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Abstract. The results of a Spring 2006 experiment [11] shotted scaffolding led to
higher averages on a post-test, although it wasstaitstically significant. However,
when we looked at scores on particular post-tesastthat students had seen as pre-test
items, we saw significant differences. For a psg-tem which concerned finding the y-
intercept from an equation, the ANOVA showed aistiatlly significant p-value of
0.005 with an effect size of 0.85 on performancehenpost-test. This item on finding the
y-intercept from an equation proved to be a diffigroblem for all of the students and
scaffolding helped significantly. We speculated th& scaffolding had a greater positive
effect on learning for this item because it was mowre difficult for the students than
the other items. We thought that this result waedrm closer look at the link between the
difficulty of an item and the effectiveness of golfing. In this paper, we report on an
experiment that examines the effect of math preficy and the level of feedback on
learning.

I ntroduction

The Assistment system is a web-based system tleatd$®l assisting students with
assessing their knowledge. The system tutors stside 7, 8" and 18' grade content
that is based on Massachusetts Comprehensive AsseisSystem (MCAS) released test
items. There are currently over 1000 students usiagissistment system as part of their
mathematics class.

Our results show that students are learnifigg@de math at the computer by
using the system, but we were not certain if thidue to students getting more practice
on math problems or more due to the "intelligertbring” that we created and force
students to participate in if they got a problenomg. In Spring 2006, we conducted a
simple experiment [11] to see if students learnedacset of 4 problems if they were
forced to do the scaffolding questions, which woAlBK them to complete each step
required to solve a problem, compared with beingemgihints on demand, which would
TELL them the same information without expectingaaswer to each step. In the study,
the “scaffolding” condition represents a more iatdive learning experience than the
"hints" condition.

Several studies in the literature have argued itihate interactivity will lead to
better learning. In studying what makes a tutogagsion successful, VanLehn, Siler and
Murray (1998) [12] identified principles for effée¢ teaching. One important principle



was that tutors should not offer strong hints gulapules to problems themselves when
students make mistakes. Students miss the opptyrtianiearn how to solve a problem
when they are given an answer and are not allowegdson for themselves. Merrill,
Reiser, Ranney and Trafton (1992) [7] comparedefifectiveness of human tutors and
intelligent tutoring systems. They concluded thahajor reason that human tutors are
more effective is that they let the students dotrobshe work in overcoming impasses,
while at the same time provided as much assistasicecessary. [5] argues that the main
thing human tutors do is to keep students on teu#k prevent them from following
“garden paths” of reasoning that are unproductive anlikely to lead to learning. [5]
pointed to the large number of remarks made bydutwat helped keep students on track
while learning Lisp programming. Modeling, coachiagd scaffolding are described by
Collins, Brown and Hollum (1991) [3] as the heaftcognitive apprenticeship, which
they claim “help students acquire an integrated afesskills through processes of
observation and guided practice.” An important pafrtscaffolding is fading, which
entails progressively removing the support of sidifig as the student demonstrates
proficiency [3].

VanLehn et al (2005) [12] reviews several studieat thypothesize that the
relationship between interactivity and learningséexi as well as a few studies that failed
to find evidence for this relationship. [12] foutitht when students found text to be too
difficult, tutoring was more effective than havitige students read an explanation of how
to solve a problem. We believe that our resultsastiwat this was true for one of the
problems in our experiment which proved to be \dffycult for the students.

The results of the Spring 2006 [11] experimentcdbed above showed that
scaffolding led to higher averages on a post-takhough it was not statistically
significant. We also looked at scores on particplast-test items that students had seen
as pre-test items. For the first pre-test item,ciwtdoncerned finding the y-intercept from
an equation, the ANOVA showed a statistically digant p-value of 0.005 with an
effect size of 0.85. The 95% confidence intervath#d effect size of 0.85 is [0.5, 1.2],
meaning that we are 95% confident that the effieetis somewhere between 0.5 and 1.2,
implying that the effect size seems to be at Igesstiter than 0.5. This item on finding the
y-intercept from an equation proved to be a diftigmoblem for all of the students and
scaffolding helped significantly. We speculated tih@ scaffolding had a greater positive
effect on learning for the first pretest item besmut was much more difficult for the
students than the second pretest item. We thobughthis result warranted a closer look
at the link between the difficulty of an item aine teffectiveness of scaffolding.

Since teachers using our system have started signashe Assistments for
homework we also wanted to determine if Assistmeats lead to better learning than
traditional paper-and-pencil homework. The questsowhether immediate feedback and
coaching through math problems leads to betteniegrthan the delayed feedback that is
customary with traditional homework (i.e. after tieacher has graded it). We simulated
the delayed feedback condition witAssistments that accepted whatever answer the
student gave and did not provide any feedback theiend of the assignment.

The purpose of this experiment was to determinéchwitevel of feedback
worked best for students learning math: scaffoldihgits on demand or delayed
feedback, and how the difficulty of an item infleex the effectiveness of the feedback
provided.



1. The Assistment System

Limited classroom time available in middle schoa@thematics classes requires teachers
to choose between time spent assisting student®la@ment and time spent assessing
their abilities. To help resolve this dilemma, atsice and assessment are integrated in a
web-based system called the Assistrh@yistem that offers instruction to students while
providing a more detailed evaluation of their dlaf to the teacher than is available
under most current approaches. Many teachers asgytitem by requiring their students
to work on the Assistment website for about 20 r@super week in their schools’
computer labs. Each week when students work onvéisite, the system “learns” more
about the students’ abilities and thus, it can tiygtically provide increasingly accurate
predictions of how they will do on a standardizedtimematics test. The Assistment
System is being built to identify the difficultiesdividual students - and the class as a
whole — are having. It is intended that teacheikhei able to use this detailed feedback
to tailor their instruction to focus on the partaudifficulties identified by the system.
Unlike other assessment systems, the Assistmemhaémgy also provides students with
intelligent tutoring assistance while the assessiméormation is being collected.

An initial version of the Assistment system wasateel and tested in May, 2004.
That version of the system included 40 Assistmésing. There are now over 1000
Assistment items. The key feature of Assistmentshet they provide instructional
assistance in the process of assessing studemsyplothesis is that Assistments can do
a better job of assessing student knowledge lirartatthan practice tests or other on-line
amount and nature of the assistance that studecgs/e as a way to judge the extent of
student knowledge limitations.

It is easy to carry out randomized controlled eikpents in the Assistment
System. Items are arranged in modules in the sysi&i® module can be conceptually
subdivided into two main pieces: the module itsaifid sections. The module is
composed of one or more sections, with each sectortaining item®r other sections
This recursive structure allows for a rich hiergrasf different types of sectionand
problems. The section component is an abstracbora fparticular listing of problems.
This abstraction has been extended to implementwuent section types, and allows for
future expansion of the module unit. Currentlyséirig section types include “Linear”
(problems or sub-sections are presented in linederh) “Random” (problems or sub-
sections are presented in a pseudo-random orchel)Experiment” (a single problem or
sub-section is selected pseudo-randomly from gathistothers are ignored).

2. Experimental Design

Problems in this experiment addressed interprdimear equations. Figure 1 shows an
item used in the experiment. The item shows thtemdiht feedback that students can
receive once they have answered a question intlytrréd/e call this top-level question

the original question.) A student in the scaffolicondition is immediately presented
with the first scaffolding question. Students maisswer a scaffolding question correctly

! The term Assistment was coined by Kenneth Koediagd blends Assisting and Assessment.



to proceed and receive the next scaffolding quegbo finish the problem). They cannot
go back and answer the original question, but ratlte forced to work through the
problem. Students in the hints condition receiveuggy message, outlined in red, of
“Sorry, that is not correct”. The hint shown oudlthin green appears when the student
requests a hint by pressing the Hint button. Sttedda not see the hints unless they ask
for them. Students in the delayed feedback comdiid not receive any feedback on the
problems that they did until they had finished @flthe problems. At that time, the
students were presented with the answers and etjgas of how to solve the problems.
Figure 2 shows the explanation that students irdtHayed feedback condition received
for the item shown in Figure 1.

Based on the results of the Spring 2006 experimeathypothesized that less
proficient students would need more interaction bedefit more from the scaffolding
than more proficient students.
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For this experiment, the number of problems wadd kenstant, but students
took as much time as they needed to finish alhefgroblems. Students were presented
with 2 pre-test problems, 4 experiment problems apdst-test problems that addressed
the topic of interpreting linear equations. Thererav3 versions of the experiment
problems, one for each condition. Two of the pst-froblems were the same problems
as two of the post-test problems.

The Assistment system randomly assigned studente hints, scaffold or
delayed feedback condition with equal probabili892 8" grade students in the
Worcester Public Schools in Worcester, Massachagetticipated in the experiment,

138 students were in honors level
The correct answer is Graph D. Read the following classes and 254 were in regular
explanation to see how to find the answer. math classes
The ecuation of a line can be written as follows:
p=mx+h
b & ey itencept 3. Analysis
According to the equation y = -3x + 4, what is the slope of this line?
Is the slope of the line posttive or negatrre?

y y We first checked to make sure

that the groups were not

/ significantly different at pre-test
\ by doing an ANOVA on pre-test

. Ix _ . averages by condition. There was
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the slope is positive. the slope is negative. groups at pre-test (p = 0556)
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Which graph shows a line with a y-intercept of 47 feedback condition. We decided
The answer is Graph D to take a closer look at the item
Figure 2. The delayed feedback condition received ~ that proved most difficult for
explanations at the end of the assignment. students. The problem concerned

finding the y-intercept from an
equation and was presented to students in theeptexhd again in the post-test. We did a
one-way ANCOVA with performance on the easier g&-ttem as a covariate. The main
effect of condition (F(2, 349) = 3.8, p = 0.02) iiep that the delayed feedback works
best and the hints are least effective. The S$tlssignificance of the covariate’s
coefficient implies that students with higher ssomn the easier pretest item are more
likely to learn more averages over the three comast The statistical significance of the



interaction term (Covariate*Condition) implies thdte main effects of pre-test and
condition are different.

We interpret the low p-values on the interactiormtéo mean that there are
different rates of learning on the single itemseoaspon the interaction between the
covariate and condition. Students who come in Jads knowledge benefit more from
the scaffolding than students who come in with marewledge. Students who come in
with more knowledge benefit from the delayed feettbhmore than the other groups.
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4. Discussion

The results of this experiment were surprising. 8kenot expect students in the delayed
feedback condition to learn more than in other gspunowever the honors students did
better in this condition than in the scaffoldinglonts conditions. The regular students
performed better in the scaffolding condition. Opessible explanation is that less
proficient students benefit from more interactiom @oaching through each step to solve
a problem while more proficient students benefinfrseeing problems worked out and
seeing the big picture. Another possible explamagout forth by one of the eighth grade
teachers, is that honors students are often manpetitive and like to know how they do
on their work. The delayed feedback group had t tiathe end of the assignment to
see how they did and perhaps the honors studemtsdeop reading through the
explanations more carefully than they would hawzslréhe scaffolding questions or hints.
The students in the hints condition did not perfoas well as the delayed
feedback groups for both proficient and less prefitstudents. One possible explanation
is the more proactive nature of the delayed feddleaplanations. Murray and VanLehn
[8] found that proactive help was more effective Some students. “Proactive help when
a student would otherwise flounder can save timeyemt confusion, provide valuable
information at a time when the student is prepamed motivated to learn it, and avoid
the negative affective consequences of frustradiuh failure.” In the Assistment system,



students only see hints if they ask for them amy tre less likely to ask for hints on
multiple choice questions when they can guess easdy.

We believe the results of this experiment preasgod case for tailoring tutor
feedback to types of students to maximize themnieg.
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