


Visual Data Analysis

In behavior analysis, as data are collected, information is graphed and analyzed on a con-
tinuous basis until the experiment is completed. Information from each session is plotted in
a graphic display, and patterns in the data are studied to decide what the next step in the ex-
periment will be. An example will help illustrate this process. After selecting the initial pro-
cedures for an experiment and deciding on a design tactic (e.g., an A-B-A-B design), data
collection begins. After the first observational session, the data are scored, summarized, and
charted in graphic form. The research team then visually inspects the data. After the first
day, there are no trends or patterns in the data apart from the specific levels obtained for
each variable. However, as this process is repeated, visually analyzing the data begins to
yield more interesting patterns. For instance, the occurrence of problem behavior and on-
task behavior may occur at consistent levels day after day. If this pattern is replicated
within a participant, decisions need to be made about the introduction of an independent
variable. If the pattern in the data makes this a logical decision, then the intervention could
be introduced. Or, if the pattern in the data had downward or upward trends or was highly
variable, the research team may choose to continue baseline until a stable pattern is ob-
tained. As the study unfolds, decisions are made on a daily basis whether to continue,
change, or end a particular set of procedures. These decisions are ongoing during a study
and always made in reference to the data. This process is summarized by the expression,
often heard among behavior analysts, “Follow your data.”

This is a dynamic process and roughly analogous to a chess match. The first obser-

vation is made (you move a chess piece), data are collected (your opponent makes a move),
and the next move executed, the data col-

the results analyzed (your next step is planned),

lected, and so on. In chess, when errors are made or unexpected moves from an opponent
occur, the tactical plan is changed accordingly an
single-case research, plans are changed as patterns in
vealing some type of behavioral process
graphic displays to visualize quantitative in
graphic format, can act as a roa
predicted in an a priori manner (Latour, 1990).

d as often as needed to be successful. In
the data unfold, with the goal of re-
in the form of a functional relation. The use of
formation is central to this process. The data, in
d map for conducting a study, since the course cannot be
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This process can be contrasted with group comparison designs in which an experi.
mental design (e.g., a pre/postcontrol group design; cf. Campbell & Stanley, 1966) is se.
lected before the start of the study, data are then collected prior to and after intervention, the
data are summarized, and the appropriate inferential statistics are used to test for an exper-
imental effect (see Box 15.1). In such a case, the analysis occurs after the data are collected,
and no change in the experimental design can be made without limiting internal validity,
Unlike group comparison designs, single-case designs are highly dynamic, and often the
most exciting analyses unfold over time as patterns in the data emerge and the experimen-
tal tactic is adjusted in reaction to the data (e.g., see Chapter 14).

The process of inspecting graphic data is a very powerful way of revealing functional
relations (Hacking, 1983; Smith, Best, Stubbs, Archibald, & Roberson-Nay, 2002). In he-
havior analysis, the use of graphs to analyze data is as old as the field itself. In B. F. Skin-
ner’s seminal work, The Behavior of Organisms (1938), which led to the development of
behavior analysis, visual displays of data were prominently featured as the primary means
of data analysis. Figure 15.1 shows the first graph from Skinner (1938). In this figure, the
cumulative number of responses by a rat is shown during the initial shaping of a lever press.
The data show that three lever presses occurred during the first 120 minutes of the session,
with large temporal gaps between responses. However, approximately 130 minutes into the
conditioning session, the fourth response was emitted, and lever pressing began to occur at
a rapid and regular rate for the remainder of the session. At this point, lever pressing had
been brought under the control of a positive reinforcer. Figure 15.1 reveals this process in
a manner that is easily accessed by other researchers. It is the most revealing way of ana-
lyzing the data and provides the most information to the viewer.

* Use of Inferential Statistics in Single-Case Designs

- The use of inferential statistics in single-case re-

search has an intellectually interesting, but frac-
tious, history. Some researchers who use
single-case designs have written eloquently about
the potential that inferential statistics possess for
this experimental methodology (e.g., Kratochwill,
1978; Thompson et al., 1999). Other behavior ana-
lysts have written equally eloquent expositions on

why inferential statistics are not useful for re-
~ searchers using single-case designs (Baer, 1977;

Michael, 1974). However, these arguments—for

~ and against—are largely moot points.

The practical problem with using inferential

 statistics in single-case designs is that the currently
~ existing statistics either violate fundamental statis-
~tical assumptions or are intractable in the large ma-
~ jority of applied research (e.g., time-series

analysis, randomization tests, or R, test of ranks;

see Hartmann et al., 1980; Kazdin, 1982, app. B).
This former concern centers around issues such as
normalcy of distributions and serial dependency.
The latter is largely an issue of the statistical test
placing severe constraints on an experimental
design, either in terms of the number of data
points needed or the requirement of randomizing
conditions.

Therefore, the use of inferential statistics in
single-case designs is largely an academic debate
and not a practical issue for researchers looking for
new analytical tools. If, in:the future, inferential
statistics can be developed that fit the design re-
quirements of single-case research, then the issue
will require renewed debate. Until that time ar-
rives, however, single-case researchers will con-
tinue to use the visual analysis of data as a primary
means of examining their data.




Chapter 15 « Visual Data Analysis 193

Responses
3
L

Time (min.)

FIGURE 15.1 The first data set presented in B. F. Skinner’s The Behavior of Organisms
(see Catania, 1988). The y-axis displays the occurrence of individual responses as a cumulative
function. The x-axis represents the passage of time.

Source: From B. F. Skinner (1938). The behavior of organisms: An experimental analysis, fig. 2, p. 67. Acton,
MA: Copley. Copyright 1991 by the B. F. Skinner Society. Reprinted by permission.

The use of graphic displays by Skinner was no accident. He was using the tools of
experimental biology to analyze psychological phenomena (see Chapter 2). Graphic dis-
plays—because of their flexibility, ease of use, and aid in visualizing functional relations—
quickly became a mainstay in the experimental analysis of behavior, a practice that continues
today. Not surprisingly, when researchers began to apply the behavioral processes discovered
in the laboratory to natural settings, such as public schools, the use of graphs was continued,
along with many other scientific practices. In fact, one of the most powerful interventions that
allows educators to be more effective in teaching is the graphing of student performance and
the visual analysis of the data on a regular basis, with appropriate adjustments to teaching pro-
cedures as indicated by the data (Alper & White, 1971; Lindsley, 1991).

This chapter explores how to use graphs in single-case research. First, the elements
comprising a graph are reviewed. The discussion then explores how to visually inspect data
so that a conclusion can be reached about patterns in the data and whether experimental con-
trol was demonstrated. Examples of how to use graphs to explore and analyze different facets
of the data collected in an experiment follow. Finally, the topic of how to teach people to vi-
sually inspect data so that there is a high level of consistency among those inspecting data is
examined.

Elements of a Graph

Although there are a multitude of graphic formats that can be used to visually display data,
there are some elements that most graphs share in common (see Parsonson & Baer, 1978,
for an extensive treatment of this topic). An excellent source for how to create graphs for
publication purposes is contained in the January issues (2000 through 2003) of the Journal
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of the Experimental Analysis of Behavior. Figure 15.2 shows an example of a graph from 4
study conducted by Smith and Churchill (2002). This graph is reviewed here, not for it
content, but for its structure and composition. This particular figure presents four panels iy
a two-by-two matrix configuration. The elements of the matrix are composed of two dif.
ferent independent variable manipulations labeled at the top of the graph and two differen
dependent variables labeled on the left-hand side of the figure.

The first place to start is with the y-axis, also referred to as the vertical axis or ordj-
nate. The vertical line on the left-hand side of the graph demarks the y-axis of the graph and
is marked according to some metric, in this case an equal-interval metric that is labeled ()
to 3 in units of one along the top panel and 0 to 10 in units of two along the bottom pane|.
Placement of the zero point of a graph varies among researchers, with some preferring to
have the zero point raised above the x-axis, and others preferring the zero point to rest op
the x-axis. These metrics are then labeled with individual descriptors that provide informa-
tion regarding the measurement unit and topography of behaviors. In this instance, the
upper panel is labeled “Responses per Minute (SIB),” and the lower panel is labeled “Re-
sponses per Minute (precursors).” The information arrayed along the vertical axis of this

i Contingencies on SIB Contingencies on Precursors
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FIGURE 15.2 Example of a graph from a study used to illustrate the elements in a graph.

Sc?urce: From R. G. Smith and R. M. Churchill, “Identification of Environmental Determinants of Behavior
Disorders through Functional Analysis of Precursor Behaviors,” Journal of Applied Behavior Analysis, 2002,
35, fig. 1, p. 130. Copyright 2002 by the Society for the Experimental Analysis of Behavior. Reprinted by
permission.
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graph informs the reader of what types of behaviors were measured, what measurement
system was used to quantify responding, and what metric is being used to display the data.

: The b.ottom of the graph is referred to as the x-axis, horizontal axis, or abscissa. The
h.onzontal line running along the lower end of Figure 15.2 displays an equal-interval met-
ric that ranges from 0 to 50 in units of ten. The metric label is presented below the numeric
d_emarcauons along the x-axis and identifies this part of the graph as “Consecutive Ses-
sions.” This part of the figure informs the reader, in this instance, that data are plotted on a
session-by-session basis.

In this particular study, Smith and Churchill used a combined multielement and A-B
design. The A-B components of the design are labeled with descriptors at the top of the
graph, in this instance “Contingencies on SIB” (left side) and “Contingencies on Precur-
sors” (right side). The phase change line—that is, the point in the experiment when condi-
tions were changed from A to B—is designated as a dashed line running vertically through
the graph at midpoint. Some researchers prefer to use solid lines, and others prefer to use
broken lines to denote phase changes.

Within Figure 15.2 are the data. In this example, five different experimental condi-
tions were analyzed: alone, attention, tangible, play, and demand. The experimental condi-
tions are labeled in a legend contained within the graph and presented adjacent to the
specific symbol (closed circle, closed square, open square, open circle, and closed triangle,
respectively) that represents each condition. The quantitative outcomes from individual ses-
sions are presented as individual data points connected by lines. Note that the data points
are not connected across phase changes. Finally, the pseudonym or other identifier for the
individual whose behavior is being analyzed in the study is placed in a box within the graph
(in this case “Joan”). Some researchers use boxes for the names and legends in a graph to
clearly set them apart from the data, but others do not.

One last component of a graph is the figure caption, which is placed below or next to
the figure if the study is published. The figure caption provides a written description of the
information contained in the actual figure. Ideally, the reader should be able to look at the
graph and read the figure caption and understand what the data represent without having to
refer to the Method section or other text in the published paper. This information can in-
clude a general description of what the graph represents, a description of the y- and x-axes,
and the phases and experimental conditions used in the study.

The components just reviewed comprise the basic elements of a graphic display.
However, what specific form a graph takes depends on the nature of the data and what as-
pect of the experiment the investigators are trying to visualize (Tufte, 1997; Ware, 2000).
One stylistic issue to be considered when constructing graphs is Tufte’s (1983) concept of
data ink and nondata ink. Data ink are those elements in a graph that are drawn to display
information that is critical for the visual analysis of the data. Nondata ink are those parts of
the graph that could be erased without removing any information critical to the visual
analysis. In general, data ink should be maximized within a graphic display, and nondaFa
ink should be eliminated whenever possible. An example of this concept is displayed in
Figure 15.3 (page 196). In this figure, a histogram that might appear in a journal article is
shown in the left-hand panel, which contains both data and nondata ink. In the center panel
i are the nondata ink. In the right-hand panel is the remaining drawing, which presents only
the data ink necessary for analyzing the figure. Although the right-hand panel may be
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m RE I_i-" lt’.rmnpi_l; re[‘.;f;}winrr(! nﬁ:grrirm!y used to estimate trend. Slope is the upward

or downward slant or inclination of the data within a phase. Slopes are generally po flat
negative. The magnitude of a trend is qualitatively estimated as high, medium, or lo

qualitatively estimated as high, medium, or low (much the same as a correlation or effe
size statistic). A high-magnitude slope is a rapidly increasing or decreasing pattern in th
data (see the upper right-hand panel of Figure 15.5). A low-magnitude slope is a gradu

increasing or decreasing pattern in the data (see the lower left-hand panel of Figure
[t is important to note that the greater the slope, the less meaningful level is as a general es
timate of the data pattern (see the right-hand panels of Figure 15.5)

In judging the trend of a data set within a phase, a person simultaneously estimates
the slope and magnitude of the data. For example, using | igure 15.5, the upper left-hand
panel has a moderate positive trend, and the lower left-hand panel has a moderate negative
trend. There are at least two ways of quantitatively estimating the trend of data. The first,

least-squares regression, fits a straight line to the slope of the data set by minimizing the
sum of squared deviations of the observed data from the line. Figure 15.6 shows a diagram
of how to calculate a least-squares regression line (from Parsonson & Baer, 1978, p. 131).

Table 15 qoe et .
lable 15.1 (page 200) describes how to calculate the same data shown in Figure 15.6. The
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Step 1 L X= X Y XY
Step 4 Step 2 Step 3 Step 5
1 1 2 2
4 2 4 8
9 3 1 3
16 4 3 12
25 5 4 20
36 6 3 18
49 7 3 21
64 8 5 40
81 9 4 36
100 10 | Step 6 2 30
IX?=385 IX=55 LY=32 EIXY=190
B
Step 7 \ Step 10
(£X)2=3025 SN (20(EY)=
1760
Y
Step 8 ¥ l:m Step 11 }
(EX)2/n= [ ™ (ZX)(ZY)/n=
302.5 ! v 176.0
Step9 Y + Step 14 Step 15 Step12 ¥
IX2—(EX)?/n= EX/n=X ZY/n=Y EXY—(ZX)(ZY)/n=
385-302.5=82.5 =55 =32 190-176=14
Step 13 + |t
T EX2—(EX)?/n Step16 §y ¥
=1 41‘825 a:?—b(i)
e —| =3.2-0.17(5.5) o AL
=2 965 Number of
responses Trend line
Step 17 ¥ . (y-axis) (least squares)
Y'=a+bX 4 —1
Y}=2.265+0.17(9) %
=3.795
Y;=2.265+0.17(3) 1
=2.775

4 1
BB T 89 10
Sessions (x-axis)

o -
W=+ -
IS

FIGURE 15.6 Diagram outlining the process for calculating a least-squares regression
coefficient. See also Table 15.1 for a textual description of the process.

Source: From B. S. Parsonson and D. M. Baer, “The Analysis and Presentation of Graphic Data, 1978 (fig.
2.21,p. 131).In T.R. Kratochwill (Ed.), Single subject research: Strategies for evaluating change (pp.

101-166). New York: Academic Press. Copyright 1978 by Academic Press. Re

printed by permission.
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TABLE 15.1 How to Calculate a Least-Squares Regression Line for the Data .fs'i_rinm in Figure 15.6 second method for quantitatively estimating trend is the split-middle technique (White,
; : 1971). Using the split-middle technique requires seven or more data points within a phase
and splits the data set in half, establishes a median for each half, and then plots a line that
intersects the two medians (see Figure 15.7, from Kazdin, 1982, p. 313). A procedure for
calculating the trend of a data set using the split-middle technique is presented in Table 15.2

Procedure for fitting a straight-line trend by the method Examples of computation

of least squares (data from Figure 15.6)

1. Head four columns as follows: X2, X, ¥, XY.
SO (page 202).
2. Fi { . i oy ays, se T 2X =55 . . . : S ! o tig
2. Fill out the X column with !}]ei[]llllill)t] ‘,)I :il;l'\ H‘} \“Hlon.'\' " b A third dimension used to judge within-phase data patterns is variability. Variability
rjals—in ascending 2rical order—in the phase being - g Y SR ; UL ] 5
mdl]\ :;1 ‘[\thilld]-l'l\‘: mm:;n;; rde | £ can be defined as the degree to which individual data points deviate from the overall trend.
analyzed, and their sum (L A ). . & . . .qs . A . =
a3 : £ Or, stated another way, variability is the degree to which the data points are dispersed rel-
o K7 o pme $ER A o v, aTne 20 - 37 | st SR . . s . " 4
3. In the }‘mlumn_ enter the scores ohlfunui onzu ‘}nh LY =32 ative to the best-fit straight line. Like the magnitude of a trend line, the terminology used
successive day, session, etc., and their sum (2.1). to refer to variability is largely qualitative. Variability is typically referred to as being high,
4. Fill out the X? column with the square of each of the 2X%=1385 medium, or low. Figure 15.8 (page 202) shows two examples of variability. The left-hand
corresponding X entries, and their sum (XX?). panel shows a graph with low variability. That is, the data points are very close to the
5. The XY column is composed of the cross products obtained ¥ XY =190 }
by multiplying each ¥ column entry by its paired X column da o i
entry, and their sum (X XY). ‘I ;
6. The number of pairs of X and Y entries, n, is obtained by n=10 40 40 1 v
counting the number of entries in either the X or ¥ columns. ‘ | o |
' iy % - 30 - 30 o ! g :
7. Square XX to obtain (2 X)°. (X 3025 i 3
e ——
8. Divide (X.X)* by n. X X)¥n=302.5 !
: R R 20 20 i .
9. Subtract (2.X)*/n from ¥ X2. X2 -(2X)P/n=385-302.5=282°
10. Multiply > X and Y Y to obtain (X X) (XY). EXNEY)=1760
11. Divide (ZX)(XY) by n. EXHEV/n=176.0 5
. S ; v | >
12. Subtract (XX)(EY)/n from ¥ X} YXY-CXCEY)n =19 6=14 [ @ 10 TR TR R T e Ve T R A 10 Y S T TR TR L T
iy i IR il , ® 0 2 4 6 8 10 0 $ 4 6 8 10
13. Divide 2 XY - X)X YV/nby ¥ X 'L\Hni\lcp‘}rtn b=14/82.5=0.1 | m
‘ e Days
obtain b. © 50+
Divide X. 3
14. Divide > X by n to obtain mean of X, X. 35 -
I y nto« ean of X, X X : e 40 -
15. Divide XY by n to obtain mean of ¥, Y. Y=32
16. To obt: : 3 19 30 A
). To obtain a, multiply X by b and subtract b (X) from a=Y-b(x)=32-0
I'7. The regression equation Y’ = a + bX is solved by Y, =2.265 + 0.17(X)
substituting the values of a and b, and values of X from Let X =9 (ninth X entry) 20 =
the X column. Two solutions, for different values of X, Y/ =2.265+0.17(9) = 3.795
give two values of ¥”, Let X = 3 (third X entry) o o
i - = i ope = 1.
¥ 2.265 +0.17(3 ) LEVFI;ZSQ
18. I_.nc'zllc H’nnlhg \‘—a'l\l.\ui the graph and the selected value 10 ke 1 e | WL T 7 2 A S,
of X on the x-axis of the graph and mark the point at which 0 2 4 6 8 "
they intersect. Similarly, locate Y.’ on the y-axis and mark Days
their point of intersection. A straight line drawn through the I
two points is the line of best fit and describes the trend in the data . . ¥i & suilit ek
& TH i SRk 00 44 z & i dala. s FIGURE 157 Series of graphs illustrating how to calculate trend using the split-middle
ource: F ‘ “ 3 ~hni escribed in Table 15.2.
Source: From B. 8. Parsonson and D. M. Baer, “The Analysis and Presentation of Graphic Data, 1978, in T. R. Kratochwill A Jesiens. New York: Oxford University Press. Copyright 1982
Ed.), Single subject research: Strategies for evaluating change (pp. 101-166). New York: Academic Press. Copyright 1978 Source: From A. E. Kazdin, Single-case research designs. Ne €

by Academic Press Reprinted by permission by Oxford University Press. Reprinted by permission.
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TABLE 15.2 How to Calculate a Split-Middle Trend Estimation Line

1. Count the number of data points in the phase that is being used for trend estimation

2. Draw a line on the graph at the median data point to divide the graph into two halves

3. Divide each of the halves in half using the technique described in step 2.

4. Identify the median level of the data in each half of the split graph.

5. Mark the point at which the median number of sessions (x-axis) and median data level (,

axis) intersect for each half of the split graph.
. Plot a straight line that intersects the two marks made in step 5.
7. Adjust the straight line plotted in step 6 so that 50% of the data points are above and below
the line, making sure not to alter the slope of the line.

=)

Note: Example uses data from Figure 15.7.

best-fit straight line. This can be contrasted with the right-hand panel of Figure
shows a data set with high variability. In this instance, the data points are scattered widel

around the best-fit straight line. As a rule of thumb, the greater the variability in the dat:
the more data points required to document a consistent pattern.

In general, level, trend, and variability are used to describe patterns that occur within
each phase of a study. How these three dimensions change across phases is the primary

means by which data are analyzed through visual inspection. For example, in baseline
there might be a level of 50% along the y-axis, with low variability and a moderate upward
trend. However, following intervention, there might be a level of 5%, with moderate vari

ability and a slight downward trend. Another pattern of data that can occur within a phase

deserves to be mentioned. In some cases, within-phase changes in data patterns can emerg
That is, there can be curvilinear or cyclical changes in the data. Figure 15.9 show three ex
amples of curvilinear data patterns. The right panel of the figure shows a curvilinear data
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FIGURE 158 Examples of two different degrees of variability in data. The left-hand panel
shows a graph with low variability. This can be contrasted with the right-hand panel, which
shows a data set with high variability.
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FIGURE 15.9 Three examples of curvilinear and cyclical data patterns. The upper left panel
shows an inverse curvilinear data pattern (also referred to as an inverted U) in which the data
trend increases and then decreases during a particular phase. The right panel shows a curvilinear
data pattern (also referred to as a U pattern). At the bottom of the figure is a cyclical data pattern,
where data increase and decrease in phasic manner.

pattern (also referred to as a U pattern). The upper left panel of Figure 15.9 shows an in-
verse curvilinear data pattern (also referred to as an inverted U) in which the data trend in-
creases and then decreases during a particular phase. The bottom panel of the figure shows
a cyclical data pattern in which data increase and decrease in a phasic manner.

Between-Phase Patterns

Alone with level, trend, variability, and curvilinear or cyclical patterns within a phase, pat-
Icrnsboccurring between phases are also used to visually inspect data. The first such pattern
is referred to as immediacy of effect (or rapidity of change). This dimension of data display
can be defined as how quickly a change in the data pattern is produced after the phase
change. This is typically expressed as changes in the level and trend of the data, although
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FIGURE 15.10 Two examples of immediacy of effect. The left panel shows baseline (left sidy
and intervention phases (right side). The intervention had a rapid immediacy of effect, because i
clearly altered the pattern of data represented in the graph. In the right panel, there is no

change in the pattern of behavior following introduction of the intervention, with the data then
gradually decreasing over time.

variability and curvilinear or cyclical relations can also contribute to the change. Like slope

and variability, qualitative descriptors, such as rapid or slow, are used to describe this aspec
of data. Figure 15.10 shows two examples of immediacy of effect. The left panel shows

baseline (left side) and intervention phases (right side). The intervention had a rapid imme

diacy of effect because it quickly altered the pattern of data. This alteration in the data pat
tern across phases can be contrasted with the data in the right panel of Figure 15.10. In this
data set, there is no initial change in the pattern of behavior following introduction of the in
tervention, but then the data gradually decrease over time. Such a pattern would | ferr
to as having a slow immediacy of effect. In general, the greater the immediacy of effect, the
briefer a phase can be and the more convincing is the functional relation.

A second between-phase pattern is referred to as overlap. Overlap can be defined as
the percentage or degree to which data in adjacent phases share similar quantitative values
Figure 15.11 shows three distinct patterns of overlap between baseline (left side) and i
tervention phases (right side). In the upper left panel of the figure, there is no overlap
0%) between baseline and intervention phases. This is because there are no overlapping

f

data values between the two phases. The right panel of Figure 15.11 shows an example of
complete (i.e., 100%) overlap between baseline and intervention phases. In this case, the
tervention data completely overlap with the baseline data (although the converse is not true,
so specifying the directionality of overlap is important). The final data set in Figure 15.11
(bottom panel) presents a common data pattern that leads to misinterpretation. Although
there is no overlap between the data in adjacent phases, there is a trend that is continuous
across phases. In such cases, trend overrides the importance of overlap in evaluating
whether a functional relation has been established.
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FIGURE 15.11 Three examples of overlap in data between phases. In the upper left panel,
there is no overlap (i.e., 0%) between baseline and intervention phases. The right panel shows an
example of complete (i.e., 100%) overlap between baseline and intervention phases. The final
data set (bottom panel) presents a common data pattern that often leads to misinterpretation.

An Example

An illustration of how to use visual inspection to characterize a data set and arrive at a judg-
ment regarding whether a functional relation has been established can be done using [I‘ig-
ure 15.12 (page 206). In this study by Cushing and Kennedy (1997) the percentage of time
a student without disabilities (Cindy) was academically engaged served as the dependent
variable. The baseline condition was Cindy working by herself ina gencrgl education le
room. During the initial baseline, there was a high degree ul‘_vuriuhilit.y. with a mean (.ml 42%.
(range, 0 to 76%) and a moderate downward trend. The 1nlLTr.\"f:ntmI] was c‘ompn.scd ‘ul
Cimiy serving as a peer support for a student with severe disabilities ((.uthy"). Ft)]lnwmgrl"n.
tervention. there was an immediate increase in the level of the dependent variable (M = 91%),

with a small upward trend, little variability, and no overlap with the previous baseline. The
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1
V\%?lgr):g Sug;)l%ng I Su(;):;)'::?r'{img _Vli“"‘]]‘”; cl1l'fer‘cm ?Spfclfﬂl'.lhe data so that researchers can arrive at a better understand-
Alone Cathy ;’ Cathy ing of the nature of lhurtmdmgs.

100 = | ¢ o An example of how graphs can be used to focus on various aspects of a data set in ed-
: - : ucational research is provided by Haring and Kennedy (1988). These authors analyzed a
- i \ task analysis data set, using various graphic strategies. Task analysis is a process of break-
0 g’, 2 i .3 i‘ng 'Complcx sequences of behavior into component parts. This procedure has proven ef-
E & i : : fective at teaching people complex skills (Gold, 1976). In this instance, a leisure activity
% S 60 A : g was l'cAiught 10 a young man with severe disabilities. Table 15.3 shows the task analysis of
Q> : - : the' leisure activity and notes the steps that were critical for independently completing the

g i : A skill, as compared to the steps that were based on social convention.
g & i i :\: Figure 15.13 (page 208) shows five different approaches to visualizing the task
&,— E : ¥ ! zjl]alysts data, each showing different properties of the original data. Graph A is a standard
< 5 : : - line graph that presents the percentage of correct steps for each baseline and training ses-
- e sion. This graphic approach shows day-to-day variation in the dataset but does not provide
: el information regarding when the skill was independently performed (i.e., all critical steps)
0 T gl e b T ™ = and does not show the types of errors that occurred. Graph B shows the number of sessions
0 ° 10 15 20 Two-Month (in blocks of five) that were independently completed. This second approach to visualizing
Days Follow-up the data allows for an analysis of independent performances but does not show day-to-day
iyt AR IR T : a3 | variability or the types of errors that were made. Graph C displays the data as the number
FIGURE 15.12 Example of how to use visual inspection. The percentage of time udent of sessions to criterion for each step in the task analysis (i.e., correctly performed three days
without disabilities (Cindy) was academically engaged served as the dependent variable. The in a row for a single step). This graphic approach shows the errors that were made in a sum-
baseline condition was Cindy working by herself in a general education classroom (i.e., home mative fashion but does not display day-to-day variation or when competent performances
economics). The intervention was comprised of Cindy serving as a peer support for a student occurred. A fourth approach to visually displaying the data is shown in Graph D. This graph
with severe disabilities (Cathy). shows the cumulative number of times that the skill was performed independently. This ap-
Source: From L. S. Cushing and C. H. Kennedy, “Academic Effects of Providing Peer Support in ( proach allows analysis of whether a session was independently performed and on what day
Education Classrooms on Students without Disabilities,” Journal of Applied Behavior Ana 97, 30, fig. 1 (preserving day-to-day variation at a certain level) but provides no information regarding
p. 145. Copyright 1997 by the Society for the Experimental Analysis of Behavior. Reproduce what lypc;of errors were made. Graph E combines elements of Graphs A and D to display
the percentage of steps correct and the occurrence of independent performances. By doing
this, the graph shows all of the characteristics of the data previously described, with the ex-

withdrawal of the intervention coincided with a reversal to baseline levels of performanc

(M = 38%). Reintroducing the intervention resulted in an increase in academi

ment (M = 85%), which after several sessions returned to levels similar to the previous i TABLE 15.3 Task Analysis of a Leisure Skill
tervention phase. Using the A-B-A-B withdrawal design, Cushing and Kennedy were able T

to demonstrate that Cindy was more academically engaged when she assisted Cathy than Steps in Task Analysis

when she worked alone. - s 1. Gets radio and magazine®

. Sits down in leisure area®
., Turns radio on*

LTS o

Using Graphs to Analyze Data 4. Selects radio station® :
; 5. Puts headphones on appropriately
Following this review of the elements of line graphs : s et o a 6. Looks at _'“f‘llﬂi’-“w" : kb ol i
' Wi ‘ TSP s Bnic ingnics iuvetsueana 8 7. Stops activity when signaled that break is finished
the focus will now shift to how to use graphs to explore various aspects of a data set. Data 8 Takes hCEldpi”lOﬂCS of f
sets are often multifaceted and lend themselves to a variety of analyses. Depending on the 9. Turns radio off*
approach taken, different aspects of the nature of the data will be revealed. Therefore, Vi 10. Puts magazine and radio away

sual analysis of data is much more than simply putting data into a graphic template and de-
scribing the information. Instead, visual analysis is a process of using graphs to explore and *Critical steps.
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!' IGURE 15.13 Example of how graphs can be used to focus on various aspects of a data sét
in educational research. Each graph reveals a different aspect of the original data

Source: From T. G. Haring and C. H. Kennedy, “Units of Analysis in Task-Analytic Research,” Journal of
Applied Behavior Analysis, 1988, 21, fig. 1, p. 209. ( opyright 1988 by the Society for the Experimental
Analysis of Behavior. Reproduced by permission
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FIGURE 15.14 This graph allows for a comprehensive visual analysis of the original data
displayed in various ways in Figure 15.13.

Source: From T. G. Haring and C. H. Kennedy, “Units of Analysis in Task-Analytic Research,” Journal of
\pplied Behavior Analysis, 1988, 21, fig. 2, p. 213. Copyright 1988 by the Society for the Experimental
Analysis of Behavior. Reproduced by permission.

ception of an error pattern analysis. A final graph was constructed by Haring and Kennedy
that met each of the criteria previously discussed (see Figure 15.14). This final graph allows
for a comprehensive visual analysis of the original data.

The previous examples illustrate how using various approaches to graphically display
data can allow for the visualization of different aspects of a data set. The variety of means
for visualizing data is enormous, and researchers need to select those graphic approaches
that best represent salient aspects of their data. An issue that needs to be addressed when
graphing data is the level at which the information will be summarized. In some instances,
it may be more desirable to summarize data as averages (e.g., percentage of intervals),
while at other times it may be best to graph data at a more fine-grained level (e.g., cumula-
tive occurrences in real time). The former approach is sometimes referred as a molar ap-
proach, and the latter as a molecular approach.

Figure 15.15 (page 210) illustrates how the same data set can be visualized at various
levels (Iversen. 1988). The data are from a laboratory experiment that analzyed the number
of times a response was emitted following the delivery of a response-independent positive
reinforcer. The y-axis displays this as the number of responses that occurred within thirty
seconds of cuch.reiﬂl'nrcing event. In the center panel of the graph are the raw data. It shows
that on one occurrence, twelve responses were emitted; on four occurrences, eleven re-
sponses were emitted; on one occurrence ten responses were emitted; and so on. If the data
were summarized at a molar level, such as the mean and standard deviation of the raw data,
it would look like the graph in the right-hand panel of Figure 15.15. If the data were analyzed
at a more molecular level, one approach would be to adopt the strategy shown in the left-
hand panel. In this instance, the data were further analyzed in terms of t.hc contiguity be-
tween reinforcer delivery and the last response prior to the reinforcer delivery. The data in
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FIGURE 15.15 Example of how data can be visualized at various levels. The data are from a
laboratory experiment that measured the number of times a response was emitted following the
delivery of a response-independent positive reinforcer. The vertical axis displays this as the
number of responses that occurred within thirty seconds of each reinforcing event. Each of the
panels aggregates the data at a different level of refinement.

Source: From L. H. Iversen, “Tactics of Graphic Design: A Review of Tufte’s The Visual Display of
Quantitative Information,” Journal of the Experimental Analysis of Behavior, 1988, 49, fig. 6. p. 179. Copyright
1988 by the Society for the Experimental Analysis of Behavior. Reproduced by permission.

the left-hand panel clearly show that the greater the contiguity (e.g., 0 to 0.5 s) between prior
responses and reinforcer delivery, the greater the number of postreinforcement responses.

The data displays in Figure 15.15 show how information can be summarized at dif-
ferent levels of aggregation and disaggregation. The raw data show the general distribution
of events, the statistical data show central tendency and dispersion at the most coarse level,
and the disaggregated data show specific patterns in the data. The information shown in the
left-hand panel also illustrates the power of graphic displays to more completely analyze
data. With the addition of a second variable along the horizontal axis, the author was able
to account for variability in the behavior unexplained in the other panels. In this sense,
graphs can be used to explore, visualize, and explain variability in behavior.

Another approach to visualizing information that is becoming increasingly common
is to conduct within-session analyses. The information in Figures 15.2 through 15.15 show
data-summarizing events occurring during an entire session. That is, the data represent the
average level of events within the experimental session. However, in some instances, in- |
formation regarding the pattern of events within a session can aid in the understanding of
variables influencing behavior. One assumption that is implicit in summarizing whole-
session data as individual data points is that the pattern of behavior observed in an experi-
mental session was uniform throughout that session. For instances in which there are
changes in responding during a session, within-session data analysis can reveal potentially
important patterns that otherwise might not be discovered.

One of the first applied examples of within-session analysis was provided by CarT,
Newson, and Binkoff (1980). Carr and colleagues were interested in understanding why ag-
gression occurred in two boys with developmental disabilities. The analysis shown in
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Figure 15.16 indicates that the behavior was related to instructional demands. When de-
mand.s were made, high levels of aggression occurred; under no-demand conditions, ag-
gression rarely occurred. An important aspect of the experimental procedures was that the
lf:.ngth of each session was fixed. Once the session was over, the demands stopped. Tech-
mcalI){, if the children’s behavior was reinforced by escape from instruction, termination of
a session could constitute a fixed-interval (FI) schedule of negative reinforcement (see
Catania, 1999). An important characteristic of FI schedules is that they produce a scalloped
Pattern of behavior in which responding is less frequent early on but increases in probabil-
ity as the end of the interval nears (i.e., reinforcement is more proximal). To see if the data
they were obtaining fit this well-known pattern of behavior, Carr et al. conducted a within-
session analysis that contrasted two conditions: the presence of a “safety signal” indicating
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FIGURE 15.16 [Initial analysis conducted by Carr et al. (1980). The number of aggressive
responses for Sam and Bob (two boys with developmental disabilities) served as the dependent
variable. The independent variable was the presence or absence of instructional demands.
Source: From E. G. Carr, C. D. Newsom, and J. A. Binkoff, “Escape as a Factor in the Aggressive Behavior of
Two Retarded Children,” Journal of Applied Behavior Analysis, 1980, 13, fig. 1, p. 105. Copyright 1980 by the
Society for the Experimental Analysis of Behavior. Reproduced by permission.
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no more demands would be made versus a “no-safety-signal” condition in which demands
were continued (see Figure 15.17). In the absence of the safety signal, aggression increased
as the sessions continued; when the safety signal was presented, aggression decreaseq
This within-session analysis helped provide additional evidence that the aggression was
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FIGURE 15.17  Within-session analysis conducted by Carr et al. (1980) from the between-
session data displayed in Figure 15.16. As described by Carr et al., “Number of aggres
responses during the fifth and sixth minute of each session in the second demands condi

Bob (top half of figure) and during the sixth to tenth minute and eleventh to fifteenth minute of
each session in the third demands condition for Sam (bottom half of figure). The left panels show
data taken during safety signal sessions in which the experimenter signaled to each child that
demands were no longer forthcoming. The signal was given to Bob :;[ the start of the sixth minute

u_nd to Sam at the start of the eleventh minute. The right panels show data taken during no-safety-
signal sessions in which neither child received any cue that demands had ended. Some of the data
points have been slightly displaced horizontally to enhance presentation clarity” (p. 106)

Source: From E. G. Carr, C. D. Newsom, and J. A. Binkoff, “I scape as a Factor in the Aggressive Behavior ol
'I"\.\u Retarded Children,” Journal of Applied Behavior Analysis, 1980, 13, fig. 2. p. 106. ( ‘.\p\ﬁ“hi 1980 by the
Society for the Experimental Analysis of Behavior. Reproduced by ;wrnux\n‘m. -
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negali.\fely reinforced (see Carr, 1977) and followed principles of behavior that were well
established in basic research (see Sidman, 1960b).

Another example of within-session analysis is provided by Vollmer, Ringdahl,
Roau‘}c, and Marcus (1997) in an analysis of adventitious positive reinforcement using non-
u.)ntmgcnl reinforcement (NCR) procedures to treat behavior problems. The top [uanL‘] of
Figure 15.18 shows an analysis of NCR to treat the behavior problem of an adolescent
with developmental disabilities. During the second NCR phase (sessions 14 through 20),
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FIGURE 15.18 Example of within- and between-session analysis of data. Vollmer et al.
(1997) describe this figure: “The upper panel shows aggression rates during baseline, continuous
NCR. NCR with fading, and MDRO conditions (values for MDRO are shown in minutes). The
d by the lines and reinforcer delivery schedule values. The lower panel
aggression during sessions 13 through 20. Arrows indicate when

fading steps are indicate
shows cumulative records of
reinforcers were presented” (p. 163).

Source: From T. R. Vollmer, J. E. Ringdahl, H. S. Roane, and B. A. Marcus, “Negative Side-Effects of
Noncontingent Reinforcement,” Journal of Applied Behavior Analysis, 1997, 30, fig. 1, p. 163. Copyright 1997

by the Society for the Experimental Analysis of Behavior. Reproduced by permission.
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problem behavior began to rapidly increase in frequency. Vollmer et al. conducted withj-
session analyses of these sessions, which are displayed in the lower panels of the figure,
Using the NCR procedure, a reinforcer was delivered on a response-independent fixed-time
(FT) schedule. The pattern of responding and stimulus delivery on the NCR FT schedule
showed a pattern of responding very similar to that previously discussed for FI scheduleg
of reinforcement. That is, the authors had inadvertently (i.e., adventitiously) established 3
positive reinforcement contingency for the problem behavior, thus making it increase over
time. Given the results of the within-session analysis, Vollmer et al. were able rrange g

momentary-differential-reinforcement-of-other (MDRO) schedule of 1
counteract the adventitious positive reinforcement schedule established
cedure. In this example, the use of within-session analysis provided the ability to analyze
the contiguity of events that were occurring on a moment-by-moment level that would not
have otherwise been available for analysis

This section has highlighted a few examples of how graphs can be used to exj
This type of process is frequently done in experimental biology and the experin

sis of behavior (see Chapter 2) but is far more rare in psychology or education irel
(Smith et al., 2002). There are no prescribed limits to how data can be explor

ized, nor are there templates for graphic analysis that are universally effecti

searchers need to look carefully at their data and at multiple levels, in conjunctio range
of events potentially serving as independent and dependent variables. The use aphs car
be extremely helpful in this process of exploring data and trying to more thoroughly under
stand what type(s) of functional relations may have been established in an experime

Training People to Visually Analyze Data

One of the chief criticisms of the visual analysis of data by proponents of infe

tics has been that judgments are inconsistent. That is, if two or three differe esearcl
inspect a graph, they may reach different conclusions. The basis for this
studies showing interrater variability when conducting visual analyses of data ( ‘
Prospero & Cohen, 1979; Furlong & Wampold, 1982; Jones, Weinrott, & Vaug
'he findings showed that judges could differ under certain conditions when
the size of experimental effects via visual analysis

At the time these studies were conducted, they were interpreted by researchers not
miliar with single-case methods as a damning critique of this research methodology (se¢

scipline wer

Box 15.2). The criticism was that the data analysis methods of this new d

valid, or at least inconsistent, rendering the methodology inadequate (Fisch, 2001; Sha

son & Towne, 2002). The logic was that if researchers varied in their visual interpretation
Ul"gl‘;l["h\ the data ‘Lll;i|} sis methods used in behavior analysis were flawed. On the surface
this criticism seems to have merit. However, the logic seems inconsistent with certain as-

pects of the scientific process. First, the judgment of raters differed primarily unde: condi
tions of small level changes between conditions and high variability within phases. Few, if
any, single-case researchers would attempt to claim functional relations under such cir
cumstances. If they did, their claims would likely be challenged by other single-case re-

searchers on the bases that (1) any assertion regarding a functional relation needs to be

B‘_“_liz * Applied Psychology’s Disfavor with Visual Data Analysis

Considerable attention was given to the emergence
of applied behavior analysis in the 1960s and
1970s. Part of that attention was from applied psy-
chologists, who criticized the nascent field’s pri-
mary approach to data analysis—graphic displays.
This approach to data analysis contradicted the
predominant approach in psychology, which was
the use of inferential statistics. Applied psycholo-
gists have criticized researchers using single-case
designs for not following proper scientific method
(Shavelson & Towne, 2002).

One of the underlying issues of this debate
was two fundamentally different approaches to de-
signing experiments and analyzing data. Using
group comparison methods, subjects are randomly
assigned to prescribed conditions; after the data are
collected, the results are analyzed to estimate the
degree to which a particular finding is due to
chance. If that probability is low enough, the re-
sults are accepted as due to experimental effects
and not extraneous variables. In behavior analysis,
experiments are designed to reveal how behavioral
processes operate, and data analysis is focused on
demonstrating functional relations via repeated ex-
perimental manipulations. The designs are induc-
tive and changed as the data require. The two
approaches have distinct epistemological assump-
tions, meaning that they are not reconcilable (Cata-
nia, 1973). Rather, they exist as distinct approaches
to conducting experiments. Criticizing one ap-
proach by using the experimental criteria of the
other is logically unsatisfactory.

There is a long-standing truism among re-
scarchers that the appropriate analytical technique

[ ]
n
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is not tied to a specific research methodology but
to the success of researchers in answering their ex-
perimental questions. Whether single-case designs
are an adequate approach to answering experimen-
tal questions should not be judged by a particular
person’s aesthetic sense of what a research method
should be but by how useful that method is in
answering the experimental questions being
posed. Given that research in the behavior-analytic
tradition has thrived for most of the twentieth
century, from laboratory to school settings, and is
only showing signs of increasing in prevalence
across a range of academic disciplines, this ap-
proach to experimental design must be producing
useful results. Otherwise, it would have ceased to
be used as a tool for understanding human nature
long ago.

Perhaps what is fundamentally at issue with
applied psychology’s disfavor of various methods
used in single-case research is not the inadequacy
of those methods but the critics’ lack of familiarity
with single-case methods and their underlying as-
sumptions. To dismiss a functional relation derived
from a single-case design as not adequate because
inferential statistics were not used is no more sub-
stantive than behavior analysts complaining that
group comparison designs hide variability or are in-
efficient because they require too many participants
to demonstrate experimental control. Ultimately,
the adequacy of any particular experimental
method will rest on researchers’ ability to produce
findings and solve problems by using that particular
method.

highly qualified and (2) the finding would require direct replication with additional partic-
ipants before it was publishable. Hence, the cri
creased Type I errors (i.e., claims of an effect when none exists) ignores the larger social
aluated in science (see Smith et al., 2002). Rarely, in single-case

context of how data are ev

research. do claims of an experimental effect rest on a single ambiguous A-B analysis. Such
ive the peer review process, which serves as the primary quality con-
ne new findings into the research literature (see Chapter 1). Given
( archers. reviewers, and editors) visually analyze each

a claim would not surv
trol system for introduci
that multiple individuals (i.e., rese

ticism that visual inspection may lead to in-
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data set prior to publication, the odds of every person making a Type I error following thig
type of training is extremely small.

A second flaw in criticisms leveled against visual inspection is that they ignore the
self-corrective nature of the research process. If researchers were to claim a functional re-
lation from a limited data set with small effects, those findings would still need to be inde-
pendently replicated. If researchers did make a Type I error by overinterpreting their data,
they and others would be unable to replicate the original findings. The result would be that
the original finding would be viewed as an anomaly and disregarded as a valid claim. It i
important to remember that at the heart of the scientific method is a “quality control SYs
tem” called replication (see Chapter 4).

A final limitation of critiques of visual analysis is that this approach to data analysis is

[gnoring for the moment the findings of ex

demonstrably effective as a scientific technique.
perimental biology and medicine over the last two centuries (which often rely on visual analy
sis of data; see Latour & Woolgar, 1986), the single-case literature in educational research has
repeatedly produced important findings over the last forty years. Those findings, as noted
Chapter 2, have been repeatedly replicated, extended, and refined over time and have led |
important insights into behavioral processes and innovative new teaching techniques. If the
basis for data analysis in single-case research were fundamentally flawed, it is unclear how a
continuous stream of important discoveries could be made (and repeatedly replicated)

A more adequate solution to concerns about interrater variability using visual analy
sis is one very familiar to educators and behavior analysts: teach people how to analyze
graphed data. In every research team, such a process is done informally (or at least without
an explicit curriculum) using visual analysis methods and is a standard component of uni-
versity courses in behavior analysis. Recent data have shown that untrained observers car
interpret graphed data (as indexed by a consensus of experts) with approximately 55% ac
curacy. However, following training, those same raters improve their performances to ap-
proximately 95% (Fisher et al., 2003).

Fisher et al.’s (2003) recently validated approach to training visual analysis skills w
be used as an example. First, a set of A-B graphs are developed that show a range of effect:
relating to trend, level, variability, immediacy of effect, and overlap. The graphs are ther
categorized into varying degrees of change between conditions as an index against wi
trainees’ judgments can be indexed. Trainees are then exposed to the concepts of visual in

spection (reviewed in the previous sections of this chapter). The A-B graphs are ther
sented individually to the trainees, who are asked to record whether an effect is present of
not, and they are then provided with feedback regarding the accuracy of their performances
This relatively simple method can be used to train consistent visual inspectors in less than
an hour, according to Fisher et al. (2003).

This type of formal training scenario, combined with regular reading and discussior

]

of published research, seems to be the best approach to teaching people how to visually a
alyze data. Combine these approaches with the daily and weekly decisions that are re
quired when engaging in either research or practice, and a rigorous training regimen is
established. Twenty-five years after the debate over whether visual data analysis is an ac-
ceptable method, the focus has changed from whether the approach works to how to effec-
tively teach people to use this demonstrably effective data analysis technique. In other
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o

words.. with the vantage gained by hindsight, the issues regarding the use of visual data
analysis are not if, but how.

Conclusion

The visual inspection of graphed data has proven to be one of the most powerful analytical
techniques in science. By visualizing different aspects of a data set, the results of a study
can be explored and described in a variety of ways. Such a process allows researchers to
delve into various aspects and patterns of their data to gain a deeper understanding of the
nature of their findings. The use of visual analysis techniques match the inductive nature of
single-case designs by facilitating data exploration and the provision of readily developed
and updated data analysis formats. That is, as an experiment unfolds, the data can be
tracked on a daily basis for decision-making purposes and the experimental procedures ad-
justed accordingly.

Because of these properties, graphed data have been the central means of data analy-
sis for the experimental analysis of behavior since its inception in the 1930s. As basic lab-
oratory findings were extended to socially relevant issues, the data analysis techniques of
basic researchers were adopted by applied investigators. Although the use of graphs instead
of inferential statistics as a primary means of data analysis is contrary to traditional ap-
proaches to psychology, this technique has proven useful in the biological and medical sci-
ences. This chapter has provided an introduction to the visual analysis of data as well as a
few examples of how graphic displays can be used to better understand the nature of func-
tional relations that result from single-case research. However, like all aspects of research
methodology, there is no single “correct way” of graphing data. Instead, researchers need
to adapt the technigues available to them to the analytical task at hand and use, or develop,
the most appropriate means to reveal what patterns exist in their data.
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Social Validity

II' this book were strictly about behavioral processes analyzed in laboratory setti hen
this final chapter would not be necessary. However, this book is not about basic research.
Instead, it has explicitly focused on how to analyze behavioral processes in educational set
tings. Such a focus requires researchers to work directly with people, many of whom are in
some type of need and require help from others. This makes applied behavior analysis dif
ferent from the experimental analysis of behavior. Although both disciplines seek to un-
derstand the underlying nature of human behavior through the analysis of behavioral

processes, applied research does so within a highly public context
Typically, in educational settings, researchers are working to ameliorate some type of
problematic situation, whether it be increasing the acquisition of reading skills, in

a child’s articulation, or intervening to reduce aggressive behavior. In addition, |
schools are public settings, other students, teachers, paraprofessionals, school administra
tors, and related services personnel are likely to be involved. Most directly affected

students and their families. Such a research context, by definition, occurs wi

milieu in which multiple individuals may be affected by the behavior change intervention
even if that intervention is focused on a single student.

Because of the applied nature of educational research, additional analytical activities
are necessary to evaluate the effects of interventions on a range of consumers. If researcher

want to understand the iI]][L‘ICl of their intervention on a classroom. more may b

than to graph a functional relation between the intervention and improvements in math per-
formances. Additional information may be gained from the follow ing questions: Did the
teacher find the intervention easy or hard to implement? How did the students react to the
new procedure? Did the teacher use the intervention after the study was completed? Were
there any positive or negative side-effects associated with the intervention? Did the recip
ients of the intervention perform at levels typical of other students their age? Did the prin
cipal view the results as worth replicating in other classrooms? Such information helps
investigators understand the larger context of effects their intervention may produce. Such
an understanding can help in interpreting functional relations within the social contexts in
which they occur and potentially can improve the effectiveness, or at least the acceptabil-
ity, of educational interventions. In order to understand the social context within which

Chapter 16 « Social Validity 219

S{Hgle‘?ilfe research is conducted, researchers have developed a concept referred to as so-
cial validity.

Social Validity

Social validity is the estimation of the importance, effectiveness, appropriateness, and/or
satisfaction various people experience in relation to a particular intervention. If, after fifteen
chapters focusing on the scientific virtues of being precise, objective, and analytical, this
seems somewhat subjective, that is because it is subjective. And this is the reason why so-
cial validity is so integral to understanding the effects produced in applied settings. Because
educational research occurs in applied contexts, knowing how people in those settings react
to an intervention is an important component in understanding the effects of a behavioral
intervention.

The concept of social validity was introduced to the field of applied behavior analy-
sis by Kazdin (1977) and Wolf (1978). However, there were antecedents to this concept in
other disciplines. In the 1930s, the business sector became interested in whether the em-
ployees making products and the consumers using those products were satisfied (e.g., Roth-
lisberger & Dickson, 1939). In psychotherapy, psychologists and psychiatrists were
interested in the expectations their clients had toward what they would experience and
whether they believed they benefited from therapy (e.g., Rogers, 1942). Finally, in medi-
cine, researchers and clinicians became interested in measuring whether patients were sat-
isfied with the medical treatments they received (e.g., Makeover, 1950). Each of these
lines of inquiry focused on establishing what people expected, experienced, and perceived
were the effects of a particular endeavor.

When Kazdin (1977) and Wolf (1978) developed the concept of social validity, it was
during the initial, rapid growth of applied behavior analysis. As was noted in Chapter 2, ap-
plied behavior analysis had emerged from earlier laboratory research and by the early 1970s
was a well-established discipline, but one that was controversial (Kazdin, 1978). Much of the
controversy was due to public concerns about researchers “controlling” the behavior of
other people. These concerns, in part, were due to the effectiveness of behavioral interven-
tions and their explicit, operationally defined procedures focusing on the consequences of re-
sponding (Goldiamond, 1976). Whatever the actual basis for concern, there was a great deal
of public debate about whether “behavior modification” was ethical or desirable.

Unfortunately, when behavior analysts tried to address these public concerns, there
were scant data from their own studies to buttress their arguments about the acceptability
of their work. Because behavior analysts tended to focus on carefully defined behaviors that
are directly relevant to a particular experimental question, thfere were little zlx'uil.nblc data
about how people “felt” about a particular experiment. This left behavior ;mulys‘ts in thc un-
comfortable situation of having very little data on which to argue in favor of their inter-
ventions. other than the changes in behavior they typically documented. This historical
context set the occasion for Kazdin (1977) and Wolf (1978) to suggest measuring the so-
cial impact of behavioral interventions using the construct of soc‘ial validity.

In Wolf's (1978) original description of social validity, he focused on the use of sub-

jective judgments regarding the adequacy and desirability of behavioral interventions. He
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sugeested that by understanding the subjective nature of interventions, applied behavior ap.

alysts could gain a better understanding of the social importance of their work. Specifically

he outlined three general domains for subjective analysis: goals, procedures, and outcomes

Goals refer to the targets of an intervention, including individuals, settings, and specific be-

haviors. Procedures are the techniques used in a study to change behavior—that is, what the

experimenter did to increase or decrease the probability of specific behaviors. Outcomes are

the behavioral changes produced by an intervention, both direct and indirect.

These three domains were a framework to begin the study of social v:

behavior analysis. Such a system allowed for the systematic study of subjective data. How
ever, these suggestions ran contrary to decades of research in behavior analysis in which only

objectively defined variables were permitted into a behay ioral analysis. In a sel he em

pirical approach championed in behavior analysis required that these researche

subjective data into their studies in order to better understand the effects being produced. Tt

was, and still is, somewhat ironic, but it was a necessary condition for understand e ef

fects of behavioral interventions in applied settings (see Box 16.1).

This historical context led Wolf (1978) to write the following:

Earlier in our history, Watson and Skinner argued forcefully against subjective \ ment

because they were concerned about the inappropriate causal roles that hypotl

variables, subjectively reported, were playing in social science. As a result
J 3 play 1}

cluded that all subjective measurement was inappropriate. A new consensus seel 0 be de

BOX 16.1 * Applying Social Validity

Given the value of understanding the social impact
of an experiment, should all studies in applied be-
havior analysis use social validity assessments?
One could argue that any study seeking to change
a person’s behavior in an applied context should
have the social validity of that endeavor assessed.
However, the appropriateness of using social va-
lidity assessments depends on what one means by
“applied context.” In many respects, the “applied”
versus “basic™ distinction is a false dichotomy.
Rather than being a binary distinction, these con-
cepts actually span a continuum from basic to ap-
plied research. That is, some researchers may use
humans and even study a behavior of clear social
importance (e.g., self-injurious behavior) but be
focused on how basic behavioral processes pro-
duce these behaviors.

Such studies have been referred to as
“bridge studies” because they fall between applied
and basic research (Mace, 1994). In such instances,

the use of social validity data may not meaning
fully contribute to the interpretation

mental results. However, the ratioi
investigations is gaining a better understan
behavioral processes impacting socially
situations so that more effective interve

be developed (Lerman, 2003). It

and bridge studies are successful at identif

new behavior-environment mechanisms
findings necessarily need to be translated int
tical interventions

Because such a translation has a clea
peutic intent, those studies would clearly neec
assess the social validity of their goals, procedt

and/or outcomes. However, at this point in time,
given the complex range of research occurring
within the field of behavior analysis, the use of so-
cial validity assessments should probably be re
served for studies in which some type of

intervention effect is being studied.
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veloping. It seems that if we aspire to social importance, then we must develop systems that
allow our consumers to provide us feedback about how our applications relate to their val-
ues, to their reinforcers. This is not a rejection of our heritage. Our use of subjective mea-
sures does not relate to internal causal variables. Instead. it is an attempt to assess the
dimensions of complex reinforcers in socially acceptable and practical ways. It is an evolu-
tionary event that is occurring as a function of the contingencies of the applied research en
vironment; contingencies that our founders would probably say they appreciate, if we had
the nerve to ask them for such subjective feedback on our behavior. (p. 213)

Approaches to Social Validity

Over the last twenty-five years, three approaches have been introduced to estimate social
validity (see Box 16.2). Each approach focuses on a different aspect of the construct of so-
cial importance. As one might deduce, each has its strengths and limitations, and no single
approach to assessing social validity can be referred as “the gold standard.” Therefore, this
section reviews the different approaches to social validity estimation, explains the purpose
of each approach, provides examples of their use, and critiques the strategies.

Subjective Evaluation

The original conceptualization of social validity focused around what Kazdin (1977) and
Wolf (1978) referred to as subjective evaluation. This approach is used to gather informa-
tion regarding people’s perceptions of some dimension of the goals, procedures, and/or out-
comes of an experiment. The purpose is to estimate how people view some dimension of
the experimental situation. Which aspect of the experimental situation is assessed is largely

BOX 16.2 * Language Use and Social Validity

Unlike most aspects of behavior-analytic research, ~the framework of studying the social \-aiid.i(y L.)!' be-
which deal with explicit events, social validity pre-  havior analyses, it has led to some confusion in the
sents researchers with a different type of analytical language used to describe social validity.

situation. Behavior analyses, by definition, focus on Because social validity 1% a social construc-
physical events that can be operationalized and di-  tion, that is it is based on sc.vcml conventions and
rectly measured. This rigorous approach to experi- ~ poorly defined concepts..it is not a thing. There-
mental methodology has been one of the key aspects ~ fore, its use as a noun, as in “We ‘ncefilm.show that
of the success of behavior analysis over the past cen- this intervention has social valldn.y..’ is muccug‘ulc
tury. With the introduction of social validity, how-  and misleading. Rather, social validity is an adjec-
: tive that describes some characteristics of the
goals, procedures, and/or outcomes of an experi-
ment in light of some defined social context. Be-
cause of this aspect of language use (see Hineline,
1990), it is more accurate to refer to estimating or

ever, this situation was altered in some respects.
The essence of the argument for social valid-
ity, particularly in the use of subjective evaluation,
is to allow verbal constructs such as “like,” “ac-
ceptable,” and “inappropriate” into experimental : ‘ cu
analyses. While this is entirely appropriate within  assessing social validity.
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a function of the experimental question and what the researcher wants to learn about. For
example, if the investigators are working on a novel applied problem, then they might
gather social validity data on whether this topic is viewed as important and whether thejy
goals for reducing these behaviors are desirable. However, if the investigators are focusing
on the use of a novel intervention, then they might want to assess whether people view thejr
new technique as acceptable. Or if the experimenters want to demonstrate the desirable
qualitative outcomes of their techniques, they might have people subjectively evaluate the
behavior of interest before and after intervention. Depending on what the experimenters
want to learn, any or all of these approaches to subjective evaluation can be used

Conducting Subjective Evaluations. The first step in using subjective evaluation is to

identify whether the aim is to receive feedback about the goals, procedures, or outcomes o
some combination of these. Once this has been decided, researchers need to identity who
they will solicit information from. Schwartz and Baer (1991) identified four types of con
sumers: (1) direct consumers, (2) indirect consumers, (3) members of the immediate con

munity, and (4) members of the extended community. Direct consumers are the immediate
recipients of the intervention—for example, the student whose spelling is being improved

or the teacher who is receiving technical assistance to improve recommended research
practices. Indirect consumers are people involved in the situation being studied. These in-
dividuals can include the parents of a child who is receiving the spelling intervention or the
principal in charge of supervising the teacher who is learning to use new instructional tech-
niques. Members of the immediate community are those who are indirectly impacted by the

study but who have some type of contact with the direct and indirect consumers. These in-

dividuals can include other children and their parents, other teachers in the school, or school
board members. Members of the extended community are individuals who do not have d

rect contact with consumers but who may be interested in the potential beneficial or detri-
mental effects of a study. Examples could include taxpayers, legislators, media reports,
content experts, or anyone else who might be interested in the researchers’ efforts (see

Kennedy, 2002a).

Again, which group(s) is the focus on the social validity assessment is a function ¢
the question being posed. At one of end of the continuum, a researcher may want to under
stand how children and teachers react to a particular type of educational intervention. Fo
example, researchers might compare lecture-based instruction with cooperative learning
groups and ask the direct consumers which approach they prefer and why. At the other end
of the continuum, researchers might be interested in polling a regionally representative
group of home owners (i.e., people who pay the property taxes that finance local school sys
tems) about whether they view school violence as an important enough issue that they
would endorse cuts in other school programs (e.g., extramural sports) to increase services
to reduce violence.

Once the consumer group(s) is identified, researchers need to select the assessment
strategy to be used. In general, there are four approaches to collecting subjective evaluation
information: (1) questionnaires, (2) forced-choice procedures, (3) structured interviews,
and (4) open-ended interviews. Questionnaires are the most frequently used method
(Kennedy, 1992). Questionnaires typically present a series of questions to which a partic-
ular person responds in writing or some other medium. The questions focus on some aspect
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Uf_ThC investigation the experimenter wants to learn about. For example, the questionnaire
m'lghl ask a series of questions regarding the acceptability of the intervention procedures
given certain circumstances (see Kazdin, 1980). Forced-choice procedures require infor-
mants to make choices among possible goals, procedures, and/or outcomes. For example,
individuals might be asked to sort in order of acceptability a variety of interventions used
to reduce behavior problems. In some instances, these choices are abstractions sampling a
person’s opinion; in other instances, individuals may be asked to actually choose among
possible goals or procedures they will be the recipients of (see Schwartz & Baer, 1991).

Using structured interviews requires the development of a series of questions that are
read to the respondent followed by the opportunity for the individual to answer. Typically,
these questions have a fixed number of response options to choose from. For example, the
interviewer may ask the informant a series of questions, to which they respond “yes,” “no,”
or “maybe.” Open-ended interviews pose predetermined questions to a respondent that
allow the individual to provide an extended and unstructured answer. For example, an ex-
perimenter may ask questions such as “What did you think of the cooperative learning in-
tervention?” or “How did the students respond to whole-class instruction?”” The answers are
then recorded using some medium for later summarization.

The final step in conducting a subjective evaluation assessment is data analysis. This
step in the process is the least clearly defined in the research literature. If the data are based
on discrete, quantifiable elements (e.g., Likert-type scales or yes/no responses), then the use
of descriptive statistics specifying the average and variation in responses would be appro-
priate. For example, in response to the statement “This treatment is one that [ would agree
to use with my child,” parental reports could be summarized as a mean of 4.3 (range, 2 to
5) on a five-point Likert-type scale (with 1 being “strongly disagree” and 5 being “strongly
agree”). Another option is summarizing the number of response options that were selected
for each question. Table 16.1 (page 224) shows the results of a treatment acceptability
analysis for students with severe disabilities and behavior problems, with respondents being
special educators (Kennedy, 1994).

If the data are qualitative in nature (i.e., verbal responses), being most likely derived
from structured or open-ended questions, then a qualitative analysis of the data may be re-
quired. A review of the research literature using social validity assessments suggests that
content analysis is the most frequently published form of qualitative data analysis con-
ducted on this type of data (see Miles & Huberman, 1984). In content analysis, the re-
sponses to each question are copied onto response cards or some other mediu?n. Members
of the research team then individually read and thematically sort them into self-constructed
categories. Once two or more members have done this, then the research team meets and
di.\'c[l.u.ses their categorization schemes. Then the group revises the cutegorimlifm scheme,
as appropriate, and agrees as a group on how to sort each response item to a particular ques-
tion. A similar process is undertaken for each question asked of respondents. Thcsc data can
be summarized in at least two ways. A study by Cox and Kennedy (2003) will be used to
illustrate both types of data summarization. The data reflect purcnla? responses to open-
ended questions about the hospitalization and subsequent recovery of their ch.1‘]‘d who had
a multiple disability. Table 16.2 (page 225) shnwslu content analysis lhuf specmcd‘general
to each question and summarized the percentage of answers from re-

response categories : ‘ :
category. Another technique for presenting these same data

spondents included in each
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TABLE 16.1 Results from the Treatment Evaluation Inventory Assessment

1. How acceptable do you find this treatment to be for the student’s problem behavior?

1 2 5
not at all moderately very
acceptable acceptable acceptable

2. How willing would you be to carry out this procedure yourself if you had to change the student’s problem
behavior?

3 5

not at all moderately very
willing willing willing
3. How cruel or unfair do you find the treatment?

8
very moderately not cruel
cruel cruel at all

4. To what extent does this procedure treat the student humanely?
_8
does not treat treats them treats
humanely moderately them very
at all humanely humanely
5. How much do you like the procedures used in this treatment?

1 ¥
do not like moderately like them
them at all like them very much

6. How likely is this treatment to make permanent improvements in the student?
5 3
unlikely moderately very
likely
7. To what extent are undesirable side effects likely to result from this treatment?
1 6 - n
many some no
undesirable undesirable undesirable
side effects side effects side effects
likely likely likely
8. Overall, what is your general reaction to this form of treatment?

' 8
very ambivalent very

negative positive

Note: N=8

Source: From C. H. Kennedy, “Manipulating Antecedent Conditions to Alter the Stimulus Control of Problem Behavior,”
Journal of Applied Behavior Analysis, 1994, 27, 161-170. Copyright 1994 by the Society for the Experimental Analysis of
Behavior. Reproduced by permission.
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would be to present Sulbcategories of answers to questions and exemplars of the actual re-
512025.88 tl?at were recgwed. Table 16.3 (page 226) shows the data from question 1 of Table
2 in this more detailed format. As with the visual analysis of data, what is most impor-

tant in analyzing this type of data is that the process and presentation reveal the character
of the data that are obtained in as clear and concise a manner as possible.

TABLE 16.2  Parent Responses to Open-Ended Questions

What did your child’s school do that was helpful?
Nothing (14.3%)
Offered support (85.7%)

What could the school have done to be more helpful?
More communication and coordination (35%)
Nothing (50%)

School not responsible (15%)

What did the hospital do that was helpful?
Nothing (20%)
Provided health services to child (24%)
Provided support services to parents (8%)
Supportive staff (48%)

What could the hospital have done to be more helpful?
Improve support for parents (13.3%)
Improved care (26.7%)
Increase continuity and collaboration (13.3%)
More staff education (26.7%)
Nothing (20%)

How successful was home-school-hospital communication?
Communication not an issue (10.5%)
No communication among entities (47.4%)
Parent assumed lead (26.3%)
Satisfactory (15.8%)

What could have been done to improve home-school-hospital communication?
Improved communication (26%)
Not sure what to recommend (8.7%)
School and hospital separate issues (65.3%)

What was the effect of the hospitalization on your child’s education?
Improved performance (15.8%)
No or little effect (42.1%)
Small negative effect (21%)
Substantial negative effect (21. 1%)

Source: From J. A. Cox and C. H. Kennedy, “Transitions between School and Hospital for Students with
Multiple Disabilities: A Survey of Causes, Educational Continuity, and Parental Perceptions,” Research and
Practice for People with Severe Disabilities (formerly JASH),
Reproduced by permission.

2003, 28, 1-6. Copyright 2003 by TASH.
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TABLE 16.3 Examples of Responses to Types of Support Provided in Question 1 of Table 16.2

Provided general support
“PT and teachers called and came to hospital.”
“Teacher called and brought homework.”

Offered general support
“Called once they heard child was in the hospital.”
“School offered homebound services but we declined.”

Homebound services
“Homebound teacher was already part of IEP. The teacher just came to the hospit:
“Homebound teacher provided laptop at the hospital.”

Source: From J. A. Cox and C. H. Kennedy, “Transitions between School and Hospital for Student
Multiple Disabilities: A Survey of Causes, Educational Continuity, and Parental Perceptions,” R
Practice for People with Severe Disabilities (formerly JASH), 2003, 28, 1-6. Copyright 2003 b

Reproduced by permission.

Strengths and Limitations. There are several strengths and limitations to using sub

tive evaluation as a technique for estimating social validity. An important strength, and one
championed by Kazdin (1977) and Wolf (1978), is that subjective evaluation allows qual-
itative information to be added to data gathered through an experimental analysis of be
havior. A second strength of subjective evaluation is that its use broadens the range of
dependent variables used in a study. Both of these strengths are based on including people’s

perceptions and opinions into the interpretation of what was done and what resulted from
an experiment designed to have beneficial outcomes to particular individuals. An important
limitation of subjective evaluation is that the questions posed are often biase

ceiving a positive outcome. That is, researchers often develop questions or pre

ways in which the situation predisposes respondents toward favorable answers. A
limitation of this technique is that people’s perceptions of situations may not meani
reflect changes in a participant’s behavior. A third limitation is that most instrument
veloped for subjective evaluation studies have unknown psychometric properti 1

the reliability and validity of the instruments are typically unknown (see Sax, 1996). Ove
all, the use of subjective evaluation can be an important tool if a particular experimenta
question is developed in which this information would be useful

Normative Comparison

A second approach to estimating social validity was developed largely in response to con-
cerns about the highly qualitative nature of the data derived from subjective evaluations.
The approach, referred to as normative comparison, was outlined by Van Houten (1979)
shortly after the Kazdin (197 :

and Wolf (1978) papers were published. In normative com-
parison, a P.’ll’IIL‘lli;ll' behavior(s) L‘llg.‘Lg_'L‘Li ]‘1_\' a |);1|'{!ﬂ[1;[|;[ 1S L'\‘lll}‘;il\.'k! to some reference
sample of individuals. Ty pically, the reference group is chosen because it can serve as an

exemplar of desirable levels or topographies of the behavior(s) of interest. The focus is to
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reference lhe. behavior change goals and outcomes for the participants in a study against
some normative group whose behavior is considered typical or desirable.

An early example of the use of normative comparisons is provided by Walker and
Hops (1976). These authors focused on improving the behavior of students considered to
have conduct problems in general education classrooms. As a reference regarding the treat-
ment goals and as an index of intervention B S Bk Hogs smpled levls of
appropriate and inappropriate behaviors among classroom peers identified by teachers as
behaving appropriately. The children with conduct problems were then given an interven-
tion in a separate setting until their behavior approximated that of their peers in the general
education classrooms (see Figure 16.1). The children with conduct problems were then
reintroduced into the general education classroom and maintained similar behavioral lev-
els to those of their peers. Such a demonstration shows quantitatively that the appropriate
behavior of the students who originally had conduct problems was similar to that of their
peers without behavior problems following intervention.

Conducting Normative Comparisons. To conduct normative comparisons, researchers
need to begin by identifying the behaviors of interest in the group of students whose be-
havior will receive intervention. Then, a decision is made whether to base the goals, out-
comes, or both aspects of intervention on a normative sample. If goals alone are chosen for
comparison, then researchers will have an intervention target to reach but no information

Baseline 1 Baseline 2 Intervention Follow-up
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FIGURE 16.1 Example of the use of normative comparison. The data show the percentage of
appropriate behaviors along the vertical axis and weeks of school along the horizontal axis. The

variables were the behavior of children with conduct problems and the behavior of peers in the

classroom deemed to behave appropriately by teachers.
“Use of Normative Peer Data as a Standard for Evaluating Classroom

Source: From H. M. Walker and H. Hops, )
1, p. 164. Copyright 1976 by the

Treatment Effects,” Journal of Applied Behavior Analysis, 1976, 9, fig

Society for the Experimental Analysis of Behavior. Reproduced by permission.
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on normative outcomes. If only outcomes are the focus of comparison, then researchers wi]|
have a metric of the normative outcomes of their intervention effects but no quantitative
goals to guide their efforts. For these reasons, it is probably best to use normative compar-
ison both to identify the goals to be achieved and then further demonstrate that after thoge
goals have been met, they are still normative values.

Once these decisions are made, researchers will need to identify an appropriate ref-
erence group to sample data from. Often, the choice is made to sample from a group of in-
dividuals who already show desirable levels of the behavior of interest. Then, levels of
those behaviors need to be measured in the environments in which they would natural]
occur. These data, when summarized, provide the basis for comparing the goals and ou
comes of the intervention that will then be experimentally analyzed.

Strengths and Limitations. Benefits of this approach to social validity assessment ar

primarily that there is a clear and defendable basis for setting the goals of an intervention
It is likely that in educational research when a child is identified as deviant in some aspec
the subsequent expectations for change in the child’s behavior are higher than for theis
peers, who are not viewed as needing intervention. Collecting normative data may hely
with this concern. An additional strength of this approach is that it provides a reference
after interventions have been implemented, regarding whether the person’s behavior is
within the range of the peers, whose behavior has been deemed acceptable. A final strength
of this approach is the logical foundation for basing treatment gains, which gives this strat
egy a high degree of face validity. That is, at face value most experts would say this is a rea
sonable and rationale approach to identifying intervention goals and evaluating outcomes
Limitations of normative comparison include concerns regarding whether the group
chosen as the normative sample is indeed normative. It is possible that the group sampled
displays either too high a level or too low a level of behaviors to be considered a truly rep-
resentative sample. In addition, as noted by Van Houten (1979), the goals chosen for a pa

ticular person in reference to the normative sample may be unobtainable. In some cases, an

individual may not need to be average to be successful within some type of social or aca
demic context, and the overreliance on normative values may interfere with the evalua
tion of what it takes for a particular person to be successful, even if this does not mear
normative.

Sustainability

A more recent index of social validity is the degree to which the effects of a particular in-
tervention are sustained over time (Kennedy, 2002b). Sustainability is an index of whethe
the procedures and outcomes of an experiment continue once the research is completed and
the researchers are no longer involved. If the consumers present in a particular context con
sider the procedures being used and the behavioral changes that resulted from them as de-
sirable, then they are likely to work at maintaining the program. The use of sustainability
as an index of social validity comes from the observation that “if an intervention is socially
invalid, it can hardly be effective, even if it changes its target behaviors thoroughly and with

an otherwise excellent cost-benefit ratio; social validity is not sufficient for effectiveness
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but is necessary to effectiveness” (p. 323; Baer, Wolf, & Risley, 1987). Therefore, if an in-
tervention is sustained over time, it must have some qualities that are consistent with what
is meant by social validity.

An example of sustainability is provided by Altus, Welsh, Miller, and Merrill (1993).
Altus et al. studied a program used to educate members of a university student housing co-
operative regarding their responsibilities for managing their housing unit. As is shown in
Figure 16.2, when credits and fines were established as contingencies, the program was ef-
fective in having new members complete the training materials. During the first fourteen
weeks of the intervention, researchers managed the contingencies. After this, the research
team turned over the program to the housing cooperative members. Nine years later, when
the researcher again sampled the behavior of new members regarding training activities, the
program had maintained at levels similar to the earlier analysis. Such a result suggests that
this intervention was useful and acceptable to those using it.
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FIGURE 16.2 Example of sustainability. The authors studied a program used to cdt}cettc
members of a university student housing cooperative regarding their responsibilities for
managing their huusiné unit. When credits and fines were cstah!is.hcd as cu_nlingcm"acs. the :
program was effective in having new members complete the training Il‘]i'.ll\‘['l;l]\:. Du:"m;_: the first
I'uu:k‘lccn weeks of the intervention, researchers managed the contingencies. .'\lt_cr this, the
research team turned over the program to the housing cooperative memhprs. NI.HL.: _\'cars.lalgr.
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The study of maintenance was first proposed by Rusch and Kazdin (1981) within the
context of experimentally analyzing the factors involved in treatment success over time,
These authors suggested that the use of withdrawal designs over extended time periods can
be used to analyze the maintenance of interventions and their effects on behavior Figure
16.3 shows several hypothetical examples of withdrawal designs proposed to experimen-
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FIGURE 16.3 Hypothetical examples of withdrawal designs. A systematic withdrawal of a
two-component treatment across two subjects is represented in the upper left graph (a)
Withdrawal of a three-component treatment across two subjects is indicated in the upper right
graph (b). A systematic withdrawal of a three-component treatment across three subjects is shown
in the lower left portion of the figure (c). Finally, withdrawal of a three-component treatment
across two subjects within an A-B-A-B reversal is depicted in the lower right portion (d).

Source: From F. R. Rusch and A. E. Kazdin, “Toward a Methodology of Withdrawal Designs for the
Assessment of Response Maintenance,” Journal of Applied H.‘J’rmnuj Analysis, 1981, 14, I;-_‘ 2,p. 137
Copyright 1981 by the Society for the Experimental Analysis of Behavior. Reproduced by permission
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lilll_\" study maintenance. If we put Rusch and Kazdin’s suggestions within the framework
put 1’0rwu.rd in‘ Chapter 5 regarding experimental qucn!mn: such an analytical scheme sets
the occasion for conducting component and parametric analyses (Kennedy, 2002). Com-
ponent analyses allow investigators to remove one or more ;l\-pL‘ClH of an jn;icpcmlcm vari-
able, assess its effects on behavior, and then return to the previous conditions. Such
amu?y.scs could be used to identify those components of an intervention that are necessary
for it to be sustained by consumers. Conducting parametric analyses would permit a cost-
benefit analysis of differing levels of intervention, the effects on behavior, and whether
consumers choose to sustain the intervention. Such experiments could produce important
information, not only of how interventions are sustained over time but why they are, or are
not, sustained over time. ' o

Strengths and Limitations. The primary strength of sustainability as an index of social
validity is its face validity. If a group of consumers maintain an intervention over extended
periods of time, there must be something about the intervention and its effects that are rein-
forcing to those consumers. This, perhaps, is an empirical test of what subjective evaluation
seeks to assess. However, there are several limits to the concept of sustainability. First, it re-
quires an extended period of time to conduct the analysis, something that might not be lo-
gistically feasible. Second, other variables not known to the experimenters may influence the
adoption and maintenance of an intervention (e.g., federal laws or court rulings), even if its
use is noxious to those involved. Finally, sustainability is an indirect index of the degree to
which the procedures and outcomes of an investigation have some degree of social validity.

Trends in the Use of Social Validity

Following the logic just outlined for the sustainability of interventions, if researchers find
social validity assessments a useful analytical tool, then their use should be prevalent in the
extant literature. If the data derived from such assessments are useful to investigators, they
are likely to draw on such information when they conduct their studies. Conversely, if so-
cial validity data are not useful or are too cumbersome to make their collection experimen-
tally reinforcing, these procedures might be employed less frequently.

G Such archival data are available, and they are not encouraging. Kennedy (1992) and
Carr. Austin. Britton, Kellum, and Bailey (1999) have documented the degree to which so-
cial validity assessments are incorporated into applied behavior-analytic research. The re-
sults of thc—Czu'r et al. analysis are presented in Figure 16.4 (page 232). Arrayed along the
vertical axis is the percentage of research articles published in the Journal of Applied Be-
havior Analysis that report data related to social validity. The horizontal axis represents the
year of publication. The top panel shows data for outcomes, the center panel for procedures,
and the bottom panel for either or both types of social validity assessment. Not surprisingly,
few studies used social validity assessments prior to the Kazdin (1977) and Wolf (1978) ar-
ticles. but an increase occurred following their publication. A gradual decline in the use of
social validity assessments occurred during the 1980s, with their use stabilizing at approx-
2(’)%vin the subsequent decade. Kennedy noted a similar pattern of reporting social

imately RO o
apers in a second journal, Behavior Modification. In addition,

validity assessments for p . 7 :
Kennedy noted that less than 5% of published studies used normative comparison methods.
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FIGURE 164 Example of use of social validity assessments in applied behavior analysis.
Arrayed along the y-axis is the percentage of research articles published in the Journal of
Applied Behavior Analysis reporting data relating to social validity. The x-axis represents the
year of publication. The top panel shows data for outcomes, the center panel for procedures, and
the bottom panel for either or both types of social validity assessment.

Source: From J. E. Carr, J. L. Austin, L. N. Britton, K. K. Kellum, and J. S. Bailey, “An Assessment of Social
Validity Trends in Applied Behavior Analysis,” Behavioral Interventions, 1999, 14, fig. 1, p. 227. Copyright
1999 by John Wiley and Sons. Reproduced by permission.

These data seem to suggest that researchers are only occasionally incorporating so-
cial validity assessments into their experimental methods. Two possible explanations have
been put forward for this pattern. First, as noted in Box 16.1, not all studies in applied be-
havior analysis are directly focused on improving a person’s quality of life via intervention.
Many experiments, referred to as bridge studies, focus on analyzing the underlying mech-
anisms of behavior and fall between basic and applied research (Mace, 1994). This could
account for some percentage of applied studies not using social validity assessments. How-
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ever, a perusal of the literature over the past several decades reveals that a number of stud-
ies that are explicitly focused on interventions to improve behavior do not incorporate so-
cial validity assessments into their data collection protocols.

_ A second possible explanation for the underutilization of social validity assessments
is that the procedures may not be yielding data that researchers find useful in interpreting
the outcomes of their research. It might be that the nature of the data collected in many so-
cu'nl validity assessments is not as beneficial as the cost of collecting the data. Part of this
might relate to the rigor used in gathering social validity data. For example, Fawcett (1991)
has suggested increasing the psychometric rigor of social validity assessments so that the
reliability and validity of assessments are established prior to their being used in a research
study. Schwartz and Baer (1991) have argued that the incorporation of consumer input
should be central to social validity analyses, rather than something that is conducted as a
secondary experimental effort. Finally, Hawkins (1991) has suggested that social validity
should not only be assessed but should be subjected to experimental analyses that yield
functional relations relating to the social importance of research findings rather than de-
scriptive data. Each of these suggestions, if incorporated into studies of social validity,
would improve the quality of the information obtained and potentially increase researchers’
efforts to incorporate this important construct into their applied studies.

Conclusion

An interest in studying social validity emerged during the 1970s in applied behavior analy-
sis. The impetus for this development was public concern that behavior-analytic methods
might be effective but might not be socially acceptable. In order to better understand whether
these concerns were warranted, Kazdin (1977) and Wolf (1978) introduced the construct of
social validity. These methods have come to incorporate subjective evaluation, normative
comparison, and sustainability as procedures for collecting social validity information.

If used as intended, social validity assessments allow the study of how behavioral in-
terventions impact a range of individuals directly and indirectly involved in the investiga-
tion. Subjective evaluations allow the collection of data relating to personal perceptions of
the appropriateness of the goals, procedures, and outcomes of a study. Normative compar-
isons provide a method for indexing the goals and outcomes of a study against some social
standard or reference. Finally, sustainability permits an assessment of the extent to which
the procedures and outcomes of an experiment are adopted and maintained by a group of
individuals. Each approach to social validity assessment can provide important information
about the effects of an intervention above and beyond what is typically reported in terms of
dependent variables in applied research.




