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Abstract Research Methods Tutor (RMT) is a web-based intelligent tutoring system designed for use in conjunction with
introductory research methods courses. RMT has been shown to result in average learning gains of .75 SDs above classroom
instruction in traditional college environments. However, a primary goal of the RMT project is to provide greater access to
tutoring for students without access to traditional one-on-one human tutoring. Therefore, we further tested RMT’s effec-
tiveness at a university that enrolls primarily non-traditional students. Although we again found evidence of RMT’s effec-
tiveness, a few key outcome differences between traditional and non-traditional environments emerged, including percep-

tions of the pedagogical agent and access to the system.
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1. Introduction

Computing technologies, particularly those that allow
students convenient access to learning resources, are infil-
trating every aspect of the educational system. Textbooks
routinely come with online student resources, and many
instructors regularly assign online or computer - based
homework to enhance the classroom learning experience.
One of these computer-based technologies, intelligent tu-
toring systems (ITS), seeks to mimic the benefits of
one-on-one human tutoring. Expert human tutoring is be-
lieved to be among the most beneficial learning techniques.
Bloom, for example, found that a successful human tutoring
situation can enhance learning by up to 2.3 standard devia-
tions over classroom instruction alone[1]. In contrast to more
didactic approaches, such as lecture, textbook learning, or
websites that mimic a traditional textbook layout, tutoring
allows students to engage in a dialog that helps them to as-
sess their current levels of understanding and to work coop-
eratively to increase levels of knowledge[2-7]. The extent of
the student’s engagement in this dialog is correlated with the
student’s learning outcomes[8-10]. An ITS that uses the
techniques employed in expert human tutoring, therefore,
could provide access to this powerful learning technique
without the drawbacks of human tutoring, which include the
cost, the time involvement, and the inconvenience of coor-
dinating schedules. Due to the challenges faced by many of
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today’s students, including childcare, work schedules, and
transportation[11], ITS have the potential to make vast con-
tributions to effective teaching and learning.

A number of successful ITS have been created and tested
to date. For example, Koedinger and colleagues[12] con-
ducted a large-scale study of the effectiveness of PAT (the
PUMP Algebra Tutor) in conjunction with a high school
algebra curriculum. They found that students who used the
system scored 100% higher on basic skills tests than those
who did not use the system. In laboratory-based tests, an-
other ITS, AutoTutor, increased students’ scores by one
standard deviation above reading a textbook alone[13].
ANDES, an ITS used in undergraduate physics courses, has
also been associated with significant learning gains for stu-
dents who use the system in lieu of pencil-and-paper based
homework[14].

Research Methods Tutor (RMT) is a dialog-based ITS
created to increase student learning in introductory under-
graduate psychology research methods courses. Most psy-
chology programs require at least one course in research
methods[15]. Research methods courses, however, tend to be
difficult for psychology majors due to their applied, techni-
cal, and largely quantitative nature. In addition, research
methods courses require students to engage in critical
thinking, which is generally a skill that undergraduate col-
lege students are in the process of developing[16]. RMT is
designed for use in conjunction with traditional coursework
and is available online, making it convenient to use at any
time of the day without cost. It consists of five topic modules
that coincide with typical topics from psychology research
methods - ethics, variables, reliability, validity, and experi-
mental design. Each RMT topic module is assigned after the
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topic is covered in the classroom.

The RMT system has two presentation modes that allow
the student to interact with the tutor in a specific way based
on student preference or technical requirements. Students are
presented the material either in text on the computer screen
(the text-only mode) or via an on-screen interactive peda-
gogical agent (the agent mode). For the text-only mode,
students see RMT’s questions and feedback in text on the
screen. In the agent mode, an interactive avatar “speaks”
RMT’s content and the student types his/her response in a
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response box onscreen. RMT’s pedagogical agent, Mr.
Joshua, is shown in Figure 1. Mr. Joshua not only speaks, but
also blinks, turns his head, and gestures with his hands. Due
to the requirements of the agent software, the student must be
able to download the required software (thus, students in a
public computer lab cannot download the agent) and must
have a PC with Internet Explorer. Students who meet these
criteria can choose to download the software or can opt to
use the text-only version of the system.
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Figure 1.

The RMT interface with the animated pedagogical agent, Mr. Joshua, used for the “agent mode”
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Figure 2. A Partial View of the Dialog Advancer Network (DAN)
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RMT - modeled after AutoTutor[17,18] — involves a
natural language dialog between RMT and the student. RMT
poses a question to the student, and the student types his/her
answer into a response box onscreen. If the student answers
correctly, the tutor moves the dialog along. If the student
does not answer correctly, the tutor provides prompts and
hints. The tutor’s behavior is controlled by a Dialog Ad-
vancer Network — or DAN — where each path categorizes
student input as correct or incorrect, creates a response based
on that categorization, and issues a follow-up utterance in the
form of a prompt or hint if the student is incorrect or an
additional question if the student is correct. This behavior
allows feedback to be immediate, and forces a complete
correct answer from the student before he/she moves on. A
partial view of the Dialog Advancer Network is shown in
Figure 2.

RMT evaluates the student’s natural language responses
using a three-part method. If a word is not located in RMT’s
lexicon, the system looks for possible misspellings using a
spell checker. RMT also employs a keyword matcher that
checks for literal similarity between words. Finally, RMT
uses latent semantic analysis (LSA)[19] to compare the
student’s response to the expected answer by creating a
high-dimensional vector representation of both the response
and expected answer. The vectors are based on relationships
found in a corpus of domain-relevant texts. The cosine of
these vectors is used to represent the similarity of the re-
sponse to the expected answer.

Following Bloom’s taxonomy[20] the tutor asks concep-
tual (“What is an independent variable?””), analytic (“Given
the following experimental scenario, can you find any po-
tential problems with the reliability of the study?”’), and
synthetic questions (“Now, given what you know about
informed consent, can you create an informed consent
document for a study?”’) for each topic. At the end of each
section the tutor provides a summary of the material that was
covered.

Previous research has demonstrated the effectiveness of
RMT in the traditional college classroom[21]. In this initial
test, students who used RMT demonstrated learning gains
of .75 standard deviations over students who did not use
RMT. However, a primary goal of the RMT project was to
provide greater access to tutoring for students who cannot
easily obtain access to an expert tutor. Due to financial and
time restrictions, this need is likely greatest among non-
traditional student populations[11]. Since previous work has
suggested that traditional and non-traditional students may
respond differently to various aspects of the learning situa-
tion[22-24], we were interested in assessing RMT in a
non-traditional student environment. Further, ITS research
has suggested that students who use an ITS when they are
beginning to learn a topic may benefit more than students
who are more advanced in their understanding. In a review of
results from a number of ITS, Van Lehn and colleagues[25]
argued that the increased interaction that tutorial dialog
provides is most beneficial for students who are learning
material above their current knowledge level (novices

learning intermediate material, for example). This is com-
monly known as the interaction hypothesis. As we believed
that a non-traditional sample might include students that
were more varied in their preparedness level or familiarity
with the material, the present assessment allowed us to in-
vestigate both non-traditional student learning outcomes and
student perceptions of RMT, as well as to assess how student
knowledge at the beginning of the semester might impact
overall learning gains. Thus, our primary research questions
were: 1) Does RMT result in increased learning gains when
used with non-traditional students?, 2) Do non-traditional
students perceive RMT differently than traditional students?,
and 3) Do those who are less prepared at the beginning of a
semester show greater gains when using RMT than those
who are more prepared?

2. Method and Results

2.1. Participants

Our non-traditional student assessment was conducted at
an urban university with a large non-traditional student
population. For the purposes of the present study, we broadly
defined “non-traditional student” as a student who was not of
traditional college age (18-23), worked full-time, acted as a
primary caregiver / parent, or belonged to a historically
underrepresented group. Of the 87 students in the sample,
98% were African American, 65% were parents or primary
caregivers of children, 67% held full-time jobs, and 100%
lived off-campus. The average age of the students was 24.
Table 1 compares the demographic attributes of students in
this non-traditional student sample to the students in our
traditional sample.

Students in RMT classes completed all RMT topic mod-
ules for course credit, as well as a 50-item pre-test and
post-test, but were allowed to anonymously opt-out of data
collection. Students in classes that did not use RMT com-
pleted the same 50-item pre-test and post-test for course
credit, but, once again, they were allowed to anonymously
opt-out of data collection.

2.2. Procedure

In order to assess the effectiveness of RMT, we selected
two research methods courses to use the RMT system and
two to serve as non-equivalent control groups. The data was
collected over the course of two semesters. During the first
semester of data collection the daytime section used RMT,
and the evening section did not. During the second semester
of data collection the daytime section did not use RMT, and
the evening section used RMT. Students in all courses were
given a 50-item multiple choice pre-test during the first week
of the semester and the same 50-item post-test during the last
week of regular classes. The test consisted of 10-items per
topic module covered by RMT. At the end of the semester,
an additional 25 question post-test (5 items per topic module)
was given to test for transfer learning. This transfer learning
test consisted of research scenario-based critical analysis
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questions, which the students had not seen before. In addi-
tion, at the end of the semester, RMT students were given an
11-item questionnaire regarding their perceptions of the
system. The questionnaire consisted of 8 questions that em-
ployed a 1 (Strongly Disagree) to 6 (Strongly Agree) scale
and one yes/no question. Students were also encouraged to
give general feedback in an open-ended question at the end
of the questionnaire (“What, specifically, did you like/dislike
about using the system? Do you have any other feedback for
us?”).

Students in all courses used the same textbook, followed
the same basic course outline, and were taught by the same
instructor. The only major difference between the conditions
was that the students in the RMT section were assigned to
complete RMT topic modules after the topics were covered
in the class. RMT students who could download software
(had regular access to a PC with Internet Explorer) were
asked to select the agent presentation condition, and students
who could not were assigned by default to the text-only
condition.

2.3. Results

Students who did not complete either the pre-test or
post-test and RMT students who did not complete all of the
RMT modules were removed from the analysis (n=6), leav-
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ing 56 students in the RMT condition and 31 in the control
group. To address our first research question (Does RMT
result in increased learning gains when used with
non-traditional students?), we conducted an ANCOVA with
the pre-test score as the covariate, the post-test score as the
dependent variable, and the classroom condition (RMT vs.
control) as the independent variable. We found that RMT
students performed significantly better than control students
on the basic assessment measure (post-test only), F(1, 84) =
54.78, p < .01, with an NRP effect size[26] of 1.39 standard
deviations. RMT students had an average score of 32.6 (out
of 50 possible — 65%) with a standard error of 1.1, while the
control students had an average score of 19.5 (39%) with a
standard error of 1.4. When only the transfer task was ex-
amined, RMT students significantly outperformed control
students, F(1,84) = 14.05, p < .01, NRP effect size = .71
standard deviations. RMT students scored an average of
13/25 with a standard error of .64, while control students
scored an average of 8.9/25 with a standard error of .86. On
the total assessment (post-test + transfer), RMT students also
significantly outperformed the control, F(1,84) = 42.99, p
< .01, NRP effect size = 1.21 standard deviations. A com-
parison of the measured learning outcomes of the
non-traditional and traditional student samples is found in
Table 2.

Table 1. Demographic Comparison of Traditional and Non-traditional Student Samples
Student Sample Type
Traditional Sample Non-traditional Sample
Student of Color 25% 98%
Student is a Parent/Guardian 8% 65%
Full-time Employee 33% 67%
Lives On-campus 12% 100%
Average Age 20 24

Table 2. Comparison of Non-traditional Student Sample and Traditional Student Sample

Non-traditional Sample Traditional Sample
RMT Control RMT Control
N 56 31 73 85
% of Students Downloading Pedagogical Agent 31% NA 79% NA
0, 0, 0, 0,
Average Score at Pre-test 841‘323 g’ 7 833:71/20 4 834:.31/20 3 SDSi f) 13
Average Score at Post-test 65% 39% 65.3% 36%
SD=139 SD =227 SD=15.5 SD =16.3
Average Learning Gain (Pre-test to Post-test) 22.7% -4.1% 11% 2%

Table 3.

Mean Ratings (and Standard Deviations) on the Student Questionnaire for the Non-traditional and Traditional Student Samples

Question Non-traditional Sample Traditional Sample

1. I enjoyed using the system. SI\]SI::S:és 51\[/)[::5:21

2. RMT helped me to learn the material. SI\S::S:% 8%15:313
3. RMT helped by critical thinking. RS s

4. I would choose to use the RMT system, even if it M=5.1 M=5.2

wasn’t part of a course requirement. SD=1.1 SD = .87
5. Iown a computer. 63 f 05/‘(’) Z:yflso 81550{2::};1605

6. I am comfortable with technology Sl\l;[:j.gZ SI\I%::SII.62

7. The system is easy to use. Sl\l;[::3:;7 S%Z:S:ég

8. The system is easily accessible. SI\ISI::3:§‘6 Sl\[/)I::S; 4

9. 1 like the overall appearance of the system sgl 231..631 51\]31::55 6
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In order to assess our second research question (Do
non-traditional students perceive RMT differently than tra-
ditional students?), we found mean ratings (with standard
deviations) for each item on our student perception ques-
tionnaire. Of the students that used RMT, most gave the
system high ratings in terms of overall learning and en-
joy-ment (all averages over 5 on a 6-point scale; see Table 3
for means and standard deviations of all questions for both
samples). However, students gave much lower ratings to the
questions concerning accessibility (M=3.4, SD=.86), ease of
use (M=3.1, SD=.77), and the overall look of the system
(M=3.6, SD=1.31). Further, 64.5% of students indicated that
they did not own a computer and on average students gave
low ratings to their comfort with technology (M=3.2,
SD=.97). In addition, when we compared the number of
students in the pedagogical agent versus the text-only con-
ditions, 69% of students were unable to download the ani-
mated pedagogical agent and were assigned by default to the
text-only condition. Therefore, only a small percentage of
students were able to interact with the agent (31%). This is
particularly interesting when compared to the traditional
sample, in which 79% of the students used the agent and only
21% of students were unable to download the required
software.

Our last research question was intended to test the inter-
action hypothesis. That is, we wanted to know if students
who are less prepared at the beginning of a semester show
greater gains when using RMT than those who are more
prepared. Although we found no significant relationship
between low pre-test scores and overall learning gains within
our non-traditional sample, our non-traditional sample did
have lower pre-test scores (by approximately 10 percentage
points) than our traditional sample (see Table 2). The sam-
ples had similar scores at post-test, which means that our
non-traditional sample yielded learning gains that were twice
those of the traditional sample.

3. Conclusions

Using a non-traditional student sample, we found addi-
tional evidence that RMT boosts student learning outcomes
above classroom instruction alone. The observed RMT
learning effect sizes of .71-1.39 SDs (based on the outcome
measure used in the analysis) are impressive evidence of the
system’s effectiveness. The demonstrated learning gains are
comparable with lab-tested ITS, such as AutoTutor[13], and
with estimates of the learning gains from one-on-one human
tutoring[1]. This is particularly impressive given the fact that,
unlike researchers using lab-based evaluations of ITS, the
“naturalistic” approach used in the present study gave the
researchers little control over the amount of time and atten-
tion paid to each RMT topic module. In addition, RMT was
only used for 3-5 total hours over the course of the 16-week
semester.

When the results from the traditional and non-traditional
samples were compared, a number of interesting differences
emerged. First, although students in both traditional and

non-traditional samples indicated that they enjoyed using
RMT and that they believed that it aided learning, major
differences in student accessibility were observed. Ap-
proximately 64.5% of students in our non-traditional sample
did not have access to a computer, compared with only 15%
in our traditional sample. Since the animated pedagogical
agent had to be downloaded, students using a lab or work
computer could not use the agent. Not surprisingly, only
31% of students in the non-traditional sample downloaded
the agent, while 79% of students in the traditional sample
used the agent. Non-traditional students also gave lower
ratings to the accessibility of the system and their own
comfort with technology. This poses a significant problem,
as a primary goal of the RMT system was to provide greater
access to tutoring. The second major difference centered on
student perception of the animated pedagogical agent. In the
non-traditional sample, students gave lower ratings to the
overall look of the system. When asked for specific likes and
dislikes, a large number (55%) of the students who suc-
cessfully downloaded and used the agent commented on the
agent’s appearance. The primary complaints were that the
agent was difficult to understand and that the agent appeared
to be a European American male. No student in the tradi-
tional sample voiced either of these concerns. Since previous
research has suggested that various social cues, such as
gender and perceived ethnicity[27], can affect the learning
situation, it is possible that the largely female and African
American non-traditional sample was not able to relate to the
agent in a positive way. It is also possible that the agent
distracted students from the learning situation, given the
mixed evidence in support of animated pedagogical
agents[28]. Future research would be needed to investigate
this phenomenon, as the present study had a very low rate of
agent usage, students self-selected into the agent condition,
and there was no alterative agent for comparison.

We also found that learning effect sizes were higher with
the non-traditional student sample than those found in the
traditional sample. Students in our non-traditional sample
performed worse at pre-test than those in the traditional
sample. The scores at post-test, however, were equivalent,
resulting in learning gains for the non-traditional sample that
were double those of the traditional sample. This finding is
consistent with the ITS literature concerning the benefits of
tutorial dialog[25]. Tutorial dialog has been found to be more
useful for those who are novices in a given area. If pre-test
score can be used as a measure of preparedness or familiarity
with the course material, then the non-traditional sample was
clearly less familiar with the material than the traditional
sample at the beginning of the course. A major limitation of
direct score comparison between the two samples, however,
is that the pre-test/post-test was altered significantly in order
to increase reliability. The traditional sample was adminis-
tered a 106-item pre-test / post-test with approximately 20
items per topic module, while the non-traditional sample was
given a 50-item pre-test / post-test with exactly 10 items per
topic module. In addition, the traditional sample did not take
the 25-item transfer learning test. A follow-up study could
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confirm and clarify these results by using the 50-item
pre-test / post-test and transfer test with another traditional
sample.

Taken together, the data provide encouraging evidence of
effectiveness. Specifically, the large learning gains observed
in our non-traditional sample suggest that ITS may be par-
ticularly appropriate in this setting. However, clear direc-
tions for improvement also emerged. If an ITS is to be useful
it should reach people that do not have access to human
tutoring. The large number of student access difficulties,
together with the dislike of the animated agent suggests that a
new approach be taken in the design of the system. Thus, we
plan to not only change the type of animated agent used, but
also to investigate new techniques for using an agent that
does not require a software download. We hope that these
changes will make the system easier to use — especially for
those uncomfortable with technology — and more widely
accessible to students.
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