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Abstract. The REDEEM authoring tool creates simple ITSs from existing
computer-based training (CBT). In this study, learning outcomes of 33 adult
volunteers, who studied ‘Introduction to Personal Computing and Networking’
courses with CBT and with REDEEM, were compared. Performance of all students
improved from pre-test to post-test and was significantly better on the course
students had learnt with REDEEM. Analysis of students’ performance suggested
that this REDEEM enhancement was due to the increased interaction that REDEEM
promotes. Those students who learnt most from REDEEM tended to be those who
experienced REDEEM first and who required less attempts to answer REDEEM’s
questions correctly. This study showed how simple improvements to educational
software can significantly increase students' learning.
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1. Introduction

Asthe field of ITS Authoring Tools (ITSATSs) matures, more emphasis is being placed on
evaluating the success of these systems. Initial evaluations focussed on the usability of
these ITSATS and considered whether authors could create their desired 1TSs with these
tools in atime and cost effective manner [1, 2, 3]. This focus on ease of use has not been
uncontentious as there is considerable debate (e.g. [4]) about whether for an ITSAT to be
usable by non-programmers, it is worth sacrificing some of the resulting ITS's flexibility
and power. Two ITSATS, which as they have evolved have increasingly emphasised ease
of use, are REDEEM and XAIDA. REDEEM [5] is designed for use by classroom teachers
and creates ITSs in any domain but without a runnable domain model. XAIDA [6] builds
tutors in areas such as maintenance training, algebra, biology and computer literacy. It is
designed for use by non-experts and has relatively shallow knowledge of what it is teaching. It
is not known if the compromise between power and usability that these systems represent is
productive, especially as previous research on ITSs has tended to show that “more
intelligence” increases learning outcomes (e.g. [7, 8, 9]). Thus, the question remains, can
ITSATS be used by non-experts to create effective learning experiences for students?

The “gold standard” comparison for learning effectiveness is often considered to be
that of an expert human tutor. Bloom [10] argues that one-to-one tutoring by expert tutors
produced an average gain in test scores of two standard deviations (a 2 sigma effect)
compared to traditional whole class teaching. Non-experts are not quite as effective but can
still improve tutoring by around of 0.4 sigmas [11]. Evaluations of ITSs reveal effect sizes
of between 0.4 and 1 sigmas compared to classroom teaching (e.g. AUTOTUTOR, [12];
CMU algebra tutors, [13]). Hsieh et a [6] review 13 unpublished studies with XAIDA
which show that students understanding of the domain improved. A small number of these
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studies compared XAIDA to other forms of instruction. Wenzel et al (cited in [6]) found
equal improvements in learning for students studying from XAIDA and from a lecture.
Cascaus et al (in [6]) compared practice with adaptive and non-adaptive versions of
XAIDA and found overall improvementsin learning of which alittle could be explained by
increased adaptation. These studies do not report an effect size but given the general lack of
significant difference between conditions, it is unlikely to be large. They show that XAIDA
can be used to create effective ITSs but say little about their relative efficacy compared to
other forms of instruction. The study reported in this paper is an experimental evaluation of
the effectiveness of the REDEEM Authoring Environment when compared to more
traditional CBT. Before describing the results of this evaluation, we will briefly describe
the REDEEM system and previous evaluation studies.

2. System Description

REDEEM allows authors to import existing computer-based training as domain content and
then use the Tools to overlay their teaching expertise. The REDEEM Shell uses this
knowledge, together with its own default teaching knowledge, to deliver the courseware
adaptively to meet the needs of different learners. REDEEM therefore consists of three
components. a courseware catalogue of material created externally to REDEEM, a set of
authoring tools and an ITS Shell. There are essentially two stages to REDEEM authoring;
in the first stage the domain material is enriched but it remains essentially non-adaptive
CBT; in the second stage the CBT is individualized to the needs of learners by macro-
adapting the teaching strategies and the content to student categories.

Authors first select courseware, which consists of individual pages of material
containing text, animations, simulations, etc, in either Toolbook or html format. Then
authors use the tools to provide a domain model of this materia by describing its
characteristics (e.g. by grouping into sections, and describing the content of pages and
sections), which alows the ITS Shell to sequence and structure it. To increase interactivity,
authors can associate a reflection point or non-computer task with a page. They can also
create questions (such as multiple-choice, fill-in-the-blank, and true-false) and provide
feedback that explains why an answer is correct. In addition, REDEEM ams to offer
multiple levels of help in way that is similar to contingent help [14], so authors can create
up to five hints for each question, which ideally increase in specificity. Finaly authors
describe a number of question characteristics (e.g. difficulty, pre-test or post-test) that the
Shell uses in combination with ateaching strategy to decide how to ask each question.

Then authors individualize a course to meet the requirements of their specific
learners. Different teaching strategies are created by manipulating dimensional sliders of
eight components of instruction (e.g. student control, position and amount of question, help,
number of attempts at questions) and by including appropriate questions. Authors classify
students into categories (based upon any dimension they choose), which can dynamically
adjust if the categories are based on performance measures. These categories are associated
with ateaching strategy and the author’ s choice of content.

3. Previous Evaluations

Previous studies with REDEEM have shown that it is one of the most usable ITS authoring
tools. It takes only 90 minutes to train authors and the majority of the tools are ssmple to
use. Authors average one to four hours to develop an hour of instruction (see [2,15]).
Adding interactivity is relatively time-intensive and varies considerably between authors,
however, individualising ITSsto specific learners’ needs rarely takes more than 30 minutes.
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The question of whether REDEEM could be used to create effective learning
experiences was addressed by [16]. A secondary school teacher was given two previously
developed courses that teach the age 14-16 UK curriculum on Genetics. These formed the
CBT used as the basis for comparison. She was then asked to author her ideal 1TSs from
this CBT for the 86 14-16 yr old pupils that she taught. Compared to the CBT, the resulting
REDEEM ITSs were significantly more interactive with nearly 75% of pages having an
associated question and up to five hints per question as well as reflection points and non-
computer tasks. She then macro-adapted REDEEM to five ability categories such that each
category received a different teaching strategy and content. Using a crossover design, the
learning outcomes for students who studied with REDEEM and CBT were then compared.
Participants improved their knowledge of genetics but their improvement was the same
whether they received a course as CBT (an average improvement of 8.2%) or REDEEM
(10.4%). This was true for learners in all student categories and so with al versions of
REDEEM. However, learners who engaged more with REDEEM by writing more notes,
spending longer interacting with REDEEM and who answered more questions correctly
first time did learn significantly more.

This study appeared to show that enriching and macroadapting CBT with REDEEM
does not lead to improved learning. However, it is unclear if this result was due to the
authoring decisions, the Shell’s interpretation of these decisions, the external courseware
used or issues concerning the study’s implementation. Hence, this paper reports a study
with a similar design but run a more tightly controlled way. We recruited with adult
volunteers for shorter courses and used researcher-developed I TSs.

4. Authoring Phase

The courseware used in this experiment was based on two courses developed by the Royal
Naval School of Education and Training Technology for use in Naval colleges. The first
course provided an introduction to personal computing and was 60 pages long and the
second course introduced working with networks. The courses consist of text and graphics
declarative material with some multimedia, animation and simple exercises. Navigation
through the course is linear. They were adapted for use in this study by removing Navy
specific material and by extending the courses to include some more difficult concepts.

A researcher then used the REDEEM Tools to create two simple REDEEM ITSs
(basing his authoring on that done initially by a Naval trainer). In contrast to [16], the
REDEEM differentiation features were not used, as we had no persona knowledge of the
students in the classes. This resulted in one learner category; so all students saw the same
material and received the same teaching strategy. Thus, the main difference between the
two courses is in the interactivity supported by REDEEM rather than in the use of
individualisation. As such both the ITSs and the experimental design are considerably
simplified compared to [16]. The main authoring decisions and, in consequence, the
additional featuresin the REDEEM courses are summarised in Table 1.

Table 1. Comparison of REDEEM and CBT

REDEEM Features

REDEEM and CBT provide the same content but REDEEM provides section

introductions and summarises progress.

Level of Control  Author controlled, so similar to CBT.

Questions 20 questions per course. Questions asked at the end of a section. Students allowed
multiple attempts to answer question correctly. None of these questionsin CBT

Help On request and error with between 1 and 5 hints per question.

Reflection points 11 per course in REDEEM. Genera advice to make notesin CBT.

Content
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5. Method

5.1 Participants

Twenty men and thirteen women participated in the study. All worked at RAF Waddington
and had responded to advertisements offering them the chance to improve their knowledge
of computers.

5.2 Material

A 60 item multiple-choice test was developed. It consisted of 30 questions on the Personal
Computing and 30 on Networking. Questions for each course were further subdivided into
the 20 questions that were asked during the REDEEM intervention and 10 questions that
addressed material covered by the course but were not directly questioned by REDEEM.

5.3 Design

A crossover design was used such that al participants received one course under REDEEM
and one as CBT only, i.e. half received REDEEM Persona Computing (PC) and CBT
Networking (Network) and half CBT PC and REDEEM Network.

5.4 Procedure

1. A Raven’'s Progressive Matrices test was given to al participants.

2. Participants took the Personal Computing test and then were randomly assigned to study
either the REDEEM or CBT PC Course.

3. Immediately following the intervention, participants completed the PC test again.

4. After a short break, the same procedure was followed with the Networking Course.

5. Upon completion of both courses, students were asked to complete a short questionnaire
that asked them to evaluate their experience of learning with the two systems.

6. Results

6.1. L earning Outcomes

To examine the effects of the intervention, a [2 by 2 by 2] mixed design ANOVA was
carried out on the pretest and post-test data. The design of the analysis was 2(PC,
Network) by 2(pre-test, post-test) with a between subjects factor of order of environment
(REDEEM PC/CBT Net, REDEEM Net/CBT PC).

Table 2. Pre and Post Test Percentage Scores by Course and Environment

REDEEM CBT

PC (n=16) Network (n=17) PC (n=17) Network (n = 16)

Mean SD Mean SD Mean SD Mean SD
Pre-test 28.1% 11.2 258% 8.2 24.0% 9.3 250% 7.3

Post-test 785% 133 70.7% 155 525% 184 63.5% 15.8

Analysis revealed a significant main effect of time (Fy3; = 237.03, MSE = 218.0, p <
0.0001), with subjects scoring higher at post-test. This was modified by significant
interaction between course and environment (F; 31 = 64.93, MSE = 40.0, p < 0.0001) and a
three way significant interaction between time, course and environment (F; 3 = 29.81, MSE
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= 61.58, p < 0.0001). To simplify the analysis, gain scores per subject were calculated
(post-test — pre-test) and analysed using a [2 by 2] mixed ANOVA with environment and
course as factors (graphed in Figure 1). This showed a single significant interaction (Fy 3 =
29.91, MSE = 123.14, p < 0.0001). Simple main effects analysis confirmed that subjects
improved their scores more on the course they experienced through REDEEM (F1 31 = 14.2,
MSE = 123.1, p<0.005 and Fi3 = 15.8, MSE = 123.1, p<0.005 for CBT/RED and
RED/CBT respectively). However, the difference between REDEEM and CBT was only
significant for the PC course (F1 62 = 14.6, MSE = 279.6, p < 0.005).
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Figure 1. Improvement Scores by Environment and Course

Figure 2. Improvement Scores by Environment and Question Type Collapsed Across Course.

It would be expected that the benefits of REDEEM would manifest most strongly on
test items that had formed part of the intervention. This was examined using a[2 by 3 by 2]
ANOVA on improvement scores. The design of the analysis was 2(PC, Network) by
2(Redeem questions (RedQ), non Redeem questions (NonQ)) with a between subjects
factor of order of environments (REDEEM or CBT first). Analysis revealed a significant
main effect of environment (Fy3; = 18.21, MSE = 8.70, p < 0.001), with participants
improving more on the questions that corresponded to their REDEEM course. This was
modified by significant interaction between environment and question type (F13; = 6.84,
MSE = 2.50, p < 0.02) (Figure 2). Simple main effects analysis showed there was an effect
of environment on RedQ questions (Fiez = 24.16, MSE = 2.70, p < 0.0001), i.e
improvement was greater on REDQ questions for the course experienced through
REDEEM rather than as CBT. However, contrary to prediction, there was also a difference
between RedQ and NonQ questions for the CBT group with NonR questions associated
with enhanced performance (F1 6, = 5.84, MSE = 2.80, p < 0.05).

6.3 REDEEM and CBT process measur es

Two types of process measure can be calculated for both REDEEM and CBT — the number
of notes written and the amount of time spent learning. To calculate the notes written, both
words written on paper and in REDEEM were totalled. Analysis by [2 by 2] mixed
ANOVA with factors of course and environment showed a single significant effect — more
notes were written on the PC course (F; 31 = 55.25, MSE = 9530.14, p < 0.0001) (see Figure
3). Number of notes written does not correlate with any measure of performance (pre-test,
post-test, improvement or Raven’'s score). Analysis of the time data showed that students
spent considerably longer on the PC course (F1 28 = 28.86, MSE = 258.9, p < 0.001) and
there was also a significant interaction between course and environment (Fi2s = 38.31,
MSE = 119.8, p < 0.001). Simple main effects analysis showed that students spent longer
working with REDEEM on both the PC and Networking courses (Fi56 = 10.9, MSE =
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188.9 p<0.002 and F 56 = 13.46, 188.9 p<0.002 respectively). However, those subjects who
learned with REDEEM first spent considerably less time on the following CBT package
(F128 = 66.8, MSE = 119.7, p < 0.001) whereas there was no difference between time spent
with the different environments for those who began with CBT and then progressed to
REDEEM. Time spent learning with either environment does not correlate with any
measure of performance (pre-test, post-test, improvement or Raven’s score).

OREDEEM OREDEEM
BCBT BCBT

Words Written
=
)
Time in Minutes
8

PC Network PC Network

Figure 3 and 4. Number of notes written (3) and time spent learning (4) by environment and course

6.4 REDEEM Process Data

REDEEM logs information about how many attempts a student requires to answer the
guestion correctly and the number of hints either provided or requested as part of the report
given to teachers. These measures were analysed to examine if there was any systematic
relationship between behaviour with REDEEM and performance, prior knowledge or
Raven’ scores. Data is presented for the learner’'s REDEEM interaction, irrespective of
whether it was the PC or Networking course.

Table 3. Correlation between Raven's scores, learning gains, hints requested, and attempts at the question.

2 3 4 5
Raven’s score 004 014 -30%  -.46***
REDEEM pre-test score -0.35**  -0.07 -.16
REDEEM Gain score -0.01  -.38**
Hints on Reguests 0.35%*

Attempts at Question

Note* = p<0.1, ** = p<0.05, *** = p<0.01 (two tailed test of significance).

Students who learnt more with REDEEM tended to know less to start with but they
required fewer attempts to answer a question correctly. There was no relationship between
the number of hints requested and learning outcomes, although requesting more hints was
associated with increased attempts at questions. Pre-test does not predict those students who
required more attempts to answer questions correctly, however Raven's scores did, with
those students with lower scores requiring more attempts.

7. Discussion

Students' performance at post-test was significantly higher than it was a pre-test.
Furthermore, learners’ scores differentially improved for the course they learnt with
REDEEM. This differenceis educationally as well as statistically significant. An effect size
analysis showed that REDEEM led to an average 0.81 sigma improvement in learning
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outcomes compared to CBT (if calculated separately REDEEM PC led to a 0.96 sigma
improvement and REDEEM Network 0.71 compared to the equivalent CBT). Accordingly,
REDEEM ITSs do not deliver the learning gains associated with expert human tutors but
they are in the same range as traditional 1TSs and non-expert tutors compared to classroom
teaching. The difference between REDEEM and CBT was not as great on the Networking
course as on the PC course. This is plausibly an order effect as there are no obvious
differences in authoring between the two courses. Students transferring from REDEEM to
CBT Network to do dightly better than predicted and those transferring from CBT to
REDEEM Network dlightly worse. This is particularly noticeable as students spent less
time learning on CBT Network. They aso consistently write more notes on the PC course
(irrespective of environment). A planned full cross over design (i.e. two further conditions
of REDEEM/ REDEEM and CBT/ CBT) will provide more insight into these effects.

One of the key differences between the REDEEM ITSs and the CBT is that
REDEEM asks students questions, providing hints to their solution and explaining why
answers are correct. Hence, performance should be most facilitated on those items that
REDEEM directly questions. Therefore, we hypothesised that learning should be enhanced
for REDEEM questions compared to Non REDEEM questions on the REDEEM course and
there would be no difference between the question types on the CBT course. However,
whilst the data did show the predicted benefits of REDEEM, they did not manifest in this
way. Firstly, the results showed that non REDEEM questions were associated with
enhanced performance for the CBT course, i.e. when no questions are asked, material that
formed part of the NONQ battery was more easily learnt than material that formed part of
the REDQ battery. Hence, REDEEM improves learning by removing the NONQ over
REDQ advantage on the student’'s REDEEM course as students' performance is better on
the REDQs that they learnt with REDEEM rather than the ones they learnt with the CBT.
We suggest that the authoring on these courses was influenced by an unconscious bias to
set students questions on items that authors expected to be more difficult. In this way, the
authors hoped to provide students with more opportunities to learn difficult material and
given the REDEEM advantage, it would appear that they have been successful.

The results of this study indicated that some students were likely to learn more with
REDEEM than others. They tended to start with lower pre-test scores, athough a smple
ceiling effect can be ruled out as the average post-test scores was 73%. They were less
likely to need multiple attempts in order to answer questions correctly. Furthermore,
students who had required fewer attempts at questions had higher Raven’s scores (in line
with claims that Raven's measures an educative component of genera intelligence).
Students who needed multiple attempts also asked for more help, athough thisis explained
by learners requesting help after receiving an incorrect error message. The results of these
analyses will help provide information concerning what factors we should take into account
when using REDEEM macro-adaptive features to adjust teaching strategies to the needs of
particular students. They also indicate features that REDEEM could monitor to adjust its
behaviour or inform teachers of potentially struggling students. For example, increased
number of attempts needed to answer question correctly was also associated with poorer
learning outcomes in [16] with younger students studying different material.

After completely the courses, the participants filled in a questionnaire about their
experience. All but one of the participants said they preferred learning with REDEEM.
Their explanations as to this preference again tended to focus on REDEEM’s questions
(e.g. “questions helped me check | had understood before leaving a section”), with hints
and explanations of answers, and section summaries aso being identified as useful.

In summary, the REDEEM ITSs used in this study were enriched with extra
interactive elements compared to the CBT and we endeavoured to apply an appropriate
teaching strategy. However, the extra “intelligence” that REDEEM can provide such as the
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use of student stereotypes, multiple teaching strategies, differentiation of content and
monitoring of student performance was not used. Even without these features, learning
gains with REDEEM were both statistically and educationally greater. This may suggest
that some of the previous comparisons of ITSs to lectures and classroom teaching found
enhanced learning because of the increased interactivity associated with ITSs rather than
their ability to micro or macro adapt. However, further research with REDEEM will help us
uncover whether adding more micro-adaptive functions to the REDEEM shell and utilizing
REDEEM'’ s macro-adaptive features will provide further improvement upon this base line.
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