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The Visual Analysis of Time Series Data:
Issues affecting the assessment of
Behavioural Interventions!

Keith D. Ballard
University of Otago

The visual analysis of graphed data is valuable for assessing behavioural interven-
tions because strong effects are necessary to produce obvious changes in the level
or slope of the data display, reducing the probability of Type 1 errors. Visual
inference may, however, be unreliable where autocorrelation is a property of the
data. This aspect of behavioural data can be taken into account by appropriate
statistical evaluations. Problems involved in both the visual and statistical analysis
of behavioural data are examined in this paper.

Visual analysis of graphic data has been
a basic procedure in applied behaviour
analysis, allowing “close and continuing data
contact” during the experiment (Parsonson &
Baer, 1978) and providing others with access
to all the primary data for independent inter-
pretation and judgement. Parsonson and Baer
(1978) have emphasised the value of the rela-
tive insensitivity of graphs compared with
statistical analysis. With graphed data,
differences between baseline and intervention
data must be clearly evident for a convincing
demonstration of an experimental effect. Sta-
tistical analysis, on the other hand, is more
likely than graphic analysis to identify subtle
effects as “significant”, increasing the proba-
bility of a Type I error and thus affirming
that a variable is a functional one when it is
not (Baer, 1977).

Parsonson and Baer (1978) suggest that
identifying only powerful variables is import-
ant, since only such variables are likely to
have generalisable effects, thus encouraging
the development of an effective and widely
applicable technology. Less robust variables
that must be identified by more indirect
means are less likely to make a contribution
to an applied analysis of behaviour.

Graphic analysis, however, is not without
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either problems or critics. The present paper
reviews challenges to the efficacy and reli-
ability of visual analysis of behavioural data,
and considers evidence regarding the contri-
bution statistical analysis could make to
assessing behavioural interventions.

Problems in making visual inferences from
graphed data

A visual evaluation compares performance
during intervention with performance record-
ed in, and projected from, a baseline phase.
Visual analysis can be made difficult by
trends or excess variability in baselines, and
by low magnitude of change or delays in
behaviour change following intervention
(Kratochwill, 1978). Interpretation is most
readily defended when there are stable base-
lines, (or, if a trend is present it is in the
opposite direction to that desired) and inter-
vention performance either does not overlap
with that occurring in the baseline phase or
shows a trend in the desired direction that is
not present, or is opposite to, the trend in
baseline (Kazdin, 1978).

In addition to problems involved in the
visual inspection of data identified above,
some critics have argued against the
sufficiency of “eyeballing” graphs and in
support of a statistical analysis of data from
time series experiments. Gottman and Glass
(1978) for example, suggested that small
effects rather than gross changes in behaviour
might be expected in natural settings where
there are complex patterns of stimuli, few of
which can be controlled. Kazdin (1976) has
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suggested that failure to achieve dramatic
changes need not mean an intervention is un-
important for applied purposes, and that
variables exerting subtle control over be-
haviour should be investigated to see if their
effects might be increased. Both Gottman and
Glass (1978) and Kazdin (1976) suggest that
while small effects might ultimately be re-
jected the researcher should at least identify
them, if necessary using “sensitive” statis-
tical procedures. Nevertheless, there is also
the point that small effects might be a func-
tion of poor intervention strategies or poor
research designs (Note 1). Researchers inter-
ested in less robust variables clearly must
take account of such a possibility.

The most challenging argument against
“gyeballing” graphs however, suggests that
the visual analysis of time series data is not
only unreliable but is inappropriate where
autocorrelation is a property of the data.
Observations that are tepeated measures of
human performance have a characteristic
dependency in that successive observations
in a time series tend to be correlated (McCain
and McCleary, 1979). Knowing the tevel of
performance of a subject at a given time
allows predictions about subsequent points
in the series (Kazdin, 1976). Correlation be-
tween data points separated by different time
intervals is termed autocorrelation (Kazdin,
1976). Autocorrelation refers to a relation-
ship of data points one to another such that
in behavioural research at least, performance
over time reflects reaction both to experi-
mental conditions and to previous perform-
ance or learning (Note 2)

Two problems have been identified with
autocorrelated data. First, except where base-
line and intervention phase performance are
quite distinct and non-overlapping, visual
interpretation by experienced judges shows
only modest inter-judge agreement (De Pros-
pero & Cohen, 1979; Jones, Weinrott &
Vaught, 1978). Second, when visual infer-
ences have been compared with statistical
analysis of less clear data, low levels of
agreement have been shown (De Prospero &
Cohen, 1979; Gottman & Glass, 1978; Jones,
Weinrott & Vaught, 1978). From such re-
search it has been argued that serial depend-
ency within data does not allow reliable or
valid inferences to be made from a visual

analysis (Gottman & Glass, 1978; Note 2).

Statistical procedures for analysing
behavioural time series data

An alternative, or supplement, to visual
analysis is a statistical evaluation of inter-
vention effects. However, simply projecting
the baseline trend into the intervention phase
and testing the significance of the difference
of the predicted and obtained mean (e.g.
Cameron & Robinson, 1980) is inappropriate.
Serial dependency, while it does not bias es-
timates of the mean, biases estimates of the
error variance (Kazdin, 1976; Hartman,
Gottman, Jones, Gardner, Kazdin & Vaught,
1980) and in violating the assumption of in-
dependence of error components invalidates
the use of t and F statistics (Kazdin, 1976;
McCain & McCleary, 1979). This problem is
resolved in interrupted time series analysis
(ITSA). Here a model is identified for the
error components of time series observations
so that the systematic part of the error can
be subtracted from each observation (Hart-
man, Gottman, Jones, Gardner, Kazdin &
Vaught, 1980). The resulting scores, called
residuals, contain no serial dependency and
a change in mean across phases, reflected
either as a change in level or slope (or both)
can be tested for statistical significance
(Kazdin, 1976).

Advocates of such a statistical approach
argue that in contrast to the variability of
opinions likely from a visual analysis, statis-
tical analysis always gives the same result
and is therefore more “reliable” (De Prospero
& Cohen, 1979; Sharpley, 1981) The litera-
ture, however, suggests this may not be the
case and identifies problems associated with
the application of ITSA to behavioural data.
ITSA requires, for example, the researcher to
make judgements regarding the appropriate
stochastic model (relating to the error com-
ponents of observations) upon which subse-
quent analysis of intervention effects is based
(Glass, Willson & Gottman, 1975; Hartman,
Gottman, Jones, Gardner, Kazdin & Vaught,
1980; Sharpley & Rogers, Note 3). Clearly,
therefore, the procedures are not free of
opinion or judgement. Also, 2 major prob-
lem centres around the number of data
points desirable or necessary before data can
be sensibly evaluated using ITSA.

Sharpley and Rogers (Note 3) point out
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that when the number of observations is
small the standard error of the autocorre-
lation and partial autocorrelation coefficients
(used in identifying the appropriate stochas-
tic model) may be magnified and the esti-
mates unreliable, so that model identification
based on these estimates cannot be done with
any confidence (see also Hartmann, Gottman,
Jones, Gardner, Kazdin & Vaught, 1980).
Glass, Willson and Gottman (1975) recom-
mended at least 50 data points in each phase
and others 50-100 observations in each phase
(Box & Jenkins, 1970; Gottman & Glass,
1978). While the number of data points that
might reasonably be analysed has been sug-
gested as low as 20 (Hartmann, Gottman,
Jones, Gardner, Kazdin & Vaught, 1980),
advocates of ITSA present data from studies
with far fewer observations, Gottman and
Glass (1978), for example, analysing a study
with seven base-line points and Jones,
Vaught and Weinrott (1977, p. 161), report-
ing a “significant change in level” with only
three data points in an intervention phase.
This is far removed from the position that it
is difficult to use ARIMA modelling (the
autoregressive integrated moving average
models used to assess the stochastic compon-
ent of time series data—see Box and Jenkins,
1976) with fewer than 50 to 100 observations
(McCain & McCleary, 1979).

Visual analysis vs statistical analysis of
behavioural interventions

The problems posed by the preceding dis-
cussion involve first, the reliability of visual
analysis of serially correlated data, especially
where strong treatment effects are not evi-
dent. And second, the reliability and validity
of interrupted time series analysis, especially
with relatively small numbers of observa-
tions in each phase.

In regard to the latter problems, it is diffi-
cult to evaluate the contribution ITSA could
make to behavioural studies until the issue of
the number of data points necessary for reli-
able modelling is resolved. At present, the
validity of modelling with less than 50 data
points seems seriously in doubt. This alone
limits the potential of TTSA for use in much
applied behavioural research. The question
then to be asked is how much of a problem
does autocorrelation present for the visual
analysis of time series data. In addressing

this problem, a case will be made for the
reliability and validity of visual analysis.

Visual analysis usually involves inspection
of the primary observation data from a study.
Identification of treatment effects is on the
basis of clear changes in the level and/or
slope of performance trends following inter-
vention. A valid inference that behaviour
change resulted from intervention can be
made when the level or slope of data in the
intervention phase is obviously and substan-
tially divergent from that pertaining during
baseline. Also, it is important to note that
such inferences are not propetly made on
the basis of one comparison between a base-
line and a treatment phase, but should in-
volve a replication of the treatment effect
in a reversal, withdrawal, multiple baseline
or related within subject design (Hersen &
Barlow, 1976; Wampold & Furlong, 1981).

As mentioned above, where performance
changes are not distinct and non-overlapping
the inter-judge reliability of visual analysis
is in question. Clearly this presents a signifi-
cant problem in evaluating research where,
at best, a weak effect may be apparent.
Nevertheless, such a problem, while not to
be ignored, does not present an overwhelm-
ing challenge to the efficacy of visual analy-
sis of graphic data. Assuming that both the
measurement processes and research design
of a study were sound, then the sensible
response to marginal experimental effects is
to question the efficacy of the intervention.
A decision would then be made regarding
either a replication of the study to provide
further evaluation, or to reject the interven-
tion as of no applied value.

Applied behaviour analysis has typically
been concerned with powerful variables that
will have socially meaningful effects in
natural settings. Such concerns tend to pro-
tect against assigning efficacy to variables
that have only a marginal impact on be-
haviour (Baer, 1977). The knowledge that
evaluating marginal changes across experi-
mental phases may be unreliable is a further
protection against Type 1 errors in- visual
analysis.

Peer review of research submitted to
behavioural journals is one example of
visual analysis of graphic data in natural
settings. Even if editors and reviewers are
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collectively in error, journal readers should
have the primary research data displayed
for their own appraisal. It would be unfortu-
nate if applications of ITSA included a trend
away from graphic presentations and reliance
on summary data and tests of statistical
significance.

Finally, there is a pressing need for re-
search into the processes used by behaviour
analysts in the visual evaluation of graphed
data. Wampold and Furlong (1981) have
shown that persons trained in visual infer-
ence attend primarily to large differences in
the data 1n different phases, while persons
with statistical training take more account of
relative variation in the data. Such research
has imporant implications for training in
behaviour analysis.

Conclusions

Applied behavioural research has prim-
arily been concerned with identifying vari-
ables associated with obvious and meaning-
ful change in human behaviour. Allegiance
to visually clear changes in graphic data
displays has been seen as resulting in few
Type I errors. Caution regarding apparently
marginal experimental effects has probably
resulted in many Type II errors. Critics of
the visual analysis of interrupted time series
data have been concerned mainly with in-
stances where data in adjacent experimental
phases is overlapping and without distinct
changes in level or slope. In such cases the
autocorrelational properties of the data make
inferences based on visual analysis unreliable.

While TTSA may be a useful form of addi-
tional analysis where there are apparently
marginal experimental effects, these statisti-
cal procedures are not free of subjective
judgement, and at present are recommended
for cases where there are at least 20 to 50
data points in each phase, numbers not fre-
“quently encountered in applied behavioural
research.

Research is needed into the processes of
visual inference and into training in the
visual analysis of behavioural data.
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