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Abstract

Technology-based instruction represents a new recent pedagogical paradigm that is rooted in the realization that new
generations are much more comfortable with, and excited about, new technologies. The rapid technological advancement
over the past decade has fueled an enormous demand for the integration of modern networking, informational and com-
putational tools with classical pedagogical instruments. Consequently, teaching with technology typically involves utilizing
a variety of IT and multimedia resources for online learning, course management, electronic course materials, and novel
tools of communication, engagement, experimental, critical thinking, and assessment.

The NSF-funded Statistics Online Computational Resource (SOCR) provides a number of interactive tools for enhanc-
ing instruction in various undergraduate and graduate courses in probability and statistics. These resources include online
instructional materials, statistical calculators, interactive graphical user interfaces, computational and simulation applets,
tools for data analysis and visualization. The tools provided as part of SOCR include conceptual simulations and statistical
computing interfaces, which are designed to bridge between the introductory and the more advanced computational and
applied probability and statistics courses. In this manuscript, we describe our designs for utilizing SOCR technology in
instruction in a recent study. In addition, present the results of the effectiveness of using SOCR tools at two different course
intensity levels on three outcome measures: exam scores, student satisfaction and choice of technology to complete assign-
ments. Learning styles assessment was completed at baseline. We have used three very different designs for three different
undergraduate classes. Each course included a treatment group, using the SOCR resources, and a control group, using clas-
sical instruction techniques. Our findings include marginal effects of the SOCR treatment per individual classes; however,
pooling the results across all courses and sections, SOCR effects on the treatment groups were exceptionally robust and
significant. Coupling these findings with a clear decrease in the variance of the quantitative examination measures in
the treatment groups indicates that employing technology, like SOCR, in a sound pedagogical and scientific manner
enhances overall the students’ understanding and suggests better long-term knowledge retention.
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1. Introduction
1.1. General

Many modern approaches to enhancing liberal and science college education significantly rely on the avail-
ability and utilization of multimedia, networking, web, interactive, computational, and visualization technol-
ogies. This recent paradigm shift to technology-based instruction is driven in part by the rapid advancement of
technology, the proliferation of the Internet in all aspects of life and the intrinsic demand for the integration of
information technology with classical pedagogical instruments. As a result of this, contemporary methods for
teaching with technology typically involve utilizing variety of IT and multimedia resources for online learning,
course management, electronic course materials, and novel tools of communication, engagement, experimen-
tal, critical thinking, and learning assessment.

1.2. Study objectives

With the increasing trend of incorporating technology in the classroom, the question we want to ask in the
study is whether or not SOCR has an effect on students’ overall performance in the course. Because the tra-
ditional lecture structure primarily addresses auditory learners we also want to know: was the SOCR able to
further the understanding of topics taught in the course? Did its interactive applets and visualization help
enhance students’ understanding? And finally, how did the students respond to this program?

Our main education research question is: given two group of students that are taught exactly the same
material, and are demographically comparable, does the use of SOCR in one of them result in better quanti-
tative outcomes (as measured by exam grades) and better satisfaction than in the control group, where SOCR
is not used.

1.3. Technology-based instruction in probability and statistics courses

Statistical analyses commonly involve a problem identification and description, data design and acquisi-
tion, theoretical model development, manual or automated data analysis and results interpretation (Whitley
& Ball, 2002a, 2002b, 2002c, 2002d, 2002¢). Most of the statistical pedagogical approaches follow a similar
design with an emphasis on statistical thinking and practical aspects of data analysis (Lovett & Greenhouse,
2000; Taplin, 2003). Advanced upper division courses are typically presented with enough rigor, putting
emphasis on both data analysis and theoretical mathematical foundations. In contrast, lower division courses
generally put more emphasis on data analysis and or empirical observations alone. In both cases, there are
pedagogically valuable reasons for these choices. The first setting appears to be mostly adequate for teaching
mathematically oriented students. Most of the statistics, applied science and engineering students prefer a
more interactive and hands-on instruction to probability and statistics, with arts and humanity students at
the far left spectrum. Some motivational, descriptive and practical aspects may be significantly downplayed
by solely theoretical or entirely empirical instructional approaches. In-class demonstrations, use of contempo-
rary probability problems and providing computer simulations could enhance the learning process and
improve conceptual understanding in both settings.

The latest recommendations of many international pedagogical resources in probability and statistics (e.g.,
SurfStat (SurfStat), the Chance Project (ChanceProject), GAISE Report (GAISEReport), ASA (ASA),
USCOTS (USCOTS), ARTIST (ARTIST), IASE, etc.) suggest that undergraduate students taking probabil-
ity and statistics courses should be exposed to real-world problems and be given hands-on experiences in gen-
erating, collecting and displaying data, as well as trained in model-design, analysis and result interpretation
(Cox, 1998; Hawkins, 1997; Taplin, 2003; Teugels, 1997). To address these necessities and improve content
delivery in undergraduate statistics and probability courses we have built a dynamic collection of interactive
online displays, simulations, games, tutorials, presentations and datasets.

Several national and international initiatives for overhauling science undergraduate education (including
statistics) have also recently attracted significant interest from researchers, educators, policy makers and fund-
ing agencies. Some of those are the Multimedia Educational Resource for Learning and Online Teaching
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(MERLOT) (MERLOT), the DOE Gateway to Educational Materials (GEM) (GEM), Eisenhower National
Clearinghouse for Mathematics and Science Education (ENC) (ENC), Fund for the Improvement of Post-
secondary Education (FIPSE) (FIPSE), Regional Technology in Education Consortium (R*TEC) (RTEC)
and CAUSEWEB (CAUSEWERB).

Evaluation of the effects of information and communications technology (ICT) on educational attainment
are difficult to conduct and widely accept because of large variation curricula, study designs and specific of the
ICT integration into the classroom. For example, a three-year study (ImpaCT2) was carried out in the United
Kingdom, starting in 1999, to address a number of media reports of little or no impact of ICT on pupil attain-
ment. This study involved over 2000 pupils in 60 schools and is one of the most comprehensive investigation of
the impact of ICT in education. This study found a positive relationship between ICT use by pupils and their
performance in National Tests in 12 out of 13 subjects across key stages (Becta, 2003, 2006).

1.4. The statistics online computational resource (SOCR)

The SOCR resource (http://www.socr.ucla.edu) is an NSF-funded project that designs, implements, vali-
dates and integrates various interactive tools for statistics and probability education and computing. Many
of the projects and initiatives discussed above are directed at the basic introduction to probability and statis-
tics courses. SOCR resource tools attempt to bridge between the introductory and the more advanced com-
putational and applied probability and statistics courses by including conceptual simulations, statistical
computing interfaces and educational materials within the same environment.

There are a number of statistics educational, computational and visualization resources already available,
with most of them briefly referenced below. The main reasons for developing the SOCR tools were: to provide
a free, web-accessible and browser-independent suite of tools for probability and statistics education and com-
puting; to have a well-designed, extensible and open-source library; to introduce a graphical user interface to
statistical resources; and to present an integrated framework for course-materials, simulation and computa-
tion web-resources.

There are three major types of SOCR users: educators, students, and tool developers. Course instructors
and teachers will find the SOCR class notes and interactive tools useful for student motivation, concept dem-
onstrations and for enhancing their technology based pedagogical approaches to any study of variation and
uncertainty. Students and trainees may find the SOCR class notes, analyses, computational and graphing tools
extremely useful in their learning/practicing pursuits. Model developers, software programmers and other
engineering, biomedical and applied researchers may find the light-weight plug-in oriented SOCR computa-
tional libraries and infrastructure useful in their algorithm designs and research efforts.

The SOCR resource comprises of a hierarchy of portable online interactive aids for motivating, moderniz-
ing and improving the teaching format in college-level probability and statistics courses. These tools include a
number of applets, user interfaces and demonstrations, which are fully accessible over the Internet. The SOCR
resources allow instructors to supplement methodological course material with hands-on demonstrations, sim-
ulations and interactive graphical displays illustrating in a problem-driven manner the presented theoretical
and data-analytic concepts. The SOCR framework received international attention following a Science mag-
azine review of our probability and statistics resources (Leslie, 2003). SOCR consists of seven major categories
of resources: interactive distribution modeler, virtual experiments, statistical analyses, computer generated
games, a data modeler, a data-graphing tool and a collection of additional tools.

Until now, like many other technological tools, the SOCR resources have had limited testing in the class-
room to determine their efficacy. Other studies exist that show other applets to be effective in different ways.
For example, studies have found that students in introductory statistics courses react very positively to applets
and interactive aids, both in terms of enjoying and playing with them as well as better understanding the con-
cepts (Anderson-Cook & Dorai-Raj, 2003). Because of lack of access to technology for all students, difficulties
with designing evaluation experiments or for other reasons, no testing of the effectiveness of using interactive
applets in student performance or other outcome measures exists. Even less evidence exists on the effectiveness
of applets in teaching probability courses.

In this paper, we assess the effectiveness of SOCR using different designs, and different classroom environ-
ments. All three courses were taught at UCLA in the Fall of 2005. There were two sections of the same upper

Please cite this article as: Ivo D. Dinov et al., Pedagogical utilization and assessment of the statistic ..., Computers &
Education (2006), doi:10.1016/j.compedu.2006.06.003



http://www.socr.ucla.edu

4 LD. Dinov et al. | Computers & Education xxx (2006) xxx—xxx

division course (Stat 100A), taught by different instructors, and one lower division course (Stat 13). This is the
first time we are doing such quasi-experimentation and we saw many things we did not anticipate. Our findings
are extremely useful to us, and may be others, for designing future similar studies or for assessing new inten-
sive pedagogical instruments.

1.5. SOCR tools web page statistics

For the duration of the Fall quarter 2005 the SOCR resource pages, and the individual courses web pages,
were heavily utilized by students. We have tracked this usage of the SOCR resource pages by IP addresses.
Table 1 depicts the summary statistics for these two types of resource for users with UCLA bound IPs. Thus,
we exclude from this summary all the background SOCR and class notes traffic that regularly occurs and stea-
dily increases by about 20% quarterly. In Table 1, September may be used as an estimate of the SOCR back-
ground usage. October and November show significant volume increase. Using hour access, background
access and user P address statistics we estimate that for the Fall quarter in 2005 about 50-75% of the SOCR
resource traffic was driven by the needs of the students enrolled in these three classes. We have less detailed
course specific web-page utilization information. In October 2005, for example, the main 49 section-specific
lower division course web pages had 1814 and 1466 unique users, respectively for Stat 13 Section 1 (control)
and Section 2 (SOCR treatment).

1.6. Undergraduate probability and statistics courses at UCLA

The complete list of UCLA probability and statistics undergraduate and graduate courses is available
online at http://www.registrar.ucla.edu/catalog/catalog05-07-7-98.htm. We have lower and upper division
undergraduate courses for majors, minors and service courses for a number of departments within the UCLA.

An undergraduate statistics major at UCLA requires 36 units from courses taken for a letter grade. A “C”
or better grade is required in each preparation course with an overall minimum preparation GPA of 2.5. Each
statistics undergraduate major must take at least four elective classes that add up to at least 16 units. Honors
statistics classes and some service courses (Stat 89, 89HC, 110A, 110B, 189, and 189HC) do not count towards
any of the major requirements. At UCLA, there is no pre-Statistics major, just a statistics major.

We have employed the SOCR tools and resources in an experimental setting in several of these classes over
the past 3 years. However, this is the first account of a rigorous attempt to assess qualitatively and quantita-
tively the students’ perception and the efficacy of the SOCR resources for student motivation, enhancing the
instructional process and improving students learning.

In this manuscript, we have assessed the efficacy of using SOCR tools in two types of courses — one section
of Statistics 13, and two sections of Statistics 100A. Stat 13 is a lower division introduction to statistical rea-
soning for undergraduates in the Life Sciences. Its curriculum has the three basic modules: descriptive statis-
tics, probability, and inference. No calculus is required, so the mathematical level is minimal, while data
analysis is heavy. In contrast, Stat 100A is an upper division strictly introduction to probability course with
no statistics, although instructors teach some descriptive statistics in order to be able to use simulation to
explain some of the main concepts. This is a course taken typically by mathematics or statistics majors or min-
ors who choose the graduate/professional school track. Stat 100A is calculus-based, and does not require that
students have taken previously any other statistics courses.

Table 1

SOCR server web statistics

Month Unique visitors Number of visits Pages Hits Bandwidth
September 2005 1603 1993 8396 14,602 842.41 MB
October 2005 2506 4110 20,287 41,108 2.13GB
November 2005 2141 3199 16,910 33,428 1.50 GB
December 2005 318 419 3504 4661 252.03 MB
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1.7. Felder—Silverman—Solomon learning questionnaire

There are several established frameworks for describing learning styles. Most of them define a learning style
as some description of the perception, attitude and behavior on the part of the learner, which determine the
individual’s preferred way of acquiring new knowledge (Honey & Mumford, 1992; Kolb, 1976). The individ-
ual learning style is an integral measure of many cognitive and psychological factors. It typically indicates an
individual’s approach to responding to new learning stimuli. In this study, we employed the Felder—
Silverman—Solomon learning style model as an instrument to compare the learning styles of the experimental
and control groups at baseline.

The Felder-Silverman—Solomon learning style model (Felder & Silverman, 1988; Felder & Soloman, 2003)
is a learning style approach, which was developed as a four dimensional model. It includes the following
dimensions: perception (sensing/intuitive), input (visual/verbal), processing (active/reflective), and under-
standing (sequential/global). The reasons we have opted for this particular learning style assessment as an
instrument to compare group differences at baseline are as follows: firstly, it covers all four learning styles
dimensions and is based on a sound theoretical model. Secondly, the instrument has been widely tested
and used successfully in helping to guide the design, development and use of effective learning environments
(Pearl, 2005), although, we did not use it for this purpose here. Thirdly, this instrument is simple to use and the
results are easy to interpret. Fourthly, this instrument has been well validated, which makes it reliable in
detecting preferred learning styles among students.

The dichotomous learning style dimensions of this model are continuous and not discrete categories. This
means that the learner’s preference on a given scale does not necessarily belong to one of the poles. It may be
strong, moderate, or almost non-existent. Active learners are described as those who learn by actively trying
things and collaborating with others. Reflective learners’ preferences are for thinking rather than trying things
through and they prefer working alone. Sensing learners prefer learning facts and procedures. Intuitive learn-
ers are innovative and oriented more toward concepts, theories and meanings. Visual learners prefer visual
representations such as pictures, diagrams and charts while verbal learners prefer written or spoken explana-
tions. Sequential learners are linear, orderly and learn in small incremental steps while global learners are
holistic thinkers who learn in large leaps.

The instrument consists of 11 dichotomous groups of questions for measuring each of the four dimensions,
and thus a total of 44 questions. Each question along a dimension is designed to determine if a respondent
tends to belong to one category or another on that dimension (Felder & Silverman, 1998). It does so by asking
the respondent to choose only one of two options where each option represents each category. For example
the Input dimension has two categories: visual and verbal. One of the Input dimension questions in the instru-
ment is when I think about what I did yesterday, I am most likely to get (a) a picture or (b) words. A respondent
who chooses (a) is one who tends to be a visual learner while one who chooses (b) tends to be a verbal learner.
A respondent is classified as belonging to a particular category, for example, visual instead of verbal on the
Input dimension, if he or she chooses more of the options that correspond to those of visual learners. Since
there are 11 questions for each dimension, a respondent is always classifiable along each dimension. The range
of data for each dimension is from 0 to 11 and there are 16 possible combinations, or types of learning in this
model.

In this study, our objective with the Felder-Silverman—Solomon questionnaire was to determine whether
students’ learning styles were a possible confounding factor mixing up the final comparison of treatment
and control groups’ scores. Thus, if the control group had a different proportion of learning styles than the
experimental group, we would have had less confidence in the size of the SOCR effects. Group comparison
at baseline was our only objective, the survey was given to students anonymously and on a voluntary basis,
so we did not have a way to know which students had which learning styles. The summaries we obtained rep-
resent about 50% of the students who chose to participate. The only summaries we collected for each class is
the proportion of type (a) or (b) answers to each question. To correlate the learning styles of the students with
their scores, we would have designed the study differently by splitting into groups the weekly review sessions
with the teaching assistant for each course. Then matching learning styles and groups and giving the same
activities to all students, but presenting the material differently in each group according to the learning style
most appropriate for each group.
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To compensate for the lack of customization of our classes to student learning styles, we made it a point of
teaching the class in a balanced way, i.e., trying to teach according to the needs of the two dimensions of all of
the learning scales. Thus, in each class, we tried to address all learning styles. For example, to teach the con-
cept of Central Limit Theorem we used in class experiments with dice to address the active learners, and math-
ematical deduction to please the reflective learners. In addition, we taught students to use the SOCR Central
Limit Theorem applet to address the needs of the visual learners, and explained the applet in a written page to
address the needs of the verbal learners. To address the needs of both sequential and global learners, we taught
appropriate concepts at the right time in the course, after we had covered enough background for all students
to understand the material. Finally, to engage the sensing and intuitive learners, we made sure that the assess-
ment materials we used in exams and homework contained problems that required finding facts (e.g., simple
simulations to find the specifics of the Central Limit Theorem under specific circumstances) for the sensing
learning style or problems that required applications to new areas of study for the intuitive learners.

The question does SOCR have a different impact depending on the student’s learning style is a very interesting
research question and we plan to pursue this in a future study. This will involve a different design, with dif-
ferent objectives, compared to this current study; however, given that our preliminary results are so encour-
aging it will be a worthwhile pursuit.

2. Designs, methods, and results

We now present separately our designs, methods and findings for each of the three courses that we com-
pared traditional (control) and SOCR-based (treatment) instruction. We have intentionally used different
experimental designs for the three courses in which we applied traditional and SOCR-based instruction in
the Fall of 2005. The course materials, student composition and study design were all quite different in the
three studies we report on. One common feature is that all three courses used the SOCR introductory survey
to assess whether the treatment and control groups were comparable in what concerned learning styles at base-
line. This survey was based on Felder-Silverman—Solomon learning style assessment tool. The response rate of
this anonymous survey was about 50% within each class. We had obtained a UCLA Institutional Review
Board (IRB) approval of all the methods and techniques we used for our data collection.

2.1. Statistical methods for the life and health sciences (UCLA stat 13(1) and stat 13(2), Dinov)

2.1.1. Course description

Stat 13 is an introductory course on statistical methods for the life and health sciences. Most enrolled stu-
dents are bound for medical, graduate and professional schools after completing their undergraduate curric-
ula. The complete course description, coverage, assignments, class-notes, grading schema, and all course
related materials are available online at http://www.stat.ucla.edu/~dinov/courses_students.dir/05/Fall/
STAT13.2.dir/STAT13.html.

Two sections of this course were taught — a control section (traditional instruction) and treatment section
(SOCR-based instruction). Each of the two sections taught for this study received 5 h of instruction a week —
three lectures, one discussion, and one laboratory. For discussion and laboratory, each section was split into
three sub-sections, which were conducted by teaching assistants. There were two distinct teaching assistants
for each section. In both groups, student learning was assessed using the same gradebook schema and grade
distribution, the same examinations and homework assignments. Different laboratory assignments were con-
ducted in the two sections reflecting the traditional R vs. the SOCR training and instruction during laboratory
work.

2.1.2. Student demographics (treatment vs. control group)

Table 2 shows some of the student demographics of the two groups in this experiment. Each section started
off with 90 enrolled students and five people on waiting list. Upon completion of the courses there were 83
students in the control group and 88 in the treatment group. The slightly better retention in the treatment
group may be caused by the treatment itself, by the slightly different group demographics or may be the result
of the time of the treatment course MWF 10-11 AM vs. the time for the control group MWF 9-10 AM.
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Table 2

Stat 13 student demographics (at the end of the quarter)

Demographics Stat13 sectionl control Statl3 section 2 treatment
Freshmen 24 7

Sophomores 18 14

Juniors 16 38

Seniors 23 29

Graduates 2 0

Total 83 88

When comparing the treatment and control group’s responses to the Felder—Solomon Index of Learning
Styles questionnaire (Felder & Silverman, 1988; Felder & Soloman, 2003) we got a chi-square statistic
x; = 46.85 ~ *(42) which yields a p-value of 0.28 (we had only compared the normalized raw frequencies
of “a” responses to these 44 dichotomous questions between the two groups). This indicates the two sections
of Stat 13 (control and treatment groups) are not significantly distinct in their learning styles, course informa-
tion processing and a priori thinking. These findings are graphically illustrated in Fig. 1, where we show only
the frequencies of the “a” responses to all 44 questions of the Felder—Silverman—Solomon questionnaire.

2.1.3. Experimental design

Two sections of Stat 13 were taught in Fall 2005 at the UCLA department of statistics. Section 1 was ran-
domly selected to receive the traditional instruction (control group) using the software R for laboratory work
and homework assignments. Section 2 was the treatment group, which was exposed to instruction and assess-
ment using the SOCR resource tools. This was a quasi-experimental design, as the groups were not completely
demographically matched, Table 2. There may have been hidden effects (such as time of the course and
instructors). The course instructor (Dinov) frequently showed SOCR demonstrations in the treatment group
and only occasionally in the control group. SOCR utilization in Stat 13 involved hands-on demonstration of a
variety of distributions (e.g., Normal, Binomial, 2, etc.), interactive experiments (die/coin tossing, card draw-
ing, Central Limit Theorem, etc.), manual validation of the results of various statistical analysis done using
SOCR Analyses (e.g., t-tests, ANOVA, sign-test, etc.), simulation and model fitting (SOCR Modeler) and
using the SOCR Charts to plot data, models, residuals, results, etc.

2.1.4. Virtual Office Hour (VOH) forum page statistics

In addition to the instructors’ regular office hours all students had an optional, free and anonymous access
to web forum pages (VOH, http://www.stat.ucla.edu/course/stat13_1/forum). These pages were heavily and
jointly utilized by students in the treatment and control groups. Because of the anonymous nature of the

50

10 20 30 40

Fig. 1. Statistically insignificant differences between the Stat 13 (Dinov) treatment and control classes according to the beginning of the

[Tpmtl

quarter Felder—Solomon questionnaire. Figure shows only the frequencies of the “a’ responses to all questions from the two groups. The

[Tpmil

horizontal and vertical axes represent the index of the Felder—-Solomon questions and the frequencies of the “a’ responses, respectively.
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forum, specific demographic summaries of these web postings were not available nor was the VOH forum an
official course web resource. So, students were asked to validate critical information posted on the VOH with
the official course page and/or the instructor. We had over 400 postings for the 10-week Fall quarter in 2005.
Most threads were initiated by students. Responses came from the instructor, the four course teaching assis-
tants and frequently other students enrolled in the class. As expected, the intensity of the postings highly cor-
related with the due-dates for assignments and the exam schedule.

2.1.5. Quantitative measures

Table 3 shows the summary statistics for the most important quantitative measurements of learning in the
control and treatment groups — the student’s scores on the midterm and final examinations. The final scores
for both sections of the class were computed using the same grading schema: 5% final paper, 10% laboratory
assignments, 20% homework projects, 30% midterm exam, and 35% final exam. The mean group differences in
scores were not significantly different (0.05 < p <0.1); however, there was a consistent trend of improving the
performance in the SOCR-based section (treatment) of this study. The student retention rate was also slightly
better for the treatment group (96.6%) compared to the control section (90%). A Normal test for difference of
proportions yields zo = 1.84 and a corresponding one-sided p-value = 0.034. This indicated a lower student
drop out rate and possibly improved satisfaction of the SOCR-based instruction course.

2.2. Introduction to probability (UCLA 100A(3) and 100A(4), Sanchez)

2.2.1. Course description

The Introduction to Probability Course taught in the Statistics Department, is a Calculus-based undergrad-
uate upper division course for Statistics majors and minors, but it is also required by the Biostatistics Depart-
ment and by the Human Genetics Department. It also includes Econ Majors, Math and Applied Math
students. The topics covered in this course are exclusively Probability, with little Statistics. Students are taught
how to summarize data, so that they can interpret results of simulation of random numbers, and central limit
theorems, but there is no statistical inference in this course. For most students taking Stat 100A, this is their
first exposure to Statistics. The course is taught assuming that students will later enroll in a follow up Intro-
duction to Mathematical Statistics course. Course material used for the course can be found at http://
www.stat.ucla.edu/~jsanchez/courses/course100A .html.

2.2.2. Student demographics (treatment vs. control group)

As far as the learning styles are concerned, according to the Felder—Solomon questionnaire, the two groups
in this experiment were extremely significantly different (3*(42) p-value < 10~7). Fig. 2 illustrates diagrammat-
ically these differences for all 44 questions of this battery. We must point out, however, that not all students
did this survey, since it was voluntary, and therefore not all students are represented in these baseline numbers
for learning styles. However, looking at the demographics of the groups explains in part this difference and
gives us more reason to believe that as a whole the two groups were not comparable at baseline.

Table 3

Quantitative results measuring student learning in the two groups of Dinov’s Stat 13 courses

Group High Low Median Mean Standard deviation Statistics

Midterm

Control 100 53 84.33 83.9 10 to=1.37 1(169) p = 0.089
Treatment 100 58 88 86 10

Final

Control 100 42 83 81.2 13 to=1.34 1(169) p = 0.093
Treatment 99 35 87 83.8 12

Overall performance

Control 96.89 53.6 86.82 84.57 9.1 to = 1.448 1(169) p = 0.075
Treatment 98.05 42.32 88.26 86.68 9.9
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Fig. 2. Statistically significant differences between the Stat 100A (Sanchez) treatment and control classes according to the beginning of the
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Table 4

Demographics of the two groups with all students included in Stat 100A (Sanchez)

Group Major (%) Class (%)

Treatment (n = 20) 9:00-9:50 AM Math 15 Junior 65
Applied Math 5 Senior 15
Math/Ec 35 GD1 15
Math-app 25 Other 5
Anth(G) 5
Gen(G) 5
AtSci(G) 5
Unex 5

Control (n=39) 11:00-11:50 AM Math 5.1 Junior 28
Appl.Math 2.5 Senior 28
Math/Ec 20.5 GDI1 2.5
Math-app 5.1 GD2 5.1
PrBEco 2.5 GMT 33
Biost(G) 33 Other 2.5
Engineer 18
Mech(G) 2.5
Mph(G) 5.1
Bioch 2.5
Unex 2.5

As shown in Table 4, the enrollment in the control group had a large number of graduate master students
(G) from the Biostatistics Department and a few others from other departments. The treatment group only
had three graduate students from different departments. This created a confounding factor in the comparison
between the two groups that also explains, in part, the difference in the results of the Felder—Solomon survey.
For this reason, our quantitative outcome measures in this study report treatment and control group differ-
ences excluding all graduate students from both classes. The two groups were, however, independent as they
were classes taught at different times and no student in one class attended the other.

2.2.3. Experimental design

Experts agree that any teaching of probability should address several dimensions (Metz, 1997): (1) under-
standing what random and chance variation means; (2) being able to interpret a probability distribution and
make well-reasoned claims about a variable by studying its probability distribution; (3) have students be able
to interpret a display of a probability distribution and understand how it conveys probability; (4) know how to
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work with a probability distribution and see in it the difficult concept of probability. In a course dedicated
exclusively to the teaching of probability, there are other concepts such as expectations at different levels, roles
of marginal and conditional probabilities, probabilities of functions of random variables, moment generating
functions, approximation theorems and central limit theorems that are very important in the curriculum.
Probability distributions are crucial for learning almost any part of probability and statistics (Cohen & Chech-
ile, 1997). SOCR experiments are particularly suited to this task, since students generate data and they can
compare their data distribution with the theoretical distribution at a very early stage. The applets from SOCR
that we used in this quasi-experiment allow addressing many of the dimensions described above. The assess-
ment instruments used included homeworks (20%), midterms (35%), and final exam (45%) and all these tested
students’ understanding of the role of probability distributions.

To determine the effectiveness of the use of SOCR tools in student learning, student satisfaction and use of
technology, we conducted a quasi-experiment with two different Stat 100 classes that were taught by the same
instructor and as similar as possible in all characteristics relevant to the outcome measures of interest (Dinov
& Sanchez, 2006). The only difference was that in one group we used SOCR and in the other group we did not.
The two classes participating in the experiment were taught during the Fall quarter 2005, one at 9 AM (treat-
ment) and the other at 11 AM (control).

These two classes met four times a week with three lectures and one discussion session with different teach-
ing assistants. The following modules of SOCR were used in the treatment group: Interactive distributions and
Experiments and demos. The first module allows interactive computation of probabilities for discrete and con-
tinuous random variables, using a graphical interface that allows students to see pictorially what they are cal-
culating. The second module contains a number of experiments, such as the birthday experiment, the matching
experiment, central limit theorem experiments, and bivariate normal experiments. To accompany these tools
the instructor of the course prepared handouts with instructions to teach students how to use the applets in a
basic way and other handouts with activities that required the use of the applets to discover the answers to
more complex applied probability problems. The use of the applets to complete these activities was required
only in the treatment group. Furthermore, students were allowed to use the applets for the final exam, but this
was not required. At UCLA, computing support is available to all students in the form of campus labs and
laptop checkout, which can last from 3 h to the whole day depending on demand.

Both classes were taught in a room with data projector, using the same power point lectures, which were
also available in the course web site; both classes had the same core homework and similar discussion sessions.
The treatment group had additional activities in the homework that required SOCR and some of the common
core problems were required to be completed using SOCR. Treatment group students were also taught how to
use R, but R was never required. The control group did not have those activities, but in some homeworks they
were required to use the software R. During discussion periods, the teaching assistants conducted the group-
specific activities assigned by the course instructor, including training students to use R and/or the SOCR
applets and addressed general questions from students. Based on the weekly teaching assistant reports the
two sessions were conducted similarly. Both classes had identical information in the syllabus, identical practice
midterms and final, and identical information about labs and accessories, but only the treatment group’s web
page had a link to the SOCR web resource. Because of web-page access password requirements, different
teaching assistants and different assignment due dates, the students in one section were not interacting with
the students in, or web resources for, the other. The textbook used in both classes was Ross (2006). All exams
were graded simultaneously. Two different graders graded the assignments of the two sections, however, both
graders shared the same answer keys and point-allocation instructions.

Our treatment involved a moderate use of the SOCR applets. In order to make the instruction as similar as
possible in the two groups, the applets were not extensively used in the lecture sessions but the applets used in
the activities that students in the treatment group had to do were demonstrated in class. No late assignments were
allowed and after each assignment due date, all students were given the answer key for that activity or homework.

As we noticed above when discussing the characteristics of the groups at baseline, the two groups were very
different in their demographics. The Felder—Solomon results convinced us that this demographic difference is
not trivial, since it is manifested also as a baseline difference of learning styles. Hence, our quantitative mea-
sures of the study comparing the treatment and control groups excludes graduate students from both sections.
This exclusion of graduate students makes sense since they introduce a confounding factor that invalidates the
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Table 5
Quantitative results measuring student learning in the two groups of Sanchez’s Stat 100A courses
Group High Low Median Mean Standard deviation Statistics
Midterm
Control 34 17.5 26.5 26.19 4.65 1o =10.63 7(38) p>0.2
Treatment 33 17.5 28.5 27.08 4.25
Homework
Control 19.74 4.69 16.92 15.76 4.44 to=10.64 1(16) p > 0.2
Treatment 19.07 13.39 16.41 16.41 1.73
Final
Control 37.2 18.4 29.4 28.48 5.31 to=0.49 1(38) p>0.2
Treatment 36.9 22.5 29.40 29.23 4.30
Overall performance
Control 90.55 43.19 71.22 70.45 12.24 to=0.71 #(38) p>0.2
Treatment 84.89 58.42 72.44 72.73 8.08
C T

\og

Graphs by T=SOCR group; C=control group

Fig. 3. Total scores.

comparability of the two groups. Table 5 shows the quantitative performance of the two groups on various
measures and Fig. 3 compares the total scores between the two groups (the scale of this table is different than
the scales of the tables representing the quantitative outcomes for the other two courses).

2.2.4. Student learning outcome

Compared with the students in the control group, the treatment group students did better than the control
group in all outcome measures relevant to student learning (homework, midterms, final exam, and total score),
as we can see in Table 5 and Fig. 3. These results are reversed when we include the graduate students in the
comparison, showing the bias and impact of having heterogeneous student populations (e.g., unbalanced
number of biostatistics students, in this case). As we can see from the box plots in Fig. 3, we do not have out-
liers among the undergraduates, and the variability in total score is much smaller in the SOCR group than in
the control group.
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Despite the fact that none of the exam categories indicated statistically significant between group differ-
ences, the consistency of the treatment effect is noticeable. In fact, if we consider the four homeworks and
two exams as independent measures, then the observed, albeit marginal, superiority of the treatment group
in all six measures indicates a significant treatment effect, p-value = 0.016, xy =6, X ~ B(n = 6, p = 0.5). This
consistency is indicative of a significantly better performance of the treatment group across different quanti-
tative assessments.

2.2.5. Use of technology outcome

For this study, the final exam for both groups was conducted in a computer lab where the teaching assis-
tants centrally monitored all the computers during the examination. The students could only open one of two
applications, SOCR (treatment group) or R (control group). The teaching assistant would check their mon-
itors every 15 min to record the activity and kept an eye on all monitors constantly to guarantee that there was
no other software opened. In the treatment group, by the end of the final exam, six students had at some point
used R, and 13 had used SOCR. Thus in the treatment group, 95% of the students used one or another form of
technology, with 65% using SOCR. In the control group, by the end of the exam, about 26 (68%) of the stu-
dents had used the technology. Thus, the treatment group felt more comfortable using the technology at the
end of the quarter for the final exam. It must be pointed out that all students were allowed to have a scientific
calculator during the exam. Moreover, all questions could have been answered using a scientific calculator
alone.

2.2.6. Student satisfaction outcomes

At the end of this study, students filled out a questionnaire to measure their satisfaction with the course
(http://wiki.stat.ucla.edu/socr/index.php/SOCR_EduMaterials_Surveys_Fall2005Sanchez). Because of the
anonymous nature of the questionnaire, we could not exclude the graduate students from completing the sur-
vey. The completed questionnaires were collected by a student in each class and delivered to the main Statistics
office to be kept confidential until the grades for the class were turned in. This was done to encourage students
to be more sincere than if the instructor had processed the survey. In this satisfaction survey, students
responded to the following:

(a) Whether the use of technology in this class had made their learning more effective or not in some dimen-
sion, as compared with other classes not using technology (79% in the treatment group and 67% in the
control group said yes to some dimension).

(b) Whether they would take a second probability course with more applications (73% in the treatment
group said yes, 81% in the control group).

(c) Whether the class taught them things more relevant to their lives than other classes (84% in the treatment
group, 62% in the control group).

Generally, students in both groups reported that the class was more interesting than other applied math-
ematics classes they had previously taken. The results described above show however, that the effort of using
SOCR is worthwhile. Not only were students more at ease in using the technology in the SOCR group, but
also the SOCR group had less variability. They were more homogeneous in their performance and were more
satisfied with the class than the students in the control group were. The fact that their learning assessment
scores were not significantly different according to the overall mean and median measures may be lack of sta-
tistical power. The lack of statistical significance may also be the result of only a moderate use of the SOCR
resource. Perhaps a more intensive use of the SOCR technologies may also potentiate the quantitative learning
and knowledge retention.

2.3. Probability and statistics (UCLA 100A(1), Christou)

2.3.1. Course description
Stat 100A was already described above as part of Section 2.2. To reiterate, Stat 100A is an introductory
course to probability theory and the first in the Stat 100 series which is a requirement for both the major
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and the minor in Statistics. Stat 100B covers central limit theorem, sampling distributions, estimation, and
hypothesis testing, while the last class in the series Stat 100C focuses on regression analysis. The majority
of the enrolled students had good mathematical background, mainly due to their major. The class received
3 h of instruction and 1 h of discussion per week.

2.3.2. Student demographics (treatment vs. control group)

Even though the treatment group is small compared to the control group, the group demographics, based
on majors, were comparable with the majority of students in the groups being math majors, Table 6. In addi-
tion, the vast majority of the students in the control and treatment groups were college juniors and seniors.

Fig. 4 illustrates that the learning styles of the two groups (as measured by Felder—-Solomon Index of Learn-
ing Styles questionnaire (Felder & Silverman, 1988; Felder & Soloman, 2003)) in this experiment were quite
distinct ( ;{(242), p-value < 1077). The observed differences between the two groups may be explained by the non-
random selection and/or the varying amount of instruction received per week. The control group only received
3 h of lecture and 1 h of discussion per week. The students in the treatment group were a proper subset of the
class who had signed up for a 1 h per week Honors Seminar, which involved additional SOCR-based instruc-
tion (treatment). Note that the treatment group received an extra hour with the professor in a smaller class-
room environment, but the two groups had the same general instruction and discussion. The additional 1-hour
seminar covered the same materials taught in class but with an interactive approach using the SOCR
resources. Qualitatively, we observed a clear difference in the way the two groups learned, which may be
due to the extra instruction and enhancement of the SOCR resources. This technology allowed students to
see hands-on theory taught in class using simulation applets, experiments. and visualization.

Table 6

Student demographics for the Stat 100A class (Christou)

Majors Stat 100A control group Stat 100A treatment group
Mathematics 25 8
Statistics 2 1
BioStatistics 3 0
BioChem 2 0
Psyscho-bio 0 1
Sociology 0 1
Business Econ 1 0
Total 33 11

Fig. 4. Statistically significant differences between the Stat 100A (Christou) treatment and control classes according to the beginning of the
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quarter Felder—Solomon questionnaire. Figure shows only the frequencies of the “a’ responses to all questions from the two groups. The
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horizontal and vertical axes represent the index of the Felder—-Solomon questions and the frequencies of the “a’ responses, respectively.
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2.3.3. Experimental design

The treatment group was a self-selected group of students who chose to enroll for an additional 1 h per
week seminar. This seminar used SOCR demonstrations and simulations applets to enhance the concepts
and theories taught to all students during regular class. Due to the process of self-selection, the students in
the treatment group wanted to explore the topic beyond the general class instruction. The performance of
the control group was based on instruction during regular class and discussion alone, as it was not exposed
to SOCR. The homework assignments were the same for both groups, however, the treatment group also
received additional homeworks based on SOCR. The SOCR materials presented to the treatment group
mainly included interactive discrete and continuous distributions, experiments, demonstrations, and joint dis-
tributions. All the exams and quizzes were administered in a classroom without access to computers or the
SOCR tools. Only scientific calculators were allowed during examinations. The textbook used for the course
was A First Course in Probability by Ross (2006) and the following topics were covered: combinatorial anal-
ysis, probability, discrete and continuous random variables, jointly distributed random variables, properties of
expectation and limit theorems.

Stat 100A covers exclusively probability with little statistics. In this class, students used SOCR to perform
simulations involving probability theory, e.g. the Monty Hall experiment, the birthday experiment, and the
die-coin experiment. Because some of the experiments involve two random variables, SOCR was also used
to enhance the understanding of joint distributions. Later in the course, students used SOCR to learn about
different distributions such as the binomial, Poisson, geometric, hypergeometric, normal, exponential, beta,
and gamma. SOCR was also incorporated in topics such as the normal approximation to binomial and Pois-
son and the Poisson approximation to binomial. Traditional lectures, not utilizing technology, primarily
address auditory learners who learned by seeing and listening. The interactive SOCR demonstration applets
and visualization tools, expand this to visual, kinesthetic and interactive-feedback learners.

2.3.4. Student learning outcome

In this experiment, there was a noticeable difference in the way the two groups learned. We also observed
between group differences in the quantitative outcome measures, Table 7. In this study, these differences may
be attributed to self-selection, the amount of instruction received per week or the treatment itself. The SOCR
tools seem to impact student motivation by allowing the students to experiment with new statistical concepts
hands on using the SOCR simulation applets, games, and visualization.

Table 7

Quantitative results measuring student learning in the two groups of Christou’s Stat 100A course

Group High Low Median Mean Standard deviation Statistics

Quizl

Control 96 41 70 72.61 16.84 to = 2.644 1(42) p = 0.0058
Treatment 100 58 93 87.67 14.72

Quiz2

Control 100 32 73 72.61 16.78 to =2.063 1(42) p <0.0227
Treatment 100 58 89 84.11 13.25

Examl

Control 100 40 89 85.74 13.64 to=0.7617 1(42) p = 0.225
Treatment 100 47 96 89.56 16.62

Exam?2

Control 100 36 80 80.23 15.98 to=1.342 1(42) p = 0.0935
Treatment 100 68 88 87.22 11.09

Exam3

Control 100 46 82 82.45 14.13 to = 0.2725 #(42) p = 0.3933
Treatment 100 60 88 83.78 13.66

Overall performance

Control 94.31 44.93 80.09 80.23 11.87 to = 1.606 #(42) p =0.058
Treatment 96.26 60.65 90.59 86.76 11.06
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Students’ satisfaction was assessed at the end of the course using an exit survey asking feedback on SOCR
as an enhancement to the traditional lecture and whether or not students would be interested in having this
software available for the next course in the sequence. The complete survey can be found at http://wiki.sta-
t.ucla.edu/socr/index.php/SOCR_EduMaterials_Surveys Fall2005Christou. According to this exit survey
given at the end of the course, students in the treatment group thought that the software was extremely helpful
to them and suggested that SOCR should be used to further enhance, clarify, and expand on theories taught in
lectures. Over 90% of the students felt that the SOCR tools helped them understand the material taught in
class. All students in the treatment group also indicated that SOCR should be included in their future statistics
class (in particular the sequence course Statistics 100B). Table 7 shows the summary statistics for all the
exams, quizzes, and the overall performance of the class. All the exams and quizzes were based on a 0-100
scale, but weighted differently towards the overall performance (each exam was worth 20% of the final grade,
each quiz was worth 15% of the final grade and homework was worth 10%).

Some of the observed differences in the group means (Table 7) are statistically significant at the 5% level
(Quizl and Quiz2), and some are not. However, in all quantitative measures the treatment group again con-
sistently outperformed the control group, even though some differences between group means were not statis-
tically significant. An overall non-parametric test (sign-test) that pools together all quantitative measures
clearly discriminates between the two groups, p-value = 0.031, xo =5, X ~B(n =35, p=10.5).

3. Conclusion and discussion

Many contemporary approaches for enhancing K-College education involve blending of advanced peda-
gogical methodologies with modern information technology tools. The need for the integration of teaching
and technology is driven by the various social, economic and behavioral factors. This need is ubiquitously rec-
ognized and accepted, however, there is no uniformly agreed upon approach to achieving this merger that is
satisfactory for all disciplines, educational levels, or instructional styles. Furthermore, the aim of unifying all
possible directions of integrating technology in education into a single pedagogical theory may not be achiev-
able in a completely consistent framework (Chaitin, 2006). Our approach to interfacing science education and
IT technology is based upon a bidirectional feedback mechanism of developing novel and enhancing existent
pedagogical instruments at the same time that we design and engineer new technology tools. More specifically,
our educational needs in the classroom heavily direct the types of technologies that we develop specifically to
meet the instructor’s demands. On the other hand, our broad research interests in finance, statistical modeling
and biomedical computing have resulted in the engineering and deployment of a suite of tools used for com-
putational and demonstration purposes. These research oriented developments then impact back our core
education curriculum and instructional styles. In this article, we demonstrated one aspect of this integrated
technology- and pedagogy-based educational effort — utilizing SOCR tools in the instruction of probability
and statistics courses.

Many leading educational research findings suggest that well-designed and integrated technology tools have
the potential to improve significantly student motivation, learning and concept retention in various probabil-
ity and statistics college-level courses. In this paper, we described our experience in utilizing the Statistics
Online Computational Resource (http://www.socr.ucla.edu) in two types of undergraduate probability and
statistics courses. The SOCR resource provides a number of interactive tools that can be used by the instruc-
tors, during lecture and/or discussion, and by the students for self-learning and to complete assignments.
These tools bridge between the introductory and the more advanced computational and applied probability
and statistics courses.

We believe that more testing should be performed to validate the effectiveness of the SOCR tools in enhanc-
ing probability and statistics instruction. We observed good outcomes in student satisfaction and use of tech-
nology in all three courses. In statistics 13, we found that the SOCR-based instruction slightly improved the
overall performance in the class, compared to a traditional instruction. In this study, the two sections of Stat
13 were not significantly different in terms of student demographics and their learning styles. There was no
statistically significant group difference with respect to the overall quantitative measures of learning, which
may be attributed to lack of statistical power. However, we saw a consistent trend of improvement in the
SOCR treatment group. Furthermore, taking in account all assignments (8) and exams (2) for this study,
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the lack of overall significant group difference is immensely magnified, as none of the 10 measures was higher
for the control group. This consistency is indicative of a very strong treatment effect in this study, sign-test p-
value < 1072,

The observed increase in student satisfaction (for all three studies) in using the SOCR tools is an indi-
cator of the student preference of using technology to enhance instruction, in general. The variability in the
quantitative measurements in the treatment group was consistently smaller, which suggests that SOCR may
benefit the majority of the students, not only the top students. In Stat 100A (Sanchez) it was the moderate
intensity of the use of SOCR that might explain the lack of significant difference in learning outcomes, as
measured solely by the group median and the mean exam scores. Pooling the results from all three studies,
however, yields strong evidence suggesting the SOCR-based instruction did potentiate learning. None of the
examinations we had recorded had the control groups scoring at the level of, or higher than, the corre-
sponding treatment groups. Using the sign test and assuming independence of the examinations and the sec-
tions we obtain a p-value < 0.00098, xq =10, X ~ B(n =10, p =0.5). Consequently, we believe the results
obtained in this study demonstrate that SOCR utilization impacts students’ learning and their attitude
towards technology-based instruction. In the future, we plan to conduct stricter and more intense experi-
ments using the SOCR tools, at different course levels, which will include treatment for homework, labora-
tory discussions and lectures to see how exposure to technology correlates with learning, satisfaction, and
concept retention.

Some of the observed differences between the treatment and control groups (within each course) maybe due
to small sample sizes, the self-selection bias, and/or the fact that some treatment and control groups were
dependent. For example, Christou’s Stat 100A received an additional hour of instruction using SOCR and
was composed of honors students. It will be interesting to use SOCR as an enhancement to lecture material
during discussion or with extra lab hours and direct SOCR guidance by the instructors. We think that the
teaching model with an extra lab hour using SOCR is worth exploring in future experiments. The three studies
reported here represent a first attempt to validate the efficacy of using the SOCR online interactive tools as
pedagogical instruments in probability and statistics classes.

A qualitative assessment of the utilization of the SOCR resources by students and the community comes in
three other forms. First, (undergraduate and graduate) students report that they use some (typically a small
collection) SOCR tools to complete projects in other disciplines, including work on their theses/dissertations.
Second, over 70% of students in these classes opted to use SOCR utilities to complete their end-of-quarter
open-ended research papers. Third, there are a number of feature and functionality requests that constantly
arrive from student and research users from academia and the industry.
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