different modes of instruction could be influenced by the assessment itself (Arias, Swinton,
& Anderson, 2018). Success in online courses as well as in-person courses can be affected
by a multitude of variables, which can lead to a wide variety of results.

A meta-analysis published in 2004 revealed that there are conflicting results with
wide variability when analyzing multiple studies involving distance education. It was
pointed out that online, or distance courses, work extremely well in some instances and
extremely poorly in others. This study divided non-traditional, online courses into
synchronous and asynchronous courses. The data revealed that within synchronous
courses, the trend favored traditional courses; however, within asynchronous courses the
online outcomes were significantly better. Further analysis revealed that the methodology
of the course created greater variation than did pedagogy or media. (Bernard et al, 2004).

In 2021 a study by Gopal, Singh, and Aggarwal of university students during the
coronavirus pandemic revealed some interesting results. The performance and perceptions
of over 500 students in an online business management or hotel management course were
analyzed. This study found that the four factors of course design, instructor quality, prompt
feedback, and student expectation had a positive effect on student satisfaction. Of these
four factors, the most pronounced impact on perception was instructor quality; this was
followed by student expectation, then prompt feedback and finally course design. Another
layer of the study revealed that student satisfaction had a positive effect on performance.
This shows that success in online courses is influenced by satisfaction which is a shared
responsibility of instructor and student (Gopal, Singh, & Aggarwal, 2021).

A review published in 2015 by Kauffman sought to identify factors that affect

performance and satisfaction with online courses. A synthesis of several studies revealed
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that characteristics of the learner can predict success in online courses; some of these
characteristics were emotional intelligence, time management, and self-regulation. In
addition, characteristics of effective online courses were identified as being interactive,
organized with clear learning goals, and having prompts to encourage reflection (Kauffman,
2015). One limitation of this review was that the characteristics of the instructor were not
analyzed. It is evident that many factors influence the effectiveness of online courses;
further study needs to be done to identify what contributes to online success and online
failure.

A publication composed by DiPietro, Ferdig, Black and Preston in 2008 interviewed
sixteen exemplary virtual school instructors to determine what characteristics determine
an effective online course. The exemplary status of these virtual teachers was admittedly
subjective, as the lack of sufficient research exists to define an effective or exemplary online
teacher or course. The study identified common characteristics and strategies which
included communication, management, flexibility, organization as well as knowledge and
motivational skills (DiPietro, Ferdig, Black & Preston, 2008). The design of the course and
the attributes of the instructor play a large part in the effectiveness of a course whether it
be online or in-person.

One must use caution when evaluating results and remember that many of these
studies that measure test scores, and other performance outcomes may simply be
describing characteristics of the students and not revealing the effectiveness of the mode of
instruction of the course. The available data regarding online courses is limited and often

inadequate measures are used to determine effectiveness (Chingos, 2013). Nonetheless, the
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pursuit of additional data must continue regarding online courses in order to improve and

support these learners.

Summary

The literature surrounding the debate of online versus in-person instruction gives
varied data. Some studies have been conducted that give the advantage to the in-person
learner (Alpert, Couch, & Harmon, 2016; Kofoed, Gebhart, Gilmore, & Moschitto, 2021;
Krieg and Henson, 2016; Mansheim, 2017; Xu and Jaggars, 2011) while other studies give
the advantage to the online learner (Ashby, Sadera & McNary, 2011; Dolan, 2008;
Neuhauser, 2002; Paul & Jefferson, 2019). There are still other studies that have analyzed
the performance of subgroups compared to the whole which have also produced a variety
of results (Figlio, Rush, & Yin, 2013; Tomasik, Helbling & Moser, 2020; Xu and Jaggars,
2014). Literature that attempts to unveil characteristics of effective online learning was
also reviewed (Bernard et al, 2004; DiPietro, Ferdig, Black & Preston, 2008; Gopal, Singh, &
Aggarwal, 2021; Kauffman, 2015). To sum up, there are conflicting results from various
studies regarding the effectiveness of online learning. Many variables are at play that
contribute to success or failure and that makes it difficult to pinpoint factors that influence
success. There are still many unanswered questions about the effectiveness of this growing
mode of instruction. One thing that many researchers agree is that more studies need to be

conducted to fill in this knowledge gap (Bernard et al, 2004; Chingos, 2013).
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CHAPTER III

Introduction

An argument has been established for the need for more studies that evaluate the
effectiveness of online courses compared to in-person courses. Studies related to this field
have been reviewed, some with conflicting results; however, a common theme in much of
the literature is the appeal for more data surrounding the comparison of online and in-
person learning. This study will attempt to provide more data for this area of research by
determining whether there are significant differences in mathematics test scores between
online and in-person students in a rural school district in western Ohio. In this chapter,
information regarding the methodology of this study including the participants, location,
instruments, analysis methods, and procedures will be revealed. This chapter will include a
description of the participants of the study as well as the geographic location of the study. A
summary of the analysis methods used in this study in addition to a defense of the
reasoning for the sample sizes and methods will also be provided. An explanation of the
tests being used to evaluate student math proficiency is included along with the procedures
used to place participants into various descriptive categories. Finally, this chapter will
contain a justification of the data processing and statistical analysis procedures that will be

used to answer each of the research questions of this study.

Setting and Participants
This section will provide detailed information about the participants of the study,

the location of the study, the sample sizes, and a statistical power analysis. The participants
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of this study are students enrolled in the West Liberty-Salem local school district located in
Champaign County, Ohio. Most students reside in the district which includes West Liberty,
a village of 1770 residents (United States Census Bureau, 2020), and surrounding rural
areas in Champaign County and Logan County, Ohio. In 2010, Champaign County had 93.5
people per square mile and Logan County had 100 people per square mile (United States
Census Bureau, 2010). According to the National Center for Educational Statistics the
district is home to approximately 5,450 individuals in just over 2,000 households with an
average household income of approximately $68,000 (National Center for Educational
Statistics, 2019).

The West Liberty-Salem school district is a public school district with two schools,
West Liberty-Salem Elementary and West Liberty-Salem Middle School/High School,
contained in one building for kindergarten through 12th grade. Data obtained from the
Education Management Information System (EMIS) coordinator at the school district
reveals that during the 2020-2021 school year there were 1182 students, with 93% of the
students recorded as white, non-Hispanic and 5% recorded as multiracial; the racial status
of the remaining students has been withheld in the interest of non-identification. The same
year 18% of the students qualified for free or reduced lunch as determined by standards
set by the National School Lunch Program. The student body of the district was made up of
53% male and 47% female students, using gender as determined at birth. There were 199
students open-enrolled in the district; these students reside in the areas surrounding the
West Liberty-Salem local school district.

Next, the a priori statistical power analysis of the various sample sizes that will be

used to answer the primary and secondary questions of this study will be given. A defense
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of the analysis methods will be addressed in the Data Processing and Analysis section that
appears later in this chapter. The primary questions of this study are: “Are instructional
mode, socioeconomic status, gender, and grade level significant predictors of state grade
level mathematics test scores?” and “Are instructional mode, socioeconomic status, gender,
and test type significant predictors of state mathematics test scores in algebra and
geometry end-of-course tests?” Mixed model linear regression analyses will be applied to
address the primary research questions of this study due to the nested phenomenon that
exists within the sample (Field, Miles & Field, 2014). An a priori power analysis using
G*Power 3.1 for F-test, linear regression, alpha level .05, and medium effect size aiming for
.80 statistical power, calculates a sample size is 85 when there are four tested predictors
(Faul, 2020). The predictors for this analysis are instructional mode, grade level or test
type, socioeconomic status, and gender. The number of students within each grade level, or
test type, of the tested population ranges from 71 to 95.

A two-way ANOVA analysis will be used to answer both secondary questions of this
study. The first of the secondary questions is: “Is there a significant difference in mean state
mathematics test scores across instructional modes of in-person and online learning in
lower elementary students, upper elementary students, and junior high students?” The
degrees of freedom and number of groups for this question are calculated using the
number of each of the variables: 2 instructional modes and 3 age groups. The degrees of
freedom are found using the formula (2-1)(3-1) = 2; in addition, analyzing the interaction
effect of 2 variables with 3 variables, produces (2)(3) = 6 groups. Using an a priori power

analysis, G*Power 3.1 calculates a sample size if 158 when the parameters are set for F-test,
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ANOVA techniques, alpha level .05, medium effect size, six groups, and power of .80 (Faul,
2020). The number of students within each age group ranges from 162 to 171.

The final question: “Is there a significant difference in mean state end-of-course test
scores across instructional modes of in-person and online learning in algebra and geometry
students?” will also be addressed with two-way ANOVA techniques. The degrees of
freedom for this question are found using (2-1)(2-1) = 1; while the number of groups is
(2)(2) = 4. Using an a priori power analysis using G*Power 3.1 for F-test using ANOVA
techniques, with alpha level .05 and medium effect size, the sample size when there are two
instructional modes and two test types to achieve power of .80 is 128 (Faul, 2020). There
are 87 algebra students and 96 geometry students for a total of 183 students that took an
end-of-course state test. A detailed description of the population, geographic location,
sample sizes, and statistical power analysis have been provided. The next section will

present a summary of the instrumentation of the study.

Instrumentation

This section will outline the instruments used in this study, namely state
mathematics tests scores. Student proficiency in mathematics is determined by outcomes
on state grade level mathematics tests for grades 3 through 8, end-of-course Algebra 1
tests, and end-of-course Geometry tests created and evaluated by the Ohio Department of
Education. Mathematics test scores are scaled with a score of 700 being the lowest score to
qualify as proficient. There are five performance levels that have defined scaled score
ranges; these levels from lowest to highest are limited, basic, proficient, accelerated, and
advanced as shown in Table 3.1. Table 3.1 lists the score ranges for each of the five levels

for each grade level and end-of- course test used in this study. The Ohio Department of
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Education makes extensive efforts to create reliable assessments with the help of Ohio
educators and Cambium Assessment, a company involved with state assessments across
the country. Content advisory committees, fairness and sensitivity committees, standard-
setting committees, and rubric validation committees are used to ensure the state tests are
valid and appropriate. Test scores at various grade levels in mathematics and language arts
as well as science and social studies are used to compare school districts within the state

(Ohio Department of Education, 2021).

Table 3.1: Ranges of State Test Scores for Performance Levels.

Limited Basic Proficient | Accelerated | Advanced
Grade 3 587-682 683-699 700-724 725-752 753-818
Grade 4 605-685 686-699 700-724 725-758 759-835
Grade 5 624-686 687-699 700-724 725-748 749-804
Grade 6 616-681 682-699 700-724 725-743 744-790
Grade 7 605-683 684-699 700-724 725-754 755-806
Grade 8 633-689 690-699 700-724 725-743 744-774

Algebra 1 618-681 682-699 700-724 725-753 754-814

Geometry 604-677 678-699 700-724 725-755 756-810

Information from the Ohio Department of Education website titled
“Understanding Ohio’s State Tests Score Reports 2020-2021"

Procedure
Data for this study was collected from existing records of publicly available
information using an Excel spreadsheet file from the Education Management Information
System (EMIS) coordinator of the West Liberty-Salem school district. Care was taken to
ensure that the subjects in the study could not be identified directly or through identifiers
linked to the subjects. Additionally, measures to ensure confidentiality and security were
used to protect this information at all times. The risk to participants was minimal and no

more than what would be ordinarily encountered under normal circumstances. Approval
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for this study was obtained from Shawnee State University Institutional Review Board on
December 15, 2021.

Next, the methods used to establish socioeconomic disadvantaged status will be
described. The West Liberty School district, through the state of Ohio, offers free and
reduced lunch to students whose parents qualify using eligibility requirements of the
National School Lunch Program. According to the United States Department of Agriculture,
in fiscal year 2020 students from households with incomes at or below 130% of the
Federal poverty line were eligible to receive a free lunch and those with incomes between
130% and 185% of the Federal poverty line were eligible to receive a reduced-price lunch
(United States Department of Agriculture, 2022). Participants that qualify for free or
reduced lunch were included in the data provided by the EMIS coordinator.

The instructional mode of students during the school year 2020-2021 will be
categorized as in-person or online. Those students that attended traditional classes with
face-to-face classroom teachers are categorized as in-person status. Several students
received credit for courses by completing coursework through SchoolsPLP, an
asynchronous online learning platform purchased by the district. There were some
students that attended online for part of the year and in-person for part of the year. Since
state tests were given in April and school started in September, those students that
attended online for more than four months were categorized as online students and those
that attended online for less than four months were categorized as in-person students. This

classification was determined using the dates provided by the EMIS coordinator.
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Data Processing and Analysis

This section will contain descriptions of the preparations of the data before analysis
as well as the strategies used to analyze the data for the purpose of answering the research
questions of this study. The data used for this study was converted from the original format
into a format compatible with the statistical program used to analyze the data. The original
data was contained on an Excel spreadsheet file, this needed to be modified and then saved
as a comma separated value (CSV) document to enable analysis using the statistical
program, R. Student descriptors used for this study were test score, test type, age group,
instructional mode, gender, and socioeconomic status.

The original data set contained information from the entire district and not every
student completed a mathematics grade level state test, therefore the data had to be
filtered and sorted. Students in grades 3 through 8 completed the grade level mathematics
tests that matched the grade level of mathematics class they attended. Students in
kindergarten, students in grades 1 and 2, and any other student that did not complete a
state mathematics test were not included in the study. There were a few students that took
a grade level test one grade higher than their age level, most were students in grade 8,
because 8t grade students in this district have the option to take Algebra 1 for high school
credit. Students in grade 8 either completed the grade level 8 mathematics test or the
Algebra 1 end-of-course test. Algebra 1 end-of-course tests are taken during the same year
that a student takes Advanced Algebra 1 or Algebra 1b, which can be during 8th, 9th, or 10th
grade. Geometry end-of-course tests are taken during the same year that a student takes

Advanced Geometry or Geometry, which can be 9th, 10th or 11th grade.
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Students were also categorized with dichotomous characteristics of gender,
socioeconomic status, and instructional mode. First, students were described as either
male or female; for the purposes of this study gender was defined as sex that was
determined at birth. Socioeconomic status was determined by free or reduced lunch
qualifications. Students were categorized as socioeconomically disadvantaged if they
qualified for free or for reduced lunch; those students that did not apply or were denied
were categorized as not socioeconomically disadvantaged. Students were also categorized
by instructional mode, either online or in-person as described earlier in this chapter.

Next, the steps will be outlined for the statistical analyses that will be used to
answer each research question. The two primary research questions will be answered
using the same statistical analysis method, mixed model linear regression. The data bank
includes test scores and characteristics from students within classrooms within grade
levels within a school district, which indicates this is hierarchical or nested data; therefore,
similar errors could exist caused by students having similar context. In other words, the
data may lack the independence needed for certain analyses. For this reason, mixed model
analyses will be used to find the best fitting model for the data since mixed model analysis
does not require assumptions of homogeneity of regression slopes or independence (Field,
Miles & Field, 2014).

Once the data has been cleansed and imported into R, descriptive statistics will be
computed and the data will be tested for linearity, multicollinearity, independence,
homogeneity of variance, and normality. These tests will be conducted using scatterplots of
fitted values and residuals, histograms, along with Levene’s test for homogeneity of

variance and the Shapiro-Wilk normality test. It is assumed that independence will be
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violated due to nested data, which is why a mixed model approach will be conducted. To
find the best model, aspects will be added one at a time and the Akaike Information
Criterion (AIC) and Bayesian Information Criterion (BIC) will be noted as well as ANOVA
comparisons between each model to determine if each aspect improves the model until the
best model is obtained. Once the best model has been established, the effect of each
predictor on the dependent variable of test score will be analyzed (Field, Miles & Field,
2014).

The secondary research questions will be answered using the same statistical
analysis method, two-way ANOVA, because there is one continuous dependent variable and
two independent categorical variables (Field, Miles & Field, 2014). Once the data is
cleansed and imported into R, descriptive statistics of each group will be computed. Next,
tests for independence, homogeneity of variance, and normality will be conducted using
scatterplots, histograms, boxplots, Levene’s test for homogeneity of variance, and the
Shapiro-Wilk normality test. The first of the secondary questions requires the testing of the
independent variables of instructional mode and age; the second question requires the
testing of the independent variables of instructional mode and test type. The analysis will
determine the main effect of instructional mode by comparing the mean scores of the in-
person group to the mean scores of the online group. Next, the main effect of age group or
test type will be determined by comparing the means of each age group or test type.

Finally, the interaction effect of these two variables will be analyzed.
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Summary

This chapter included a description of the population, setting, instruments, data
processing, and statistical analysis of the study. The study will be completed to determine if
instructional mode, socioeconomic status, grade or test type, and gender can be used to
predict state mathematics test scores as well as determining if there is a significant
difference in mean state mathematics test scores across instructional modes of in-person
and online learning. In this chapter, the participants and location were described as well as
the instrumentation used for the study. The processes used to determine participant
characteristics were also revealed. Finally, this chapter contained an explanation of the
data processing, a defense of the statistical analysis techniques and the procedures that will
be used to answer each of the research questions of this study. The next chapter will give

the statistical results gained through analysis of this data.
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CHAPTERIV

Introduction

The goals of this study involve two primary research questions that seek to
determine whether instructional mode, socioeconomic status, gender, and/or test type or
grade level are significant predictors of state mathematics test scores. The two secondary
research questions strive to detect a significant difference in mean state test scores across
instructional mode in different age groups of learners. This chapter contains a definition of
the variables used in the study as well as a discussion of problems in data collection and
analysis. Next, testing assumptions will be explored and descriptive statistics for the data
will be given. Finally, the main results of the study will be revealed followed by a summary
of interesting trends. Statistical analyses were performed using the statistical software R
version 3.6.3, (R Core Team, 2020) along with packages janitor (Firke, 2021), car (Fox
&Weisberg, 2019), and nlme (Pinheiro et al,, 2021). Chapter 5 will contain more in-depth

discussions and interpretations of the results.

Definition of Variables
The dependent variable for this study is the set of state mathematics test scores
from grades 3 through 8 as well as state end-of-course test scores for Algebra 1 and
Geometry from the West Liberty-Salem School District in 2021. These scores are
represented by a discrete number set ranging from 620 to 835. The Ohio Department of
Education determines which of the five levels are assigned to each score; the test score

levels are: basic, limited, proficient, accelerated, and advanced. The instructional mode of
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the student is a dichotomous independent variable of in-person instruction or online
instruction. Students with more than four months of online instruction were considered
online students. Gender was another dichotomous independent variable of male or female
determined by sex at birth. The independent variable of socioeconomic status is a
dichotomous variable where students were characterized as socioeconomically
disadvantaged or not; this was determined by free or reduced lunch qualifications. The
independent variable of test type includes grade level state mathematics tests for grades 3,
4,5, 6,7,and 8, as well as end-of-course Algebra 1 and end-of-course Geometry tests.
Algebra 1 end-of-course tests are taken by students enrolled in Algebra 1 and include
students in grades 8, 9, and 10. Geometry end-of-course tests are taken by students
enrolled in Geometry and include students in grades 9, 10, and 11. The independent
variable of age group is broken into three categories: lower elementary students - those
taking the 3rd or 4th grade state mathematics test, upper elementary students - those taking
the 5t or 6th grade state mathematics test, and junior high students - those taking the 7th or
8th grade state mathematics test. The independent variable of test type for the high school
courses is divided into two categories: Algebra 1 end-of-course tests and Geometry end-of-
course tests.

The data was cleansed and saved in a different format to be compatible with the
statistical software R (R Core Team, 2020) along with package janitor (Firke, 2021). There
was some missing data; students that did not complete a state mathematics test were
removed from the data set. Descriptive statistics were computed using the set of state
mathematics test scores and the corresponding student characteristics. Some of the

statistics were obtained from two subsets: one set consisting of data from grade level state

36



mathematics tests and the other consisting of data from end-of-course state tests for
Algebra 1 and Geometry.

The following is a breakdown of the independent and dependent variables used in
each of the four research questions addressed in this study. To answer the first research
question of: “Are instructional mode, socioeconomic status, gender, and grade level
significant predictors of state grade level mathematics test scores?”, four independent
variables and one dependent variable was used. The independent variables of instructional
mode: in-person or online, socioeconomic status: disadvantaged or not, gender: male or
female, test type: state mathematics test in grades 3, 4, 5, 6, 7, and 8 and the dependent
variable of state grade level mathematics test scores were analyzed.

Four independent variables and one dependent variable were used to answer the
second research question of: “Are instructional mode, status, gender, and test type
significant predictors of state mathematics test scores in Algebra 1 and Geometry end-of-
course tests?”. For this second question, the independent variables of instructional mode:
in-person or online, socioeconomic status: disadvantaged or not, gender: male or female,
test type: Algebra 1 or Geometry, as well as the dependent variable of state end-of-course
mathematics test scores were analyzed.

Answering the third and fourth research questions required the use of two
independent and one dependent variable. For the third research question: “Is there a
significant difference in mean state mathematics test scores across instructional modes of
in-person and online learning in lower elementary students, upper elementary students,
and junior high students?”, the independent variables of instructional mode: in-person or

online, age group: lower elementary, upper elementary, junior high, and the dependent
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variable of mean state mathematics test scores were analyzed. For the fourth question: “Is
there a significant difference in mean state end-of-course test scores across instructional
modes of in-person and online learning in algebra and geometry students?”, the
independent variables of instructional mode: in-person or online, test type: algebra or
geometry, and the dependent variable of mean state mathematics test scores were

analyzed.

Testing Assumptions

The variables described in the last section were included in a data set split into two
subsets of grade level and end-of-course test results that were used for analysis. The grade
level data set includes scores from state mathematics tests for grade levels 3 through 8 and
the corresponding dependent variables. The end-of-course data set includes state end-of-
course tests in Algebra 1 and Geometry and the corresponding dependent variables. The
testing assumptions of independence, homoscedasticity, normality, absence of
multicollinearity, and linearity will be addressed in this section.

The first assumptions to address are independence and homoscedasticity. It is
acknowledged that the data is nested therefore is not independent. Homoscedasticity or
the homogeneity of variance can be estimated visually and tested using Levene’s Test for
Homogeneity of Variance. The statistical software R (R Core Team, 2020) was used to
create the boxplots and this same software along with the package car (Fox &Weisberg,
2019) were used to compute Levene’s Test for Homogeneity of Variance. The variance of
each grade level test is illustrated with boxplots in Figure 4.1; the variance levels are quite

different. Test scores by grade level and test type in the combined data set fail Levene’s
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Test, F(8,674)=8.943, p<.001 thus

verifying the data has

heteroscedasticity. Failing the

| — o T assumptions of independence and

gl 1 T L —LJ— homoscedasticity is not a concern when

using mixed model regression analysis
- to accurately analyze the data; mixed

3 4 5 6 7 8 “"9 o model analysis does not require the
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Figure 4.1 assumption of independence or
Grade Level and EOC Mathematics Test Scores

homoscedasticity (Field, 2014). Mixed
model regression analysis methods are conducted to find the best fitting model for the data
by allowing the intercepts and slopes of the regression lines to vary within each context,
such as grade levels or test types. Levene’s test was also used to analyze the homogeneity
of variance within the data subsets; lower elementary F(1,160)=1.70, p=.194, upper
elementary F(1,169)=2.10, p=.149, and end-of-course F(1,181)=2.02, p=.158, were all
found to have homoscedasticity. The subset of junior high did not pass the test
F(1,164)=21.53, p<.001 therefore has heteroscedasticity (R Core Team, 2020) (Fox
&Weisberg, 2019).

The next assumption to address is normality. The distribution of state mathematics
test scores is pictured using histograms in Figure 4.2 created using the statistical software
R (R Core Team, 2020). The grade level scores are positively skewed with some semblance
of a normal distribution. End-of-course test scores have less resemblance of a normal

distribution. The set of all state test scores appear to have a normal but positively skewed
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Figure 4.2
Distribution of State Mathematics Test Scores

distribution. The Shapiro-Wilk normality test reveals that the state grade level
mathematics test scores have a normal distribution, W=0.99, p<.001; however, the state
end-of-course test scores do not pass the Shapiro-Wilk test, W=0.99, p=.159. When all the
mathematics test scores are combined, normality is confirmed, W=0.99, p<.001. The
Shapiro-Wilk normality test was conducted using the statistical software R (R Core Team,
2020).

The assumption of absence of multicollinearity is not an issue with this data. The
correlation between all variables used for grade level test analysis and for end-of-course
test analysis is shown in Table 4.1. These values were computed using the assistance of the
statistical software R (R Core Team, 2020). Most of the correlation coefficients have an
absolute value approximately 0.10 or less, which is a small effect. The greatest absolute
value of correlation, found between socioeconomic status and grade level test scores, is
0.22 which is considered between small to medium effect (Field, 2014). This lack of strong
correlation between variables allows the assumption of non-multicollinearity.

The final assumption investigated is linearity. Scatterplots of the residual values
over the fitted values are shown for the grade level data set and end-of-course data set in

Figure 4.3. These scatterplots were created using the statistical software, R (R Core Team,
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2020). There is no evidence of pattern in the residuals; therefore, the data passes the

assumption of linearity.

Table 4.1
Correlation Between Variables Within Data Sets
GL GL
Grade %é{;’l Tests GL Score | Instructional GL Gender Socioeconomic
Mode Status
GL Score 1.00 -0.17 0.12 -0.22
GL Instructional 017 1.00 -0.00 0.07
Mode
GL Gender 0.12 -0.00 1.00 0.02
GL Socioeconomic 022 0.07 0.02 1.00
Status
End of Course EOC EOC; . E0C .
Tests (EOC) Score Instructional | EOC Gender | Socioeconomic
Mode Status
EOC Score 1.00 -0.20 -0.16 -0.17
EOC Instructional -0.20 1.00 -0.03 0.10
Mode
EOC Gender -0.16 -0.03 1.00 0.08
EOC Socioeconomic 017 0.10 0.08 1.00
Status
Grade Level End of Course
g . e : N
g $ g
SSID 700 720 7‘;0 670 680 690 T00 710 720
predicted
predicted
Figure 4.3
Residuals Over Predicted Values Within Data Subsets
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Descriptive Statistics

This section will attempt to give an overall view of the primary statistics from the
data set of state mathematics test scores of students in the West Liberty-Salem School
District during the spring of 2021. Descriptive statistics will also be given for the subset
containing grade level tests, which include those state tests given to grade levels 3 through
8, and the subset of end-of-course tests, which include the state end-of-course Algebra 1
and the state end-of-course Geometry test results. A breakdown of the number of student
test results in each grade level and end-of-course (EOC) test is listed in Table 4.2. The
descriptive statistics were computed using the statistical software R (R Core Team, 2020)

and the package janitor (Firke, 2021). A total of 682 student test scores were analyzed.
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The mean and standard deviation of each of the grade level state tests and each end-
of-course test is included in Table 4.3. The mean of all mathematics test scores in the data
set is 718.34 with a standard deviation of 34.20; the mean test score of the combined grade
level mathematics tests is higher than the overall mean while the mean test score of the
combined end-of-course tests is lower than the overall mean. The range of the mean test
scores in state grade level mathematics tests goes from 704.23 on the 8t grade test to
740.06 on the 3 grade test. The greatest standard deviation occurs with the 4th grade
mathematics test and the least standard deviation occurs in the 8th grade test. The lowest

mean of all state tests is the end-of-course geometry test at 699.81.

Table 4.3
Mean and Standard Deviation of State Test Scores
State Mean
. Mean (SD) | Age Group Mean
Mathematics Test Type Test Type (SD) Subset (SD)
Test
740.06
3rd grade
(35.28) Lower 739.57
2 q 739.06 Elementary | (38.68)
grade (42.19)
5t grade 73124.1959
(32.15) Upper 719.45 | Grade | 722.60
72350 | Elementary | (30.97) | Level | (35.10)
6t grade
(28.76)
7t grade 713.63
(33.69) - 709.21
Junior High
gt orade 704.23 (28.23)
& (18.79)
Algebra 1 EOC 7154'56
(25.41) End of 706.97 | Endof | 706.97
699.81 Course (28.69) | Course | (28.69)
Geometry EOC (29.78)
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Next, the test scores will be compared across potential predictor groups of
instructional mode, socioeconomic status, and gender. Figure 4.4 illustrates the scores
divided by these groups using boxplots for each data subset. Table 4.4 lists the mean and
standard deviation of test scores when divided by instructional mode, socioeconomic

status, and gender for each grade level test, each end-of-course test, and combinations of

Grade Level Scores by Instructional Mode, SES, and Gender
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Figuré 44
Test Scores by Potential Predictor Groups

these subsets. These statistics and boxplots were completed using the statistical software R
(R Core Team, 2020). There is a difference in variance of the grade level and end-of-course
test scores when divided by instructional mode, with online test scores not only lower but
having less variance. The same is observed for the end-of-course test scores when divided
by socioeconomic status, with socioeconomically disadvantaged scores having lower mean

and less variance.
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Table 4.4

Mean and Standard Deviation of Test Scores by Groups

Non-
Online In-Person | Disady. SES | disadvan, Female Male
SES
PEISES;‘ 715.50 743.42 723.75 742.82 730.64 747.28
e 3 (25.46) (35.23) (31.37) (35.36) (31.14) | (36.86)
PEISES;‘ 729.44 740.30 703.57 746.71 728.95 749.44
Coado 4 (36.81) (42.91) (22.18) (41.64) (40.33) | (42.02)
PEISES;‘ 695.29 716.69 703.36 718.86 707.32 720.82
Cada & (28.18) (32.06) (26.96) (32.98) (30.68) | (32.31)
PEISES;‘ 702.28 729.38 705.75 727.75 720.50 725.39
e 6 (23.28) (27.44) (22.34 (28.633) | (22.65) | (32.08)
PEISES;‘ 698.90 715.36 710.20 71455 713.49 713.73
ada 7 (41.46) (32.51) (36.37) (33.14) (30.25) | (36.16)
PEISES;‘ 691.00 705.45 696.21 706.19 702.80 705.27
e g (9.70) (19.00) (20.63) (17.96) (2043) | (17.68)
Mean
(SD) 706.05 724.86 706.65 726.50 717.70 726.31
Grade (30.65) (35.10) (28.05) (35.58) (31.90) | (36.97)
Level
Mean
(SD) 694.79 718.36 701.08 716.93 711.20 717.57
EOC (16.90) (25.08) (22.84) (25.24) (24.51) | (26.09)
Algebra 1
Mean
(SD) 692.08 701.34 689.38 701.76 712.19 687.98
EOC (16.02) (31.32) (27.89) (29.92) (26.58) | (28.13)
Geometry
Mean
(SD) 693.48 709.30 695.23 708.91 711.73 702.46
End of (16.23) (29.73) (25.68) (28.75) (2551) | (30.83)
Course

Mean

(SD) All
Scores

702.15
(34.43)

720.78
(27.86)

704.26
(27.86)
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Main Results

The data for this study contains nested information, the students were grouped
within classrooms within the same school district so variations in data could be affected by
teachers, class size, and peers. Because the data is nested, mixed model linear regression
techniques were applied using the statistical software R (R Core Team, 2020) along with
packages car (Fox &Weisberg, 2019) and nlme (Pinheiro et al., 2021) to answer the first
research question. A baseline model was created obtaining a Akaike Information Criterion
(AIC) value of 4970.2 and a Bayesian Information Criterion (BIC) value of 4978.6. This
model was compared to a model that allowed for variation within grade level. The model
that allowed for variation within grade level was an improvement over the baseline model
with strong statistical significance, x2(2)=51.35, p<.001. Both AIC (4920.9) and BIC
(4933.5) values were lower in this new model to further indicate an improved model.

New models were created by adding a single predictor, each of these models were
an improvement over the model that allowed for variation within grade level with no
predictors. Each of these models showed significant improvement; the most improvement
occurred when adding the predictor of socioeconomic status, x2(3)=24.70, p<.001, this
model had lower AIC (4898.2) and BIC (4915.0) values as well. Next, models were created
with two predictors which further improved the previous model. Adding a second
predictor improved the model significantly with the lowest AIC (4881.2) and BIC (4902.2)
values occurring when two predictors of instructional mode and socioeconomic status
were added. This two-predictor model significantly improved the single-predictor model,

x%(4)=19.00, p<.001. Adding all three predictors to this model produced a better model
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with lower AIC (4871.0) and BIC (4896.3) values. The three-predictor model was a
statistically significant improvement over the two-predictor model, x2(5)=12.13, p<.001.
The next stage in the mixed model approach was adding random slopes to
determine whether this produced a better model. Allowing for random slopes for
socioeconomic status produced a model with lower AIC (4867.7) and BIC (4905.3) values.
The improvement over the previous model was statistically significant, x2(8)=7.37, p<.05.
Finally, this model was compared to models with interaction effects between these given
variables. Interactions between predictor variables were added one at a time, then two
interactions were added, and finally three interactions were added to the model. All these
models were compared and the model with the lowest AIC (4867.4) and BIC (4905.3) was
chosen as the best model. This final model is a slight improvement, although not
statistically significant, x2(9)=2.25, p=.134 over the model without interactions (R Core
Team, 2020) (Fox &Weisberg, 2019) (Pinheiro et al., 2021). The 3 values, degrees of

freedom, test statistic and p-values for this model are shown in Table 4.5.

Table 4.5
Statistical Values from the fitted model for Grade Level Test Scores
B values | Degrees of )
Grade Level model (SD) freedom T stat p-value
Instructional Mode ~23.39 489 469 | <001
(4.99)
Socioeconomic Status -20.40 489 -3.55 <.001
(5.75)
Gender (ggg) 489 3.40 <.001
Interaction: 14.71
Socioeconomic Status and 9 81) 489 1.50 134
Instructional Mode ’
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The most significant predictor of state grade level mathematics test scores was
instructional mode. Online students scored 23.39 (4.99) points lower on state grade level
tests compared to in-person students, t(489)=-4.69, p<.001. With the range of test scores
(620 to 835) being 215; this change in score is 10.88% of the range of scores which is a
notable difference. It is also notable that the mean test scores of in-person students were
higher than the mean test scores of online students in each of the six grade levels.
Socioeconomic status was also a statistically significant predictor; socioeconomically
disadvantaged students scored 20.40 (5.75) points lower on state grade level mathematics
tests than the non-socioeconomically disadvantaged students, t(489)=-3.55, p<.001. This
difference in score is not as great as what was seen with the predictor of instructional
mode; nonetheless, it is still 9.49% of the overall range of scores. Socioeconomically
disadvantaged students’ test score mean was lower in each of the six grade levels when
compared to non-socioeconomically disadvantaged students. Gender was also a statistically
significant predictor of state grade level test scores, with males scoring 9.50 (2.80) points
higher than females, t(489)=3.40, p<.001. The score difference is not as large as the other
two predictors and the significance level is also not as strong.

The interaction effect that was most prominent was the interaction between
socioeconomic status and instructional mode; however, this interaction was not
statistically significant, t(489)=1.50, p=.134. Because there are no statistically significant
interaction effects, the conclusion is that test scores of online or in-person students do not
depend on socioeconomic status nor do the test scores of socioeconomically disadvantaged
students depend on instructional mode. There is no evidence that disparities are greater

for online learners that were socioeconomically disadvantaged or female, just that online
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learners are at a disadvantage no matter what socioeconomic status or gender they belong.
A sensitivity power analysis using G*Power 3.1 for x?2 test using goodness of fit at a=.05,
n=499, with 9 degrees of freedom gives an effect size .217, a medium to small effect (Faul et
al, 2020).

Mixed model linear regression analysis was also applied using the statistical
software R (R Core Team, 2020) along with packages car (Fox &Weisberg, 2019) and nlme
(Pinheiro et al., 2021) to answer the second research question. First, a comparison of a
baseline model was created that had an AIC value of 1750.5 and BIC value of 1757.0. This
was compared with a model that allowed for variation between test types. The model that
allowed for variation of test type was an improvement over the baseline model, x2(3)=6.44,
p<.05. Both AIC (1746.1) and BIC (1755.7) values are lower in the new model as well.

Next, more models were created using single predictors of instructional mode,
socioeconomic status, and gender. All the models that contained a single predictor were
improvements over the previous model. The most improvement shown was in the model
with the single predictor of instructional mode. The improvement was statistically
significant, x2(4)=8.24, p<.01, as well as having lower AIC (1739.9) and BIC (1752.7) values.
Adding a second predictor to this model improved the single predictor model. Each
combination of two-predictors created better models; the most improvement occurred
when predictors of instructional mode and gender were used, producing the lowest AIC
(1735.6) and BIC (1751.6) values. This model showed statistically significant improvement,
x%(5)=6.25, p<.05. Adding all three predictors produced a better model, x2(6)=4.06, p<.05
with lower AIC (1733.5) and BIC (1752.8) values. Next, random slopes were introduced to

find an improved model. When random slopes were allowed for the predictor of gender,
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the model improved significantly, x2(8)=11.10, p<.01, and the AIC (1726.4) and BIC
(1752.1) lowered as well.

In the next step of the mixed model analysis, interaction effects were added to the
model. None of the interactions between any of the three predictors produced a better
model. Adding two or all three interactions produced models with higher AIC and BIC
values. The best fit model allowed for variation of test type, contained predictors of
instructional mode, gender, and socioeconomic status, and allowed for random slopes of
the gender predictor, but contained no interaction effects (R Core Team, 2020) (Fox
&Weisberg, 2019) (Pinheiro et al,, 2021). An analysis of the final model reveals statistically
significant effects of one predictor of end-of-course test scores at the a=.05 level. The 3

values along with the test statistics and p-values are listed in Table 4.6.

Table 4.6
Statistical Values from the fitted model for End-of-Course Test Scores
3 values Degrees of i
EOC model (SD) freedom T stat p-value

. -13.67

Instructional Mode (5.42) 178 -2.52 <.05
. . -10.34

Socioeconomic Status (5.51) 178 -1.88 0.062
-8.67

Gender (10.32) 178 -0.834 0.062

Students that were online learners scored 13.67 (5.42) points lower than in-person
learners, t(178)=-2.52, p<.05 (R Core Team, 2020). This is a smaller difference than what
was found in the grade level test differences between online and in-person test scores;

however, with the range of test scores for end-of-course tests (633 to 794) being 161, it is
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still a noteworthy difference, at 8.49% of the range of scores. The variables of gender and
socioeconomic status did not produce statistically significant effects on student scores in
the data collected from end-of-course tests. Based on this evidence, it appears that the
elementary students were more affected by taking online courses than the high school
students. The analysis also gives evidence that both socioeconomic status and gender play
greater roles in test score results of elementary students than high school students. Taking
online classes predicted lower mathematics test scores in both high school end-of-course
tests and elementary grade level tests. A sensitivity power analysis using G*Power 3.1 for
X? test using goodness of fit at a=.05, n=183, with 8 degrees of freedom gives an effect size
.35, a medium effect (Faul et al, 2020).

The third research question was answered using two-way ANOVA techniques. An
analysis of the data from the 3-8 grade level state mathematics test was performed using
statistical software R (R Core Team, 2020). The initial analysis of a model including
instructional mode, age group and the interaction of these two variables indicated there
was not a statistically significant interaction between these two variables, F(152)=0.15,
p=.703. Because the interaction was not significant, a model was constructed using only the
variables of instructional mode and age group; an analysis of this revealed statistically
significant main effects of both instructional mode, F(1)=17.89, p<.001 and age group,
F(1)=73.94, p<.001.

Further analysis was conducted to compare test scores within instructional modes.
On average the online test scores (mean = 706.05, sd = 30.65, n=60) were lower than in-
person test scores (mean=724.86, sd = 35.10, n=439). A Welch two sample t-test revealed

that this difference in means is statistically significant compared to the overall mean of
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722.60, t(499)=459.1, p<.001, with 95% confidence interval (718.50, 724.68)(R Core Team,
2020). A Tukey HSD post hoc analysis confirms these findings, revealing that online
students scored 18.81 lower than in-person, 95% confidence interval (-28.16, -9.45),
p<.001 (R Core Team, 2020). When controlling for age group, the mean scores on state
mathematics test were significantly different across instructional mode, with the online
students scoring significantly lower no matter what age group.

Next, an analysis of age groups revealed that the lower elementary students (mean =
739.57, sd= 38.68, n=162) had higher test scores than upper elementary students
(mean=719.45, sd = 30.97, n=172), and both sets had higher scores than the junior high
students (mean=709.21, sd= 28.23, n=165). A Tukey HSD post hoc analysis of age groups
revealed that these age groups had statistically significant difference in means. The upper
elementary scores were 20.13 points lower than the lower elementary scores, with 95%
confidence interval (-28.58,-11.66), p<.001; junior high scores were 30.36 points lower
than the elementary scores with 95% confidence interval (-38.91,-21.82), p<.001; finally,
junior high scores were 10.24 lower than upper elementary with 95% confidence interval
(-18.65,-1.82), p<.05 (R Core Team, 2020). When controlling for instructional mode, the
scores of the different age group levels were significantly different with lower elementary
showing the highest state test scores and junior high students showing the lowest state test
scores. Without a statistically significant interaction effect, there is no evidence that gaps
between online and in-person scores were either more or less severe within any of the age
level subgroups. A sensitivity power analysis using G*Power 3.1 for F-test using ANOVA for
main effects and interactions at a=.05, sample size of 499, with six groups gives an effect

size .127, a small to medium effect (Faul et al, 2020).
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Two-way ANOVA techniques were also used to answer the fourth research question
using statistical software R. An analysis of the data from the end-of-course state
mathematics test revealed statistically significant main effects of instructional mode and
test type, but no statistically significant interaction effects F(1)=1.59, p=.209 (R Core Team,
2020). A model without interaction was analyzed that revealed a significant main effect of
instructional mode F(1)=7.78,p<.001 and assessment type F(1)=13.63, p<.001.

The mean score by assessment type shows Algebra 1 end-of-course tests
(mean=714.56, sd = 25.41, n=87) have higher scores on average compared to Geometry
end-of-course tests (mean=700.08, sd= 29.82, n=96). A post hoc Tukey HSD analysis of
assessment type revealed that Geometry end-of-course test scores were 14.48 lower than
Algebra 1 end-of-course scores with 95% confidence interval (-22.60, -6.36), p<.001. This is
confirmed by a Welch two sample t-test that reveals the means are significantly different
than the overall mean of 706.97, t(182)=332.23, p<.001, with 95% confidence interval
(699.88, 708.25)(R Core Team, 2020). Geometry end-of-course test scores have a
statistically significant different mean than Algebra 1 end-of-course test scores, with
Geometry scores falling behind.

Online test scores for the combined end-of-course tests were lower (mean=693.48,
sd = 16.23, n=27) than in-person test scores (mean=709.30, sd=29.73, n=156). A post hoc
Tukey HSD analysis of instructional mode revealed that on average online student end-of-
course scores were 15.82 lower than in-person end-of-course scores with 95% confidence
interval (-27.42, -4.23), p<.01. This is further confirmed with a Welch two sample t-test that
reveals the means are statistically different than the overall mean of 706.97 £(182)=333.52,

p<.001 with 95% confidence interval (702.64, 711.00)(R Core Team, 2020). Students that
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completed algebra and geometry courses online have a statistically significant different test
score mean than their peers that attended in-person classes. The lack of interaction reveals
that while means and variation are different between geometry and algebra, online
students had significantly lower scores no matter which test they took. This lack of
interaction also reveals that there was no less or greater disparity for the online student

between the two end-of-course tests.

Interesting Trends

In this section, interesting trends that occur in the data will be noted. First, mean
test scores for online students are lower than in-person scores at every grade level test as
well as at each end-of-course test. Next, the mean state test scores of socioeconomic
disadvantaged students are lower at every mathematics test type analyzed. While both
online and socioeconomically disadvantaged students show lower performance levels, the
correlation between socioeconomic status and online learners does not show a strong
relationship. Another interesting trend is that females have lower mean state test scores
than their male counterparts in every grade level test and in Algebra 1. The only test where
female students have a higher mean state test score is in the Geometry end-of-course test.
Another trend to notice is that the highest mean test scores are in lower elementary while
the lowest mean test scores are in geometry, which would include students in grades 9, 10,
and 11. The trend, although not linear, is that mean test scores decrease as the age of

students increase.
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Summary

The primary goal of this study is to determine whether instructional mode,
socioeconomic status, gender, and/or test type predict state mathematics test results. The
secondary goal of the study is to determine whether there are significant differences in
mean test scores across instructional mode and age group. This chapter included a
description of the variables and problems with the data. Various statistics from the data set
were given, and testing assumptions were discussed. The data analysis techniques were
described and the main results from the data analysis were given as well as interesting
trends found in the results. The next chapter will give a more detailed interpretation of

these results.
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CHAPTERV

Introduction

The main purpose of this study is to compare state mathematics test results within
instructional mode, socioeconomic status, gender, and age group or test type. The previous
chapter provided descriptive statistics, a discussion of testing assumptions, and the main
results of the study. This chapter contains a summary of interpretations and implications of
the study as they relate to the motivation and theoretical framework. In addition, Chapter 5
will contain a discussion of how these results relate to the literature surrounding the
comparison of online and in-person learning and the performance of other subgroups
within this context. Limitations of this study will be revealed, and finally recommendations
will be made. This chapter will conclude with a summary of the progression of this study

from the initial concept to the results.

Interpretations
The coronavirus pandemic produced an increase in the number of students taking
online classes (National Center for Education Statistics, U.S. Department of Education,
2021). In the West Liberty-Salem School District, a rural district in western Ohio, the
coronavirus pandemic led to a unique situation where students were given the option to
complete classes online through an asynchronous online platform rather than attend in-
person classes. This section will contain a summary of results of the primary and secondary

goals as they apply to the scope, motivation, and theoretical framework of this study.
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The primary goals of this study were to determine the effects of gender,
socioeconomic status, and age on the state mathematics test scores of online and in-person
learners. Mixed model linear regression analysis revealed that the main effects of
instructional mode: whether online or in-person, socioeconomic status, and gender were
all significant predictors of state mathematics grade level test scores. Participating online
predicted a lower score by 23 points, while being socioeconomically disadvantaged
predicted a lower score by 20 points, and males scored 9.5 points higher according to the
best fit model (R Core Team, 2020). The analysis also revealed that instructional mode, that
is whether a student was online or in-person, was a significant predictor of state end-of-
course test scores. According to the best fit model, participating online predicts a lower
score by more than 13 points. The end-of-course tests are taken by high school students
and since there were less effects and a smaller difference in test score discrepancy
compared to the younger elementary students, age may play a part. In this district, there
are more course options offered at the high school level which allows for greater
differentiation, and this could be a reason why less effects are significant in the end-of-
course test scores. Mixed model linear regression techniques do not require independence
of data; however, these analyses were calculated to have small to medium effect so
practical application is limited.

The secondary goals of this study were to determine if online learners had
significantly different state test scores as their peers that participated in the traditional
classroom setting. A two-way ANOVA followed by a post hoc Tukey HSD analysis of mean
test scores on grade level state mathematics test scores revealed that the online test scores

were almost 19 points lower than in-person test scores with statistical significance at the
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.001 level (R Core Team, 2020). A two-way ANOVA followed by a post hoc Tukey HSD
analysis of the mean scores of the end-of-course test scores revealed that online test scores
were almost 16 points lower than in-person test scores with statistical significance at the
.01 level (R Core Team, 2020). Analysis of both the grade level tests and end-of-course tests
revealed no significant interaction effects between instructional mode and age group or
test type. The lack of interaction reveals that discrepancies of online learners were not
greater or less within any of the age groups nor between end-of-course test types. While
there were significant differences in mean test scores between age groups and test types,
this information needs to be considered in context. No comparisons were made to the state
averages of these test scores, so while lower elementary test scores were higher than upper
elementary test scores, this may or may not have been equivalent to findings within the
state of Ohio. This was not the focus of this study, so these comparisons were not made.
The relevant findings for this study were that online learners had significantly lower
mathematics outcomes than in-person learners and that this gap was statistically similar
across age groups and across end-of-course test types. This data failed the test of
independence, so these finding from the ANOVA and post hoc Tukey analysis are limited

and apply only to the school district.

Implications
A review of the literature surrounding the effectiveness of online learning compared
to in-person learning reveals conflicting results. There are several studies that have shown
that in-person learners have the advantage (Alpert, Couch, & Harmon, 2016; Kofoed,

Gebhart, Gilmore, & Moschitto, 2021; Krieg and Henson, 2016; Mansheim, 2017; Xu and
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Jaggars, 2011), while other studies reveal that online learning produces better results
(Ashby, Sadera & McNary, 2011; Dolan, 2008; Neuhauser, 2002; Paul & Jefferson, 2019). In
this study, an analysis of the outcomes of state mathematics test scores from students in
the West Liberty-Salem School District, the results revealed a significant difference in the
mean scores when compared by instructional mode, with online learners falling behind the
in-person learners at every level. An examination of the relationship between this study
and other studies that have either corresponding or conflicting results is summarized in
this section.

Many studies revealed an advantage to the traditional, in-person learning
experience. One such study analyzed data from over 24,000 community college students.
This study revealed higher dropout rates and lower success rates among students that
participated in online courses in both math and English (Xu and Jaggars, 2011). This study
included data from 23 community colleges, so there was no control of the syllabi, activities,
or test formats within the course much like the current study. The online students at West
Liberty-Salem took courses through an asynchronous online platform that may or may not
have synced with the activities or tests of the corresponding in-person course. Another
study that compared reading and math scores of 4th graders had similar results, with
students at an online charter school being outperformed by students in a traditional in-
person setting (Mansheim, 2017). As with the current study there was not a deliberate
attempt to control instructor, class activities, or testing formats of the courses. A study of
students at West Point did attempt to control many variables including instructor, lesson
plans, assignment, graded events, and exam conditions. The study revealed that online

learners had lower final grades when compared to their in-person counterparts (Kofoed,
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Gebhart, Gilmore, & Moschitto, 2021). This study was conducted in large part due to
restrictions created by the coronavirus pandemic. This was an unusual situation; online
courses were new, and the instructors did not have much time developing online courses.
This is very similar to the current study; although there was some virtual learning
exposure during the spring of 2020, most of the students that took the online courses at
West Liberty-Salem were new to the asynchronous online format. The deficits in test scores
could be a result of the novelty and unfamiliarity with the format.

An examination of studies that revealed online learners keeping pace with in-person
counterparts have some interesting attributes. A study over an eight-year period compared
online and in-person student outcomes of an environmental science class. This study
revealed no significant difference in final grades between the two instructional modes
(Paul & Jefferson, 2019). These classes had the same instructor, a professor with over ten
years of experience, as well as similar grading of tests, homework, projects, and
participation. Another study that revealed non-significant differences in course persistence,
mean test scores, and GPA between online and in-person learners was published in 2002
(Neuhauser, 2002). The students in this study participated in either a face-to-face or
asynchronous online class; both classes had identical assessments and activities. A study
that revealed significantly higher final course grades for online learners was published in
2008. This study analyzed students that had the same instructor, reference materials, and
exams (Dolan, 2008). A study in 2011 compared success rates in a math course at a
community college that had three instructional modes: face-to-face, online, and blended.
The online students had the highest percent passing rate (Ashby, Sadera & McNary, 2011).

Every effort was made to keep the course content and tests the same, with two instructors
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teaching and designing the online components. A common theme is recognized in these
studies; efforts were made to ensure the courses had similar content, instruction, and
assessments. These variables were not controlled in the current study, which could be
another factor that explains the results obtained.

Other studies that have focused on the performance of subgroups have also
produced a variety of results (Figlio, Rush, & Yin, 2013; Tomasik, Helbling & Moser, 2020;
Xu and Jaggars, 2014). Some studies found that disparities among some subgroups were
magnified in online courses. One study revealed that Hispanic students, male students, and
low academic achieving students had significantly greater gaps between online learners
and in-person learners (Figlio, Rush, & Yin, 2013). Another study found that black students,
male students, younger students, and the academically challenged had a greater disparity
in performance between online and in-person than the population as a whole (Xu and
Jaggars, 2014). In the current study, an analysis of the interactions of instructional mode
and socioeconomic status and gender was not statistically significant (R Core Team, 2020).
From this analysis, we do not have evidence that the subgroups of socioeconomically
disadvantaged or either gender had magnified disparities between instructional modes
when compared to the whole group. The West Liberty-Salem school district provided an
iPad for each student as well as offering hotspots for families with unreliable internet
service. Although speculative, perhaps these services prevented the performance gap of the
socioeconomically disadvantaged students from widening within the online students.

When a difference in means was analyzed within age levels and test types, no
interactions were statistically significant. While mean test scores of online learners are

lower in every age level and test type, this analysis gives us no evidence that online
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learners had greater or lesser disparity within any of the age groups of the grade level state
tests. It does appear that the grade level tests had a greater difference separating the online
and in-person learners compared to the end-of-course tests. It is possible that elementary
students taking the grade level tests are more affected by the online learning component
than the high school students taking the end-of-course tests. One study compared the
learning growth of over 28,000 students during the eight-week period of in-person classes
prior to the coronavirus pandemic to the eight-week period of online classes during the
pandemic. The study revealed that secondary students’ performance was largely unaffected
while the younger, primary students’ progress was significantly slowed (Tomasik, Helbling
& Moser, 2020). While the present study does show a significant difference in outcomes of
the older online students compared to their in-person peers, the difference is greater
among the younger elementary students.

The literature review also includes literature regarding the factors that contribute
to success or failure of online courses (Bernard et al, 2004; DiPietro, Ferdig, Black &
Preston, 2008; Gopal, Singh, & Aggarwal, 2021; Kauffman, 2015). This study did not
endeavor to find the reasons for the imbalance found between online and in-person test
results. In a study that divided non-traditional, online courses into synchronous and
asynchronous courses, it was found that within asynchronous courses the online outcomes
were significantly better (Bernard et al, 2004). In the current study, the online students
took only asynchronous courses and the results leaned heavily in favor of in-person
learning, contradicting those findings. Perhaps the age level plays a factor, as we see
greater disparity between online an in-person test scores in the younger ages than the

older ages. A study conducted in 2015 revealed the learner characteristics of emotional
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intelligence, time management, and self-regulation predicted success in online courses
(Kauffman, 2015); one could argue that these are all characteristics that generally improve
as a child matures. Since there are so many variables that come into play, this study is
limited as it provides no evidence as to what factors led to lower test scores within the
various subgroups.

Recommendations

This study had limitations in the data and the population. First, the data was taken
from one school district and because students were nested within classes within grade
levels the assumption of independence was violated. For this reason, mixed model linear
regression techniques were employed to construct the best fitting model. Next,
instructional mode of online versus in-person status was not controlled, but rather was
determined by family preference, producing a limitation in this study. The prior academic
achievement levels are not a factor controlled in this study. This study reveals state
mathematics test outcomes taken within a limited window in the spring of 2021; therefore,
measurements of mathematic skills were taken at approximately the same time for all
students. This study measured performance at a point in time; it did not measure student
growth in the subject based on past indicators.

An anomaly that occurred in the data was noticed within the scores from the 8t
grade level test. The 8th grade state mathematics test is different in this district from other
grade level tests due to the situation where students have an opportunity to take Algebra 1,
a high school course, while in 8th grade. In the 2020-21 school year, 24 out of 95 8th grade
students took the Algebra 1 end-of-course test while they were in 8t grade. The mean and

variance of the 8th grade state mathematics test scores are both lower than other grade
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level tests, which makes sense when you consider that one fourth of the class took the
advanced Algebra 1 test instead of the grade level test.

This analysis has exposed some at-risk populations of students in grades 3 through
8. Those students that completed courses online during the 2020-21 school year are behind
their peers that were in-person. Socioeconomically disadvantaged students are being
surpassed by their non-disadvantaged peers in state grade level mathematics test results.
Female students are also performing at a lower rate than male students in the elementary.
Knowing these populations exist that exhibit lower mathematics skills should lead to
developing interventions for these students. In the high school, the students that completed
courses online had lower state test scores than those students that attended in-person
classes. Gender and socioeconomic status did not provide statistically significant
differences in mathematics performance at the high school level which makes one wonder
what is bringing about the balance. In the West Liberty-Salem School District, high school
course scheduling provides more opportunities to diversify by ability level; for instance,
high school students have some choice as to what level of mathematics they choose to
complete. There are different levels of mathematics in grades 6-8, but it is limited when
compared to the opportunities available at the high school level. Having a wider range of
differentiation by course could be why gender and socioeconomic status have a smaller
influence on mathematics test outcomes in the older students.

A recommendation for future studies is to include a variable predictor that would
give an indication of past mathematics skill performance such as a previous state math
score. The Ohio General Assembly passed emergency legislation to cancel the

administration of state tests in the spring of 2020 due to the coronavirus pandemic (Ohio
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Department of Education, 2020). If previous test scores had been included, they would
have been from spring 2019, two years removed; in addition, the 3rd and 4th grade test
scores would not have this additional variable. Another option for previous math skills is
report card grades within the subject.

Another recommendation is to standardize the test scores from each test type. The
current study used the test scores assessed and assigned by the Ohio Department of
Education; it did not compare the scores from the West Liberty-Salem district to the test
scores from the state of Ohio. There was a significant difference in mean test scores
between age groups and test types, but that was not addressed in this study. The focus of
this study was to compare online test scores to in-person test scores and examine the
effects of socioeconomic status, gender, and age. It would be interesting to compare these
scores with Ohio state test score averages, and this would be a recommendation for future

studies.

Conclusion
The idea of this study was born from a unique situation that was a product of the

coronavirus pandemic. During the 2020-2021 school year, many students took online
classes (National Center for Education Statistics, U.S. Department of Education, 2021).
Many districts in the state of Ohio were fully remote or hybrid due to the coronavirus
pandemic (Ohio Department of Education, 2021). The West Liberty-Salem School District, a
rural district located in western Ohio, decided to continue in-person while still offering
students a choice of taking courses online to meet the health and safety needs of all families

in the district. Students that chose to be online took courses through SchoolsPLP, an online
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asynchronous platform purchased by the school district. This provided an opportunity to
analyze the state mathematics test scores of students and compare online student test
scores to in-person student test scores. While the main purpose of this study was to
compare the state mathematics test results by instructional mode, the analysis also
provided the opportunity to compare test scores by socioeconomic status, gender, and age
group or test type. Interpretations of these results were presented in context of the
motivation, scope, and theoretical framework. This chapter also included a discussion of
how these results connected with the literature surrounding this subject. The limitations of
this study were exposed, and recommendations were made. Perhaps this information can

be useful in improving online courses or supporting online learners in the future.
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