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Abstract

Evaluation of new educational methods traditionally uses randomly selected treatment and control
groups. However, if it is believed that a new method is effective then it may be desirable to allow anyone
who wants to participate to do so (i.e., to not withhold the new “treatment” from possibly deserving
students). This complicates evaluation of the effectiveness of the new method. We evaluate the
effectiveness of a weekend “boot camp” overview course used to prepare students for a three credit hour
FORTRAN programming course. Boot camp students did remarkably better in the overall course, but is
this because of what was learned in boot camp or is it because the students entering boot camp were
“better” to begin with? Using collected survey data and final course grades from both boot camp and non-
boot camp students (totaling 256 students of which 73 enrolled in boot camp over two semesters), we
attempt to answer this question. We break down the students into groups by age, gender, year, major,
transfer status, experience, GPA, course load, and external load. Hypothesis testing shows that boot camp
helped (or appears to have helped) most groups of students. We show that students younger than the class
average received a greater benefit from the boot camp than did older students. Boot camp also benefits
underclassman (freshman and sophomores) more than upperclassman. These observations suggest that the
boot camp is most effective for students in the early stages of college, motivating us to encourage new
students to take the boot camp. With these methods, we hope that the cause of improvement in final class
grade for some student groups can be convincingly stated as being due to boot camp. Certainly, the stated
results should be enough to convince any student to enroll in boot camp; the one weekend pain is small
compared to the likely (but, not guaranteed) gain.

1. Introduction

When a new educational method, for example a new method of delivering a course, is introduced, it is
important to evaluate its efficacy before a wide-scale deployment. Ideally, such evaluation should entail the
use of randomly selected control and “treatment” groups. The treatment group receives the new
educational method and the control group does not. A simple statistical evaluation of a measurable
outcome can then determine if the treatment is beneficial. However, if it is believed that the new method is
beneficial, it is difficult to rationalize denying some arbitrary students the treatment. Instead, it would be
desirable to allow any student who wishes to participate to receive the treatment and the remaining
students then form the control group. This method of self-selection of a treatment group, however,
introduces an unknown into the evaluation. It is possible the self-selecting students all have a common
property, or factor, that would bias this group to do well on a measurable outcome whether or not they
receive the treatment. For example, if a weekend preparatory class is offered then it may be that only
“better students” will participate and that these better students would have scored higher on the final
outcome (e.g., final course grade) with, or without, the weekend preparatory class.
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In the College of Engineering at the University of South Florida, a three credit hour Computer Tools for
Engineers (EGN 2210) course [1] is offered to all engineering students. This course is the traditional
FORTRAN programming course and is, for many students, the first engineering course that they take.
Enrollment in EGN 2210 ranges from 120 to 260 students. The course contains lecture, written exams,
hands-on laboratories, and hands-on quizzes. The attrition level in this course is close to one-third. This
high attrition level is not desirable. Two of the authors of this paper (Christensen and Rundus) along with
a graduate student (Davis) developed a weekend “boot camp” course [2] to serve as an overview of the key
material in EGN 2210. This weekend boot camp was voluntary in enrollment keeping with the principle
that any student who wants help should be able to get it. For two semesters, campers and non-campers
were tracked and their final class grades measured as the outcome. The final outcome shows that campers
had a final grade that was 4 points higher than non-campers on a 100-point scale (for students that finished
the course). Further, it was found that campers were 2.7 times less likely to drop the course. Are these
results because of boot camp, in spite of boot camp, or simply a statement of the type of student who would
enroll in boot camp in the first place? This paper describes the statistical methods to find answers to these
questions.

The organization of the rest of the paper is as follows. Section 2 describes existing work in statistical
methods for evaluation of self-selected groups. Section 3 describes the methods used to evaluate boot camp.
Section 4 contains boot camp evaluation results. Section 5 is a summary and description of future work.

2. Existing Work

The experiment method is used to measure the effects of a given treatment by observing the responses
of the treated group relative to the other group where the treatment is not assigned. Rosenbaum describes
the experiment method as, “In an experiment, the assignment of treatments to subjects is controlled by the
experimenter, who ensures that subjects receiving different treatments are comparable” [3]. However, it is
not always possible to ensure that the subjects receiving different treatments are comparable. For example,
to measure the effects of a poisonous substance to the human body, the poisonous substance cannot be
given to the sample subjects to measure the effects. Cochran introduced a statistics method, called
observational study, to measure the effect of a treatment where the assignment of treatments to subjects
cannot be performed in a controlled manner [4].

In the experiment method, since the sample subjects are randomly separated to either the treated or
controlled group, the inherent bias in the initial sample subjects will be removed after the randomized
separation. Therefore, the hypothesis tests after an experiment correctly calculates the significance in the
difference from the observed responses. The key difference between the experiment method and
observational study is in the random separation of the sample subjects into the treated and controlled
groups. Randomized selection removes self-selectivity in the sample subjects. The self-selectivity is a bias
in the initial sample subjects for taking or not taking a treatment. For example, if the effects of a new
treatment for cancer are to be measured and if the treatment cannot be assigned to patients since the harm
from the treatment is still unknown, the effects of the treatment may be tested only on the patients with
terminal cancer for whom all the ordinary treatments did not work. In this example, measuring the
average survival rate of the treatment group may not correctly measure the actual effect of the treatment,
since the assigned patients are already in worse health than are non-terminal patients.

In the observational study, some procedures to remove the self-selectivity must be performed before
conclusions are drawn. To remove potential bias in the self-selectivity, the samples that did not take a
treatment will be matched to the subjects that took the treatment. The selection of the non-treatment
subjects should be done based on the variables that are believed to have influence to the effect of a
treatment. This variable is called a covariate and it is simply a characteristic measured prior to the
observation [3]. For the previous example of measuring the effect of a poisonous substance, possible
covariates are gender, age, and tendency to chemical allergy. Thus, to compensate for the possible bias in
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the observed samples, the corresponding non-treatment samples will be matched to the samples that took a
treatment so that they have the same properties in the observed covariates. Then the observed results are
compared to those from the non-treatment group. In case more than a single sample has exactly matching
covariates, those samples can be grouped together. The resulting non-overlapping groups are called strata
and the operation to classify each sample into a stratum is called exact stratification [3]. Stratification
where samples have similar, but not exact, covariate matches is called inexact matching [5].

Existing work using the observational study method includes Morton et al.’s work regarding the lead
level in the blood of children [6]. Morton et al. measured the level of lead in the blood of children whose
parent(s) worked in a factory where lead was used. Morton chose the age of the children and the
neighborhood of the children’s residence as the covariates in the study. First, for each child whose parent
was exposed to lead in his or her job, children who had the same covariates were matched. Then, the levels
of lead in the blood were compared between the child whose parent was exposed to lead and those whose
parents were not. Morton found that the children with a parent exposed to lead had a higher level of lead
in their blood by 15 µg/dl compared to the children whose parents were not. Other existing work using the
observational study method can be found in [7, 8, 9, 10 and 11].

Before final conclusions are made for the effects of a treatment, the significance of the difference
between the responses from the treated and controlled groups should be confirmed. A Student’s T-test [12]
can be performed to insure that the difference in means of two groups is significant. Significance can be at
a 95%, 90%, or other level. A single-tailed test is appropriate where it is to be determined if it is significant
that the mean of a treatment group is greater than that of a control group. A two-tailed test applies when
it is to be determined if only the mean of the treatment group is different from the control group.

3. The Matched Sampling Method and One-Tailed T-Test

We wish to determine if it is significant that the mean of an outcome of a group 1 is greater than the
mean of a group 2. That is, we wish to determine if 21 XX > for a 90% and 95% confidence level. We use a
one-tailed T-test for samples (the groups) taken from populations with unequal variances (heteroscedastic).
A test that assumes unequal population variances is a more conservative test than a homoscedastic test
which assumes equal population variances. To compute obst we compute the sample means and variances
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where degrees of freedom, 111 −= ndf and 122 −= ndf . To determine critt we use the total degrees of
freedom, ( )1)1( 21 −+−= nndf . The value of critt is obtained from a table of one-tailed T score values for the

desired confidence level (e.g., 95%). If critobs tt > then we can say that 21 XX > is statistically significant.

Matched sampling is applied to the evaluation of self-selected groups as follows. First, covariates are
identified to subgroup the larger groups. For example, gender and age are covariates for human samples
that may affect an outcome (e.g., for a medical treatment). The covariate samples are then separated into
matched samples based on a separator (e.g., greater than mean and less than mean for a continuous-valued
covariate). All samples are then compared using hypothesis testing. The effects of the covariates on the
final outcome are estimated from the results of the hypothesis testing.
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4. Evaluation of the Boot Camp

During the two semesters that boot camp was evaluated, a total of 256 students participated in the
study. In Fall 1999, EGN 2210 was taught by one of the authors (Christensen) and in Spring 2000 the
course was taught by a trio of graduate students. For both semesters, boot camp was taught by the same
graduate student (Davis [2]). Of the total 256 students, 73 voluntarily enrolled in boot camp (in Fall 1999,
32% enrolled in boot camp and in Spring 2000, 25% enrolled). For Fall 2000, Table 1 shows the summary
statistics for boot camp. From Table 1 it can be seen that campers were 2.7 times less likely to drop the
course (since there were 183 non-campers of which 20 people dropped, while there were 73 campers of
which only 3 students dropped). For the final class grade for Fall 1999 (on a scale of 100), campers
averaged 80.8 and non-campers 76.7 (this is for students who did not drop the course). An 80.8 is a “B”
final grade, a 76.7 is a “C”. Thus, it appears that boot camp had a (very) positive effect on the final outcome
for Fall 1999. The final outcome for Spring 2000 is very close to the same for campers and non-campers.
This section evaluates this outcome in terms of variables that are believed to have influence on the effect of
boot camp.

Table 1 - Summary statistics for boot camp

Fall 1999 Spring 2000
Number of student enrolled in EGN 2210 121 135
Number of students enrolled in boot camp 39 34
Number of students that dropped EGN 2210 11 12

- Number of non campers that dropped 9 11
- Number of campers that dropped 2 1

Average final grade (on a scale of 100) 76.7 79.9
- Average final grade for non campers 75.3 78.9
- Average final grade for campers 80.8 81.3

All EGN 2210 students were asked to complete a nine-question survey about their background. Table 2
shows the questions and possible answers for the survey. For major the possible responses were chemical,
civil, computer science, computer engineering, electrical, industrial, and mechanical. The nine questions in
the survey form the covariates in this study. Of the nine covariates, gender and school transfer are binary
covariates. School year, intended major, and programming experience are the multivariate covariates
where more than two responses exist. For school year, students who responded with either freshman or
sophomore were classified together while those who responded with either junior or senior were classified
together so that the students were separated into two groups. The same approach was used for previous
programming experience where the possible response from the students was either one of the four different
degrees of experience. The “never” and “little” were categorized together while “some” and “much” were
categorized together. For the intended major, students were separated in such a way that those who
responded with computer science or computer engineering were in a group and all the others were in
another group. The rest of the covariates, age, GPA, course load, and external load are continuous
covariates where responses from students do not take discrete values. For the four continuous-valued
covariates, the mean was used to group the students and each student was classified into one of the two
groups based on the mean of the covariate samples.
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Table 2 - Summary of the nine covariates

Questions Possible responses
Age Actual age in years
Gender Male or female
Year Freshman, sophomore, junior, or senior
Major Name of major
Transfer Yes or no
Experience Never, little, some, or much
GPA Cumulative GPA
Load Hours of course work this semester
External load Hours of external activities this semester

After the students were classified into groups by the covariates, they were further separated by those
who took boot camp and those who did not. For example, for covariate “age”, each student was first
grouped into either the group of students who were younger than the mean (less than average) or the group
of students who were older than the mean (greater than average). Each student in the two groups was
further grouped into camper or non-camper. For each of the four subgroups, the final grade in EGN 2210
was used as the observed outcome. Using (1) for 95% and 90% confidence intervals, it was tested if the
(possibly) higher mean final grade of campers versus non-campers was significant. Table 3 shows the
results for the non-camper subgroups and Table 4 shows the results for camper subgroups.

Table 3 - Results for non-camper subgroups

Group Mean final grade Significance
Group 1 - age is greater than average
Group 2 - age is lower than average

78.5
77.9

No significance

Group 1 - gender is male
Group 2 - gender is female

76.7
77.4

No significance

Group 1 - freshman and sophomores
Group 2 - juniors and seniors

76.0
79.3

No significance

Group 1 - computer science or engineering
Group 2 - non computer major

80.1
77.0

No significance

Group 1 - transfer status is “yes”
Group 2 - transfer status is “no”

77.7
79.3

No significance

Group 1 - experience is “never” or “little”
Group 2 - experience is “some” or “much”

77.7
81.7

90% significant that

12 XX >

Group 1 - GPA is greater than average
Group 2 - GPA is lower than average

81.1
74.6

95% and 90% significant
that 21 XX >

Group 1 - load is greater than average
Group 2 - load is lower than average

79.4
76.7

No significance

Group 1 - external load is greater than average
Group 2 - external load is lower than average

75.8
79.4

95% and 90% significant
that 12 XX >
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Table 4 - Results for camper subgroups

Group Mean final grade Significance
Group 1 - age is greater than average
Group 2 - age is lower than average

79.0
83.0

No significance

Group 1 - gender is male
Group 2 - gender is female

81.6
79.7

No significance

Group 1 - freshman and sophomores
Group 2 - juniors and seniors

83.1
80.9

No significance

Group 1 - computer science or engineering
Group 2 - non computer major

81.4
82.4

No significance

Group 1 - transfer status is “yes”
Group 2 - transfer status is “no”

78.8
81.5

No significance

Group 1 - experience is “never” or “little”
Group 2 - experience is “some” or “much”

81.1
82.6

No significance

Group 1 - GPA is greater than average
Group 2 - GPA is lower than average

88.1
75.2

95% and 90% significant
that 21 XX >

Group 1 - load is greater than average
Group 2 - load is lower than average

85.3
76.9

95% and 90% significant
that 21 XX >

Group 1 - external load is greater than average
Group 2 - external load is lower than average

83.6
81.9

90% significant that

21 XX >

Table 5 shows the results of the matched sampling method comparing campers and the non-campers for
the nine factors. It can be seen that campers performed better than non-campers with 95% confidence for
seven factors and with 90% confidence for one factor. The only factor that did not make a significant
difference is transfer status. From the results for the seven factors where significance level is more than
95%, the following observations are made. For age, students younger than the class average appear to
benefit more from boot camp than did older students. The same is true for freshman and sophomores
compared to juniors and seniors. Male students appear to gain more benefit from the boot camp than do
female students. Boot camp also appears to have greater benefit for student with a high GPA. One of the
possible reasons for this is that these better students may have better study skills (and can thus get more
our of boot camp). Finally, for those students with high course or external load, boot camp appears to be
beneficial. With 90% confidence, it is shown that the boot camp appears to contribute more to the students
with little programming experience than to those with much experience. A significant difference was
observed between non-CS campers and non-campers, while there was no significant difference observed
between CS campers and non-campers. The external and course workload show similar results. Significant
difference was observed for those with heavier load between campers and non-campers, while no significant
difference was observed for students with less than average load between campers and non-campers.
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Table 5 - Results for camper versus non-camper

Group Mean final grade Significance
Group 1 - camper - age is greater than average
Group 2 - non-camper - age is greater than average

79.0
78.5

No significance

Group 1 - camper - age is less than average
Group 2 - non-camper - age is lower than average

83.0
77.9

95% and 90% significant
that 21 XX >

Group 1 - camper - gender is female
Group 2 - non-camper - gender is female

79.7
77.4

No significance

Group 1 - camper - gender is male
Group 2 - non-camper - gender is male

81.6
76.7

95% and 90% significant
that 21 XX >

Group 1 - camper - freshman/sophomore
Group 2 - non-camper - freshman/sophomore

83.1
76.0

95% and 90% significant
that 21 XX >

Group 1 - camper - junior/senior
Group 2 - non-camper - junior/senior

80.9
79.3

No significance

Group 1 - camper - computer science major
Group 2 - non-camper - computer science major

81.4
80.1

No significance

Group 1 - camper - Non CS major
Group 2 - non-camper - Non CS major

82.4
77.0

95% and 90% significant
that 21 XX >

Group 1 - camper - transfer status is “no”
Group 2 - non-camper - transfer status is “no”

81.5
79.3

No significance

Group 1 - camper - transfer status is “yes”
Group 2 - non-camper - transfer status is “yes”

78.8
77.7

No significance

Group 1 - camper - “never” or “little” experience
Group 2 - non-camper - “never” or “little” experience

81.1
77.7

90% significant that

21 XX >

Group 1 - camper - “some” or “much” experience
Group 2 - non-camper - “some” or “much” experience

82.6
81.7

No significance

Group 1 - camper - GPA is lower than average
Group 2 - non-camper - GPA is lower than average

75.2
74.6

No significance

Group 1 - camper - GPA is greater than average
Group 2 - non-camper - GPA is greater than average

88.1
81.1

95% and 90% significant
that 21 XX >

Group 1 - camper - load is lower than average
Group 2 - non-camper - load is lower than average

76.9
76.7

No significance

Group 1 - camper - load is greater
Group 2 - non-camper - load is greater

85.3
79.4

95% and 90% significant
that 21 XX >

Group 1 - camper - external load is lower
Group 2 - non-camper - external load is lower

81.9
79.4

No significance

Group 1 - camper - external load is greater
Group 2 - non-camper - external load is greater

83.6
75.8

95% and 90% significant
that 21 XX >
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As a “visual proof” of one of the more significant observations, Figure 1 shows a graph of age versus
final outcome for campers and non-campers. The numbers above the line are the count of the camper
students at an age group, while the numbers below are those for non-camper students. It can be seen that
younger students who took boot camp performed better (on the final outcome). This cannot be seen for the
older students.

Figure 1 - Distribution of campers and non-campers for “age” covariate

5. Summary and Future Work

In this work, the matched sampling method was applied to evaluate the efficacy of a new educational
method where self-selection in the students is very likely. Evaluation of self-selected groups requires
different methods than evaluation of randomly selected treatment and control groups. We demonstrated
that a one weekend intensive “boot camp” could have statistically significant effects on final course grades.
From the results of the matched sampling method, we found that campers have a statistically significant
higher final course grade than non-campers for many sub-groups. Campers younger than average and
students classified as freshman and sophomore had the largest increase in final grade. We also observed
that campers were 2.7 times less likely to drop the course than non-campers. The results from the matched
sampling method for GPA suggest the need for more attention to students with lower GPA since the results
show that the better students (those with higher GPAs) apparently benefited more from boot camper than
students with a lower GPA. This suggests that future boot camps should contain training for better study
skills and habits.
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