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Abstract
Data collected from descriptive assessments of children’s behavior and caregiver
responses can be summarized according to matching theory, which states that
relative rates of responding match relative rates of reinforcement. The extent to
which matching applies to descriptive assessment data can be evaluated by
application of the generalized matching equation (GME). However, three
limitations exist in previous applications of the GME: (a) the most appropriate
method of aggregating the data is unclear, (b) consequences must be manipulated
in order to determine reinforcement, and (c) individual differences in sensitivity
can influence the results. This Capstone project addressed those three issues by
comparing the results of a descriptive assessment and an experimental analysis for
two children. The results showed that aggregating data into 2.5 min bins prior to
applying the GME provided the closest approximation to matching under
experimental conditions. Furthermore, the descriptive data were more variable
than the experimental data. Lastly, the results of this study support use of the

GME to detect individual differences in matching.
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Introduction

The principles of operant conditioning describe how learning occurs
through the reinforcement and punishment of behavior (Cataldo et al., 2012).
These principles also occur in various natural settings, including classrooms,
when teachers reinforce children’s behavior with consequences such as attention,
tangible rewards, or escape from task demands (Martens, Gertz, Werder, &
Rymanowski, 2010). Behavior is said to have an operant function when it allows
children to consistently obtain such consequences. One way to identify potential
operant functions of children’s behavior in classrooms is to conduct a descriptive
assessment of behavior and its consequences (Martens, DiGennaro, Reed,
Szczech, & Rosenthal, 2008). According to Martens and colleagues, a descriptive
assessment is a type of functional behavior assessment (FBA) that seeks to
describe antecedent-behavior-consequence relationships that exist in the natural
environment.

During an FBA, observations of child behavior are conducted at the time
and place of their natural occurrence. Neither the setting nor the data are
manipulated in a descriptive assessment. Therefore, descriptive assessment
provides an accurate account of the events surrounding the occurrence of
observed child behaviors. As an example, Anderson and Long (2002) observed
three boys and one girl between the ages of 6 and 13, all of whom were being
treated for severe behavior problems. Observation sessions were conducted
throughout the day and each child’s caregiver (either a teacher or parent) was

instructed to respond to problem behavior as they typically would. In their



descriptive assessment, Anderson and Long sequentially recorded child behaviors
and categories of caregiver responses that were defined prior to conducting the
study. The resulting output provided not only the frequencies of child behaviors
and caregiver responses, but also the sequence in which they occurred. Recording
these naturally occurring sequences provided meaningful information about which
caregiver responses were acting as potential reinforcers for certain child
behaviors. In order to identify such relationships, Anderson and Long calculated
and graphed various conditional probabilities from the descriptive assessments to
develop interventions to reduce the children’s severe problem behaviors.
Applications of Matching Theory

The data collected from descriptive assessments can provide insight into
the interaction of behavior and reinforcers within natural environments, and have
been summarized according to matching theory (St. Peter et al., 2005). Matching
theory states that relative rates of responding will match relative rates of
reinforcement provided for two alternative behaviors (Herrnstein, 1961). More
recently, matching has been used to identify which specific events may be acting
as reinforcers for on- and off-task child behavior. For example, in the work
conducted by St. Peters and colleagues, the relationship between adult attention
and child behavior was explored. Three students between the ages of 14 and 19,
all with diagnosed developmental disabilities, participated in the study. A
descriptive assessment was conducted in a playground setting and in a classroom
setting. Observations were collected for at least 3.5 hours for all three students.

A matching analysis was then applied to the descriptive data using the generalized



matching equation. Based on the results of the matching analysis, St. Peter et al.
found a correlation between the relative amounts of adult attention and child
problem behavior, providing support for matching and suggesting that as the rate
of adult attention increases, so does the rate of child problem behavior.

As illustrated by St. Peter et al. (2005), the generalized matching equation
(GME) is commonly used to evaluate the extent to which matching applies to
descriptive assessment data. The GME is a linear equation in which the
logarithmic (log) transformation of behavior ratios for responses one and two
(R1/R2) are regressed on the log of reinforcement ratios for the two responses
(r1/r2) to predict relative rates of behavior. For strict matching, the slope of the
line will equal 1.0, and the intercept will equal 0, indicating a unit change in
behavior ratios with a change in reinforcement ratios (slope = 1.0) and no bias
favoring either behavior (intercept = 0).

Although matching has been a useful tool for evaluating the operant
function of problem behavior, there are limitations to fitting the GME to
descriptive data. First, without actually manipulating consequences one cannot be
sure which adult responses are functioning as reinforcers for child behavior.
Second, the most accurate method of aggregating descriptive assessment data
prior to conducting the analyses has not been determined. Because researchers
have used various methods of aggregation, the accuracy of matching for
descriptive data is still in question. For example, some researchers have measured
adult responses to child behaviors based on closeness in time, determining how

many seconds have passed between a specific behavior and a response before



considering that response as a potential reinforcer (e.g., Borrero & Vollmer,
2002). However, others, such as St. Peter et al. (2005), have partitioned
observations into specific blocks of time (e.g., 10 min), and counted the number
of responses and behaviors that occurred within each block or “bin”.

Variations in how the data are binned may result in different matching
parameters, calling into question the accuracy of matching analyses. For example,
Borrero et al. (2007) conducted a study in which they binned experimental data in
multiple ways, and the resulting matching parameters were different for each
method of binning. A total of 25 undergraduate students served as participants.
The experimental sessions were conducted two-on-one with one undergraduate
student and two confederates in a laboratory room. The confederates followed
strict schedules of administering statements of agreement in response to answers
given by the participant in an effort to reinforce verbal responses and attending to
each of the confederates. The GME was used to analyze the experimental data in
an attempt to determine whether or not the rate of agreeable statements influenced
the rate or duration of student responses. In order to conduct this analysis,
Borrero et al. separated the data in three ways: (a) they applied the GME to data
from only the first 5 min of the session, (b) to data from only the last 5 min of the
session, and (c) to data from the entire session (20 or 30 min). The results of this
study showed that the data from the first 5 min of the session provided a closer
approximation to perfect matching than the data from the last 5 min of the
session. In other words, this finding implies that participants were immediately

sensitive to reinforcers (i.e., agreeable statements given by the experimenter), but



that this sensitivity decreased near the session end. The researchers also found
that less variance was accounted for in the 30 min sessions that in the 20 min
sessions, also implying differences in participant matching.

A third limitation to using the GME may result from individual
differences in subjects’ sensitivity to reinforcement across different bins or time
windows. According to Baum and Aparicio (1999), the payoff ratio of one
reinforcer compared to that of an alternative reinforcer plays a role in determining
choice behavior. For example, if a child receives some form of reinforcement
after every 60 s of on-task behavior, and some form of reinforcement after every
90 s of off-task behavior, then the payoff ratio is greater for on-task behavior.
According to matching theory, the child should choose on-task behavior more
frequently to ensure a higher payoff of reinforcers. However, a child that is
highly sensitive to reinforcement schedules may recognize that at around 90 s,
they can achieve a higher payoff ratio on the leaner alternative if they temporarily
switch to off-task behavior to receive reinforcement. Therefore, individual
sensitivity to reinforcement may influence behavior allocation, as the child may
not behave in such a way that optimizes the payoff ratio for each alternative.
Baum and Aparicio found this to be true in their study of non-humans, in which
the payoff ratio achieved by the subjects for two individual reinforcers was not
equal. Instead, the subjects showed a strong preference toward one reinforcer
over the other. As concluded by Prelec (1982), it is possible for some individuals
to display insensitivity to relative reinforcement during brief time windows which

would appear as a failure in matching (Prelec, 1982). As a result, the existence of



individual differences in reinforcement sensitivity may interact with the length of
bins used to aggregate data resulting in different degrees of matching across
participants.
Purpose of the Present Study

The goals of this capstone project were (a) to determine the most accurate
method of aggregating descriptive assessment data into bins prior to conducting
matching analyses, (b) to compare the results of matching from descriptive data
on naturally occurring rates of teacher attention to experimental data produced by
programmed schedules of experimenter attention, and (c) to examine individual
differences in children’s sensitivity across different bins of time, which may then
impact the accuracy of the aggregated data in terms of matching. In order to
achieve these goals, predefined schedules of adult attention for both on-task and
off-task child behavior were manipulated, and experimental data were collected.
These data were then analyzed at three levels of aggregation or bin lengths (5
min, 2.5 min, and 1 min). The number of teacher responses and duration of child
on- and off-task behaviors in each bin were considered. Data from each
aggregation level were compared to the GME parameters obtained from analyzing
the data from all sessions based on the means of each condition (i.e., the highest
and most reliable level of aggregation). Once the most accurate method of
aggregation was determined from the experimental data, the descriptive data were
analyzed using the same method. Results from analysis of the descriptive data

and the experimental data were then compared. This was done to determine how



accurately matching defines the operant function of behavior within the children’s

natural environment using results from the experimental data as criterion.

Method

Participants and Setting

The participants in this study were two, 4-year-old boys. Both boys, Mark
and Jack (pseudonyms), were enrolled in an inclusive preschool program in
Central New York. Mark and Jack were both labeled as a preschooler with a
disability due to a functional delay in one or more areas (e.g., cognitive, language,
motor, socio-emotional, adaptive development). Each child was identified by the
head teacher in their classroom as a student who displayed disruptive behaviors
during center activities in order to gain attention. For the collection of descriptive
data, the children were observed in the classroom setting in which five adults and
7-10 students were typically present. During the collection of descriptive data,
the children were engaged in center-based activities. Examples of center
activities included puzzles, finger painting, building blocks, and computer
programs. At each center, both Mark and Jack worked one-on-one with an adult.
This allowed for careful observation and recording of both student and teacher
behaviors and social reinforcers delivered by teachers during each session.
Materials

To collect both the descriptive and experimental data, a laptop containing
DataPal, a computer software program was utilized. DataPal allows for the

recording of both duration (second by second) and frequency of behavior. To



record duration, a key was pressed to start recording the time, and then a separate
key was pressed to stop recording the time for a defined behavior. To record
frequency, the assigned key was pressed each time that the assigned behavior was
observed. Therefore, each category of teacher and child behavior was assigned
to a specific key to measure either duration or frequency.

For the collection of experimental data, an individualized schedule of
adult attention was formulated for each child. These schedules were created
based on the patterns of behavior and teacher attention that were observed during
the collection of descriptive data. To ensure that these schedules were followed
accurately during the experimental sessions, a vibrating timer was used to signal
the experimenter when to provide a given form of attention.

Response Definitions and Recording

Five categories of teacher behavior and seven categories of student
behavior were defined before collecting data. With respect to teacher behavior, a
demand was defined as any “do” or “choice” command, instruction, or prompt
given by the teacher (e.g., “Now color the box blue, Mark.”). A reprimand was
defined as any “don’t” command or statement negatively evaluating student
behavior (e.g., “We don’t hit in this classroom™). Physical attention was defined
as any physical contact between the child and teacher. Physical attention could be
positive, such as a “high five”, or negative, such as holding the child’s hand to
block hitting. Every 3 s of physical contact was counted as an additional
response. Praise was defined as any statement positively evaluating or praising

student behavior (e.g., “Good job” or “nice asking”). Lastly, a neutral response



was defined as any statement directed toward the student related to the task that
was not a direct demand, praise, or reprimand (e.g., “Did you hear that?””). These
five teacher responses were recorded throughout each session of both
experimental and descriptive data collection.

Seven categories of student behavior were also defined and recorded
throughout the collection of both descriptive and experimental data. Aggression
was defined as any grasping of the teacher or her clothing, or any forceful contact
with the teacher (e.g., hitting). Destruction was defined as any occurrence of
banging objects, throwing items, pushing over furniture, swiping items off the
table, or destroying materials. Compliance was defined as the student’s
independent completion of a command or an approximation of the command that
was issued by the teacher. Compliance was not recorded if physical guidance
from the teacher was required. Inappropriate vocalization was defined as non-
word vocalizations above conversational level, separated by a breath. Examples
of inappropriate vocalizations included crying, screaming, and whining. After
every 3 s, another inappropriate vocalization was recorded. Flopping was defined
as the student dropping from a seated or standing position to the floor without
being instructed to do so. Lastly, on-fask behavior was defined as engagement
with task materials while facing the table or teacher. Behavior was not recorded as
on-task if the student was destroying, hitting with, or throwing materials, even
though the student was directly engaged with the materials.

Whereas some of these student and teacher responses were recorded as

frequencies, others were recorded based on duration. The student behaviors of
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on-and off-task were recorded as duration in seconds. Therefore, for each
session, the total amount of time that a child was on-task verses off-task was
recorded. Additionally, a second-by-second thread of on-task and off-task
behavior was also noted in the program output. All other student responses
(aggression, destruction, compliance, inappropriate vocalization, and flopping)
were recorded as frequencies. Therefore, a total count of each of these defined
behaviors was also recorded. Additionally, the second-by- second output also
identified at which points throughout the session each of these behaviors
occurred.

All teacher responses were recorded as frequencies. Therefore, the count
for each defined teacher behavior was recorded for each session. Additionally,
just as for student responses, the second-by-second output identified at which
specific points throughout the session each of the teacher behaviors occurred.

Observations throughout the collection of experimental and descriptive
data were conducted by undergraduate research assistants including the Capstone
author. Prior to conducting observations, each research assistant was trained to
use DataPal correctly, as well as on how to appropriately identify and record
teacher and student behaviors. This was done by having each student watch a
number of recordings of mock classroom scenarios. Several variations of
scenarios were observed to ensure that research assistants could adequately
identify all necessary behaviors and record these behaviors at the exact time they

occurred to ensure accuracy of the data.
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While conducting observations, the research assistants sat near the
perimeter of the classroom, away from the activity center that the child was
working at, but close enough to accurately observe all behaviors. This was to
ensure that the child was not altering his behavior due to awareness of being
observed.

Experimental Design and Procedures

Descriptive phase. The first phase of this study involved the collection of
descriptive data. During these sessions of observation, approximately 5 min of
one-on-one student/teacher interaction was observed within the classroom
environment. Observations were collected during individual center-based
activities. Throughout these sessions, there was no experimenter involvement or
experimental manipulation. The duration of child time on-task, duration of time
off-task, and the frequency of the other student and teacher responses were
recorded. A total of 12 observation sessions with two different teachers were
conducted for each child.

Experimental phase. The second phase of data collection for the study
involved experimental sessions. Based on the pattern and frequency of teacher
responses to child behavior from the descriptive observation sessions, three
individualized, concurrent variable interval (CONC VI) schedules of adult
attention were created for each student. Each schedule was designed to reinforce
both on- and off-task child behavior within the same session (i.e., concurrently)
but at different relative rates (i.e., 90%/10%, 50%/50%, 10%/90%). During each

experimental session, an experimenter would follow the given CONC VI schedule
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for that day. Specific teacher responses would be given at specific points in time
throughout the session contingent on either child on- or off-task behavior. Just as
for the descriptive sessions, the duration of each child’s on- and off-task behavior
were recorded, as well as the frequency of disruptive student responses. For each
student, the first schedule employed was the 90%/10% schedule, which was
designed to mimic the descriptive data that were previously collected. Eight
90%/10% schedule sessions were conducted for Jack, and nine were conducted
for Mark. The second schedule was the 50%/50% schedule. Ten 50%/50%
schedule sessions were conducted for Jack, and nine were conducted for Mark.
The third schedule implemented was the 10%/90% schedule. Six 10%/90%
schedule sessions were conducted for Jack and eight were conducted for Mark.
To create a reversal design, the experimental sessions were concluded with a
second implementation of the 90%/10% schedule.
Interobserver Agreement and Procedural Integrity

During observational sessions, interobserver agreement (IOA) was
assessed during 58% of sessions across both students. IOA for student responses
ranged from 70% to 100%, with a mean IOA of 88.5%. The mean IOA for time
on-task was 96.95% (range = 67 to 100%). The mean IOA for teacher responses
was 82.31%, with a range of 58.33% to 100%.

During the experimental phase of this study, IOA was assessed during
30% of sessions across all conditions for both students. However, computer
program issues on one of the computers resulted in usable IOA data for only 27%

of the experimental sessions. The mean IOA for teacher responses was 90%
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(range = 64-100%). The mean IOA for student responses during experimental
sessions was 81% with a range of 54 to 100%. Lastly, the mean IOA for time on-
task was 92%, with a range of 71% to 99.6%.

A step-by-step protocol was used to verify that the experimental
conditions were implemented correctly (i.e., procedural integrity). During the
experimental phase, integrity was assessed for 36% of all sessions across all
conditions and both children with a mean of 98.7% (range = 88-100%).

Data Preparation

After all descriptive and experimental data were collected, the Capstone
author recoded the data into bins by hand, transformed the ratios logarithmically,
and then conducted all GME analyses. To begin, for each individual session (both
descriptive and experimental and across both students), the data were separated
into three time windows or bins (i.e., 1 min, 2.5 min, and 5 min). For the 1 min
bins, for example, all data observed from zero to 60 s of a session were separated
from the data observed from 60.1 s to 120 s. For each bin, the duration of child
on-task behavior, child off-task behavior, number of teacher or experimenter
responses while the child was on-task, and number of teacher or experimenter
responses while the child was off-task were calculated. Using this information,
data for each bin size for both descriptive and experimental sessions were
compiled into a spreadsheet and further analysis using the GME. To do so, first
the ratio of on-task time verses off-task time for all sessions was calculated and
labeled as behavior ratios. The logl0 transformation was then calculated for each

of these ratios excluding those sessions with values of zero for which log
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transformations are undefined. Also for all sessions, the ratio of reinforcement
received while on-task verses reinforcement received while off-task was
calculated and labeled as reinforcement ratios. The logl0 transformation for each
reinforcement ratio was also calculated again excluding zero values.

Using the log10 values for each behavior and reinforcement ratio, the
slope, intercept, and variance accounted for were calculated for each bin size
using linear regression. This was done separately for each student and for both the
experimental and descriptive sessions. The experimental condition means for each
child were also analyzed according to the GME, and these values were used as an
overall index because they provided the most accurate estimates of matching by
encompassing all of the experimental data. The results were compared across
students as well as across conditions.

Results

Figures 1 and 2 depict the matching results for Mark and Jack,
respectively, and from both the experimental conditions and the descriptive
assessment. It can be seen by looking at the experimental results that Mark
showed little variability in either slope or intercept across all bin lengths. In other
words, within the experimental condition, Mark showed nearly perfect matching
with a mean slope of 1.04 and a mean intercept of -0.04. Across all bin lengths,
including the condition means, Mark’s slope values ranged from 0.71 (at the 2.5
min bin length) to 1.04 (the mean across conditions). Mark’s intercept values
ranged from -0.04 (the mean across conditions) to 0.09 (at the 5 min bin length).

Variance accounted for (VAF) in Mark’s data ranged from 41% (at the 1 min bin
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length) to 92% (the mean across conditions). By looking at the top panel of
Figure 1, it can be observed that under the experimental condition, as the size of
the bin increased from 1 min to 5 min, Mark’s approximation to matching steadily
improved.

By looking at the top panel of Figure 2, it can be observed that Jack also
showed a steady improvement of approximation to matching as bin length
increased from 1 min to 5 min. However, Jack’s experimental data were more
variable than Mark’s, particularly at the 1 min bin length, with a slope of 0.25
(compared to Mark’s 1 min slope of 0.78), an intercept of .12 (compared to
Mark’s 1 min intercept of 0), and only 2% VAF (compared to Mark’s 41% V AF).
Furthermore, as can be seen in Table 1, Jack consistently under-matched (slope
values ranging from .25 at the 1 min bin length to 0.83 for the mean across all
conditions) and showed a biased toward off-task behavior (intercept values
ranging from -0.02 at the 2.5 min bin length to 0.23 for the mean across all
conditions), with VAF ranging from 2% (at the 1 min bin length) to 87% (at the 5
min bin length).

Figure 2 shows that greater variability existed in the descriptive data than
in the experimental data for both students. For Mark, the range in slope increased
from 0.33 in the experimental condition to 0.63 in the descriptive assessment data,
and the range in intercept increased from 0.13 to 0.44, respectively. The mean
VAF across the three bin lengths for Mark decreased from 57% for the
experimental data to 38% for the descriptive assessment data. For Jack, the range

in slope increased from 0.57 in the experimental condition to 0.70 in the
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descriptive assessment data, and the range in intercept increased from 0.25 to
0.38, respectively. The mean VAF across the three bin lengths for Jack decreased
from 44% for the experimental data to 25% for the descriptive assessment data.
Despite this increased variability in the descriptive data results, for both Jack and
Mark, the matching results at the 2.5 minute bin level most closely approximated
matching as defined by the condition means for each child. This can be observed
in Figure 1 and 2.

Discussion

There were three main goals of this Capstone project. The first of these
goals was to determine the most accurate method of aggregating descriptive
assessment data into bins prior to conducting matching analyses. The second was
to compare the results of the descriptive and experimental matching results. The
last goal was to examine individual differences in children’s sensitivity across
different bins of time, which may then impact the accuracy of the aggregated data
in terms of matching.

As can be seen in Figures 1 and 2, dividing the data into 2.5 min bin
lengths appears to be the most accurate method of aggregating descriptive
assessment data. At this level of aggregation, fit parameters from the GME most
accurately reflected those of the condition means for each child. Also, the most
variance was accounted for at the 2.5 min bin length for both children. One
possible explanation for this finding lies in the fact that data were collected in
sessions of approximately 5 min. Therefore, at the 2.5 minute level, the data

provided information on approximately half of each session. It may take half of a
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session for the child’s behavior to become sensitive to adult attention, or for the
experimenter (or teacher) to settle into a routine. In that case, the 2.5 min data
would capture the portion of interaction between the child and adult that most
closely approximated matching.

By examining the VAF values in Table 1, it becomes clear that, with the
exception of the 2.5 min bin length, the GME provided a poorer description of the
descriptive assessment data than the experimental data. This suggests that
descriptive data collected in the natural environment may be more variable than
data collected under conditions when reinforcers are manipulated. This
variability may exist for a variety of reasons. First, there were several differences
between the experimenter that conducted the experimental sessions and the
teachers who were observed during the descriptive assessment. Individual
differences in the how attention was delivered may have caused discrepancies that
were not reflective of the child’s sensitivity to reinforcement.

Second, the data used from the descriptive assessment to create the
schedules of reinforcement that were employed during the experimental sessions
may not have accurately reflected the teachers’ response patterns. For example,
during the descriptive assessments, more than one teacher was observed
interacting with each child. Although patterns of reinforcement differed among
these teachers, but data from both teachers were combined to program the
experimental conditions.

Third, although the experimental sessions were also conducted within the

classroom setting, these sessions were conducted with the child and experimenter
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separated from the rest of the classroom, unlike the descriptive assessment.
Therefore, the child was much more available to distractions during the
descriptive assessment sessions, which may have resulted in more off-task
behavior, confounding the effects of the reinforcers alone.

When examining the data, it is clear that individual differences in
matching existed between the two children, providing support for the generality of
the GME as a description of choice behavior. Figures 1 and 2 show that Mark’s
behavior approximated matching more closely than Jack's. In other words,
Mark’s behavior was more sensitive to the schedule of reinforcement that was
being employed by the teacher or experimenter. However, this could also be a
reflection, in part, of the differences in teaching styles, as these children were
observed with different teachers.

Limitations

This study provides important insight into the most accurate length of time
(i.e., bin) in which to aggregate data in a matching analysis, the comparability of
experimental and descriptive matching analysis results, as well as the effect of
individual differences in children’s sensitivity to relative reinforcement rates.
However, several limitations may have implications for the accuracy of the
study’s findings. First and foremost, the use of only two participants in this study
limits the generality of these findings to other children. Future research
involving a larger number of participants is needed to replicate the current
findings, which in turn would provide a clearer picture of, and more support for,

the findings of the study.
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Second, multiple sessions of experimental and descriptive data were
eliminated from the study due to zero values. For example, if a child engaged in
only on-task behavior for an entire bin (e.g., a 60 s bin), then zero would be
recorded for “time spent off-task”. As a result, this session would be eliminated
from the GME analyses as zero values result in an undefined log10, and the GME
cannot be applied. Therefore, conducting a larger number of descriptive and
experimental sessions would have provided more data, compensating for those
sessions that were eliminated.

Third, because sessions were conducted within the children’s classroom,
environmental factors may have influenced both child and teacher (or
experimenter) behaviors. For example, the children at times were distracted by
the activities and events occurring around them. Not only would this affect child
behavior, but it would also affect teacher responses toward the child.
Furthermore, the children often were aware that they were being observed which
also may have influenced their behavior. Also, differences between the children’s
regular teacher (observed during the descriptive sessions) and the experimenter
(observed during the experimental sessions) may have further influenced the
child’s behavior, which would skew the actual impact of the reinforcement
schedule being implemented by the experimenter. These influences on behavior
may have implications for the accuracy of the data collected.

Fourth, only three reinforcement schedules were employed in this study
(90%/10%, 50%/50%, and 10%/50%). This leaves a large gap in relative

reinforcement percentages between the 90%/10% and 50%/50% schedules.
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Therefore, including more schedules of reinforcement in future research may
provide a more accurate portrayal of matching as it exists in the natural
environment.
Implications and Directions for Future Research

One possible direction for future research is to replicate the study with
more participants and more schedule variations. Another possible direction for
future research is to replicate this study with a group of typically developing
children and a group of children with developmental or behavior disabilities (e.g.,
Autism Spectrum Disorders). This direction could shed light on whether or not
children’s sensitivity to reinforcement could be used as a tool in the classroom to
more effectively engage students with disabilities. For example, children with
specific disabilities may show lower sensitivity to reinforcement. This
information could possibly assist in the diagnosis of disabilities, as well as
implementing more effective reinforcement-based programs in inclusive and
special education settings. These more effective programs may include more
individualized and specific reinforcement schedules within the classroom (i.e.,
more explicit and/or frequent reinforcement for specific students). A third
possible direction for future research would be to conduct a longitudinal study, in
which a matching analysis is conducted at the pre-school age and then again in the
primary grades. This may shed light on how children’s sensitivity to
reinforcement changes as they get older and how schedules of reinforcement may

be adjusted in order to maximize on-task and positive behaviors.
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Conclusion

Although limitations exist, the results of this study support that the GME
is a useful tool in determining not only the extent to which matching applies to
descriptive assessment data, but also in describing children’s choice behavior. If
data are aggregated appropriately (i.e., binned in lengths of 2.5 mins), applying
the GME can provide an accurate description of an individual’s pattern of
matching. Therefore, future use of this method may have positive implications in

numerous research areas such as the study of developmental disabilities.
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Table 1
Matching Results
Number of

Participant Condition Sessions Bin Length (min) Slope Intercept VAF
Jack Experimental 9 5 0.82 0.10 87%
13 2.5 0.68 -0.02 42%
15 1 0.25 0.12 2%
24 Condition Means 0.83 0.23 T7%
Descriptive 5 5 0.21 0.55 17%
7 2.5 0.91 0.23 41%
8 1 0.53 0.17 18%
24 Condition Means 0.83 0.23 77%
Mark Experimental 7 5 0.81 0.09 80%
11 2.5 0.71 0.06 49%
9 1 0.78 0 41%
25 Condition Means 1.04 -0.04 92%
Descriptive 5 5 0.41 0.37 9%
6 2.5 1.37 -0.40 75%
7 1 1.38 -0.23 29%
25 Condition Means 1.04 -0.04 92%
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Figure 1. Linear graphs of Mark’s experimental (top) and descriptive (bottom)
data for each bin length and for the condition mean. Data were analyzed using the

general matching equation (GME).
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Figure 2. Linear graphs of Jack’s experimental (top) and descriptive (bottom)
data for each bin length and for the condition mean. Data were analyzed using the

general matching equation (GME).
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Summary of Capstone Project

The relationship between behavior and reinforcement is one that
has been of great interest in the field of psychology. Reinforcers influence not
only what behaviors are portrayed, but also for how long those behaviors persist,
and how frequent those behaviors occur. Behaviors are influenced by a number
of reinforcers, depending on setting, context, and the relationship between the
individuals involved. In a classroom setting, a child’s behavior may be influenced
by reinforcers such as statements of praise (i.e. — “What a great drawing!”),
statements of reprimand (i.e. — “We don’t hit others in this classroom.”), tangible
rewards (i.e. — presenting achild with a sticker), or providing relief from a task
(i.e. — allowing the child to stop practicing writing simply because he or she does
not want to continue). Therefore, the relationship between behaviors and
reinforcers has a significant impact on learning within a classroom. As a result,
understanding this relationship, and how reinforcement may be used to encourage
positive and on-task behavior a useful tool, not only in classrooms, but other
settings as well.

In order to understand how a child’s behavior is influenced by reinforcers
in the classroom, one must first identify which adult behaviors are acting as
reinforcers. One way to identify reinforcers is to observe the interactions that
occur between a child and a teacher or caregiver in the natural classroom
environment. More specifically, without engaging in or manipulating the
interactions, one can observe and record the duration and frequency of the child’s

behaviors, as well as the duration and frequency of the teacher’s responses to the
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child’s behaviors. This observation of the natural setting provides an accurate
account of the events surrounding the occurrence of certain child behaviors,
therefore making it possible to identify potential reinforcers.

Once data is collected from the natural setting, shedding light on the
teacher responses that are acting as reinforcers of behavior, it can be summarized
according to the matching theory to explain how behavior was influenced by
reinforcement. The matching theory states that for two alternative behaviors,
relative rates of responding will match relative rates of reinforcement. For
example, if the two alternatives being examined are time spent off-task and time
spent on-task, and the reinforcer is teacher attention, according to the matching
theory, as the relative rate of teacher attention increases, the relative rate of on-
task behavior and off-task behavior will change at the same rate (i.e.-on-task
behavior will increase at the same rate, and off-task behavior will decrease at the
same rate).

In order to apply the matching theory to data collected regarding ehaviors
and reinforcements, a linear equation known as the general matching equation
(GME) is used. This equation creates a line displaying the relative rate of
behavior, as they change in response to a change in the relative rate of
reinforcement. Therefore, perfect matching would produce a line with a slope of
1 and an intercept of 0. In other words, in perfect matching, each unit change in
reinforcement would result in a unit change of behavior.

Although the matching theory is a useful tool for evaluating how specific

reinforcers may be influencing problem behaviors, there are also some problems
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in using the GME to explain this relationship. Three of the main problems are
that (a) without manipulating the provision of reinforcers, one cannot be sure
which adult responses are actually acting as reinforcers, (b) the most accurate
method for separating the data prior to analyzing the data by using the GME has
not been determined, and (c) individual differences in sensitivity to reinforcers
may affect the matching results as provided by use of the GME. Therefore, this
Capstone project had three goals, each of which attempted to address each of
these problems. These goals were (a) to determine the most accurate method of
separating the data into bins prior to conducting matching analyses, (b) to
compare the results of matching from observational data to experimental data
produced by manipulating experimenter attention, and (c) to examine individual
differences in children’s sensitivity across different bins of time, which may then
impact the accuracy of the aggregated data in terms of matching. In order to
achieve these goals, predefined schedules of adult attention for both on-task and
off-task child behavior were manipulated, and experimental data were collected.
The data were then broken into bins three times (first, into 1 min bins, then 2.5
min bins, and lastly, 5 min bins). At each level of separation, the data were then
analyzed according to matching theory by using the GME. This method was used
to determine which bin length most accurately reflected matching, to determine
how accurately matching defines the relationship between reinforcers and
behavior in the natural environment by comparing the observational and

experimental data, and to explore the role of individual sensitivity to reinforcers.
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Results from this study showed that breaking the data into bins of 2.5 mins
in length most accurately reflected matching in the natural environment. One
possible explanation for this finding lies in the fact that data were collected in
sessions of approximately 5 min. Therefore, at the 2.5 minute level, the data
provided information on approximately half of each session. It may take half of a
session for the child’s behavior to become sensitive to adult attention, or for the
experimenter (or teacher) to settle into a routine. In that case, the 2.5 min data
would capture the portion of interaction between the child and adult that most
closely approximated matching.

The results also showed that the GME provided a poorer description of the
descriptive assessment data than the experimental data. This suggests that
descriptive data collected in the natural environment may be more variable than
data collected under conditions when reinforcers are manipulated. This
variability may exist for a variety of reasons. First, there were several differences
between the experimenter that conducted the experimental sessions and the
teachers who were observed during the descriptive assessment. Individual
differences in the how attention was delivered may have caused discrepancies that
were not reflective of the child’s sensitivity to reinforcement.

Lastly, the results made it clear that individual differences in matching existed
between the two children, providing support for the generality of the GME as a
description of choice behavior. Use of the GME was able to show that one child’s

behavior approximated matching more closely than another child’s. However,
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this could also be a reflection, in part, of the differences in teaching styles, as
these children were observed with different teachers.

This study provides important insight into the use of matching theory to
understand the relationship between adult reinforcement and child behavior.
Furthermore, this study provides insight to ideas for future research. One possible
direction for future research is to replicate the study with more participants and
more schedule variations. Another possible direction for future research is to
replicate this study with a group of typically developing children and a group of
children with developmental or behavior disabilities (e.g., Autism Spectrum
Disorders). This direction could shed light on whether or not children’s
sensitivity to reinforcement could be used as a tool in the classroom to more
effectively engage students with disabilities. For example, children with specific
disabilities may show lower sensitivity to reinforcement. This information could
possibly assist in the diagnosis of disabilities, as well as implementing more
effective reinforcement-based programs in inclusive and special education
settings. These more effective programs may include more individualized and
specific reinforcement schedules within the classroom (i.e., more explicit and/or
frequent reinforcement for specific students). A third possible direction for future
research would be to conduct a longitudinal study, in which a matching analysis is
conducted at the pre-school age and then again in the primary grades. This may
shed light on how children’s sensitivity to reinforcement changes as they get older
and how schedules of reinforcement may be adjusted in order to maximize on-

task and positive behaviors. With further research, matching theory may become
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not only a more useful tool for research in the field of behavior analysis, but also

a tool for diagnosis and treatment of children showing problem behaviors.
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