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ABSTRACT

We lay out one strand of a continuing investigation into the
development of a virtual peer to help children learn to use
“school English” and “school-ratified science talk”. In this
paper we describe a detailed analysis of a corpus of child-
child language use, and report our findings on the ways chil-
dren shift dialects and ways of discussing science depending
on the social context and task. We discuss the implications
of these results for the re-design of a virtual peer that can
evoke language behaviors associated with student achieve-
ment. Furthermore, our results allow us to describe the ways
in which this virtual agent can tailor its level of interaction
based on a child’s current aptitude in this area.
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INTRODUCTION

Significant work in the areas of pedagogical agents and cog-
nitive tutors employs humanoid representations of teachers
and tutors to help children learn science and mathematics
content in schools. In this study we motivate the use of a less
common technology—the virtual peer[11, 2]—and describe
ways in which virtual peers can be designed from child-
child behavioral data to scaffold children’s learning of main-
stream dialects and scientific literacy. The project is mo-
tivated by the persistent achievement gap between African
American and European American students in the American
school system [10]. Language plays an important role in this
achievement gap, and children who come to school speaking
African American English (AAE) rather than Mainstream
American English (MAE) score lower on the GORT-3 stan-
dardized reading test independent of the socioeconomic sta-
tus of the child [4], and may be unfairly judged as less skilled
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at using classroom discourse [8]. Our earlier work imple-
mented a race-ambiguous virtual peer (to avoid evoking any
inadvertent noxious stereotypes of ethnicity) [1], and laid out
a Markov model dialogue system infrastructure that selects
appropriate response for the virtual peer to enunciate based
on the utterances in the child-child corpus [3]. In this paper
we describe a detailed analysis of a corpus of child-child in-
teraction, and the places in which child-child play actually
results in children producing on-target school language and
scientific literacy content, and discuss how this analysis can
be integrated into the interaction model for the virtual peer.

In addition to dialect differences, not all children come to
school fluent in the particular style of scientific discourse
emphasized in traditional science classrooms [7] as well as
its nonverbal correlates. Therefore an intervention that teaches
how to “codeswitch” among verbal and nonverbal styles in
the classroom has the potential to allow AAE speaking chil-
dren to overcome an achievement barrier in the classroom
and make good progress in school while maintaining their
connection to their home culture and language. The use of
a virtual peer derives from the recognition that children may
not produce MAE or SRST in the classroom in the presence
of teachers. Thus, rather than developing a tutor agent, we
offer children the opportunity to interact with a peer who can
model, scaffold, and evoke the target language and nonver-
bal behaviors, in the way that children sometimes—but not
reliably—do for one another. Our hope is that by employing
a peer, we will avoid an “oppositional culture” between the
child’s home and school environments [9].

METHOD AND PROCEDURE

Participants were 30 African American 3rd-grade children
between the ages of 8 and 10 who attended schools, sum-
mer or after-school programs with largely African Ameri-
can participation, located in a mid- or low-SES neighbor-
hood (85-87% low income) in a large urban metropolitan
area. All of the 8-10 year old children from these venues
whose parents returned a consent form appear in this sam-
ple. Initial assessment was conducted of dialect uses by one
white MAE- and one African American AAE-speaking ex-
perimenter by observing children engaging in different activ-
ities, with different conversational partners of different sta-
tuses who spoke either AAE or MAE. All 30 children spoke
AAE in all contexts observed and were independently de-
scribed by their teachers as monodialectal and “incapable”
of speaking MAE. Children were paired for the data col-
lection and completed two tasks: first collaborating to con-



struct a bridge with Legos (the “Bridge Task™), and then tak-
ing turns in the role of “Student” and “Teacher” as they ex-
plained to one another how they built the bridge (the “Class-
room Task™). The tasks were videotaped from 4 angles.

Language and nonverbal behaviors were transcribed and seg-
mented into utterances, which were then annotated for 23
morphosyntactic (i.e., grammatical) and 9 phonological (i.e.,
sound) features from Washington and Craig’s African Amer-
ican English Dialect Density Measure (DDM) [5], plus two
features specific to the region. Two types of scientific dis-
course were also coded, and characterized as school-ratified
scientific talk (SRST) and non-school ratified scientific talk
(NRST). SRST included questions, hypotheses, testing, ex-
planations, and talk of causation. NRST included a narra-
tive form of scientific discourse often discounted or discour-
aged in the classroom. For example, the SRST utterance,
“We need to build it taller,” contrasts with a possible NRST
equivalent, “We got to so the fishes don’t get them.” Cohen’s
Kappa was used to assess interrater reliability, and all kappas
were greater than .60 indicating good agreement.

The corpus contains 5223 utterances in 3004 speaking turns,
after removing utterances that were completely unintelligi-
ble. Across both the Bridge Task and the Classroom Task,
67% of the utterances are entirely MAE and 33% contain
at least one AAE dialect feature. While this may seem sur-
prising, in children of this age, DDM is typically 10-15%
and rarely more than 20% of spontaneous discourse, because
AAE morphosyntax and phonology are identical to MAE in
many cases. 76% of utterances contain no SRST or NRST
(and were primarily questions, commands, or random com-
ments); 5% contain NRST, and 19% contain SRST. The per-
centage of NRST may be low because we coded dialect and
science talk independently. This avoids unintentional inter-
pretation of all science talk spoken in AAE as NRST, when it
might actually be SRST. Children spoke on average 203 ut-
terances (SD=96), with a mean length of utterance in words
of 4.5 (SD=1.17). We grouped utterances into speaking turns
to focus the analysis on how one child’s speech turn influ-
ences the other child’s production of MAE and SRST in the
subsequent turn.

ANALYSIS AND RESULTS

Our analysis focused on identifying aspects of language use
that consistently precede MAE and SRST in children’s speech,
in order to use this correlational information to generate de-
sign hypotheses about how children adapt their dialect us-
age to the surrounding context that can then be implemented
and tested as part of the prototype virtual peer. In other
words, we wanted to know what child A did in speaking
turn 1 before Child B used more MAE and SRST than ex-
pected in speaking turn 2, based on dialect usage and scien-
tific discourse in the corpus as a whole. We used this con-
tingency analysis approach to determine predictors of MAE
and SRST in the conversation of two real peers, because our
implementation of virtual peers relies on the naturalistic be-
haviors of peer modeling and scaffolding rather than instruc-
tional techniques such as prompts and explanations.

We conducted a series of fully-categorical mixed model lo-
gistic regressions, using maximum likelihood estimation. We
used two binary dependent variables: the presence of SRST
in a speaking turn, and whether a majority of utterances in a
speaking turn consisted entirely of MAE. The unit of anal-
ysis is the speaking turn; all predictors describe character-
istics of the previous speaking turn (i.e., the speaker’s part-
ner). The dataset includes multiple observations from each
child and each pair, resulting in the potential for systematic
differences resulting from between-child, within-pair, and
between-pair variance to bias the results. Therefore, each
model also includes random effects controls to account for
variance structures due to observations that are not indepen-
dent.

The selection of predictors was motivated by literature from
sociolinguistics and education suggesting that particular fea-
tures might result in an increase in our target “classroom lan-
guage” behaviors, MAE and SRST. Unfortunately, 15 dyads
did not provide enough observations in each of the categories
of the higher-order interactions among the predictors to sat-
isfy the logistic regression requirement of non-zero cells.
This means it is not mathematically possible for us to in-
clude all predictors in every model, and therefore we cannot
determine from this dataset which predictor is “better”. In-
stead, the questions we ask with these models concern effect
size—how big is the effect of a particular combination of
predictors on our target behaviors—rather than prediction.
In essence, these regressions are interpreted similarly to chi-
square tests, with additional controls for non-independence
of the observations.

Dialect Sub-Groups

A dialect density measure (DDM = number of dialect fea-
tures / number of words) [5] was calculated for each child;
higher DDM values mean more AAE dialect features. Low
vs. High MAE was determined a posteriori by calculating
DDM for each child and breaking them into 2 groups at the
median DDM. The average DDM for High MAE children
was 0.077 (SD=0.024), and the DDM for Low MAE chil-
dren (those using more AAE features in their speech) was
0.163 (SD=0.033).

Results demonstrate that the children adapted their dialect
usage according to the roles they assumed during the Bridge
and Classroom tasks, and that this adaptation presents in
different ways for the dialect sub-groups. A mixed Child
Dialect (between-subjects: Low vs. High MAE) x Role
(within-subjects: Peer, Student, Teacher) ANOVA showed
significant main effects for both Role (df=2, F=5.31, p <
.01) and Child Dialect (df=2, F=192.55, p < .001). There
was also a significant Child Dialect x Role interaction (df=4,
F=3.56, p < .01). As expected, the average DDM for Low
MAE children was highest, meaning they used the most AAE,
in the Peer Role: 0.18 (SD=0.05), and lower when the chil-
dren role-played Teachers: 0.13 (SD=0.06). However, for
these children, the DDM in the Student role was also high,
nearly equivalent to the Peer Role DDM: 0.17 (SD=0.08).
Thus, while these children were able to adapt their dialect
usage to role, they did so only when they were pretending



Baseline Likelihood | High MAE Partner | Low MAE Partner
Classroom Bridge |Classroom Bridge |Classroom Bridge

High MAE Child| 82%* T6%*** 81%* 77% 85%* 74%.
Low MAE Child 60% 63% 76%* 62% 58%* 63% @
Signif. codes: 0 “**#70.001 ****0.01 “*70.05 *.” 1; @ = intercept

Figure 1: Model results showing the likelihood of MAE when High
vs. Low MAE-speaking children interacted with High vs. Low MAE-
speaking partners, compared with the baseline model.

to be Teachers, not Students. In contrast, the High MAE
children adjusted to use more MAE in both the Student and
Teacher Roles.

Most importantly, Figure 1 shows that Low MAE children
actually increased their use of MAE when they interacted
with High MAE partners. High MAE children are likely to
use the same amount of MAE in a speaking turn no mat-
ter whether the previous turn was spoken by a High or Low
MAE partner—about 80-85%. In contrast, Low MAE chil-
dren have only a 58% likelihood of using MAE when the
previous turn was spoken by a Low MAE partner and a 76%
likelihood of using MAE when the previous turn was spo-
ken by a High MAE partner. This is important because it
provides evidence that Low MAE children are sensitive to
just the sort of intervention we are creating.

Turn Sequence Patterns

Additional regressions examined more closely communica-
tion patterns across speaking turns, and interactions with
amount of dialect used. In describing the magnitude of the
effects, we compare the predicted probabilities generated for
each category of the regression models against baseline pre-
dicted probabilities from models including just dialect sub-
group membership as a predictor, and the random effects
controls. The predicted probabilities resulting from these
baseline models can be found in the “Baseline” columns of
Figures 2 and 3.

MAE as a Predictor

For High MAE children, MAE in the previous turn leads
to an increased likelihood of MAE in the Bridge Task, but
not the Classroom Task. These children already use signifi-
cant MAE—they are already the most capable of producing
school English. This result indicates that even when they are
not trying to behave in a socially-acceptable fashion for a
classroom setting, the presence of MAE in the previous turn
influences them to use more MAE. However, for these chil-
dren, MAE does NOT also lead to an increase in SRST; it
actually leads to a lower-than-expected likelihood of SRST,
in the Bridge Task. For Low MAE children, the presence of
MAE in the previous turn leads to an increased likelihood of
MAE in the next turn in the Classroom Task, but that effect
is not present in the Bridge Task. Interestingly, this is the op-
posite pattern of the High MAE children, indicating a differ-
ent process is at work for the Low MAE children. Speaking
in MAE may be more difficult for them, and therefore it re-
quires the concerted effort of role playing in the Classroom
Task for them to be influenced by MAE spoken by the other
child in the previous turn. For Low MAE children, MAE has
no effect on the likelihood of SRST. (See Figure 2.)
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Figure 2: Results from two models using MAE as predictor; dependent
variables are the likelihood of MAE and SRST in a speaking turn.

Science Talk as a Predictor

For High MAE children, SRST in the previous turn is not
associated with an increased likelihood of MAE in the next
turn over what is expected. Interestingly, however, High
MAE children are LESS likely than expected to produce
MAE if the turn is preceded by NRST, in both the Class-
room and Bridge Tasks. This seems to indicate that perhaps
NRST is somehow incompatible with MAE. If a speaking
turn is preceded by SRST, High MAE children are more
likely to use SRST in the following turn in both the Bridge
and Classroom Tasks. Like the High MAE children, MAE
speech is less likely if it follows NRST in both Tasks. How-
ever, contrary to the High MAE children, both NRST and
SRST lead to an increased likelihood of SRST in the Class-
room Task. This hints that Low MAE children are more able
to switch from NRST to SRST than the High MAE children.
(See Figure 3.)

DISCUSSION AND FUTURE WORK

In their most basic form, our results demonstrate that chil-
dren described by their teachers as monodialectal do have
the ability to switch dialects and speak MAE. In addition,
those same children, as young as 8-10 years old, are con-
scious of the social contexts in which each dialect is most ap-
propriate. Finally, these children are capable of using more
school-ratified science talk than they are given credit for
when they are assuming the role of student and teacher. The
irony of this is not lost on us: children who do not speak
MAE and SRST in their actual physical classrooms, do use
this dialect and style of talk when playing classroom.

In looking more concretely at precursors of MAE and SRST—
the dialect and style of talk expected in the classroom—we
find that the children who speak the least MAE in their inter-
actions are most sensitive to the dialect of their interlocutor,
indicating that the behavior of the virtual peer may be able
to influence the talk of exactly the children who need this in-
fluence. There is also an interaction between the dialect den-
sity of the child and the task type. This is particularly true for
low MAE speakers in the classroom task, where they are less
likely to use MAE than the high MAE children in general,
but more sensitive to the use of MAE in the previous turn.
These low MAE children are also sensitive to the presence of
any kind of science talk in the previous turn—either NRST
or SRST in the previous turn leads them to produce SRST.
Interestingly, for all of the children whose talk we analyzed,
the presence of NRST dampened the likelihood of MAE, as



Baseline Likelihood No ScienceTalk NRST Present SRST Present
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Figure 3: Results from two models using SRST as predictor; dependent variables are the likelihood of

MAE and SRST in a speaking turn.

if it were difficult to use classroom English when engaging
in a narrative style of science talk.

How do the results above relate to the development of the
virtual peer? It is clear, first of all, that the choice of a peer
as a pedagogical tool is justified by these results since it is
clear that peers can have an effect on the amount of Main-
stream American English and School-Ratified Science Talk
of their peers. More challengingly, however, these results
indicate problems with the previous implementation of the
virtual peer—where the Markov model generated the most
likely utterance act to follow a given utterance act in the cor-
pus. This is clearly by no means sufficient to elicit signif-
icant changes in the target school behaviors, in particular
the increase in the kind of scientific reasoning that teachers
prize. In the next iteration, the virtual peer needs to point-
edly produce SRST and MAE, particularly in the classroom
task. It is also clear, and technically challenging to the cur-
rent implementation, that the virtual peer may need to know
whether the child is already a significant user of MAE or
not, since this has an effect on the kinds of influence previ-
ous turns have on MAE and SRST in subsequent turns. In
general, however, we can see that to implement an algorithm
into a virtual peer such that it can adapt to any child, we
need to consider what our target behaviors are and what pre-
dicts them in different contexts. Our goal is to scaffold both
MAE and SRST so that children who are perceived to be un-
derachieving in the sciences, and in school in general, can
utilize the virtual peer to model the appropriate behaviors.

With these results in hand we are ready to return to a re-
design of the virtual peer. Previous work has demonstrated
the success of using human tutoring behavior in the design of
Computer Cognitive Tutors [6]. This work, for the first time,
shows how data from child-child interaction can be used to
improve a virtual peer to scaffold learning. The next step is
to address the technological issues that will allow the virtual
peer to produce these behaviors, and to test whether practice
with the virtual peer transfers to actual performance in the
classroom. In the meantime, our results constitute a concrete
set of recommendations for a virtual peer or any classroom
system targeting the use of Mainstream American English
and School-Ratified Science Talk.
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