 

break, and other holidays or teacher professional learning days). The interim item content and 

assessed benchmark statements did not change significantly, except for clarity or distractor 

changes to remove ambiguity. The questions themselves, however, were largely finalized prior to 

this study. Figure 11 shows how hypothetical curriculum units could be assessed over the course 

of three years. Each block represents one science interim test and each column represents the 

number of interims administered over that year. The highlighted boxes show how the 

administration time might change year over year. Additionally, it shows how curriculum units 

might be expanded or collapsed into one interim test over time as well. 

To accommodate these changes in administration, the interim tests are considered 

subtests of a larger (composite) assessment tool that is given over the course of a grade level. 

The use of a composite score is not novel as many states have used such designs in several high-

stakes assessment programs. For example, in Florida, the writing and reading portions of the 

Florida Standards Assessment for English Language Arts state-wide standardized assessment 

(FSA ELA) are administered at two separate times during the year. These two scores are 

combined into a composite FSA ELA score that is reported. 

 

 
Figure 11. Example of changes in interim test focus, consolidation, and re-ordering over time. 
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Constructing the Analytic Dataset 
 

The research request to the district resulted in four separate datasets: student 

demographics, student enrollment, statewide science assessment scores and student interim test 

scores. Student records within each dataset were encoded with a unique student identification 

code. Except for the science interim test scores, each dataset was in a long format with multiple 

observations per student by year. The science test interim scores dataset was in a wide format 

where each interim test, by year and grade, was a unique variable. 

Each dataset was reshaped into a wide format so that every student had a unique record. 

The student interim test scores dataset, along with the reshaped datasets, were merged together 

by linking on the unique student identifier. Students were already grouped into grade level, 

school, and pseudo-class categories, however, part of the study requires grouping the students by 

cohort as well, as noted by Merchant (2006) for a more robust score comparison. To achieve this, 

students were stratified into cohorts in a manner similar to that employed by Ballou, Sanders, 

and Wright (2004), based on the year in which the student entered sixth grade starting with the 

2014 school year. The resulting stratification created three, three-year student cohorts as shown 

in Table 11 that span five years of interim test administrations across the district. 

 
Table 11. Student cohorts by year and grade level. 

Grade Level 
School Year 

2014 2015 2016 2017 2018 

6 Cohort 2014 Cohort 2015 Cohort 2016   

7  Cohort 2014 Cohort 2015 Cohort 2016  

8   Cohort 2014 Cohort 2015 Cohort 2016 

 

Students were excluded if they were retained at some point within the time span of the 

study, enrolled in a non-grade appropriate science course, were in a class with less than 10 

students, were missing necessary performance data, or were duplicate entries. The initial 

administrative datasets contained 100,538 unique observations, of which 34,224 were in the 

appropriate (and non-duplicated) middle school grades between 2014-2018 school years and 

21,985 had state and district test performance measures. This set of 21,985 students is called the 
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“district sample” in this study. It is from this district sample that the analytic sample was 

generated after removing the students who were excluded by criteria below. The analytic sample 

contains 9,507 unique students.  

The discrepancy in size between the analytic sample and the initial records received is 

most directly attributable to a high rate of student mobility and missing required data. Many 

students routinely change schools, teachers, or class periods as their individual situations change. 

While students transition to these moves, they also miss content instruction, course work, and the 

interim tests. Two of the criteria for inclusion into the analytic sample were the need for a 

composite interim test score and being part of a cohort of students starting with Grade 6. The 

district sample of students may contain students who were not part of a cohort or they did not 

have composite scores that reflect three years’ worth of administrations. 

 
Analytic Sample 
 

The district’s science interim assessment program began when I started developing the 

interim tests during the 2012 school year. However, I restricted my sample to those students 

starting with the 2014 school year to account for implementation and administration fidelity 

issues, item removal or addition, and a change in assessment platforms that occurred in the first 

two years of administration. These restrictions ensure the test content remained the same and the 

interim administrations were stable over the timespan of this study. 

To limit the dataset to those students who are representative of the stable school 

population, the following conditions must be met for inclusion into the final analytic dataset: 

1. Students must match on state surveys 2 (fall enrollment check) and 3 (spring enrollment 

check) for each year they are in middle school. 

2. Students must be enrolled in a non-charter, non-magnet, non-alternative, non-virtual 

public school. 

3. Students must be enrolled in a grade-appropriate science course listed in Table 8 for each 

year they are enrolled in the case district. 

4. Students must finish grade 8 in three years after entering grade 6. 

5. Students must have a score for the Florida State Science Assessment in Grade 8. 

6. Students must have taken at least one interim test each year. 
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Initially, cleaning the sample dataset followed the methods of Kane and Staiger (2008), 

where students were removed if class sizes dropped to 10 students or less or more than 20 

percent of the students in a class are students with disabilities. However, the second criteria 

resulted in an underrepresentation of students with disabilities in the sample, to less than 5% 

instead of the district average of 13% (FLDOE Edstats). As a result, these students and their 

associated classes are still included in the analytic sample to maximize generalizability of this 

research. 

 
Dependent Variable 

 
The dependent variable for this study is a dichotomous indicator of students earning a 

“satisfactory” score on the Florida Statewide Science Assessment (SSA), where 1 = “earned at 

least a satisfactory score” and 0 = “did not earn a satisfactory score.” The logistic regression 

analysis determined the probability of students earning the designation based on student 

performance on the science interim tests. 

The underlying measure to this dichotomous outcome is a discrete-valued representation 

of student performance based on linearly transformed data from an item-response theory analysis 

performed by the Florida Department of Education for all test takers. These transformed values 

are called “scaled scores” and range in value from 140 to 260. Values that are higher or lower 

than these ranges are rounded to their respective extremes. This range of scores is further cut into 

“performance” levels. A “satisfactory” score is defined as a performance level 3 or higher, which 

correspond to scaled scores between 203 and 260 for grade 8. These cut scores are set by a state-

level standard-setting committee consisting of district educators, curriculum specialists, and 

administrators as well as university faculty and business / community members (Florida 

Department of Education, 2005). 

The rationale for using a dichotomous variable relies on the use of student performance 

data by district administration. As noted in Chapter 1, accountability programs enacted by the 

state focus on aggregated percentages of student who earn “satisfactory” scores. These play a 

part in school grade calculation, district program evaluation, and teacher placement. As such, 

having the ability to predict student outcome along the same continuum is the focus of this study 

as it pertains to district testing policy. 
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Independent Variables and Covariates 
 
This section describes each independent variable and the covariates used in the study as 

well as how they are derived and operationalized.  

Science Interim Composite Scores. An interim test can be regarded as a single test 

broken up into smaller subtests. This characteristic allows for an overall aggregated final percent 

score to be calculated based on the total number of items marked correct versus the total number 

of items available for that year. It is this final percent score that is used in the analysis. Students 

who are missing a science interim administration are not penalized, that is, the missing scores are 

not imputed with zero, so the percent score reflects what the student knows and not what they 

may lack because of a missed a test administration. The same process is used at each grade level. 

Grand Science Interim Composite Score. This is the composite score of all interims 

across all grade levels for each student. It combines the interim composite score for grades six 

through eight into one holistic measure of progress. 

Number of Science Interims Taken. Even though the number of items used on the 

science interim tests is fixed, the number of individual interim tests is not. They can range from 

four to as many as eight tests over the course of a year. The interim composite percent scores, as 

calculated above, are not sensitive to this facet of the interim assessment program. As such, the 

total number of interims taken is used as an additional predictor. 

Race / Ethnicity. Race and ethnicity are coded as a series of dichotomous variables. 

These include White, Black or African American, Hispanic, and Other (which captures Asian, 

American Indian, Pacific Islander, Alaskan Native, and Multiple Races). 

Socioeconomic Status. Student eligibility for free or reduced-price lunch (FRL) has 

often served as a proxy for student and family socioeconomic status. This study follows 

precedent and creates a dichotomous variable where students who are eligible for FRL, 

regardless if they accept the benefits or not, are coded as a “1,” while students who are not 

eligible are coded as a “0.” 

Attendance. Student attendance is reported as a continuous variable that represents the 

number of days of instruction a student has missed, regardless of absent type (i.e. not attending 

school for religious holiday is still lost instruction). The total number of missed days is 

calculated for each student over the course of their time in middle school (three years). 
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Student Exceptionality. Students who have a primary exceptionality are often afforded 

testing accommodations, per state and federal statutes. The exception to this occurs for two 

specific exceptionalities: gifted and speech impairment. As such, a dichotomous dummy variable 

is created. The value for this variable is assigned “1” for a student who has a test-

accommodatable exceptionality and a “0” for a student without a test-accommodatable 

exceptionality. 

Class Ability. A class-level science ability measure is calculated by taking the average of 

each student’s grade five Statewide Science Assessment (SSA) scale score for each assigned 

class. 

Class Exceptionality Composition. This variable encodes the percentage of students 

within a class that have an accommodatable exceptionality. 

Class Socioeconomic Status Composition. This variable is like the class exceptionality 

composition outlined earlier except it is the percentage of students within a class who are eligible 

for free or reduce meals. 

Class Size. The total number of students assigned to each class. Here a class is a middle 

grades science course in either grade 6, 7, or 8. 

School Racial Composition. This set of variables encodes the percentage of students 

who are reported as a minority race or ethnicity, including, Black or African American, Hispanic, 

and Other (captures Asian, American Indian, Pacific Islander, and Alaskan Native, and Multiple 

Races). 

School Socioeconomic Status Composition. This variable encodes the percent of 

students who are eligible for free or reduced lunch benefits. 

 
Analytic Plan 

 
Descriptive statistical analysis is important to inform both policymakers and practitioners 

about the context of the data under study and give added clarity to any conclusions drawn from 

the research (Loeb, Dynarski, McFarld, Morris, Reardon, & Reber, 2017). Given this function 

and usage, I summarize the analytic data set before addressing any research question. This 

approach yields the mean and standard deviation of the continuous variables which are given in 

Table 12. 
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Table 12. Summary statistics of continuous variables in analytic sample (2014-2018). 

Variable Mean SD 

SWD Status 0.128 0.334 
Gifted Status 0.082 0.274 
FRL Status 0.743 0.437 
Days Absent 39.988 31.018 
Grade 8 Science SS 208.408 20.312 
ICS Grand 70.870 14.684 
ICS Grade 6 68.287 16.098 
ICS Grade 7 70.150 16.103 
ICS Grade 8 73.908 15.616 
Number of Interims Taken (ICS Grand) 18.641 1.727 
Number of Interims Taken (ICS Grade 6) 6.419 1.070 
Number of Interims Taken (ICS Grade 7) 6.523 0.932 
Number of Interims Taken (ICS Grade 8) 6.699 0.690 

Note: n=9,507 students. 
 

Research Questions 
 
To answer the first research question, the relationship between the science interim tests 

and the state science assessment, I employ two approaches, each one contributing evidence of 

predictive validity. First, a predictive validity coefficient is calculated between the interim 

composite score (ICS) and the State-wide Science Assessment (SSA) scores. This coefficient 

yields both the strength and the direction of the association between those two variables. Next, a 

set of logistic regression models using maximum likelihood parameter estimation are used to 

predict satisfactory SSA performance based on ICS. The fit of each model is determined using 

correlation coefficients and utility measures (specificity, sensitivity, positive predictive value, 

negative predictive value). Similarly, to address the second research question, how that 

relationship varies with covariates and by subgroup, the same analysis was run again but only 

using students within the identified subpopulations: race, socio-economic status, and 

exceptionality. Finally, a logistic regression was run using the model from the first research 

question and including, step-wise, student, class, and school-level covariates. 

 



50 

Test Score Reliability Coefficients 
 
 Of interest for this study is interim test score reliability (α) in terms of 1) each individual 

interim test, 2) for the composite score generated by combining all interim test scores across any 

one grade, and 3) the composite score across all grade levels. The need to determine composite 

score reliability is increasing, and is currently, used for advanced exams such as SAT, 

GCSE/GCE, ACT, and English language proficiency exams, to name a few (He, 2009; Keng, 

Miller, O’Malley, & Turham, 2008). For the present study, the test score reliability is measured 

using Cronbach’s alpha (1951), a well-documented approach (Cronbach & Meehl, 1955; Briggs 

& Cheek, 1986; Harvill, 1991; Schmitt, 1996; Pike & Hudson, 1998; McGlinchey & Hixson, 

2005; Clark & Watson, 2006; Webb, et al. 2006; He, 2009). Moreover, this measure can also be 

used to see score stability by comparison of indices across years, such as by cohort (Seethaler & 

Fuchs, 2011). 

I calculate the interim test score reliability for each cohort (consisting of grades 6 through 

8) using dichotomous test data for each student. Conceptually, each student in this cohort has 

essentially taken a 326-item interim test over the span of three years in middle school. The data 

provided by the school district encodes, per student and per item, the correctness of each 

question as either 0 or 1. The method to calculate interim test score reliability for individual tests 

is given symbolically in Equation (3). This is also the method as outlined by Cronbach (1951) 

when student item-level raw score values are dichotomous. 

 

 

𝛼𝛼 =
𝑛𝑛

𝑛𝑛 − 1
�1 −

∑ 𝑝𝑝𝑖𝑖𝑞𝑞𝑖𝑖𝑛𝑛
𝑖𝑖

𝜎𝜎𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡2 � 

where 

𝑛𝑛 is the number of test items, 

𝑝𝑝𝑖𝑖 is the proportion of items correct, 

𝑞𝑞𝑖𝑖 is the proportion of item incorrect, 

𝜎𝜎𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡2  is the variance of the test, and 

0 < 𝑖𝑖 ≤ 𝑛𝑛 constrains the summation indices. 

(3) 

 
Predictive Validity Coefficient Calculation. A correlation coefficient captures 

information about the degree of association between two variables (Burke & Christensen, 2014). 
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They are also used to show relationships between one continuous variable and a performance 

classification (i.e. satisfactory/unsatisfactory) coded in another variable (Curtis, Comiskey, & 

Dempsey, 2015). I employ both usages here and determine the degree of association between the 

interim tests and the SSA. I also determine the degree of association between students who earn 

satisfactory scores on the SSA and their interim test scores. While there are several types of such 

coefficients, their usage depends on the dataset (Cohen & Swerdlik, 2013). This study uses the 

Pearson Product Moment, which by convention in predictive validity studies, is referred to as a 

predictive validity coefficient (Bryant, 2010). It is calculated using Equation (4), which shows 

how scores between tests are related and how that relationship is measured. 

 

 

𝑟𝑟 =
𝑛𝑛∑𝑥𝑥𝑖𝑖𝑦𝑦𝑖𝑖 − ∑𝑥𝑥𝑖𝑖 ∑ 𝑦𝑦𝑖𝑖

�(𝑛𝑛∑𝑥𝑥𝑖𝑖2 − [∑𝑥𝑥𝑖𝑖]2) × �(𝑛𝑛∑𝑦𝑦𝑖𝑖2 − [∑𝑦𝑦𝑖𝑖]2)
 

where 

𝑛𝑛 is the number of test scores, by student, to compare, 

𝑥𝑥𝑖𝑖 is a test score term, indexed by student, and 

 𝑦𝑦𝑖𝑖 is a different test score term, indexed by the same student. 

(4) 

 

While the predictive validity coefficient provides useful information on the association of 

two variables, it does not give a complete picture of the data and its structure. Predictive validity 

coefficients cannot be used to predict or determine probabilities of student performance 

outcomes and such coefficients are also not robust against outliers with the data set. This leads to 

the use of regression analysis to address these limitations. 

 
Regression Analysis 
 

There has been extensive use of linear regression models in education that examine 

student, teacher, and school level effects on performance outcomes (McCaffrey et al. 2004; 

Ballou et al., 2004; Kane & Staiger, 2008; Meyer, 2010). Presently, these are usually 

incorporated into evaluation systems, such as “value-added” or “educational production 

function” models, that reflect both student growth and the related teacher impact on that growth. 

In these cases, a linear model that attempts to regress test scale scores based on relevant factors is 

most applicable. However, the usage of such models is usually to emphasize impact on student 
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learning over explicit prediction of student learning. This lack of prediction is, in part, because 

linear regression models are not well-suited for determining probabilities of student performance 

(Chatterjee & Hadi, 2015). This, however, can be accomplished through logistic regression. 

A logistic regression creates a mathematical model that attempts to capture the structure 

of the underlying data to generate a maximum likelihood probability of the criterion variable 

based on one or more “predictor” variables (Peng, Lee, & Ingersoll, 2002; Silberglitt & Hintze, 

2005; Bryant, 2010; Chatterjee & Hadi, 2015). Similar approaches using logistic regression have 

been used when predicting college performance based on high school metrics (Baron & Norman, 

1992), predicting performance on high stakes assessment using reading comprehension or word 

fluency (Silberglitt & Hintze, 2005; Shapiro, Solari, & Petscher, 2008; Stevenson, 2015), and 

probabilities of success in science education for middle school students based on gender, race, 

and ethnicity (Catsambis, 1995). 

I create multiple models that predict the probabilities of satisfactory student performance 

on the State-wide Science Assessment (SSA) using student science interim test scores as the 

predictor variable. With the brunt of district testing policy weighing on a dichotomous outcome 

of satisfactory versus unsatisfactory, it follows that the outcome of the regression analysis for 

predictive validity should also be dichotomous as well. For comparison of the models, each is 

analyzed to determine its goodness of fit test using several statistical techniques. The models are 

also compared for statistical significance using a likelihood-ratio test (Peng, et al., 2002). 

The general logistic model used in the present study is given in Equation (5). The 

predicted probability, π, of student performance on the SSA (satisfactory or unsatisfactory) is 

based on input vector data. Here, P are the science interim performance measures (ICS), S are 

student-level characteristics, C are class-level characteristics, and H are school-level 

characteristics. The model parameters (𝒃𝒃𝑖𝑖) are model coefficients. 

 

 𝝅𝝅 =  𝑷𝑷𝑷𝑷(𝒀𝒀 = 𝟏𝟏|𝑿𝑿 = 𝒙𝒙) = 𝑏𝑏0  + 𝒃𝒃𝒑𝒑𝑷𝑷 +  𝒃𝒃𝒔𝒔𝑺𝑺 +  𝒃𝒃𝒄𝒄𝑪𝑪 +  𝒃𝒃ℎ𝑯𝑯 (5) 

 
Operationalization of the Models. This section outlines each model, what variable are 

used, and which subpopulations are of focus. They are grouped and coded according to the 

research question and model iteration. For example, the first model for the first research question 

is labeled as LGR-1.1. This means it is a logistic regression model (LGR) instead of a linear 
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regression model (LNR) or a predictive validity coefficient (PVR). This convention is used 

throughout the remaining two chapters as well. 

Research Question 1. The models used to answer the first research question focus on 

determining the probability of success and predicting an expected scale score on the Statewide 

Science assessment. The first iteration of models is given below: they include the three-year 

composite interim score and the percentage of interim tests taken. One is run under a logistic 

regression (𝜋𝜋𝑷𝑷𝑷𝑷𝒔𝒔𝒔𝒔𝑷𝑷𝑷𝑷𝑷𝑷) and the other under a linear regression (𝑌𝑌�𝑆𝑆𝑆𝑆𝑆𝑆); for all models, 𝑏𝑏0 is the 

intercept, 𝑏𝑏𝑥𝑥𝑥𝑥𝑡𝑡 is the interim or composite score coefficient, and 𝑏𝑏𝑥𝑥𝑖𝑖𝑡𝑡𝑡𝑡 is the number of interims 

taken (where x is either i, g6, g7, g8). The outcome of the logistic regression models is a 

dichotomous indicator of success (earning a performance level 3 or higher) on the SSA while the 

outcome for the linear regression models is a continuous measure of the SSA scale score. 

 

 𝜋𝜋𝑷𝑷𝑷𝑷𝒔𝒔𝒔𝒔𝑷𝑷𝑷𝑷𝑷𝑷  =  𝑏𝑏0 + 𝑏𝑏𝑷𝑷𝒄𝒄𝒔𝒔[𝐼𝐼𝐶𝐶𝐶𝐶𝑝𝑝𝐶𝐶𝐶𝐶𝑖𝑖𝐶𝐶𝐶𝐶 𝐼𝐼𝑆𝑆𝐶𝐶𝑟𝑟𝐶𝐶] + 𝑏𝑏𝑷𝑷𝒊𝒊𝒊𝒊[𝐼𝐼𝑛𝑛𝐶𝐶𝐶𝐶𝑟𝑟𝑖𝑖𝐶𝐶𝐶𝐶 𝑇𝑇𝑇𝑇𝑇𝑇𝐶𝐶𝑛𝑛] (LGR-1.1) 

 
 

 𝑌𝑌�𝑆𝑆𝑆𝑆𝑆𝑆  =  𝑏𝑏0 + 𝑏𝑏𝑷𝑷𝒄𝒄𝒔𝒔[𝐼𝐼𝐶𝐶𝐶𝐶𝑝𝑝𝐶𝐶𝐶𝐶𝑖𝑖𝐶𝐶𝐶𝐶 𝐼𝐼𝑆𝑆𝐶𝐶𝑟𝑟𝐶𝐶] + 𝑏𝑏𝑷𝑷𝒊𝒊𝒊𝒊[𝐼𝐼𝑛𝑛𝐶𝐶𝐶𝐶𝑟𝑟𝑖𝑖𝐶𝐶𝐶𝐶 𝑇𝑇𝑇𝑇𝑇𝑇𝐶𝐶𝑛𝑛] (LNR-1.1) 

 
The next iteration of models, shown below, break down the three-year composite interim score 

into one-year, grade-level-specific composite scores. The terms in both models are the same but 

one is a logistic regression and the other a linear regression as detailed earlier. 

 

 

 

𝜋𝜋𝑷𝑷𝑷𝑷𝒔𝒔𝒔𝒔𝑷𝑷𝑷𝑷𝑷𝑷  =  𝑏𝑏0 + 𝑏𝑏𝑷𝑷𝒈𝒈𝒄𝒄𝒔𝒔[𝐺𝐺6 𝐼𝐼𝑛𝑛𝐶𝐶𝐶𝐶𝑟𝑟𝑖𝑖𝐶𝐶 𝐼𝐼𝑆𝑆𝐶𝐶𝑟𝑟𝐶𝐶] + 𝑏𝑏𝑷𝑷𝒈𝒈𝑷𝑷𝒊𝒊𝒊𝒊[𝐺𝐺6 𝐼𝐼𝑛𝑛𝐶𝐶𝐶𝐶𝑟𝑟𝑖𝑖𝐶𝐶𝐶𝐶 𝑇𝑇𝑇𝑇𝑇𝑇𝐶𝐶𝑛𝑛]

+ 𝑏𝑏𝑷𝑷𝒈𝒈𝑷𝑷𝒄𝒄𝒔𝒔[𝐺𝐺7 𝐼𝐼𝑛𝑛𝐶𝐶𝐶𝐶𝑟𝑟𝑖𝑖𝐶𝐶 𝐼𝐼𝑆𝑆𝐶𝐶𝑟𝑟𝐶𝐶] + 𝑏𝑏𝑷𝑷𝒈𝒈𝑷𝑷𝒊𝒊𝒊𝒊[𝐺𝐺7 𝐼𝐼𝑛𝑛𝐶𝐶𝐶𝐶𝑟𝑟𝑖𝑖𝐶𝐶𝐶𝐶 𝑇𝑇𝑇𝑇𝑇𝑇𝐶𝐶𝑛𝑛]

+ 𝑏𝑏𝑷𝑷𝒈𝒈𝑷𝑷𝒄𝒄𝒔𝒔[𝐺𝐺8 𝐼𝐼𝑛𝑛𝐶𝐶𝐶𝐶𝑟𝑟𝑖𝑖𝐶𝐶 𝐼𝐼𝑆𝑆𝐶𝐶𝑟𝑟𝐶𝐶] + 𝑏𝑏𝑷𝑷𝒈𝒈𝑷𝑷𝒊𝒊𝒊𝒊[𝐺𝐺8 𝐼𝐼𝑛𝑛𝐶𝐶𝐶𝐶𝑟𝑟𝑖𝑖𝐶𝐶𝐶𝐶 𝑇𝑇𝑇𝑇𝑇𝑇𝐶𝐶𝑛𝑛] 

(LGR-1.2) 

 
 

 
𝑌𝑌�𝑆𝑆𝑆𝑆𝑆𝑆  =  𝑏𝑏0 + 𝑏𝑏𝑷𝑷𝒈𝒈𝒄𝒄𝒔𝒔�𝐺𝐺6 𝐼𝐼𝑛𝑛𝐶𝐶𝐶𝐶𝑟𝑟𝑖𝑖𝐶𝐶 𝐼𝐼𝑆𝑆𝐶𝐶𝑟𝑟𝐶𝐶 + 𝑏𝑏𝑷𝑷𝒈𝒈𝑷𝑷𝒊𝒊𝒊𝒊𝐺𝐺6 𝐼𝐼𝑛𝑛𝐶𝐶𝐶𝐶𝑟𝑟𝑖𝑖𝐶𝐶𝐶𝐶 𝑇𝑇𝑇𝑇𝑇𝑇𝐶𝐶𝑛𝑛�

+ 𝑏𝑏𝑷𝑷𝒈𝒈𝑷𝑷𝒄𝒄𝒔𝒔[𝐺𝐺7 𝐼𝐼𝑛𝑛𝐶𝐶𝐶𝐶𝑟𝑟𝑖𝑖𝐶𝐶 𝐼𝐼𝑆𝑆𝐶𝐶𝑟𝑟𝐶𝐶 + 𝑏𝑏𝑷𝑷𝒈𝒈𝑷𝑷𝒊𝒊𝒊𝒊𝐺𝐺7 𝐼𝐼𝑛𝑛𝐶𝐶𝐶𝐶𝑟𝑟𝑖𝑖𝐶𝐶𝐶𝐶 𝑇𝑇𝑇𝑇𝑇𝑇𝐶𝐶𝑛𝑛]

+ 𝑏𝑏𝑷𝑷𝒈𝒈𝑷𝑷𝒄𝒄𝒔𝒔[𝐺𝐺8 𝐼𝐼𝑛𝑛𝐶𝐶𝐶𝐶𝑟𝑟𝑖𝑖𝐶𝐶 𝐼𝐼𝑆𝑆𝐶𝐶𝑟𝑟𝐶𝐶 + 𝑏𝑏𝑷𝑷𝒈𝒈𝑷𝑷𝒊𝒊𝒊𝒊𝐺𝐺8 𝐼𝐼𝑛𝑛𝐶𝐶𝐶𝐶𝑟𝑟𝑖𝑖𝐶𝐶𝐶𝐶 𝑇𝑇𝑇𝑇𝑇𝑇𝐶𝐶𝑛𝑛] 

(LNR-1.2) 

 
For the remainder of the study, the first two models (LGR-1.1 and LNR-1.1) serve as the basis 

for subsequent models. 
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 Research Question 2. As noted earlier, the base models developed for the first research 

question are used to answer the second research question. I answer the second research question 

by running the model adopted in the first research question for the relevant subpopulation. The 

model used for this analysis is given below: 

 

 𝜋𝜋𝑷𝑷𝑷𝑷𝒔𝒔𝒔𝒔𝑷𝑷𝑷𝑷𝑷𝑷  =  𝑏𝑏0 + 𝑏𝑏𝑷𝑷𝒄𝒄𝒔𝒔[𝐼𝐼𝐶𝐶𝐶𝐶𝑝𝑝𝐶𝐶𝐶𝐶𝑖𝑖𝐶𝐶𝐶𝐶 𝐼𝐼𝑆𝑆𝐶𝐶𝑟𝑟𝐶𝐶] + 𝑏𝑏𝑷𝑷𝒊𝒊𝒊𝒊[𝐼𝐼𝑛𝑛𝐶𝐶𝐶𝐶𝑟𝑟𝑖𝑖𝐶𝐶𝐶𝐶 𝑇𝑇𝑇𝑇𝑇𝑇𝐶𝐶𝑛𝑛] (LGR-2.1 
LGR-2.2 
LGR-2.3) 

 
 
The second part of the analysis, for the second research question, looks at predicting a 

student’s scale score on the Statewide Science Assessment using student, class, and school-level 

covariates in the form of Equation (5) within a linear regression framework. These student-level 

covariates include the same grand composite interim score and number of interims taken along 

with a vector of covariates controlling for student race, the number of days student missed during 

their three years in middle school, student free or reduced-priced meals status, student gifted 

status, and students with disability status. The model used (LGR-2.4) is given below: 

 
𝑌𝑌�𝑆𝑆𝑆𝑆𝑆𝑆  =  𝑏𝑏0 + 𝑏𝑏𝑷𝑷𝒄𝒄𝒔𝒔[𝐼𝐼𝐶𝐶𝐶𝐶𝑝𝑝𝐶𝐶𝐶𝐶𝑖𝑖𝐶𝐶𝐶𝐶 𝐼𝐼𝑆𝑆𝐶𝐶𝑟𝑟𝐶𝐶] + 𝑏𝑏𝑷𝑷𝒊𝒊𝒊𝒊[𝐼𝐼𝑛𝑛𝐶𝐶𝐶𝐶𝑟𝑟𝑖𝑖𝐶𝐶𝐶𝐶 𝑇𝑇𝑇𝑇𝑇𝑇𝐶𝐶𝑛𝑛] + 𝒃𝒃𝑷𝑷𝑷𝑷𝒄𝒄𝒓𝒓[𝑹𝑹𝑷𝑷𝒄𝒄𝒓𝒓]

+ 𝑏𝑏𝑷𝑷𝒃𝒃𝒔𝒔[𝑁𝑁𝑁𝑁𝐶𝐶𝑏𝑏𝐶𝐶𝑟𝑟 𝐶𝐶𝑜𝑜 𝐼𝐼𝐶𝐶𝑁𝑁𝑆𝑆𝐶𝐶𝑛𝑛𝐶𝐶 𝐴𝐴𝑏𝑏𝐶𝐶𝐶𝐶𝑛𝑛𝑆𝑆𝐶𝐶𝐶𝐶]

+ 𝑏𝑏𝒇𝒇𝑷𝑷𝒇𝒇[𝐼𝐼𝐶𝐶𝑁𝑁𝑆𝑆𝐶𝐶𝑛𝑛𝐶𝐶 𝐹𝐹𝐹𝐹𝐹𝐹 𝐼𝐼𝐶𝐶𝑇𝑇𝐶𝐶𝑁𝑁𝐶𝐶] + 𝑏𝑏𝑷𝑷𝒇𝒇𝒊𝒊[𝐼𝐼𝐶𝐶𝑁𝑁𝑆𝑆𝐶𝐶𝑛𝑛𝐶𝐶 𝐺𝐺𝑖𝑖𝑜𝑜𝐶𝐶𝐶𝐶𝑆𝑆 𝐼𝐼𝐶𝐶𝑇𝑇𝐶𝐶𝑁𝑁𝐶𝐶]

+ 𝑏𝑏𝒔𝒔𝒔𝒔𝒔𝒔[𝐼𝐼𝐶𝐶𝑁𝑁𝑆𝑆𝐶𝐶𝑛𝑛𝐶𝐶 𝐸𝐸𝐼𝐼𝐸𝐸 𝐼𝐼𝐶𝐶𝑇𝑇𝐶𝐶𝑁𝑁𝐶𝐶] 

(LGR-2.4) 

 
The class-level model follows the model (LNR-2.4) but adds class (or peer interaction) impact 

on student performance for the Statewide Science Assessment. This model includes student-level 

interim terms and aggregated class-based ones, such as class science ability: 

 
𝑌𝑌�𝑆𝑆𝑆𝑆𝑆𝑆  =  𝑏𝑏0 + 𝑏𝑏𝑷𝑷𝒄𝒄𝒔𝒔[𝐼𝐼𝐶𝐶𝐶𝐶𝑝𝑝𝐶𝐶𝐶𝐶𝑖𝑖𝐶𝐶𝐶𝐶 𝐼𝐼𝑆𝑆𝐶𝐶𝑟𝑟𝐶𝐶] + 𝑏𝑏𝑷𝑷𝒊𝒊𝒊𝒊[𝐼𝐼𝑛𝑛𝐶𝐶𝐶𝐶𝑟𝑟𝑖𝑖𝐶𝐶𝐶𝐶 𝑇𝑇𝑇𝑇𝑇𝑇𝐶𝐶𝑛𝑛] + 𝒃𝒃𝑷𝑷𝑷𝑷𝒄𝒄𝒓𝒓[𝑹𝑹𝑷𝑷𝒄𝒄𝒓𝒓]

+ 𝑏𝑏𝑷𝑷𝒃𝒃𝒔𝒔[𝑁𝑁𝑁𝑁𝐶𝐶𝑏𝑏𝐶𝐶𝑟𝑟 𝐶𝐶𝑜𝑜 𝐼𝐼𝐶𝐶𝑁𝑁𝑆𝑆𝐶𝐶𝑛𝑛𝐶𝐶 𝐴𝐴𝑏𝑏𝐶𝐶𝐶𝐶𝑛𝑛𝑆𝑆𝐶𝐶𝐶𝐶]

+ 𝑏𝑏𝒇𝒇𝑷𝑷𝒇𝒇[𝐼𝐼𝐶𝐶𝑁𝑁𝑆𝑆𝐶𝐶𝑛𝑛𝐶𝐶 𝐹𝐹𝐹𝐹𝐹𝐹 𝐼𝐼𝐶𝐶𝑇𝑇𝐶𝐶𝑁𝑁𝐶𝐶] + 𝑏𝑏𝑷𝑷𝒇𝒇𝒊𝒊[𝐼𝐼𝐶𝐶𝑁𝑁𝑆𝑆𝐶𝐶𝑛𝑛𝐶𝐶 𝐺𝐺𝑖𝑖𝑜𝑜𝐶𝐶𝐶𝐶𝑆𝑆 𝐼𝐼𝐶𝐶𝑇𝑇𝐶𝐶𝑁𝑁𝐶𝐶]

+ 𝑏𝑏𝒔𝒔𝒔𝒔𝒔𝒔[𝐼𝐼𝐶𝐶𝑁𝑁𝑆𝑆𝐶𝐶𝑛𝑛𝐶𝐶 𝐸𝐸𝐼𝐼𝐸𝐸 𝐼𝐼𝐶𝐶𝑇𝑇𝐶𝐶𝑁𝑁𝐶𝐶] + 𝑏𝑏𝒔𝒔𝑷𝑷𝒔𝒔𝒓𝒓[𝐼𝐼𝐶𝐶𝑇𝑇𝐶𝐶𝐶𝐶 𝐶𝐶𝑖𝑖𝑠𝑠𝐶𝐶]

+ 𝑏𝑏𝑷𝑷𝒃𝒃𝒇𝒇𝒓𝒓[𝐼𝐼𝐶𝐶𝑇𝑇𝐶𝐶𝐶𝐶 𝐴𝐴𝑏𝑏𝑖𝑖𝐶𝐶𝑖𝑖𝐶𝐶𝑦𝑦] + 𝑏𝑏𝒔𝒔𝒔𝒔𝒔𝒔[𝐼𝐼𝐶𝐶𝑇𝑇𝐶𝐶𝐶𝐶 % 𝐼𝐼𝑆𝑆𝑆𝑆]

+ 𝑏𝑏𝑷𝑷𝒇𝒇𝒊𝒊[𝐼𝐼𝐶𝐶𝑇𝑇𝐶𝐶𝐶𝐶 % 𝐺𝐺𝑖𝑖𝑜𝑜𝐶𝐶𝐶𝐶𝑆𝑆] + 𝑏𝑏𝒇𝒇𝑷𝑷𝒇𝒇[𝐼𝐼𝐶𝐶𝑇𝑇𝐶𝐶𝐶𝐶 % 𝐹𝐹𝐹𝐹𝐹𝐹] 

(LGR-2.5) 
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The last model used follows the basic form of the previous two, however, it adds a focus on how 

school-level characteristics impact predicted student performance on the Statewide Science 

Assessment. This model includes terms for student-level composite interim scores and the 

number of interims tests taken. It also includes terms for the composition of the schools, 

including the percentage of the school population that are a minor race or ethnicity and the 

percentage of the school that have a low socio-economic status. These are used in a step-wise 

manner: starting with student-level, then class-level, and finally adding school-level covariates. 

 
𝑌𝑌�𝑆𝑆𝑆𝑆𝑆𝑆  =  𝑏𝑏0 + 𝑏𝑏𝑷𝑷𝒄𝒄𝒔𝒔[𝐼𝐼𝐶𝐶𝐶𝐶𝑝𝑝𝐶𝐶𝐶𝐶𝑖𝑖𝐶𝐶𝐶𝐶 𝐼𝐼𝑆𝑆𝐶𝐶𝑟𝑟𝐶𝐶] + 𝑏𝑏𝑷𝑷𝒊𝒊𝒊𝒊[𝐼𝐼𝑛𝑛𝐶𝐶𝐶𝐶𝑟𝑟𝑖𝑖𝐶𝐶𝐶𝐶 𝑇𝑇𝑇𝑇𝑇𝑇𝐶𝐶𝑛𝑛] + 𝒃𝒃𝑷𝑷𝑷𝑷𝒄𝒄𝒓𝒓[𝑹𝑹𝑷𝑷𝒄𝒄𝒓𝒓]

+ 𝑏𝑏𝑷𝑷𝒃𝒃𝒔𝒔[𝑁𝑁𝑁𝑁𝐶𝐶𝑏𝑏𝐶𝐶𝑟𝑟 𝐶𝐶𝑜𝑜 𝐼𝐼𝐶𝐶𝑁𝑁𝑆𝑆𝐶𝐶𝑛𝑛𝐶𝐶 𝐴𝐴𝑏𝑏𝐶𝐶𝐶𝐶𝑛𝑛𝑆𝑆𝐶𝐶𝐶𝐶]

+ 𝑏𝑏𝒇𝒇𝑷𝑷𝒇𝒇[𝐼𝐼𝐶𝐶𝑁𝑁𝑆𝑆𝐶𝐶𝑛𝑛𝐶𝐶 𝐹𝐹𝐹𝐹𝐹𝐹 𝐼𝐼𝐶𝐶𝑇𝑇𝐶𝐶𝑁𝑁𝐶𝐶] + 𝑏𝑏𝑷𝑷𝒇𝒇𝒊𝒊[𝐼𝐼𝐶𝐶𝑁𝑁𝑆𝑆𝐶𝐶𝑛𝑛𝐶𝐶 𝐺𝐺𝑖𝑖𝑜𝑜𝐶𝐶𝐶𝐶𝑆𝑆 𝐼𝐼𝐶𝐶𝑇𝑇𝐶𝐶𝑁𝑁𝐶𝐶]

+ 𝑏𝑏𝒔𝒔𝒔𝒔𝒔𝒔[𝐼𝐼𝐶𝐶𝑁𝑁𝑆𝑆𝐶𝐶𝑛𝑛𝐶𝐶 𝐸𝐸𝐼𝐼𝐸𝐸 𝐼𝐼𝐶𝐶𝑇𝑇𝐶𝐶𝑁𝑁𝐶𝐶]

+ 𝑏𝑏𝒔𝒔𝑷𝑷𝒔𝒔𝒓𝒓[𝐼𝐼𝐶𝐶𝑇𝑇𝐶𝐶𝐶𝐶 𝐶𝐶𝑖𝑖𝑠𝑠𝐶𝐶] 𝑏𝑏𝑷𝑷𝒃𝒃𝒇𝒇𝒓𝒓[𝐼𝐼𝐶𝐶𝑇𝑇𝐶𝐶𝐶𝐶 𝐴𝐴𝑏𝑏𝑖𝑖𝐶𝐶𝑖𝑖𝐶𝐶𝑦𝑦] + 𝑏𝑏𝒔𝒔𝒔𝒔𝒔𝒔[𝐼𝐼𝐶𝐶𝑇𝑇𝐶𝐶𝐶𝐶 % 𝐼𝐼𝑆𝑆𝑆𝑆]

+ 𝑏𝑏𝑷𝑷𝒇𝒇𝒊𝒊[𝐼𝐼𝐶𝐶𝑇𝑇𝐶𝐶𝐶𝐶𝐶𝐶 % 𝐺𝐺𝑖𝑖𝑜𝑜𝐶𝐶𝐶𝐶𝑆𝑆] + 𝑏𝑏𝒇𝒇𝑷𝑷𝒇𝒇[𝐼𝐼𝐶𝐶𝑇𝑇𝐶𝐶𝐶𝐶 % 𝐹𝐹𝐹𝐹𝐹𝐹]

+ 𝑏𝑏𝒎𝒎𝑷𝑷𝑷𝑷[𝐼𝐼𝑆𝑆ℎ𝐶𝐶𝐶𝐶𝐶𝐶 % 𝑀𝑀𝑖𝑖𝑛𝑛𝐶𝐶𝑟𝑟𝑖𝑖𝐶𝐶𝑦𝑦] + 𝑏𝑏𝒇𝒇𝑷𝑷𝒇𝒇[𝐼𝐼𝑆𝑆ℎ𝐶𝐶𝐶𝐶𝐶𝐶 % 𝐹𝐹𝐹𝐹𝐹𝐹] 

(LGR-2.6) 

 
Model Accuracy Measures 

 
When the focus of a study is on prediction (as opposed to explanation), then primary 

concern is the accuracy of the model used to make those predictions (Morris & Lieberman, 

2015). These “accuracy” measures operate on the results of the models and are not a prediction 

themselves. Instead, they offer a measure of application rather than showing the association 

between variables (Messick, 1989; Anastasi & Urbine, 2014). This research follows the methods 

of previous predictive studies and uses contingency Table 13 as a guide to show model accuracy 

(Silberglitt & Hintze, 2005; McGlinchey & Hixson, 2004; Seethaler & Fuchs, 2011). The 

specific elements that are calculated include the following: 

• Sensitivity, the proportion of students who pass who are also predicted to pass. This is 

also known as a true-positive rate and is calculated by dividing the number of true-

positives by the positive samples total. 

• Specificity, the proportion of students who fail who are also predicted to fail. This 

measure is also called the true-negative rate and is calculated by dividing the number of 

true negatives by the negative samples total. 
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• Positive Predictive Value, the probability a student who passes would be predicted to 

pass. This is calculated by dividing the number of true-positives by the sum of the true-

positive and the false-positive counts. 

• Negative Predictive Value, the probability a student who fails would be predicted to fail. 

This measure is calculated by dividing the number of true-negative by the sum of the 

true-negative and false-negative counts. 

 

Table 13. Contingency table “confusion matrix” for statistical classification. 

Predicted Results 
Observed Results 

Predicted Total 
Pass Fail 

Pass True Positive False Positive Predicted Positive Samples 

Fail False Negative True Negative Predicted Negative Samples 

Actual Total Positive Samples Negative Samples - 
Source: Adapted from Fawcett (2006). 

 

Representativeness and External Validity 
 
 Determining the representativeness of the analytic sample to the district sample is part of 

showing the external validity, or how well the findings can be generalized outside the bounds of 

the delimitations in this study. I determine this representativeness by using a t-test to compare the 

proportion of students for each subpopulation between the two samples. Additionally, where 

appropriate, the mean and standard deviations are given for averaged values to aid in the 

judgement of external validity. 

 
Limitations 
 

This research looks to evaluate the predictive validity of locally developed interim tests 

for science. As noted earlier, validity in general is a judgement based on multiple evidence and 

not just a statistic that falls within a preferred range. As such, a case must be made to show the 

validity of the interims regarding their association with the Florida State-wide Science 

Assessment.  
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Second, there are assumptions about the interim tests themselves and their administration. 

Through the development process, I take on good faith that each item is aligned to its intended 

benchmark statement and that each item maintains uni-dimensionality and measures what it was 

supposed to. We must also assume that administration of the interims was carried out with 

deliberate intent and practices that could result in report student performance inaccurately were 

non-existent.  
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CHAPTER 4 
 

RESULTS AND ANALYSIS 
 
 

 
In this chapter I report the results obtained for the analyses performed to address the 

research questions and determine the predictive validity of the science interim tests used in my 

school district. These questions are: 

1. To what extent are locally-created interim tests valid predictors of student performance 

on the Florida State-wide Science Assessment for Grade 8? 

2. How does the predictive validity of the interim tests vary by student race, exceptionality, 

socio-economic status, absenteeism rate, class, and school characteristics? 

This predictive validity determination is presented in five sections: the representativeness of the 

analytic dataset, a look at interim test score reliability, and a section devoted to each research 

question. The last section captures any summary remarks for the methods used and results 

obtained. 

 
Representativeness of the Data 

 
Student Demographics 
 
 The distributions of student demographic characteristics and cohort membership are 

outlined in this section. All data are based on 5-year aggregates, starting with the 2013-14 school 

year and ending with the 2017-18 school year. Data tables relevant to this section are given in 

Appendix A. 

The analytic sample is approximately 43% smaller than the district sample, by student 

count. The external validity of this study would be increased if the analytic sample were similar 

across demographic characteristics. Inspecting race/ethnicity alone, however, shows a 

statistically significant (t = -3.76; p < 0.01) difference between the percentages of students in 

each sample who identify as Black or African American. Since the percentage is lower for the 

analytic sample than the district sample, it follows then, there is an overall underrepresentation 

for this subpopulation. A similar comparison shows there is also a statistically significant (t = -

3.31; p < 0.01) underrepresentation of students who have a primary disability and an 
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overrepresentation of students who are gifted (t = 6.44; p < 0.01). Generally, where the analytic 

sample shows a significant difference, each cohort also exhibits a similar result. 

 
Statewide Science Assessment Performance 
 

Here I describe the Grade 8 Statewide Science Assessment results by district sample, 

analytic sample, and demographic averages. The resulting descriptive statistics span five years as 

well, starting with the 2013-14 school year and ending with the 2017-18 school year. 

The percentage of students who earn a “less than satisfactory” designation (performance 

level 3 or less) are underrepresented in the analytic sample when compared with the district 

sample, showing a 3.5 percentage-point gap for students earning a “level 1” alone. This is a 

statistically significant result for both performance level 1 (t = -8.09, p < 0.01) and performance 

level 2 (t = -3.01, p < 0.01), with the same trend persisting between each cohort. This 

underrepresentation may be caused by the high mobility of the student population which could 

also explain the large standard deviation of the absenteeism rates. The high mobility may 

ultimately reduce the number of students included in the analytic sample based on the criteria for 

inclusion set earlier. The percent of students who earn the highest, “proficient” or “mastery” 

designations are overrepresented in the analytic sample with a 3 percentage-point gap for 

students earning a “level 5.” 

Across all demographics for student performance on the Statewide Science Assessment, 

students earning a performance level 1 (or an “inadequate” designation) are consistently 

underrepresented in the analytic sample. Here, the largest gap between the two samples exists for 

students who identify as Black or African American with a statistically significant, 6-percentage 

point difference (t = -3.96, p < .0.1). For the same performance level, however, the most 

overrepresented group is students with disabilities. There is a 22.5-percentage point difference 

between the analytic and district samples, with the analytic sample having a higher percentage of 

such students earning a level 1. This is a statistically significant result (t = -4.61, p < 0.01). 

 It is clear the percentage of students earning a level 1 or a level 5 is different between the 

district and analytic samples. I next look at the percentage of students who pass to determine if 

the same pattern hold for these students as well. This is a statistically significant result (t = 8.46, 

p < 0.01) that also persists across the cohorts as well as the over analytic sample. This means the 
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analytic sample contains a larger proportion of students who are higher achieving than those in 

the district sample. 

 
Interim Test Performance 
 
 The interim tests, unlike the Statewide Science Assessment, do not have performance 

levels designations. Instead, this section relies on using mean composite score values and 

standard deviations of the interim test scores. The Interim Composite Score (ICS) combines all 

interim test score data for a student across all years and grades, meaning it is a three-year holistic 

percent score. There is a statistically significant difference between the two samples (and each 

cohort). The analytic sample has a higher composite score (by 2.3 percentage points) and higher 

average number of interims taken (by 5 interims) than the district sample (t = 11.78, p < 0.01). 

The same trends hold for each demographic as well. 

 
Overall Analysis 
 

There were several areas where the two samples did not agree. Some of these were 

sporadic across the various dimensions analyzed while others appeared to be systematic in 

nature. Students who identify as Black or African American, for example, are underrepresented 

in the analytic sample and have a higher percentage earning the lowest level of achievement on 

the Statewide Science Assessment when compared the district sample.  

This trend, however, is not true for students who earned the highest level of achievement, 

regardless of demographic. That is to say, the analytic sample is not representative of the district 

sample for the extremes of student performance. There is an underrepresentation of lower 

performing students and an overrepresentation of higher performing students in the analytic 

sample. The two extremes do not complement one another or regress towards the mean as the 

proportion of students who earn a satisfactory designation (level 3 – 5) is a statistically 

significant difference between the two samples. 

 
Interim Test Score Reliability 

 
 In Chapters 2 and 3, I noted the research was clear there is one method that is most often 

employed when determining test score reliability. That method is called Cronbach’s alpha, and 

as also noted, regardless of the method used, the best determination uses a preponderance of 
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evidence in making the final judgement of score reliability. This section makes use such a 

preponderance by using Cronbach’s alpha and the Spearman-Brown Prediction Formula. 

 
Individual Interim Test Score Reliability 

 
The score reliability values presented are calculated using Cronbach’s alpha. They are 

based on scores from all students who took the interim test within the district for that given 

administration, regardless of inclusion in the district sample or analytic sample. The individual 

interim test score reliability coefficients are given in Appendix B. Nunnally (1978) suggests tests 

used in research should have a score reliability of 0.70 or higher. Using this value as a baseline, 

only 8 of the 104 interim tests (< 8%), are below it and 5 of those of those 8 interim tests where 

from the first year of study. These data points show the interim tests can produce reliable test 

scores, year over year. 

 
Composite Score Reliability 
 
 The composite interim tests are larger, in terms of items asked and benchmarks assessed, 

than any single interim test listed in the previous tables of this section. There are two types of 

composite interim tests used in the present research. The first is a grade-level specific test. Here, 

all the interim tests for any one grade level are combined for any given year. The last type of 

composite test combines successive grade-level composites, that is, all of grade six interims from 

one year are combined with all grade seven interims from the next year and finally with all grade 

eight interim from the last year to form the “grand” interim composite score.  

As an example, for the three-year composite interim test, consider those interims given 

between the 2013-2014 and the 2015-16 school years for grades 6 through 8. Combining these 

items into one composite interim test gives an assessment that has 359 items covering 96 content 

benchmarks (it should be stated, these are not unique benchmarks because there is overlap as 

some questions target the same benchmark). 

The Spearman-Brown formula can be used to predict how test score reliability will 

change given an increase in the number of items posed on the test. Increasing the number of 

items on the test increases the reliability of the test scores (Nunnally, 1978). Using this same 

result, Thissen and Wainer (1992) showed that increasing the number of testlets (in this case 

these are “subtests,” created by grouping items by standard) increases the composite score 
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reliability. Feldt (1993) suggested item quality is secondary to score reliability such that adding 

items is sufficient to increase test score reliability, regardless of the item’s difficulty. Because of 

this, the score reliabilities of the composite interims test are higher than each individual 

component interim test score reliability. That is, since the individual reliability values are 

generally higher than suggested minimum of 0.70, so too, then, are the composite interim test 

score reliabilities. 

 
Research Question 1 Results 

 
 This first research question is broken up into two parts. Part one deals with the overall 

interim composite score and how it relates to both student success (earning a performance level 

three or higher) and the scaled score for the Statewide Science Assessment. The second uses 

grade-level specific composite scores and not the overall composite score. 

 
Overall Interim Composite Score (Model 1) 
 

A pair-wise correlation coefficient was calculated, r = 0.855 (p < 0.01), to determine the 

degree of association between student Statewide Science Assessment (SSA) scaled score and 

interim composite score. This corresponds to a predictive validity coefficient of r2 = 0.731 (n = 

9,507), which explains ~73% of the variance found among the SSA scaled scores. 

I estimated a logistic regression to determine the probability of student success on the 

SSA using the overall interim composite score and the number of interim tests taken. Results are 

presented in Table 14. The odds of earning a satisfactory score on the Statewide Science 

Assessment increases by 1.23 for every one-unit increase in the overall interim composite score.  

 
Table 14. Logistic regression of predictors of SSA success, Model 1. 

Predictor Log-Odds Coefficient SE Odds Ratio 

Overall Composite Score 0.204** 0.0042 1.23 ** 

Number of Interims Taken 0.015 0.0197 1.01 

Psuedo-R2 0.533   

N 9,507   

Note: Values are significant at the ** p < 0.01 and * p < 0.05. 
 



63 

I also estimated a linear regression model to predict scaled scores on the Statewide 

Science Assessment using a composite score based on student performance on a battery of 

interim tests and the number of tests taken. On average, a student’s scaled score increases by 

approximately 1.18 points for every one-unit increase on the overall interim composite score, as 

shown in Table 15. The number of interims taken is not a statistically significant (or, in one case, 

is less statistically significant) predictor compared to the overall composite score. This is most 

likely due to the use of a percent score instead of a raw score as the latter factors in the number 

of interims taken already. 

 
Table 15. Linear regression of predictors of SSA scaled ccore, Model 1. 

Predictor Coefficient SE β 

Overall Composite Score 1.178** 0.0077 0.852 

Count of Interims Taken 0.131* 0.0650 0.011 

R2 0.731   

N 9,507   
Note: Values are significant at the ** p < 0.01 and * p < 0.05. 

 
Grade-Specific Composite Scores (Model 2) 
 

A pair-wise correlation coefficient matrix was created for each grade-specific composite 

score against each other and the Statewide Science Assessment scaled scores. Each interim is 

correlated to each other interim and the Statewide Science Assessment with statistically 

significant results, as presented in Table 16. This adds to the internal validity of the present study 

by showing the internal-consistency between interim composites and the SSA. 

 
Table 16. Correlation and predictive validity coefficients, Model 2. 

Measure Grade 6 ICS Grade 7 ICS Grade 8 ICS 

Grade 7 ICS 0.77** (0.59) - - - - 

Grade 8 ICS 0.74** (0.55) 0.81** (0.66) - - 

SSA Scaled Score 0.74** (0.55) 0.80** (0.64) 0.80** (0.64) 

Note: Values are significant at the ** p < 0.01 and * p < 0.05. Values in parentheses are the 
predictive validity coefficients (r2). 
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Another logistic regression was run to determine the probability of student success on the 

SSA using each grade-specific interim composite score along with the number of interim tests 

taken in each grade level. The model was statistically significant overall, however the number of 

interim tests taken did not yield statistically significant coefficients. In this model, each 

individual grade composite score was a statistically significant predictor of a student’s success 

on the Statewide Science Assessment. Like the previous logistic regression model, the odds of 

earning a satisfactory or higher score on the SSA increases by 1.04 to 1.10 for each one-unit 

increase in one of the grade-level specific composite scores. The results of the model are 

presented in Table 17. 

 
Table 17. Logistic regression of predictors of SSA success, Model 2. 

Predictor Log-Odds Coefficient SE Odds Ratio 

Grade 6 Composite Score 0.037** 0.0034 1.04** 

Grade 7 Composite Score 0.0738** 0.0042 1.08** 

Grade 8 Composite Score 0.0977** 0.0043 1.10** 

Number of Grade 6 Interims Taken 0.0460 0.0324 1.05 

Number of Grade 7 Interims Taken -0.0192 0.0361 0.98 

Number of Grade 8 Interims Taken -0.0439 0.0462 0.96 

    

Psuedo-R2 0.5427   

N 9,507   
Note: Values are significant at the ** p < 0.01 and * p < 0.05. 
 

 I estimated another linear regression model using the using the SSA scaled score as the 

dependent variable with the grade-specific composite scores and count of interim tests taken per 

grade. As noted for the logistic regression above, the individual grade-level composite scores are 

statistically significant predictors of a student’s Statewide Science Assessment scaled score. The 

number of interims taken, however, are not statistically significant predictors of success. The 

model explains 74% of the variance in the SSA scale scores. The full results of the linear 

regression are given in Table 18. 
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Table 18. Linear regression of predictors of SSA scaled score, Model 2. 

Predictor Coefficient SE β 

Grade 6 Composite Score 0.224** 0.0112 0.185 
Grade 7 Composite Score 0.403** 0.0127 0.320 
Grade 8 Composite Score 0.541** 0.0125 0.416 
Number of Grade 6 Interims Taken 0.230* 0.1031 0.121 
Number of Grade 7 Interims Taken -0.211 0.1165 -0.010 
Number of Grade 8 Interims Taken 0.0119 0.1590 0.000 
    
R2 0.7366   
N 9,507   

Note: Values are significant at the ** p < 0.01 and * p < 0.05. 
 
Summary of Models 
 
 The first model (Model 1) estimated the likelihood of student success on the SSA using 

the composite interim score and the number of interims taken. The second model (Model 2) 

estimated the same outcome but used grade-level specific interim composite scores, or one 

composite score for each grade level. The results of each model were nearly identical, as 

measured by each respective effect size (R2) for the linear regressions and the pseudo-R2 for the 

logistic regressions. Both models also showed the number of interims taken are not statistically 

significant predictors of either student success or the estimated SSA scale score. Further analysis 

of each model is conducted in the next section using model accuracy measures. 

 
Model Accuracy 
 

This next analysis employs model accuracy measures, including: sensitivity, specificity, 

positive predictive value, negative predictive value, and the overall percentage of students who 

were correctly classified as successful on the Statewide Science Assessment. This information is 

given in Table 19 for each model addressed in the first research question. 

The model accuracy measures suggest the overall interim test composite score (Model 1) 

is not the most accurate model to use when compared to the grade-level composite model (Model 

2). Using a composite of each grade level interim tests as the success predictor is the most 

accurate, sensitive, and specific model to use. However, while it is true that both logistic 
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regression models are statistically significant predictors of student success on the Statewide 

Science Assessment, there is no practical difference between them in terms of the accuracy 

measures. Both have a high degree of sensitivity (> 90%), predicting a pass for those who 

actually do pass, and both have a lower degree of specificity (78-79%), predicting a fail for those 

students who actually end up failing the SSA. 

 
Table 19. Accuracy measures for logistic regression models, Research Question 1. 

Measurement Model 1 Model 2 Absolute 
Difference 

Sensitivity 90.38% 90.78% 0.40% 

Specificity 78.38% 79.27% 0.89% 

Positive Predictive Value 87.83% 88.31% 0.48% 

Negative Predictive Value 82.52% 83.28% 0.76% 
    

Overall Correctly Classified 85.98% 86.56% 0.48% 

Cohort 2014 87.23% 87.10% 0.13% 

Cohort 2015 85.80% 86.48% 0.68% 

Cohort 2016 85.29% 85.95% 0.66% 
 

 
Research Question 2 Results 

 
This research question is broken up into two parts. The first one focuses on how Model 1 

(the overall composite score as a predictor of success) from the first research question varies by 

demographic. The second part attempts to refine the model by incorporating covariates at the 

student, class, and school levels. 

 
Overall Interim Composite Score by Demographic 
 

I calculated a pair-wise correlation and predictive validity coefficient to determine how 

the degree of association between student Statewide Science Assessment scaled score and 

interim composite score changes. This coefficient is calculated for each demographic and cohort 

as well as for the full analytic sample. The results of this these pairwise predictive validity 

coefficients are given in Table 20. The predive validity coefficients range from [0.60, 0.77] with 
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most of the cells (21/32 or 66%) showing an association greater than 0.70, meaning at least 70% 

of the variation observed in the Statewide Science Assessment scores can be explained by 

creating a composite of the interim test scores. The subgroup with the lowest correlation is 

students with disabilities, with a statistically significant predictive validity coefficient of 0.61 

between the SSA and the interim composite score. 

 
Table 20. Correlation and predictive validity coefficients by demographic and cohort. 

Demographic Cohort 2014 Cohort 2015 Cohort 2016 Analytic Sample 

Black 0.820** (0.67) 0.813** (0.66) 0.841** (0.71) 0.822** (0.68) 

Hispanic 0.854** (0.73) 0.866** (0.75) 0.832** (0.69) 0.849** (0.72) 

Other 0.866** (0.75) 0.873** (0.76) 0.871** (0.76) 0.869** (0.75) 

White 0.846** (0.72) 0.854** (0.73) 0.837** (0.70) 0.843** (0.71) 

SWD 0.801** (0.64) 0.774** (0.60) 0.788** (0.62) 0.781** (0.61) 

Non-SWD 0.847** (0.72) 0.850** (0.72) 0.833** (0.69) 0.842** (0.71) 

FRL 0.847** (0.72) 0.850** (0.72) 0.841** (0.71) 0.844** (0.71) 

Non-FRL 0.842** (0.71) 0.846** (0.72) 0.812** (0.66) 0.832** (0.69) 

Note: Values are significant at the ** p < 0.01 and * p < 0.05. Values in parentheses are the 
predictive validity coefficients (r2). 

 

I estimated the same logistic regression used in the first research question (Model 1) to 

determine the probability of student success on the SSA using the overall interim composite 

score and the number of interim tests taken on a subsample of each demographic of interest. The 

results of these estimations are presented in Table 21. The odds of earning a satisfactory score on 

the Statewide Science Assessment increases by a range of 1.20 to 1.23 for every one-unit 

increase in the interim composite score, depending on the demographic. In this case, the odds are 

the lowest (at 1.20) for students with disabilities and the highest (1.23) for students who identify 
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as Black or African American or “Other” race. For all practical purposes, however, this gap is 

negligible. The number of interims taken is, again, not a statistically significant predictor of 

student success on the SSA. 

 
Table 21. Logistic regression by demographic for Model 1, Research Question 2. 

Predictor Coefficient Black Hispanic Other White SWD FRL 

Composite 
Score Log-Odds 0.205** 0.202** 0.204** 0.201** 0.186** 0.120** 

 SE 0.1173 0.0092 0.0176 0.0055 0.0113 0.0047 

 Odds Ratio 1.23** 1.22** 1.23** 1.22** 1.20** 1.22** 

Interims 
Taken Log-Odds 0.144 -0.001 0.114 -0.018 0.049 0.014 

 SE 0.0504 0.0454 0.0843 0.0256 0.0510 0.0214 

 Odds Ratio 1.15 0.999 1.12 0.982 1.05 1.01 

Pseudo- R2  0.5067 0.5111 0.5469 0.5147 0.4707 0.5076 

N  1,236 1,875 619 5,777 1,214 7,065 

Note: Values are significant at the ** p < 0.01 and * p < 0.05. 

 

The last step in this section of the second research question uses accuracy measures to 

determine the fit of the model and are given in Table 22. While the overall percentage of students 

who are correctly classified does not substantially differ between demographic, there are 

deviations in both sensitivity and specificity. The results show the composite score does not 

predict true successes (false-positives as measured by sensitivity) well for students with 

disabilities nor for students who identify as Black or African American. Also, for the same two 

demographics, the percentage of false negatives is higher when compared to other groups. 
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Table 22. Model accuracy measures by demographic for Model 1, Research Question 2. 

Accuracy 
Measure Black Hispanic Other White SWD FRL Overall 

Sensitivity 79.17% 84.68% 93.63% 92.81% 66.78% 87.27% 90.38% 

Specificity 88.49% 82.70% 74.39% 72.85% 92.72% 80.85% 78.38% 

Positive 
Predictive Value 81.37% 84.25% 91.03% 89.35% 75.65% 85.53% 87.83% 

Negative 
Predictive Value 87.00% 83.16% 80.79% 80.50% 89.18% 83.03% 82.52% 

Overall Correctly 
Classified 84.87% 83.76% 88.53% 87.03% 86.18% 84.47% 85.98% 

 

Overall Interim Composite Score with Covariates 
 

The second part of the second research questions looks at the same logistic regression, 

Model 1, and adds covariates for each level of study: student, class, and school. These 

estimations are run to determine the internal validity of the model against known covariates that 

influence student achievement, as noted in Chapter 2. 

Student-Level Covariates. I first ran a model using student level covariates: the number 

of days absent across the whole of three years (from grade 6 to grade 8), student SWD status, 

free/reduced-price meal eligibility (as a proxy for socio-economic status) and gifted status. These 

last three indicators were dichotomous variables. The results of this logistic regression are given 

in Table 23 under “Model 1.” Similar to previous model runs, for every one-unit increase in the 

composite interim score, the odds of success on the SSA increases by about 1.22 units. While the 

odds ratio is smaller for the students with disabilities subgroup and larger for the “other” race 

category, the difference between the other subgroups is negligible. This suggests the addition of 

the student-level covariates does not offer any more explanation of the variance observed in 

student success on the SSA as compared to the information obtained from the student interim test 

scores. I performed a likelihood ratio test and determined the student-level covariate model 

(regardless of demographic) was a better fit to the data than the non-covariate model, (df=4, χ2 = 

51.65, p < 0.01). 
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Table 23. Logistic regression of SSA success, Model comparison by demographic. 

Predictor Demo- 
graphic 

Model 1 
(LGR-1.1) 

Step 1 
(LGR-2.4) 

Step 2 
(LGR-2.5) 

Step 3 
(LGR-2.6) 

Composite 
Score Black 1.23** (17.45) 1.22** (16.55) 1.19** (13.82) 1.20** (13.72) 

 Hispanic 1.22** (21.96) 1.22** (20.95) 1.19** (17.68) 1.20** (17.63) 

 Other 1.23** (11.63) 1.24** (10.87) 1.23** (9.30) 1.23** (9.02) 

 White 1.22** (36.67) 1.22** (34.57) 1.20** (28.81) 1.20** (28.81) 

 SWD 1.20** (16.47) 1.20** (16.29) 1.20** (14.42) 1.20** (14.39) 

 FRL 1.22** (42.69) 1.22** (41.10) 1.19** (34.29) 1.19** (34.23) 

 All 
Students 1.23** (48.42) 1.22** (45.72) 1.20** (38.17) 1.20** (38.13) 

Interims 
Taken Black 1.15** (2.85) 1.14* (2.46) 1.21* (2.18) 1.10 (13.73) 

 Hispanic 1.00 (-0.03) 1.00 (0.06) 1.00 (-0.01) 1.00 (0.09) 

 Other 1.12 (1.35) 1.15 (1.67) 1.16 (1.58) 1.14 (1.44) 

 White 0.982 (-0.70) 0.991 (-0.32) 0.982 (-0.67) 0.985 (-0.55) 

 SWD 1.05 (0.96) 1.06 (16.29) 1.05 (0.98) 1.05 (0.93) 

 FRL 1.01 (0.64) 1.03 (1.19) 1.02 (1.00) 1.02 (1.09) 

 All 
Students 1.01 (0.75) 1.02 (1.07) 1.01 (0.69) 1.02 (0.78) 

Note: Values are significant at the ** p < 0.01 and * p < 0.05. z-statistic is in parentheses 
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Class-Level Covariates. The previous model was run again except class-level covariates 

were also added. These included the percentage of the class population who has an 

exceptionality, the percentage of the class population who has a low-socioeconomic status, the 

percentage of the class population who are gifted, the overall “science ability” of the class and 

the class size for each class (in grade 6, in grade 7, and in grade 8). The results of this regression 

are given in Table 23. For this estimated model, the odds of success on the SSA generally 

decreased for each demographic. The exception to this decrease occurred for students 

categorized in the “other” race demographic, where there was an increase and for students with 

disabilities, where there was no change. This suggests adding class-level covariates does offer a 

somewhat better explanation of the student success variance, although, the difference between 

the two nested model odds ratios is also negligible. I again performed a likelihood ratio test and 

determined the addition of the class-level covariates to the student-level covariates (regardless of 

demographic) was a better fit than the previous model, (df=15, χ2 = 113.61, p < 0.01). 

School-Level Covariates. The last part of the second research question looks at school-

level covariates. This step included the percentage of the school population who are a minority 

race or ethnicity and the percentage of the school population who have a low socio-economic 

status for each grade level. The results of these models are also given in Table 23. The odds ratio 

changed for the predictor variables for most of the demographics when compared to the student- 

and class-level covariate model. However, this change in value was negligible across all 

demographics and the results for “all students” remained stagnate. This suggest no further 

information was garnered from the model to explain the student success variance. I ran another 

likelihood ratio test and determined, as suggested by the lack of significant change in the 

predictor odds ratios, the addition of school-level covariates to the previous model was not a 

better fit for the data, (df=6, χ2 = 5.00, p = 0.5435). 

Model Summary. The results of the all three models show there is a very strong 

relationship between the interim scores and success on the Statewide Science Assessment. This 

is evidenced first by the results of the first research question, where the predictive validity 

coefficient between them was 0.73 and the accuracy of that model’s categorization (predicted 

pass vs. predicted fail) was 86%, all while omitting covariates. Moreover, the addition of 

student-, class-, and school-level covariates did not significantly change predictor odds ratios. 

The pseudo-R2 did increase with each step for “all students” and for each demographic, however 
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the likelihood ratio tests and small degree of change in the log likelihood values after each step 

showed the addition of more covariates was fruitless beyond the class-level, as shown in Table 

24. Overall, for “all students” and all demographics, the odds ratios only fluctuate 0.05 units. 

This small amount in variation suggests the interim test scores are valid predictors of student 

success regardless of the demographic and regardless of student-level, class-level, or school-

level characteristics. 

 
Table 24. Psuedo-R2 statistic for model comparison, by demographic. 

Demographic Obs. Model 1 
(LGR-1.1) 

Step 1 
(LGR-2.4) 

Step 2 
(LGR-2.5) 

Step 3 
(LGR-2.6) 

Black 1,236 0.51 (-407.3) 0.51 (-403.2) 0.53 (-387.9) 0.53 (-384.2) 

Hispanic 1,875 0.51 (-634.5) 0.52 (-626.1) 0.53 (-609.1) 0.53 (-606.2) 

Other 619 0.55 (-162.2) 0.55 (-159.6) 0.57 (-152.2) 0.59 (-148.0) 

White 5,777 0.51 (-1686.8) 0.52 (-1671.4) 0.53 (-1640.3) 0.53 (-1638.9) 

SWD 1,214 0.47 (-363.3) 0.47 (-361.8) 0.50 (-346.2) 0.50 (-340.8) 

FRL 7,605 0.51 (-2381.9) 0.51 (-2360.7) 0.52 (-2305.8) 0.52 (-2302.5) 

All Students 9,507 0.53 (-2916.0) 0.54 (-2890.2) 0.55 (-2833.4) 0.55 (-2830.9) 

Note: Log likelihood values are given in parentheses. 
 

Conclusion 
 

The analytic sample does not accurately represent the district for the extremes of student 

performances (those students earning a Level 1 or level 5 on the SSA). The representativeness is 

also called into question for two demographics: students who identify as Black or African 

American and students who have a disability. These issues lower the external validity of the 

results found in this study.  

The individual interim test scores are reliable indicators of student’s content knowledge 

as contained in the State Board of Education-adopted science content benchmarks. The scores 

have a high degree of correlation between each other (interim versus interim) and a high 
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reliability coefficient (Cronbach’s alpha measure). The composite interim scores also produce 

highly reliably scores because their individual components are highly reliable. There is evidence 

to suggest the interim composite scores are also highly predictive of student performance on the 

Statewide Science Assessment (SSA), which have been noted using several models with various 

hierarchical levels of covariates in addition to predictive validity coefficient measures, at least 

for the representative demographics under study. 
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CHAPTER 5 
 

DISCUSSION AND CONCLUSIONS 
 
 

 
In this chapter I review and discuss the relevant research posed in Chapter 2 and 

methodologies employed in Chapter 3 to provide an overall analysis of the present study. The 

conceptual framework is applied to results obtained in Chapter 4 to guide district administration 

with their policy decisions when it comes to testing. This conceptual framework is summarized 

below: 

1. The utility of a test scores is deeply rooted within the purpose or intent of testing. Here, 

the purpose of the interims is to evaluate student learning and provide a measure that is 

suitable for district-level program evaluation. 

2. District testing policy is both pragmatic and, because it transcends multiple stakeholder 

levels, it is also political. There is exists a balance between too much testing and too little 

which is a result of external and internal pressures. 

3. Predictive validity is a function of test score reliability, test score correlations, and test 

score prediction accuracy measurements. 

4. Because testing policy is pragmatic, predictive validity needs to be efficient, or using as 

little data a possible while yielding this best accuracy measures. 

 
This chapter is broken up into five parts. The first is a review of the study purpose and research 

questions. The second is a review of the study design with a focus on the analysis methodology 

and a discussion of each research question. I include a discussion on the implications this study 

has on district testing policy and avenues of future research. The chapter concludes with 

summary remarks on the overall research study. 

 
Review of Study Purpose and Research Questions 

 
The science interim assessment program I developed was intended to accomplish two 

goals: first, to provide teachers with reliable ways to evaluate student learning and help prepare 

their students for the Statewide Science Assessment, and second, to provide quality data for 

district administration to evaluate the effectiveness of its instructional framework, instructional 
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materials, and professional learning in science. Both goals require frequent assessment of student 

understanding of science content, in this case, via the interim assessment program. 

I determined that both goals were met by answering and applying the guiding framework 

to both research questions posed, which capture the crux of the above goals themselves. These 

research questions are: 

1. To what extent are locally-created interim tests valid predictors of student performance 

on the Florida State-wide Science Assessment for Grade 8? 

2. How does the predictive validity of the interim tests vary by student race, exceptionality, 

socio-economic status, absenteeism rate, class, and school characteristics? 

 
Research Question 1 Results and Implications 
 

The first research question sought to determine which estimation model to use in the 

second research question. The first model uses the grand composite interim score along with the 

number of interims taken as the only predictors to success on the Statewide Science Assessment. 

The second model breaks apart the grand composite interim score into grade-level specific 

composite scores and tracks the number interims tests taken for each grade. The model results 

and corresponding analysis using accuracy measures are, for all intents and purpose, 

indistinguishable with a difference in sensitivity of 0.40% and in specificity of 0.89% Therefore, 

in keeping with a parsimonious approach as noted in the conceptual framework, the most simple 

and direct estimation is the grand composite score model that has two predictors instead of the 

six used in the second model. 

The selected model correctly classifies about 86% of students, either as successful or not. 

Interestingly, the model does better at predicting success than it does failure, the positive 

predictive value (the probability of predicting a true pass) is about 88% while the negative 

predictive value (the probability of predicting a true fail) is about 83%. This difference may be 

an artifact of the analytic sample as well since it was noted earlier the sample has an 

overrepresentation of higher-performing students on the Statewide Science Assessment. 

Is a correct classification of 86% sufficient to say my goals were met? If I generalize out 

this scope of the research and assume this model is applied to all students in the school district 

who would take the SSA, then the 14% incorrectly classified means 672 out of about 4,800 

students among 14 schools (or about 48 students per school) are missed-categorized as passing or 
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failing. In my estimation, it is sufficient, given the intended district-level audience of the present 

study. This is further rationalized by applying the conceptual framework to these results; 1) the 

purpose of the interim test program is to evaluate student, and 2) there is balance between over-

testing and under-testing. It is important to note that, while individual student classification 

(pass/fail) is of the utmost importance at the school and teacher-level, the district-level, on the 

other hand, works in aggregates. The concern at the district might be average student 

performance among a small region of schools or for a specific underserved-population across all 

schools. Because of this aggregated viewpoint, the effect of the small number of students who 

are incorrectly classified by the model are overshadowed by the information gained about the 

whole student population. 

 
Research Question 2 Results and Implications 
 

The second research question attempted to refine the model selected in the first research 

question by looking at demographics and covariates at student, class, and school-levels. 

Interestingly, adding the covariates did little to increase the accuracy the model. When I ran the 

model using only specific demographics, however, accuracy of the model did change. There 

were two instances where the sensitivity and the specificity reversed, that is the sensitivity of the 

model was higher than the specificity and the positive predictive value was lower than the 

negative predictive value. This reversal occurred for students with disabilities and students who 

identify as Black or African American. This means the model does a better job of estimating 

which students will fail the Statewide Science Assessment than estimating which will pass it for 

these two subgroups. At first, I thought this may be due to the underrepresentation of Black 

students coupled with the overrepresentation of the higher-performing Black students on the SSA 

in the analytic sample. This pattern, however, does not follow for students with disabilities. For 

them, while underrepresented in the sample, they perform much lower in analytic sample than 

their peers in the district sample. While there is a discrepancy between these two subgroups, the 

overall percent of students who are correctly classified remains static around 86%. 

These trends persist within the student, class, and school-level models as well. The 

student-level model, which factors in a vector for student race, shows students who are 

categorized as “Other” or White have dramatically increased odds of success on the SSA. The 

class and school-models, however, do not add to the model any new information on a practical 
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level. Controlling for the percentage of the school that are socio-economic disadvantage or the 

percentage of the school population that identify as a minority race also adds no more 

information than the student-level model does. The conceptual framework requires a pragmatic 

and efficient approach to showing predictive validity by using as little data as possible. In 

keeping with this framework, however, it appears that adding so many covariates at the class and 

school level is insufficient for increasing model accuracy. 

It appears the model reached a saturation point when it comes to adding extra predictors 

or covariates. With each new level of complexity, the pseudo-R2 increases only slightly. This is 

further evidenced by the marginal increase in accuracy measures as well. This is due, in part, 

because of the composite interim score, as it encodes several pieces of information. First, the 

number of interims taken are part of the calculation since it is a percent score. Second, a student 

who has a high absentee rate may also have missing scores for the grade-level composite scores, 

meaning the overall composite score should be a better indicator of student content knowledge. 

In this regard, even student absenteeism is, at least partially, encoded in the composite score. 

There, the use of these covariates is nullified through collinearity with the main predictor, the 

composite score. 

 
Implications for District Administration and Testing Policy 

 
The merger of standards, accountability and assessment into one system came about as 

schools and districts needed to show their effectiveness to the public (Merchant, et al., 2006). 

The primary way in which states show how well students have progressed is through testing and 

accountability (Supovits, 2009). Florida is not alone in this regard, though it has historically been 

a relatively progressive state when it comes to the development and use of school grading 

systems, teacher accountability, and student testing programs.  In 1968, for example, Florida 

legislators saw a need to focus on student instruction and created F.S. §229.551, that required the 

Florida Department of Education (FLDOE) improve educational effectiveness (Florida 

Department of Education, 2014). This long-standing history of testing in Florida suggests it is 

not going away any time soon. Therefore, district administrators must accept their role within 

this system and work to improve their student’s performance. This starts through a clear and 

balanced district testing policy. 
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District Testing Policy 
 

A successful district testing policy needs to address four perspectives: the role of district, 

any external and internal pressures that impact the policy, what the policy sets to accomplish, 

and how students are made central to the policy outcome. This section offers a proposed 

balanced testing policy based on the conceptual framework used in this study. This includes test 

purpose, data-driven decision making, and the four perspectives above. 

A Proposed Testing Policy. The purpose of the science interim assessment program is to 

provide meaningful data on student performance for teachers and for district-level program 

evaluation. The process I employed to develop the science interim assessment program coupled 

with the results of this study show the science interim tests are valid and the scores are both 

reliable and predictive of future student performance. District staff and teachers have worked 

together to ensure the interim test content is appropriate and aligned to the state-adopted science 

benchmarks. The student scores on the interim tests are stable across cohorts, grade levels, and 

with a few exceptions, student demographics. Student success (earning a performance level 3 or 

higher) on the Statewide Science Assessment (SSA) is well-predicted by interim test 

performances as well. Given this information and applying the framework of Perie et al. (2007), 

a proposed district-wide testing policy is as follows: 

1) No meaningful data are available unless students take the interim tests. Teachers must 

administer the science interim tests within the testing window. 

2) The Statewide Science Assessment is non-punitive towards students, in as much as they 

are not held back a grade-level because of their performance. The interim tests need to 

follow this lead and should not be formally graded for students. 

3) Teachers should review the resulting student-level data within a data-driven decision-

making framework to ensure students are targeted for intervention, if needed. 

4) Schools should monitor the resulting student-level data to ensure students are 

participating in the test administration. The resulting data are non-evaluative for teachers. 

5) District staff should use the aggregated interim score data to aid in determining the 

effectiveness of implemented programs, instructional materials, and given professional 

learning opportunities. 

When student take the Statewide Science Assessment (SSA), the test administrator must 

follow strict procedures to ensure fidelity of the administration process and fidelity in the 
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corresponding student performance measures. While not all the state-required procedures are 

necessary to maintain trust in the student performance measures from the interim tests, such as a 

verbatim script to reading, some are appropriate none-the-less. Given this, a proposed interim 

test administration protocol is given in Appendix C. It was developed, in part, by using pieces of 

the state-required procedures, current case-district procedures, and from best practices that I have 

observed while students were taking the interim tests. 

Implementing the Policy. Using my experience within the district under study as 

precedent, I assume the district role is well-defined within the school system. That is to say, the 

district sets the vision and implements the strategies to actualize that vision through management 

of the technical core (instruction, curriculum, and assessment), human resources, and financial 

resources (Sykes, O’Day, & Ford, 2009; Hoy & Miskel, 2013). I also assume it has the 

motivation to enforce the policy within the school system. Given those assumptions, policy 

implementation is then a function of how that vision and the strategies are communicated down 

through district-level administration, school-level administration, and teachers. This trickle-down 

of the policy has an inherit noise though, as each level adds their own “spin” to the directive and 

once the bottom layer is reached, new complexities and vagueness may have been added to the 

original policy intent (Trochim, 2009). This noise is an artifact of either “sense-making” on the 

part of each level as they try to understand the policy or alternate agendas or purposes within the 

context of the level (Spillane, Reiser, & Reimer, 2002). 

The district administration needs to ensure the policy is clearly communicated down 

through the school levels. It is almost certain, without safeguards in place, the policy details will 

change as it transverses through the levels of a school district. To counter this, there needs to be a 

system of monitoring and feedback that ensures the policy reaches lower levels uncorrupted or is 

re-established and reinforced if such corruption occurs. When there is ambiguity, exception, or a 

perceived lapse in monitoring the policy, it is no longer viable. The resulting confusion feeds the 

group dynamic in a negative way, either through internal back-channel communication or 

through external pressures. 

Internal and External Pressures. Group dynamics are important aspects of any policy 

instantiated from management. Wheelan (2011) points out the “power of organized interests” (p. 

199) tend to have a large impact on educational policy such that a small and cohesive group of 

stakeholders can influence district decision-making more than a large, but unorganized group. 
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Further, understanding policy impact means understanding policy implementation at the lowest 

levels (Loeb & McEwan, 1980). These lowest levels usually make up the large group mentioned 

above. When this group is coupled with siloed departments (in this case, individual schools), 

they tend toward an unorganized structure banded solely by resistance directed at a perceived 

coercive and top-down hierarchy (Hoy & Miskel, 2013). This paves the way for external forces, 

which are small-group, to have more power to lead change than the schools themselves. To help 

counter this, the purpose needs to be clearly explained and rationalized. In this case, the purpose 

would include the need to acquire accurate information on student performance. 

Another pressure includes those who see education as a deterministic force that focuses 

on inputs and outputs. They hold that high-stakes tests “standardize” both the curriculum and 

teaching to the detriment of creativity and overall teacher control (Au, 2014). Parent and 

community members alike have reported changes in demeanor or temperament of students, 

especially when it comes to testing (Barksdale-Ladd & Thomas, 2003; Triplett & Barksdale, 

2005). 

In the end, there will always be external and internal forces at work for any organization. 

The hard part is finding the balance that will please both sides as much as possible. In the context 

of this study, this means the method by which districts gain information on student learning 

(using tests) must be efficient and use only the minimum number of such tools to reduce the 

perception of intrusive or invasive meddling of classroom instruction. 

Policy Goals and Student Focus. In my view, the goal of any education-related policy 

needs to ensure students are central to and positively impacted by the result. Moreover, there 

should always be an aim to provide access to education for underrepresented and underserved 

students. Disparity between social capital, cultural capital and low socio-economic status have 

long been reported as a systematic feature of education (Gaventa, 1980; Tyack & Cuban, 1995; 

Landman, 2001; Honnig, 2006; Ryan, 2010; Fowler, 2012). Further, policy research shows there 

is already a systematic plan in place within the United States education system to ensure 

underrepresented and underserviced students are not the target of educational equality, equity, 

nor excellence (Green, 1986). 

As such, this test policy must provide access, as an impact, to needed resources. It is in 

this vein that the adoption of a testing policy becomes readily important. Through the resulting 

predictive interim data, the inequities in education are displayed. The results of this study clearly 
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show a repeating trend of underperforming students who are Black or who have an 

exceptionality. In a school district where roughly 15% of the student population identifies as 

Black or African American and of them, more than 50% are not passing the Statewide Science 

Assessment, there are almost certainly exists an imbalance of access to education. While the 

testing policy does not resolve the issue, it shows were resources must be reallocated to ensure 

students are truly given the most basic and equitable access to education. 

Teacher Inclusiveness. The focus of this research is on district-level policy 

development. However, one of the largest stakeholders, aside from students, is the educational 

practitioner, and teachers need to be a part of this testing policy as well. This may include how 

interim tests are not part of teacher evaluation and how to implement a meaningful data-driven 

decision-making process at the school level (with appropriate administrative monitoring and 

feedback). In my estimation, the larger implication stems from the development of the interim 

program itself. For the purposes of this study, this translates into how the test items are crafted 

and how the tests are assembled. If teachers are not part of the assessment program from the 

start, as they were for the interim tests used in this analysis, then there will be more pushback in 

using interim tests and, even further, a lack of trust in the resulting data if teachers do use the 

interim tests. 

Overall Implications. State-level student testing is a mainstay of Florida; it has persisted 

for well over fifty years and shows no sign of ending. Districts must accept this fact and position 

themselves accordingly within this education system. If crafted and implemented properly, a 

comprehensive and balanced testing policy can use state-level testing to its advantage. This is 

accomplished by having local interim assessment programs that can predict future performance 

and help to allocate resources appropriately based on those performance. In this way, parts of 

educational system can be optimized, and the community will then support the use of testing to 

monitor student growth and program efficacy, as outlined in the next section. Moreover, the 

teachers will not feel overwhelmed with too much testing reducing their instruction time. 

 
Implications for Students, Parents, and the Community 

 
The results of this research show that locally-created progress monitoring tests can be 

aligned to their state-created and standardized counterparts in terms of content and student 

performance. This means the results of those local tests can be used in meaningful ways, such as 
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progress monitoring and program or policy evaluation. Based on this result, I outline the 

implications for students, parents, and the community and how they need to act on those 

implications in this section. 

Most importantly, there must be a shift in culture from the district down to the students 

where student assessment is accepted as the mainstay of education that it is. Currently, the 

perception is of an intrusive and almost haphazard roadblock to instruction; and many 

stakeholders share this notion. Ideally, taking a test would be no different than assigned reading / 

discussion of a novel or conducting a lab / investigation within a science class in terms of the 

routineness and concurrency to instruction. The caveat, here then, is the test itself: it must be an 

efficient and well-crafted assessment instrument, as outlined in this research. It must be of 

sufficient length and contain the requisite content to garner the required information and not 

artificially augmented to “fill the period.” This is tough - any culture change, and perhaps even 

more so for “testing culture” change, is a massive and multiyear undertaking; but it needs to 

happen. 

On the other hand, and just as importantly, the pressure for change needs to be kept on 

districts by parents and the community to constantly refine the testing that is done. This may 

seem at odds with the proposed shift in culture and overall implications of this research, 

however, because student assessment is part of a larger system (here, accountability), there are 

inherently external and internal pressures attached to it. Such is the case with any large and well-

defined system, as shown in Figure 1. These pressures help to create the efficiency needed to 

ensure assessment remains pragmatic and useful, just as school-based administration monitors 

and provides feedback to promote meaningful professional learning communities and data-driven 

decision making with teachers. 

The change in culture, the external pressure and result of that pressure are shared actions 

among all stakeholder levels. The testing culture shift must start from within the educational 

system and that system must work with parents to ensure the shift occurs. Parents must both 

accept the shift and continue to promote efficient tests. These are not diametric actions to the 

goal of pragmatic testing, though they are diametric to each other. This why the schools must 

work closely with parents and the community about assessment within the context of education. 

They must maintain a fine balance as they accept testing culture and continue to advocate for 
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more efficient education. In the end, the community, as the funding authority, will gain a more 

productive school system. 

 
Avenues of Future Research 

 
The results of the present research raise several questions about the link between student 

performance, student characteristics, and class. This section outlines two possible areas to 

explore when conducting future research on the science interim tests and their predictive utility 

within middle grades science courses. 

 
Efficiency and Utility 

 
This research aims at efficiency and utility when using tests, especially with interim tests. 

The first area to focus for future research is on these two ideas. Is there a minimum number of 

interim tests that can be administered without sacrificing the overall quality and predictive 

validity of the program? That is, can efficacy be increased while maintaining utility and reducing 

the testing of students? Could one or two grade-levels worth of interim tests scores be enough to 

maintain or exceed the current model fit and accuracy? Another avenue could be the use of 

specific content benchmarks within the composite scores. Is there a specific set of benchmarks, 

when student performance is aggregated appropriately within that groping of content ideas, 

which will yield a viable prediction model? 

While the research presented here did not find the number of interim tests to be a 

statistically significant predictor of student success, there may well be other ways of parsing the 

interim items to maximally cover topics while reducing the need of more items. In any event, 

each of these questions were beyond the scope of the research in its current form. With some 

more information form the district assessment platform, however, these could be easily studied 

to form a more well-rounded explanation of the student performance. 

 
Student Affective Domain of Learning 
 

The second area of future research deals with student self-efficacy and affective learning. 

The research suggests students understand and synthesize information through learning domains. 

The current measure of student performance, however, only assesses one part of these learning 

domains (Bloom, Englehart, Furst, Hill, Krathwohl, 1956; Dettmer, 2005). Most research that 
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focuses on such metrics for student performance deal almost exclusively with the cognitive 

domain and do not address the affective, emotional, and sociocultural side of student learning 

(Kang, 2011) This is in contrast to the idealized goal of an educational system: integrating 

cognitive, affective, and sociocultural components of student behavior into long-term trends in 

order to become successful learners (Kang, 2011; Martin & Briggs, 1986). As such, the question 

becomes: is there a way to couple the three domains of learning into a model that predicts 

student performance on the Statewide Science Assessment by incorporating student affective 

responses measures into the estimation model? Also, do students score differently on the interims 

or the SSA given any particular qualified affective state? 

My plan to continue this research would require a minor change to the interim tests to 

include one or two affective student questions. These questions would have no impact on a 

student’s score and would allow for a different level of aggregation of student information. 

These types of questions are currently given on the National Assessment of Educational Progress 

(NAEP) and the Trends in International Mathematics and Science Study assessment (TIMSS). 

One such question, found on the 2019 NEAP student questionnaire, is given in Figure 12. 

 

 
Figure 12. Example of student affective question. Taken for the 2019 NAEP student 

questionnaire for grade 8 students. 
 

Rationale. The concept of measuring the affective domain has gained some momentum 

over the years in research studies and test design. As noted, The Trends in International 

Mathematics and Science Study (TIMSS), The Programme for International Student Assessment 

(PISA), and National Assessment of Educational Progress (NAEP) assessments of student 

learning have addressed the affective domain of learning or utilize questionnaires to capture 

student perceptions, student self-efficacy, and other similar metrics. 
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Studies that have researched affective factors include Lay, Ng, and Chong (2013) which 

has shown that the perceived value of science are positively correlated with overall performance 

on the 2007 TIMSS administration for Singaporean and Malaysian eighth grade students.  

Studies on PISA administrations from 2000 through 2012 have determined that positive parental 

attitudes towards science were also met with an increase in student performance over those with 

negative parental attitudes (Perera, 2014). Similarly, studies have shown both positive and 

negative teacher-student relationships are important factors influencing student success, though 

they are not enough by themselves to change student behavior when it comes to learning (Roorda 

et al., 2016).  These student-teacher effects are also manifest when looking at racial and gender 

differences between student and teacher (Dee, 2004; Jeynes, 2005; Atkins, Fertig, & Wilkins, 

2014; Paredes, 2014), termed the “role-model effect”. 

The use of such affective domain information, on the aggregate, may help to differentiate 

students for placement in extracurricular clubs, school-based and science-themed activities, or 

(more importantly) where encouragement is needed to foster engagement and motivation to learn 

more in the field of science. This would then translate into higher achievement on student 

performance measurements, such as school grade. 

 
Final Remarks 

 
School accountability is a mainstay of the current educational system for the United 

States.  As federal, state, and local educational policies layer and refine what an effective school 

looks like, the search continues for an elusive metric with which to test and enforce that 

efficaciousness.  Currently, the metric of choice is student performance on high-stakes testing 

(Carnoy & Loeb, 2002). The present research study showed how local interim tests are 

associated with their state-based counterparts. In short, the science interim tests are valid and 

reliable predictors of student performance on the state science tests. This means the results of the 

interims are also suitable for use in program evaluation at the district level and student 

intervention screening at the school level.  
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APPENDIX A 
 

REPRESENTATIVENESS OF DATA 
 

Table A.1. Comparison of district, analytic, and cohort samples, by demographic composition. 

Cohort N 
Demographics 

Black Hispanic Other White Female SWD FRL GFT 

Cohort 
2014 3,094 13.8% 19.9% 6.1% 60.2% 50.2% 12.6%* 74.1% 6.7% 

Cohort 
2015 3,218 12.2%** 19.6% 7.2%* 61.0% 49.3% 11.9%** 72.7%** 9.0%** 

Cohort 
2016 3,195 13.1%* 19.6% 6.2% 61.1% 48.6% 13.8% 76.2% 8.8%** 

Analytic 
Sample 9,507 13.0%** 19.7% 6.5% 60.8% 49.3% 12.8%** 74.3% 8.2%** 

District 
Sample 21,985 14.6% 19.6% 6.2% 59.6% 49.1% 14.1% 75.1% 6.2% 

Note: Differences significant at the ** p < 0.01 and * p < 0.05 when compared to district. 
 

 

Table A.2. Comparison of district, analytic, and cohort samples, by SSA performance levels. 

Sample N 
SSA Performance Level 

1 2 3 4 5 

Cohort 2014 3,094 11.5%** 27.5% 26.4%** 16.3% 18.3% 

Cohort 2015 3,218 12.4%** 23.0%** 22.4%* 17.4% 24.7%** 

Cohort 2016 3,195 11.5%** 24.2%** 25.5% 20.2%** 18.7% 

Analytic Sample 9,507 11.8%** 24.9%** 24.7% 18.0%** 20.6%** 

District Sample 21,985 15.3% 26.5% 24.0% 16.7% 17.6% 

Note: Differences significant at the ** p < 0.01 and * p < 0.05 when compared to district. 
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Table A.3. Comparison of SSA performance levels, by demographic. 

Demographic Sample N 
SSA Performance Level 

1 2 3 4 5 

Black Analytic 1,236 23.1%** 38.0% 23.5%* 9.4% 6.0% 

 District 3,212 29.1% 37.0% 20.6% 8.6% 4.8% 

Hispanic Analytic 1,875 15.8%** 32.0% 24.4% 14.5% 13.3%* 

 District 4,316 20.9% 31.4% 23.2% 13.2% 11.3% 

Other Analytic 619 7.9% 15.6% 24.2% 20.0% 29.2% 

 District 1,353 10.5% 22.1% 24.4% 17.5% 25.5% 

White Analytic 5,777 8.5%** 20.5%** 25.2% 20.7% 25.2%** 

 District 13,104 10.5% 22.8% 25.1% 19.7% 21.9% 

Female Analytic 4,691 11.3%** 27.5% 25.4% 17.4% 18.4%** 

 District 10,787 14.6% 28.5% 25.0% 16.2% 15.8% 

Male Analytic 4,816 12.3%** 22.4%** 24.0% 18.5%* 22.8%** 

 District 11,198 16.0% 24.6% 23.1% 17.1% 19.3% 

SWD Analytic 1,214 39.1%** 35.6%* 15.9%* 6.0% 3.4% 

 District 3,115 16.6% 32.4% 13.0% 5.1% 2.9% 

FRL Analytic 7,065 14.5%** 29.0% 25.6%* 15.8%* 15.1%** 

 District 16,503 18.7% 30.2% 24.1% 14.6% 12.4% 

Gifted Analytic 779 0.0% 3.2% 8.3% 22.7% 65.7% 

 District 1,364 0.1% 3.5% 10.0% 23.4% 63.0% 

Note: Differences significant at the ** p < 0.01 and * p < 0.05 when compared to district. 
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Table A.4. Proportion of students who pass the SSA, by sample. 

Sample N Proportion earning Satisfactory of Higher 
(Level 3 / 4 / 5) on SSA 

Cohort 2014 3,094 0.610** (0.488) 

Cohort 2015 3,218 0.645** (0.629) 

Cohort 2016 3,195 0.644** (0.479) 

Analytic Sample 9,507 0.633** (0.482) 

District Sample 21,985 0.582 (0.493) 

Note: Standard Deviation in parentheses, differences significant at the ** p < 0.01 and * p < 
0.05 when compared to district. 
 
 

 

Table A.5. Comparison of district, analytic, and cohort samples, by interim scores. 

Sample N Mean Composite 
Interim Score 

Average Number of 
Interims Taken 

Cohort 2014 3,094 68.8% (14.7) 18.4** (1.9) 

Cohort 2015 3,218 72.0%** (14.5) 18.7** (1.7) 

Cohort 2016 3,195 71.8%** (14.6) 18.8** (1.6) 

Analytic Sample 9,507 70.9%** (14.7) 18.6** (1.7) 

District Sample 21,985 68.6% (15.8) 13.6 (5.6) 

Note: Standard Deviation in parenthesis, differences significant at the ** p < 0.01 and * p < 
0.05 when compared to district. 
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Table A.6. Comparison of interim scores, by demographic. 

Demographic Sample N Mean Composite 
Interim Score 

Average Number of 
Interims Taken 

Black Analytic 1,236 61.9%** (14.1) 18.3** (2.1) 

 District 3,212 60.0% (15.0) 13.0 (5.6) 

Hispanic Analytic 1,875 67.6%** (14.6) 18.6** (1.6) 

 District 4,316 65.4% (15.9) 13.8 (5.6) 

Other Analytic 619 74.4%** (14.3) 18.8** (1.5) 

 District 1,353 72.2% (15.7) 13.6 (5.8) 

White Analytic 5,777 73.5%** (13.9) 18.7** (1.7) 

 District 13,104 71.4% (15.0) 13.7 (5.6) 

Female Analytic 4,691 70.1%** (14.5) 18.6** (1.7) 

 District 10,787 68.2 (15.5) 13.6 (5.6) 

Male Analytic 4,816 71.6%** (14.8) 18.6** (1.8) 

 District 11,198 69.1% (16.1) 13.6 (5.7) 

SWD Analytic 1,214 57.1%** (13.8) 18.1** (2.3) 

 District 3,115 54.5% (15.0) 13.1 (5.6) 

FRL Analytic 7,065 68.2%** (14.5) 18.5** (1.8) 

 District 16,503 65.9%** (15.7) 13.5 (5.6) 

Gifted Analytic 779 86.4%** (7.4) 19.2** (1.1) 

 District 1,364 85.5% (8.1) 15.4 (5.1) 

Note: Standard Deviation in parenthesis, differences significant at the ** p < 0.01 and * p < 
0.05 when compared to district. 
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APPENDIX B 
 

INTERIM TEST SCORE RELIABILITY COEFFICIENTS 
 
 

Table B.1. Grade 6 interim test score reliabilities, 2014 through 2016 school years. 

Year Topic Interim Scores 
(n) Items Benchmarks Alpha 

(α) 
2013-14 Science Process 1 3,863 22 5 0.79 

 Earth Structures 2 3,809 14 2 0.70 

 Earth Systems 3 3,756 12 2 0.73 

 Weather & Climate 4 3,609 13 5 0.69 

 Force and Motion 5 3,578 16 6 0.69 

 Cells 6 3,823 15 4 0.79 

2014-15 Nature of Science 1 4,082 20 3 0.79 

 Earth Structures 2 4,113 19 2 0.77 

 Earth Systems 3 4,095 16 2 0.80 

 Weather & Climate 4 4,056 15 4 0.72 

 Force & Motion 5 4,038 18 5 0.68 

 Cells 6 3,994 18 4 0.82 

 Classification & Human Body 7 3,980 19 3 0.82 

2015-16 Nature of Science 1 4,082 20 3 0.79 

 Earth Structures & Changes 2 4,326 25 6 0.80 

 Earth Systems 3 4,323 20 3 0.81 

 Weather & Climate 4 4,254 22 8 0.79 

 Force & Motion 5 4,243 20 5 0.75 

 Cells 6 3,928 20 6 0.85 

 Human Body Systems 7 4,113 20 2 0.80 

 Classification 8 4,207 16 4 0.80 
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Table B.2. Grade 7 interim test score reliabilities, 2015 through 2017 school years. 

Year Topic Interim Scores 
(n) Items Benchmarks Alpha 

(α) 
2014-15 Nature of Science & Energy 1 4,173 20 9 0.77 

 Light and Heat 2 4,125 20 5 0.78 

 Plate Tectonics 3 4,139 15 4 0.73 

 Geology 4 4,009 17 4 0.75 

 Genetics 5 3,895 18 3 0.80 

 Evolution 6 3,824 18 4 0.72 

 Ecology 7 3,804 18 4 0.82 

2015-16 EM Spectrum and Light 1 4,233 18 5 0.72 

 Energy and Heat 2 4,087 22 7 0.79 

 Plate Tectonics 3 4,062 20 6 0.75 

 Geology 4 4,084 22 5 0.82 

 Genetics 5 4,066 20 4 0.82 

 Evolution 6 4,225 19 4 0.78 

 Ecology 7 4,054 20 5 0.84 

2016-17 Energy 1 4,349 17 6 0.78 

 Heat the EM Spectrum 2 4,329 22 7 0.79 

 Plate Tectonics 3 4,171 20 6 0.78 

 Geology 4 4,097 22 5 0.83 

 Genetics 5 4,262 22 4 0.84 

 Evolution 6 4,306 19 4 0.78 

 Ecology 7 4,320 20 5 0.83 
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Table B.3. Grade 8 interim test score reliabilities, 2016 through 2018 school years. 

Year Topic Interim Scores 
(n) Items Benchmarks Alpha 

(α) 

2015-16 Atomic Theory & Periodicity 1 4,270 17 5 0.77 

 Compounds and Mixtures 2 4,153 20 6 0.80 

 Properties of Matter 3 4,112 20 7 0.80 

 Matter Cycles 4 4,166 22 5 0.78 

 Universe 5 4,161 26 10 0.83 

 Solar System 6 4,063 20 3 0.81 

2016-17 Atomic Theory & Periodicity 1 4,282 17 6 0.78 

 Compounds & Mixtures 2 4,263 20 6 0.81 

 Properties of Matter 3 4,012 20 7 0.80 

 Matter Cycles 4 4,037 21 5 0.79 

 Universe 5 4,149 25 10 0.83 

 Solar System 6 4,180 20 3 0.81 

2018-19 Atomic Theory & Periodicity 1 4,423 18 5 0.78 

 Compounds & Mixtures 2 4,406 20 6 0.81 

 Properties of Matter 3 4,338 20 7 0.79 

 Matter Cycles 4 4,301 21 5 0.76 

 The Universe 5 4,382 25 10 0.81 

 Solar System 6 4,301 20 3 0.81 
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APPENDIX C 
 

INTERIM TEST ADMINISTRATION PROTOCOL 
 
 
The district interim tests for science contain items that are aligned to the state-adopted science 
content benchmark states. This test serves as a progress monitoring checkpoint to see where 
students are in acquiring the requisite knowledge and skills outlined in those statements. There is 
no need to review for the test as it only covers content relevant to the current pacing of the 
course.  
 
The procedures below must be followed for each interim test administration: 
 
Test administration periods – there are specific windows within which the interim tests must 
be given to students. It is important teachers maintain their instructional pacing as outlined in the 
curriculum maps so that instruction matches the content assessed. 
 
Length of the interim test administration – the interim tests are designed to take no more than 
one class period to administer. Students with an accommodation, however, may have longer time 
if needed. 
 
Security of interim tests – it is the responsibility of the teacher and school administration to 
ensure the security of the interim tests and their content are maintained. Please see the 
“Prohibited Activities Agreement for District-Created Tests” for more information. 
 
Storage of printed interim tests – each school will follow the same procedures outlined for 
printed state-created tests for storage protocols. At the conclusion of the testing window, all 
interim tests must be destroyed. 
 
Distribution and collection of the interim tests – teachers will distribute and collect the answer 
sheets and interim test booklets. The answer sheets will be scanned into the assessment platform 
prior to the closing of the interim test administration period for scoring. A class set of interim test 
booklets may be used instead of printing one booklet per student. 
 
Retakes and Re-administration – students are not to retake an interim test. A student who 
misses the interim test may sit for it if the test administration window has not ended. Extensions 
of the test administration window are not permitted. 
 
Monitoring of test administration – school-level administrators must monitor the fidelity of the 
interim test administration and report any school- or class-wide issues. Failure of a test 
administrator to follow the prohibitive activities agreement should be handled at the school-level. 
 
Monitoring of data chats – school-level administrators must monitor teacher-to-teacher data 
chats, such as in a professional learning community (PLC), to ensure there are appropriate 
modifications to instruction or plans for remediation are created and implemented. 
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Prohibited Activities Agreement for District-Created Tests 
 
It is important for you, as an administrator of a district test, to know that the following activities 
are prohibited. These requirements are intended to preserve test score integrity and to provide 
clear and uniform guidelines for all test administrators of district tests. Please read the following 
list of prohibited activities and sign your name on the signature line at the bottom of this page 
indicating that you understand these actions and their consequences. If you have questions 
regarding the information in this agreement, please contact your school testing coordinator. 
 
I understand that before testing I may not: 

• Remove test materials from campus 
• Review test items in any form with students 

 
I understand that during testing I may not: 

• Answer student content-questions about test items 
• Give students verbal or non-verbal cues to assist them with changing responses 
• Display or fail to cover visual aids that may help students 
• Leave the room unattended for any period of time 
• Allow students to talk or cause disturbances 
• Allow students to use cell phones or other electronic devices 
• Coach students during testing regarding test-taking strategies 

 
I understand that after testing I may not: 

• Leave test materials unattended 
• Remove test materials from campus 
• Send test materials home with students 
• Change student answers 
• Discuss item-specific content with anyone  
• Reveal the content of the test or an item via electronic communication, including but not 

limited to email, text, or post to social media sites (Facebook, Twitter, etc.) 
 
If you are administering a test to students with flexible-responding or flexible-presentation 
accommodations that require you to read test items, you may not reveal, copy, or share the items, 
or use the test content during instruction after testing. 
 
It is expected, rather than using the actual test items to re-teach content or work with students 
showing difficulty in that area, a generalized example will be used instead. 
 
I acknowledge the information above and will not engage in any of the prohibited activities on 
this page. 
 
Signature:_______________________________  Date:_______________  
 
Printed Name:_________________________________ 
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APPENDIX D 
 

IRB APPROVAL FORM 
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