
ABSTRACT

MESHKINFAM, SAREH. Large Scale Longitudinal Data Analytics for Educational and Clinical
Decision Making. (Under the direction of Julie S. Ivy and Amy C. Reamer).

The rapid growth of technologies in data collection and storage have caused huge

increases in data availability. Analyzing this large scale data is a substantial enterprise which

can benefit the public in the areas of education, health, service and security where decision

making to appease the basic needs of human beings is complicated. There is a growing

body of research in healthcare and education. Engineers have an opportunity to apply

traditional statistical modeling techniques in social settings to optimize decision making

to find optimal patient care policies and in the case of education, to better understand a

student’s learning trajectory. In this dissertation, we analyze two large scale longitudinal

data sets in (i) education, by modeling student performance on standardized tests over

time and (ii) healthcare by prescribing optimal policies for acute disease treatment.

It is imperative that aspiring engineering students develop a solid foundation of mathe-

matics understanding early in formal education. Educators play a critical role in student

performance and teacher judgement may influence both their expectations of the student’s

ability and the student’s perception of his or her own ability. Teacher judgment may influ-

ence a student’s future academic placement, underscoring the importance of exploring

the relationship between teacher judgement and student performance in mathematics in

primary education as a potential impediment to the pipeline of students interested in and

qualified for the pursuit of STEM degrees. Most existing studies focused on small samples

of students, e.g., one school, a few grades within a school, or one or two years of each grade.

We use large datasets from the North Carolina Education Research Data Center (NCERDC)

which manages data on the state’s public schools, students and teachers. The evaluation

measures of student performance used here are the state-mandated multiple-choice End-

of-Grade (EOG) tests in Reading Comprehension and Mathematics and the End-Of-Course

(EOC) tests in Algebra I administered annually.

For this dissertation, data on students’ tests scores, corresponding teacher judgment,

and students’ demographic information from 1995 to 2013 were analyzed. We explore the

longitudinal relationship between teacher judgment and student performance in mathe-

matics and reading comprehension by grade-level, as a function of student demographics

using correlation analyses, regression and hierarchical linear models. Results show moder-

ate to high correlations, significantly higher for male and significantly lower for minority



ethnic groups. The regression models reveal that students’ gender, ethnicity, and perfor-

mance in the previous grade significantly affect their EOG achievement score. Regression

models suggest the relationship between teacher judgment and student performance in

reading and mathematics is influenced by sex, ethnicity and their intersection over time

and by grade level. Disparities in the correlation between teacher judgment and student

performance by sex and race may translate to later disparities in participation in STEM

degree programs. The hierarchical models explain over 60% of the variation in the data,

for each grade level in reading and mathematics. Teacher judgment, students’ historical

academic performance, along with students’ demographics, and time are significant factors

in predicting students’ EOG performance. Predicted EOG performance is often overesti-

mated for non-proficient students and underestimated for those that are deemed proficient.

We also predict a student’s final proficiency in mathematics as a function of their EOG

achievement level. Considering the longitudinal relationship with historical performance,

a Hidden Markov model and logistic regression models were developed. They provide

good prediction tools in portending a student’s latter proficiency, even though these mod-

els were slightly more inclined to overestimate performance. Student mathematics EOG

achievement in 8th grade highly affects the final proficiency in Algebra I.

line

In healthcare, sepsis is a life-threatening organ dysfunction caused by a dysregulated

host response to infection. We build model for the natural history of sepsis using electronic

health record data from an urban health system in the northeast. We develop a continuous

time Markov decision process to determine an optimal treatment policy to minimize the

mortality and morbidity. Forty vitals and labs measured over the course of the patient’s

visit are used to characterize the evolution of the patient’s health. The states of the Markov

chain are defined as a function of these vitals and labs.

To model the natural history of sepsis, we identified a population who received delayed

anti-infective. This included 678 patient visits from 2013 to 2016. Patient state transitions

show that renal and respiratory organ dysfunctions were the most common health condi-

tions within the visits with delayed anti-infective. Further, for these patient visits, the most

commonly occurring health states (and state transitions) included more than two organ

system dysfunctions and septic shock. In addition, analysis shows higher percentage of

transitions to death occurred in ICU. Optimal intervention policies favored treating with

anti-infective and fluid over delaying treatment in majority of patient health states with

one or more organ dysfunctions. While, fluid is more favorable for patients with more than

three organ system dysfunctions and septic shock. Analysis shows the distribution of the



optimal treatment policy for fluid and anti-infective were sensitive to the cost setting for

administering the intervention and the terminal cost.
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CHAPTER

1

INTRODUCTION

In the past two decades we have seen huge increases in data availability as a result of the

rapid growth of technologies in data collection and storage, thus resulting in an explosion of

data in a number of �elds. Along with this, new and powerful analytical and computational

packages have been developed. Large scale data analysis pertains to the implementation

of data analysis techniques on a large amount of data, generally in big data depositories

(techopedia (2019)). It includes implementing algorithms and analyzing approaches to

organize information in a meaningful way. With the use of advanced technologies, almost

every academic, scienti�c and industrial area is confronted with massive amounts of data.

Analysis of this data is used to �nd information about system characteristics or performance,

propose new methods for improving productivity, and for public bene�t in the areas of

education, health, service and security.

Decision making to appease the basic needs of human beings in education and health

is complicated, and accomplishing this aim in a way such that solutions are personalized

to the needs of the individual is critical (Ivy (2017)). Vast amounts of data are available in

education and healthcare systems. Student performance on standardized tests are collected

each academic year, but a number of other factors are collected on each and every student

such as the time they spend on homework, the number of hours they spend watching
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television, or how frequently they use a computer. Similarly, a patient's vitals and lab results,

their list of prescription medications, and the medical procedures performed are recorded

and kept for further analysis. There is a growing body of research in these �elds where

these large data sets are analyzed to make optimal decisions on patient care and in the

case of education, a student's learning trajectory. Engineers have an opportunity to apply

traditional statistical modeling techniques in social settings to optimize decision making in

these �elds. The statistical analyses contained herein lay the groundwork for optimization

models that can inform policy makers.

In this dissertation, we analyze two large scale longitudinal data sets. For the education

data set under review, we model student performance on standardized tests over time and

for the healthcare study, we model and prescribe optimal policies for acute disease treat-

ment. Both the education and healthcare systems are extremely large, complex networks

and we model them as such whilst attempting to optimize learning and patient care, respec-

tively. Elementary school mathematics and science are fundamental for learning Science,

Technology, Engineering, and Mathematics (STEM) at higher educational levels (Epstein

and Miller (2011)). Pro�ciency in mathematics is essential for students aspiring to obtain

an engineering degree or take an engineering course in college (Nicholls et al. (2010); Tyson

(2011)). Mathematics is considered a barrier for entry into engineering degree programs

(Goold (2012)). Language and reading are the tools for communication and thus without

reading comprehension skills, mathematics cannot be learned. Thus, in the education

study, analytical approaches are applied to student data obtained from the North Carolina

Educational Research Data Center (NCERDC) with emphasis on mathematics and reading

performance.

Sepsis is the body's devastating, toxic and life-threatening reaction to infection that can

lead to organ dysfunction and even death (Sepsis (2019)). For the healthcare study, clinical

data for sepsis patients from a large health system in the Northeast has been analyzed. In

the next sections, brief introductions to these two data sets are provided.

1.1 NCERDC Data set

This work is part of the “Building a Foundation of Mathematical Knowledge: An Application

of a Partially Observable Markov Decision Process to the K-7 Mathematics Education

System” project that has IRB approval #1845. Data for this study was obtained from the

NCERDC which includes information on North Carolina's public schools, students and
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teachers from 1993 to 2015 considering over 600,000 students per year (Meshkinfam et al.

(2019a,b)). The North Carolina Department of Public Instruction (NCDPI) records data on

each individual student in grades 3 through 8 who take the End-of-Grade (EOG) tests in

mathematics and reading comprehension at the end of each academic year. The NCERDC

provides school-level data from NCDPI for each test and each grade, including the student's

test records, the usage of any testing modi�cations, the student's class participation, use of

a calculator, and the student's demographic data such as sex, exceptionality and ethnicity,

and the teacher's assessment of expected student performance.

The state-mandated, multiple-choice North Carolina EOG tests in reading comprehen-

sion (referred to as “reading” hereafter) and mathematics are used to evaluate student

performance and consequently represent a measure of a student's understanding of these

respective subjects at a point in time. These curriculum-based achievement tests are specif-

ically aligned to the North Carolina Standard Course of Study and assess how well students

are meeting grade-level expectations. EOG performance from 2006 to 2013 was assessed

according to a four-point scale (PublicSchoolsOfNorthCarolina (2006a)):

1. I: Insuf�cient Mastery

2. II: Inconsistent Mastery

3. III: Consistent Mastery

4. IV: Superior Performance.

Similarly, teacher judgment was assigned for each student according to the following

four-point scale:

1. Teacher judges that this student does not have suf�cient mastery

2. Student demonstrates inconsistent mastery of knowledge

3. Student consistently demonstrates mastery

4. Student consistently performs in a superior manner.

Students who score within achievement levels III or IV on the EOG test are considered

“pro�cient” by the state of North Carolina, as they consistently perform at or above grade-

level expectations (PublicSchoolsOfNorthCarolina (2006b)). Students who obtained scores

within levels I or II are considered “non-pro�cient” in the tested subject. In this study,

we analyze NCERDC data on students' EOG reading and mathematics achievement level
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scores, teacher judgment, and students' demographic characteristics (e.g. gender, ethnicity)

for 3rd to 8th grades from 2006-2013, including 6,511,741 students. Table 1.1 summarized

the number of students for each grade-level by year. Similarly, Table 1.2 summarizes the

distribution of students based on their gender and ethnicity from 3rd to 8th grade in 2006

through 2013. The variable names related to ethnicity were de�ned by the NCERDC. Records

with missing information based on the variables under consideration in this study were

excluded to increase the symmetry of the data. In this study, we focused on students who

persisted from 3rd to 8th grade, without retention, which results in three cohorts of students

from 2006 to 2011, 2007 to 2012 and 2008 to 2013.

Table 1.1: Number of students in each grade and year for NCERDC Population Data from
2006 - 2013

Table 1.2: Distribution of students' demographics for NCERDC Data from 2006 - 2013

Various subsets of the NCERDC data set are used for different statistical analyses: (i)

population data of students in 3rd to 8th grade from 2006 to 2013 (ii) one percent samples

of the student population, (iii) three longitudinal cohorts of students from 3rd to 8th grade

as cohort 1 from 2006 to 2011, cohort 2 from 2007 to 2012 and cohort 3 from 2008 to 2013

(iv) 10 percent samples from three cohort of students, and (v) sample population of schools
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from 2002 to 2012.

1.2 SEPSIS Data set

Sepsis is a major healthcare challenge, where the lack of a standard for diagnosis causes

inconsistencies in categorizing sepsis phenotypes and accurately capturing patients' tra-

jectories, which evolve stochastically over time. In the S.E.P.S.I.S.: Sepsis Early Prediction

Support Implementation System project we integrate electronic health records (EHR) and

clinical expertise to develop a framework to diagnose patients and accurately risk-stratify

them within the sepsis spectrum. We also develop and validate intervention policies that

inform sepsis treatment decisions. S.E.P.S.I.S is an NSF grant # 1522107 in collaboration

with Christiana Care Health System in Newark, DE, Mayo Clinic in Rochester, MN, Drexel

University and MedStar Health. From the EHR, the infected population is de�ned as a

patient who received anti-infective, or had positive Polymerase Chain Reaction (PCR) test

result during his or her hospitalization (referred as ”visit" in the remainder of this disserta-

tion). Here, we use retrospective data from the in- and outpatient of a large health system

in the Northeast between July 2013 and April 2016 including 88,849 patient visits (53,411

unique patients) with a clinical diagnosis of sepsis as de�ned by the ICD 9 codes and Sys-

temic In�ammatory Response Syndrome (SIRS). Table 1.3 summarizes the characteristics

of the patient visits this data set. Tables 1.4 and 1.5 provide information about the age and

demographic distribution in the data set.

Table 1.3: Visit-level counts for the patient population

From 88,849 total visits:

44,343 visits classi�ed as having infection:
- Cellular or Physiological In�amma-
tion 43,999 visits
- SIRS Criteria met 37,155 visits
- Emergency surgery visits 191 visits
- Coded with ICD9 Sepsis code 6,326
visits

64,404 visits met SIRS Criteria:
- No infection indication 27,249 visits
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Table 1.4: CCHS visit population age summary

Min 1st Quart Median Mean 3rd Quart Max

18 43 59 57.35 72 90

Table 1.5: Patient visit population demographic distribution

Chapter 2 presents relevant literature in education analytics research. Chapters 3, 4 and 5

present the methods used for the analysis and evaluation of the education data set. Chapter

3 includes the implementation of statistical measures to highlight the most important

factors in�uencing student performance on standardized tests. In Chapter 4, we predict

student performance based on the most in�uential factors determined in the Chapter 3.

In Chapter 5, we take one step further by considering a larger domain in our education

research predicting a student's �nal pro�ciency in mathematics using machine learning

approaches. Finally, Chapter 6 presents a Markov Chain model applied to a healthcare

system and includes our approach for modeling the optimal treatment of sepsis patients.
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CHAPTER

2

LITERATURE REVIEW

Fundamental concepts in mathematics and science acquired in elementary school establish

the foundation for learning STEM at the collegiate level (Epstein and Miller (2011)). Mathe-

matics serves as a language for depicting and analyzing real world engineering problems

(Harris et al. (2015)) and research suggests that the key for engineering students' successful

graduation hinges on their knowledge of mathematics (Goold (2012)). The ability to think

mathematically and pro�ciency in implementing mathematical concepts are critical skills

for engineers, and hence, for any student aspiring to become an engineer (Nicholls et al.

(2010); Tyson (2011); Harris et al. (2015)). Harris et al. (2015) highlights this transfer of

mathematics core skills and knowledge into engineering at the collegiate level (Harris et al.

(2015)). Other reports assert that "enriching students' mathematics experiences” is the key

element associated with increasing engineering enrollment. Thus, there is a critical path of

mathematics understanding that spans from early concepts learned in elementary school,

algebraic thinking that continues into middle school, and the subject-based high school

mathematics courses recommended to college-bound students. To prescribe progress

for students' education in mathematics, it is critical to understand the role of teachers in

early education. Chapters 3 and 4 explore the longitudinal relationship between student

performance in mathematics and reading in 3rd through 8th grades as with other factors
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like teacher judgment and student demographics. In this chapter, we provide a review of

relevant education literature, with emphasis on the analysis of students' performance and

other factors that in�uence their achievement.

2.1 Value-Added Models in Education

There are a variety of value-added models that have been used to assess, analyze, and

improve various aspects of education systems. Many of these studies have introduced mod-

els to predict students' future STEM placement based on their course-taking trajectories

(Nicholls et al. (2010); Tyson (2011); Tyson et al. (2007); Hinojosa et al. (2016); Ackerman

et al. (2013); Burkam and Lee (2003)). Nicholls et. al. (2010) modeled the probability of

earning a STEM degree for pre-high school through college students using their 8th grade

information and high school standardized test scores. They used demographics, attitu-

dinal, experimental and performance variables reported in the 1988 National Education

Longitudinal Study (NELS:88) data set. By combining logistic regression, survival analysis,

and a receiver operating characteristics (ROC) curve, their integrated model predicted the

likelihood that an individual student would obtain a degree in a STEM �eld.

Others have de�ned Markov chain models of teachers' or students' decision making

(Reamer et al. (2012, 2015); McFarland (2006); Perdikaris (1992); Kuravsky and Malykh

(2004)). Reamer et. al. (2015), for example, used North Carolina standardized EOG test scores

to model students' mathematics performance over time. They used data from students in

the 3rd to 8th grade spanning from 1994 to 2009 to predict mathematical pro�ciency by the

8th grade. The Markov chain model used longitudinal data of students' performance over

time to estimate the probabilities of test score movement from one grade-level to the next.

Other studies implemented statistical approaches such as valued-added models to

assess student performance as a function of school or teacher effectiveness (Sanders et al.

(1997); Wright et al. (2010); McCaffrey et al. (2004); Ballou et al. (2004)). The Educational

Value-Added Assessment System (EVAAS), also known as the Tennessee Value-Added Ac-

countability System (TVAAS), is one of the most well known value-added models in the

education setting and was developed as a SAS® package by a group of researchers led

by Dr. William Sanders at the University of Tennessee at Knoxville (SAS (2012)). It uses

Multivariate Response Models (MRM), linear mixed models for district, school, and teacher,

and a Univariate Response Model (URM) to project student performance (Wright et al.

(2010)). EVAAS is an educational resource for educators and policymakers for tracking
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student performance, their test scores, and their expected future performance over time.

EVAAS has been available to evaluate the effectiveness of education in school districts of

several states including North Carolina. The models offer tools for educators to improve

student learning in North Carolina, by longitudinally tracking students' performance on

EOG and End-Of-Course (EOC) exams over time (SAS (2014)).

Research suggests that teachers can provide an accurate evaluation of their students'

performance. Teachers observe students in their classroom every day and interact with

them over the entirety of the academic year, hence, teachers are in the best position to

assess students' academic ability, intelligence, and social and behavioral placement (Meisels

et al. (2001)). As a result, several studies have tried to evaluate the extent and validity of

the aforementioned claim. Some studies represented the legitimacy and reliability of the

teachers' assessment under the assumption that teachers possessed adequate knowledge

in each speci�c �eld to evaluate students (Calfee and Hiebert (1991); Hopkins et al. (1985);

Kenny and Chekaluk (1993)). Other studies were concerned about the intrinsic subjectivity

of teachers' judgment, and =or in�uence of teachers' biases or expectations on students'

performances (Hoge (1983); Hoge and Butcher (1984); Sharpley and Edgar (1986); Meisels

et al. (2001)).

The de�nition of teacher judgment varies slightly within the literature but in general

refers to the teacher's assessment of a student's expected performance. Anders et al (2011)

outlined the accuracy of teacher judgment on a speci�c task as his or her ability to judge

student performance correctly (Anders et al. (2011)). Teacher judgment can either explicitly

or implicitly assess the students' performance on measures of achievement which can

affect the accuracy (Südkamp et al. (2012)). It was considered as “Informed / Uninformed”

teacher judgment by Südkamp et al. (2012), and was also named “direct / indirect” teacher

judgment by Hoge and Coladarci (1989) (Hoge and Coladarci (1989); Südkamp et al. (2012)).

Sometimes, teachers assessed students' performance on a standardized achievement test

by speci�cally "estimating the number of items each student will solve correctly,” which can

be considered a direct evaluation of teacher judgment (Helmke and Schrader (1987)). While

in other cases, teachers used a rating scale to assess students' achievement in a speci�c

subject, which is categorized as an indirect rating (DuPaul et al. (1991); Meisels et al. (2001)).

It can be said that usually teachers are uninformed about their judgmental measure (only

10 among 75 studies Südkamp et al. (2012) considered), which may affect the relationship

between teacher judgment and student achievement (Hoge and Coladarci (1989); Südkamp

et al. (2012)). Wright and Weise (1988) and Feinberg and Shapiro (2003) consider both types

of approaches in their studies, and found higher correlation for direct teacher judgment
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than indirect (e.g. r =0.7 vs. r= 0.62) (Wright and Wiese (1988); Feinberg and Shapiro (2003,

2009); Demaray and Elliot (1998)).

Studies in the literature have identi�ed other variables that are in�uential to the accuracy

of teacher judgment. Generally, Hoge et. al. (1989) and Südkamp et al. (2012) de�ned the

"informed versus uninformed rating”, and categorized other factors such as "points on

rating scale”, "judgment speci�city”, "norm-referenced vs. peer-independent judgments”,

and "domain speci�city” as follows (Hoge and Coladarci (1989); Südkamp et al. (2012)):

1. Points on rating scale: Applying rating scales with different numbers of points on the

scales for acquiring teacher judgment. A trade-off between number of points de�ned

and degree of speci�city (sophistication) for the judgment.

2. Judgment speci�city: Based on Hoge and Coladarci (1989), considering the imple-

mentation of a direct or indirect approach, teacher judgment can be categorized

within a �ve-scale range of speci�city; (1) rating students performance on a scale

from low to high, (2) ranking students in the classroom based on their achievements,

(3) assigning a speci�c score to each student, (4) estimating the number of correct

answers for the student on a standardized test, and (5) specifying the items students

answer correctly on an assessment.

3. Norm-referenced vs. Peer-independent judgments: Teacher judges student academic

achievement based on a highly speci�c and detailed rating scale, or in comparison

with other students in the same class.

4. Domain speci�city: The level teacher judging students; based on a speci�c skill or

subject, or general academic performance.

These elements often overlap with one another, for example the direct / indirect factor

has a connection with 'points on the rating scale' or the 'judgment speci�city' distinction.

Hoge and Coladarci (1989) believed the "degree of speci�city” could affect the resulting

relationship between teacher judgment and student achievement; where low speci�city

judgment, in which teachers rated students based on academic achievement scaling (poor

or lowest �fth to excellent or highest �fth in class), results in lower median correlation

(r=0.61) in comparison with higher speci�city ones (r =0.76, 0.7, 0.67, 0.7). In contrast, they

found no signi�cant difference between correlations for norm-referenced (median r =0.68)

vs. peer-independent judgments (median r =0.64) in their meta-analysis study (Hoge and

Coladarci (1989); Südkamp et al. (2012)).
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2.2 Relationship between Teacher Judgment and Student

Achievement

Teachers select classroom activities and their associated level of dif�culty, make decisions

regarding curriculum materials and student learning group assignments, and identify

students who may struggle with concepts based on their judgment (Alvidrez and Weinstein

(1999); Clark and Peterson (1986); Sharpley and Edgar (1986); Bailey and Drummond (2006);

Hoge (1983); Hoge and Butcher (1984); Hoge and Coladarci (1989); Shepard (2006); Stiggins

and Chappuis (2005); Demaray and Elliot (1998); Südkamp et al. (2012); Beswick et al. (2005);

Teisl et al. (2001); Martínez et al. (2009); Eckert et al. (2006); Meisels et al. (2001)). Thus,

teacher judgment can not only in�uence student performance and his or her expectations

about the student's ability during the academic year, but it may also affect the student's

perception of his or her own ability, as well as the student's evaluation and academic

standing in the future (Marsh (1990); Möller et al. (2009); Südkamp et al. (2012); Black and

Wiliam (1998); Rodriguez (2004); De Boer et al. (2010); Brophy and Good (1986); Jussim

and Eccles (1992); Brookhart (1997); Martínez et al. (2009)). This assumes that `"teachers'

judgments of students' ability are accurate” (Mowrey and Farran (2016)).

Some studies have indicated that teacher judgment of students is not always accu-

rate, which can prove challenging with regard to teacher and school decisions for placing

students in classes for which they are not prepared, speci�cally in mathematics (Mowrey

and Farran (2016)). As a result, various studies investigated different samples of students

to analyze the degree of accuracy of teachers' judgment of students' achievement. Most

studies used the correlation coef�cient to evaluate the strength of the relationship between

teacher judgment and student academic achievement performance and those are sum-

marized in Table 2.1 (Webster et al. (1989); Demaray and Elliot (1998); Meisels et al. (2001);

Benner and Mistry (2007); Martínez et al. (2009); Bates and Nettelbeck (2001); Hinnant

et al. (2009); Begeny et al. (2011); McMahon and Jones (2015); Zhu and Urhahne (2015);

Meissel et al. (2017); Kuhn (2015)). The correlation value varies from as low as 0.03 to the

high result of 0.92 with a median correlation of 0.66 based on 75 and 16 studies Südkamp

et. al. (2012) and Hoge and Coladarci (1989) summarized in their respective meta-analyses

(Hoge and Coladarci (1989); Südkamp et al. (2012)). On average, numerical results support

the relationship between the teacher judgment approach with the evaluation of student

academic performance on standardized tests.

Various approaches have been employed to model the relationship between student
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achievement and their corresponding value for teacher judgment, including regression

analysis, hierarchical and logistic regression, and Analysis of Variance (ANOVA) (Meisels

et al. (2001); McMahon and Jones (2015); Eaves et al. (1994); Gallant and Moore III (2008);

Hinnant et al. (2009); Benner and Mistry (2007); Mowrey and Farran (2016)). Table 2.1 pro-

vides a list of methods used by each study referenced here. These analyses help researchers

draw conclusions about the factors associated with student test performance, their signi�-

cance on the relationship with teacher judgment based on initial numerical results in the

context of a student, classroom, and school. Meisels et. al. (2001) examined the accuracy

of teacher judgment in the Work Sampling System (WSS) 1 with the Woodcock-Johnson

Psychoeducational Batter—Revised (WJ-R) as standardized assessments of mathematics

and literacy for kindergarten to third grade. Using data on students in an urban school,

correlation analyses ranging from 0.3 to 0.8, demonstrated evidence of validity for WSS

corresponding to WJ-R. Further, a four-step hierarchical regression used to investigate the

variability in students' scores, showed WSS ratings were the most signi�cant factor over

the students' demographic characteristics (gender, age, ethnicity, socioeconomic status,

and initial performance level) in predicting students' scores in the models. (Meisels et al.

(2001)).

2.3 Relationship between Student Characteristics and Stu-

dent Performance

Students' grades may be an indication of academic performance, but they can also be

related to student demographic characteristics such as gender, ethnicity, behavior, and

socioeconomic status (Reeves (2011)). Since the early 1970's, researchers have studied

teacher judgment of students' academic performance whilst examining student charac-

teristics such as student gender, ethnicity, achievement level, socioeconomic standing

and parental education to evaluate the signi�cance of their in�uence on the accuracy of

teacher judgment (Coladarci (1986); Demaray and Elliot (1998); Beswick et al. (2005); Rausch

et al. (2016); Martínez et al. (2009); Valdez (2013); Mowrey and Farran (2016); Feinberg and

Shapiro (2009)). These factors are described in more detail as follows.

1”WSS is a low-stakes, curriculum-embedded performance assessment whose primary purpose is instruc-
tional assessment. Its value is linked to its impact on instruction. It is intended to clarify what students are
learning and have begun to master by providing information relevant to understanding individual students'
academic, personal and social, and other accomplishments.” (Meisels et al. (2001))
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2.3.1 Gender

Beswick et. al. (2005) applied ANOVA on 205 students' WIAT-II 2 scores as a function of their

characteristics, and found that female students were rated more positively than their male

counterparts (Beswick et al. (2005)). This �nding was consistent with other studies that

re�ected teacher bias toward females since females consistently receive higher scores in

“every major subject” during their school years in comparison with males (Duckworth and

Seligman (2006); Martínez et al. (2009); Beswick et al. (2005); Hinnant et al. (2009); Ready

and Wright (2011)). Female students may be considered more "self-disciplined” while male

students may be perceived to be problematic due to "learning and behavioral dif�culties,"

therefore teachers may use grades as a tool for reprimanding unruly students (Glanton

(2014); Reeves (2011)). Previous studies such as Zhu and Urhahne (2015), who developed

an HLM to predict 505 Chinese students' English scores based on teacher judgment and

students' demographics, failed to demonstrate signi�cant differences in the relationship

between teacher judgment and students' achievement based on their gender (Hoge and

Butcher (1984); Sharpley and Edgar (1986); Demaray and Elliot (1998); Zhu and Urhahne

(2015); Glanton (2014)). While studies such as Martinez et. al. (2009), and Hinnant et.

al. (2009) showed that gender was signi�cantly related to teacher judgment of students'

achievement, in reading and mathematics. They found teachers were likely overestimating

female student performance. Further, Ready and Wright (2011) concluded teachers have

a negative prejudice against male students (Martínez et al. (2009); Hinnant et al. (2009);

Ready and Wright (2011)). (Bennett et al. (1993); Beswick et al. (2005)). Table 2.1 lists other

studies in which teacher judgment was in�uenced by student gender.

2.3.2 Ethnicity

Few studies tracked the relationship between teacher judgment and students' performance

based on ethnicity. Hinnant et. al. (2009) proposed an HLM for around 1,000 students on

NICHD data and concluded that there was a relationship between students' ethnicity and

their socioeconomic status with regard to their score in reading (Hinnant et al. (2009)). Gal-

lant and Moore (2008) used an ordinal logistic regression procedure and found differences

in teachers' rating distribution for 1,761 White and African-American students in reading,

2Wechsler Individual Achievement Test - Word Reading (WIAT-II) is a recent revision of the original
Wechsler Individual Achievement Test (WIAT). The WIAT-II is an individually administered comprehensive
norm-referenced achievement battery designed to assess pre-academic and academic skills of individuals
aged 4 years through adulthood. It is also designed to compare individual performance against same-age or
same-grade peers. (Beswick et al. (2005))
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concluding that a higher proportion of African-American students are categorized as “low”.

This distribution was also consistent with students' performance on standardized test

(Gallant and Moore III (2008)). In this regard, Flowers et. al. (2003) previously demonstrated

that “students' perception” of teacher judgment was signi�cantly related to their academic

behavior, possibly in�uencing future academic scores (Flowers et al. (2003)). Contrary to

Gallant and Moore (2008), Martinez et. al. (2009) found that kindergarten teachers over-

estimate the minority students in an attempt to make up for discrimination perceptions

between students, while Ready and Wright (2011) found that teachers have a negative bias

against minority students (Martínez et al. (2009); Ready and Wright (2011)).

2.3.3 Achievement Level

Demaray and Elliott (1988) noticed a higher percentage of agreement between teachers'

reports and students with above-average K-TEA scores than those with below-average

scores, thus concluding that teachers were more accurate in judging high-level performing

students, and less accurate judging low-level ones (Demaray and Elliot (1998)). There were

consistent results in the literature regarding the relationship between teacher judgment

and student performance based on their academic achievement level by applying various

statistical analyses on different samples which can be seen in Table 2.1 (Coladarci (1986);

Bates and Nettelbeck (2001); Begeny et al. (2008, 2011); Feinberg and Shapiro (2009); Zhu

and Urhahne (2015); Eckert et al. (2006); Mowrey and Farran (2016)).

2.3.4 Socioeconomic Status

Glanton (2014) used an ANOVA on 209 eighth grade students' CRCT scores. 3. Glanton

(2014) found that students who enrolled in free lunch, which indirectly demonstrated

a student's �nancial status, achieved signi�cantly higher scores than those who did not

(Glanton (2014)). Valdez (2013) used a regression analysis on the ECLS-K 4 data set and noted

that socioeconomic status (SES) was providing a biased estimate for teacher judgment;

3The Criterion-Referenced Competency Tests (CRCT) are a set of tests administered at public schools
in the state of Georgia designed to assess the knowledge of �rst through eighth graders in reading, En-
glish/ language arts (ELA), and mathematics, and third through eighth graders additionally in science and
social studies(Wikipedia (2009))

4ECLS–K conducted by the National Center for Education Statistics (NCES). The ECLS followed a nationally
representative sample of approximately 22,000 children who entered kindergarten in 1998 and documented
their achievement and progress through �rst, third, and �fth grades. ECLS also collected data on the charac-
teristics and practices of their teachers, and their familial, classroom, and school environments(Martínez
et al. (2009)).
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higher SES resulted in a higher rating in reading from teachers of kindergarten and �rst

grade students, but conversely lower for third grade students (Valdez (2013)). Mowrey and

Farran (2016) studied teacher and parent ratings of mathematics performance from an

urban sample of 401 middle grade students longitudinally and concluded that teachers

and parents in poor schools may falsely overestimate students' mastery of mathematical

concepts (Mowrey and Farran (2016)).

2.4 Summary and Research Foci

Previous studies are limited in scope and / or scale. Many analyzed small samples, e.g.,

students from one or two grade-levels in one school (Coladarci (1986); Beswick et al. (2005);

Begeny et al. (2008, 2011)). Some studies considered large samples including the Early

Childhood Longitudinal Study, Kindergarten Class (ECLS-K) conducted by the National

Center for Education Statistics (NCES) (Martínez et al. (2009); Valdez (2013)), or studies that

analyze data from all public schools in one or multiple states (Demaray and Elliot (1998);

Meisels et al. (2001); McMahon and Jones (2015); Mowrey and Farran (2016); Timperley

and Smith (2004)). However, these studies either focus on a single cohort or consider a

single grade in multiple periods, and do not consider the longitudinal or cross-sectional

relationships over time.

In this research, unlike most work in the literature, we use the NCERDC data set with

embedded information for more than six million students in 3rd through 8th grade. In

our study, we explore students' performance across the state for multiple cohorts and

grade-levels and explore how performance evolved over eight years from 2006 to 2013. The

standardized EOG test achievement level score is used as a marker for student performance

and is compared with teacher judgment as recorded within the NCERDC data. In this

research, we calculate the correlation coef�cients, but unlike the current literature, we use

hypothesis tests along with effect size to evaluate the statistical signi�cance of the relation-

ship. We also develop decision trees that offer a better understanding of the signi�cant

factors related to students' performance at each grade-level. Further, we consider student

demographics along with current and past teacher judgments as well as historical student

performance.
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Table 2.1: Summarized educational literature review
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Table 2.2: Summary of the educational literature review, continued
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Table 2.3: Summary of the educational literature review, continued
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Table 2.4: Summary of the educational literature review, continued
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Table 2.5: Summary of the educational literature review, continued
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CHAPTER

3

IDENTIFYING FACTORS THAT

INFLUENCE STUDENT PERFORMANCE

This chapter explores the longitudinal relationship between student performance in mathe-

matics and reading in the 3rd through 8th grade with other factors such as teacher judgment

and student demographics. Here, we investigate a quantitative approach to determine fac-

tors in�uencing student performance on EOG standardized tests in mathematics and read-

ing. First, student performance was tracked across grade-levels to determine the likelihood

of attaining a speci�c achievement level in a grade, given a particular level of achievement

in his or her previous grade. This transition probability matrix de�nes a student's longitu-

dinal progression of performance across grade-levels. Similarly, Reamer et. al. (2012 and

2015) used Markov chains to model student performance over time (Reamer et al. (2012,

2015)). Here, we extend this work by detecting the factors that assist in our prediction of

student performance. Considering variables recorded by the NCERDC, teacher judgment

demonstrates higher correlation with student's EOG achievement level in both mathemat-

ics and reading. To support this, hypothesis tests and effect size analyses are implemented

to account for statistical signi�cance and the effect of sample size on �ndings. The related

work on the correlation analysis and hypothesis tests were submitted as a paper to the
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American Society of Engineering Education Souteastern Section (ASEE SE) 2019 conference

and as a poster in American Educational Research Association (AERA) 2019 (Meshkinfam

et al. (2019a)). Decision tree analysis is also applied on students' data to understand the

most in�uential factor over time.

3.1 Data Overview

In this chapter, the analyses are conducted on the entire sample as well as representative

1% samples to ensure that the assessment of signi�cance was not in�uenced by the large

sample size. The samples were created by randomly extracting 1% of observations from

each grade-level and year while maintaining the demographic characteristics of students in

the aggregate data set. We found no statistically signi�cant differences between the various

1% samples, therefore a single 1% sample is used in the analysis that follows. Table 3.1

summarizes the distribution of students based on their gender and ethnicity from the 3rd

to 8th grade in 2006 through 2013. As shown in Table 3.1, the demographic distribution

of the 1% sample is representative of the population. Hypothesis tests of proportions did

not suggest signi�cant differences between the population and the 1% sample. We used

a chi-squared goodness of �t test to determine if the student demographics in the 1%

sample are representative of the entire data set. We ran similar tests for students' gender

and ethnicity as can be seen in Table 3.1 and p-values are approximately equal to 1, which

means the 1% sample represents the data well.

We analyzed students' EOG achievement level scores in reading and mathematics,

with their corresponding teacher judgment assessment, and demographic characteristics

for three cohorts of students from 2006-2013, including 2,542,451 students in total. As

mentioned previously, the three cohorts are de�ned as students who progressed without

retention or skipping any grade from 3rd to 8th grade from 2006 to 2011 (cohort1), from

2007 to 2012 (cohort2), and from 2008 to 2013 (cohort3). SAS ® DATA and PROC steps are

used to extract information for the analyses from the NCERDC data set. Tables 3.2 and 3.3

demonstrate the total number of students in each grade-level by cohort and summarizes

the distribution of students' demographic characteristics, respectively.
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Table 3.1: Student Demographics for the population and 1% sample

Table 3.2: Number of students in each grade and cohort for NCERDC Population Data
from 2006 - 2013
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Table 3.3: Distribution of students' demographics for NCERDC Data from 2006 – 2013

3.2 Statistical Analysis

In this chapter, various statistical methods were employed to analyze the relationship

among students' achievement level scores in mathematics and reading. The transition

probability matrix demonstrates the likelihood of students' EOG achievement level move-

ment from one grade-level to another. The Pearson correlation coef�cients were computed

for EOG test and teacher judgment scores for each grade-level and year. Hypothesis tests

were conducted to evaluate the signi�cance of differences between correlations. In this

set of analyses, the relationship as a function of students' gender and ethnicity for both

mathematics and reading are characterized. Effect size evaluated the impact of sample size

on the results for the relationship between students' EOG scores and the corresponding

teacher judgment and as a function of demographic factors. Finally, decision tree analysis

is implemented to detect the most in�uential factors on student EOG performance at each

grade level. The notation de�ned in Table 3.4 are used.

3.2.1 Transition Probability Matrix

The probability of obtaining EOG achievement level j, at grade g, given that a student is in

achievement level i at grade g-1 has been calculated for the 3rd to 8th grade. The resultant

transition matrix of probabilities was generated for mathematics and reading overall, and

for each grade, cohort, gender and ethnicity separately.

3.2.2 Pearson Correlation

To evaluate the strength of the relationship between teacher judgment and student EOG

achievement level scores in mathematics and reading, the Pearson correlation coef�cient

(r ) was calculated for each cohort and grade-level. The resultant correlation coef�cient

values were compared in various scenarios for the entire sample (i.e., all students) by

student demographic characteristics for both mathematics and reading.

24



Table 3.4: Table of Notation
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3.2.3 Hypothesis Testing

In order to test the hypothesis of the equality of two correlation coef�cients, Fisher trans-

formation r' is used which allows us to test whether r 0= r 0
0 for some value of r 0

0 .

r 0=
ln (1+ r ) + ln (1 � r )

2
(3.1)

Consider r 0
1 and r 0

2 are the Fisher transformation of the correlation coef�cient r1 and r2 for

independent samples of size n. Further suppose r 0
1 = r 0

2. The corresponding z statistic is

de�ned as follows, in which z � N (0,1). (Zaiontz (2017))

z =
r 0

1 � r 0
2

s
w he r e s =

v
t 1

n1 � 3
+

1

n2 � 3
(3.2)

Similarly, the test statistics will be as follows to compare more than two correlation coef�-

cients simultaneously, where k is the number of populations: (Arsham (2015))

� 2 =
X

[(n i � 3)r 0
i ] � [

(
P

(n i � 3)r 0
i )2

P
(n i � 3)

] for any i =1, ..., k (3.3)

This hypothesis test is used to test the signi�cance of the relationship between students'

EOG scores and their corresponding teacher judgments, based on the Pearson correla-

tion coef�cient. We conduct hypothesis tests to: (i) assess if the relationship between

students' EOG and teacher judgment scores is the same for each grade-level generally,

cohort-, gender-, and ethnicity-based in mathematics and reading; and to compare the

EOG-teacher judgment correlation coef�cients by: (ii) grade-level for all and each cohort,

and (iii) grade-level by gender, and ethnicity. The signi�cance of the relationship for � = 0.05

was determined based on the resulting p-values of each hypothesis test.

3.2.4 Effect Size

Although correlation is one form of effect size in some studies, for our purpose, we tried

to calculate Effect Size for the correlation comparison t-tests to determine whether the

reported signi�cance is in�uenced by sample size. Thus, the Cohen's d from the t-test was

applied as: (Thalheimer and Cook (2002))

d = t

v
t

(
n t + n c

n t n c
)(

n t + n c

n t + n c � 2
) (3.4)
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where t is the t-test statistics, and n t and n c are related to the number of subjects in

each sample.

3.2.5 Decision Tree

In the last analytical approach, decision tree analysis is used to determine the most impor-

tant and in�uential factors for student EOG performance in reading and mathematics. We

de�ne the decision tree to predict student performance at each grade-level by considering

teacher judgment for the current grade, student's EOG performance and teacher judgment

for all the previous grade-levels to represent the student's historical academic background.

Student's gender, ethnicity, the year they studied in each grade-level, and the cohort in

which they belonged, along with the school and county in which they studied are analyzed.

SAS® PROC HGSPLIT is employed for creating the decision trees. The Local Education

Agency (LEA) refers to the “school district, an entity which operates local public primary

and secondary schools in the United States.” (Wikipedia, n.d.). LEA is a three-digit code

addressing public charter schools, regional lab schools, and other educational entities. The

�rst two elements of LEA refer to the speci�c county in North Carolina coded from 00 to

99, while the third element pointed to the structure of the educational entity, including

number 0, 1, . . . or letter A, B, ... with speci�c meaning de�ned by NCDPI. In our study,

we used this variable as a code to describe the counties in North Carolina by making use

of its �rst two elements. We also use LEA to de�ne a unique school identi�er by merging

its value with school code, which is de�ned distinctly for each LEA. The school identi�er

is de�ned by combining the three digit school code with the corresponding LEA code to

create a unique element pointing to a speci�c school within the data set.

3.3 Results

In order to analyze student performance over time and evaluate the accuracy of the rela-

tionship between a student's EOG test score and their corresponding teacher judgment, a

series of statistical tests were implemented. The analyses were performed with a speci�c

subset of the NCERDC data set considering the entire population, one percent sample and

longitudinal sample of three cohorts of students from the 3rd to 8th grade in 2006 to 2013.

For these analyses, SAS 9.4 was used on a 64-bit operating system Intel(R) Core(TM) i7-2600

CPU @ 3.40 GHz and 16.0 GB RAM via windows 10.
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3.3.1 Student Performance Transition: Mathematics and Reading

The transition probability matrix in Table 3.5 shows the likelihood that students with a

speci�c achievement level in each grade-level, obtain a particular achievement level in the

next grade in reading and mathematics. For the purpose of tracking students longitudinally,

data from three cohorts have been used in this section. The probabilities are calculated

by aggregating the students' EOG performance from all grade-levels and cohorts together.

Generally, it is likely that a student will earn the same achievement level as in the previous

grade, and the next most probable outcome is advancing or regressing by one level.

Table 3.5: Transition Probability Matrix for students' EOG movement across grade-level in
reading and mathematics

From the probabilities in Table 3.5 it appears that there is a higher likelihood of advanc-

ing to a higher achievement level in the next grade level in mathematics than in reading.

Table 3.6 summarized the probabilities of transitioning from each grade level to the next

across all years, in reading and mathematics, where the observations show similar results

as was detected in Table 3.5.

Similarly, Table 3.7 shows the transition probabilities for each cohort over all grade-

levels. With the exception of the general observation of larger probabilities for transition to

the same or higher achievement levels in mathematics than reading, it is dif�cult to detect

speci�c trends based on the cohorts.

Role of Student Demographics

The transition probability matrices based on the student's gender and ethnicity across all

grade-levels and years are provided in Tables 3.8 and 3.9, respectively. While no speci�c

trend can be identi�ed based on student's gender, it appears that Asian students have a

higher probability of advancing to higher achievement levels in comparison with other
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Table 3.6: Transition Probability Matrix for students' EOG movement across grade-level in
reading and mathematics for each grade-level transition
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Table 3.7: Transition Probability Matrix for students' EOG movement across grade-level in
reading and mathematics for each cohort

ethnic groups.

3.3.2 Student Performance and Teacher Judgment: Mathematics and

Reading

The Pearson correlation coef�cient for the relationship between teacher judgment and

student EOG test scores in each grade and cohort for the overall student population ranges

from 0.58 to 0.71. Considering the three cohorts speci�cally, it ranges from 0.61 to 0.69.

Figures 3.1 and 3.2 show how the correlation coef�cients for mathematics and reading

vary across grade-level and year, respectively. The EOG performance – teacher judgment

correlation coef�cient decreases from 3rd grade to 8th grade in reading and is relatively

constant in mathematics for each year. Within each grade, the correlation increases over

years 2006 to 2013. There is a weaker correlation particularly in reading for the higher

grade-levels. Figure 3.3 also shows how the correlation coef�cients for mathematics and

reading vary across grade-level generally and for each speci�c cohort. The correlation

values decrease from 7th to 8th grade in mathematics and reading. Interestingly, across all

grade-levels and years, the correlation is higher for mathematics than for reading. It can
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Table 3.8: Transition Probability Matrix for students' EOG movement across grade-level in
reading and mathematics by student gender

be noticed that correlation values are higher for cohort 3 and lower for cohort 1 in most

grade-levels for both mathematics and reading.

Figure 3.1: Correlation between EOG achievement score and teacher judgment in mathe-
matics and reading by grade-level over time

This behavior is similar for the population and the 1% sample. In general, as would be

expected, there is more variability in the correlation coef�cients in the 1% sample than in

the population at large. Correlation coef�cients for each grade-level by year from the 1%

sample for mathematics and reading are represented in Table 3.10 and 3.11, respectively.

A number of hypothesis tests were implemented on these values. The signi�cance of

the correlation values were tested and all values were found to be highly signi�cant with

31



Table 3.9: Transition Probability Matrix for students' EOG movement across grade-level in
reading and mathematics by student ethnicity
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Figure 3.2: Correlation between EOG achievement score and teacher judgment in mathe-
matics and reading by year for each grade

Figure 3.3: Correlation between EOG achievement score and teacher judgment in mathe-
matics and reading by grade-level over time
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Table 3.10: Correlation between EOG achievement score and teacher judgment in reading
for each grade-level by each year in 1% sample

Table 3.11: Correlation between EOG achievement score and teacher judgment mathe-
matics for each grade-level by each year in 1% sample
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p-value <0.0001. Thus, there was no need to de�ne any other range for p-values in these two

tables. The p-values corresponding to the test for the signi�cance of the difference between

the student EOG performance – teacher judgment correlation coef�cients for different

years and grades for mathematics and reading are shown in Table 3.10. By considering the

signi�cant differences at � = 0.05 in the 1% sample, most of the student EOG performance

– teacher judgment correlations are not signi�cantly different between mathematics and

reading. The most signi�cant differences are in the 8th grade, in 2007 for the 5th through

the 8th grades, and in 2012 and 2013 for several grades. In the cases where the correlation

was signi�cantly different, the relationship between the student's EOG performance and

teacher judgment is consistently stronger in mathematics. The colors of the correlation

values displayed in Table 3.10 also represent the range of the corresponding t-test effect size

between correlation in reading and mathematics, where: (i) Black when between -0.1 to 0.1,

and (ii) Gray when between 0.1 to 0.3 or -0.1 to -0.3, while these two demonstrated no and

very small effect. As we did not observe other ranges for higher effect size values, a color

code was not de�ned for them. Based on Table 3.10, more values are colored “Black” than

"Grey", therefore it appears that the signi�cance of the hypothesis tests is not in�uenced

by the sample size.

Tables 3.12 and 3.13 list the value of correlation coef�cients between student EOG

score and their corresponding teacher judgment. Similarly, series of hypothesis test were

implemented on these values. First, the signi�cance of their value is tested, where all of them

were found to be highly signi�cant (p-value <0.0001). Second, the corresponding correlation

for successive grade-levels were compared with each other to see if they are signi�cantly

different. P-values related to the chi-square test show the correlation coef�cients in cohorts

1 to 3 are different from each other for each grade except 7th grade in reading. Third, for

each grade the correlation values of each cohort are compared with the overall population

for statistically signi�cant differences. They seem to be statistically different for lower

grades (3rd to 6th) in reading, and cohort 3 in mathematics. Similarly, the all grade-level in

cohort 1 and higher grades (5th to 8th) in cohort 2 for mathematics demonstrate statistical

differences with overall values. Finally, we compare the correlation coef�cients between

reading and mathematics in each grade and cohort. The correlation seems to be stronger

for mathematics than for reading across all grade-levels and cohorts except one grade-level

for each. Considering the color coding for effect size, since all correlations are colored

“Black”, we can say the sample size does not in�uence the signi�cance of the hypothesis

tests.
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Table 3.12: Correlation and P-values between EOG achievement score and teacher judg-
ment in reading for each grade-level by cohort

Table 3.13: Correlation and P-values between EOG achievement score and teacher judg-
ment in Mathematics for each grade-level by cohort
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Role of Student Demographics

In this section, the relationship between students' achievement level scores and their

teacher judgment based on student demographic characteristics, speci�cally ethnicity and

gender, is explored.

Ethnicity

For each ethnic group, as de�ned by the NCERDC, the EOG performance – teacher judg-

ment correlation coef�cients in mathematics and reading are plotted by grade-level in all

years and for each year from 2006 to 2013 separately in Figures 3.4 and 3.5, respectively. For

each ethnic group, the correlation coef�cients increase from 3rd to 7th grade, but decrease

for the 8th grade in mathematics and reading. In general, it can be noticed that the correla-

tion coef�cient was larger for Asian and White students and lower for Black and American

Indian students across all grades and years.

Figure 3.4: Correlation between EOG achievement score and teacher judgment in mathe-
matics and reading by grade

Tables 3.14 and 3.14 provide the correlation values of students' EOG test performance

and teacher judgment for each ethnic group across grade-levels and cohorts. The corre-

lation coef�cients range from 0.534 to 0.723. Like before, multiple hypothesis tests are

implemented to detect the (i) statistical signi�cance of each correlation, (ii) statistical dif-

ferences among correlation values of ethnicity group for each grade, and (iii) variability

between correlations for mathematics and reading. As before, in the �rst two hypothesis

tests there was no need to de�ne any other range for p-values beside <0.0001. The third

hypothesis tests were not as strong for the Asian or American-Indian tests. It is statistically
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Figure 3.5: Correlation between teacher judgment and student performance for different
ethnic groups in mathematics and reading by grade over time
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noticeable that correlation coef�cients are higher for mathematics than reading in most of

the cases studied. The effect sizes are all less than 0.1 which shows population size has no

effect on the signi�cance of the test.

Table 3.14: Correlation and P-values between EOG achievement score and teacher judg-
ment in reading for each grade-level by ethnicity

new line

Gender

The student EOG performance – Teacher Judgment correlation coef�cients in mathematics

and reading ranged from 0.594 to 0.671 for male and female students. The correlation values

and corresponding p-values for hypothesis tests are illustrated in Table 3.16. Figure 3.6

demonstrates the general trend of correlation for male and female students across all years

in mathematics and reading graphically. Figure 3.7 shows the correlation for each year

separately. The correlation coef�cient tends to be higher for male than for female students

across all grades and years and the increasing trend can be detected from 3rd to 7th grade.

Similar to the ethnicity analysis, three hypothesis tests are applied on correlation coef�-

cients for male and female students, and can be seen in Table 3.16. The resulting p-values

demonstrate statistical differences for (i) all correlation values with zero, (ii) correlation

among male and female students in mathematics and 3rd to 8th grade in reading (due

to the strong signi�cance the p-values for these two tests demonstrate, there is no need

to de�ne any other range aside <0.0001 for p-values), and (iii) correlation coef�cients of

male and female students between mathematics and reading. The correlation values are
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Table 3.15: Correlation and P-values between EOG achievement score and teacher judg-
ment in Mathematics for each grade-level by ethnicity

Figure 3.6: Correlation between teacher judgment and student performance for male and
female students in mathematics and reading by grade over time
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Figure 3.7: Correlation between teacher judgment and student performance for male and
female students in mathematics and reading for each year from 2006 to 2013 by grade-level

statistically higher for male than female students, and for mathematics than reading. Effect

sizes also demonstrated no sample size effect on the signi�cance.

new line

Socioeconomic Status (SES)

A student's SES is linked to the Free / Reduced Price Lunch Eligibility (FRL) variable in the

NCERDC data set, which assumes the values of Free (F), Reduced (R), Temporary (T), Not

Received (N) and Missing (X). FRL demonstrates a student's need for participation in a

school lunch program in a given year. Unfortunately this variable was only reported in 2006

and not any year thereafter until 2013. Thus, in order to illustrate the effect of SES on the

relationship between student EOG performance and teacher judgment, the correlation

coef�cient was calculated for the 2006-2011 cohort, assuming this attribute will carry over

the grade-levels in this cohort. Figure 3.8 displays the corresponding correlations over

grade-levels. For each group, a similar trend of increasing from 3rd to 7th, and decreasing

for 8th grade can be detected, and in each grade the correlation decreased for lower SES,

except for FRL=T, in all. As shown in Tables 3.17 and 3.18, the correlations ranged from 0.52

to 0.69.

Hypothesis tests are implemented to disclose the related p-value for analyzing the

statistical signi�cance of (i) each individual correlation different from 0, (ii) among corre-
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Table 3.16: Correlation coef�cients and P-values for signi�cant differences between cor-
relations of male and female students in mathematics for each grade-level considering
students' gender

Figure 3.8: Correlation between EOG achievement score and teacher judgment in mathe-
matics and reading by Free / Reduced Price Lunch Eligibility
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lation values of different SES groups for each grade, and (iii) correlation of each group in

each grade between mathematics and reading. The resulting p-values strongly support the

differences for the �rst two ,thus, there was no need to de�ne any other range for p-values

beside <0.0001, and the second hypothesis tests, with the exception of the Temporary

group. The effect sizes are mostly less than 0.1 and demonstrate no sample size effect on

the signi�cance.

Table 3.17: Correlation and P-values between EOG achievement score and teacher judg-
ment in reading for each grade-level by Free / Reduced Price Lunch Eligibility

3.3.3 Student Performance: Decision Tree

Finally, we model decision trees to predict student EOG performance for each grade-level

separately in reading and mathematics, as shown in Figure 3.9 and 3.10. in each grade-

level model, teacher judgment corresponding to that grade is the most in�uential factor

in predicting student performance for reading and mathematics. In the decision tree for

the mathematics EOG, teacher judgment for reading affects student's mathematics per-

formance. The most important factors in each model, the top 5 variables reported by the

decision tree results, are presented in Table 3.19. Based on the results, student's performance

is also in�uenced by a student's previous grades, teacher judgment and EOG performance,

and the school and the year they studied in that grade-level.
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Figure 3.9: Decision tree for predicting EOG level for 3rd to 5th grade in reading and
mathematics
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Figure 3.10: Decision tree for predicting EOG level for 6th to 8th grade in reading and
mathematics
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Table 3.18: Correlation and P-values between EOG achievement score and teacher judg-
ment in Mathematics for each grade-level by Free / Reduced Lunch Eligibility

3.4 Conclusion

Mathematics and reading serve as critical building blocks in the process of educating future

engineers. Mathematics is the foundation of the engineering curriculum and contributes

to the development of critical thinking skills (James (2008)). As such, mathematics per-

formance has been identi�ed as a barrier to entry into engineering disciplines (James

(2008)). Early mathematics training plays a fundamental role, therefore it is important to

understand factors that in�uence student performance in elementary and middle school.

Teachers possess the admirable responsibility of laying the foundation of mathematics

understanding in primary education and their judgment of student performance reaches

far beyond the grade-level in which they teach. A teacher's judgment has been shown to

in�uence student perceptions of their own knowledge as well as their future academic

placement. In this chapter, we began by tracking students' EOG achievement level move-

ment across grades to �nd the probabilistic likelihood that a student ends up in a speci�c

achievement level. To estimate the strength and direction of the relationship, the Pearson

correlation coef�cients are calculated. For statistically comparing the differences between

correlations, Hypothesis tests are applied. Finally, decision trees are used to determine the

most in�uential elements in student EOG performance in reading and mathematics.

Transition probability matrices show that students will most likely remain within the

same achievement level in the next grade especially if they are deemed “pro�cient”. There is

an increased chance for students to achieve a higher EOG achievement level in mathematics

than reading from one grade-level to the next. There is no speci�c trend for transition
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Table 3.19: Five Most important factors from the decision tree for predicting EOG level for
3rd to 8th grade in reading and mathematics

47



probabilities based on grade-level and cohort. Although there is no difference between

male and female students, Asian students demonstrate a higher likelihood for improvement

across grade-levels.

Based on correlation coef�cients and hypothesis tests, there is a signi�cant but moder-

ately positive relationship between teacher judgment and students' actual performance

on the standardized EOG test with correlation coef�cients ranging from 0.58 to 0.71. For

each grade-level, the EOG performance – teacher judgment correlation coef�cients in

mathematics and reading increased from 2006 to 2013, which may re�ect curriculum align-

ment with the EOG exams. In general, this correlation was slightly higher in mathematics

than in reading. In each year, higher grade-levels had weaker EOG performance – teacher

judgment correlations, particularly in reading. This may be related to differences in the

level of student-teacher interaction in middle school as compared to elementary school. In

elementary school, students tend to spend more time with the same teacher and teachers

may interact with a more consistent number of students. In middle school, students tend

to rotate between teachers, decreasing their interaction time with individual students. The

EOG performance – teacher judgment correlation coef�cients were slightly higher for male

students than for female students. In addition, Asian and White students EOG performance

– teacher judgment correlation coef�cients were higher in all grade-levels and years for

both mathematics and reading. The accuracy of teacher judgment was signi�cantly lower

for students from other ethnic groups.

Decision tree results show the importance of the teacher judgment in student's EOG

performance. A student's previous grade performance and teacher judgment along with

the school and the year he or she studied at that grade-level seem to be in�uential factors.

This chapter presents an extensive statistical analysis to evaluate student performance

over time longitudinally. Student performance is highly in�uenced by teacher judgment at

the current and previous grade-level, along with the year and the school in which the student

has attended. There are some limitations to our study. Our study population includes

students with an exceptionality status, such as a learning disability, which may impact our

�ndings and increase the variability in our sample. In the next chapter we propose different

linear models to predict student EOG achievement levels in reading and mathematics to

gain a better understanding of the factors that in�uence student performance at each

grade-level.

,
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CHAPTER

4

MODELING STUDENT PERFORMANCE

CONSIDERING TEACHER JUDGMENT,

STUDENT DEMOGRAPHICS AND

SCHOOL ATTENDED

In this chapter, we model student performance as a function of the most in�uential fac-

tors we found using the statistical analyses in Chapter 3. Considering variables recorded

by the NCERDC, teacher judgment demonstrates higher correlation with students' EOG

achievement level scores in both mathematics and reading. This leads us to implement sta-

tistical modeling such as regression and hierarchical linear models to detect the importance

and degree of in�uence different elements like teacher judgment, school, and student's

demographic characteristics have on student performance. We explore the longitudinal

relationship between teacher judgment and student performance in mathematics and

reading by grade-level as a function of student demographics while taking into account the

effect of grouping students within- and between-schools. There is an increasing interest in
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the effect of “educational assessment practices” on student's inspiration and performance

which are typically measured at the classroom / school level when the corresponding output

variable is at the student level (Brookhart (1997)). Therefore, implementing a Hierarchical

Linear Model (HLM) will help to evaluate the within hierarchy level and cross level rela-

tionships properly, thus effectively clarifying variance between variables at different levels

(Alkharusi et al. (2011); Woltman et al. (2012)).

Instinctively, students' educational data are nested within classrooms and schools,

and ignoring this may encourage false interpretations about the relationship between the

teacher's assessment of a student's performance versus their actual performance (Alkharusi

et al. (2011)). HLM aids in disintegrating the relationship between variables into student

level, classroom level and school level separately. It also facilitates the identi�cation of the

dependency of variables within and between the levels. HLM “requires fewer assumptions

to be met than other statistical methods; it is a preferred method for nested data” (Alkharusi

et al. (2011); Raudenbush and Bryk (2002)). Applying single level models instead of hierar-

chical models results in a series of problems such as “aggregation bias”, “fallacy of wrong

level”, and “unit of analysis” (Alkharusi et al. (2011); Hox (2002); Kreft and De Leeuw (1998);

Raudenbush and Bryk (2002)).

4.1 Linear Modeling

To analyze how student EOG test scores in mathematics and reading are affected by teacher

judgment and student demographics, regression and hierarchical linear models are em-

ployed. For each modeling approach, a separate model is de�ned for each grade-level from

3rd to 8th in reading and mathematics. In both sets of models, the teacher judgment score

of the corresponding grade and subject, previous grades' teacher judgment, and historical

EOG achievement level scores in both reading and mathematics are considered. Categor-

ical variables representing gender, ethnicity, corresponding year for each speci�c grade

(grade-year), cohort and school district (represented by the LEA recorded in the NCERDC

data set) are included. All possible interactions between these variables are also included

in the models. This chapter is retrieved from the paper submitted to the SAS Global Forum

2019 with similar methods and results (Meshkinfam et al. (2019b)).

In this part of our study, we used the LEA variable as a code for describing the counties

in North Carolina using its �rst two elements. For categorical variables like sex, ethnicity,

and cohort, we consider female, white, and cohort 3 as the base variables, respectively.
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4.1.1 Initial Regression Model (Model1)

The multiple regression model (Model1) considers the aforementioned explanatory vari-

ables. The general Model1 formulation is presented as follows where a i g j k and pi g j k are the

EOG achievement level scores, and teacher judgment score of the kth student in subject i ,

for school j and grade-level g, respectively. Similarly, yg and l g specify the year a student

studies in grade-level g and the LEA code for gth grade, respectively. Students' gender, eth-

nicity and cohort are represented by s, eand c, respectively, Where 
 is coef�cient multiplier,

and r i j k is random error.

ai g j k = 
 i 00 + 
 i 1pi g j k + 
 i 2s+ 
 i 3e+ 
 i 4c+ 
 i 5yg + 
 i 6l g +
P

i

P
k 0 2 All Grade < k 
 i k 00a i j k 0 +

P
i

P
k 0 2 All Grade < k 
 i k 00pi j k 0+

P
i

P
k 0 2 All Grade < k 
 i k 00a i j k 0yk 0 +

P
i

P
k 0 2 All Grade < k 
 i k 00pi j k 0yk 0+

P
i

P
k 0 2 All Grade < k 
 i k 00s yk 0 +

P
i

P
k 0 2 All Grade < k 
 i k 00e yk 0+

P
i

P
k 0 2 All Grade < k 
 i k 00yk 0k + 
 i r s e+ 
 i n 0pi �k y + r i j k (4.1)

Analyzing the Model1 Performance

We model student EOG performance as a regression model called a Generalized Linear

Model (GLM) using SAS® PROC GLM and GLMSELECT. Proc GLM is used to build the model

based on teacher judgment, gender, ethnicity, and grade-year using sum of squares type-III

criteria, which assumes the order of the variables does not matter. The regression model is

de�ned as shown in equation 4.1.1. The covariates include all previous teacher judgment

scores, EOG scores in mathematics and reading, and their corresponding interaction terms

with year. Signi�cant factors are identi�ed using stepwise selection based on the Bayesian

information criterion (BIC) using SAS proc GLMSELECT. The models are generated for

all grade-levels from 3rd to 8th in mathematics and reading using the population and its

corresponding 1% sample. Tables A.1 to A.6 in Appendix A show the signi�cant effects with

their coef�cient estimates for the 1% sample identi�ed by the mathematics and reading

GLMs for predicting the 3rd to 8th grade EOG performance. For example, the resulting

signi�cant effects and their coef�cients for mathematics and reading, shown in Table A.6

were selected using SBC stepwise selection of the initial 56 effects after 16 and 10 steps for

8th grade, respectively.

As we expect from Chapter 3, GLMs indicate signi�cant relationships between students'
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3rd to 8th grade EOG test performance and teacher judgment in current and prior grades

(except 3rd grade which is the �rst grade-level considered), and this relationship was

signi�cantly in�uenced by time. In addition, student EOG performance was signi�cantly

related to the student's performance in previous grades in reading and mathematics as well

as time.

In the second phase of this study, we predict student EOG test scores based on the

resultant model for the 1% sample in mathematics and reading, and assess the predictions.

The chi-squared goodness of �t tests were calculated based on applying models for the

1% sample to the population data, excluding the 1% sample used as the training set. The

resulting p-values (Management (2013)) are close to 1.0 (Table A.8) for mathematics and

reading, indicating that the predicted values for EOG scores from the 1% sample models are

reasonable estimates for actual student performance. These results motivate us to model

student performance via more advanced approaches to see how well they can predict

student EOG achievement level scores in reading and mathematics from 3rd to 8th grade.

4.1.2 Hierarchical Linear Model (GHLM)

Two-level HLMs are used because student data from the NCERDC can be considered at

two levels within the system hierarchy: students within schools and students by school.

The level-1 outcome related to students can be examined as a function of level-2 predictor

variables, which correspond to the schools attended. We begin by �tting the Unconditional

model to examine the variation of students' achievement level scores across schools. Then,

the model is updated to examine the effects of school level (level-2) and student level

(level-1) predictors by adding related variables together into one model. We start by �tting

the Unconditional model to examine the variation of students' achievement level scores

across schools. The Unconditional model can also be viewed as a “one-way random effects

ANOVA model” (Singer (1998)). Thus, in this step, we model the student-level outcome a i j k

via linked models: one at the student level (level-1) and another at school level (level-2). In

level-1, for subject i , student's k outcome expressed as the sum of intercepts for the student's

based on school j ( � 0i j ) and random error ( r i j k ) as a i j k = � 0i j + r i j k where r i j k � N (0, � 2) .

While the school level intercepts will be expressed as the sum of the grand mean ( 
 i 00) and

random errors ( u i 0 j ) from that mean by � 0i j = 
 i 00 + u i 0 j where u i 0 j � N (0,� i 00), resulting

a i j k = 
 i 00 + u i 0 j + r i j k (Singer (1998)) (4.2)
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Adding any level-2 yi j effect to the model, will only change the equation for � 0i j by including

one extra component as � 0i j = 
 i 00 + 
 i 0 j yi j + u i 0 j . To consider any level-1 effect of xi j k

in the model, we would have a i j k = � 0i j + � 1i j xi j k + r i j k where � 1i j = 
 i 10 + u i 1 j for this

effect. The Q random effect, where the relationship between this effect can vary across

schools, will be identi�ed as 1.0 with the coef�cient multiplier of u iQ j in the model. Those

will be considered along with the default intercept and random errors for analyzing the

covariance.

Thus, we update the model to examine the effects of school level (level-2) and student

level (level-1) predictors by combining related variables into a single model. The student

level effects include teacher judgment ( p), gender (s), ethnicity ( e), cohort ( e), and grade-

year (y), when LEA (l ) is a level-2 effect associated with school. By adding level-1 and level-2

effects and their corresponding interaction terms, the resulting aggregated single level

model can be de�ned as follows:
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4.1.3 Regression Model Considering Schools (Model2)

In the next step, we consider the school identi�er as a predictor variable in the models

instead of as a grouping factor to detect the effect of each speci�c school on student

performance. A similar modeling structure for variables as Model1 was used to design new

multiple regression models (Model2) with an extra school identi�er variable. The general

Model2 formulation is presented as follows where Ig speci�es the school identi�er for a

student in grade-level g, where other variables are the same as Model1.

ai g j k = 
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4.1.4 Analyzing Models

SAS® PROC MIXED allowed us to easily and ef�ciently apply 2-level hierarchical linear

models and multiple regression models, proving to be the most advantageous for our use.

Thus, to remain consistent in comparing results from different models (Multiple regression

and Hierarchical), PROC MIXED has been used for all modeling calculations. In each model,

signi�cant factors can be identi�ed by analyzing the related p-values for t-tests in the

solution for �xed effects of each variable. Since the large sample size can affect the factors'

signi�cances, the Model2 structure has been implemented on a 10% 1 sample of the data

set. By considering stepwise selection, PROC GLMSELECT in SAS® 9.4 is used to check

whether each predictor variable is suf�ciently signi�cant to keep in the model or if it can

be removed from both the entire data set and the 10% sample. Therefore, Model3 is created

by only considering selected effects from PROC GLMSELECT of the three cohorts in PROC

MIXED. Criterion based likelihood of Akaike information criterion (AIC) and Bayesian

information criterion (BIC) are considered for selecting the model, where the model with

the lower value will be selected.

Finally, we compared the execution time and �t statistics among the different models

to determine which formulation offered a better prediction of the NCERDC data set. To

evaluate the importance of considering random effects, we compare the results from the

2-level model (GHLM and HLM_) with the multiple regression model when the school

identi�er variable is or is not present in the model (Model1, Model2 and Model3), based on

computational time and resultant �t statistics.

4.2 Results

Regression and multilevel hierarchical linear models are used to model the relationship

between a student's EOG test score and their corresponding teacher judgment score, gender

and grade-year. In order to explore the effect of the previous grade-level's EOG performance

1For generating 10% sample via PROC SERVEYSELECT. Initially a random sample of 10% from each 3rd
grade data in 2006, 2007, and 2008 were selected separately, and then these students were tracked during
their trajectory to 8th grade in 2011, 2012, 2013 using DATA steps.
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on the student's EOG score in the current year, students were divided into cohorts and

tracked longitudinally across 3rd to 8th grade. These cohorts only tracked students who

spent exactly one year in each grade-level, excluding students who were retained or skipped

a grade. To evaluate students' performance precisely, we track them across grade-levels

and years via their unique master identi�cation number. Since each student may have

been in at most 8 different schools during his / her education within the time period under

consideration, only the school identi�er of the corresponding year is used to group students

for each grade-level in the model.

The regression and 2-level hierarchical linear models were generated for all grade-levels

from 3rd to 8th in mathematics and reading using the 3 cohorts of student data. First, we

begin with the hierarchical model, and take a look at the results for the unconditional

models to calculate the Intra-Class Correlations ( � ) and check the signi�cance of using the

hierarchical model. The covariance parameter estimates for variance components within

school ( ˆ� 2
0), and between schools ( �̂ 00), and their corresponding Intra-Class correlation via

� = �̂ 00
�̂ 00+ ˆ� 02 is demonstrated in Table 4.1, where it is noticeable that within school variance is

more than �ve times that of the between schools variance. The estimate tells us the portion

of variance that occurs between schools, and since there appears to be clustering of EOG

scores within schools, this implies that using the ordinary least square analysis here may

be misleading.

Table 4.1: Intra-class Correlation to verify signi�cance of implementing Generalized Hier-
archical Linear models in reading and mathematics for each grade-level
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Then, after adding the predictor to the original unconditional models, we can check

the resulting 2-level models. This inclusion has therefore explained over 60% (when this

proportion can be calculated via Prop. =
ˆ� 0

2+ �̂ f i na l
2

ˆ� 02 � 100) of the explainable variation within

schools for each grade-level in reading and mathematics (ranged from 46% to 73.1%). The

detailed coef�cients for the resulting GHLM models are summarized as follows:

Most of the intercept values are signi�cant with the exception of 6th grade reading,

which becomes negative in 7th and 8th grades (Table 4.2).

Table 4.2: Intercepts of GHLM for 3rd to 8th grade-level model in reading and mathematics

Teacher judgment of the corresponding grade-level has a highly signi�cant effect and

all are positive, with the exception of 8th grade mathematics (Table 4.3).

Table 4.3: Coef�cients for teacher judgment of GHLM for 3rd to 8th grade-level model in
reading and mathematics

Students' EOG test scores in the previous grades are signi�cant (Table 4.4). Their esti-

mated values seem to appear higher for achievement scores corresponding with the subject

(reading or math) in each model. While the coef�cient value decreases and even becomes

negative for coef�cients related to older grade-levels in each model. The estimates for the

other subject somehow turns to insigni�cant especially in higher grade models. These

estimates generally range from 0.4026 to -0.0116 in reading and from 0.3141 to 0.0896 in

mathematics for corresponding models. The estimated values decrease across models for

higher grade-levels and appear lower for models of EOG mathematics scores. For example,
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in the resulting model for 8th grade math, the estimate for mathematics achievement scores

range from 0.0896 in 3rd grade score to 0.1593 in 7th grade, while values of coef�cients for

reading achievement scores in the same model range from -0.0006 in 4th grade score to

0.0744 in 7th grade. With regard to 6th grade, similar ranges are 0.1068 in 3rd grade to 0.2049

in 5th grade in mathematics and 0.0075 in 3rd grade to 0.04595 in 5th grade in reading,

respectively.

Table 4.4: Coef�cients for previous year achievement score of GHLM for 3rd to 8th grade-
level model in reading and mathematics

The estimates for teacher judgment of students' performance in the previous grade are

signi�cant (Table 4.5). These estimates are smaller for achievement scores corresponding

to different subjects than the predicted achievement score in each model. Estimate values

decrease, and even become negative for older grade-levels in a model when estimates

related to the other subject become insigni�cant, specially in higher grade models. The

coef�cient values related to teacher judgment decrease across models as we review the

model with higher grade-levels. These estimates generally range from 0.1637 to -0.0061 in
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reading models and from 0.2254 to -0.0534 in mathematics for corresponding models. In

the model for 8th grade math EOG score, the estimate for teacher judgment in mathematics

ranges from -0.0396 in 3rd grade to 0.1075 in 7th grade. The values of coef�cients for

teacher judgment in reading for the same model range from -0.0084 to 0.0343, decreasing

along the grade-level, and a smaller effect associated with the lower grade-levels in each

model. While, the similar ranges of teacher judgment estimates for model related to 6th

grade mathematics are 0.0541 to 0.0825 in mathematics and -0.0089 to 0.0192 in reading,

respectively for 3rd and 7th grade.

Table 4.5: Coef�cients for previous year teacher judgments in GHLM for 3rd to 8th grade-
level model in reading and mathematics

The gender effect is signi�cant for all grade-level models except 8th grade mathematics

and 4th, 6th, and 8th grade reading (Table 4.6).

With regard to ethnicity, the effect related to Native American students, constituting

0.07% of the total student population, is insigni�cant in each subject's models across all

grades (Table 4.7). The effects related to Black and Hispanic ethnicity seem to be highly
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Table 4.6: Coef�cients for gender in GHLM for 3rd to 8th grade-level model in reading and
mathematics

signi�cant in most of the models with the exception of 5th grade for Hispanics and 7th

grade for Blacks in both reading and mathematics.

Table 4.7: Coef�cients for ethnicity in GHLM for 3rd to 8th grade-level model in reading
and mathematics

The cohort effects are highly signi�cant in all models except the 8th grade models in

reading and mathematics (Table 4.8). The estimates are higher for cohort 1 than cohort 2

in comparison with cohort 3 (2008-2013), which is considered as a base.

Most of the estimates for the effect related to the year in which a student completed

his/ her speci�c grade-level are signi�cant in all models, particularly for the mathematics

models (Table 4.9). The coef�cient values for the corresponding year of the grade-level

model under consideration are negative, with the exception of 3rd grade reading and 8th

grade reading and mathematics. The estimates range from -1.1069 (for 4th grade in 2007

of the 4th grade mathematics model) to 1.0525 (for 3rd grade in 2007 of the 3rd grade
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Table 4.8: Coef�cients for cohort in GHLM for 3rd to 8th grade-level model in reading and
mathematics

reading model), while absolute values range from 0.0009 (for 4th grade in 2007 of the 7th

grade reading model) to 1.1069 (for 4th grade in 2007 of the 4th grade mathematics model).

The coef�cient value for the year immediately prior are positive and negative while their

absolute values in comparison with the corresponding year also decrease in all models.

There is a noticeable trend in the value of the coef�cients of the previous year in each

model; their absolute values decrease for past years with few exceptions.

The LEAs with higher coef�cient values are signi�cant and those with smaller coef�cient

values are found to be insigni�cant, mostly when the coef�cient is less than 0.1. Most of

them are insigni�cant where only 34 and 24 in 3rd grade, 27 and 15 in 6th grade, and 7 and

20 in 8th grade are signi�cant out of 99 location codes for each model in reading and math,

respectively.

The interaction effects of the corresponding year, teacher judgment, and male students

is positive and signi�cant ranging from 0.0066 to 0.0261, except for the 3rd grade mathe-

matics model in which the estimate is negative. This suggests that teachers underestimate

performance of their current male students.

The interaction effect for teacher judgment and students' ethnicity mostly result in

signi�cant estimates in the reading models and insigni�cant estimates in the mathematics

models.

The interaction effect of teacher judgment with the corresponding year are negative

and highly signi�cant for the 3rd and 8th grade models in reading and mathematics. In

comparison with the base year of 2008 for 3rd grade and 2013 for 8th grade, teachers tend

to overestimate the performance of these students. The coef�cients range from -0.2184

and -0.0307 in 3rd grade to -0.0184 and -0.0204 in 8th grade for reading and mathematics,

respectively, when the value of the estimates become smaller for higher grade-level models.

Similarly, the corresponding estimates for other grade-level models are positive / negative

for 4th, 5th and 7th grade reading, and 6th and 7th grade mathematics models.
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Table 4.9: Coef�cients for year in GHLM for 3rd to 8th grade-level model corresponds to
that grade in reading and mathematics
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Most of the coef�cients for the interaction between gender and ethnicity are insigni�-

cant, except Black male in the 3rd, 4th and 5th, Asian male in the 3rd, 6th and 8th, Hispanic

male students in 4th, 7th and 8th grade reading, and Black and Hispanic male students for

3rd to 5th, and 8th grade mathematics. The signi�cant estimates are negative and range

from -0.0147 to -0.0439 for the 3rd to 8th grade, and positive ranging from 0.0135 to 0.0496

in 6th to 8th grade models in reading and mathematics.

The likelihood-based �t statistics can be compared to the applied Hierarchical models

(HLM_, GHLM) with multiple regression models (Model1, Model2 and Model3) to check

the goodness of �t using the school identi�ers to cluster data and considering both random

and �xed effects. Table 4.10 presents the -2log likelihood values of each grade-level model

in mathematics and reading for multiple regression models (Model1, Model2 and Model3),

hierarchical models (HLM_) when only �xed effects are re�ected, and the generalized

hierarchical models (GHLM) proposed in this study to consider �xed and random effects.

Table 4.10: Comparison Fit statistics in Hierarchical and multiple regression models in
reading and mathematics for each grade-level

Despite the bene�ts of using GHLM, the processing time increases from three hours

to more than forty hours in comparison to the multiple regression models 1, 2 and 3 that

process in less than �ve minutes each. The estimates of the predictor variables are nearly the

same across all models, with similar levels of signi�cance (except the intercepts in Model2

which are mostly insigni�cant (Table B.1)). The values of the �t statistics, AIC, BIC and

-2log likelihood, are smaller for the multiple regression Model2 than for the HLM, which

shows that these models are a better �t. The models are able to predict the achievement

scores more accurately for the higher grade-levels in both reading and mathematics as the

�t statistics are smaller in these models. Although �t statistics for Model3 are larger than
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the related values in the GHLM and Model2, these models show signi�cant effects that are

important for this analysis. Based on these results, the school identi�er is an important

factor that can affect students' performance, along with the students' cohort, their previous

grades' scores and teacher judgments interaction with year and ethnicity. In addition, SAS ®

PROC GLMSELECT applied to the 10% sample denoted similar signi�cance for school

identi�er effects, suggesting that population size has not in�uenced these results. The

statistical results of implementing Model2 from 3rd to 8th grades in mathematics and

reading using the three cohorts of students are shown in Table 4.11. We use the results for

the unconditional models for regression modeling and the models with predictors to assess

how much of the variability can be explained by these models. The covariance parameter

estimates for the residual in the unconditional models ( ˆ� 0
2), �nal models ( ˆ� f i na l

2), and

related Prop. are shown in Table 4.11. Adding the predictors to the original unconditional

models explained over 60% of the explainable variation for each grade-level in reading and

mathematics (ranging from 50.21% to 75.67%), for this purpose the proportion is similar to

R2.

Table 4.11: Comparison of covariance, to see the explainable proportion by implementing
multiple regression models with school identi�er as predictor variable in reading and
mathematics for each grade-level

Due to the size of the results for Model2, only the most signi�cant results are summarized

here and the detailed results are provided in Appendix B. In all models the intercepts are

insigni�cant. In each grade-level model for mathematics and reading, teacher judgment

for the current grade-level is a signi�cant factor where the absolute value for the estimates

decreases from 3rd to 8th grade. Similarly, students' EOG scores in their previous grade
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and historical teacher judgments are highly signi�cant. The coef�cient estimates become

smaller for the older data and for the scores not associated with the subject that the model

is predicting. These estimates decrease for higher grade-level models in which more factors

are considered. Students' gender is more signi�cant than their ethnicity (p-value of less

than 0.001 in most cases for gender in comparison with p-values around 0.05 for ethnicity),

while the estimate for students' ethnicity is larger. The grade-year and the cohort in which

students belong are signi�cant for predicting EOG scores, where the older cohort has a

larger effect on the score. The previous grade-year values are also signi�cant where the

recent grade-year has larger estimate values. The interaction between students' current

and previous grade scores and year are highly signi�cant (p-value <0.001). After applying

Model2 on the 10% sample, we found that teacher judgment for the current grade, previous

grade EOG score, and teacher judgments, speci�cally the most recent one for like subjects,

along with year and cohort factors are the most signi�cant effects. These results are similar

to the PROC GLMSELECT results using three cohorts.

The residuals can be calculated based on Model2 to assess the relationship between

students' actual EOG achievement level scores with the predicted EOG score based on

teacher judgment, students' demographics and historical academic performance. For this

purpose, ODS OUTPUT in combination with DATA steps to �lter the data are implemented.

To analyze the models for speci�c groups of students, PROC SGPLOT is applied to visualize

the residuals for each gender-ethnicity combination such as Female-Asian, Male-Asian,

and so on. Different colors are used to differentiate the residuals based on a student's actual

EOG score. PROC SORT is used to order the residuals based on their actual EOG levels to

identify patterns in the plots. Figures 4.1 to 4.3 show the residuals in mathematics and

reading based on students' gender, ethnicity, and grade-level for each cohort, as a function

of the actual EOG test score where levels 1 through 4 are color-coded. The density of the

residual plot for each gender-ethnicity combination is associated with the population

size for that group. There appear to be more extreme residual points for White and Black

students. The height of each plot corresponds to their variability, which is larger for White,

Black and Hispanic students, which have larger representations within the data set. The

residuals ranged from -2 to +2, and they are larger and more positive for higher achievement

scores and generally more negative for lower achievement scores. As the results are sorted

based on the students' actual EOG score, in each plot we notice nearly identical colors for

each speci�c level. However, in the 8th grade mathematics cohort 1 and cohort 2, different

colors are noted since no Female-Asian students achieved EOG scores of 1 or 2. There

is a pattern in the residuals for EOG levels in all other grade and cohort models which
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suggests that there may be other factors that were not considered in the models that can

help us identify this over / under prediction of EOG scores. It can be noticed that the range

of the residuals are increasing and becoming more positive for lower EOG scores of I, II and

even III, where the residual plots are more balanced around 0 for 3rd to 8th grade in each

cohort in mathematics and reading. While the residuals are more spread out for lower EOG

scores in reading for cohort 1 to cohort 3, the widths of plots seem to be more narrow in

mathematics across cohorts.

4.3 Conclusion

In this chapter, we studied the longitudinal relationship between students' mathematics

and reading EOG test scores and the corresponding teacher judgment and year, as a function

of student demographics from 3rd to 8th grade from 2006-2013 by developing multiple

regression and hierarchical models. Comparing the �t statistic results provides support for

the implementation of the clustering approaches based on schools by considering �xed

and random effects, and all possible interaction with variables. Moreover, the �nal models

can explain over 60% of the variation in the data, in each grade-level model.

Based on the GHLMs and other regression models, teacher judgment and students'

demographics are signi�cant factors in predicting students' EOG scores. In each grade-level

model, teacher judgment was a signi�cant factor for predicting student EOG performance

in both mathematics and reading. There was a signi�cant relationship between a previous

grade's EOG scores and teacher judgments and the current grade's EOG performance in

both mathematics and reading. For each grade-level, this relationship is in�uenced by the

most recent scores, and the amount of in�uence decreases for higher grade-level models. In

each subject of the grade-level model, the impact of the previous grade EOG performance

is greater than teacher judgment.

Linear model results show that the year students attend a grade-level is also a signi�cant

factor. For each grade-level model, the corresponding year has the more signi�cant and

mostly negative in�uence. The effect is less than the previous year. Those effects are a

slightly larger for mathematics than reading.

When student EOG performance is reported as a level 3 or 4, the state's de�nition of

“pro�cient” in a subject in a given grade-level, predicted student performance is lower, but

for student EOG performance levels of 1 and 2 (”non-pro�cient”) the predicted student

performance is higher. This suggests that the models overestimate student performance
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Figure 4.1: Residual of Predicted students' achievement score, using the Model2 with
student EOG score when the EOG test score is level 1, 2, 3, and 4 in mathematics and
reading for cohort1 based on students' gender, and ethnicity, and grade-level
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Figure 4.2: Residual of Predicted students' achievement score, using the Model2 with
student EOG score when the EOG test score is level 1, 2, 3, and 4 in mathematics and
reading for cohort2 based on students' gender, and ethnicity, and grade-level

67



Figure 4.3: Residual of Predicted students' achievement score, using the Model2 with
student EOG score when the EOG test score is level 1, 2, 3, and 4 in mathematics and
reading for cohort3 based on students' gender, and ethnicity, and grade-level
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for non-pro�cient students, while underestimate performance for pro�cient ones.

The predicted student performance patterns are roughly the same across all three

cohorts, which is an indicator of time. Furthermore, the relationship between student

predicted and actual performance is in�uenced by that student's demographics. The pre-

dicted performance increases across grade-levels for mathematics, generally. Moreover,

analyses demonstrate the importance of school effect, and its signi�cance even for 10%

samples. Applying Model2 on the 10% sample shows that students' demographics are not

as in�uential as current grade teacher judgment and previous grade EOG score and teacher

judgment and the cohort-year year in which those scores belong.

This chapter develops models to evaluate the longitudinal relationship between stu-

dents' demographics, teacher judgment and student EOG test performance in mathematics

and reading over time. As expected, student performance is a function of prior performance,

however, this study highlights that historical teacher judgment is also predictive of future

student performance. Therefore, the discrepancies in the relationship between teacher

judgment and student performance by gender and ethnicity over time can diagnose hurdles

for future participation in engineering or other STEM �elds, particularly for underrepre-

sented groups. Teacher judgment may affect a student's impression of their own skills, and

student's beliefs and con�dence in their abilities, have been shown to impact their pursuit

of STEM as a major and future career.
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CHAPTER

5

DEVELOPMENT LEARNING MODELS OF

STUDENT PERFORMANCE

The results from Chapters 2 through 4 highlight the importance of teacher and school

attributes on student performance. The analyses in Chapter 2, particularly the correlation

and decision tree, suggest that teacher judgment is an in�uential factor for student perfor-

mance. Similarly, the Chapter 3 results demonstrated the importance of teacher judgment

and school attributes on student end-of-grade (EOG) achievement levels in reading and

mathematics. These factors were used to improve the understanding of student perfor-

mance in mathematics from the 3rd to 8th grade. Based on our extensive review of the

literature, we know that a student's performance in these grades can in�uence the stu-

dent's mathematics pro�ciency in high school and after graduation ( ?Tyson (2011); Goold

(2012); Harris et al. (2015)). Thus, it is important to continue to explore the evolution of

mathematics performance over time.

Mathematics is considered a barrier for entry into engineering degree programs. Specif-

ically, those students who experience dif�culty with higher level mathematics in primary

and secondary school, are more likely to avoid engineering courses in college (Goold (2012)).

This relationship motivated the research presented in this chapter. The objective of this
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research is to predict student mathematics pro�ciency in Algebra I during high school and

upon graduation through using Hidden Markov Models (HMMs) and Logistic Regression.

Algebra I is a gateway course for high school mathematics in North Carolina. Pro�ciency in

Algebra I is a state requirement for high school graduation (NorthCarolinaDepartmentOf-

PublicInstruction 2020).

We develop an HMM to dynamically estimate a student's Algebra I performance based

on the student's achievement in mathematics during elementary and middle school. An

HMM is a tool for modeling time series data which has a variety of applications in data

compression, pattern recognition, and other areas of arti�cial intelligence (Ghahramani

(2001)). It is a tool for reporting the distribution of probabilities for a series of observations

over time (Ghahramani (2001)). There are three fundamental problems that can be solved

via an HMM. These problems are 1) training the HMM to be the best �t for observations,

2) �nding the probability of detecting a speci�c observation, and 3) predicting the best

hidden states representing the observation sequence. In this chapter, we develop an HMM

to �nd the best descriptive probabilities for student achievement level placement.

As mentioned in Chapter 2, some studies have implemented Markov chain models with

various intervention decisions related to student performance. For example, Reamer et. al

(2012) proposed the administration of a retest on the EOG exam as an intervention to alter

a student's future academic performance (Reamer et al. (2012)). Others have developed

Markov models to track students' course taking and / or performance trajectories over time

(Kuravsky and Malykh (2004); McFarland (2006); Reamer et al. (2015)). A few studies have

used an HMM to analyze aspects of student learning, such as student motivation, problem

solving skills and behaviors, as summarized in Table 2.1 (Stevens et al. (2004); Johns and

Woolf (2006); Wang (2008); Jeong et al. (2008); Piech et al. (2012); Gonzalez-Brenes and

Mostow (2013); Zhang et al. (2017)). These studies used the HMM for analyzing the attributes

of a small number of students in one class or one school. They used speci�cally designed

online packages to track the student's trajectory during their analyses. For example, Stevens

(2004) modeled the development of Chemistry students' problem solving skills using a

Web-Based Tutor IMMEX 1 via HMM (Stevens et al. (2004)). In this chapter, we de�ne a new

modeling approach, considering the students' EOG achievement level scores in the 3rd to

8th grade, to predict the students' pro�ciency in Algebra I. For this purpose, we analyze

Algebra I End-Of-Course (EOC) scores from the North Carolina Education Research Data

1"IMMEX is a web-based virtual environment that provides students with opportunities to solve science
problems by viewing information resources through a suite of menu options, developing a hypothesis and
submitting the hypothesis for feedback." (Beal and Stevens (2011))
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Center (NCERDC) as one of the factors required for a student's successful graduation, and

as a measure of pro�ciency in mathematics.

5.1 Data overview

In Chapters 2 through 4, we introduced the NCERDC data set including information about

student characteristics and EOG exam performance in the 3rd to 8th grade over time. Here,

we continue our analysis by reviewing the broader NCERDC data set to include EOC test

scores, as we review the Algebra I test data. This requires us to use a longer data trajectory to

capture each student's 3rd through 12th grade mathematics performance. Speci�cally, we

analyze student performance on 3rd through 8th grade EOG exams and the Algebra I EOC

exam which could be completed any time between the 6th and 12th grades. In order to cap-

ture as much data as possible we consider the EOG data from 1995 and the corresponding

Algebra I EOC data from 1998 to 2013. The distribution of the number of students within

each grade level and year for the EOG and Algebra I EOC scores are summarized in Table

5.1. Similarly, the number of students reported to take the Algebra I EOC in each grade level

and year and the distribution of their demographic characteristics are reported in Tables

5.2 and 5.3, respectively. After matching student EOG (overall 11,750,537 observations) with

their available EOC data (total of 2,385,207 available observations), and excluding missing

information, we only have 1,999,262 observations for 1,650,030 unique students whose

appeared in both. AS it can be seen, in the process of linking the two different data sets over

a long period of time, a large proportion of student EOG data had to be removed as we did

not have access to some students' corresponding EOC information. Some EOC data sets

were missing Algebra I EOC test scores or the grade level in which the test was taken, thus

those students were excluded from our analysis (16.2% of Algebra I EOC data was excluded

for this reason).

The data shows that students begin taking the Algebra I EOC in the 6th grade and may

take the exam any time through the 12th grade. Students may take the course more than

once. While most students took the Algebra I EOC once, there are some students who took

the Algebra I EOC exam more than 10 times (e.g., until they pass it). Table 5.4 summarizes

the distribution of the number of students by the total number of times the student took

the Algebra I EOC from the 6th to 12th grade. The number of times a student can take the

Algebra I EOC in each grade level is related to the type of school (e.g., year-round, block

schedule). The test dates are categorized based on the type of school as follows:
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Table 5.1: Number of students in each grade and year in the NCERDC data for the mathe-
matics EOG (Population Data from 1995 - 2013)
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Table 5.2: Number of students in each grade and year in the NCERDC data for the Algebra
I EOC(Population Data from 1998 - 2013)

Table 5.3: Distribution of student demographics for Algebra I in NCERDC (Data from 1998
– 2013)
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• EOY= Regular End-of-Year Testing May / June

• YRO= Year-round school

• FALL = Fall Semester 4 X 4

• SPRING= Spring Semester 4 X 4

• SUMMER = Summer School

• OTHER = Other Administrations (Spring / Fall/ All/ Quarter)

Table 5.4: Distribution of the frequency of test administrations from 6th to 12th grade in
NCERDC (Data from 1998 – 2013)

In the EOY - traditional academic calendar, the test is administered once per year at the

end of the grade. While in YRO - year round academic calendar, the test is administered

prior to the summer intersession that precedes promotion to the next grade level. The FALL

and SPRING system is similar to a university semester-based calendar. Table 5.5 provides

the number of students within each test date category.

Table 5.5: Distribution of completed EOC exams by Educational system test date in the
NCERDC Data from 1998 – 2013

Students are more likely to take the test once a year in the EOY or YRO systems and

students have the option to take the EOC twice a year in the Fall and Spring system. In

addition, students were allowed to take the test during the summer for each test date

category (year-round, traditional calendar, and block schedule). To have a better sense

about the test time horizon, we consider the yearly schedule (EOY, YRO) and block schedule
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(Fall and Spring) systems, along with their corresponding summer exam administrations.

Table 5.6 summarizes the total number of unique students who studied in only one of each

of the test date systems, and the corresponding percentage of the total population. This

restriction results in the exclusion of 56,590 students from the original 1,650,030 students

(approximately 3.4%).

Table 5.6: Number of students who take the Algebra I EOC by test date system from 6th to
12th grade level in NCERDC Data from 1998 – 2013

5.2 Methods

In this chapter, we introduce an HMM approach to predict a student's �nal pro�ciency in

mathematics at the end of secondary school, considering their performance in mathematics

from the 3rd to 8th grade levels. We compare the performance of the HMM to a logistic

regression model. The lack of well-de�ned criteria and the limited elements within the

NCERDC data make it dif�cult, if not impossible, to measure student cognition. As a result,

we explored other measures to assess a student's �nal pro�ciency in mathematics at the

completion of high school that would serve as a proxy for student cognition. The state of

North Carolina requires high school students to complete and demonstrate pro�ciency

in Algebra I in order to graduate. This requirement motivates our selection of Algebra I

pro�ciency as a surrogate for �nal mathematics pro�ciency.

5.2.1 Hidden Markov Model

We formulate an HMM to characterize student EOG performance in mathematics. In Chap-

ter 4, we assessed student mathematics performance for each grade level (3rd through 8th),

here we develop an approach that can help us to predict the �nal mathematics pro�ciency

of a student upon completion of high school. Based on the results from Chapter 3, we see

that a student's performance is signi�cantly in�uenced by his or her historical performance

in previous grades. We consider this idea in applying a Markov model. We use the HMM
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notation and de�nitions from Stamp (2004) for introducing our proposed approach (Stamp

(2004)). Table 5.7 provides a list of the notation used in the HMM.

Table 5.7: Notation for the HMM (Stamp (2004))

The Markov process, as shown above the dashed line in Figure 5.1, is related to the

current state and the transition matrix, A. The states, Xi , are not visible, we can only view

imperfect observations # i , which are associated with the hidden states of the process as

de�ned by matrix B. An HMM is de�ned by the A and B matrices and the initial belief state

� and is denoted as � = (A,B, � ).

Figure 5.1: Hidden Markov Model Framework (Stamp (2004))
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Generally, three fundamental problems can be modeled and solved using the HMM

method. These problems are de�ned as follows(Stamp (2004)):

� Problem 1. Given the HMM, � = (A,B, � ), and the sequence of observations ( #), �nd

the probability of observing this sequence as P(#j� ). For our purposes, consider each

observation as a vector #k for EOG performance from 3rd to 8th grade, and �nd the

probability of observing this sequence of EOG scores # = #1,#2, ...,# l .

� Problem 2. Given the HMM, � = (A,B, � ), and the sequence of observations ( #), �nd

the optimal sequence of states, X . Considering each observation as a vector #k of EOG

performance from 3rd to 8th grade, �nd the �rst pro�ciency (hidden state) associated

with the sequence of observations # = #1,#2, ...,# l . Where �rst pro�ciency is de�ned

as...

� Problem 3. Given the sequence of observations ( #), the number of states, N, and the

number of observations, M, train the HMM, � = (A,B, � ), in a way that it best �ts the

observation sequence #, where we maximize the probability of having #. Therefore,

considering the transition, A, and probability, B, matrices estimated based on the

data, for a given sequence of EOG scores from 3rd to 8th grade ( #), �t the Hidden

Markov model.

In this chapter, we combine these problems to solve for the best estimate of the student

pro�ciency. For the purpose of our analysis, we start with Problem 3, and use its solution

to train the HMMs. Then, for an arbitrarily selected student path, we use the solutions of

Problems 1 and 2 to �nd the trajectory in which the path is most likely to belong. These

sample paths can give additional insight about the model.

Considering the information available in the NCERDC data set, we identify a metric

which can represent the criteria for student pro�ciency. According to North Carolina De-

partment of Public Education, passing the Algebra I EOC as one of the �ve EOC tests is

required for graduation (NorthCarolinaDepartmentOfPublicInstruction 2020). Therefore,

we use this as our measure for a student's �nal pro�ciency in mathematics. The elements

of the corresponding HMM are de�ned in the following sections.

Decision Epoch

Based on the NCERDC data, a student can take Algebra I any time between the 6th grade and

the 12th grade. Students may also take the exam multiple times within the same grade level.
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Analysis of the data shows students are distributed between different academic calendars,

where they may be on a Block schedule system, where they take the course in a single

semester and complete the EOC at the end of that semester, or a Yearly schedule system,

where they take the exam at the end of the academic year. Each of these systems allows

student to take the Algebra I EOC a different number of times during a year. For the purpose

of our analysis, generally each grade level is composed of one decision epoch in the Yearly

schedule system, and two decision epochs in the Block schedule system, where the possible

path for each student is based on their test date system. This path includes one potential

EOC �eld for each grade level from 6th to 12th grade for the Yearly schedule system or two

potential EOC �elds for students in the Block schedule system. We assume all student data

begins from a starting point, where all the information we plan to consider about them

later set to “NA”. In the next step, we populate the EOC �elds for speci�c grade levels, or

by semester in the case of the Block schedule system, with the data. Since the number of

times a student may take the Algebra I EOC may be less than the potential rows we created

in the template based on the test date, the actual data can span only a few �elds for each

student, and the remaining �elds are considered dummy �elds added for the purpose of

tracking time in our analysis. These dummy �elds are excluded from the analysis.

Observation

We use the student's EOG mathematics test information to draw conclusions about their

pro�ciency. The student's 3rd through 8th grade EOG achievement level is used as our

visible source of information for this purpose, i.e., the observation. Originally, we have the

EOG achievement level from 3rd to 8th grade as our observation set. However, because a

student may take Algebra I in any grade starting in the 6th grade, our observation is a series

of EOG mathematics achievement levels starting with the 3rd grade score including the

EOG scores for each grade through the year before the student takes the Algebra I EOC, if

Algebra I was taken in 6th, 7th or 8th grade level. To account for the time gap between this

sequence of EOG observations and the completion of the Algebra I EOC test, we de�ne

another variable in our observation vector, the age of information, referred to as ”age".

The ”age" is de�ned as the difference between the student's grade level when he or she

takes the Algebra I EOC and the grade level of the last EOG test the student took. Thus, the

observation vector is de�ned as a sequence of EOG achievement levels from 3rd to 8th

grade and "age." Figure 5.2 shows an example of the observation sequence.

Each EOG element of the observation sequence can have values of “1”, “2”, “3”, “4” corre-
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Figure 5.2: Observation sequence for the HMM

sponding to the achievement levels on the EOG exam, or “NA” if there is no data for the

EOG test for that student,or if the student has taken the Algebra I EOC test in that grade or

the previous grade (i.e., in the 6th, 7th or 8th grade). The age of information will be “0” if

the student takes the Algebra I EOC in the 6th, 7th or 8th grade, and “1”, “2”, “3”, or “4” if

the test was taken in the 9th, 10th, 11th or 12th grades, respectively.

State

Our hidden state is pro�ciency in mathematics which we de�ned by Algebra I EOC test

performance. We use a similar de�nition for pro�cient and non-pro�cient for Algebra I

EOC test performance as was used for the EOG as introduced in Section 1.1. For each epoch

(i.e., semester for Block schedule or year for Yearly schedule), a student can take the Algebra

I EOC test, we de�ne his / her pro�ciency as:

� “Non-Pro�cient”: if the Algebra I EOC achievement level is 1 or 2

� “Pro�cient”: if the Algebra I EOC achievement level is 3 or 4

� “NA”: if there is no data for Algebra I

Due to the fact that there may be more than one test score reported for a student

during his or her educational trajectory, we introduce the “First Pro�ciency” as our measure

for the hidden state. First pro�ciency is associated with the student's Alegra I EOC exam

performance and is based on the idea that the student will become pro�cient and remain

pro�cient as soon as they test pro�cient. So, for epoch j, the hidden state X j is the First

Pro�ciency in Algebra I at epoch j. First pro�ciency is de�ned as the information available

about the student performance on the Algebra I EOC from epoch 0 to j, where epoch 0

corresponds to the 6th grade.

� A Student's Algebra I First Pro�ciency is de�ned as Pro�cient (”P”) if the student has

taken Algebra I at least once during or before epoch j, and his / her achievement level

is 3 or 4 on at least one of his or her Algebra I EOC exams taken during this period.
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� A Student's Algebra I First Pro�ciency is de�ned as Non-Pro�cient (”NP”) if during or

before epoch j, the student has taken Algebra I at least once, and his / her achievement

level on the Algebra I EOC is a score of 1 or 2 every time the student takes the exam.

� The Student's First Pro�ciency is de�ned as not measured (”NA”) if there are no

recorded Algebra I EOC exam score for the student during or before epoch j.

We are most interested in the student's pro�ciency level over their educational trajectory,

thus instead of only using the student's Algebra I pro�ciency based on the current exam we

use the �rst pro�ciency. Figure 5.3 shows the sample path evolution including the epochs

for the HMM under the Block schedule system. As can be seen, within each grade level

there are two epochs when a student can take the Algebra I EOC exam. If the student does

not take the exam before or during a given epoch, this is denoted as “NA”. For each epoch

during which the student takes the exam, the exam performance is denoted as “Pro�cient”

if his or her test achievement score is 3 or 4 or “Non-Pro�cient” if the test achievement level

is 1 or 2. Then, if the �rst pro�ciency is “NA” or “NP” up to this point, it can be updated

based on student performance on the current test. If current �rst pro�ciency is “NA”, the

�rst pro�ciency will be updated to “P” or “NP,” if the student's Algebra I pro�ciency is

“Pro�cient” or “Non-Pro�cient”, respectively. If the current �rst pro�ciency is “NP”, the

�rst pro�ciency will change only if the student's most recent performance is “Pro�cient”

and the �rst pro�ciency will be “P”. Lastly, if the student's current �rst pro�ciency is “P”,

it will remain pro�cient from that point until the end. In addition to the evolution of the

�rst pro�ciency, the observation sequence associated with a student's mathematics EOG

achievement levels will be updated every time that the �rst pro�ciency is updated. Finally,

to summarize student performance at the end of 12th grade we de�ne �nal pro�ciency as

follows:

� Student is considered pro�cient, ”Prof”, if his / her �rst pro�ciency is “P”.

� Student is assumed to be non-pro�cient, ”NProf”, if the �rst pro�ciency is “NP” by

the end of 12th grade.

� The student's �nal pro�ciency is de�ned as not measured (”NAProf”) if there are no

recorded Algebra I EOC exam scores for the student and the student has taken the

Algebra I course. It should be noted that since our analysis only includes students

who have an Algebra I EOC score recorded, this case is not possible.

In the next section, we introduce another approach, a logistic regression model, em-

ployed to predict student pro�ciency. We compare its performance with the HMM results.
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Figure 5.3: Hidden Markov model Sample path evolution under a block schedule system

5.2.2 Logistic Regression

In addition to the HMM, we develop logistic regression models to predict Algebra I pro�-

ciency. Logistic regression is a tool for predicting categorical variable response for dichoto-

mous and multinomial attributes based on a series of explanatory variables (Hoffman 2015;

MedCalc 2020; Swaminathan 2018). Due to the structure of our problem, we use Logistic

Regression (referred to as “Logit” for simplicity) because our response variable, Algebra

I �rst pro�ciency, has two possible outcomes: (i) NP and (ii) P since we only considered

students who eventually took the Algebra I EOC test at some point in the span of the 6th

to 12th grade. The logit helps to de�ne the best model to �t the relationship between K

explanatory and the response variables and predict the probability of the presence of the

attribute of interest. We have:

logit(P) = ln
P

1 � P
= � 0 + � 1x1 + � 2x2 + ...+ � n xn (5.1)

where P is the probability the �rst pro�ciency is “P”, and P
1� P is called the “odds” ratio

MedCalc (2020).

P =
1

1+ e � [� 0+� 1x1+� 2x2+...+ � n xn ]
(Hoffman 2015) (5.2)

Logistic regression model parameters are chosen to maximize the likelihood of observing

the sample values (MedCalc 2020).

We consider a similar variable structure as in the HMM to analyze the student's pro-

�ciency in Algebra I. The explanatory variables are the student's EOG achievement level

in mathematics from the 3rd to 8th grade, along with the time gap between student's last
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EOG test until his / her Algebra I EOC test, referred to as "age." Similarly, if a student takes

Algebra I before the 9th grade, we only consider the EOG achievement level scores of that

student prior to the grade during which the Algebra I EOC exam is taken. The student's

pro�ciency level in Algebra I is the response variable and we de�ne “�rst pro�ciency” as it

was de�ned for the HMM. We are interested in predicting the probability that a student's

�rst pro�ciency is “P” using the following model:

ln
P(�rst pro�ciency = “P”)

1 � P(�rst pro�ciency = “P”)
= aaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaa

� 0 + � 1aM .3 + � 2aM .4 + � 3aM .5 + � 4aM .6 + � 5aM .7 + � 6aM .8 + � 7Age (5.3)

5.3 Results

To assess the performance of the HMM and logistic regression approaches for predicting a

student's pro�ciency in mathematics, we use the NCERDC data set which includes students

who took the 3rd through 8th grade mathematics EOG tests from 1995 to 2013. We map

these data to Algebra I EOC tests from 1998 to 2013. SAS® is used to extract the data

from the EOG and EOC by match- merging them. Then, R software is used to calculate

the "�rst pro�ciency" and implement the HMM using the “hmm” package and the logistic

regression using the “nnet” package. We develop HMM and Logit models for each school

testing structure, Yearly schedule and Block schedule, due to the differences in their epochs.

In addition, as the number of times a student takes Algebra I is related to the student's

pro�ciency level, we group the data based on this factor. We assume students who took

Algebra I no more than four times have different behavior compared to the students who

take the exam more than four times. The distribution of students by the number of times

they take the Algebra I EOC exam is shown in Table 5.8. Only a small number of students

within each test date group took Algebra I more than four times. Therefore, we exclude the

data for students who took the EOC more than four times to ensure a more uniform sample

(exclude 0.4% of data).

To have a better sense of a student's trajectory associated with establishing pro�ciency

in Algebra I from 6th through 12th grade, we calculate the emission probability matrix

characterizing the movement of student mathematics EOG performance and their corre-

sponding �rst pro�ciency states. The HMM emission probability matrices for relating the

observation to the hidden state are very large. For the Block schedule, we have a total of
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Table 5.8: Algebra I EOC Frequency Distribution by school testing system

952,537 transitions (associated with 24,820 unique transitions) for the set of 15,645 obser-

vations. Similarly, there are a total of 508,202 transitions (associated with 11,282 unique

transitions) corresponding to the set of 7,772 unique observations for the Yearly schedule.

Due to the size of the observation space, it is not possible to display the entire emission

probability matrix. Thus, we summarized the top 15 most frequently occurring transitions

in Table 5.9 and 5.10 for Block schedule and Yearly schedule test date systems, respectively.

Each row display the probability of speci�c transition between hidden state of �rst pro�-

ciency and the EOG observations. This probability was calculated by dividing the frequency

of occurrence of that speci�c transition over total number of transitions to that hidden

state. Based on these tables, when a student's EOG mathematics achievement level is a

“4” in the 8th grade (6th element of the observation vector) , that student is very likely to

achieve Algebra I �rst pro�ciency of ”P”. Note that in Figure 5.10 the second most frequently

observing transition was related to observation “(NA, NA, NA, NA, NA, NA, 0)”, which means

the EOG information reported for the student was only at the same grade level that he / she

took Algebra I, resulting in age 0, and all EOG scores as “NA”.

Considering the number of unique states, we use a �ve-fold cross validation approach

for both the HMM and the logistic regression to evaluate the performance of each method.

We divide the data for each test date system into �ve test sets, each including 20% of the

observations. For each test set, we consider the remaining 80% of the data as our training

set. We apply the HMM and Logit approaches on each test set, after training the data with

their corresponding training set. In the HMM, we calculate the transition and emission

probabilities for each training set and de�ne a model based on this sample. Table 5.11

summarizes the transition matrices for each test date system, where we considered data as

�ve separate test sets. For example, based on the reported transition probabilities for test

data set 1, a student is more likely to be pro�cient the �rst time he or she takes the Algebra I

EOC exam ( 68.8% and 85.6% for the Block and Yearly systems, respectively). The likelihood

a student remains as “NP” if he / she was “NP” was slightly higher than other transitions,
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Table 5.9: Fifteen Most frequent transitions in the HMM between observation and hidden
states for Block schedule test date system
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Table 5.10: Fifteen Most frequent transitions in HMM between observation and hidden
states for Yearly schedule test date system
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with 64% and 52% for the Block and Yearly schedules, respectively).

Table 5.11: Probability Transition Matrix for Algebra I First pro�ciency

We use the R Viterbi training tool to predict the �rst pro�ciency of the test set. We de�ne

a logistic regression model for each training set and then predict the �rst pro�ciency for

the test set using the EOG achievement level and age as explanatory variables.

Tables 5.12 and 5.13 summarize the results of the Logit for each of the �ve samples

in the Block and Yearly schedule test date systems, respectively. These tables provide the

coef�cients of the explanatory variables for each model along with the two measures of

Residual Deviance and AIC to report how well each model predicts Algebra I �rst pro�ciency.

Considering these results, we note that a student's achievement level on the mathematics

EOG exam administered in 8th grade along with the Age signi�cantly effect on that student's

�rst pro�ciency in Algebra I. In addition, mathematics EOG achievement levels in the 7th

and 3rd grades are also in�uential. To analyze the effect of the gap between taking the

mathematics EOG test and Algebra I before 9th grade, we consider the interaction of age

and the 6th to 8th grade EOG performance. The results suggest that as the age increases the

positive effect of the 6th through 8th grade EOG score decreases. Which can interpret the

later the student takes the EOC after the 6th through the 8th grade the less likely they are
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to be pro�cient. Although, the Logit coef�cients are very similar for the Block and Yearly

schedules, comparing the reported AIC for these two test date systems shows that the

performance of the model for the Yearly schedule is better than that of the Block schedule

in predicting student �rst pro�ciency.

Table 5.12: Summary of implementing Logit on �ve samples of Block schedule data to
predict student Algebra I �rst pro�ciency

Figures 5.4 to 5.7 summarize how the HMM and Logit predict student Algebra I First

pro�ciency based on their mathematics EOG performance and the time the Algebra I EOC

test was taken. Based on Figures 5.4 and 5.5, the likelihood that the HMM and Logit predict

student �rst pro�ciency as “P” increased when student EOG achievement level is higher

in any grade from 3rd to 8th. Based on the plotted lines associated with probability of “P”

based on EOG performance in 3rd to 8th grade, the HMM Yearly test schedule and Logit

both test schedules, we observe that the probability in each achievement level is lower for

the higher grade levels.

Figure 5.6 summarizes the probability that the HMM and Logit predict student Algebra

I First pro�ciency as “P” versus the age. Results show the probability of predicting “P” is

typically higher for the HMM in comparison to the Logit prediction. The probabilities

decrease as the age of the EOG performance information for a student increases. Similarly,

Figure 5.7 shows the probability associated with predicting “P” by the HMM and Logit

based on the grade level that the Algebra I test was taken. While the trend is the similar to
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Table 5.13: Summary of implementing Logit on �ve samples of Yearly schedule data to
predict student Algebra I �rst pro�ciency

Figure 5.4: Performance of the HMM in the prediction of First Pro�ciency as “P” based on
the student mathematics EOG achievement from 3rd to 8th grade
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Figure 5.5: Performance of the Logit in the prediction of First Pro�ciency as “P” based on
the student mathematics EOG achievement from 3rd to 8th grade

Figure 5.6 after the 8th grade, we observe different behavior in the predictions from the

HMM and Logit for the 6th to 8th grade. With the HMM, the likelihood of First pro�ciency

being “P” decreases from 6th to 12th grade, while the Logit predicts a lower probability of

“P” for students who take the EOC in the 6th grade in comparison to those who take it in

the 8th grade.

Table 5.14 summarizes the accuracy of the HMM and Logit models for each sample

set, for each test system. The accuracy is de�ned as the probability that the predicted �rst

pro�ciency based on related observations is equal to the actual reported �rst pro�ciency.

Accuracy=

8
<

:

NP +NN P +NN A
Total for HMM

NP +NN P
Total for Logit

(5.4)

where Ni is the number of elements in the test set when the predicted �rst pro�ciency and

the actual pro�ciency reported for that student are both equal to i .

Table 5.14suggests that while the accuracy of the Logit is almost the same in both exam

systems, the HMM predictions are generally less accurate under the Block schedule exam

administration system. The results indicate that the accuracy of the HMM for predicting

student pro�ciency in the Yearly schedule is higher than for the Block schedule. This may

be related to the larger epoch and existence of more dummy �elds in the Block schedule

system which may impact the accuracy of the model.

Considering the structure of the data, we implement the HMM and Logit on a series

of observations. These models predict the Algebra I �rst pro�ciency based on the corre-
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Figure 5.6: Performance of the HMM in the prediction of the First Pro�ciency as “P” based
on the Age

Figure 5.7: Performance of the HMM in the prediction of the First Pro�ciency as “P” based
on the grade level the student takes the Algebra I EOC
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Table 5.14: Accuracy of the HMM and Logit for each of the �ve samples by date system

sponding observation values, i.e., the EOG achievement levels. There is more than one row

of observations reported for each student. Each test set contained 20% of the student data.

Then we aggregate the predicted �rst pro�ciency for each student to determine the �nal

pro�ciency as it was de�ned previously in section 5.2.1, which is the ultimate objective of

this chapter.

Figures 5.8 and 5.9 illustrate the behavior of the HMM and Logit in predicting a student's

�nal pro�ciency based on the number of times the student took the Algebra I EOC exam,

and number of times they were identi�ed as “pro�cient” in their mathematics EOG exams

from the 3rd to 8th grade. Since it was dif�cult to illustrate the evolution of the probability

based on the EOG achievement levels across the 3rd to 8th grade, we sum the number

of times the student was designated as “Pro�cient” based on their mathematics EOG

scores. Considering the plots in Figure 5.8, for students who took Algebra I more times, the

probability of predicting Prof decreases. This is more pronounced in the Yearly system. In

addition, as a student's EOG performance includes more pro�cients, the probability the

HMM predicts Prof increases. From Figure 5.9 we can see that the Logit in the Yearly system

has similar behavior. However, the HMM patterns as a function of the number of times a

student has a pro�cient mathematics EOG exam differ for the Block and Yearly systems.

In this analysis, we only considered students that had an Algebra I EOC test score

reported over the years spanning from 1997 to 2013, thus, the �nal pro�ciency of a student

has two levels: “Prof” and “NProf”. For evaluating the performance of these approaches we

use “Accuracy”, ”Speci�city” and “Sensitivity” , de�ned as follows:

� Sensitivity: Probability of predicting “Prof” when the student is pro�cient in Algebra

I.
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Figure 5.8: Probability of prediction of Prof for �nal pro�ciency in HMM

Figure 5.9: Probability of prediction of Prof for �nal pro�ciency in Logit
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� Speci�city: Probability of predicting “NProf” when the student is not pro�cient in

Algebra I.

� Accuracy: Probability that the student's Algebra I predicted �nal pro�ciency is the

same as the student's actual �nal pro�ciency (i.e., the probability the model predicts

the Algebra I �nal pro�ciency as “Prof” or "NProf", and the actual data con�rms that

�nal pro�ciency was “Prof” or "NProf").

Figure 5.10 summarizes these de�nitions. As shown, we de�ne the False-Positive rate

as the probability of predicting “Prof” when the actual �nal pro�ciency is “NProf” which is

equivalent to 1-Speci�city . The False-Negative rate is the probability of predicting “NProf”

when the actual �nal pro�ciency is “Prof” or 1-Sensitivity .

Figure 5.10: Diagram illustrating the De�nitions and Calculations of Sensitivity, Speci�city
and Accuracy for student pro�ciency

Using the formulas introduced in Figure 5.10, we calculate the accuracy, sensitivity,

speci�city, precision and F1 score of the predicting the Final Pro�ciency of the HMM and

Logit for the entire data within each test date system as summarized Table 5.15 (because

based on the accuracy results provided in Table 5.14 the �ve test sets seems to perform

really similar). Based on the results, the sensitivity is higher than the speci�city for both the

HMM and Logit. This means that our proposed approaches are better at predicting “Prof”

than “NProf”, implying that they may overestimate student pro�ciency. The sensitivity and
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speci�city are closer to each other for the HMM than the Logit, underscoring the notion

that the Logit has a higher tendency to predict “Prof” for students. As Table 5.15 shows,

the accuracy of the HMM and Logit for the Yearly schedule is higher than for the Block

schedule. This is driven by the higher sensitivity of the predictions for the Yearly schedule.

The accuracy and F1 score for the Logit Yearly schedule is the highest and generally this

metric is higher for the Logit for both test systems. Precision, i.e., how well the models

predict “Prof”, is higher for the HMM in both test systems but highest in the Yearly schedule.

Table 5.15: Performance of the HMM and Logit in the prediction of student �nal pro�ciency
in mathematics

The preceding results propelled us to assess the performance of the HMM and Logit

based on the number of times a student takes the Algebra I EOC exam. Figures 5.11 and

5.12 show the trajectory of the sensitivity, speci�city and accuracy for the HMM and Logit

as the number of times a student takes the Algebra I EOC exam increases. In most cases,

the speci�city of the HMM and Logit for both test systems improves for students who take

the Algebra I EOC exam more frequently, while the sensitivity decreases. The accuracy is

affected by both sensitivity and speci�city based on the number of times a student takes

the Algebra I EOC exam.

In an effort to evaluate the factors that in�uence model performance, we evaluate the

effect of the student's mathematics EOG achievement level on the performance of the HMM

and Logit models for predicting Final Pro�ciency. We summarize the performance of the

HMM and Logit models based on the number of times a student is “Pro�cient” on the math-

ematics EOG exam from the 3rd to 8th grade, which can range from zero to six. As shown

in Figures 5.13 and 5.14, the sensitivity and accuracy of the HMM and Logit, respectively,

improve for students who demonstrated better mathematics EOG performance from the

3rd to 8th grade. There is slight �uctuation in the HMM performance (sensitivity, speci�city

and accuracy) for students with moderate EOG performance (total number of times they
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Figure 5.11: Performance of the HMM for predicting a student's �nal pro�ciency as a
function of the number of times a student takes the Algebra I EOC exam

Figure 5.12: Performance of the Logit for predicting a student's �nal pro�ciency as a
function of the number of times a student takes the Algebra I EOC exam
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were pro�cient in EOG mathematics were between 2 to 4) . One possible explanation for

this �atness and slight �uctuation is the fact that the sequence of EOG achievement levels

that serves as our input to these models is highly affected by the associated EOG grade

level, but here we only consider the total number of times of being pro�cient in EOG and

ignored that order of occurrence on performance.

Figure 5.13: Performance of the HMM for predicting a student's �nal Algebra I pro�ciency
as a function of the number of times the student was "Pro�cient” in their 3rd through 8th
grade mathematics EOG exams

5.4 Conclusion

In this chapter, we developed a novel analytical approach to dynamically study student

performance. Based on the results from the statistical analyses in Chapter 3, there are

many factors that affect student performance in each grade level. Student competence in

mathematics at the completion of high school based on their performance in elementary

and middle school is of particular interest for understanding a student's future success in

STEM studies. Students' cognition in mathematics is a baseline for STEM achievement

in their future educational and occupational paths. Because cognition is only partially

observable and is not easy to measure or even de�ne, we consider �nal mathematics

pro�ciency upon completion of high school. Algebra I is one of �ve courses that students

are required to pass to graduate from high school in North Carolina. As such, Algebra I
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Figure 5.14: Performance of the Logit for predicting a student's �nal Algebra I pro�ciency
as a function of number of times the student was "Pro�cient” in their 3rd through 8th grade
mathematics EOG exams

performance can be used to characterize a student's basic understanding of fundamental

concepts in mathematics. Hence, we use student's performance in Algebra I as a metric for

student performance in our analysis.

Machine learning tools are used to assess a student's �nal performance in mathematics.

Accounting for the hierarchical relationship of a student's achievement over grade levels,

we use a Markovian model to track their �nal performance as a function of their current

achievement. Due to the fact that the �nal mathematics competence is not known or easy

to detect during the 3rd to 8th grade, we consider a Hidden Markov Model. A student's

achievement level in mathematics from the 3rd to 8th grade are the observations and serve

as the input of our analysis, while a student's �rst pro�ciency in Algebra I is the hidden

state we want to predict.

We compare the performance of the HMM to a logistic regression with the same ex-

planatory and response variables. A �ve-fold cross validation is implemented on student

data from 1995 to 2013. The test sets are aggregated to analyze the performance of the

HMM and logistic regression model to predict a student's �nal pro�ciency.

Based on the analysis, the HMM performance is slightly more promising for predicting

pro�ciency for students. The HMM and Logit speci�city are lower for predicting �nal

pro�ciency for students in the Block and Yearly schedule exam systems, underscoring the

notion that these models may overestimate a student's �nal pro�ciency in Algebra I. The

HMM and Logit sensitivity and accuracy in both the Block and Yearly schedules are higher
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for students with better mathematics EOG performance. Results suggest that the sensitivity

and accuracy of both models are higher for students who took the Algebra I EOC multiple

times.

In this analysis, we had to deal with signi�cant missingness in the Algebra I EOC data,

which may in�uence model performance. The behavior of the HMM and Logit suggest there

may be additional factors impacting student performance that have not been included in

the models which may improve model performance. For example, if we account for teacher

judgment, student characteristics, school attributes in addition to the EOG achievement

level, the results may be more favorable. We assume that students' Algebra I EOC pro�ciency

re�ects their mathematical knowledge, but there are many other factors to be considered in

evaluating true cognition. Therefore, since this work is a �rst step at structuring the models,

future work could focus on the inclusion of these types of additional factors as input for

the models.
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CHAPTER

6

SEPSIS PATIENT DECISION MODEL

In Chapter 2 through 5, we focused on large scale longitudinal data in an educational

environment where the time frame of interest was annual. Here, we shift the study domain

to healthcare focusing on decision modeling for disease, sepsis, intervention where the

time frame of interest is in minutes. Sepsis is a life-threatening organ dysfunction caused

by a dysregulated host response to infection (Singer et al. (2016)). Septic shock is the most

severe stage in the sepsis continuum in which particularly profound circulatory, cellular,

and metabolic abnormalities are associated with a greater risk of mortality than any other

stage of sepsis (Hotchkiss and Vincent (2017)). Figure 6.1 illustrates the evolution of sepsis

from an infection to septic shock.

Sepsis affects more than 1.5 million Americans each year and 6% of all deaths had sepsis

listed among the causes of death in the period from 1999 to 2014 (NIH (2019); CDC (2019)).

About 28 to 50% of sepsis patients die from sepsis. Many of those who survive, especially

those who had pre-existing chronic diseases, may experience permanent organ damage

(CDC (2019)). The cost of sepsis was more than $23 billion in 2013 in U.S. hospitals for

nearly 1.3 million hospitalizations (NIH (2019); Torio and Moore (2006)). It was the most

expensive condition treated in United States hospital stays (NIH (2019)).

Due to the rapid progression of sepsis, administering on-time intervention for pre-
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Figure 6.1: Sepsis Evolution

venting organ dysfunction is critical. Delay in care causes long-term complications, and

increases the chance of death. The diagnosis and treatment of sepsis patients is complex,

as the patient's condition is stochastic, dynamically changing during the diagnosis process.

In addition, the response to treatment is uncertain. The treatment itself evolves over time

as the care provider learns more about a patient's condition through lab tests (e.g., culture)

and vital signs, as well as the patient's response to treatment over time.

6.1 Literature review

A few researchers have approached this problem using Markov decision models, their work

is summarized in Table 6.1. This research can be divided into two categories: (i) models to

identify optimal sepsis treatment strategies, and (ii) models to predict the probability of a

patient's movement between sepsis states and sepsis patient mortality (Raghu et al. (2017);

Frausto et al. (1998); Chen et al. (2017); Shapiro et al. (2007); Ribas et al. (2012); Annane et al.

(2004); Paxton et al. (2013)Alberti et al. (2005); Ghassemi et al. (2017); Ghosh et al. (2017);

Huang et al. (2007); Magni et al. (2000); Marshall et al. (2005)). Raghu et. al. (2017) used deep
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reinforcement learning to �nd optimal sepsis treatment strategies for 38,600 ICU patients

in the MIMIC-III v1.4 database 1 (Raghu et al. (2017)). They de�ned a �ve-by-�ve action

space for interventions including the �uid volume and vasopressor dosage for each 4-hour

window. Saka et. al. (2007) designed an empirically based Monte Carlo model to simulate

the progression of sepsis in 1,888 hospitalized patients enrolled in the GenIMS database 2

over a 30-day period (Saka et al. (2007)). Their model predicted a patient's change in health

represented by the Sepsis-related Organ Failure Assessment (SOFA) score, as a function of

a his or her previous health state and length of stay in hospital. Similarly, Shapiro (2007),

Ribas (2012) and Chen (2017) applied statistical approaches such as logistic regression to

predict patient's mortality from sepsis (Shapiro et al. (2007); Ribas et al. (2012); Chen et al.

(2017)).

Our proposed approach combines these two categories, we develop a Markov chain

model to track the patient's health during hospitalization using electronic health record

(EHR) data. We use this Model to formulate a Markov decision process to identify the

optimal treatment policy as a function of the patient's health state. In the next sections we

introduce our approach in more detail.

6.2 Natural History Data

From EHR data, we consider adult patient visits to a large health system in the northeast

between July 2013 – April 2016. We focus on patients who are suspected of infection as

de�ned by a single dose of any anti-infective, or a Positive viral PCR result. We excluded

surgical patients and patients who left against medical advice. Within this population,

we identify a sample of patient visits where the disease progression is equivalent to the

natural history of sepsis without treatment. Using the natural history, we can observe the

health progression in the absence of intervention during their stay in hospital. However,

there are few visits (six visits with a positive PCR, and no anti-infective or �uid) that would

correspond to a natural history for a control population. As a surrogate, we use visits with

suspected infection during which a patient had delayed treatment with anti-infective. The

delayed treatment visits are divided in two groups based on the time of infection suspicion:

1Multiparameter Intelligent Monitoring in Intensive Care (MIMIC-III v1.4) database is publicly available,
and contains ICU hospital admissions from approximately 38,600 adults (at least 15 years old).

2Genetic and In�ammatory Markers of Sepsis (GenIMS) "is a large, multi-center, observational cohort
study of subjects with CAP (Community Acquired Pneumonia) presenting to the emergency departments of
28 teaching and non-teaching hospitals in four regions (western Pennsylvania, Connecticut, Michigan, and
Tennessee) in the United States." (Yende et al. (2008))
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Table 6.1: Summary of literature review for sepsis decision modeling
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Table 6.2: Summary of literature review for sepsis decision modeling, continued
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(i) infection suspicion at the time of admission, and (ii) infection suspicion during their

hospital stay. These two groups are divided into two subgroups as follows:

1. Patients who had a positive culture within 48 hours from admission:

(A) Patients who received no anti-infective in the �rst 24 hours from admission and

anti-infective within the �rst 72 hours from admission. (190 Visits)

(B) Patients who received no anti-infective from culture order for more than 24

hours and anti-infective within the �rst 72 hours from admission. (585 Visits)

2. Patients who had no culture, no anti-infective and no Systemic In�ammatory Re-

sponse Syndrome (SIRS) in the �rst 48 hours

(A) Patients who did not have a culture or an anti-infective before meeting SIRS.

The time between SIRS and culture was between 24 and 72 hours. (37 Visits)

(B) Patients who did not have a culture or an anti-infective before meeting SIRS.

The time between SIRS and anti-infective was between 24 and 72 hours. (102

Visits)

In total, 678 visits met the criteria for delayed treatment. These visits are used to charac-

terize the control population using a continuous time Markov chain (CTMC) model. Figures

6.2 and 6.3 show the distribution of the visits and discharge disposition for the delayed

treatment population, respectively. Figures 6.4 to 6.6 compare the discharge disposition

in the delayed treatment population to the non-delayed treatment suspected of infection

visits, (those referred as Not Delay treatment). From Figure 6.4, we can see that most of the

delayed population had “Other” discharges, while most of the non-delayed population had

“Routine” discharges. In addition, the mortality was higher in the delayed treatment visits.

Figures 6.5 and 6.6 show the distribution of the discharge disposition and the time to

discharge for patient who received �uid or anti-infective as �rst treatment in the delayed

and non-delayed treatment populations. These �gures suggest the discharge disposition is

not affected signi�cantly by the type of intervention. However, the length of stay is longer

for the delayed treatment population particularly for other discharge patients who received

�uid �rst.

In the next section, we introduce a Markov decision process (MDP) model by de�ning

the state space, action space and cost function. The MDP is used to �nd the optimal �rst

intervention which minimizes the expected morbidity and mortality for infected patients.
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Figure 6.2: Delayed population distribution

Figure 6.3: Delayed population discharge disposition
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Figure 6.4: Comparison of Delayed vs. Non-Delayed population discharge disposition

Figure 6.5: Discharge Distribution by type of intervention (�uid (F) or anti-infective (AI))
for Delayed and Non-Delayed population
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Figure 6.6: Days to Discharge after �uid or anti-infective intervention for delayed and
non-delayed population

6.3 MDP Formulation

We develop a MDP model to identify the optimal �rst intervention (i.e., anti-infective, �uid

or wait) for each patient health state. We formulate this as a stopping problem in which

the patient leaves the system when he or she receives the �rst treatment (anti-infective

or �uid). Our objective is to �nd the optimal �rst intervention for each state to minimize

expected morbidity and mortality. We look to reduce the expected loss based on the patient

health status, length of stay in each state and discharge disposition. A CTMC is used to

model this problem as patient's health states change dynamically over time, and we assume

exponential distribution for the sojourn time in each state. The problem is modeled as an

in�nite horizon stopping problem as we believe clinically the health state is more important

than the time the patient is in that state.

The patient's health condition is de�ned by more than 40 vitals and laboratory results

within the EHR. The complexity of the problem is due to the translation of a patient's vital

and laboratory results into the patient's health state which can be monitored and tracked

longitudinally. The range of values associated with each lab and vital affects the size of

the model. As a result, we aggregate the range of values for each lab and vital to abnormal

and normal to reduce the size of the elements in the state. Further, we aggregate sets of
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labs and vitals to translate to in�ammation, organ system function and septic shock. Our

model framework which only considers binary values for each element and for example for

patients on the general �oor results in more than 1,800 unique states and 75,000 transitions.

6.3.1 State Space

The patient's health states and treatment actions are de�ned based on the SEPSIS Col-

laborative de�nition developed considering clinicians' input and guidelines such as the

Surviving Sepsis Campaign (SSC) (Singer et al. (2016); Rhodes et al. (2017)). The state is

de�ned by the patient's health condition, an aggregation of the vital and lab measurements

recorded during a patient's hospital stay. The treatment is decided based on a patient's

health condition, considering the vital and lab measurements.

The state is de�ned as a vector of 0 (normal), 1 (abnormal), and NA (i.e., not measured)

�ags for patient's vitals and lab results corresponding to two in�ammation and seven organ

dysfunction states, septic shock and the location of the patient within the hospital. The

state vector which consist of 11 elements, is summarized in Figure 6.7. With the exception

of the eleventh element which is related to the patient location, the other ten elements

are binary �ags. Each element corresponds to the normality or abnormality of each of the

health state elements: in�ammation, organ dysfunction and septic shock.

� In�ammation (Inf)

– Cellular In�ammation (In� C or IC): de�ned by the white blood cell count

(>12,000 cell/ mL), bandemia ( >10%), sedimentation rate ( >20mm/ hr), c_reac-

tive protein ( >8mg/ L), and procalcitonin ( >0.15ng/ mL).

– Physiological In�ammation (In� P or IP): de�ned by the heart rate ( � 90mmHg),

respiration rate ( � 20breath/ min), and temperature( � 100.4� F and < 96.8� F ).

� Organ Dysfunction (OD)

– Cardiovascular Organ Dysfunction (OD C or OC): de�ned by the systolic blood

pressure (<90mmHg) and mean atrial ( <65mmHg) pressure.

– Metabolic Organ Dysfunction (OD M or OM): de�ned by lactate ( >2.0mmol / L).

– Hematopoietic Organ Dysfunction (OD H or OH): de�ned by white blood cell

(<4,000 cells/ mL), platelets ( <100,000 cells/ mL).
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– Renal Organ Dysfunction (OD K or OK): de�ned by creatinine (1.2mg / dL), urine

output ( <500mL), and blood urea nitrogen ( >20mg/ dL).

– Respiratory Organ Dysfunction (OD R or OR): de�ned by pulse oximetry ( <90%)

and fraction of inspired oxygen ( >21%).

– Nervous Organ Dysfunction (OD N or ON): de�ned by Glasgow coma score

(<14).

– Gastrointestinal Organ Dysfunction (OD G or OG): de�ned by bilirubin

(>2mg/ dL).

� Septic Shock (SS): de�ned by systolic blood pressure ( <90mmHg), MAP ( <65mmHg)

and vasopressor administration.

When a patient enters the hospital all �ags are “NA”. As soon as any vital or lab associated

with one or more criteria is measured, its �rst �ag can be recorded as “1” if the value is

in abnormal range, and “0” if the value is normal. Then, the �rst �ags change to “1” if at

least one of the vitals or labs associated with that health state element is abnormal (“1”),

otherwise the �ag will be “0”. The eleventh element of state vector is related to the patient's

location (EP) and it can be one of the following hospital locations, Emergency Department

(ED), general �oor (NURSE), Intensive Care Unit (ICU) and Stepdown unit (STEPDN), or

the discharge disposition of “DEAD”, “Other Discharge”, or “Routine”.

Figure 6.7: State Vector for the Sepsis Markov model

6.3.2 Decision Epochs

The change of state happens each time a new vital or lab measurement is received. Each

state change corresponds to a decision point for the clinician to administer �uid or anti-

infective or wait for an update in the patient's state.
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6.3.3 Action Space

The actions for the decision model are: “Wait”, “administer Fluid” or “administer Anti-

infective”. The SSC guidelines strongly recommend initiating the administration of an IV

of antimicrobials within an hour of diagnosing sepsis and / or septic shock (SSC (2016)).

Furthermore, in the resuscitation from sepsis-induced hypoperfusion, within the �rst three

hours, it is recommended at least 30ml / kg of intravenous crystalloid �uid be administered

(SSC (2016). Following the initial �uid resuscitation, additional �uids be given by frequent

reassessment of hemodynamic status (SSC (2016).

Figure 6.8: Actions in the optimal stopping problem

6.3.4 Transition Matrix

After creating the states from the patient's visit records, we de�ne the “Time Between Transi-

tions” as the difference between the times, i.e., “MinutesFromArrival”, that two consecutive

health state records were stored. For each pair of state transitions, we calculate the average

of the time between transitions as
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MeanTime(s, ŝ) = MinutesFromArrival (ŝ) � MinutesFromArrival (s)

The rate of each transition between any state s and state ŝ is de�ned as

Ra t e(s, ŝ) = 1
M e anT ime (s,ŝ) .

The probability of going from state s to state ŝ is

P r o b (sjŝ) =
Ra t e(s, ŝ)

P
s00� S Ra t e(s,s00)

(6.1)

6.3.5 Cost Function (Value Function)

For calculating the cost function corresponding to our continuous time MDP the following

notation in Table 6.3 is used:

We de�ne the immediate penalty for time spent in state s as the summation of the immedi-

ate cost corresponding to each action (wait, �uid, or anti-infective), the cost for the time

the patient spends in state s using the cost rate, and the expected cost for the remaining

patient health trajectory from state s.

r (s,d (s)) = k (s,d (s))+H (s,d (s))+

Z 1

0

X

j 2S

[

Z u

0

e � � t c(s,d (s))P(j jt , s,d (s))d t ]F (d u js,d (s))

(6.2)

Cost Rate

The cost rate for capturing the effect of state s is a function of the number of organ dys-

functions, the presence of septic shock and the effect of the intervention. The cost rate for

state sand action d(s) is de�ned as

c(s,d (s)) = (ci i + cl l )md (s) + ce(e) (6.3)

We make the following assumptions for quantifying the cost function. As can be seen in

Table 6.3, we assign a “unit” cost for each organ dysfunction, ci . Because there are at most

seven organ system dysfunctions, a cost, cl , of “9” is assigned to septic shock (which is the

most severe health state). As mentioned in Figure 6.8, discharges are modeled as absorbing

states. We assign a penalty if the discharge disposition is not routine. Speci�cally, a penalty

is added when a patient dies, or is discharged to a location other than home (e.g., assisted

living). We solve the decision model for the general �oor (NURSE) hospital location. We

also have a penalty if the patient's location changes from the general �oor (NURSE) to a
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Table 6.3: Markov Decision Process Notation
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