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ABSTRACT
Despite considerable support in the literature, single-case designs (SCDs) are
underused and undervalued within psychology. This is partly attributable to unresolved
analysis issues and reluctance by clinicians and researchers to conduct adequately long phases.
To address these issues and support development of programs targeting walking
improvements in older adults, a problem requiring attention in itself, individual time-series of
daily step counts from 47 independently-living participants aged 60 to 86 years were recorded.
The primary aims were to: (a) characterise the naturally occurring temporal patterns; and, (b)
examine issues central to individual statistical analysis of intervention effects.
During baseline phases of approximately eight weeks, large inter-day variability and
several temporal patterns were observed: sigmoid functions; stationary mean with serially
uncorrelated residuals; and weekly seasonality. After completing an event-based diary
capturing individual factors related to walking, 24 eligible participants undertook a four-week
intervention, incorporating diary information and current best practice strategies, to increase
step counts. With one exception, intervention series showed an abrupt increase to a stationary
mean plus serially uncorrelated residuals. More than half of the sample obtained statistically
significant step count increases, but wide individual differences occurred in intervention
target achievement and the precision with which that could be estimated, confirming the
importance of controlled individual assessment. Despite series exceeding 80 days, confidence
intervals for intervention effects were too wide for adequate applied decisions in 39% of cases.
Abbreviated baselines reduced precision of estimation and precluded the emergence of
temporal patterns observed in the full series. Improvements were infrequently maintained at
the four-month follow-up. The findings do not support approaches seeking to accommodate
brief baselines by avoiding model identification. Given advances in digital communication
technology, improving methods for longer term monitoring appears preferable as that will
benefit model identification, estimation precision and sustainable lifestyle change at an
individual level.

1

TIME-SERIES ANALYSIS OF AMBULATION

1 CHAPTER ONE

1.1 Overview
The aim of the current study was to examine the individual time-series of daily
step counts accumulated by a sample of independently-living older adults over a lengthy
period in order to: characterise the naturally occurring temporal patterns, identify the form
and temporal patterns of the intervention response, and examine issues central to the
development of a valid method for the statistical analysis of individual intervention
effects. Specifically:
1. Whether or not the walking data produced a homogeneous form of timeseries, and the consequences of the nature of the time-series for the
detection and evaluation of an intervention;
2. The phase duration required to reflect the true temporal nature of the
behaviour;
3. Whether the temporal pattern observed during intervention differed to that
of baseline;
4. The magnitude of intervention effect sizes for individuals; and,
5. The ability of intervention gains to be maintained at a follow-up phase.

Collecting and subsequently examining a lengthy series of observations provides
an opportunity to address a number of unresolved issues within time-series analysis. For
example, there is a lack of consensus regarding the management of data exhibiting serial
dependence, the necessity of model identification, and the techniques for detecting
intervention effects (Sections 1.3 and 1.4). Despite considerable support in the literature
(e.g., APA Presidential Task Force on Evidence-Based Practice, 2006; Barlow & Hersen,
1984; Kazdin, 1982, 1984, 1992; Skinner, 1938) single-case designs (SCDs) represent an
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underused and undervalued methodology within psychology that offers great potential.
The application of SCDs by researchers and clinicians has been limited for a number of
reasons, such as the numerous steps involved in data analysis (Gottman, 1981), the
complexity of model identification (Box & Jenkins, 1970; Glass, Willson, & Gottman,
1975; Velicer & Harrop, 1983), the potentially prohibitive requirement of adequate phase
durations for modelling (Kazdin, 1984; Parsonson & Baer, 1986), and the need to conduct
a series of SCDs to overcome generalisability concerns (Barlow & Hersen, 1984; Hersen
& Barlow, 1976; Kazdin, 1979). The limited use of SCDs is disappointing considering
the theoretical support, and the potential benefits to research and evidence-based practice
(Section 1.2). The lack of progress contrasts with significant developments in
communication technology including the internet, palm-top computers, and
programmable digital telephony (e.g., Ferrer-Roca, Cárdenas, Diaz-Cardama, & Pulido,
2004; Green, Rafaeli, Bolger, Shrout, & Reis, 2006) capable of facilitating data collection
via single case methods.
Group-based research and parametric analyses remain the preferred approach for
investigating intervention effectiveness (e.g., Borckardt et al., 2008; Haynes & O’Brien,
2000; Levine, Sandeen, & Murphy, 1992; Muthén & Curran, 1997) despite the inability to
identify individual success with adequate statistical support (e.g., Barlow & Hersen, 1984;
Franklin, Allison, & Gorman, 1996; Velicer & Fava, 2003). Idiographic approaches
incorporating longitudinal methods can describe processes of change over time, which is
informative for shaping interventions demonstrating individual-level effectiveness (e.g.,
Gottman, 1973; Kazdin, 1979). Additionally, SCDs offer an approach to evidence-based
practice in accordance with the scientist-practitioner model (e.g., Franklin, Allison, &
Gorman, 1996; Hayes, 1993; Velicer & Fava, 2003). Moreover, a series of properly
controlled SCDs has the potential to meet and even surpass the information provided by
the accepted “gold standard” of randomised controlled trials: appropriate designs exist to
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achieve strong internal validity (e.g., Hersen & Barlow, 1976; Velicer & Fava, 2003); a
series of SCDs can overcome the criticism of limited generalisability across individuals
(e.g., Gottman, 1973; Hayes, 1993; Hersen & Barlow, 1976); SCDs provide individual
statistical estimates of effect size, based on individually appropriate error estimates rather
than group-based error (e.g., Hayes, 1993; Hersen & Barlow, 1976; Matyas & Greenwood,
1999); and, idiographic time-series models offer superior individual forecasts of the
maintenance of treatment gains (e.g., Hersen & Barlow, 1976). These significant
potential benefits of well conducted SCDs warrant improvement of the methodology.
The benefits and limitations of this approach are elaborated upon in Section 1.2.
Correct model identification is an important issue in Interrupted Time-Series
Analysis (ITSA), but is difficult with brief series (Box & Jenkins, 1976; Glass et al.,
1975). To accurately determine intervention success, the temporal pattern of the
behaviour prior to treatment requires identification, dependent on obtaining a baseline of
adequate duration (Matyas & Greenwood, 1997). The presence of deterministic or
stochastic trends, or other processes manifesting as serial dependencies, such as seasonal
cycles, can mask the true nature of the series. This can increase the observed variability,
leading to spurious conclusions about intervention effectiveness or decreased precision
when estimating intervention effects. The risk of model misidentification increases with
shorter duration baselines, with 50 to 100 observations recommended as a minimum (e.g.,
Box & Jenkins, 1976; Glass et al., 1975; Kazdin, 1982). Even the minimal 50 day
duration is often prohibitive for applied clinicians facing practical and ethical limitations
to collecting lengthy baselines (e.g., Barlow & Hersen, 1984; Marsh & Shibano, 1984;
Parsonson & Baer, 1986). The recommended phase duration for model identification is
larger than that typically collected in applied settings (Kazdin, 1984; Parsonson & Baer,
1986), with a data set of 10 to 20 observations reflecting a likely range (e.g., Busk &
Marascuilo, 1988; Gottman, 1981; Huitema, 1985), jeopardising accurate model
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identification (Crosbie, 1993). Section 1.3 outlines the impact of autocorrelation with
consideration of temporal processes including deterministic and stochastic trend.
In response to the need for lengthy series and the complexities associated with
ITSA, there have been suggestions that model identification can be bypassed by applying
homogeneous strategies for managing only lag 1 autocorrelation (e.g., Borckardt et al.,
2008; Crosbie, 1993, 1995; Harrop & Velicer, 1985; Simonton, 1977), or by fitting a
high-order equation (e.g., a third- to fifth-order autoregressive model) to any series
(Harrop & Velicer, 1985; Velicer & McDonald, 1984). Section 1.5 addresses the flaws in
these proposals.
Recommendations to design and conduct studies to collect lengthy baselines and
create an archive of the natural history of behaviours (Duncan & Duncan, 2004; Matyas
& Greenwood, 1997; Raudenbush, 2001) have been largely disregarded. Matyas and
Greenwood (1997, 1999) suggested that rather than making assumptions about the
temporal patterns of behaviour, conducting empirical studies of longer series from
homogeneous sources could provide an empirical foundation for conducting ITSA.
Investigating the applicable baseline models for a target response in a defined population
could enable briefer series ITSA when a common model is identified (Matyas &
Greenwood, 1997, 1999). Similarly, if prior research indicated the existence of certain
patterns of serial dependence in the behavioural time-series, fewer observations would be
required in practice (Sharpley & Alavosius, 1988). The collection of longitudinal
individual data of adequate length for model identification is scarce in the literature
addressing relevant health behaviours (Matyas & Greenwood, 1997), an aspect reviewed
in Section 1.6. There is no reasonable theoretical argument to conclude that models
discovered to apply for one target response are necessarily applicable to other behaviours.
Thus, a principal aim of the present study was to contribute to the establishment of a
validated model archive by collecting and analysing adequately long baselines in a field
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that is relevant to health psychology, could benefit from SCD methods and where longerterm monitoring is possible: walking in older adults.
Walking activity in older adults was selected as a relevant and valuable area of
concern for health psychology where strong individual differences in existing activity and
capacity for change seemed likely, characteristics likely to enhance the problem of
adequate generalisation from group studies. Walking behaviour seemed well suited for
lengthy baseline collection due to the development of reliable and unobtrusive digital
pedometers (e.g., Bassey, Dallosso, Fentem, Irving, & Patrick, 1987; Tudor-Locke &
Myers, 2001a; Wilde, Sidman, & Corbin, 2001) (see Sections 1.7 and 1.8). The ability of
participants to tolerate and adhere to pedometer use for lengthy periods has been
documented (e.g., Bassett, Kang, Tudor-Locke, & Barreira, 2008; Park et al., 2008; Togo
et al., 2008).
The importance of developing a sound methodology for quantifying individual
intervention effects specifically for walking in older adults is examined in Section 1.8.
Collection of longer baselines also enabled investigation of a number of unresolved issues
in the walking literature, such as the minimum monitoring duration required to reflect the
walking patterns of older adults and the variability in daily step counts considering the
ubiquitous practice of examining only weekly averages (e.g., Croteau et al., 2004; Jordan,
Jurca, Tudor-Locke, Church, & Blair, 2005; Moreau et al., 2001).
Whilst increasing walking in older adults is important from the perspective of
health promotion, an additional purpose of intervention implementation in the current
study was to develop a sound foundation for the analysis of program effectiveness.
Understanding the form of an intervention effect is a useful aid in the analysis of
Interrupted Time-Series (ITS) designs, with knowledge of the process of change,
particularly the latency and rate of change following treatment onset (Glass et al., 1975;
Gottman, 1981), supporting decision-making and timely determination of effectiveness.

TIME-SERIES ANALYSIS OF AMBULATION

6

Little is known about how long it takes change in a walking series to manifest itself or the
rate of change accompanying an intervention. Furthermore, estimating the model
parameters of the intervention series enables comparison with the corresponding
parameters from baseline to determine statistically significant differences (Glass et al.,
1975). The importance of investigating the form of intervention effects in SCDs is
outlined in Section 1.9.

1.2 Benefits of Single Case Designs (SCDs)
It is suggested that some SCDs can be considered true experiments alongside the
more ubiquitous group designs, such as randomised controlled trials (e.g., American
Psychological Association, 2006; APA Presidential Task Force on Evidence-Based
Practice, 2006; Barlow & Hersen, 1984; Kazdin, 1982, 1992; Peterson, 2004), while
others can still provide very useful evidence via quasi-experimental design. The
goodness of fit between clinical decision making and time-series methodology has been
acknowledged (Hayes, 1993). Indeed, good clinical practice is a form of single-case
experimentation, with the collection of repeated longitudinal measurements indicating the
effectiveness of an intervention. Despite this, there has been little increase in the
application of SCDs (Borckardt et al., 2008; Haynes & Heiby, 2004).
Clinicians face the dilemma of conducting interventions at an idiographic level,
while psychological research informing practice is typically conducted at a nomothetic
level, based on group averages with predictions based on probabilities of responses
(Haynes & O’Brien, 2000; Levine, Sandeen, & Murphy, 1992; Mumma, 2004).
Inferences about effective interventions are determined by the between-subject
differences for heterogeneous groups of participants with similar behaviour problems.
Individual predictions are not possible as the underlying cause of behaviour differs across
clients, influenced by intra-individual or environmental fluctuations (Haynes, Kaholokula,
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& Nelson, 1999; Haynes & O’Brien, 2000; Levine, Sandeen, & Murphy, 1992; Saville &
Buskist, 2005).
A time-series consists of fluctuations in the form of trends, cycles and deviations
from these fluctuations (see Section 1.3). By averaging time-series data across
individuals, which is commonly reported in the walking literature (e.g., Bravata et al.,
2007; Croteau, 2004; Croteau, Richeson, Farmer, & Jones, 2007; Izawa et al., 2005;
Sarkisian, Prohaska, Davis, & Weiner, 2007), the individual dynamic structure is masked
and individual differences concealed (Houle, Penzien, & Rains, 2005; Saville & Buskist,
2005; Skinner, 1938). Group-based outcomes can mislead (Gottman, 1973), with
effective interventions representing an overall increase (or decrease) in the mean level of
the target variable, or by decreased variance in post-intervention scores (Gottman, 1973).
Group designs provide an average effect size but do not enable the identification of
individual change or the nature of individual time-series. This precludes the ability to
generalise from the average response to an individual (e.g., Franklin, Allison, & Gorman,
1996; Gottman, 1973; Skinner, 1938; Velicer & Fava, 2003), or infer that results from the
sampled group are representative of a given population (Barlow & Hersen, 1984). SCDs
enable the detection and quantification of defensible individual effect sizes with
confidence, providing the range of individual effect sizes, and allowing the identification
of factors underlying intervention effectiveness (e.g., Hayes, 1993; Kazdin, 1979; Velicer
& Fava, 2003). The main weakness of SCDs is the inherent inability to generalise
outcomes, with results applying only to the individual (e.g., Barlow & Hersen, 1984;
Velicer & Fava, 2003). However, conducting a series of SCDs with a large number of
participants would address the issue of external validity and generalisability (Barlow &
Hersen, 1984; Hersen & Barlow, 1976; Kazdin, 1979), and enable the replication required
to create archives of the natural history of behaviours (Duncan & Duncan, 2004; Matyas
& Greenwood, 1996; Raudenbush, 2001). Psychology would benefit from understanding
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the contingencies of individual change when grounded in empirical studies, with SCDs
being a suitable method (e.g., Peterson, 2004; Velicer & Fava, 2003).
Combining a series of properly conducted SCDs has the potential to provide
information not available from randomised controlled trials. SCDs provide better
external validity through the measurement of individual hypothesis tests and effect size
estimates, offering superior forecasts of the maintenance of treatment gains (Hersen &
Barlow, 1976). The quantitative pooling of a series of SCDs would facilitate power as
within-subject control reduces statistical error while the collection of more data per
participant potentially increases statistical estimate precision. Individual differences in
outcome can be an analysed effect instead of being considered an error variance
component, which occurs in group-based designs (Barlow & Hersen, 1984; Hersen &
Barlow, 1976; Kazdin, 1979). Furthermore, SCDs offer an immediate scientific approach
to investigate and analyse when gaps are identified in the literature. This enables pilot
studies to explore new treatment development without sacrificing internal validity
(Franklin, Allison, & Gorman, 1996) before refining and improving intervention
effectiveness (Ottenbacher, 1992). Unfortunately, the benefits of SCDs have been
overshadowed by the problems associated with data analysis (Matyas & Greenwood,
1999), specifically the length of the required phase durations (Section 1.4) and the
management of serial dependence (Section 1.3).

1.3 Impact of Serial Dependence
Behavioural data often shows complexity in the time-series pattern, whether it is
the presence of noise around a fixed level or more complex patterns arising from
alternative processes (Glass et al., 1975). Complexity can mask the simple trends in data
and the changes accompanying an intervention. The underlying process responsible for
the complexity and the presence of pre-existing simpler trends buried in noise require
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identification before validly detecting an intervention effect. Time-series patterns can
vary widely, leading to false forecasts if incorrectly modelled. An awareness of serial
dependence, where the value of one observation depends on the value of preceding
observations (Glass et al., 1975; Gottman, 1981), is important for model identification,
representing a source of variability in addition to error variance (Borckardt et al., 2008).
Serial dependence can represent deterministic or stochastic trend and seasonality, with the
autocorrelation coefficient providing insight into trends and fluctuations (Glass et al.,
1975; Suen, 1987).
Autocorrelation impacts the visual and statistical analyses of single-case timeseries (e.g., Glass et al., 1975; Gottman, 1981; Jones, Vaught, & Weinrott, 1977; Matyas
& Greenwood, 1997; Ottenbacher, 1986, 1993), biasing effect size estimates (Box &
Jenkins, 1976) with positive autocorrelation increasing Type I error (Matyas &
Greenwood, 1990a). Regardless of statistical significance, data with autocorrelation
greater than ± .20 can be problematic, resulting in Type I or II errors that threaten the
detection of intervention effects (Busk & Marascuilo, 1988; Matyas & Greenwood, 1996,
1997). To avoid spurious results when detecting intervention effects, time-series require
adjustments for autocorrelation (e.g., Glass et al., 1975; Gottman, 1981; Matyas &
Greenwood, 1990, 1991, 1996; Scheffé, 1959) assisting the control of Type I error
(Crosbie, 1993). Consequently, ITSA, with a focus on controlling autocorrelation and
accurate model identification, is considered to be an appropriate theoretical approach (see
Section 1.4).
An important initial step in model identification is determining whether the timeseries is stationary, characterised by a constant mean and variance over time (Glass et al.,
1975; Gottman, 1981). Visual inspection can suggest apparent trend or drifts, indicating
non-stationarity (e.g., a linear model with a slope) with the presence of deterministic trend
confirmed by positive autocorrelation of a large magnitude at early lags, which decays
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slowly in the autocorrelation function (ACF) and exhibits a white noise pattern in the
partial autocorrelation function (PACF) (Box & Jenkins, 1976; Gottman, 1981; Matyas &
Greenwood, 1997). When data are not stationary, differencing can be applied to
transform the process to one that is (Box & Jenkins, 1976; Glass et al., 1975). However,
this can radically alter the data, introducing patterns where none previously existed
(Gottman, 1981; Gregson, 1983). Alternatively, non-stationarity can be modelled,
subtracting components with ordinary least squares regression until the residual is
stationary, enabling identification of the form of the series (Gottman, 1981). This is
particularly appropriate when trend and seasonality are of intrinsic interest to
understanding the series (Chatfield, 2000).
Trends follow a variety of patterns, including deterministic functions (e.g., linear,
monotonic curvilinear) where future values can be predicted exactly from past values
(Box & Jenkins, 1976), and seasonal cycles of simple or complex forms that do not
conform to sinusoids or other basic functions, for example the variation associated with
the time of year or week (Ferguson, 2005). Inspecting the residuals after fitting the
identified model will indicate the presence of remaining autocorrelation requiring further
investigation (Box & Jenkins, 1976; Glass et al., 1975). Failing to remove trend can
compromise the validity of phase comparisons, resulting in an optimistic conclusion
about intervention effectiveness, with changes in level or slope appearing deceptively
large (Matyas & Greenwood, 1997; Parker, Cryer, & Byrns, 2006).
Seasonality is reflected by a pattern within the series that is repeated in
systematic intervals (Chatfield, 2000; Glass et al., 1975). If the cycle length exceeds the
observed phase duration, different experimental phases could sample different portions of
a single cycle which would be problematic if the start of intervention corresponded with
the crest or trough of a wave (Johnston & Pennypaker, 1980). Seasonality needs to be
identified and controlled to prevent the erroneous conclusion of an intervention effect
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which actually reflects the naturally occurring temporal pattern. Undetected seasonal
cycles of short duration can increase the error variance of the series, reducing the power
and precision of estimation. To identify seasonality, observations amounting to four or
five times the cycle length are required, with cyclicity complicating intervention effect
estimates (Barlow & Hersen, 1984). It was anticipated that walking patterns of older
adults would contain seasonality, influenced by a day-of-the-week effect or daily calendar
issues, in accordance with the literature (e.g., Togo et al., 2008; Tudor-Locke et al., 2004).
Consequently, lengthy baselines were required to provide the best chance of observing
cyclicity in the current study.
A stochastic process is one in which future values are only partly determined by
past values (Chatfield, 2000), characterised by cycles of irregular duration which
sometimes increase, sometimes decrease, but in the longer term are stationary, with a
stable mean and variance (Box & Jenkins, 1976; Glass et al., 1975; Gottman, 1981). The
extent to which the current observation can be predicted by previous observations is
described by the autoregressive component, whilst the moving average component
reflects the effect of a specified number of previous error terms (Box & Jenkins, 1976;
Glass et al., 1975). It can be difficult to differentiate between stochastic processes and
deterministic trend with a short baseline (Matyas & Greenwood, 1997). For instance, a
stochastic series, such as a first-order autoregressive model (AR(1)), remains stationary
around a long-term mean, with upward and downward drifts of varying magnitude over
time. Inadequate baseline durations could possibly capture only a portion of the cycle,
such as an intra-phase upward trend that would change direction if monitored for longer,
completing the cycle and remaining stationary (Glass et al., 1975; Gottman, 1981).
However, during the sampled phase, all that is observed is an apparent sloping linear
model. Model misidentification can be perilous for the detection of intervention
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effectiveness, leading to concerns about approaches that attempt to bypass model
identification by assuming a particular temporal pattern (see Section 1.5).
Following a survey of the literature, Huitema (1985, 1986) concluded that serial
dependence did not exist in the published behavioural time-series, believing that data
would have a standard normal distribution of lag one autocorrelations with a mean of zero
and a standard deviation of one. Consequently, Huitema (1985, 1986) suggested that
complex time-series modelling was unnecessary, with traditional statistical techniques
based on a linear model with serially independent residuals sufficient to explore singlesubject data. These findings sparked debate in the literature regarding the presence of
autocorrelation in behavioural data, with reports that Huitema’s conclusions were
incorrect, based on inconsistent meta-analytic techniques, small sample size, and
inadequate linear statistics (e.g., Busk & Marascuilo, 1988; Matyas & Greenwood, 1997;
Suen & Ary, 1987). Given the potential complications that arise when positive
autocorrelation is present in a series, a prudent approach is to examine a time-series of
adequate duration capturing the response of interest to identify the naturally occurring
temporal patterns without assuming either the absence, or presence of serial dependence.
Unfortunately, there is a tendency within the SCD literature to assume, a priori, a
particular temporal model (Section 1.5.1).

1.4 Importance of Model Identification for Valid Conduct of ITSA
ITSA appears to be the most promising method for detecting intervention effects
in SCDs, incorporating ordinary least squares regression and Box-Jenkins ARIMA
models to control autocorrelation before applying t-tests to assess change in level or slope
(Glass et al., 1975; Gottman, 1981). ITSA first needs to identify a model describing the
temporal pattern antedating intervention so that the intervention effect can be
distinguished from the null hypothesis, with the power of model identification dependent
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on obtaining baselines long enough to accurately account for and identify temporal
contingencies in repeated assessments (Glass et al., 1975). The difficulty of obtaining
sufficiently long baselines is a core challenge facing ITSA, as this approach requires an
adequate number of observations (at least 50 per phase; Box & Jenkins, 1976; Glass et al.,
1975; 20 to 100 per phase; Kazdin, 1982) to enable accurate model identification. This is
prohibitive for applied clinicians (Kazdin, 1984) and exceeds the phase durations reported
in behavioural studies with a median of 5 to 10 observations (Gottman, 1981; Huitema,
1985, 1986; Matyas & Greenwood, 1997, 1999; Sharpley, 1987). Even with 50
observations per phase, model identification can be problematic, with 36% accuracy
reported by Velicer and Harrop (1983), indicating the increased likelihood of
misestimation of both autocorrelation and temporal models when relying on brief timeseries.
Model identification is difficult with short series (i.e., 6 to 30 observations), with
low power for detecting autocorrelation coefficients (Busk & Marascuilo, 1988; Sharpley
& Alavosius, 1988; Suen, 1987; Suen & Ary, 1987), negative bias of estimated lag 1
autocorrelation (Matyas & Greenwood, 1991), and potential distortion of
autocorrelograms (Matyas & Greenwood, 1997). Increasing the sample size reduces the
mean misestimation and the bias in the calculated autocorrelation (Anderson, 1942;
Dixon, 1944; Matyas & Greenwood, 1991). Crucially, model misidentification resulting
from sampling an insufficient baseline can be hazardous for accurately detecting
intervention effects (Matyas & Greenwood, 1997). Fitting the wrong model to a timeseries can result in systematically biased forecasts, with statistical methods such as
regression and brief-series ITSA exceeding the nominal false alarm rate (e.g., Greenwood
& Matyas, 1990; Matyas & Greenwood, 1991) resulting in false inferences about
intervention effectiveness.
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There are several approaches to detect intervention effects using ITSA (Glass et
al., 1975; Gottman, 1981; Williams & Gottman, 1982). An F-test can evaluate the
omnibus hypothesis about the steadiness of level and slope parameters before and after
intervention. The F-statistic tests that the residual variance of a model based on the
combined baseline and intervention series is not significantly greater than the residual
variance from a segmented model, allowing different slope and level parameters for each
phase (e.g., Gottman, 1981; Shine & Bower, 1971; Williams & Gottman, 1982).
Following the control of autocorrelation with model-fitting, t-tests are used to separately
compare the level and slope parameters before and after intervention (Glass et al., 1975;
Gottman, 1981; Williams & Gottman, 1982).
Quantification of the intervention effect or rejection of the null hypothesis thus
requires a valid depiction of the baseline time-series (Glass et al., 1975; Gottman, 1981).
Every form of interrupted time-series explicitly, or implicitly through assumption,
describes a time-series model for the baseline phase from which departures can be
identified (e.g., Borckardt et al., 2008; Crosbie, 1993, 1995; Gentile, Roden, & Klein,
1972; Huitema, 1985, 1986). The approaches for analysing SCDs outlined in Section 1.5
and the suggestions for bypassing model identification (Section 1.5.2) assume the
presence of a temporal model. When the assumed model adequately describes the timeseries, with no remaining autocorrelation in the residuals, the method is effective for
detecting intervention effects. However, when the assumed model is inadequate, the
method will be unsuccessful, with an incorrect null hypothesis represented and the wrong
forecasts resulting from the statistical model (e.g., Greenwood & Matyas, 1990; Matyas
& Greenwood, 1991).
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1.5 Problems with Existing Methods for Evaluating Change in SCDs
SCDs are criticised regarding practicability, requiring lengthy baselines for
model identification (Box & Jenkins, 1976; Glass et al., 1975; Gottman, 1981; Kazdin,
1982) and perceived complex analyses (Box & Jenkins, 1970; Glass et al., 1975; Velicer
& Harrop, 1983) deterring the application of this approach. A key concept behind the
failure of methodologies for evaluating change in SCDs is the assumption of
unsubstantiated time-series models. Linear modelling is dominant in the literature, with
level and trend changes considered in terms of linear models when conducting visual
analysis (e.g., Hersen & Barlow, 1976; Kazdin, 1982) and suggestions to superimpose
trend lines as visual aids (e.g., Kazdin, 1982; White & Haring, 1980) exemplifying the
assumptions of linear modelling. This could potentially result in a predisposition to
assume changes in linear trends or level without considering alternative deterministic
trends of a non-linear form, particularly when examining brief series (Matyas &
Greenwood, 1997).
Models have been implicitly assumed in the suggested application of
conventional analysis of variance tests to compare phase mean (Gentile, Roden, & Klein,
1972), the split-middle method (Tukey, 1978; White, 1974; White & Haring, 1980), the
reliable change index (Christensen & Mendoza, 1986; Jacobson, Follette, & Revenstorf,
1984; Jacobson & Truax, 1991), and ITSACORR (Crosbie, 1993, 1995), while explicit
assumptions have been made in the case of Simonton (1977), and Harrop and Velicer
(1985). These approaches all bypass model identification, assuming a model without
testing the validity of the assumption when the model is applied.

1.5.1 A Priori Assumption of Temporal Models
The use of conventional analysis-of-variance tests, relying on the t- or Fdistributions, have been suggested for comparing mean scores in SCDs (e.g., Gentile et al.,
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1972). However, there is an implicit assumption of level baselines represented by a mean
plus serially independent residuals, which results in this approach failing when either a
sloped linear or nonlinear trend is present. When residuals are positively autocorrelated,
the Type I error rate of the t-test increases, indicating the existence of temporal trend in
addition to the assumed flat line, and apparent effects occurring more often than predicted
from the assumed model. Moreover, the presence of serial dependence renders traditional
statistical analyses inappropriate, violating the parametric assumption of independence of
errors (e.g., Glass et al., 1975; Gottman, 1981; Hartmann, 1974) and underestimating
variability, leading to incorrect inferences due to the confounding effects of level and
trend (e.g., Hartmann, 1974; Scheffé, 1959; Sharpley & Alavosius, 1988; Thoresen &
Elashoff, 1974). Positive autocorrelation decreases the error variance, creating a liberal
bias in ANOVA-based tests, while negative autocorrelation increases the error variance,
creating a conservative bias (Gottman, 1981; Scheffé, 1959). Consequently, an awareness
of serial dependence is crucial to understand the nature of the time-series and select the
appropriate statistical analysis method (Matyas & Greenwood, 1997).
The reliable change index (e.g., Christensen & Mendoza, 1986; Jacobson et al.,
1984; Jacobson & Truax, 1991) is a method for determining change in SCDs that is
arguably limited. The minimally significant change for an individual is evaluated against
the standard error of measurement associated with pre- and post-intervention observations,
with improvement exceeding two standard errors of measurement considered significant
(e.g., Christensen & Mendoza, 1986; Jacobson et al., 1984; Jacobson & Truax, 1991).
This approach has been suggested even for designs with single pre- and post-intervention
observations (e.g., Jacobson & Truax, 1991), which do not qualify as single case quasiexperiments (i.e., ABAB designs). This contrast would only allow for deterministic
baseline trend if the reliability study shows a group trend between test and retest, without
consideration of alternative forms of trend. As test-retest reliability studies do not
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construct time-series models, only linear systematic trend can be considered. The
estimate of the standard error of measurement is based on group data, with no allowance
for the range of possible unpredictable variability in the series of individuals, assuming
that one error term applies to all. There is no investigation into the nature of the preintervention time-series for each individual. The implicit assumption is that each
individual’s baseline can be validly represented by a linear model with a slope equal to
the mean group change in a test-retest reliability study, accompanied by a random
residual from a normal distribution where the standard deviation is the standard error of
measurement.
An advanced reliable change index approach included first-order autocorrelation
when comparing two standardised phase means, considering lag 1 autocorrelation to be a
descriptive index of serial dependence (Mueser, Yarnold, & Foy, 1991). Significantly,
model identification is disregarded, assuming the presence of a first-order autoregressive
function (AR(1)) without acknowledging that lag 1 autocorrelation can result from a
number of models. An approach that indiscriminantly adjusts for lag 1 autocorrelation by
applying an AR(1) does not overcome the problem of fitting the wrong model, which can
systematically bias forecasts and increase nominal false alarm rates (Greenwood &
Matyas, 1990; Matyas & Greenwood, 1991).
Assumed models are also evident in other methods for evaluating change in
SCDs. For instance, when randomisation tests (Edgington 1967, 1975, 1980, 1982) are
not applied in conjunction with a randomisation design, but rather an AB or other ITS
design, the analyst needs to assume a model to represent the baseline and intervention
phases (e.g., linear segments with no slope in both phases and an abrupt intervention
effect) (Gorman & Allison, 1997; Matyas & Greenwood, 1999). Only then can the
(nonparametric) distribution for the null hypothesis be determined via randomisation of
the data sequence using simulation methods (Edgington & Onghena, 2007). The presence
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of serial dependence, which is likely if there are carryover effects, can disrupt this
approach: randomisation designs depend on the assumption of no carryover effects
(Edgington & Onghena, 2007; Kazdin, 1980). However, there appears to be no allowance
for detecting serial dependence before applying randomisation tests nor any method for
testing the validity of the model assumed for representation of the intervention effect.
Prior investigations of the temporal form of the intervention effect for the target response
would thus be useful for this approach.
Implicitly assumed time-series models are also evident in the split-middle
method of trend estimation (White, 1974; White & Haring, 1980). This approach divides
the baseline into two subphases before fitting a trend line through the median values of
the two halves (Edgington, 1987). The trend line is projected into the intervention phase,
determining statistical significance by applying a binomial test comparing the proportion
of observations above and below the line in both phases (Kazdin, 1982; Tukey, 1978;
White, 1974; White & Haring, 1980). A disadvantage of this approach is the assumed
linear trend continuing into the intervention phase (Ottenbacher, 1992) without
considering possible other trends (i.e., curvilinear, logarithmic) or acknowledging the
unlikelihood of a persistently increasing or decreasing linear trend. If the assumed linear
model is an incorrect representation of the temporal pattern, this would introduce
additional serial dependence and invalidate the use of the binomial distribution, with
positive (negative) autocorrelation increasing (decreasing) the probability of Type I error
(Crosbie, 1987).

1.5.2 Other Suggestions to Bypass Model Identification
Given the reluctance to collect lengthy baselines in applied settings (Kazdin,
1984; Marsh & Shibano, 1984), and despite the theoretical requirement for sound model
identification (see Section 1.4), analytic strategies have been suggested for bypassing this
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process, reducing data collection (e.g., Borckardt et al., 2008; Crosbie, 1993; Harrop &
Velicer, 1985; Simonton, 1977; Velicer & McDonald, 1984) and eliminating a
problematic aspect of ITSA. An assumed model is proposed rather than identifying a
model from the potential range.
In the literature it has been suggested that an autoregressive model with one
(Simonton, 1977) to five parameters can account for serial dependence in behavioural
data (Harrop & Velicer, 1985; Velicer & McDonald, 1984). It is argued that fitting a
high-order equation to any series is possible given that the equation can adapt to complex
forms, offering flexibility and efficiency (Harrop & Velicer, 1985; Velicer & McDonald,
1984). However, this approach is not robust (Greenwood & Matyas, 1990), resulting in
model “overfitting” which introduces additional error into the fit, creates trends that were
not present originally (Glass et al., 1975), and inflates false alarm rates for samples of less
than 20 observations (Greenwood & Matyas, 1990). Estimating a large number of model
parameters might exceed the limits imposed by the actual number of observations given
the tendency for brief baselines (Huitema, 1985, 1986; Kazdin, 1984; Sharpley, 1987).
Another suggestion for analyses that bypasses the need for model identification
is Crosbie’s (1993, 1995) ITSACORR, an ITSA procedure developed in response to the
perceived inadequacies of Gottman’s (1981) Interrupted Time-Series Experiments (ITSE).
ITSE statistically controls autocorrelation, estimates the intercepts and slopes for the
baseline and intervention phases, and determines any significant change in the intercepts
and slopes by applying the General Linear Model (GLM) (Gottman, 1981). When
applied to short series, this approach reportedly misestimates autocorrelation, with
underestimation of positive autocorrelation inflating the Type I error rate, while
overestimation inflates the Type II error rate (Crosbie, 1993). Crosbie (1993) proposed
that the problems involved in analysing short term time-series could be overcome by
applying ITSACORR; a computer program based on the ITSE model. With
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modifications to use more accurate estimates of autocorrelation, it reportedly provides
better control of Type I error for all levels of lag 1 autocorrelation and acceptable power.

1.5.2.1 ITSACORR
ITSACORR consists of a multivariate software program that applies the GLM to
estimate the slope, intercept and autocorrelation of the baseline and intervention phases,
controlling lag 1 autocorrelation before testing for significance. The inferential approach
involves a two-stage procedure, with a preliminary omnibus F-test testing the null
hypothesis that both slopes and intercepts are identical for the baseline and intervention
phases. Rejecting the null indicates that an intervention effect has occurred in the form of
either an intercept change, slope change, or both. A separate t-test is conducted on each
subhypothesis pertaining to the slope and intercept (Crosbie, 1993, 1995).
To test ITSACORR, Crosbie (1993) conducted a Monte Carlo simulation, using
a first-order autoregressive model (AR(1)) to generate one thousand two-phase series with
equal observations in the baseline and intervention phases without programmed slope or
level change. Thus, the ITSACORR approach assumes implicitly that the underlying data
were generated by AR(1) processes. Until that assumption is validated for each field of
application, the use of ITSACORR would remain inadequately supported, even if
ITSACORR were correctly formulated. However, additional problems exist.
Crosbie (1993, 1995) failed to report details regarding how the simulation was
conducted or full results, encouraging suspicion about assumptions made. Acceptable
Type I error rates required the level or slope change to be significant in conjunction with
the omnibus null hypothesis (Crosbie, 1993, Table 3, p. 971). The probability of
obtaining a significant omnibus F statistic combined with a significant change in intercept
or slope was less than the nominal alpha of .05 for series ranging from 10 to 40
observations and AR(1) parameter values from .8 to -.8 (Crosbie, 1993, p.971), indicating
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an overly conservative approach. The omnibus F-test alone should demonstrate a Type I
error of .05, however, this was not acknowledged by Crosbie (1993, 1995). The logic of a
combined F- and t-test for the slope or intercept is questionable, as the omnibus F-test
should be independent of the other. Crosbie (1993) himself reported that when linear
models are fitted over two phases “with some slope in the data, the t-test for change in
intercept will be significant even if there is no change between the phases” (p. 968),
acknowledging that “The omnibus F will not be misled, however, and will report no
change.” Consequently, the omnibus test should be unqualified by the intercept issue,
even if the t-test for intercept should not be considered without reference to the omnibus
test. Crosbie’s own data show that the F values from ITSACORR do not conform to
expectations.
Recent investigations of ITSACORR confirm these doubts, with Huitema,
McKean, and Laraway (2007) describing each component of the framework as being
“fatally flawed” (p. 367), consisting of the structural model, design matrix,
autocorrelation and parameter estimation, and the inferential method. Huitema et al.
(2007) reported that ITSACORR provides misleading effect estimates that are
inconsistent with the logic of the design, with the potential for the omnibus F-test to be
remarkably large when the subhypotheses regarding equality of slopes and intercept are
true (Huitema, 2004; Huitema, McKean, & Laraway, 2007). For example, with no level
change and a common slope across two phases, as the slope approaches infinity, the
difference between ITSACORR intercepts will also approach infinity, despite no level
change and failure to reject the null when considering the omnibus F-test.
To evaluate the inferential tests on the difference between intercepts and slopes,
Huitema et al. (2007) conducted a simulation study to empirically evaluate the Type I
error rate of ITSACORR with a total sample size (n1 + n2) of 20, autocorrelation at two
levels (.50 and .80), and two intercept change effect sizes (0 and 10 σ). Under each
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condition 1,000 simulations were performed, with no slope change, and with a nominal α
of .05. The Type I error for the omnibus F-test on both intercept and slope change
was .25 when autocorrelation was .50, and .37 when autocorrelation was .80. The Type I
error rates based on the individual test for both intercept and slope-change exceeded the
nominal value, indicating a lack of acceptable inferential properties (Huitema et al., 2007).
A further criticism of this approach involves the implicit assumption of an AR(1) applied
in generating simulated data to test ITSACORR (Section 1.5.2.3); a complaint also
directed at Simulation Modelling Analysis (SMA: Borckardt et al., 2008) (see Section
1.5.2.2).

1.5.2.2 Simulation Modelling Analysis (SMA)
During the conduct of the current project, a new proposal for ITSA via
simulation methods appeared in the literature. In response to ITSACORR’s (Crosbie,
1993, 1995) stringent Type I error control and lack of acceptable power, Borckardt et al.
(2008) developed Simulation Modelling Analysis (SMA), with the software designed to
control autocorrelation and determine empirical significance levels across brief data sets.
Borckardt et al. (2008) claim that SMA is appropriate for evaluating the statistical
significance of between-phase changes in data streams typical of single-case research,
that is: less than 30 observations (e.g., Jones, Weinrott, & Vaught, 1977; Sharpley, 1987),
with autocorrelation ranging from .2 to .8 (Jones et al., 1977), and moderate to large
effect sizes (Center et al., 1985 - 86). With series of 5 to 15 observations per phase, SMA
reportedly offers more power than ITSACORR (Borckardt et al., 2008).
The SMA approach involves three steps to control autocorrelation and determine
empirical significance levels. Dummy coding is applied to the original data stream,
indicating the phase in which observations occurred (i.e., 0 = baseline; 1 = intervention)
before estimating autocorrelation for each phase. Secondly, the intervention effect size is
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determined by calculating the correlation between the observed phase values and the
dummy coding, with a strong correlation indicating a large effect. The effect size
estimate is adjusted by subtracting calculated lag 1 autocorrelation. Finally, SMA uses
four parameters (baseline autocorrelation; intervention autocorrelation; number of
baseline observations; and number of intervention observations) to generate thousands of
simulated data streams drawn randomly from a known null distribution with the same
autocorrelation and number of observations. The effect size of either the change in level
or slope (as chosen by the analyst), is calculated for simulated data streams and a table is
generated, providing the probability that a given effect size will occur by chance in a null
distribution of data streams with the same lag 1 autocorrelation and number of
observations (Borckardt et al., 2008).
To test SMA, Borckardt et al. (2008) generated series with an AR(1) model to
add autocorrelation, then introduced level changes in the intervention phase to calculate
the power. The issue of stationarity and pre-existing slope has not been adequately
addressed, testing only for a level effect after controlling lag 1 autocorrelation. Moreover,
SMA encodes a particular non-stationarity (i.e., linear) without confirming its presence or
considering alternative pre-existing trend. If autocorrelation is indeed attributable to the
pre-existing slope, level change can only be considered after slope removal.
Although it is not referenced by Borckardt et al. (2008), this approach reflects
the proposals for randomisation tests (Edgington & Onghena, 2007) as discussed in
Section 1.5.1, with data scrambled using a simulation method. Additional conditions
must hold when AB or other non-randomisation designs are analysed via randomisation
tests, requiring the assumption of a temporal model (Edgington & Onghena, 2007).
When estimating the effect size, the analyst has to decide the effect to test for (i.e., level
or slope change) before calculating the appropriate statistic, as explained in the SMA
user’s guide (Borckardt, 2006). If choosing to test for a slope change, this involves
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calculating the effect size correlation between the inserted trend code and data for slope
change. The phase differences in slope are observed and any remaining autocorrelation is
subtracted to obtain the degree of effect free from lag 1 autocorrelation. This reduces the
residual lag 1 autocorrelation requiring control.
In the event that a series is characterised by stationary stochastic processes, the
SMA approach will remove the lag 1 autocorrelation contributing to the stochastic
component. Any remaining autocorrelation will be considered to represent linear trend,
which when applied to the whole series will result in rejection of the null. After fitting a
linear trend and removing autocorrelation in both phases, residual autocorrelation
represents that which the linear component did not account for. This suggests that when
an analyst commences with an incorrect assumption about the temporal nature of the
series, there will be inadequate control for existing autocorrelation. In this example, the
mistaken discovery of a linear trend was no more than stochastic drift over a short period.
The simulation approach does not warn about the implications of adjusting for an
incorrect model in the absence of actual knowledge about existing temporal patterns, with
this approach failing where lag 1 autocorrelation is not the only aspect of a series
requiring control.

1.5.2.3 Criticism of ITSACORR and SMA
Assumptions underlying the nature of time-series have been made when
postulating the appropriateness of managing autocorrelation by automatically applying an
AR(1) (Borckardt et al., 2008; Crosbie, 1993). The ITSACORR and SMA simulation
results were based on series generated with an AR(1) model, ignoring other possible
temporal patterns, reflecting the observation that “The primary focus of autocorrelation in
the behavioural sciences is the lag 1 autocorrelation” (Borckardt et al., 2008, p. 82). By
generating series only with AR(1) models, naturally, significant lag 1 autocorrelation with
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the same temporal pattern will result. ITSACORR and SMA ignore the possibility that
substantial positive lag 1 autocorrelation can occur from a variety of processes other than
an AR(1), such as higher-order stochastic processes, linear or curvilinear functions with
fixed parameters, or non-linear functions with variable parameters. For example, neither
approach considers adaptation to self-monitoring characterised by a curvilinear
deterministic trend with an early slope that levels out (e.g., Haynes & Wilson, 1979;
Matevey, Rogers, Dawson, & Tudor-Locke, 2006; Matyas & Greenwood, 1997), or
habituation to self-monitoring, which is usually non-linear, characterised by smooth,
negatively accelerating curves (e.g., Mazur & Hastie, 1978; Thurstone, 1930).
ITSACORR and SMA make no allowances for these temporal patterns, assuming a linear
baseline model, which is concerning as self-monitoring is a frequently applied in
psychological research (Elliot, Miltenberger, Kaster-Bundgaard, & Lumley, 1996).
Importantly, simulations conducted by Borckardt et al. (2008) and Crosbie (1993, 1995)
failed to generate series based on alternative models capable of producing lag 1
autocorrelation, and ignored the need for autocorrelation at all available lags to be
considered to capture the true nature of a series (Matyas & Greenwood, 1997). For
example, failing to investigate autocorrelation at later lags, such as lag 7, precludes the
possibility of identifying weekly cyclicity, which reportedly exists in walking patterns
(e.g., Togo et al., 2008; Tudor-Locke et al., 2004). When seasonal cycles are not
removed, the residual variance will be of a larger magnitude than if seasonality was
controlled. Consequently, this impacts the power to detect intervention effects, resulting
in decreased sensitivity of analysis.
While SMA and ITSACORR include control for lag 1 autocorrelation, there is
no attempt to control for series that have autocorrelation at later lags such as second-order
stochastic processes with moving average or autoregressive components, or linear and
non-linear deterministic models. Theoretically, controlling lag 1 autocorrelation when the
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series is stationary is not the same as when there is pre-existing deterministic trend,
adjusting only a portion of what is occurring temporally. For example, in addition to
significant lag 1 autocorrelation, a deterministic model generates additional partial
autocorrelation, which is the stationary independent component of variability, when
combined with noise (Box & Jenkins, 1970; Glass et al., 1975; Gottman, 1981). An AR(1)
is characterised by significant autocorrelation at lag 1 with an ACF that slowly decays
and significant partial autocorrelation that truncates after the first lag (Glass et al., 1975).
While an AR(1) and deterministic linear models both have significant lag 1
autocorrelation, they reflect different temporal processes and cannot be managed
identically. Adjusting lag 1 autocorrelation only accounts for the previous observation
and cannot adequately control pre-existing slope.
As discussed in Section 1.4, model identification commences by determining
stationarity, removing trend with differencing or modelling (Glass et al., 1975; Gottman,
1981). Neither ITSACORR nor SMA investigate non-stationarity or pre-existing trend,
which would require reference to more lags of autocorrelation than only the first. The
ITSACORR algorithm allows the simultaneous estimation of slope, level, and
autoregressive parameters, implying permission to fit a linear slope (Huitema, McKean,
& Laraway, 2007) without investigating stationarity. Similarly, SMA tests for a change
in slope without determining the actual presence of a slope. Assuming non-stationarity is
illogical considering that short phase durations preclude the identification of the true
temporal nature and small sample sizes are likely to bias autocorrelation estimates
(Huitema & McKean, 1991). When series are stationary, an assumed linear slope can
introduce apparent intervention effects, creating imaginary slopes resulting from sampling
error leading to inaccurate forecasted slope and level estimates, increasing Type I error.
Overfitting with linear models when data actually contain autoregressive or stochastic
cycles increases Type I error. The likelihood increases with brief samples when it is
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difficult to discriminate to what extent non-random drifts are attributable to irregular
stochastic cycles that eventually reverse, deterministic trends, or adaptation to selfmonitoring which will stabilise at a new level. As advised in the “Cautionary Notes”
section of the user’s guide (Borckardt, 2006, p. 3), SMA is only to be applied with short
series. Indeed, Borckardt (2006) acknowledged the inappropriateness of SMA when an
analyst has more than 29 observations per phase. When pase durations of this length are
available, the identification of the temporal form of the series becomes reasonable,
provided that the inter-observation intervals are also appropriate. Similarly, Crosbie
(1993, p. 972) recognised that series with complex patterns would require many more
than 10 – 20 observations to be identified, highlighting a limitation of ITSACORR.
The full simulation procedure and results have not been reported for SMA or
ITSACORR, with an apparent investigation of only one scenario; the “default model” of
an AR(1) (Borckardt, 2006, p. 9). Controlling only for lag 1 autocorrelation will be
insufficient in cases where there is higher order serial dependence (e.g., second-order
moving average or autoregressive models) or linear deterministic trend with
autocorrelation at lags other than the first. In the absence of adequate proof, neither
Crosbie (1993, 1995) nor Borckardt et al. (2008) have demonstrated the appropriateness
of their respective approaches, as empirical studies have not been conducted to test if the
assumed models reflect real data. In what fields of interest do single case baseline series
have exclusively stationary means with AR(1) residuals? For instance, Crosbie (1993)
reports the power resulting from generating data with a level combined with
autoregression, failing to examine how well the simulation works with data generated to
contain pre-existing slope, an adaptation that levels off, or higher-order autoregression.
ITSACORR has also been criticised as conclusions about intervention effectiveness, level
and slope changes, and autocorrelation estimates differ from visual inspection and other
statistical methods (Brossart & Parker, 2001; Huitema et al, 2007; Parker & Brossart,
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2003; Parker, Cryer, & Byrns, 2006). Huitema et al. (2007) concluded “there is no
situation in which one can recommend the use of ITSACORR” (p. 376).
The application of ITSACORR and SMA is strongly discouraged given the
apparent flaws in these approaches and assumptions regarding the nature of behaviour
that could have seriously detrimental impacts on the statistical analyses of interventions.
Neither approach contributes to the debate about whether serial dependence exists in
behavioural data, with reference to Huitema’s (1985, 1986) earlier findings. This
reinforces the need for investigations of long behavioural baselines with sufficient
observations to enable model identification, correct management of the existing temporal
patterns, and detection of intervention effectiveness. Empirical investigations of
adequately long time-series could demonstrate the existing processes and enable the
appropriate transformations to be applied. Existing model identification studies
conducted with longer baselines indicate that a variety of temporal models are apparent in
behavioural research (Section 1.6). This supports the necessity of investigating baselines
of adequate duration to enable the modelling of walking in older adults, without
bypassing this process by assuming, perhaps incorrectly, the presence of linear models
and an AR(1) for the residual autocorrelation.

1.6 Model Identification Studies Conducted with Longer Baselines
Undertaking model identification studies enables the natural history of various
target variables to be archived for future reference as a prelude to assessment of
interventions in applied settings (Duncan & Duncan, 2004; Matyas & Greenwood, 1997,
1999; Raudenbush, 2001). Basing model selection on previously obtained modelling and
theory about the target behaviour allows statistical analyses to be unimpeded by concerns
about detecting autocorrelation or model identification (Matyas & Greenwood, 1997),
potentially reducing the required series length in applied settings (Matyas & Greenwood,
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1997) where circumstances inhibit lengthy baselines (Marsh & Shibano, 1984).
Collection of such baselines would also allow the quantification of intra-series variability,
which has implications for the precision of estimation. Although the application of
longitudinal, individual analyses to collect data of the natural history of target responses
relevant to health and clinical psychology has been limited (Matyas & Greenwood, 1997,
1999), promising results have been indicated with:


Stress reactivity (Matyas & Greenwood, 1999);



Cigarette smoking (e.g., Rosel & Elósegui, 1994; Velicer, Redding, Richmond,
Greeley, & Swift, 1992);



Alcohol consumption (e.g., Carney, Armeli, Tennen, Affleck, & O’Neil, 2000;
Mann, Zalcman, Asbridge, Suurvali, & Giesbrecht, 2006; Todd et al., 2005);



Irritable bowel syndrome symptoms (Dancey, Taghavi, & Fox, 1998);



Temporal mood patterns (e.g., Benedetti, Barbini, Campori, Colombo, &
Smeraldi, 1996, 1998; Bokström, Balldin, & Långström, 1991; Gottschalk, Bauer,
& Whybrow, 1995; Heiby, Pagano, Blaine, Nelson, & Heath, 2003; Larsen &
Kasimatis, 1991);



Headache symptoms (Houle et al., 2005): and,



Temporal pattern of suicide risk in early psychosis patients (Fedyszyn, Robinson,
Matyas, Harris, & Paxton, 2010).

Studies have indicated the possibility of identifying a common temporal form for
a specific target behaviour from homogeneous sources. For example, Matyas and
Greenwood (1999) found that an AR(1) accounted for all significant autocorrelation
present in time-series of responses to a diary version of the Daily Stress Inventory.
Moreover, an AR(1) has been reported as characterising the time-series of headache
symptoms (Houle et al., 2005), temporal mood patterns (e.g., Bokström et al., 1991;
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Heiby et al., 2003), irritable bowel syndrome symptoms (Dancey et al., 1998), alcohol
consumption (Mann et al., 2006), and the number of cigarettes smoked (Velicer et al.,
1992). However, there are instances where cigarette smoking (Rosel & Elósegui, 1994)
and alcohol consumption (Todd et al., 2005) are best described by weekly seasonality or a
higher-order autoregressive model (Rosel & Elósegui, 1994). Contrary to the
assumptions of Borckardt et al. (2008) and Crosbie (1993, 1995), neither an AR(1) nor a
linear model can account for all autocorrelation in behavioural time-series. A review of
the literature on individual model identification studies indicates that different temporal
models are required for various target responses. For instance, the mood series of a
clinically depressed participant was described by a deterministic temporal structure, while
the mood of a non-depressed participant displayed stochastic or just random variability
around a mean (Heiby et al., 2003), and daily mood ratings of individuals with bipolar
exhibited nonlinear deterministic temporal structures (Gottschalk et al., 1995). There is
also evidence in the literature that some series do not have significant autocorrelation (e.g.,
Heiby et al., 2003; Matyas & Greenwood, 1999), in accordance with Huitema’s (1985,
1986) assertions and subsequent suggestion that series could be represented by a mean
level with random residuals.
Given the discrepancy of results from model identification studies regarding the
presence of significant serial dependence, it is conceivable that there are fields where
Huitema’s (1985, 1986) conclusion of no autocorrelation is correct, and others where his
critics (e.g., Busk & Marascuilo, 1988; Matyas & Greenwood, 1999; Suen, 1987; Suen &
Ary, 1987) are right. This suggests that different theoretical models are required for
different behaviours, warranting investigations similar to the current one in various fields
to identify appropriate models and possible simplifications to assist analyses.
In the event that a behavioural time-series is actually represented by a mean level
with random residuals, but in accordance with advice in the literature (e.g., Borckardt et

TIME-SERIES ANALYSIS OF AMBULATION

31

al., 2008; Crosbie, 1993, 1995; Simonton, 1977), an AR(1) is applied, this would result in
model overfitting, potentially introducing both trends and error into effect estimation
(Glass et al., 1975; Greenwood & Matyas, 1990; Huitema, 1988), depending on the nature
of the incorrect fitting. Similarly, if a non-linear deterministic trend, representing, for
example a learning effect or habituation to self-monitoring (Section 1.3), is observed in
baseline, yet a linear approximation is employed, the forecast will be inaccurate and a
false effect could be inferred (see Section 1.5.2.3). Residual autocorrelation could
erroneously be attributed to an AR(1) requiring control in addition to linear detrending.
The potential consequences associated with model misidentification (see Section 1.3), and
the variation in the temporal models required to account for serial dependencies in
behavioural series, suggests that it would be imprudent to assume a homogeneous model
for all behavioural series or forms of responses. This highlights the need to conduct
empirical investigations of longer time-series obtained from multiple independent
participants measured on the same response to ascertain the existing temporal phenomena
requiring management.
There is an absence of empirical examination of the naturally occurring temporal
patterns in fields such as walking in older adults. The current study therefore aimed to
obtain a substantial baseline of ambulatory activity to investigate appropriate models and
inform the strategy for analysing series obtained in applied circumstances. Instead of
relying on the proposed solutions of applying an AR(1) (e.g., Borckardt et al., 2008;
Crosbie, 1993, 1995; Simonton, 1977) or linear models (e.g., Huitema, 1985; 1986; see
Section 1.5.1) to all series, the current study aimed to identify the naturally occurring
temporal patterns of the walking series. Furthermore, the potential for reactivity to selfmonitoring in the walking series (Section 1.7) and for weekly seasonality (see Section
1.8), supported the need for an empirical investigation to identify appropriate models.
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1.7 Importance of Walking for Older Adults
Much of the physiological degeneration occurring with ageing is believed to be
associated with a lack of physical activity (McAuley, 1993b). Regular light- to moderateintensity physical activity can reduce functional decline, combating muscle weakness,
low bone density, and cardiovascular deconditioning (e.g., Burbank, Padula, & Hirsch,
2002; Mazzeo et al., 1998; Singh, 2002; Taylor et al., 2004). As small activity increases
can improve the health and functional abilities of older adults (Sims et al., 2006; Spirduso
& Cronin, 2001; Singh, Clements, & Fiatarone Singh, 2001), it is advantageous to detect
increases in walking of a small magnitude that might be concealed in group-based designs,
with SCDs offering a promising alternative for detecting success at an individual level
(see Section 1.2).
Walking in older adults is a target response of significant interest to health
promotion, providing an ideal context for exploring SCDs given the ease with which
lengthy baselines can be collected. Numerous studies have supported the feasibility of
using pedometers to measure physical activity, demonstrating that they: are typically lowcost (Bassett et al., 2000; Tudor-Locke & Myers, 2001a, 2001b; Welk, Corbin, & Dale,
2000); enable objective measurement (Norman & Mills, 2004; Tudor-Locke & Myers,
2001a, 2001b; Welk et al., 2000); offer acceptable accuracy (Bassett et al., 2000; Crouter,
Schneider, Karabulut, & Bassett, 2003; Tudor-Locke & Myers, 2001a); encourage
improvements in health outcomes (e.g., Iwane, Arita et al., 2000; Tudor-Locke, Bell et al.,
2002; Wilde, Sidman, & Corbin, 2001); and, can be tolerated for lengthy periods (e.g.,
365 days; Bassett, Kang, Tudor-Locke, & Barreira, 2008; Togo et al., 2008; Tudor-Locke
et al., 2004). Many older adults remain insufficiently active to achieve health benefits
(Kluge & Savis, 2001) with approximately 47% of Australians aged over 65 classified as
sedentary (Australian Institute of Health and Welfare, 2010). Given projected increases
in the proportion of older Australians (Australian Bureau of Statistics, 2009), the well-
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being of this segment will be detrimentally impacted by prevalent sedentary behaviour,
highlighting the importance of investigating ways to describe the amount and pattern of
activity in older adults to promote the maintenance of functional independence and reduce
the burden on health services (Stuck et al., 1999).
Walking is a key component of maintaining independent living and is the most
commonly reported form of physical activity amongst older individuals (e.g., Bijnen,
Feskens, Caspersen, Mosterd, & Kromhout, 1998; Conn, Valentine, & Cooper, 2002;
King et al., 2000; Lim & Taylor, 2005; Stewart, Verboncoeur et al., 2001). Walking
represents a substantial proportion of energy expenditure associated with lifestyle activity
(Hatano, 1993; Kashiwazaki, Inaoka, Suzuki, & Kondo, 1986; Siegal, Brackbill, & Health,
1995) and is a preferred leisure activity among sedentary individuals (Crespo, Keteyian,
Heath, & Sempos, 1996; Tudor-Locke & Myers, 2001a). There is even an emerging
literature that argues the need to simply avoid periods of prolonged seating. Even low
intensity activity such as walking from the office desk for more than two minutes to the
tea room to get a beverage is thought to be potentially helpful (Owen et al., 2011; Thorp,
Owen, Neuhaus, & Dunstan, 2011). Furthermore, walking is associated with increased
positive affect (Ekkekakis, Hall, VanLanduyt, & Petruzzello, 2000), and reduces
functional limitations (Keysor, 2003; Miller, Rejeski, Reboussin, Ten Have, & Ettinger,
2000), indicating its importance from a health psychology perspective.
The Australian National Physical Activity Guidelines recommend that adults
accumulate at least 30-minutes of moderate-intensity physical activity on most, preferably
all, days of the week, to gain health benefits (Commonwealth Department of Health and
Aged Care, 1999). Correlations between a 30-minute brisk walk and achieving 10,000
steps per day (SPD) have been documented (e.g., Hultquist, Albright, & Thompson, 2005;
Welk et al., 2000; Wilde, Sidman, & Corbin, 2001), with this level considered a realistic
behavioural target (Hatano, 1993; Welk et al., 2000; Tudor-Locke & Myers, 2001b).
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Despite limited empirical evidence to support the recommendation of 10,000 SPD
(Tudor-Locke & Myers, 2001b), individuals achieving this goal have less body fat
(Hatano, 1993; Tudor-Locke, Ainsworth et al, 2001), reduced cardiovascular disease risk
(Hatano, 1993; Moreau et al., 2001), and increased exercise capacity (Iwane et al., 2000)
than less active individuals. While 10,000 SPD is a reasonable goal for a healthy,
younger population (Bassey et al., 1987; Kashiwazaki et al., 1986), this might not be
sustainable for older adults (Tudor-Locke & Bassett, 2004; Schonhofer, Ardes, Geibel,
Kohler, & Jones, 1997; Wilde et al., 2001) who experience difficulties with achieving
recommended activity (Le Masurier et al., 2008). Consequently, translating existing
physical activity guidelines into SPD equivalents would assist decision-making regarding
clinically significant outcomes in pedometer-based interventions (Tudor-Locke & Bassett,
2004). Preliminary guidelines have been developed for quantifying activity with
pedometers (Tudor-Locke & Myers, 2001b). Aggregate reference figures indicate that
healthy, younger adults typically accumulate 7,000 - 13,000 SPD; 6,000 - 8,500 SPD for
healthy older adults; and 3,500 - 5,500 SPD for individuals with disabilities or chronic
illness (Tudor-Locke & Myers, 2001b). These ranges represent the recommended levels
of walking for various subpopulations.

1.8 Investigation of the Walking Patterns of Older Adults
The current study will inform analysts about the appropriate time-series models
and strategy for ITSA when conducting SCDs to explore the effectiveness of
interventions targeting walking in older adults while enabling unresolved issues within
the walking literature to be explored. For instance, currently a predictive model of
ambulatory activity is unavailable, and the adequate monitoring period for representing
the walking patterns of older adults is undetermined. As pedometer-based physical
activity is usually characterised by large day-to-day variability (Jones, Tudor-Locke, &
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Paterson, 2001; Tudor-Locke, Burkett et al., 2005; Welk, Differding et al., 2000),
determining the appropriate monitoring phase to obtain a stable and reliable measure is
important. When a series is highly variable, there is a need for adequately long samples.
The presence of variability impacts on the precision of estimating mean changes,
highlighting the need to obtain accurate estimates of variability to calculate the phase
duration required to achieve sufficient precision for the estimation of intervention effects.
High variability demands longer phases because confidence intervals for means and mean
change are widened in the presence of larger variability, but are narrower when the
sample size is larger. Phase durations also require consideration of surveillance costs and
participant response burden (Tudor-Locke & Myers, 2001b), with shorter phases
preferred in applied settings (Kazdin, 1984; Marsh & Shibano, 1984).
To understand the temporal patterns of walking, intra-individual variability is
important to measure and explain as it can complicate the detection of intervention effects
(Tryon, Pinto, & Morrison, 1991). The approaches applied in pedometer-based studies
fail to consider intra-individual variability, typically investigating average step counts of a
potentially heterogeneous sample (e.g., Bravata et al., 2007; Izawa et al., 2005; Sarkisian,
Prohaska, Davis, & Weiner, 2007). Variability is important to consider given its impact
on confidence intervals. Low intra-series variability, indicating consistent walking, will
permit higher precision and require briefer samples to achieve the same precision as that
of a time series with high intra-series variability. For this reason, it is important to
document individual differences in intra-series variability. The consistency of an
individual’s walking pattern may be worth knowing as a health parameter, with public
health recommendations encouraging 30-minutes of moderate-intensity activity on most
days of the week (Commonwealth Department of Health and Aged Care, 1999; Pate et al.,
1995), rather than encouraging occasional excessively active days interspersed with very
sedentary days.
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Results in the walking literature are frequently reported in the form of steps/day
(SPD) or steps/week, averaging the data over a number of days (e.g., Bassett & Strath,
2002; Croteau, Richeson, Vines, & Jones, 2004; Tudor-Locke & Myers, 2001b; Welk et
al., 2000), masking intra- and inter-individual variability (Bassett et al., 1996; Sequeira,
Rickenbach, Wietlisbach, Tullen, & Schutz, 1995) and precluding investigations of
naturally occurring patterns for individuals. For example, the possible variation in
weekend step counts compared to weekdays is eliminated by obtaining a baseline
combining the steps of two weekdays and one weekend day (e.g., Chan, Ryan, & TudorLocke, 2004; Hamilton, Clemes, & Griffiths, 2008; Jones, Tudor-Locke, & Paterson,
2001; Tudor-Locke et al., 2005).
Although monitoring for only a few days up to one week is common practice
(e.g., Croteau, Richeson, Vines, & Jones, 2004; Jordan et al., 2005), a range of
monitoring time frames have been empirically supported for quantifying pedometerassessed ambulatory activity (Tudor-Locke & Myers, 2001b). Monitoring from one
(Kashiwazaki et al., 1986) to 365-days has been explored (e.g., Bassett, Kang, TudorLocke, & Barreira, 2008; Park et al., 2008; Tudor-Locke, Bassett et al., 2004), with the
required period depending on the population of interest (Tudor-Locke & Myers, 2001b).
An idiographic analysis of walking over time would enable the quantification of
individual variability, assisting the determination of intervention effectiveness as opposed
to normal fluctuations in walking, highlighting a benefit of conducting SCDs (see Section
1.2). The magnitude of variability has a direct impact on the width of the confidence
intervals for means and mean changes, with large variability widening the confidence
intervals and reducing the precision of effect estimation. In the presence of high
variability, obtaining a longer phase duration would assist in reducing the width of the
confidence intervals. Without knowledge of the present variability, allowances could not
be made to improve the precision of effect estimation. Understanding inter-individual
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variability would highlight the walking levels achievable by the sampled older adults,
informing the realistic targets for an intervention. The current study investigated the
intra- and inter-individual variability in the walking patterns of older adults given that this
is unresolved in the literature. This was considered important to address as longer
monitoring periods are required when investigating a sample with large variability in SPD
(Bassett & Strath, 2002). While healthy older adults are reported to typically undertake
fewer bouts of activity and display less variable activity than younger adults (Cavanaugh,
Coleman, Gaines, Laing, & Morey, 2007; Masse et al., 1998), conflicting views suggest
that large inter-day variability in physical activity is reported amongst older adults (e.g.,
Schuler, 2001; Togo et al., 2008; Tudor-Locke & Myers, 2001b), casting doubt over the
ability of seven days to adequately reflect walking patterns. Considerable inter-individual
variability in step counts has been reported for adults aged over 63, with average SPD
ranging from between 1,800 to 3,000 (Croteau, Richeson, Vines, & Jones, 2004) and
3,000 to 11,700 (Voorrips, Ravelli, Dongelmans, Deurenberg, & Van Staveren, 1991).
Intra-individual variability can partly be explained by weekly behaviour patterns
(Hamilton, Clemes, & Griffiths, 2008; Togo et al., 2008; Tudor-Locke et al., 2004), for
example attendance at work, or structured participation in exercise (Tudor-Locke, Burkett
et al., 2005; Tudor-Locke et al., 2004). The lack of time available to exercise is
reportedly a barrier to physical activity across all age groups (Whaley & Ebbeck, 1997).
While older adults are considered to have more discretionary time available than working
adults (e.g., Togo et al., 2008), this is not always the case. Some older adults continue to
work, undertake new responsibilities (e.g., volunteer work), or assume caregiver roles.
Consequently, it is important to examine the individual situations of older adults to
determine the underlying factors contributing to intra-individual variability (Garber &
Blissmer, 2002).
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1.9 Benefits Associated with Modelling Intervention Effects
Despite the reported limitations of pedometer-based interventions with older
adults, such as small sample sizes, short intervention phases, and inconsistent findings
(e.g., Bravata et al., 2007; Croteau, Richeson, Farmer, & Jones, 2007), studies indicate the
potential for increasing step counts (e.g., Bravata et al., 2007). However, the form of
improvement following intervention is unclear.
Time-series analyses enable the process of change to be investigated, addressing
the latency and rate of change following treatment onset (Glass et al., 1975; Gottman,
1981), and the effect patterns such as temporary or permanent effects, changes in slope
and level, changes in variance, cycles, and patterns of serial dependency (Glass et al.,
1975; Gottman, 1981; Sideridis & Greenwood, 1997). Moreover, understanding the
temporal form of the expected intervention effect in an area of interest enables clinicians
to make early forecasts about treatment outcomes, assisting individual decision-making
(Glass et al., 1975). For example, applying an analytic model based on the assumption of
an immediate level shift when change is delayed, could lead to underestimation of the
effect. Once apparent that the intervention approach is unlikely to be successful for the
individual, treatment can be modified to achieve the best possible outcomes. These issues
have implications for the phase durations required for intervention, with an adequate
monitoring period necessary for modelling and capturing improvements.
Currently, little is known about how long it takes change in a walking series to
manifest itself or the rate of change from baseline following intervention. Understanding
the time scale of changes would support intervention decisions and help determine
intervention effectiveness in a timely manner. To conduct ITSA well, it is useful to
anticipate the nature of the intervention effect to be discriminated from the baseline
pattern and the likely effect size. Omnibus tests compare null and alternative hypothesis
models and the alternative hypothesis is specified by an explicit model. In addition,
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modelling the size of the key changes induced by an intervention would assist with the
estimation of likely power and precision, with implications for the required sample size.
Although the effect of any specific intervention approach cannot be automatically
generalised to future intervention forms, evaluating the effect size of an intervention
based on industry standard recommendation should provide a frame of reference for
future power analyses. This was the aim of the current study.
The dominance of null hypothesis significance testing (NHST) within the
discipline of psychology has been noted, potentially limiting progress in this field (e.g.,
Cumming et al., 2007; Fidler, Cumming, Burgman, & Thomason, 2004; Schmidt, 1996),
and preventing a clear analysis of the precision of estimation issue (e.g., Cumming, 2012).
A change from the emphasis on NHST has been called for, with suggestions for reform
including more emphasis on the estimation of effect sizes (e.g., Gigerenzer, 1998; Meehl,
1978) and confidence intervals (CIs) (e.g., Cumming & Finch, 2001, 2005; Finch,
Thomason, & Cumming, 2002; Nickerson, 2000). CIs provide information about effect
sizes and precision of estimation, which is possibly more useful than considering
statistical power (Cumming & Finch, 2001). Conceptualising and designing experiments
in terms of estimation with consideration of whether an individual requires intervention,
and the magnitude of change required to present actual improvement and whether this is
achieved (Cumming & Finch, 2005) could benefit and advance the field in a meaningful
way (e.g., Cumming, 2012; Cumming & Finch, 2005). Consequently, the current study
explored the precision of effect estimation in relation to walking in older adults. However,
precision needs to be interpreted in light of the effect sizes that are both obtained and
desired. Thus modelling of typical intervention effects was also necessary to indicate an
appropriate effect size index and to permit quantification of effects.
The current study therefore aimed to investigate data obtained from applying an
empirically supported intervention method expected to produce detectable change, which
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would enable modelling of the intervention function and aid development of a strategy for
the analytic method. The intervention approach is outlined in Chapter Three, with
discussion of the empirical guidance referred to when developing the methodology to
stimulate and observe changes in the time-series. The intervention was developed in
consideration of “best practice” approaches combined with individually pertinent factors
contributing to walking identified after participants completed a researcher-developed,
event-based diary (see Chapter Three, Section 3.2.2.2). Self-directed goal-setting relevant
to personal baseline levels was considered a prudent approach to increasing daily steps
(Tudor-Locke, Myers, & Rodger, 2000, 2001), reportedly resulting in immediate
improvements (Tudor-Locke, Myers, Bell, Harris, & Rodger, 2002). The prospect of an
immediate change in walking was appealing, enabling modelling of the temporal form of
the intervention within the four-week phase duration.

1.10 The Current Study
The current project consisted of two studies and a follow-up period. The initial
study investigated the daily step counts of a sample of older adults during a baseline
period considered to be adequate for modelling the time-series. The observation and
modelling of effects associated with introduction of intervention was the primary aim of
Study Two. Additional qualitative data to inform the development of the intervention
was obtained through completion of a Daily Activity Log (DAL), capturing information
about the immediate antecedents and consequents of active and sedentary behaviour.
Participants were invited to undertake a three-week follow-up phase four months after
self-monitoring ended. This determined whether changes were apparent in the time-series
and if intervention levels were sustained.
This thesis will explore the natural form of the walking series of independent
older adults and the individual temporal patterns of change after implementing an
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intervention. The intervention was designed on the basis of prior literature and individual
personal data to contribute to the establishment of a sound foundation for individual
change decisions. It was anticipated that examining these data would inform decisions
about the appropriate models to employ for individual time-series analyses and the
minimal durations of baseline and intervention phases in this field. While the specific
findings were anticipated to be pertinent to the walking activity amongst older adults, it
was also envisaged that the study would illustrate investigative methods for application in
other fields of individual decision-making based on time-series data. Specific hypotheses
are presented in the following chapters as they become relevant to each phase of the
investigation.

1.10.1 Summary
The overarching aim of the current study was to obtain information critical to
conducting efficient and valid analysis of single-case time-series studies of walking
among independent living elderly, in order to facilitate applicability of idiographic
methods by researchers and clinicians. To achieve this, the current study aimed to:
o Collect baseline data for more than 50 days to describe the naturally occurring
temporal patterns of walking in older adults and enable time series modelling
capable of taking into account stochastic processes, short-term seasonal cycles and
deterministic trends associated with self-monitoring.
o Identify baseline models to determine the possibility of using a homogeneous
model.
o Quantify the extent of intra-individual variability in daily step counts, before and
after modelling, to determine consistency of walking and the precision of
estimating intervention effects.
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o Quantify individual differences in the natural levels of walking in a sample of
independent living older adults to provide a frame of reference for intervention
effects and the range of activity possible.
o Investigate whether a baseline period typical in applied settings (i.e., 1 - 2 weeks)
could determine the model and parameters discovered by the full walking series.
o Evaluate the pattern of change following intervention, investigating how long
change takes to manifest and the form of the time-series.
o Estimate the magnitude of intervention effect sizes for participants.
o Investigate the consequences of relying on abbreviated versions of baseline when
detecting and modelling intervention effects.
o

Investigate the maintenance of step count improvements at follow-up.
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2 CHAPTER TWO – STUDY ONE: THE TEMPORAL STRUCTURE
OF NATURAL WALKING IN INDEPENDENT OLDER ADULTS

2.1 Aims
In accordance with the rationale presented in Chapter One (Section 1.1), this
study aimed to explore the structure of temporal variations of walking in adequately long
series obtained from a representative sample of independently-living older adults. The
anticipated benefits extended beyond those of describing the series or generating
hypotheses about the nature of walking among older adults. Identification of several
potential threats to valid inference about the presence and size of intervention effects can
be expected from a careful examination of the natural pattern of variation (Chapter One,
Sections 1.3 and 1.4):
1.

Are the series non-stationary, i.e., is there a gradual, or abrupt, change in the

mean, variance, or other statistical parameters of the series over time? An
unidentified pre-existing process resulting in any such changes would confound the
intervention effect (e.g., Glass et al., 1975; Gottman, 1981; Matyas & Greenwood,
1999).
2.

Do walking series have regular cycles, or worse, irregular, complex cycles

with unpredictable starts and substantial durations? Such cycles, if unrecognised,
might be mistaken for intervention effects over phase durations limited by practical
considerations (e.g., Glass et al., 1975; Gottman, 1981; Matyas & Greenwood, 1991,
1999).
3.

How large is the variance of the walking series? Increased variability

decreases power, possibly threatening the ability to detect desirable effect sizes with
adequate probability or to estimate the effect size with adequate precision.
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Does large variability occur in conjunction with non-random processes of

variation as described in (2) above? The confounding effect of stochastic trends
that might temporarily mimic an intervention effect over a limited phase duration
can be stronger when it occurs in conjunction with larger random variability
(Section 2.1.2; Matyas & Greenwood, 1990, 1997). Three specific aims were
investigated.

2.1.1 Aim One: Examination of Stationarity and Deterministic Trend
A crucial first step of model identification is determining whether the series is
stationary, maintaining a stable mean, variance and other statistical parameters, such as
autocorrelation patterns, over time (Glass et al., 1975; Gottman, 1981). Deterministic
trend complicates conclusions regarding how much of the observed change from baseline
is attributable to the intervention and/or the impact of self-monitoring (Baird & NelsonGray, 1999). To avoid the confounding effects of pre-existing deterministic trend when
detecting intervention effects, series need to be stationary in either the naturally occurring
form or after transformation before applying Box-Jenkins modelling (Box & Jenkins,
1976; Glass et al., 1975; Gottman, 1981).
As described in Chapter One, regression modelling has been suggested for
removing non-stationarity in ITSA (Gottman, 1981). This approach depends on the
correct identification of the form of the deterministic trend [y = f(x)], requiring an
adequate baseline duration. For example, if a linear model is fitted to a series exhibiting a
non-linear trend, the extrapolation into the intervention phase will be systematically
erroneous, potentially introducing a false appearance of an intervention effect. Walking
in older adults is a bounded phenomenon, such that it is unlikely that the series would
linearly increase or decrease persistently in the long term. Nor would it be expected that
sustained sequences of totally sedentary days or exceedingly high step counts (i.e., 15,000
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SPD) would occur. Therefore, it is considered likely that walking would eventually
stabilise at a lower or higher level relative to initial step counts.
While pedometer-based reactivity does not threaten the validity of assessed
physical activity (Clemes, Parker, & Lindley, 2008; Matevey, Rogers, Dawson, & TudorLocke, 2006), the potential adaptation to self-monitoring is acknowledged, with
researchers advised to disregard step counts collected during initial days of monitoring
(Matevey et al., 2006). Pedometer-based reactivity is greatest when participants wear an
unsealed pedometer and are required to record daily step counts, as opposed to wearing a
sealed pedometer, or when unaware of what the pedometer measures (e.g., a “body
posture monitor” rather than a step counter). This highlights a potential threat to the
validity of pedometer-based studies involving only short-term monitoring (Clemes &
Parker, 2009). While reactivity to self-monitoring (Haynes & Wilson, 1979; Korotitsch
& Nelson-Gray, 1999) cannot be avoided, it can be addressed by collecting an adequate
baseline to allow modelling or stabilisation of the series.
Self-monitoring may cause initial enthusiasm followed by adaptation and return
to long-term baseline, or a feedback effect resulting in a long-term step count increase in
a suitably motivated and capable individual. Either scenario could occur in the walking
series of older adults, with adaptations to self-monitoring typically characterised by a
curvilinear deterministic trend with an early slope that levels out (e.g., Haynes & Wilson,
1979; Matevey et al., 2006; Matyas & Greenwood, 1997). However, this has not been
investigated in this field specifically, with the current study aiming to explore the
temporal patterns of walking and the possible impact of self-monitoring. While averaged
group data, which is frequently relied on in the walking literature (e.g., Croteau et al.,
2004; Jordan et al., 2005; Moreau et al., 2001), would conceal the effects of habituation,
individual time series modelling can identify the occurrence and frequency of adaptation
to self-monitoring.
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2.1.2 Aim Two: Quantification of Daily Inter- and Intra-Individual Variability
The second aim was to quantify the inter- and intra-individual variability in the
walking series of older adults during a baseline of at least 50 days (Box & Jenkins, 1976;
Glass et al., 1975; Kazdin, 1982). Intra-individual variability represents the day-to-day
changes in walking, represented by the standard deviation of the repeatedly measured
variable (e.g., Eid & Diener, 1999). Inter-individual variability reflects the range of
performance typical for a sample, providing both a frame of reference for measurements
and insight into what is achievable in terms of elevating participants from the bottom to
the top of the distribution. For example, the frequently suggested goal of 10,000 SPD
(e.g., Hatano, 1993; Tudor-Locke & Bassett, 2004; Yamanouchi et al., 1995) requires
confirmation as being attainable before endorsing this as a suitable target for older adults.
Preliminary guidelines developed for pedometer-quantified physical activity provide
some guidance about group-based walking levels for older adults (Tudor-Locke & Myers,
2001b). Aggregate reference figures indicated that healthy older adults typically
accumulate 6,000 to 8,500 SPD compared to healthy younger adults who record 7,000 to
13,000 SPD (Tudor-Locke & Myers, 2001b). The current study’s results were considered
in relation to these domain references.
Considerable intra- and inter-individual variability has been reported in physical
activity (Washburn, Heath, & Jackson, 2000), attributable to the environment,
demographic and biological characteristics, psychological, cognitive and emotional
influences (Trost, Owen, Bauman, Sallis, & Brown, 2002). Substantial intra-individual
variability in daily physical activity has been reported for older adults aged over 65 years
as measured by physical activity questionnaires (e.g., Schuler, 2001; Schuler, Richardson,
Ochoa, & Wang, 2001; Voorrips et al., 1991) and pedometers (e.g., Croteau, Richeson,
Vines, & Jones, 2004; Matthews et al., 2001; Tudor-Locke & Myers, 2001b). However,
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these studies investigated step counts at a group level, without considering individuallevel data. Consequently, intra-individual variations might be larger than previously
thought (Togo et al., 2008).
Quantifying series variability is relevant to assessing the potential impact of
complex temporal patterns that might confound decisions about intervention effectiveness
(Glass et al., 1975; Matyas & Greenwood, 1990, 1997). With high variability, identifying
the sources of complex serial dependencies (e.g., stochastic processes) gains importance
because autoregressive or moving average components can cause irregular, sustained
drifts, which could be mistaken for intervention effects over limited observations. Such
drifts are theoretically expected even when a series is stationary with a long-term stable
mean, standard deviation and other statistical properties (Box & Jenkins, 1976; Glass et
al., 1975; Gottman, 1981). The probability of such sustained drifts grows with the
increased strength in stochastic process as quantified by autoregressive or moving average
coefficients. Unless phase durations are adequately long, a crucial problem related to
practicable ITS designs (Chapter One, Section 1.4), as such sustained drifts run an
increased risk of being mistaken for an intervention effect. However, what is perhaps
considered less often is that the extent of such drifts is also dependent on the size of the
other (i.e., residual) sources of variability of a series (even if these residuals are randomly
sequenced), as well as the strength of autoregressive coefficients.
This can be illustrated with a simple first order autoregressive process (AR(1)):
Yt = a0 + a1Yt-1 + t (Glass et al., 1975). If a large random input t-i-1 occurs at time t – i 1, the next observed response Yt-i will deviate more strongly from the mean. However,
the effect will tend to continue if the autoregressive coefficient a1 is strongly positive.
This inertial effect will be larger than if t-i-1 had been smaller, because a1 and Yt-i are
multiplied in an AR(1) function, continuing the impact now to Yt. Inevitably, Yt becomes
an input for Yt+1 and so the historical impact continues, albeit with some decay. Thus, if
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the distribution of the random inputs t has a large standard deviation, this increased
variability will interact with a strong positive autoregressive coefficient to produce larger
sustained drifts which are more likely to be confused with intervention effects. The
implication is that when large variability is present, positive serial dependence is more
likely to produce apparent effects in brief phases that mimic some larger, apparently more
credible, effect sizes (e.g., Glass et al., 1975; Matyas & Greenwood, 1997, 1999; Parker,
Cryer, & Byrns, 2006). Thus, the detection of serial dependence and its correct modelling
becomes more critical when confronted with larger natural variability in a time series.
Additionally, irrespective of the interaction with serial dependency processes, there is a
power argument: if the natural baseline variance is high, there is more to be gained from
modelling the series as inter-phase tests are likely to be insensitive, producing wide
confidence intervals and increased Type II error. However, this is true only if some of the
variability can be predicted, for example, via stochastic processes, or seasonal cycles.
It is also advantageous to identify how much variability is present within an
individual’s time series to obtain a frame of reference when determining the magnitude of
improvement during intervention. Once the baseline has stabilised, it is possible to get a
clear idea of the effect size relative to the individual series noise levels, resulting from
random fluctuations and uncontrolled cyclicity. The within-person standard deviation
enables a reference frame for that individual’s change score. Just as Cohen’s d employs
the individual differences within the control group as a standardization constant for
examining group-based effect size estimates, so the within-series standard deviation under
baseline conditions can provide a frame of reference for individual change during
intervention. While the literature has recognised the need to calibrate intervention effects
against calculated standard deviations typically these have been group-based estimates,
such as the standard error of measurement associated with repeated measures that do not
allow for differences in intra-individual variability (e.g., Jacobson et al., 1984; Jacobson
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& Truax, 1991),. For example, the within-group standard deviation of the repeated
measures t-test reflects the extent to which change from baseline to intervention varies
across participants with a small standard deviation indicating consistent change across
individuals. Therefore, Cohen’s d with repeated measures reflects the average change
relative to the consistency of change between participants, implicitly assuming that
treatment has the same effect on all participants, with any difference deemed to be
experimental error. Moreover, assuming the same variability for all participants inflates
the errors for individuals with small intrapersonal variability and underestimates it for
individuals with large intrapersonal variability.

2.1.3 Aim Three: Investigation of Temporal Patterns of Walking
The third aim was to investigate the temporal structure of baseline walking
patterns in older adults using the stochastic autoregressive moving average model
(ARMA). The Box-Jenkins ARMA model provides mathematical and procedural
techniques for modelling seasonality and serial dependency in sequential data (Glass et al.,
1975; Gorman & Allison, 1996). Model identification is important to account for and
remove existing serial dependence in the series which might complicate the accurate
detection of intervention effects, resulting in Type I errors (e.g., Busk & Marascuilo, 1988;
Crosbie, 1987; Matyas & Greenwood, 1996, 1997). However, the ability to validly
identify models depends on obtaining baselines of adequate length (Glass et al., 1975).
As discussed in Chapter One (Section 1.5.2), there have been suggestions that
model identification could be bypassed by employing a correction for autoregression in
the data. However, those corrective approaches (e.g., Borckardt et al., 2008; Crosbie,
1993, 1995; Harrop & Velicer, 1985; Simonton, 1977) employ only a lag 1 autoregression
adjustment, thereby implicitly assuming an AR(1) without considering alternative models,
such as deterministic trends, or higher-order models that produce lag 1 autocorrelation
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(Matyas & Greenwood, 1997). Additionally, it has been reported that an AR(1) for the
serial dependence in behavioural baseline data is reasonable, within the power limits of
the analyses, for the majority (91%) of a variety of series sampled from the literature
(Matyas & Greenwood, 1985). However, these assumptions have not been empirically
examined in the field of walking in older adults.
Huitema (1985, 1986) suggested that complex time-series methods such as
ARMA modelling were unnecessary given his finding that serial dependence did not exist
in published behavioural series, as discussed in Chapter One. This inference was
considered to be inconclusive, partly attributable to the typically small number of
observations in behavioural series, resulting in reduced power for detecting significant
autocorrelation (Suen, 1987; Suen & Ary, 1987). Considering this criticism, the current
study investigated the presence of autocorrelation in a collection of series of longer
duration to determine the presence of autocorrelation.
There are reasons to suspect that neither an AR(1) nor a linear model would
adequately account for the walking series of older adults. For example, pedometer studies
have reported evidence of: weekly cyclicity (e.g., Matthews, Ainsworth, Thompson, &
Bassett, 2002; Togo et al., 2008; Tudor-Locke et al., 2004): intra-weekly cyclicity (Togo
et al., 2008); seasonality associated with meteorological variables (e.g., Aoyagi &
Shephard, 2009; Togo, Watanabe, Park, Shephard, & Aoyagi, 2005; Tudor-Locke et al.,
2004); and, importantly, reactivity to pedometer-based self-monitoring (Matevey, Rogers,
Dawson, & Tudor-Locke, 2006). Although these studies mostly involved group-based
analyses, they suggest that the walking patterns of older adults require models other than
an AR(1) or a linear function. Furthermore, as discussed in Chapter One (Section 1.6),
empirical investigations of longer time series obtained from multiple independent
participants measured on other target responses, for example temporal mood patterns
(Benedetti et al., 1996, 1998; Gottschalk et al., 1995), do not support the assumption of an
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AR(1), nor any single form of a model, for a given target response. Therefore, the current
study aimed to identify the temporal patterns and forms of appropriate models that can be
applied to the walking series of independently-living older adults.

2.1.4 Hypotheses
Three hypotheses were developed to meet the aims of Study One:
1.

It was anticipated that an adaptation to the task of self-monitoring would be
evident in the walking time series of independent older adults as reflected by the
level of walking transitioning to a higher or lower level relative to initial step
counts.

2.

It was hypothesised that the inter- and intra-individual variability in the daily
step counts would be of a large magnitude, indicating the need to identify
appropriate models to describe the series.

3.

It was considered unlikely that an AR(1) or linear model would best characterise
the walking series of the sampled older adults. Rather, it was hypothesised that a
number of different models would be required to adequately account for the
temporal patterns of daily step counts.

2.2 Method
2.2.1 Participants
2.2.1.1 Eligibility Criteria and Recruitment
All participants were living independently within Geelong and the Bellarine
Peninsula. Eligibility required capacity to give informed consent and to be capable of
walking within the surrounding environment. Walking aids, such as sticks and frames
were acceptable, as long as no major walking impediments discouraged activity.
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Recruitment of two cohorts involved several approaches, occurring in February
and July, 2007. A convenience sample was obtained from the researcher’s circle of
acquaintances with an information session providing potential participants with an
overview of study requirements. Attendees were invited to provide contact details to
arrange an individual initial session.
A networking strategy was relied on for further recruitment, similar to
approaches used in studies investigating physical activity in older adults (e.g., Stevens,
Bult, de Greef, Lemmink, & Rispens, 1999; Stevens, de Jong, & Lemmink, 2008), with
individuals from the first cohort inviting friends to volunteer. Consequently, participants
were sourced from community groups such as a local church and other social clubs
frequented by retirees.

2.2.1.2 Description of the Sample
Forty-eight participants were initially recruited, with one participant (2%)
withdrawing after one week due to difficulty operating the activity monitor. The sample
consisted of 29 women (62%) and 18 men (38%), with ages ranging from 60 to 86 years
(M = 73 years; SD = 7.1 years) and BMIs ranging from 18.7 to 34.8 (M = 26.0; SD = 3.3).
The wide age range is partly attributable to the recruitment methods employed, with
participants aged between 60 and 65 years becoming involved as a result of their older
spouse’s participation. Eleven married couples participated in the study. Table 1
provides a summary of participant physical characteristics.
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Table 1
Physical Characteristics of Study Participants

Characteristic

Men

Women

All

(n = 18)

(n = 29)

(N = 47)

M

SD

M

SD

M

SD

Age (years)

72.4

8.4

72.8

6.9

72.6

7.4

Height (cm)

173.8

7.2

161.9

5.7

166.5

8.6

Weight (kg)

80.2

9.6

67.0

9.8

72.1

11.6

BMI*

26.6

3.1

25.6

3.5

26.0

3.3

*BMI = Body Mass Index

Table 2 summarises the demographic characteristics of all participants. The
majority of the sample were women (62%), lived with others (70%), were retired (96%),
reported the presence of at least one medical condition (81%), and relied on a car for
transport (91%). Commonly reported medical conditions were arthritis (30%) and high
blood pressure (30%). Close to half of the sample (n = 23) regularly participated in
volunteer work.
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Table 2
Demographic Characteristics of Study Participants
Characteristic

N (%)

Gender
Men

18 (38.3)

Women

29 (61.7)

Alone

14 (29.8)

With others (spouse or family)

33 (70.2)

Medical condition present

38 (80.9)

Living Arrangements

General Health

Arthritis

14 (29.8)

High blood pressure

14 (29.8)

Heart problems

9 (19.2)

Back pain

9 (19.2)

Osteoporosis

8 (17.0)

Diabetes

4 (8.5)

Leg pain

4 (8.5)

High cholesterol

3 (6.4)

Cancer (within last three years)

2 (4.3)

Asthma / Emphysema

2 (4.3)

Employment Status
Retired
Part-time paid work

45 (95.7)
2 (4.3)

Regular volunteer work

23 (48.9)

Car

43 (91.5)

Common mode of transport

Public transport

2 (4.3)

Walking

2 (4.3)
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2.2.2 Materials
2.2.2.1 Instrumentation
The literature advises against the use of inexpensive pedometers that lack
empirical support as they can adversely impact outcomes of health-related interventions
due to user frustration and difficulty recording step counts of overweight or obese
individuals (Clemes, O’Connell, Rogan, & Griffiths, 2010). Participants were provided
with a New-Lifestyles NL-1000 Activity Monitor (NL-1000; New-Lifestyles Inc., Lee's
Summit, Missouri, USA, A$53). The NL-1000 (Figure 1) was selected based on
considerable empirical support for the similarly engineered, but more expensive (A$72),
predecessor model, the NL-2000 (e.g., Bassett et al., 1996; Schneider, Crouter, & Bassett,
2004; Schneider, Crouter, Lukajic, & Bassett, 2003; Swartz, Bassett, Moore, Thompson,
& Strath, 2003). More recently, the NL-1000 has received support in the literature with
claims that it “is a highly accurate research-grade pedometer, suitable for use across all
BMI groups” (Clemes, O’Connell, Rogan, & Griffiths, 2010, p. 1,181). The NL-1000
contains an accelerometer-type mechanism involving a horizontal beam and a
piezoelectric crystal. Walking generates a sinusoidal curve when vertical acceleration is
plotted against time, using zero crossings of the acceleration versus time curve to detect
steps (Schneider, Crouter, & Bassett, 2004). This mechanism is capable of differentiating
between activities of varying intensities (Schneider et al., 2003) with the device output
including the number of daily steps, accumulated time spent in moderate to vigorous
physical activity (MVPA), and the distance walked.
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Figure 1. New-Lifestyles NL-1000 Activity Monitor.

Pedometers with a spring-levered mechanism have been reported to
underestimate the number of steps taken at slower speeds, with hip accelerations of an
insufficient magnitude to register a step (Bassett et al., 1996; Cyarto, Myers, & TudorLocke, 2004). A piezoelectric pedometer, such as the NL-1000, offers better sensitivity
for use with a population that walks at slower speeds, such as older adults (Crouter,
Schneider, Karabulut, & Bassett, 2003; Le Masurier & Tudor-Locke, 2003; Melanson et
al., 2004; Schneider et al., 2003), or when worn by overweight or obese individuals as the
device is resistant to tilt (Clemes et al., 2010; Crouter, Schneider & Bassett, 2005; Crouter
et al., 2003). It was considered likely that the NL-1000 would minimise the inter-day
variability associated with instrument performance. The NL-1000 provided a number of
desirable features for this study such as a seven-day memory, an internal clock which
resets the device to zero at midnight, and a strong hybrid metal/plastic clip which
combined with a security strap attached to the waistband minimises the chance of loss
(New-Lifestyles, 2008).

2.2.2.2 Questionnaires
Demographics.
Participants completed a short survey to provide an overview of demographics
and pre-existing medical conditions for consideration. Additional information was
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collected regarding preferred mode of transport, frequency of volunteer work and other
potential contributors to the level or variability of daily walking.

2.2.3 Procedure
2.2.3.1 Recruitment
Recruitment commenced upon receiving ethics approval from the La Trobe
University Faculty Human Ethics Committee (FHEC 06/R95) (Appendix A). Two
cohorts of participants were recruited during February (n = 21) and July (n = 26) in 2007.
Initial recruitment involved an information session open to acquaintances of the
researcher and interested individuals accessed through a networking strategy, as outlined
earlier (Section 2.2.1.1). Individuals were assured that information session attendance did
not constitute an obligation to participate. Subsequent to discussing the study
requirements, potential participants were invited to provide contact details, indicating
agreement to be approached by the researcher to arrange an initial session. The second
cohort recruitment was assisted by participants who had completed the study encouraging
acquaintances to volunteer.

2.2.3.2 Initial Session
A one-hour initial session at each participant’s home was scheduled. In
instances where married couples or friends were commencing simultaneously, up to three
participants completed the session concurrently. Before providing informed consent,
participants were given an information sheet and advised they could withdraw from the
study at any time (see Appendix B). Height and weight measurements were obtained
before completing the demographic and general health survey (Appendix C).
Initial training was provided to improve accuracy of self-monitored data
(Mahoney, 1977; Nelson, Lipinski, & Boykin, 1978). The researcher demonstrated
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pedometer operation, including how to: attach it in the correct position to a waistband or
belt directly above, or as close as possible to either hip; open the device to read step
counts; and, access the seven-day memory. Each participant practiced operating the
pedometer to identify any difficulties and were shown illustrations provided in the user’s
guide (New-Lifestyles Inc., 2005) that highlighted correct and incorrect positioning of the
device. A 20-step verification test was conducted during the initial session to ensure that
steps recorded by the activity monitor corresponded to the actual steps taken. Participants
were provided with the researcher’s mobile telephone number and were encouraged to
make contact at any time should difficulties be encountered.
Participants were advised that the baseline phase would last for approximately
eight weeks. Participants were asked to attach the activity monitor to their waistband
when getting up each morning and continue wearing it until going to bed in the evening,
with the exception of periods when showering or swimming. Each participant was
provided with a booklet in which to record daily step counts after removing the
pedometer at the end of each day. It was recommended that the booklet and activity
monitor be kept in the same place each day to facilitate recording. Given that participants
are likely to forget the pedometer during physical activity studies on at least one occasion
(Garbers, Nelson, Rosenberg, & Chiasson, 2006), it was important to incorporate
motivational techniques and reminders. To assist with remembering to wear the device,
retrieval cues in the form of signs (“Do you have your pedometer?”) were provided to
each participant to place in a highly visible location (e.g., Crovitz, Cordoni, Daniel, &
Perlman, 1984) and a handout containing tips to remind participants to wear their
pedometer was also provided (Appendix D).
Participants were advised that they were not required to increase their daily steps
as baseline recording was aimed at discovering typical walking amounts. A suitable time
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was nominated for weekly telephone calls from the researcher during the eight-week
phase to collect daily step counts.

2.2.3.3 Baseline Monitoring
Once a week, at the designated time, participants were contacted by telephone to
briefly review daily step counts. This provided an opportunity to address any problems
and to discuss the activities participants had been doing during the week. Days of
sickness, holidays, and other incidents impacting walking levels were noted.
Weekly telephone calls were considered necessary to sustain motivation and
self-monitoring compliance in addition to building rapport, in the hope of maintaining
participants’ interest (Christensen, Johnson, Phillips, & Glasgow, 1980). If a participant
had not recorded their steps during the past week, the researcher provided verbal
instruction for retrieving this information using the seven-day memory. Participants were
encouraged to continue recording step counts and were assured that they were doing
everything correctly.
In five cases (11%) the baseline phase was shorter, and in 25 cases (53%) longer
than eight weeks, depending on the ability to schedule a meeting time for the researcher
and participant to commence the next phase. Two of the baseline phases that exceeded
eight weeks represented the walking series of participants who declined involvement in
the subsequent intervention but elected to continue recording step counts. In these cases,
baseline data was collected over 13 and 16 weeks for Participants 1 and 21, respectively.

2.2.3.4 Focus Group
After six weeks of baseline, the 21 participants from the first cohort were invited
to attend a focus group. The purpose was to sustain motivation, allowing participants to
share their experiences of wearing the pedometer. Eight participants (38%) attended,
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consisting predominantly of women (88%), with those unable to attend invited to provide
written comments or feedback.
The focus group provided an opportunity for participants to share strategies for
remembering to wear the pedometer so that tips could be recommended to the second
cohort, and any difficulties addressed. The session was also used to pilot the useability of
the Daily Activity Log (DAL), an event-based diary produced by the researcher to be
completed prior to the intervention phase (Section 5.2.2.2), and to identify any unforeseen
problems with this tool (Bolger, Davis, & Rafaeli, 2003).

2.2.4 Data Analysis
The recommended standard unit of measurement for pedometer data is steps per
day (SPD) (Tudor-Locke & Myers, 2001b). Daily step counts for each participant were
analysed using SPSS (v.16 SPSS Inc.), with deterministic model fitting conducted in
TableCurve 2D (v.5.01 SYSTAT Software Inc.). G*Power 3.1 (version 3; Faul,
Erdfelder, Lang, & Buchner, 2007), a power analysis computer program, was used to
determine the minimum autocorrelation detectable based on the available sample size.
The time-series analyses were partly based on the Box-Jenkins techniques (Glass
et al., 1975). Given the problems associated with applying time-lagged differencing to
achieve stationarity (see Chapter One, Section 1.3), the current analyses modelled
deterministic trends by applying least squares regression (Gottman, 1981), before
applying ARMA estimation techniques. Weekly cycles were non-parametrically
managed by calculating the average step counts for each day of the week (i.e., Monday
through to Sunday) during the baseline phase before expressing each daily step count as
deviation units from the average for that particular day of the week.
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2.2.4.1 Description of the Baseline Series
Each baseline time-series was explored to calculate the statistical properties.
The residuals around the mean for each baseline series were tested for normality using the
Shapiro-Wilk test (Shapiro & Wilk, 1965), and examination of P-P plots and distribution
histograms.

2.2.4.2 Exploration and Quantification of Intra- and Inter-Individual Variability
Boxplots were created for the 47 individual time-series to investigate the range
of both within- and between-participant variability. The boxplots described the features
of variability in relation to both normative and domain references, in particular: what can
be expected for the sample based on the highest and lowest median step counts; the
desirable level of walking reported in the literature (Hatano, 1993; Tudor-Locke &
Bassett, 2004; Yamanouchi et al., 1995); and, what is typical for older adults (TudorLocke & Myers, 2001b).

2.2.4.3 Model Identification of the Baseline Series
The current study incorporated ARMA modelling to determine the
autoregressive (p) and moving average (q) components of the model by investigating
existing serial dependency (Glass et al., 1975; Gottman, 1981). The minimum correlation
detectable with power of 80% or 95% based on a sample size of n = 60 was calculated
using G*Power 3.1 (version 3; Faul et al., 2007). This analysis enabled rejection with a
known Type II error rate of the possibility that autocorrelations of a larger magnitude
were present.
The autocorrelation function (ACF) and partial autocorrelation function (PACF)
for each participant’s time-series were assessed for serial dependence from lags 1 through
to 14 in accordance with the convention of using a maximum of N/4 lags (Gorman &

TIME-SERIES ANALYSIS OF AMBULATION

62

Allison, 1997; Huba, Lawlor, Stallone, & Fieve, 1976). The lag number indicates the
paired observations considered when determining the relationship. For example, lag 1
refers to two observations lagged only by one day while lag 2 indicates pairs of
observations occurring two days apart. Significant levels of autocorrelation were detected
using the Box-Ljung portmanteau lack-of-fit test, with an alpha level of .05 (Ljung & Box,
1978).

Detection and management of non-stationarity.
A preliminary visual examination of each baseline sequence chart enabled nonstationarity to be identified before quantitatively evaluating the possibility of regular and
irregular cycles. For example, it was anticipated that non-stationarity in the walking
could series could take the form of curvilinear deterministic trend, characterised by the
natural tendency of the level of the behaviour to increase or decrease monotonically over
time (Glass et al., 1975; McDowall, McCleary, Meidinger, & Hays, 1980), or an apparent
adaptation to monitoring, involving either higher or lower initial steps relative to the rest
of the series (Chapter One). The ACF and PACF were examined for the idealised pattern
reflecting deterministic trend: lag 1 autocorrelation of a large magnitude in the ACF
which slowly decays, accompanied by white noise in the PACF (Glass et al., 1975;
Gottman, 1981).
Using TableCurve 2D (v.5.01 SYSTAT Software Inc.), baseline series with
apparent deterministic trend were fitted with regression models. In most cases these were
sigmoid type functions that change from one asymptote to another via an inflexion point.
These were deemed appropriate for most cases after inspection of the sequence graphs
and exploratory analyses with alternative models. TableCurve 2D is capable of fitting a
range of sigmoidal functions, such as Gaussian Cumulative, Logistic Dose Response, and
Log Normal Cumulative, enabling the identification of two horizontal asymptotes
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indicating a level change. The best-fitting function was determined by examining the
degrees of freedom-adjusted R2 to identify the model accounting for the most variance.
Residuals were inspected to identify the presence of remaining regular or irregular cycles.

Modelling temporal components and cyclic variations.
The ACF and PACFs were inspected to identify the patterns theoretically
expected to indicate stochastic processes in the form of either autoregressive or moving
average components. The ACF and PACF pattern indicating a model with an
autoregressive component, ARMA (p, 0) is indicated by the ACF gradually dissipating
while the PACF abruptly truncates after lag p. A moving average model, ARMA (0, q) is
characterised by an ACF pattern that drops off quickly after lag q and a PACF pattern
declining slowly towards zero (Glass et al., 1975).
When the required patterns for stochastic processes were not observed,
alternative explanations for significant autocorrelations were considered and tested.
Isolated significant autocorrelations at longer lags, i.e., spikes in the ACF and PACF plots
at lag s suggests the presence of seasonality, where s indicates the cycle length (Glass et
al., 1975; Gorman & Allison, 1996). For example, significant autocorrelation at lag 7
indicates weekly seasonality.
The residuals were inspected for remaining autocorrelation. When no significant
autocorrelation remained, the model was considered to adequately account for serial
dependence within the limitations imposed by power and sampling error. Where serial
dependency remained, the residual ACF and PACF patterns were inspected for
indications of alternative or more complex models. Model fitting continued until no
significant serial dependence remained, indicated by uncorrelated residuals (Box &
Jenkins, 1976). The residuals were tested for normality using the Shapiro-Wilk test
(Shapiro & Wilk, 1965) and examination of P-P plots and distribution histograms.
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2.3 Results
2.3.1 Description of the Baseline Series
Each participant averaged approximately 60 observations (ranging from 42 to
111). Descriptive statistics for each participant’s time-series are reported in Appendix E.
Missing values were not replaced. They comprised only 24 day scores distributed over 15
series. The maximum consecutive number of missing observations was four, occurring in
the series of Participant 35, corresponding with a period of illness requiring bed rest near
the end of baseline. Similarly, three consecutive missing observations attributable to
illness occurred in the middle of Participant 33’s series. Where missing data was
apparent, it typically occurred in singular instances near the middle or second half of the
series (67%), with occasional missing values at the beginning or end of baseline. As most
missing observations occurred in isolated instances, this was considered unlikely to
impact autocorrelation estimates and the temporal pattern.
Six participants (13%) reported one or two instances of failing to put on the
pedometer immediately after rising, with this delay resulting in an underestimation of
daily step counts. Reported step counts were analysed without adjusting for this oversight,
with compliance failure appearing negligible.
Approximately 47% of the residuals around the mean were best fitted by
Gaussian distributions. Positive skew was present in most series, indicating the
occasional incidence of high step count days relative to typical walking levels.

2.3.2 Inter- and Intra-Individual Variability in the Walking Series
The boxplots in Figure 2 summarise the inter- and intra-individual variability of
daily step counts for 45 participants during baseline, with data for two high-level walkers
excluded. Participants 2 and 11 had particularly high median step counts, with relatively
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large disparity from the rest of the sample. Excluding these series (5% of 47) reduced the
range between the medians of the highest and lowest walkers by close to 12,000 SPD, a
decrease of approximately 53%. This 5% trimmed range appeared to be a more
representative illustration of individual differences in median walking levels.

DAILY STEP COUNTS

PARTICIPANT NUMBER

Figure 2. Boxplots illustrating the distribution of intra- and inter-individual variability of daily step counts for each participant (n = 45)
during baseline, sorted by ascending median values. The solid horizontal line indicates the 10,000 steps criterion (Hatano, 1993;
Tudor-Locke & Bassett, 2004; Yamanouchi et al., 1995), and the two dotted horizontal lines represent the range of walking typical
for older adults (6,000 to 8,500; Tudor-Locke & Myers, 2001b).
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The box length represents the interquartile range, with 50% of the observations
falling within the box, and the median indicated by the solid centre line. The “whiskers”
extend to the conservative minimum and maximum scores of the distribution. Outliers,
observations between 1.5 and three interquartile ranges from the box edge, are
represented by a circle, while extreme outliers, greater than three times the interquartile
range from the edge, are represented by a star (Coakes & Steed, 1999; Pallant, 2007).
The majority (85%) of outlying and extreme cases occurred above the median, indicating
that days of uncharacteristic walking are likely to result in increased SPD. The range of
inter-individual variability is represented by the difference of 10,632 SPD between the
highest (12,354) and lowest (1,722) median step counts.
Figure 2 indicates considerable differences between participants in terms of the
magnitude of intra-individual variability, reflected by the whiskers. Participant 20
recorded the lowest within-participant variability with a standard deviation of 850 and a
range in step counts of 3,903 (Min = 3,149; Max = 7,052). The largest within-individual
variability occurred in Participant 14’s series, with a standard deviation of 5,491 and a
step count range of 19,782 (Min = 1,698; Max = 21,480). Consequently, a wide range of
intra-individual variability was present in the sample, with a difference of 4,640 between
the highest and lowest observed within-individual standard deviation. More than threequarters of all participants (n = 35) recorded a standard deviation of less than 3,000, with
the largest proportion of participants (n = 26; 58%) exhibiting a within-individual
standard deviation of between 2,000 and 3,000.
Forty-one participants (91%) recorded median daily step counts below the
domain reference of 10,000 SPD (Hatano, 1993; Tudor-Locke & Bassett, 2004;
Yamanouchi et al., 1995), while 28 (62%) had 75% or more of days below 10,000 SPD
(c.f., box limits in Figure 2). Seventeen participants (38%) recorded median daily step
counts below the expected range of walking for older adults of 6,000 to 8,500 (Tudor-
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Locke & Myers, 2001b). Close to one quarter of the sample (n = 11) recorded median
step counts exceeding this range, while the median step counts of the remaining 17 series
(38%) were within the expected range. However, as illustrated in Figure 2, participants
with median step counts below the target levels, with two exceptions (Participants 1 and
22), achieved step counts on at least one occasion either within, or above, the domain
references. Consequently, participants were capable of achieving higher walking levels.
One-third of the participants were consistently high-level walkers with mean
SPD of more than 8,500 (n = 15; 32%), while others were low-level walkers recording
mean SPD below 6,000 (n = 16; 34%). The remaining 16 participants (34%) achieved
average SPD within the expected range of 6,000 to 8,500 steps (Tudor-Locke & Myers,
2001b).

2.3.3 Model Identification of the Baseline Series
The time-series sequence charts and the ACF and PACF patterns for each of the
baseline series are included in Appendix F. Initial visual inspection of the sequence
charts indicated that some series appeared to be non-stationary with possible deterministic
trend, others appeared to fluctuate around a constant level with no clear trend, and
cyclicity appeared to be present in the remaining series. Sixty-two percent of the 47
individual time-series had a significant Box-Ljung statistic at one or more lags.
G*Power 3.1 (version 3; Faul et al., 2007) investigations based on N = 60 with
power of 80% indicated that a two-tailed test would detect correlations of .26 or better
with Type I error of 5% or less. A one-tailed test, indicating the detection of positive
autocorrelation only, suggesting possible stochastic drift, would identify correlation of .21
or better with a Type I error of 5% or less. With 95% power and N = 60, small
correlations could be detected with a one-tailed (.22) or two-tailed test (.26).
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2.3.3.1 Management of Non-Stationarity
Inspection of the sequence charts (Appendix F) suggested that 15 series (32%)
appeared non-stationary, with apparent increasing or decreasing trend (Participants 4, 11,
and 42), or deterministic trend resulting in the series transitioning to a new level during
baseline with early or delayed latencies (2, 3, 19, 21, 24, 26, 27, 29, 31, 35, 38, and 46).
Only one series (Participant 38) displayed the expected pattern for deterministic trend,
with large magnitude lag 1 autocorrelation in the ACF which slowly decays, and a white
noise pattern in the PACF (Glass et al., 1975; Gottman, 1981). Statistically significant
autocorrelation was not evident in Participant 27’s series, while the ACF and PACF
patterns of the remaining series contained significant autocorrelation at: lag 1 without a
subsequent slow decay (Participants 3, 21, and 31); lag 2 (Participants 26 and 35); and,
lag 7 (Participants 2, 29 and 46). Nevertheless, the sequence charts indicated the presence
of non-stationarity that required further investigation. When tested with regression
models, this resulted in either a statistically significant sigmoid type transition or
exponential decay model in 10 series (21% of the total sample; Participants 2, 3, 21, 26,
27, 29, 31, 35, 38, and 46).
For each series with significant deterministic trend, Table 3 summarises the
direction of the trend, the number of days required for the series to reach a new level, the
best-fitting regression model accounting for the most variance, and the magnitude of the
transition in terms of number of steps and Cohen’s d. As indicated in Table 3, one series
was characterised by a decay function (Participant 29), and the remaining series were
best-fitted by a range of sigmoidal type transitions (e.g., Gaussian Cumulative, Pulse
Cumulative, Logistic Dose Response, Lorentz Cumulative, and Log Normal Cumulative).
Appendix G contains the TableCurve 2D output of the regression model fitting of the
non-stationary series. In all cases the deterministic trend was adequately modelled by
nonlinear models. In addition to an apparent intra-phase change in level during baseline,
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the series of Participant 35 was characterised by several spikes, representing days during
which golf was played. A log transformation was applied to the data, reducing the skew
before fitting a Gaussian Cumulative sigmoid function.
Autocorrelation of residuals were not significant according to the Box-Ljung
tests for 7 of the 10 series. Inspection of the residual ACF and PACF for Participant 35
indicated evidence of short-lag seasonal cycles with positive autocorrelation at lag 2 and
negative autocorrelation at lag 6. The residuals of Participant 38’s series suggested
additional seasonality, with autocorrelation approaching significance at lags 7 and 14.
Inspection of the residuals of Participant 46’s series indicated negative lag 1
autocorrelation suggesting the tendency for step counts to oscillate from day to day, while
positive autocorrelation at lags 7 and 14 indicated a strong weekly cycle.
As can be seen in Table 3, the latency with which the sigmoid and decay
functions evolved differed between the ten series. The series of Participants 3, 26, 27, 29,
31 and 46 exhibited evidence of early adaptation, with the series adjusting to a new, stable
level within four weeks of monitoring. The baselines of Participants 2, 35 and 38 reached
a new level after five weeks, and in one case after seven weeks (Participant 21),
indicating a late adaptation.
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Table 3
Summary of the Series with Deterministic Trend Including the Direction, Latency, BestFitting Regression Model, and Magnitude of the Transition
PART
NO.

CHANGE

BEST-FITTING
MODEL

EFFECT
SIZE

COHEN’S

(STEPS)

d

2*

Transition ↑ Day 46

Gaussian Cumulative

4,375

1.10

3*

Transition ↑ Day 22

Gaussian Cumulative

2,312

1.08

21*

Transition ↓ Day 53

Pulse Cumulative

1,255

0.56

26*

Transition ↓ Day 11

Lorentz Cumulative

1,867

0.98

27*

Transition ↓ Day 11

Logistic Dose Response

1,783

0.99

29*

Decay to Day 11

Decay

4,000

1.72

31*

Transition ↑ Day 7

Log Normal Cumulative

2,890

1.18

35*

Transition ↓ Day 44

Gaussian Cumulative

2,859**

1.14

38

Transition ↓ Day 38

Pulse Cumulative

4,178

1.17

46*

Transition ↓ Day 8

Log Normal Cumulative

3,631

1.56

Note. * Requisite pattern for deterministic trend in ACF and PACF not observed. ** After logarithmic
transformation for skew correction.

Not only were the effects associated with the transition to a new level
statistically significant in all cases, but the magnitude of the level shift was also
substantial. With reference to Table 3, nine out of the 10 transitions to a new level
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resulted in a Cohen’s d close to 1.0 or more, ranging from 0.98 to 1.56, indicating large
effects (Cohen, 1988).
Seven participants (Participants 3, 26, 27, 29, 31, 35, and 46) were identified as
low-level walkers who were appropriate candidates for intervention with average daily
step counts during baseline of less than 8,000 SPD (Chapter Three). An increase in level
was observed during the baselines of Participants 3 and 31, representing walking
improvements equivalent to 22% and 40%, respectively, of the required increase to
achieve a target of 8,500 SPD (i.e., the upper limit of the typical walking of older adults;
Tudor-Locke & Myers, 2001b).

Example of modelling sigmoid transitional deterministic trend.
Figure 3 displays an example of a series that exhibited a sigmoid transition that
suggested an early adaptation effect. With reference to the sequence chart of Participant
31 (Panel A), the first six observations occurred at a lower level than the remainder of the
series. From Day 7 the series fluctuates around a higher level than that achieved during
the initial introduction to self-monitoring. There are occasional occurrences of low step
count days of a similar magnitude to those the start of the phase. However, the series
predominantly fluctuates around a higher level. Inspection of the ACF and PACF for
Participant 31 (Figure 3 Panel B) indicates that the requisite pattern for deterministic
trend (a slow decay in the ACF; Glass et al., 1975; Gottman, 1981) is not evident. Rather,
there is significant lag 1 autocorrelation (.293; Box-Ljung < .05) that quickly decays to
zero.
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PANEL A

PANEL B

Figure 3. Time series sequence chart of Participant 31’s baseline daily step counts (Panel
A) with an apparent early adaptation effect at the beginning of the series which stabilises
at a new level after seven days of monitoring. The horizontal line indicates daily step
counts of 10,000. ACF and PACF patterns (Panel B) indicate the presence of significant
positive autocorrelation at lag 1 (.293; Box-Ljung < .05).

Investigation of Participant 31’s series conducted with TableCurve 2D indicated
that the abrupt transition after 7 days was adequately modelled by a sigmoid function,
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specifically a Log Normal Cumulative regression model. There was a statistically
significant effect (p < .05) describing an average increase of approximately 2,890 SPD
after Day 7 (Figure 4). This function was selected as it accounted for the most variance
indicated by the degrees of freedom-adjusted R2. The series shows an initial level of
approximately 3,700 steps before a significant transition leads to the series stabilising at
approximately 6,600 steps. The step count increase indicates a large effect, with Cohen’s
d of 1.18 (Table 3).

PARTICIPANT 31
Rank 1 Eqn 8080 LogNormCum(a,b,c,d)
r^2=0.17040326 DF Adj r^2=0.10895165 FitStdErr=2445.3318 Fstat=3.765757
a=3688.5155 b=2890.6772
c=6.6563596 d=0.010012391
15000

STEP COUNT

12500
10000
7500
5000
2500
0

0

20

40

60

DAY

Figure 4. TableCurve output of Participant 31’s series indicating an apparent early
adaptation effect significantly fitted (p < .05) with a Log Normal Cumulative regression
model.

Inspection of the ACF and PACF for the residuals of the sigmoid function
applied to Participant 31’s series indicated autocorrelation of a small magnitude. Based
on the Box-Ljung portmanteau lack-of-fit test, with an alpha level of .05 (Ljung & Box,
1978), no significant autocorrelation was detected, indicating that the sigmoid function
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(Log Normal Cumulative) adequately accounted for the observed trend and serial
dependence.

2.3.3.2 Mean Level Plus Uncorrelated Residuals
Nineteen series (40%) showed no significant autocorrelation at any lag,
including the series of Participant 27, which contained a significant sigmoid transition
which was not evident in the ACF and PACF (Section 2.3.3.1). The absence of
significant serial dependence, given adequate power to detect autocorrelations larger
than .22, suggests that the temporal pattern in these series indicates a stationary model,
characterised by a mean level plus uncorrelated residuals (e.g., Huitema, 1986). However,
a notable exception is when deterministic trend in the form of an adaptation to monitoring
appears present in the sequence plot and is confirmed by regression analysis, but is
unaccompanied by the requisite ACF patterns. An example of this occurred with the
series of Participant 27 (see Section 2.3.3.1).
When no significant autocorrelation is present, the model can be simplified to a
mean level with the residuals representing deviations around the mean (Huitema, 1986;
Matyas & Greenwood, 1997). The series of Participant 7 over the 61 days of baseline
(Figure 5 Panel A) is an illustrative example which does not appear to exhibit early
adaptation, trend, or cyclicity. Over approximately eight weeks, variability fluctuates
without a clear pattern with observations apparently independent of previous data points.
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PANEL A

PANEL B

Figure 5. Time-series sequence chart of baseline daily step counts for Participant 7
characterised by a constant mean level plus uncorrelated residuals (Panel A). The
horizontal line indicates daily step counts of 10,000. ACF and PACF patterns (Panel B)
indicate no significant autocorrelation at any lag, confirming a mean level plus serially
independent residuals.
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Inspection of the ACF and PACF for Participant 7’s series (Figure 5 Panel B)
indicated that autocorrelation over the 14 lags was of a small magnitude and was
predominantly negative, with the largest autocorrelation (-.15) observed at lag 2. No
significant levels of autocorrelation were detected using the Box-Ljung portmanteau lackof-fit test, with an alpha level of .05 (Ljung & Box, 1978), indicating that this series was
adequately represented by a mean level plus uncorrelated residuals.

2.3.3.3 Weekly Seasonality
The presence of weekly seasonality, indicated by significant autocorrelation in
the ACF and PACF at lag 7, was formally tested using the Box-Ljung portmanteau lackof-fit test, with an alpha level of .05 (Ljung & Box, 1978). As summarised in Table 4, ten
baseline series (21%) exhibited weekly cyclicity (including the series of Participants 38
and 46 which displayed significant residual autocorrelation at lag 7 following
management of deterministic trend), while an additional six series (13%) were described
by weekly cycles plus an additional intra-weekly cycle at lags 3, 4, or 8.
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Table 4
Summary of Series with Weekly and Intra-Weekly Seasonality
Participant

Lag 7

Significant Autocorrelation at lags

No.

Autocorrelation

other than 7
Lag No.

ACF

5

.248 *

-

-

6

.231 *

-

-

8

.253 *

8

.331

9

.425 **

4

.261

10

.410 **

3

.337 *

11

.370 **

3

-.307 *

13

.382 **

3

-.305

14

.387 **

-

-

25

.276 *

-

-

28

.427 **

-

-

.417 **

-

-

.235

-

-

41

.326 **

4

.279

44

.485 *

-

-

45

.510 **

-

-

46 !

.314 *

-

-

36
38

!

!

Note. * Box-Ljung < .05; ** Box-Ljung < .01. Weekly seasonality present in
residuals after modelling deterministic trend.

Example of weekly seasonality.
The sequence chart of Participant 45’s baseline step counts and the ACF and
PACF patterns of the walking series are provided in Figure 6, illustrating what was
typically observed when weekly seasonality was present. Figure 6 Panel A contains the
sequence chart of Participant 45’s daily step counts, with apparent weekly seasonality
during the nine weeks of baseline. Seven-day sections are marked on the chart with
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vertical dashed lines, indicating the cycle repeats. In most instances, the start of the week
(the point immediately following the dashed line) is characterised by a low step count day
before the series alternates between high and low step count days. On the seventh day,
the series remains at a level higher than the start of the week. Observations seven days
apart occur in the same direction, reflected as either high or low step counts. For
example, at Day 1 which was a Saturday, step counts were approximately 2,000. Seven
days later, the step counts were approximately 1,900. This cycle appears to repeat over
the nine weeks of baseline.
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PANEL A

PANEL B

Figure 6. Time-series sequence chart of baseline daily step counts for Participant 45
(Panel A) characterised by a seven day cycle, indicating weekly cyclicity. Vertical
dashed lines represent seven day intervals coinciding with cycle repetition and the
occurrence of high step count days. The horizontal line indicates daily step counts of
10,000. ACF and PACF patterns (Panel B) indicate the presence of a seven-day cycle in
the daily step count series (lag 7 autocorrelation = .510; Box-Ljung < .01).

Figure 6 Panel B provides the ACF and PACF patterns for the baseline daily step
counts of Participant 45 with significant positive autocorrelation of a large magnitude at
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lag 7 (.510; Box-Ljung < .05). Prior to lag 7, autocorrelation was negative and of a small
magnitude. The observed pattern indicated that every seventh day, step count
observations were positively related. The significant autocorrelation at lag 14 in the ACF
reflects the same phenomenon as lag 7 autocorrelation; cyclicity occurring at fortnightly
intervals.

Removing weekly seasonality.
In the absence of long-term trend (non-stationarity), weekly seasonality can be
addressed by obtaining the average deviation for a given day of the week (e.g., Monday)
from the corresponding weekly average in the additive case, or in the multiplicative case,
dividing the daily observations by the weekly average (Chatfield, 1996). For the current
analyses, it was assumed that weekly cycles were additive, i.e., there was a weekly mean
level, plus a day of the week deviation from that (the weekly pattern), plus an
unpredictable residual component.
The average deviations from the weekly mean steps for each day of the week,
Monday through Sunday, were calculated for each of the relevant series. This estimated a
nonparametric model of the weekly pattern. The model deviations for each day of the
week were subtracted from the observed step count data for the corresponding day to
obtain daily step counts adjusted for the weekly pattern, while preserving the weekly
activity mean and the unpredictable daily variation around that mean. The ACF and
PACF patterns of the adjusted step counts were inspected for remaining serial dependence.
In 10 of the 16 series with identified weekly cycles, no significant autocorrelation
remained, indicating that the weekly cycle accounted for all serial dependence.
Significant autocorrelation remained at varying single lags (e.g., lags 3, 4, or 8) in six
series, indicating the presence of another short-term cycle.
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The process for addressing seasonality is illustrated in Figure 7, which contains
the raw baseline daily step counts for Participant 45, indicated by a dotted and dashed line
(M = 5,514; SD = 2,609). The day-of-the-week residuals for Participant 45, following
removal of weekly seasonality, are represented by a dotted line, indicating the deviation
of observed SPD from the average steps calculated for the corresponding day of the week.
The average weekly step count based on the raw daily baseline series was added to the
day-of-the-week residuals, producing a deseasoned step count series (solid line in Figure
7; M = 5,514; SD = 2,000). The deseasoned series preserved the form and temporal
pattern of the day-of-the-week residuals, but has been elevated to the level of the original
series. The mean daily step count of the deseasoned series is the same as the raw baseline
series, but the standard deviation has been reduced.
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Figure 7. Participant 45 sequence chart of baseline daily step counts (dotted and dashed
line), the day-of-the-week residuals (dotted line), and, the baseline daily step counts with
the weekly cycle removed (solid line).

2.3.3.4 Intra-Weekly Cycles
In addition to the six series exhibiting a combination of weekly and intra-weekly
seasonality (Section 2.3.2.3), large magnitude autocorrelations at unusual single lags,
suggesting intra-weekly cycles, were evident in five series (11%). These included
Participant 35’s series, following inspection of the residuals after modelling deterministic
trend. As summarised in Table 5, three of these series were characterised by negative
autocorrelation (Participants 12, 16, and 32) while the remaining series exhibited positive
autocorrelation (Participants 35 and 43: lag 3). Significant isolated autocorrelations at
unusual lags (i.e., 2, 3, 5, or 6) suggest cycles occurring at unexpected periods, such as
every three or five days, just as lag 7 autocorrelations suggested weekly cycles.
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Table 5
Summary of Series with Present Intra-Weekly Cyclicity
Participant
Lag No.

ACF

No.
12

5

-.247

16

2

-.415 **

35 !

2

.228

32

6

-.277

43

3

.283

Note. * Box-Ljung < .05; ** Box-Ljung <.01. ! Intra-weekly
cycle present in residuals after modelling deterministic trend.

As indicated in Table 5, intra-weekly cyclicity was of a small magnitude with
autocorrelation less than +/- .30 in four of the five series, suggesting only a minor impact
on the series variance. Only one case had an autocorrelation value above +/- .30 (.415;
Participant 16) with a significant Box-Ljung test controlling for the cumulative
autocorrelation up to that lag. Thus, the possibility of false alarms due to the multiplicity
of autocorrelation tests could not be discounted in four of the five series.

Managing intra-weekly seasonality.
Similar to the modelling of weekly seasonality, nonparametric models can be
developed to account for intra-weekly cycles. However, this process was not pursued
given that the suggestions of additional components were tenuous, with only four cases of
intra-weekly cyclicity occurring in isolation, with no evidence of other alternative
processes, three of which did not have statistically significant autocorrelation according to
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the Box-Ljung test. Additionally, autocorrelation was of low magnitude and therefore
unlikely to have a large impact on series variance.

2.3.3.5 Distribution of Residuals Following Model Fitting
After fitting the identified models to 43 of the series, excluding those with only
intra-weekly cycles, the distributions of the residuals were examined. Shapiro-Wilk tests
of normality indicated that the residuals demonstrated a significant departure from
normality in 19 (44%) of the series. Inspection of the P-P plots supported the conclusion
that the normal distribution was not an appropriate model for the residuals in these 17
cases. The majority of these series (17 of the 19) showed positive skew reflecting the
occurrence of a small number of unusually active days.

2.3.4 Summary of Identified Models
Table 6 summarises the frequency with which various types of models were
identified as accounting for the serial dependence in each series. A large proportion of
participants (n = 19; 40%) recorded baseline step count without serial dependence,
characterised by a mean level with serially unpredictable fluctuations around the longterm level. Thirty-eight percent of the series (n = 18) were characterised by seasonality in
the form of weekly or intra-weekly cycles. Close to one-fifth (n = 10) of the sample
exhibited deterministic trend in the form of sigmoid or decay functions, with three of
these series displaying residual seasonality.
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Table 6
Proportion of Individual Series Attributed to the Observed Models
Form of serial dependence

N

Percentage (%)

Not significant (Mean + random residuals)

19

40.4

Seasonality (Weekly and/or intra-weekly)

18

38.3

Deterministic trend

7

14.9

Deterministic trend and seasonality

3

6.4
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2.4 Discussion
2.4.1 Intra- and Inter-Individual Variability of Baseline Step Counts
Variability in the walking series emerged as a significant issue given that intraindividual variation and individual differences were both of a large magnitude, preventing
the identification of a typical level or range of step counts for the sampled older adults.
Inter-individual variability had a range of approximately 10,600 steps between the highest
(12,354) and lowest (1,722) median step counts. This indicated the potential to change
walking to healthy levels within the current sample based on the performance of the more
active participants. The large individual differences also support the need for individual
assessment and selection of remediation targets.
The need for an idiographic approach was also supported by the observation of
strong differences in intra-individual variability. Intra-individual variability, indicated by
within-individual standard deviations, ranged from 850 to 5,491, with standard deviations
of: less than 2,000 in 19% of the cases; between 2,000 and 3,000 in 55% of the sample;
and, exceeding 3,000 in approximately 26% of the series. Attempts to minimise the
possible contribution of measurement error to intra-day variation was considered when
selecting the piezoelectric pedometer (NL-1000) to be worn by participants. Within the
literature, there is evidence that when pedometers with a spring-levered mechanism are
worn, they tend to underestimate step counts at slow speeds (Bassett et al., 1996; Cyarto,
Myers, & Tudor-Locke, 2004), which could characterise the walking of some older adults,
and when worn by overweight individuals (Crouter, Schneider, & Bassett, 2005).
However, use of the NL-1000 has received empirical support for use across all BMI
groups (Clemes et al., 2010), attributable to the piezoelectric mechanism offering better
sensitivity for use with a population that walks at slower speeds, such as older adults
(Crouter et al., 2003; Le Masurier & Tudor-Locke, 2003; Melanson et al., 2004;
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Schneider et al., 2003), or when worn by overweight or obese individuals with resistance
to tilt (Clemes et al., 2010; Crouter et al., 2003; Crouter et al., 2005). It was considered
likely that the NL-1000 would minimise the inter-day variability associated with
instrument performance. Additionally, during the initial session, the correct placement of
the pedometer was discussed with participants to minimise possible measurement error.
The degree of intra-series variability has implications for two significant issues: the
likelihood of achieving targets for change; and the precision for estimating intervention
effects.
The required step count increase to achieve an intervention target is explored
further in Chapter Three, however consideration of the observed intra- and interindividual variability (e.g., Figure 2) provides an illuminating frame of reference on the
required impact of intervention in terms of personal life patterns. Figure 2 shows that
20% of the 45 cases would need to shift median activity to levels that are outliers in their
natural walking series if a target of 10,000 SPD were set. Sixty-two percent would need
to shift median walking rates to levels above their natural 75th percentile. Even in terms
of an 8,500 SPD target 11% of the sample would need to walk at their outlier levels.
Forty percent showed three-quarters or more of their days to be below 8,500 SPD (Figure
2). Thus, when considered relative to the intrapersonal natural range of variation, the
targets discussed in the literature represent large changes for a substantial number of
individuals.
Strong individual differences in intra-series variation also indicate a need to
employ individual error terms for estimation of intervention effects, in support of
idiographic methods. For example, when considering the baseline series of Participant 2,
mean step counts of 2,057 were recorded with a standard deviation of 1,165. To achieve
average step counts of 8,500 SPD, an increase of approximately 6,400 steps would be
required. If this participant successfully increased average step counts by 2,000, this
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would indicate a large effect (Cohen’s d of 1.72) despite failing to achieve the target.
However, if Participant 35 achieved an increase in average step counts of 2,000, relative
to this individual’s baseline mean level of 7,396 and standard deviation of 3,611, this
would represent a moderate effect of 0.55 in terms of Cohen’s d. Consequently,
consideration of intra-individual variability is informative for the detection of intervention
effects and understanding the implications and success relative to each individual. This
discrimination cannot be made when looking at the existing statistical analyses employed
in group-based studies, particularly the choice of standard deviation for determining
intervention effectiveness.
Despite considerable attention aimed at model identification in the literature (e.g.,
Borckardt et al., 2008; Crosbie, 1993, 1995; Glass et al., 1975; Matyas & Greenwood,
1997), there is a lack of theoretical discussion about the large differences in variability
shown by individuals. Perhaps the debate regarding model identification has distracted
from the fact that some individuals have large variability, while others have small
variability. The power to detect an effect of a particular size will differ for a participant
with small individual differences compared to one with large differences. This insight is
precluded in a group study with reliance on the standard deviation of change scores
representing the extent to which participants’ changes are, on average, different from the
mean change. Ignoring individual differences in intra-series variability is additional to
the problem of relying on group-based averages for estimating the intervention effect.
The identification of intra-individual variability requires a series of observations,
which raises the possibility that temporal patterns in the data will impact on the
magnitude of intra-individual variability. Consequently, model fitting is necessary to
describe the temporal structure of the time-series and to determine how much they
contribute to the large differences observed in intra-individual variability. For example,
the results of the current study indicated that the serially independent time-series,
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modelled by a mean level with random residuals, tended to have the lowest intraindividual variability, whilst series with seasonality in the form of weekly or intra-weekly
cycles were characterised by large variability. Close to 60% of the baseline series have
identifiable sources of variability to some degree, suggesting the potential to reduce the
observed variability through modelling, contributing to increased precision when
estimating intervention effectiveness.

2.4.2 Model Identification
2.4.2.1 Observed Temporal Forms of Walking Series
As suggested by Matyas and Greenwood (1997, 1999), conducting empirical
studies to collect lengthy baseline series from homogeneous sources can provide an
archive for future reference. However, it was not possible to identify a single model that
could account for serial dependencies in all the walking series. A number of different
patterns of autocorrelation were present, supporting the hypothesis that a variety of
models would be required to adequately account for serial dependence.
The baseline series demonstrated three patterns: a stationary level; a stationary
level plus short-term seasonal cycles, most often a weekly cycle; or a non-stationary level
with an abrupt transition to another, apparently stationary, level within the baseline phase.
Weekly cycles were idiosyncratic, with different patterns of high or low step counts
observed across the week for different participants. For example, some individuals
walked more on weekends, whilst others tended to walk more on particular weekdays,
perhaps associated with regular commitments, such as volunteer work, or other activities.
Based on these findings, the need for stochastic models to represent irregular cycles is
likely to be rare when considering the walking patterns of independently living older
adults. This is contrary to the results of model identification studies with other
behaviours. As outlined in Chapter One, daily stress ratings (Matyas & Greenwood,
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1999), temporal mood patterns (Heiby et al., 2003), and alcohol consumption (Mann et al.,
2006) show different findings. Consequently, the proposed solutions for ARMA
modelling in the literature attempting to “bypass” model identification and seeking to
control lag 1 autocorrelation (e.g., Borckardt et al., 2008; Crosbie, 1993, 1995), would not
be typically required in this field. Moreover, these solutions do not adequately address
the frequently observed patterns in the ACF and PACF: the seasonal cycles and nonlinear
deterministic trends.
The findings do not support assertions made in the literature that model
identification can be bypassed by fitting assumed models such as a linear model plus an
AR(1) component to account for all serial dependence (Borckardt et al., 2008; Crosbie,
1993, 1995; Harrop & Velicer, 1985). For example, if an AR(1) was applied to a series
best described by a mean with random residuals, this would will result in overfitting,
theoretically removing residual variance that should be retained, leading to increased
Type I error (Glass et al., 1975; Greenwood & Matyas, 1990). Applying the wrong model
to a time-series can systematically bias forecasts, with statistical methods such as
regression and brief-series ITSA exceeding the nominal false alarm rate (e.g., Greenwood
& Matyas, 1990; Matyas & Greenwood, 1991).
Twenty-one percent of the series showed significant deterministic trend, with
nine out of 10 series best fitted by sigmoid type functions with the other adequately
described by an exponential decay model. The observed trends required different periods
to stabilise (i.e., one to seven weeks), and trends could be in either a positive or negative
direction. Importantly, none of the observed trends were adequately fitted by a linear
model, another problem with application of approaches such as ITSACORR (Crosbie,
1993, 1995) or SMA (Borckardt et al., 2008). Erroneously fitting a linear trend to
nonlinear data can produce errors in estimating the level of the series at phase transition
and the difference in trends across phases. Violations of the assumption of nonlinearity
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are well known in regression analysis, yet the focus of these single case approaches has
been exclusively linear when dealing with deterministic trend. When considering the
field of walking in older adults, baselines of sufficient duration are required to detect the
presence of non-stationarity and its’ form. Nonlinear models appear to be necessary, both
according to the observations reported here and theoretical considerations about the
bounded nature of daily human walking.

2.4.2.2 Implications of Deterministic Trend in the Baseline Series
The main threat to the valid detection of intervention effects is non-stationarity,
which was evident in 21% of the series predominantly in the form sigmoid functions with
short, medium and long-term latency to stability. Importantly, in all but one case, the
ACF did not show the requisite pattern alerting the presence of non-stationarity. While
the ACF indicated isolated short lag cycles up to one week, and occasional significant lag
1 autocorrelation, sustained autocorrelation was not evident in 90% of these series.
Nevertheless, statistically significant deterministic trend was found in more than 5% of
series, initiated by visual inspection of the time-series charts. Moreover, the effect sizes,
reflected by the difference between the initial and post-transition level, were not trivial.
Nine out of ten cases showed Cohen’s d values ranging from 0.98 to 1.72, with most close
to 1, indicating a large effect (Cohen, 1988). Consequently, there were substantial effects
resulting from the transitional trends that would be missed if relying on the textbook
advice of an ACF that remains elevated, dying out very slowly (Glass et al., 1975;
Gottman, 1981). Additionally, as a common sigmoid type transitional model could be
applied to nine out of the ten cases, this phenomenon is unlikely to be merely coincidental.
Even the one instance of exponential decay could be viewed as a transitional phenomenon
where the initial level was held only very briefly, with the process entering the
transitional phase almost immediately. The observed models, which represent a shift
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from one performance level to another, appear consistent with the literature. The selfmonitoring literature has described possible transient reactivity effects (e.g., Baird &
Nelson-Gray, 1999; Haynes & Wilson, 1979; Korotitsch & Nelson-Gray, 1999),
suggesting the appropriateness of a bi-stable transitional model.
The present findings indicate a need for caution about sole reliance on the ACF
and PACF for declaring a series stationary. The textbook advice regarding deterministic
trend concentrates on longer-term persistent trend, with positive autocorrelation
continuing at longer lags (e.g., Glass et al., 1975; Gottman, 1981), with little attention
directed at deterministic trends with rapid transitions, similar to that observed in the
current study. The disagreement between ACF and regression analyses suggests that the
methods may have different sensitivity, at least for some functions and some degrees of
uncorrelated residual variation. This type of function needs more consideration in the
behavioural literature, where early adaptations to self monitoring are likely to be more
typical than the longer-term trends discussed by the ITSA textbooks (e.g., Glass et al.,
1975; Gottman, 1981).
The failure to observe the requisite autocorrelation pattern can be theoretically
anticipated for series with early phase, rapid transitions and series with very late phase
rapid transition. In these patterns the vast majority of the series would be at one level
(apart from random residuals), with few lagged pairs indicating an autocorrelation.
Residual variation would act to further obscure the autocorrelation. However, the ACF
pattern was also not evident in three out of the four series that transitioned later in the
series (i.e., after 38 days). It is possible that the ACF did not pick up the pattern as it was
embedded in sufficient residual variation to destroy the short lag autocorrelations, with
the standard deviations of these series (Participants 2, 21, and 35) ranging from 2,285 to
4,369. However, visual inspection of the sequence charts suggested the form more
readily, and nonlinear regression analysis confirmed the suggestion. In these
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circumstances, the chart inspection and regression model fitting appeared more sensitive
to the underlying trend. The present findings support the need for further investigation of
the sensitivity of different methods for detecting the presence of deterministic functions
embedded in noise, possibly via theoretical or simulation studies.
A priori, it is not possible to anticipate the direction of change likely to
accompany transitional deterministic trend. Baseline investigations indicated that seven
series transitioned to a lower level, while three transitioned upwards. Thus, failing to
identify the presence of sigmoid type transitions could either falsely diminish or falsely
enhance a positive intervention effect. In the absence of accompanying qualitative data, it
was not possible to determine the underlying reasons for the transitions. For example,
downward transitions could potentially represent an initial elevated level of walking
associated with increased motivation to walk before returning to their long-term level.
Upward transitions could indicate increased motivation to boost walking after observing
typical step counts and noting the need for improvement.
The latencies accompanying the series with downward transitional trend ranged
from 8 to 50 days, while the upward transitions occurred at 7, 22 and 46 days. There was
an apparent wide distribution of latency durations, with some series requiring a week, but
most needed much longer to transition. This has implications for the adequate baseline
phase duration required when examining walking in older adults. The majority of the
change latencies exceeded three weeks, with 40% of the cases requiring more than one
month of observations.

2.4.2.3 Unresolved Issues Pertaining to Intra-Weekly Seasonality
Intra-weekly cycles did not exhibit a consistent structure in the ACF and PACF.
The presence of isolated significant autocorrelation at lags other than the first and seventh
suggested additional exogenous or endogenous factors contributing to walking requiring
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further investigation. The development of nonparametric models to account for intraweekly cycles was not pursued as intra-weekly cycles, in the absence of accompanying
weekly cyclicity, occurred in a minor number of series (n = 4) with autocorrelation in
three of the four being less than .3). The presence of small value autocorrelation is
unlikely to have a major impact on the series variance or substantially reduce power.
Importantly, a short duration cycle, for example 2 or 3 days, will repeat several times
within a phase and is unlikely to introduce a false impression of a difference between
phases manifesting as trend or level change, although it could make a contribution to the
variance of the series.
Intra-weekly seasonality can potentially be attributed to sampling error as a
result of numerous autocorrelations being tested (Glass et al., 1975). Unlike weekly
seasonality, where a large number of series (n = 16; 34%) showed an effect at lag 7 to
confirm the phenomenon, intra-weekly seasonality was characterised by autocorrelation
at varying lags, most frequently observed at lags 2 (27%) and 3 (27%). It was anticipated
that exogenous variables such as the weather could be responsible for intra-weekly
seasonality in accordance with the literature describing relationships between daily step
counts and meteorological factors (e.g., Aoyagi & Shephard, 2009; Togo et al., 2008;
Togo, Watanabe, Park, Shephard, & Aoyagi, 2005). The association between temperature,
rainfall, and wind speed during the baseline phase and daily step counts for each series
with intra-weekly seasonality was investigated (see Appendix H). However, no
significant relationship between any of the three meteorological features and daily step
counts (see Appendix H) could be identified, thus this aspect was not pursued. Future
investigations could consider endogenous factors such as personal calendar issues to
investigate intra-weekly seasonality.
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2.4.2.4 Impact of Failing to Model Seasonality
Ignoring weekly and intra-weekly seasonality is likely to increase the standard
deviation of the residuals rather than creating an impression of systematic interventionlike trend given that they are short term cycles. Increased variability reduces the power of
statistical tests and widens the confidence intervals for the intervention effect, which
results in imprecise effect estimation. Reduced precision for estimation of intervention
effects could have a significant impact on the ability to evaluate outcome by impairing
analysts’ ability to identify if the intervention produced a weak or a strong change relative
to the set goal.
The current study’s analyses assumed the weekly cycles were additive, i.e., there
was a weekly pattern plus a random additional component (y = a + b7 + yt-7 + e), with
each component adding variability around a constant “a” (Chatfield, 1996). In an
unpublished study, Matyas (2010, personal communication) investigated the impact of
failing to remove cyclicity by conducting a simulation that added 7-day cycles to a
Gaussian random series (M = 0; SD = 1). The theoretical expectation was that
autocorrelation would add a term of variation to the random series, enhancing the
standard deviation of the distribution of the sample means (T.A. Matyas, personal
communication, February 3, 2010). Failing to remove seasonal cycles increased the
variability in the data, but the distribution of means was not biased in a positive or
negative direction. The standard deviation of the distribution of means increased
nonlinearly as the autocorrelation at lag 7 increased, regardless of whether the sample of
observations was 60, or only 14 days. The proportion of sample means falling in the tails
of the distribution did not depart significantly from those expected according to normal
distribution theory. Provided that the larger standard deviation is considered and given
the assumption that the model of change is a level effect only (see Chapter Three), failing
to remove the seasonal cycle would reduce power, but would not lead to increased false
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alarm rates, even with baseline samples as small as two weeks (T.A. Matyas, personal
communication, February 3, 2010).
The reduced sensitivity may be inconsequential if the objective is to produce
changes of a much larger magnitude than the additional impact short term cycles have on
the standard error of the phase mean. A pertinent issue is the magnitude of change to be
detected compared to the shorter term sources of variation and the precision of effect
estimation. This issue is investigated in Chapter Three, and revisited in Chapter Four,
which explores the impact of relying on brief baselines.

2.4.2.5 Impact of Failing to Identify Adaptation and Deterministic Trends
Reactivity to self-monitoring is problematic when attempting to obtain valid
baseline data as the measurement method itself alters behaviour frequency (Barton,
Blanchard, & Veazey, 1999). In the current study, reactivity was observed in the form of
an adaptation occurring with a broad range of latencies from one to seven weeks. These
systematic changes in level manifested as either increases or decreases, possibly
indicating either enthusiasm, or positive feedback increasing daily steps. A priori it is not
possible to predict the effect direction associated with adaptation to self-monitoring.
While reactive effects in the therapeutic direction provide some benefit towards behaviour
change (Baird & Nelson-Gray, 1999; Haynes & Wilson, 1979; Korotitsch & Nelson-Gray,
1999), an adaptation can interfere with identifying effect sizes as it is difficult to
determine how much of the observed change is attributable to the intervention and/or the
impact of self-monitoring (Baird & Nelson-Gray, 1999).
While the presence of autocorrelation in SCDs is frequently considered (e.g.,
Borckardt et al., 2008; Busk & Marascuilo, 1988; Matyas & Greenwood, 1996, 1997;
Suen, 1987) the existence of nonlinear forms of trend has received less attention despite
the threat that non-stationarity poses to valid ITSA. Deterministic trends, characterising
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non-stochastic drift, pose the biggest threat due to the systematic direction that could be
mistaken for an intervention effect (Hayes, 1993). Application of the wrong trend model
can introduce significant error of forecasting. Certainly application of a linear model,
with its expectation of continued change, would lead to highly inappropriate forecasts for
the subsequent phase when the baseline has in fact stabilised at a new level. The sigmoid
adaptation to monitoring observed in the current sample reflects this significant risk and is
not supportive of the dominance of the linear model for trend that can be noted in the
literature on analysis of SCDs (e.g., Hersen & Barlow, 1976; Kazdin, 1982; White &
Haring, 1980). The present results strengthen the argument that in-depth studies, based
on adequate phases of relevant target responses obtained from representative samples of
target populations, are necessary to investigate the statistical properties of baselines.

2.4.2.6 Implications of Reliance on Brief Baselines
The current investigations had sufficient power to detect autocorrelation of a
magnitude likely to detrimentally impact the subsequent examination of intervention
effectiveness. Although the power calculations were most pertinent to lag 1
autocorrelation, investigation of this lag is the most commonly reported in the literature,
potentially representing the simplest focus of enquiry (Matyas & Greenwood, 1997).
Additionally, this is the most pertinent lag for detecting stochastic processes, which is
characterised by significant early lag autocorrelation. The current study’s sample, with an
average of N = 60, demonstrated good power for detecting a minimum autocorrelation
of .25. Importantly, the current study employed lengthy baselines that were less likely
misestimate autocorrelation given the tendency for small samples sizes to bias
autocorrelation estimates (Huitema & McKean, 1991).
The results of the current study are sympathetic to Huitema’s (1985, 1986)
conclusion regarding no significant autocorrelation in behavioural time-series (Chapter
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One, Section 1.3) as a large proportion (40%) were adequately represented by a stationary
mean level with serially independent residuals. An implication of a large minority of the
series being represented by a stationary mean plus residual is that mean levels can be
relied on for between-phase comparisons with no significant serial dependence to
confound the detection of intervention effects. However, assuming this temporal pattern
a priori in the absence of sufficient baseline observations could have detrimental
consequences. For example, applying a mean plus uncorrelated residuals when a series
will actually transition to a higher or lower level relative to initial step counts, will
misestimate the true stable level during baseline and the variance estimate will be larger
resulting from failure to model the mean. Consequently, ignoring existing deterministic
trend can bias the effect size estimate, although the direction of bias depends on the
individual case. The observed insensitivity of the ACF to the sigmoid trends discovered
by regression analyses in the present sample adds an additional note of caution about
assuming an absence of serial dependence.
The presence of non-stationary series of sigmoid transitional form or exponential
decay, and regular cycles like weekly and intra-weekly patterns present challenges for
strategies that seek to avoid lengthy baselines. A baseline of seven consecutive days of
pedometer-based monitoring is frequently reported and advocated in physical activity
investigations involving older adults (e.g., Croteau, Richeson, Vines, & Jones, 2004;
Jordan et al., 2005). However, the current findings suggest that baselines of these
durations would be insufficient for detecting sigmoid type transitional trend, characterised
by an intra-phase shift in level to a higher or lower level at varied latencies, and weekly
seasonality.
Relying on a brief baseline requires either the assumption of a model informed
by theory or previous evidence (e.g., Duncan & Duncan, 2004; Matyas & Greenwood,
1996; Raudenbush, 2001), or an attempt to identify the appropriate model with limited
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observations. Correct model identification from a brief baseline is clearly unfeasible if
the dynamic process takes longer to evolve than can possibly be observed in short series.
For example, four or five repetitions of the cycle are recommended to identify weekly
seasonality (Box & Jenkins, 1970; Glass et al., 1975) which was observed in 34% of the
current sample. Consequently, this suggests a required minimum of 28 daily observations,
with brief samples precluding the emergence of the cyclic temporal pattern. Similarly, for
the sigmoid transitional or exponential decay deterministic trend to emerge, as observed
in 21% of the sampled baselines, the required observations ranged from seven to
approximately 53 days before the series stabilised at a new level. Monitoring step counts
for only one week, (e.g., Croteau et al., 2004; Moreau et al., 2001), would be unlikely to
reveal the temporal patterns and systematic changes associated with self monitoring alone,
leading to inadequate control.

2.4.3 Temporal Features of Baseline Series Eligible for Intervention
For those participants who do not require an intervention to increase walking, the
problems of managing high serially independent variation in daily walking that is
exacerbated by seasonality and deterministic trend disappear given that the issues
pertaining to the detection of intervention effects are not applicable. Twenty-nine of the
sampled participants (62%) recorded average daily step counts of less than 8,000 SPD,
indicating intervention eligibility (Chapter Three). Of these participants: a large
proportion of series (45%) were represented by a mean level plus random residuals with
intra-series standard deviations for these 13 participants ranging from 850 to 2,869, with
larger values potentially contributing to imprecise estimation; 24% of the series exhibited
deterministic trend; 28% were characterised by weekly seasonality, either in isolation or
in conjunction with intra-weekly seasonality; and, short-lag seasonality was apparent in
3% of the series. Considering the series characterised by a mean level plus uncorrelated

TIME-SERIES ANALYSIS OF AMBULATION

101

residuals, the wide range of individual differences in terms of the standard deviations
support the case for idiographic methods given that one estimate of error would not
represent all participants adequately. In over half of the sample eligible for intervention,
identifiable temporal patterns and known sources of variability were observed, requiring
management before attempting detection of intervention effects. Only two of the series
represented by sigmoid type functions transitioned to a higher level during baseline.
While this naturally occurring step count increase did not alter each participant’s
eligibility to partake in the intervention, failure to identify and model the increase in SPD
characterised by large effects in terms of Cohen’s d (1.08 and 1.18) would complicate the
detection of intervention effectiveness.
The magnitude of the downward transitions to a new level ranged from 0.56
(Participant 21) to 1.72 (Participant 29) in terms of Cohen’s d. With reference only to the
exponential decay regression model of Participant 29 (see Appendix G), early
observations would suggest this was a high-level walker who did not require an
intervention. However, this series quickly transitioned to a mean level of approximately
5,000 SPD; below the threshold average of 8,000 SPD for intervention eligibility. A
similar pattern was evident in the series of Participants 38 and 46. While initially these
participants could be described as high-level walkers, the final level of the series
indicated they were candidates for intervention. With reference to only a brief sample,
for example one week, an opportunity to target individuals who would benefit from an
intervention would be missed, given that the transitions of these three series emerged after
8 days, and in one case, after 38 days (Participant 38).
In conclusion, therefore, the problems of strong individual differences in intraseries variability, occurrence of high intra-series variability, weekly seasonal cycles and
nonlinear adaptations during baseline remained pertinent for individuals who could be
identified as candidates for intervention. Therefore the problems of estimation precision,
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control of weekly seasonality and control of nonlinear trends during baseline were
relevant issues for the intervention study reported in the next chapter.
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3 CHAPTER THREE – STUDY TWO: THE TEMPORAL
STRUCTURE OF THE INTERVENTION SERIES AND
DETERMINATION OF EFFECTIVENESS

3.1 Aims
Study Two aimed to administer a four-week pedometer-based intervention to the
participants who were identified as low-level walkers during the baseline phase (Study
One; Chapter Two). By relying on the best practice physical activity interventions in the
literature (e.g., Conn, Minor, Burks, Rantz, & Pomeroy, 2003; Conn, Valentine, &
Cooper, 2002; Noland, 1989; Oldridge & Jones, 1983; Resnick, 2002), the primary aim
was to stimulate change in the walking series to enable the investigation of a
methodology for analysing individual intervention effects and to gain insight into how
change is manifested, rather than designing a superior intervention in terms of
effectiveness. Interventions were tailored to the individual, combining information
obtained during a pre-intervention, event-based diary task (Section 3.2.2.2) and
empirically-supported behaviour change techniques.

3.1.1 Aim One: Investigation of the Temporal Form of the Intervention Response
Despite the reported limitations of pedometer-based interventions with older
adults, such as small sample sizes, short intervention phases, and inconsistent findings
(e.g., Bravata et al., 2007; Croteau, Richeson, Farmer, & Jones, 2007), studies indicate the
potential for increasing step counts (e.g., Bravata et al., 2007). However, the form of
improvement following intervention is unclear. Understanding the form of an
intervention effect is a useful aid in the analysis of ITS designs, with knowledge of the
process of change, particularly the latency and rate of change following treatment onset
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(Glass et al., 1975; Gottman, 1981), supporting decision-making and the timely
determination of effectiveness. Little is known about how long change in a walking
series takes to manifest itself or the rate of change from baseline following intervention,
which has implications for effect estimation.
Anticipating the form of an intervention enables the correct application of
analytic models (Glass et al., 1975). For example, applying an analytic model based on
the assumption of an immediate level shift when change is delayed, could lead to
underestimation of the effect. A number of anticipated patterns could operate following
intervention onset (Kendall & Ord, 1990; McDowall, McCleary, Meidinger, & Hay,
1988), such as an abrupt change in the level of step counts, or gradual linear or non-linear
change to a new level. Change could be accompanied by fluctuations of either random or
non-random cyclicity around a longer-term trend model (Glass et al., 1975; Gottman,
1981). An intervention could also change the underlying process of the series, altering
the patterns of serial dependence, the direction and form of present trend, and the
magnitude of variability (e.g., Glass et al., 1975; Gottman, 1981; Sideridis & Greenwood,
1997) reflecting the introduction or removal of short- or longer-term cycles.
Understanding the temporal form of the expected intervention effect enables clinicians to
make early forecasts about treatment outcomes, assisting individual decision-making
(Glass et al., 1975).
The current investigation aimed to ascertain whether the temporal patterns found
in the baseline series (i.e., a mean level plus serially independent residuals; deterministic
trend in the form of sigmoid transitional regression; or seasonal cycles) occurred in the
intervention series. Estimating the model parameters of the intervention series enables
comparison with the corresponding parameters from baseline to determine statistically
significant differences (Glass et al., 1975). To conduct ITSA well, it is useful to be able
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to anticipate the nature of the intervention effect to be discriminated from the baseline
pattern and the likely effect size.

3.1.2 Aim Two: Determining the Magnitude of Intervention Effect Estimates
A secondary aim of the current study was to estimate the magnitude of
intervention effects for each participant and determine the precision of effect estimation
with reference to the 95% confidence intervals for the mean difference. This aim was in
accordance with suggestions in the literature that more emphasis should be placed on
estimating intervention effect sizes (e.g., Gigerenzer, 1998; Meehl, 1978) and confidence
intervals (CIs) (e.g., Cumming & Finch, 2001, 2005; Finch et al., 2002; Nickerson, 2000)
in the field of psychology. Modelling the size of the changes resulting from an
intervention can assist with the estimation of likely power and precision. However,
precision needs to be interpreted in light of the effect sizes that are both obtained and
desired (e.g., Cumming & Finch, 2005). Thus, modelling of typical intervention effects
was also necessary to indicate an appropriate effect size index and to permit
quantification of effects.
The effects of pedometer-based interventions in the literature are commonly
reported with reference to group-level change (e.g., Bravata et al., 2007; Sarkisian,
Prohaska, Davis, & Weiner, 2007). This type of analysis would be unable to identify the
individuals who successfully increased walking levels and whether the desired target
relative to initial performance was achieved. Information of this nature is not readily
available in pedometer-based, physical activity interventions studies which typically rely
on null hypothesis significance testing (e.g., Croteau et al., 2004, 2007; Izawa et al.,
2005). The important knowledge that idiographic effect analyses can provide lies in the
form of the effect and the individual residuals which allow the computation of an
individual confidence interval for the obtained effect.
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3.1.3 Research Questions
The research questions were based on the premise that applying empiricallysupported techniques to increase physical activity in older adults would result in a high
probability of producing an intervention effect representative of the field and of a
sufficient magnitude to enable modelling. Five research questions were generated to
address the aims of Study Two:
1.

How would the intervention alter the walking series, in terms of the form,
temporal pattern, and latency of the effect? Would the residuals around the longterm mean be described by a random distribution, or exhibit serial dependence
(e.g., stochastic component or weekly and intra-weekly seasonality?

2. Does the variability of the intervention series alter in comparison to the variability
in baseline as a result of attempting to achieve consistent step counts in
accordance with the intervention goal?
3. Does encouraging participants to increase walking alter the autocorrelation
structure of the time-series so that it differs to that observed in baseline, indicating
a change in temporal patterns?
4.

Do the models identified for the intervention series vary across individuals or
appear homogeneous? If the models vary, individual model identification would
be required as part of the analysis strategy, unless the variations are of little
significance.

5. What was the magnitude of the individual effect sizes and how precise was effect
estimation? How did the conclusions based on a standard group analysis of the
intervention effect compare to the conclusions possible from an aggregation of
idiographic ITSAs?
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3.2 Method
3.2.1 Participants
3.2.1.1 Eligibility Criteria and Recruitment
After completing Study One, eligible participants were invited to complete the
four-week intervention phase. Eligibility required an average daily step count of less than
8,000 during the first six weeks of baseline to maximise both the representation of the
target population and the chance of observing clear intervention effects likely to facilitate
modelling. The current study’s cut-off was considered appropriate based on suggestions
that healthy older adults typically walk between 6,000 and 8,500 SPD (Tudor-Locke &
Myers, 2001b). High-level walkers achieving above 8,000 are unrepresentative of the
population typically targeted for intervention with a reduced probability of observing an
intervention effect of a convincing magnitude.
Eligible participants were informed that involvement was voluntary and no
adverse consequences would be associated with non-participation. Participants who
declined the intervention continued to wear the activity monitor and record daily step
counts.

3.2.1.2 Description of the Sample
Of the twenty-nine participants who completed Study One and met the eligibility
criteria for intervention, five participants (17%) declined involvement, citing a lack of
available time and satisfaction with current activity levels given their fitness and health.
Twenty-four participants (51%) from the original sample agreed to undertake the
intervention.
Sixteen females (67%) and eight males (33%) participated, with an average age
of 74 years (SD = 7.8) ranging from 60 - 85 years. The average BMI was 26.1 (SD = 3.4)
ranging from 18.7 to 32.9. The sample consisted of five married couples.
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3.2.2 Materials and Procedure
3.2.2.1 Instrumentation
Participants continued wearing the NL-1000 piezoelectric activity monitor as in
Study One. Daily step counts were recorded in the provided book at the end of each day.

3.2.2.2 Development of an Individualised Intervention
Daily Activity Log (DAL).
The current study incorporated an event-based diary task to inform the
development of individualised interventions to stimulate change. To maximise the
chances of increasing walking in older adults, the Daily Activity Log (DAL) was created
to capture information about the antecedents and perceived consequents of choosing
particular activities. Development of the event-based DAL was guided by Behavioural
Choice Theory (Epstein, 1998) and informed by diary studies (e.g., Bolger et al., 2003;
Ferguson, 2005; Thiele, Laireiter, & Baumann, 2002; Wood, Quinn, & Kashy, 2002).
The DAL was pocket-sized, in the form of an easily portable, spiral-bound
booklet enabling self-monitoring to occur close to the event (Bolger et al., 2003; Marino,
Minichiello, & Browne, 1999). The diary contained a fold-out multiple choice question
panel and answer sheets (Appendix I), with participants required to select and write the
corresponding letter on the answer grid (see Figure 8). The DAL was purposely brief to
minimise boredom (Thiele et al., 2002) and pilot testing was conducted with a subset of
participants during a focus group (Chapter Two) to identify foreseeable difficulties
(Bolger et al., 2003).
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Figure 8. Daily Activity Log (DAL).

For a two-week period prior to the intervention, consenting participants
completed the DAL every second day while recording step counts, with diary entries
required on a total of seven days. Participants were instructed to keep the diary with them
and make an entry before each instance of engaging in an activity anticipated to last for
thirty minutes or more. Participants were prompted to identify the: (a) category of
activity (e.g., Home duties; Walking; Sitting/Lying down/Standing); (b) purpose of the
activity (e.g., Pleasure; Alleviate restlessness/Boredom); (c) likelihood of the purpose
being fulfilled; (d) anticipated enjoyment of the activity; (e) importance of the activity; (f)
alternative activities being postponed; and, (g) current mood and energy levels.
Completed answer sheets were enclosed in a sealed envelope to prevent participants
reviewing responses (Ferguson, 2005).

3.2.2.3 Intervention Package
Once the DAL was completed, individual one-hour sessions were conducted in
each participant’s house. Feedback was provided about the daily step counts collected
during baseline and the completed DAL. If participants decided to change their walking
patterns, strategies to increase step counts were discussed. The intervention package
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aimed to increase the likelihood of lifestyle change by discussing the benefits to
wellbeing (Bandura, 1986). In accordance with social cognitive theory, ways to modify
existing habits were explored, as were participants’ beliefs about their ability to achieve
change (Bandura, 1977, 1986, 2004).
The intervention was developed in consideration of recommendations in the
literature regarding increasing physical activity in older adults. Behavioural modification,
contracting, provision of feedback, goal setting, general health education, and selfmonitoring are some of the elements commonly applied when increasing physical activity
(e.g., Conn, Minor, Burks, Rantz, & Pomeroy, 2003; Conn, Valentine, & Cooper, 2002;
Noland, 1989; Oldridge & Jones, 1983; Resnick, 2002). During the session, the benefits
of walking were highlighted, with strategies for increasing activity discussed. The
desirable benchmark of 10,000 SPD (Hatano, 1993; Tudor-Locke & Bassett, 2004)
commonly reported in the literature was discussed, as was the typical number of steps
achieved by older adults (6,000 - 8,500 steps/day; Tudor-Locke & Myers, 2001b). The
four-week duration of the intervention phase was selected in accordance with previous
pedometer-based studies (e.g., Hultquist, Albright, & Thompson, 2005; Stathi,
Theodorakis, & Digelidis, 2005) and to provide an opportunity to observe weekly
seasonality.

Education component.
The intervention package contained elements designed to educate participants
about the importance of increasing physical activity. A series of publicly available
information and fact sheets were provided to participants. Handouts were used as a
stimulus for discussions about the recommended levels of activity, the health benefits,
and the importance of remaining physically active while ageing (Go for Your Life, 2005).
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Physical activity guidelines.
A Physical Activity Guide for Senior Victorians (Go for Your Life, 2005) was
produced by the Victorian State Government to encourage older adults to be active in
everyday life, providing suggestions for healthy living. This document outlines the
National Physical Activity Guidelines for Australians, recommending that individuals
attempt 30-minutes of moderate-intensity physical activity on most days of the week.
This can be achieved in multiple, small bouts of activity over the day (Commonwealth
Department of Health and Aged Care, 1999; Pate et al., 1995). Furthermore, the guide
outlines the lifestyle and health benefits of physical activity irrespective of age (Go for
Your Life, 2005).

Healthy ageing and physical activity.
Fact sheets produced by the Better Health Channel, Physical activity keeps you
healthy (2007a) and Healthy ageing –stay physically active (2007b) reinforce the
recommendations of 30-minutes of moderate intensity physical activity, such as walking,
on most days of the week. The benefits of regular physical activity are described, with
particular emphasis on the beneficial aspects for older adults, perceived barriers, and tips
for increasing activity safely.

Walking to achieve health benefits.
The Better Health Channel’s fact sheet Walking for good health (2007c)
describes walking as representing an ideal activity to meet recommended levels. The
suitability of walking is highlighted as it can easily be incorporated into daily activities,
the intensity can be modified, and it can be quantified with a pedometer.
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3.2.2.4 Individual Performance Feedback
Participants were shown a column chart of their daily step counts from the first
six weeks of baseline (Study One), indicating the number of steps achieved each day of
the week. Figure 9 is an example of one such chart, based on Participant 29’s step counts.
The chart illustrates that typically, Saturday and Sunday were low step count days,
indicating a preference for sedentary activities. While Monday and Tuesday appear to be
low step count days, there were instances during baseline of increased activity, such as
Tuesday during Week 1. Friday appears to be the most consistently high step count day,
with over 6,000 steps recorded each Friday over the six-week period.

Daily Step-Count Distribution (Baseline)
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Figure 9. Column chart representing the distribution of Participant 29's baseline daily step
counts recorded during the first six weeks of baseline.

With reference to each individual’s column chart, identifiable patterns, such as
weekly cycles were described. Each participant identified the activities typically engaged
in on days classified as “high step count” days. Discrepancies between typical step
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counts and the desirable 10,000 step mark were highlighted. The possibility of increasing
walking on low step count days was discussed.

Feedback from the DAL.
The diaries completed prior to intervention enabled identification of pertinent
areas to be targeted in individualised interventions, maximising the chance of observing
an intervention effect. Each participant was provided with feedback about the completed
diary, identifying the day on which the highest step counts occurred. The researcher
provided feedback about the nature of the activities (i.e., sedentary or more active)
recorded on that day, and summarised the anticipated enjoyment, rated importance,
perceived priority, and mood and energy levels, as documented in the diary.
By examining the DAL data, the researcher reflected to the participant apparent
attitudes and beliefs about physical activity, and potential barriers. Participants
commonly endorsed the researcher’s feedback. The diary assisted identification of areas
where sedentary behaviours could be replaced with more active behaviours to achieve
similar benefits and rewards (Epstein, 1998; Marcus & Forsyth, 2003). For example, if a
participant frequently identified walking for the purpose of pleasure, instances of sitting
down to socialise with a friend could be replaced with walking with a friend.
Furthermore, frequently occurring activities, such as home duties, were identified as
providing potential opportunities to increase steps. For example, when undertaking
housework, increasing step counts by walking more when vacuuming was explored.

3.2.2.5 Individual Goal Setting
Upon considering the feedback and the educational component of the
intervention, a motivational interviewing technique was applied, addressing each
participant’s desire to increase physical activity while assessing individual confidence to
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achieve this (e.g., Brodie & Inoue, 2005; Miller & Rollnick, 2002). Participants were
offered the opportunity to engage in individually appropriate goal setting to increase daily
step counts (e.g., Bravata et al., 2007).
Participants were encouraged to consider goals of increasing the duration and
frequency of walking (Haskell, 1994). Any incremental increase in the level of walking
has been associated with increased health benefits for participants (Tudor-Locke &
Bassett, 2004). Despite the reported health benefits of accumulating 10,000 SPD (e.g.,
Hatano, 1993; Iwane et al., 2000; Moreau et al., 2001; Tudor-Locke, Ainsworth, Whitt,
Thompson, Addy, & Jones, 2001), it was considered an unreasonable target for
participants if they were originally classified as low-level walkers. Rather, in accordance
with the literature, self-directed goal-setting relevant to personal baseline levels and selfmonitoring was considered a prudent approach to increasing daily steps (e.g., Bravata et
al., 2007; Melanson et al., 2004; Tudor-Locke, Myers, & Rodger, 2001), reportedly
resulting in immediate physical activity improvements (Tudor-Locke, Myers, Bell, Harris,
& Rodger, 2002).
Each participant devised several goals for the first week of intervention in
collaboration with the researcher. Goals were developed primarily by the participant,
ensuring that the choice to increase physically activity belonged to the individual (Epstein,
1998). Participants were advised that for each of the four weeks of intervention, they
would be encouraged to revise initial goals and create new ones (Marcus & Forsyth,
2003). Examples of goals included aiming for a particular number of steps over the
course of the week (e.g., 7,000 steps on three days) or increasing walking on identified
low step count days. Once the participant was satisfied with the listed goals, they agreed
to sign a behavioural contract, reflecting their commitment to increase activity (Brawley,
Rejeski, & King, 2003), which they were encouraged to keep in a visible place as a
reminder.
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3.2.2.6 Ongoing Self-Monitoring
Participants were encouraged to graph daily step counts on a provided chart to
track progress (Marcus & Forsyth, 2003). The chart was introduced to motivate
participants towards achieving weekly goals, with a reference line added at the 10,000
steps mark. Participants were provided with a demonstration of how to complete the
chart, and were encouraged to keep it somewhere visible.

3.2.2.7 Motivation and Encouragement
As in Study One, weekly telephone calls from the researcher continued at
prearranged times to gather step counts and determine progress towards goals, with the
additional aims of preventing participant dropout (e.g., Hillsdon & Thorogood, 1996;
Hillsdon, Thorogood, Anstiss, & Morris, 1995) and increasing physical activity (e.g.,
Conn, Isaramalai, Banks-Wallace, Ulbrich, & Cochran, 2002). Participants were
provided with encouragement and goals were reassessed for the coming week. Any
refusal to increase or change goals was unchallenged.
Throughout the four-week intervention, weekly newsletters (see Appendix J)
were mailed to participants, reinforcing key messages of the program and sustaining
motivation (e.g., Lautenschlager et al., 2008). Each newsletter was tailored to the results
and progress of participants currently in that stage of the intervention. Newsletters
contained charts of daily step counts achieved during the previous week by a participant
with pseudonyms used to preserve anonymity. The purpose was to provide an illustration
of how other participants were progressing towards their goals, potentially increasing
self-efficacy as individuals observed the successful performance of others (Tudor-Locke,
Myers, & Rodger, 2001). Newsletters included: tips for increasing step counts;

TIME-SERIES ANALYSIS OF AMBULATION

116

participants’ strategies to reach goals; reminders to avoid over-exertion; and,
encouragement to continue walking despite constraints such as the weather.

3.2.3 Data Analysis
Analyses of the intervention step counts for each participant were performed
using SPSS 16 (v.16 SPSS Inc.), with deterministic model fitting conducted in
TableCurve 2D (v.5.01 SYSTAT Software Inc.).

3.2.3.1 Examination of the Extended Baseline Series
The following analyses compare the intervention to the baseline series combined
with the step counts recorded while completing the DAL plus a two week post-diary
return to baseline. This series, with the inclusion of approximately four weeks of
additional step counts to the original baseline, will be referred to as the “extended
baseline”. To ensure that interventions were compared to valid baseline models, the
model identification process, as described in Chapter Two, was repeated for the extended
baseline series, with the number of observations now ranging from 70 to 105 points.
Model identification indicated that in 21 cases (88%), the temporal pattern that was
evident in the baseline series was still present in the extended baseline. The three cases
that appeared to have a different temporal pattern in the extended baseline were
characterised by: a loss of weekly seasonality to be represented by a mean level plus
random residuals reflecting a reduction in residual variance (Participants 5 and 47), and a
change in the form of seasonality from a weekly cycle to intra-weekly (two-day inverse)
in the case of Participant 16. The models identified for the extended baseline were
broadly the same as for the unextended baseline, differing in only minor variations in
parameter values. The autocorrelation patterns are contained in Appendix K.
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Comparisons of the means, standard deviations, and autocorrelation structures of
baseline and extended baseline indicated no discernible difference between the series,
with significant linear relationships (p < .001) identified between the parameters of the
baseline and extended baseline series. Scatterplots comparing the mean level and
variance indicated that the extended and shorter baseline series were strongly predictive
of each other, with R2 values of .96 and .95, respectively (see Appendix L). Good
predictability was evident in the comparisons of the extended and shorter baseline in
terms of the lag 1 autocorrelations (R2 = .71) and the lag 7 autocorrelations (R2 = .79)
which are pertinent to the detection of weekly seasonality. Consequently, the following
analyses concerning the detection of intervention effects are based on the extended
baseline data as the period of extension did not significantly alter the form of the model.

3.2.3.2 Model Identification of the Intervention Series
The intervention time-series were explored to determine the statistical properties
and boxplots were created for the 24 individual time-series to investigate the range of
variability both within and between participants. Sequence charts of the intervention
time-series for each participant were examined to determine stationarity and obtain an
initial impression of the form and temporal patterns.
Each intervention time-series was subjected to the process of model
identification outlined in Chapter Two (see Section 2.2.4.4), with the ACF and PACF for
each participant’s series assessed for serial dependence up to lag 7 (e.g., Gorman &
Allison, 1997; Huba et al., 1976) to formally identify patterns of serial dependence in the
daily step counts (Box & Jenkins, 1976; Glass et al., 1975). Residuals from the
intervention phase models and extended baseline models were tested for normality using
the Shapiro-Wilk test (Shapiro & Wilk, 1965) and examination of P-P plots and
histograms of the distributions. This was necessary to determine whether the assumption
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of normality was met for the purpose of using the t-distribution in ITSA (Gottman, 1981;
Williams & Gottman, 1982) and computing 95% confidence intervals.

3.2.3.3 Comparison of Extended Baseline and Intervention Phases
The models identified for each participant’s intervention series were tabulated
and compared to the models identified during extended baseline to identify any changes
which were considered indicative of an intervention effect. The ITSA strategy compares
baseline series parameters such as the mean, slope and autocorrelation function to the
corresponding intervention parameters (Crosbie, 1993; Glass et al., 1975; Gottman, 1981).
The current study involved a segmented model approach, allowing the fitting of two
separate components to baseline and intervention phases to compare level effects (Glass
et al., 1975; Williams & Gottman, 1982) as the modelling indicated this was the key
parameter, rather than a trend changes.
The effect sizes, in the form of mean differences between the extended baseline
and intervention phases were estimated, and 95% confidence intervals computed to
examine the precision of effect estimation. Independent samples t-tests were conducted
to compare the intervention mean step counts with the mean extended baseline steps for
each participant and 95% confidence intervals obtained for the estimated level change.
A scatterplot was created to display the actual mean differences between
extended baseline and intervention (i.e., the intervention effect) against the number of
steps required by each participant to reach the upper limit of the step counts typically
achieved by older adults: 8,500 SPD (Tudor-Locke & Myers, 2001b). This target was
selected given that it appeared a more realistic level of walking that could be achieved by
even low-level walkers at baseline. Inspection of the scatterplots indicated the proportion
of participants who achieved the required number of steps to reach the threshold mean
step counts with 95% confidence intervals for the intervention mean differences
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indicating statistically significant intervention effects. This scatterplot was reproduced
with the weekly seasonality and stochastic processes removed from the baseline and
intervention series to determine whether the precision of effect estimation was improved
by reducing identifiable sources of residual variance.
The ratio of CI width to the required step count change to achieve 8,500 SPD
against the change in SPD required by each participant during intervention was calculated.
The ratio was obtained by dividing the CIs calculated after removing seasonality by the
change needed to reach 8,500 SPD, indicating the width of the CI relative to the desired
effect size.

3.2.3.4 Group-based Paired Samples t-tests
To enable comparison between the findings of the current study and the
pedometer-based physical activity interventions described in the literature, which
typically report results in the form of group-based averages (e.g., Bravata et al., 2007;
Croteau et al., 2004, 2007; Izawa et al., 2005; Sarkisian, Prohaska, Davis, & Weiner,
2007), the individual time-series data were combined to perform group-based analyses. A
paired samples t-test was conducted to compare the average daily step counts of the
extended baseline phase and the four weeks of the intervention series with 95%
confidence intervals for the mean difference computed.

3.3 Results
3.3.1 Description of the Intervention Series
All 24 participants recruited to undertake the intervention completed the DAL
task and the four-week intervention phase. This is contrary to reports in the literature that
large attrition rates occur in interventions targeting physical activity in older adults
(Brawley, Rejeski, & King, 2003; Hillsdon et al., 2005).
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Each participant averaged approximately 29 observations (ranging from 23 to
36). Descriptive statistics for the intervention series are presented in Appendix D.
Missing values were few and not replaced, with a sample-wide total of only eight daily
step counts missing, divided across three of the series. Three participants (13%) reported
at least one instance of failing to wear the activity monitor, with one participant forgetting
on five occasions.

3.3.2 Inter- and Intra-Individual Variability
The boxplots in Figure 10 summarises the distribution of inter- and intraindividual variability of daily step counts for 24 participants during the intervention. All
extreme and outlying cases occurred above the median levels, indicating the tendency for
uncharacteristic levels of walking to occur in the direction of high step counts. With only
14 outliers occurring across nine (38%) of the series, this indicated consistent levels of
walking, reducing the intra-individual variability observed during baseline. Furthermore,
reduced variability is reflected in the length of the whiskers, with a considerably smaller
range of step counts compared to baseline observed in 88% (n = 21) of the series (see
Chapter Two, Figure 2). The approximate difference of 7,000 between the highest and
lowest median step counts illustrates a large range of inter-individual variability.
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PARTICIPANT NUMBER

Figure 10. Boxplots illustrating the distribution of intra- and inter-individual variability
of daily step counts for each participant (n = 24) during intervention, sorted by ascending
median values. The solid horizontal line indicates the 10,000 steps criterion (Hatano,
1993; Tudor-Locke & Bassett, 2004), the two dotted horizontal lines represent the range
of walking typical for older adults (6,000 to 8,500; Tudor-Locke & Myers, 2001b), while
the dotted and dashed lines mark the lowest (3,341) and highest (10,247) median daily
step counts.

Intra-individual variability differed between participants, with Participant 18
recording the lowest within-individual variability with a standard deviation of 1,035 and a
range in step counts of 4,135 (Min = 7,865; Max = 12,000). The largest intra-individual
variability occurred in Participant 31’s series, with a standard deviation of 3,792 and a
range, excluding outliers, of 13,854 (Min = 2,116; Max = 15,970). Despite all
participants attempting to increase their step counts, a wide range of intra-individual
variability was present in the sample, with the difference between the highest and lowest
observed within-individual standard deviation being 2,757. However, this was a smaller
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magnitude than the range of intra-individual variability in the baseline series which was
4,640 (Chapter Two, Section 2.3.2). Most participants (n = 19; 79%) recorded a standard
deviation of less than 3,000, with the largest proportion of participants (n = 10; 42%)
exhibiting a within-individual standard deviation of between 1,000 and 2,000.
Three participants (13%) achieved median step counts above the desirable
10,000 SPD, with a clear majority of participants failing to achieve this level of walking
on more than half of the observed days. However, 75% (n = 18) of participants achieved
at least one instance of a step count day above 10,000. With reference to older adults’
typical walking levels (Tudor-Locke & Myers, 2001b), 58% (n = 14) of participants
obtained a median step count exceeding 6,000 steps. Of the remaining 42% (n = 10) with
median step counts below the expected range, there were occasions where step counts
reached or exceeded the prescribed level.

3.3.3 Model Identification of the Intervention Series
The time-series sequence charts and the autocorrelation patterns of the
intervention daily step counts for all participants are included in Appendix M. Initial
visual inspection indicated that most series appeared to fluctuate around a constant level
with stable variability and no clear trend. Intervention effects appeared to take the form
of an immediate level change in comparison to extended baseline.
Deterministic trend and cyclicity, as observed in the baseline series (Chapter
Two), were not frequently noted in the intervention data. One series (Participant 34)
suggested a downward trend, with step counts appearing to transition to a lower level
(Section 3.3.3.2), while the series of Participant 22 (Section 3.3.3.3) indicated irregular,
but sustained, upward and downward cycles requiring further examination.
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3.3.3.1 Summary of Identified Models
The intervention series were most commonly characterised by a constant mean
level plus random residuals. Table 7 summarises the frequency with which various types
of models were identified as accounting for the serial dependence in each of the series.
Stochastic and deterministic trends were the least common forms of serial dependence,
while weekly or intra-weekly seasonality occurred less frequently than during baseline.

Table 7
Proportion of Individual Intervention Series Attributed to the Observed Models
Form of serial dependence

N

Percentage (%)

Not significant (Mean + random residuals)

17

70.8

Seasonality (Weekly and/or intra-weekly)

5

20.8

Deterministic trend

1

4.2

Stochastic process (AR(1))

1

4.2

3.3.3.2 Deterministic Trend
During intervention, Participant 34’s performance (Figure 11, Panel A)
fluctuated around 5,000 SPD, occasionally reaching, but not sustaining, the levels of the
early intervention phase. The intervention increased performance to a mean of 8,069 for
a few days, but this was not sustained, dropping, quite sharply after Day 13. The series
appeared to stabilise at a lower level from Day 16. The last two weeks of the intervention
drifted towards an asymptote of 4,256 SPD, which was clearly within the baseline levels
of performance. The ACF and PACF (Figure 11, Panel B) demonstrated the ideal pattern
for deterministic trend, with lag 1 autocorrelation of a large magnitude in the ACF
(e.g., .507) which slowly decayed (Glass et al., 1975; Gottman, 1981).
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PANEL A

PANEL B

Figure 11. Time-series sequence chart of Participant 34’s intervention daily step counts
(Panel A) characterised by an apparent downward transition to a new level at Day 16.
The ACF (Panel B) indicated that lag 1 autocorrelation was of a large, significant value
(.507; Box-Ljung < .05) with a slow decay while the PACF was characterised by a rapid
decay after lag 1.

A sigmoid transition (Lorentz Cumulative) accounted for 53% of the phase
variance (Figure 12), and the residuals showed negligible autocorrelations after model
fitting. Given that the pattern in the ACF and PACF also indicated the possible presence
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of an AR(1), the stochastic model was fitted to the intervention series of Participant 34.
This removed all significant serial dependence but accounted for less variance (R2 = .49)
than the Lorentz Cumulative. Consequently, the sigmoid transition appeared plausible
based on the sequence chart and autocorrelation patterns.
PARTICIPANT 34 INTERVENTION PHASE
Rank 1 Eqn 8078 LorCum(a,b,c,d)
r^2=0.53369189 DF Adj r^2=0.45259483 FitStdErr=1667.2479 Fstat=9.1560388
a=4256.4845 b=3812.9822
c=113.63833 d=-0.89100591
11000
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STEP COUNT
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Figure 12. TableCurve output of Participant 34’s intervention series indicating an
apparent sigmoid transition significantly fitted (p < .05) with a Lorentz Cumulative
regression model.

3.3.3.3 Stochastic Processes
One series (4%) was characterised by stochastic processes in the form of a firstorder autoregressive model. The sequence chart of Participant 22 (Figure 13 Panel A)
suggested the presence of irregular, but sustained, upward and downward cycles.
Stochastic trends in the form of an AR(1) were indicated by the ACF and PACF patterns
(Figure 5 Panel B), with the presence of significant lag 1 autocorrelation of .438 (BoxLjung < .05) which gradually decayed in the ACF and decreased rapidly in the PACF
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(Glass et al., 1975). Applying an AR(1) to the intervention series of Participant 22
accounted for approximately 22% of the phase variance, with no remaining
autocorrelation in the residuals.
PANEL A

PANEL B

Figure 13. Time-series sequence chart of Participant 22’s intervention daily step counts
characterised by irregular but sustained upward and downward cycles. The ACF (Panel
B) indicated that lag 1 autocorrelation was of a large, significant value (.438; BoxLjung < .05) with a slow decay while the PACF was characterised by a rapid decay after
lag 1.
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3.3.4 Comparison of Models Identified During Extended Baseline and Intervention
Table 8 summarises the forms of serial dependence identified for each series in
the extended baseline and intervention phases with changes to stationarity and seasonality
identified. The autocorrelation structure changed frequently (n = 18; 75%) following
introduction of the intervention as indicated by the identification of alternative temporal
models. The most frequently observed change was the absence of serial dependence in
the intervention series subsequent to observed significant autocorrelation during extended
baseline (n = 12; 50%). Additionally, six of the seven series characterised by weekly
seasonality during extended baseline were transformed after intervention, with no
statistically significant serial dependence at lag 7. In all cases where deterministic trend
was observed during the baseline series, this was not evident in the intervention series.
With reference to Table 8, six series gained stationarity, three gained seasonality
(either weekly or intra-weekly), while 13 maintained stationarity, eight lost seasonality,
and the form of seasonality changed in one case from weekly to intra-weekly.
Additionally, one series lost stationarity with deterministic trend detected in the
intervention phase (Participant 34), while another series acquired a stochastic process
(Participant 22) – the only instance where this temporal pattern was observed across the
baseline and intervention phases. The largest proportion of series (n = 8, 33%) lost
seasonality whilst maintaining stationarity. While positive lag 7 autocorrelation was
dominant in the extended baseline, consistent with the observation of weekly cyclicity
(Chapter Two), during intervention, however, positive lag 7 autocorrelations tended to
decrease.

Summary of the Models Identified for Each Participant’s Extended Baseline and Intervention Series
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3.3.4.1 Comparison of Variability During Extended Baseline and Intervention
A ratio of the variances of the extended baseline and the intervention phases was
obtained and the probability values computed with the F-distribution based on the degrees
of freedom for each individual’s series. The ratios of baseline to intervention variances
for six series were statistically significant based on a two-tailed F-ratio. A significant
increase in variance occurred in the intervention series of Participants 31
(F(86, 30) = 2.34, p = .011) and 22 (F(92, 28) = 2.44, p = .008), and a significant
decrease occurred in the series of Participant 45 (F(90, 26) = 4.43, p < .001); Participant 6
(F(100, 27) = 2.28, p = .013); Participant 5 (F(100, 27) = 2.67, p = .004 ); and, Participant
18 (F(91, 28) = 3.24, p < .001).

3.3.5 Investigating the Magnitude of Intervention Effects
3.3.5.1 Removal of Stochastic Processes and Deterministic Trend from the Intervention
Series
The final mean level of the fitted sigmoid transition function, as applied to the
intervention series of Participant 34, was compared to the extended baseline mean level,
with the fit standard error representing the variance of the series. A stochastic model was
fitted to the intervention phase of Participant 22, with the raw mean level of this series
and the residual variance around the AR(1) compared to the extended baseline mean level.
As stochastic processes are stationary, with a stable mean and overall variance in the
longer term (e.g., Glass et al., 1975; Gottman, 1981), the mean level was compared to that
of the extended baseline, with the impact of the short-term drift minimised by applying
the residual standard deviation in the analysis.

3.3.5.2 Distribution of Residuals Following Model Fitting
Examination of the distribution of the extended baseline residuals around the
fitted models, revealed that 75% (n = 18) were best fitted by a Gaussian distribution.
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Some positive skew was present in most of the remaining series, indicating the occasional
incidence of high step count days relative to typical walking levels. The assumption of
normality was considered reasonable given the departures from normality were not
considered to be of a concerning magnitude. Approximately 71% (n = 17) of the
residuals around the mean of the intervention series were normally distributed. The
results of the independent samples t-tests comparing the means, or final level of the
extended baseline step counts with the intervention means are reported in Appendix N.

3.3.5.3 Intervention Performance Relative to the Target Level
Figure 14 illustrates the mean differences between the extended baseline and
intervention phases plotted against the number of steps required by each participant to
reach the target of 8,500 steps. The square markers in both panels indicate the 11 series
in which weekly seasonality or stochastic processes were observed during either the
extended baseline or intervention phases. The “whiskers” for each data point represent
the 95% confidence intervals for the observed intervention mean differences. Panel A
shows the 95% confidence intervals for the mean difference unadjusted for weekly
seasonality and stochastic processes, while Panel B depicts the confidence intervals
adjusted for the two temporal processes. Modelling the residual variance associated with
seasonality or stochastic processes resulted in slightly narrower confidence intervals
(Panel B), however this did not represent a discernible difference. Intra-weekly
seasonality was not removed as this was associated with smaller autocorrelation and
would not be expected to reduce the residual variance in an impactful manner.
Significant intervention effects are indicated when the confidence interval does
not cross the x-axis. Most participants, with one exception (Participant 10), increased
mean step counts during the intervention, with mean differences ranging from 98 to 4,111.
Results confirmed that 14 participants (58%) achieved a significantly higher mean
number of steps during the intervention compared to extended baseline, with intervention
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effects ranging from 586 to 4,111. The Cohen’s d values based on the individual ITSA,
irrespective of whether a statistically significant effect occurred, ranged from 0.05 to 1.42,
with an overall average value of 0.66.
The identity lines (diagonal dashed lines) in Figure 14 indicate the location of an
effect whereby the required increase in average steps to achieve 8,500 SPD was obtained
during intervention. Data points below the identity line indicate an inability to increase
mean step counts by the required amount. Conversely, points above the identity line
represent an increase in average steps exceeding the required amount. When the identity
value is not within the confidence interval, the hypothesis that the targeted increase was
achieved can be rejected. Conversely, when the identity value is within the confidence
interval, the hypothesis that the targeted increase was achieved cannot be rejected. Ten
data points were above the identity line, indicating that approximately 42% of participants
exceeded the criterion intervention average of 8,500 steps. These intervention effects
were significant with one exception, indicating that the confidence intervals for
Participant 28 were so wide that the null hypothesis could not be rejected. Fourteen
participants (58%) were unsuccessful in increasing mean step counts by the required
amount. However, five of these participants (36%) achieved a statistically significant
intervention effect.
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PANEL A

PANEL B

Figure 14. Scatterplots of the required increase in average step counts to achieve a target of
8,500 SPD against actual intervention mean differences for each participant (N = 24) with 95%
confidence intervals for observed mean differences unadjusted (Panel A) and adjusted for
seasonality and stochastic processes (Panel B). Square markers indicate the series that required
adjustment for weekly seasonality or stochastic processes. The identity line is indicated by the
dotted diagonal line.
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The width of the confidence interval for some individuals encompassed a very
wide range of applied effects, whereas for others there was increased precision. The
target was encompassed in the confidence intervals of seven participants (30%),
indicating that it is not possible to reject the hypothesis that the goal was achieved.
Moreover, in three cases, the confidence interval was clearly above the required change,
indicating that the necessary improvement was clearly exceeded. The CIs contained both
zero and the full target effect in two cases (8%), indicating that the null hypthesis could
not be rejected, nor could the hypothesis that the targeted increase was achieved be
rejected. The confidence intervals were able to discriminate between a relatively good
versus a relatively poor intervention effect, depending on the improvement required by
the individual. Five (22%) outcomes were clearly good, with mean effects exceeding
requirement and lower CI limits above target, or reasonably close to target. The
confidence intervals in nine cases (39%) CIs were wide enough to encompass excellent to
poor (one case) or encouraging to poor results. In the remaining nine cases (39%),
outcomes were poor, with confidence intervals in six cases containing zero.
With the exception of one individual (Participant 35), participants who required
the most improvement (i.e., an increase of more than 2,500 SPD) to achieve the target
were unable to do so, indicating they were not likely to benefit from the intervention.
Most of these individuals were unable to increase their step count mean by more than
1,000, indicating that those individuals who needed to increase walking by the largest
magnitude were unable to do so. Participants who required an increase in average steps
of 2,000 or less were likely to exceed the required amount. Most observed effect sizes
were between 1,000 to 2,000 SPD on average, with only one participant achieving a step
count increase of over 4,000 SPD average.
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Impact of adjusting the CIs for seasonality and stochastic trend.
Investigations of the ratio of the unadjusted and deseasoned standard deviations
indicated that on average over the 11 relevant cases deseasoning with the weekly models
and modelling stochastic trend reduced the residual standard deviation to 75% of the
original. While this appears to be a substantial effect, the impact on the confidence
intervals was not decisive, as on average, they reduced to 92% of original. This is evident
when visually comparing Panels A and B in Figure 14, with the confidence intervals
around the cases represented by square markers appearing to be a similar magnitude. In
two cases (Participants 28 and 16), removing seasonality resulted in the ability to reject
the null as the CI no longer crossed the x-axis. Considering the case of Participant 22’s
intervention series where the evidence indicated that an AR(1) was needed, an increase in
step counts of approximately 5,600 was required to obtain the target. Visual inspection of
Figure 14 indicated that the target effect was well outside the CI while the null is inside.
This is the case whether an AR(1) was fitted or not.

3.3.5.4 Investigation of the CI Width Relative to the Desired Effect Size
Figure 15 contains the ratio of CI to the required step count change to achieve
8,500 SPD against the change in SPD required by participants during intervention
(n = 23). The data of one participant (Participant 25) was excluded as they did not require
an increase in steps to achieve the target. The ratio was obtained by dividing the CIs
calculated after removing seasonality by the change needed to reach 8,500 SPD,
indicating the width of the CI relative to the desired effect size. For example, when the
ratio is 0.5, the width of the CI is half of the width of change one would hope for. The
level of accuracy of effect estimation can be determined with reference to Figure 15.
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Rank 1 Eqn 8156 Power_(a,b)
r^2=0.8390789 DF Adj r^2=0.82298679 FitStdErr=0.55572155 Fstat=109.49874
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Figure 15. Ratio of the CI width (with seasonality removed) relative to the required
change to reach 8,500 SPD plotted against the required change in SPD (n = 23).

The relationship between the calculated ratio and the required change in SPD
was represented by a power function (Figure 15), indicating that the smaller the effect
size that needs to be discriminated, the worse the ratio is. This is contrary to the increased
accuracy required when smaller effects need to be detected. For example, with reference
to Figure 15, when a participant requires an increase in step counts of only 427 SPD, the
ratio is 2.54, indicating that the width of the CI is approximately 254% of the required
change (i.e., ± 1,085 SPD). A difference of -658 SPD could not be discriminated from
1,512 SPD. Similarly, if an individual required an increase of approximately 5,621 to
reach the target of 8,500 SPD, the ratio is approximately 0.21. In this case, the width of
the CI is 21% of the change required (i.e., ± 590 SPD), suggesting it is not possible to
discriminate between a change of 5,031 and 6,211.
Referring to the general trend model in Figure 15, when the required change in
SPD is around 4,000, the ratio is approximately 0.5 with effects smaller (larger) than
4,000 associated with values greater (less) than 0.5. At this point, it not possible to
discriminate between the hypotheses that the person has changed as little as 50% of the
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required amount or achieved the mean target effect, with a CI width of ± 2,000. When
the required change is 2,000 SPD, the ratio approaches 1. Thus, the CI width is
equivalent to the required change, meaning it is not possible to discriminate between a
difference of 1 SPD and achieving the target of 2,000, with imprecision in terms of
relative change. Additionally, all values in between this range cannot be discounted.

3.3.6 Group-Based Paired Samples t-tests to Detect Significant Mean Differences
Inspection of P-P plots and the Shapiro-Wilk test (Shapiro & Wilk, 1965)
revealed that the average daily step counts were normally distributed in both the baseline
and the intervention phases with no significant departure from homogeneity of variance
as assessed by Levene’s Test for Equality of Variances (Levene, 1960). The results of the
paired samples t-test indicated that average daily step counts were higher in the
intervention series (7,461 ± 1,967 SPD) compared to the extended baseline (6,141 ± 1,511
SPD), which was statistically significant (t(23) = 7.17, p < .001) with a mean difference
of approximately 1,320 (95% CI, 939 to 1,700). This represented an increase in average
daily step counts during intervention of approximately 22% compared to baseline levels.
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3.4 Discussion
Study Two successfully addressed the objectives of producing individual
statistical estimates of improvement due to intervention, identification of models
appropriate for describing the intervention phase, and examination of the strategy for
time-series analysis. By relying on empirically-supported intervention techniques, the
magnitude of individual effect sizes were obtained, ranging from 586 to 4,111, with 95%
CIs calculated to determine the precision of effect estimation. Intervention effects were
highly variable across individuals, from negligible to substantial and of applied
significance. In Cohen d terms they varied from virtually nil to a very large 1.42, with 15
cases showing a d of 0.5, indicating a moderate effect, or better. Over half of the sample
achieved statistically significant improvement in daily walking. Given the altered serial
dependence found in most series during intervention, the models established by the
baseline investigation cannot be assumed to be valid for intervention, indicating that the
series were modified, supported by the observed changes in mean level for most
participants, and the statistically significant changes in variability observed in one-quarter
of the sample.
Changes in the amount of walking in older adults manifested as an abrupt
increase in level from baseline, providing a strategic tool for applied analysts. Attempts
to increase physical activity in older adults that do not achieve an abrupt increase in step
counts within the first week would indicate a high probability of an unsuccessful
intervention. Armed with this knowledge, the intervention could be altered to stimulate
change. The variability in individual outcomes and the statistical insights afforded by
single case time-series data clearly support the need for SCD approaches.
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3.4.1 Characteristics of the Intervention Series
A large amount of inter-individual variability (6,906 steps) was observed
between the median step counts of the highest and lowest-level walkers with intraindividual variability, indicated by within-individual standard deviations, ranging from
1,035 to 3,792. The step count goal of 10,000 SPD (e.g., Hatano, 1993; Tudor-Locke &
Bassett, 2004; Yamanouchi et al., 1995) was considered to be inappropriate given the
nature of the target population and in consideration of baseline levels of walking. This
conclusion is supported by studies investigating walking in older adults (e.g., Croteau,
Richeson, Farmer, & Jones, 2007; Talbot, Gaines, Huynh, & Metter, 2003). The range of
inter-individual variability confirmed that it was possible for the sample to achieve the
typical level of daily step counts for healthy older adults (8,500 SPD; Tudor-Locke &
Myers, 2001b). It was uncommon for individuals classified as low-level walkers to
exceed 8,500 SPD. Over half of the participants (58%; n = 14) achieved step counts
within or above the expected range for this age group of (i.e., 6,000 – 8,500 SPD; TudorLocke & Myers, 2001b) on more than half of the observations during intervention (Figure
10).

3.4.2 Model Identification of the Intervention Series
The need for complex model identification was avoided in the intervention series
as most were adequately characterised by a mean level plus random residuals (71%) with
fewer observed temporal patterns than in the baseline series. The incidence and
magnitude of weekly (lag 7) and intra-weekly (lags 3, 4, 5, or 6) seasonal cycles was
substantially reduced compared to baseline (Chapter Two, Section 2.3.4). Weekly and
intra-weekly cyclicity was observed in only five series (21%), stochastic processes
occurred infrequently (4%), and deterministic trend in the form of a sigmoid transition
was present in one series, representing occasional temporal forms to be considered. In
75% of the cases, the temporal models identified for the intervention series changed from
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those observed in baseline. Therefore, analysts are advised to obtain adequate phase
durations to allow baseline model identification for comparison with the intervention
phase to determine if the same model is viable.
In one-quarter of the intervention series, statistically significant changes in
variability were observed. In two cases, the variance increased, and in four cases
decreased to a statistically significant degree. In the two series where variability
increased, this appeared to be associated with the introduction of a stochastic process into
the intervention series in contrast to the mean level plus uncorrelated residuals observed
in the baseline of Participant 22, and a tendency for observations to fluctuate from very
low to very high step counts (Participant 31), with the temporal form of a deterministic
trend in baseline changing to a mean level with random residuals in baseline. In the cases
where variability decreased, three participants walked at a more consistently high level
(Participants 5, 6, and 18), while weekly seasonality observed in the baseline series of
Participant 45 was replaced with low magnitude intra-weekly seasonality in the
intervention phase.
The discovery of a homogeneous model for the intervention phase permits a
significant simplification in the analysis strategy, enabling a simplified model
identification process with the form of intervention effect typically an immediate level
change. The most common ITSA method described for SCDs involves first modelling
the baseline and determining whether the intervention phase shows changes in model
parameters such as the mean, trend, variability, or autocorrelation patterns (Glass et al.,
1975; Gottman, 1981; Williams & Gottman, 1982), relying on a valid baseline model.
Short baselines cannot be recommended based on the observations of intra-phase
transitions, with occasional instances of long latencies, the presence of seasonal cycles of
up to one week that occurred frequently during baseline, requiring a minimum of 28
observations for detection (Box & Jenkins, 1976; Glass et al., 1975), and disappeared in
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the intervention, and variances that are sometimes so large that the imprecision is likely to
be unacceptably high with short phases.
Ignoring the sigmoid deterministic trends observed in the baseline series
(Chapter Two, Section 2.3.2.1) is dangerous because of the resulting systematic bias,
impacting the estimated effect size. Five (21%) of the participants who completed the
intervention phase were identified as having sigmoid transitions or exponential decay
present in their extended baseline series. Three of these cases (Participants 27, 29, and 35)
experienced a decrement in step counts during baseline, while two (Participants 3 and 31)
transitioned to a higher, apparently stationary, level. When the effect sizes during the
baseline adaptation to a new level were compared to those associated with the
intervention phase, in most cases (with one exception) they were equal to or larger than
the intervention phase change. In the cases where baseline intra-phase change was larger
than the size of the intervention effect, the transition effect sizes ranged from 1.1 to 16.7
times the intervention effect.
While three of these series transitioned within the first three weeks of baseline,
the downward transition (Cohen’s d of 1.14) in the baseline of Participant 35 required
more than six weeks to stabilise at a new level. Reliance on a short baseline would yield
a much reduced apparent intervention effect. The two upward transitions were also large,
with one equal to the intervention effect (after three weeks), and the other 1.7 times as
large (completed within the first week). Controlling this effect markedly reduced the
intervention effect. The baseline transitions were non-trivial and deserve further
investigation. Since five of the participants with baseline mean levels below 8,500
displayed these baseline transitions, they appear too frequent to assume they are only
false alarms. Additionally, the effect sizes were of non-trivial magnitude whether
examined relative to the intra-individual residual variation, or the size of the intervention
phase change. Adjusting for non-stationarity has shown itself to make substantial
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changes to effect sizes when pertinent to either the baseline or intervention phases. The
implication of this is that enough evidence is required to deal with that aspect.
Given the observed level change typically accompanying an intervention effect,
a comparison of the mean step counts of intervention and baseline can be conducted,
together with an analysis of whether the temporal patterns and residual variance differs
between phases, suggesting possible intervention-related changes. Study One data
confirmed that incremental trends in walking during baseline, such as deterministic trend,
can require a period of six weeks or more to transition to a final stable level (Chapter Two,
Section 2.3.2.1). Given the temporal patterns observed during Study One (Chapter Two),
individual model identification of the baseline series cannot be avoided. It is crucial to
obtain a baseline phase of sufficient duration to ascertain the appropriate mean estimate
for comparison with that of the intervention. The size of the intervention effect can be
misestimated when relying on an inadequate baseline phase. Consequently, longer
baselines and adequate intervention phase durations are indicated when examining
walking in older adults.
Even though no stochastic processes were evident in the baseline series, a
stochastic model in the form of an AR(1) described the intervention series of Participant
22. The presence of an AR(1), which is a stationary model, results in irregular cycles
around the long term mean (Glass et al., 1975). This differs from deterministic trend that
either increases or decreases in one direction, as observed in the current sample, which
can result in the systematic misestimation of the mean. If a stochastic model is not
identified when it is present, the local mean would drift up and down around the longer
term mean, influencing the longer term estimate of the standard deviation. Longer series
are required to determine the true nature of this temporal pattern. Ignoring the presence
of an AR(1) results in bigger residuals around the estimated mean and larger confidence
intervals, contributing to more conservative t-tests.
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To identify the correct analytic strategy, future single-case analysts are advised
to collect phases of sufficient durations to determine the baseline and intervention models,
without assuming temporal patterns. Once the correct model is applied and the residuals
obtained, significant mean differences can be investigated with independent samples ttests. The non-homogeneity of variance, offering conservative results, should be applied
allowing for differing standard deviations in the two phases which could potentially result
from different temporal models. Based on the results of the current study, it is not
possible to avoid the collection of lengthy baselines and conduct model identification.

3.4.3 Precision of Effect Estimation
In a large number of cases, the precision of effect estimation was not good
enough. However, as expected from basic statistical theory, when the intervention results
were particularly good or particularly poor and the required effect size was large, the
width of the confidence intervals was informative. Both effect sizes and CI width created
broad differences in the evaluation of individual outcomes, an aspect that would be
overlooked by group-based analysis and designs. This thesis clarifies the importance of
pursuing idiographic methods by highlighting the individual differences in the required
target, the point estimate of achievement, and the precision of estimating outcomes. An
additional discovery was that for something as uncomplicated as daily walking, where
stochastic models with their complex patterns, are virtually absent, there is a need for
longer phases because precision of estimation even for random data, is too high in a
substantial number of cases with an 80-day series, and would certainly be inadequate for
shorter series.
Examination of the changes obtained relative to those required to achieve 8,500
SPD showed that participants were divided into two clusters (Figure 14); individuals who
improved above the target level, and those who clearly failed. Generally, the participants
with the most sedentary pre-intervention results were unable to achieve the target of 8,500
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SPD, reflecting a perceived inability to increase activity due to time constraints or health
problems limiting the amount of walking. High-level walkers tended to increase their
steps by more than the required amount, possibly reflecting a greater interest in the
intervention or capacity to increase activity.
The intervention effects required improvements in excess of 1,000 SPD in threequarters of the sample, up to approximately 4,100 SPD, with the exception of one very
sedentary person (Participant 22) requiring in excess of 5,500 SPD. Inspection of the
width of the CIs (Figure 15) relative to the change required to reach the 8,500 target
showed that the CIs allow relatively low precision. When the required changes were
small, much narrower CIs were required for the same precision, but examining the 16
cases where required change exceeded 1,500 steps showed a precision between 40% and
124% of the required change for 13, while the best results were for a minority of cases
(n = 3), where the precision was 21% - 29%. This level of precision was not adequate for
estimating the obtained change, despite relatively longer-term monitoring than is typical
and despite superior modelling, including control of weekly seasonality, transitions and
infrequent stochastic effects. In addition to the importance of correct model identification
for baseline and intervention phases, these data show that the natural variability of
walking is an important issue for intervention design.
Deseasoning weekly cycles can substantially reduce the residual variance, but
this effect needs to be considered in the context of other statistical determinants of
inference, particularly the effect sizes that need to be discriminated and the impact of the
phase duration on the confidence interval width. Adjusting for the presence of weekly
seasonality and stochastic processes reduced the both the residual standard deviations and
the confidence interval width to 92% of the original, on average. This did not represent a
decisive reduction. Despite the observation that the null could be rejected for two
additional cases following adjustment for seasonality, no appreciable improvement was
gained in deciding how the individuals performed in terms of the desirable criterion. The
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conclusions about individual participants who did not achieve the target were already
very clear. Reducing the variance could be beneficial when considering hypotheses near
the limits of the interval, but neither the null nor the target changes were close enough to
the limits of many confidence intervals for this minor improvement in precision to
improve clarity in most cases. Where decisions are marginal, the improvement obtainable
by deseasoning could be significant, but in a large number of cases the improvements are
sufficiently poor or sufficiently good without the additional precision, at least based on
the phase duration considered in this study.
The evidence indicated that the intervention series of Participant 22, who
required an increase in average step counts of 5,621 to obtain the target, was best fitted by
an AR(1). In this case, the target effect was well outside the CI and the null was inside.
This would be the case irrespective of whether the model was fitted or not, with no
additional clarity resulting from adjustment.
It can be concluded that larger improvements in walking levels need to be
achieved, particularly for those individuals with mean levels that remained low during
intervention. However, rather than aiming for occasional days where much higher
walking is achieved, it would be preferable to aim for consistency in day-to-day walking.
This could be addressed by attempting to increase step counts on days during which very
low step counts are recorded, which would not only increase the mean level, but reduce
the series variability. Consequently, the precision of effect estimation would be improved.
Maintaining a consistent, higher level of walking, as opposed to only occasional
blockbuster days, reflects the national physical activity guidelines of moderate intensity
activity most days of the week (Commonwealth Department of Health and Aged Care,
1999). Additionally, the dose-response literature in the area of physical activity indicates
that is desirable to increase the number of activity bouts performed during the week in an
ongoing manner to achieve and maintain health benefits (e.g., Gaffney et al., 1985;
Gyntelberg et al., 1977a, 1977b; Haskell, 1994; Kubo et al., 2000).
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The precision of effect estimation could also be improved by increasing the
duration of the intervention self-monitoring phase, which could be indefinitely long given
the ability of participants to tolerate wearing a pedometer for a lengthy period (e.g.,
Bassett, Kang, Tudor-Locke, & Barreira, 2008; Togo, Watanabe, Park, Shephard, &
Aoyagi, 2005; Tudor-Locke, Bassett et al., 2004). Additionally, longer intervention
phases are typically easier to achieve and justify than lengthy baselines because
participants are involved in the desired activity (Kazdin, 1984; Marsh & Shibano, 1984),
which is favoured from an ethical standpoint (Barlow & Hersen, 1984; Marsh & Shibano,
1984; Parsonson & Baer, 1986). Throughout the phase, estimates could be revised with
improved precision and the long term models appropriate for describing lifestyle change
would be revealed. A longer intervention phase would be ideal when considering the
series of Participant 34 (Figure 11), with evident instability associated with an inability to
maintain the intervention effect. While this series was adequately fitted by a sigmoid
transition (Lorentz Cumulative), a longer intervention phase would enable observation of
whether the true model is a stable transition or whether, in the longer term, an AR(1)
representing longer term cyclicity is a more appropriate model.

3.4.4 Intervention Effectiveness from a Group-Based Perspective
The literature typically reports the effects of pedometer-based interventions in
the form of: group mean differences in daily step counts from baseline to intervention;
percentage increases from baseline; or, as an increase in total weekly step counts (Bravata
et al., 2007; Sarkisian, Prohaska, Davis, & Weiner, 2007). The common characteristic is
that the effect represents group-level change, with no indication of the number of
participants achieving a significant step count increase.
A systematic review of 27 pedometer-based physical activity interventions
described that overall, pedometer users increased their physical activity by 27% over
baseline steps with increases in walking of approximately 2,000 SPD (Bravata et al.,
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2007). However, only five of the studies included in the review were specific to older
adults, with the mean age above 65 years (Bravata et al., 2007). Pedometer-based
interventions targeting older adults are limited, with small sample sizes, short intervention
phases (i.e., one week), inconsistent findings and an inability to maintain intervention
effects (Croteau, Richeson, Farmer, & Jones, 2007). Interventions have reported a range
of increases in mean daily step counts from baseline, such as: 818 steps (23% increase;
Talbot, Gaines, Huynh, & Metter, 2003); 1,320 steps (27% increase; Croteau, Richeson,
Farmer, & Jones, 2007); and, 3,894 steps (59% increase; Izawa et al., 2005). However, it
is not possible to determine the number of participants in each study who successfully
increased walking based on the provided group-based statistics.
Importantly, the current study enabled identification of the 14 individuals who
significantly increased mean daily step counts during the intervention. Effect sizes and
the percentage by which steps increased over baseline levels could also be identified for
each individual. For example, the effect sizes obtained by participants who significantly
increased mean daily steps ranged from 586 (Participant 20: 12% increase from extended
baseline) to 4,111 steps (Participant 35: 76% increase from extended baseline). These
figures are in accordance with the previously mentioned studies attempting to increase
daily step counts in older adults. This would remain unknown when studying
interventions at the group-level, with individual performance obscured (Franklin, Allison,
& Gorman, 1996; Kazdin, 1984).
Group-based analyses cannot provide information pertinent to individuals when
only mean differences are available; precluding the ability to determine which individuals
achieved a statistically trustworthy effect. A group-based approach does not include CIs
around an individual’s change allowing consideration of the error of estimation. Rather,
the group-wide estimate of error applied in approaches such as the reliable change index
(e.g., Jacobson & Truax, 1991), which does not attempt to adequately model what is
occurring in the series (Chapter One), assumes the same amount of error for all
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participants. Consequently, the systematic differences between individuals are not
evident in group data, with the same autocorrelation patterns and error assumed for all.
SCDs allow conclusions to be drawn about individuals, which is more
informative for people working in applied settings than group averages. The intervention
used in the current study was effective for some, but not all, participants. By adopting the
approach of the current study, there is the benefit of statistical individual effects, which is
informative when stimulating individual-level change. This approach assists individual
decision making, for example, whether a person requires an intervention, by how much
walking needs to increase to obtain target levels, and once the program is finished,
whether the individual has achieved the required target. These questions address the
estimation of an individual’s level of walking and not whether the null hypothesis can be
rejected, with the current study providing an example of a methodology that can improve
on clinical trials. Thus, estimation is an informative and appropriate analytic approach.
Analysis of precision of estimation in this field reinforces the need for longer phases, in
support of the theoretical arguments about the advantages of longer phases for model
identification (e.g., Box & Jenkins, 1976; Glass et al., 1975; Kazdin, 1982).

3.4.5 Group-Based Analysis of the Walking Series
The effect size for the group-based analysis indicated a clear rejection of the null
hypothesis (p < .001) with a statistically significant mean difference of approximately
1,320 steps. This represented a standardised effect size of 0.87 and an increase in average
daily step counts during intervention of approximately 22% compared to baseline levels.
The overall impression of this result is unable to provide guidance at the individual level
but enables comparison with group-based interventions in the literature. For example, a
four-week pedometer intervention targeting older adults with an average age of 68 years
incorporated weekly group discussions to plan strategies to increase walking, daily
recording of step counts, and goal-setting for the forthcoming week (Stathi, Theodorakis,
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& Digelidis, 2005), similar to some of the elements incorporated in the current study.
Stathi et al. (2005) reported a statistically significant increase (p < .05) in the number of
weekly steps taken during the last week of intervention compared to the seven-day
baseline phase, representing a 44% increase in baseline walking levels with a Cohen’s d
of 1.14 (Stathi et al., 2005). Previous pedometer interventions targeting walking in older
adults have produced a large range of standardised group-based effect sizes in terms of
Cohen’s d, such as 0.31 (Talbot, Gaines, & Huynh, 2003), 0.47 (Croteau, Richeson,
Farmer, & Jones, 2007), and 1.58 (Izawa et al., 2005). Despite the varied phase durations
considered in the literature compared to the current study, the magnitude of the groupbased intervention effect appears to be comparable to those reported in the literature,
where intervention success varies.

3.4.5.1 Comparison of Group-Based and Individual Standardised Effect Sizes
The difference between the overall extended baseline and intervention phase
means was 1,320 SPD. On average, the intervention appeared to produce a typical
change that was equivalent to 67% of the average difference between individual baseline
levels. Comparison to the individual standardised effect sizes indicated that the mean
value of all Cohen’s d values was 0.66, providing a similar impression of effect size.
The mean change due to intervention was a similar magnitude relative to the
individual differences in baseline levels once various transitions were controlled and the
typical individual change across phases when expressed relative to the day-to-day
differences in each individual’s walking series when controlled for weekly cycles.
Consequently, the estimates of effect size appeared similar based on the two different
frames of reference: the individual differences in initial levels versus intra-individual
differences in day-to-day walking. However, this apparent congruence is misleading for
two important reasons. The individual differences in typical walking levels have nothing
to do with day-to-day intra-individual differences such that individuals could walk the
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same amount each day (i.e., SD = 0) but still show the same range of variation between
people, i.e., consistently sedentary to a regular high-level walker. Importantly, the
variation in individual Cohen’s d values ranged from 0.05, which is virtually nil, to over
1.2. This means that the intervention had some very poor effects and some large effects
relative to the individual’s day-to-day variations in walking. In addition, as mentioned
previously (Section 3.4.3), when considering the precision of effect estimation, the
participants were divided into two subgroups. Some participants who required mean
changes of less than 2,500 SPD achieved clear or plausible treatment success.
Considering the individuals who needed increases beyond 2,500 SPD, some standard
effect sizes were poor and the null effect could not be rejected, or the effect was of clearly
insufficient magnitude, even occasionally when Cohen’s d was substantial (e.g.,
Participants 7 and 20).
The group averages therefore concealed important differences. For some
individuals the intervention was clearly unsuccessful, while in other cases it was
successful, which is of applied significance. Some individuals were unable to achieve the
target of 8,500 SPD but obtained changes which in terms of their natural range of
variation in walking was high (e.g., Participant 47 with Cohen’s d = 1.19 and a mean
change of 2,215 SPD which was less than the required 4,123 SPD change). These
individual insights are important, but are obscured by mere reference to whether on
average the group effect was statistically significant, which it clearly was, or the
estimated magnitude of the mean change. Only idiographic methods can clarify these
differences in outcome, which are very important to the individual who is the valid party
for any intervention contract and towards whom the practitioner bears a responsibility.
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4 CHAPTER FOUR: INVESTIGATION OF ABBREVIATED
VERSIONS OF THE BASELINE TIME-SERIES

4.1 Aims and Rationale
Several discoveries were made on the basis of the long baseline investigation
(Chapter Two): (1) there are deterministic trends, predominantly in the form of sigmoidal
models with varying latency, where the transition between asymptotes could go in either
direction; (2) there are short term seasonal cycles, in the form of intra-weekly and weekly
cyclicity, which increase the variance of the series (T.A. Matyas, personal communication,
February 3, 2010); and, (3) there was no significant evidence of stochastic processes.
Additionally, investigations revealed that the intervention series could be adequately
represented by a level parameter in most instances (71%; Chapter Three, Section 3.3.2.1).
In conjunction, these discoveries suggest that a simple level comparison between the
intervention and a shorter baseline: (a) would not be confounded by the presence of
stochastic trend; (b) could be acceptable if the effect of adaptations in the form of
deterministic trend can be controlled, or does not cause large errors if ignored; and, (c) if
the increase in series variability caused by the seasonal cycles does not reduce precision
of estimation enough to hinder practical conclusions.
The strategies suggested by the above are: (a) ignore or model the deterministic
trends; and, (b) ignore or model the seasonal cycles. Modelling the adaptation and
seasonal cycles would require at least four weeks of baseline, given that the most
common seasonal cycles spanned a week (28%), and given that the adaptation trends
appeared to take up to four weeks in most cases (60%) to stabilise at a new level.
However, it is noted that the remainder of the baseline series showing deterministic trend
required up to eight weeks to transition. Thus, for most cases, four weeks would allow
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estimation of the baseline level, allowing for the noted adaptation trend and reducing the
remnant variation by subtracting any weekly cycles.
A baseline of four weeks is uncommon in the walking literature, with phase
durations of one or two weeks typically reported (e.g., Aoyagi & Shepard, 2009; Croteau
et al., 2004; Jordan et al., 2005; Moreau et al., 2001), precluding the ability to model
deterministic trend or seasonal cycles. This chapter reports an investigation of the extent
to which errors in estimation occur when relying on brief baselines comparable to the
durations reported in the walking literature. The analyses aim to identify the extent of
estimation error when relying on a stationary mean model while ignoring the presence of
other processes that temporarily impact on the mean estimation and the size of the
residual around the mean, such as deterministic trend or short-lag seasonal cycles. Of
specific interest was the impact of a reduced phase on the mean level, lag 1
autocorrelation, and residual variance estimated from the full baseline series. Lag 1
autocorrelation was considered given the importance of early lag autocorrelation in
indicating deterministic trend and stochastic drift (Glass et al, 1975), and the focus on lag
1 autocorrelation in the literature (Chapter One).
The current chapter then explores the impact on the estimation of intervention
effect sizes when relying on abbreviated one-week and two-week versions of baseline that
ignore deterministic trend and seasonality. Investigating the precision of effect estimation
would indicate whether applied analysts could reliably pursue shorter phase durations
when exploring walking in older adults.

4.1.1 Research Questions
1.

Would a shorter baseline phase of one or two weeks determine the identified
model and parameters discovered in the full baseline? Specifically:
a. Will the lag 1 autocorrelation of the full baseline series differ from that
estimated by the abbreviated baselines? The presence of positive
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autocorrelation of a large magnitude resulting from brief baseline analyses
(e.g., Huitema & McKean, 1991; Matyas & Greenwood, 1991) could lead
to erroneously assuming, and accounting for, the presence of stochastic
processes which were not observed in the full series.
2.

What are the consequences for parameter comparisons if ITSA is conducted with
models and parameters estimated from brief baselines? When calculating effect
sizes, the mis-location of the baseline mean or incorrect estimate of the residual
variance will impact the effect size estimate and/or results of any t-tests.
Specifically:
a. Will the mean levels of the full raw baseline series differ from the
estimated mean level of the one- and two-week baselines?
b. Will the residual variance of the abbreviated versions of baseline be
similar to that estimated from the full series? A discrepancy would impact
the calculation of power and effect size estimates using confidence
intervals.

3.

What is the relationship between the estimated effect based on one- or two-week
baselines, without removal of sigmoid transitional processes and short-term cycles,
and the criterion effects? Specifically, would the precision of effect estimation
assist individual decision-making about intervention effectiveness?

4.2 Method
4.2.1 Participants, Materials and Procedure
The baseline data analysed in the current chapter were collected and examined
during Phase One while the intervention data and the criterion effect sizes were obtained
during Phase Two. Consequently, the Participants, Materials and Procedure for data
collection are reported in Chapters Two and Three.

TIME-SERIES ANALYSIS OF AMBULATION

153

4.2.2 Data Analysis
Analyses of the shortened baseline versions for each participant were performed
using SPSS (v.16, SPSS Inc.). The relationships between the abbreviated baselines and
intervention series were investigated with TableCurve 2D (v.5.01, Systat Software Inc.)
and Microsoft Excel (2007, Microsoft Corporation).

4.2.2.1 Impact of Abbreviated Versions of Baseline on Series Parameters
Two abbreviated versions of baseline were investigated to capture the phase
durations likely to be collected in applied settings (e.g., Aoyagi & Shepard, 2009; Croteau
et al., 2004; Moreau et al., 2001); one week (the second week of monitoring) and two
weeks (the second and third week of monitoring). Excluding the first week of
observations was an exploration of a compromise between attempting to blunt the impact
of adaptation to monitoring and maintaining a tolerable phase duration. The three-week
period was selected as a compromise between the abbreviation of phase durations and
improving the chance of achieving stationarity within the shortened phase: the full
baseline series characterised by sigmoid transitions appeared to stabilise in 50% of cases
by the third week of self-monitoring (Chapter Two, Section 2.3.2.1).
The lag 1 autocorrelation, mean, and standard deviation of the baseline step
counts were calculated for each participant’s series. Three pairs of scatterplots were
created to compare: (1) the lag 1 autocorrelations of the full baseline series to the lag 1
autocorrelations of the one- and two-week series; (2) the means of the full baseline series
to the mean levels of the abbreviated baselines; and, (3) the standard deviations of the full
baseline series to the standard deviations of the one- and two-week series. Regression
analyses were conducted to compare each parameter of interest from the full series to the
abbreviated versions.
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4.2.2.2 Investigation of Estimated Effects Based on Abbreviated Versions of Baseline
The mean differences in step counts between the extended baseline and
intervention series (calculated in Chapter Three, Section 3.3.4.2) were considered to
represent the “criterion effects” reflecting actual increases in walking following
intervention. The criterion effect for each of the 24 participants who completed the
intervention reflects the removal of weekly cyclicity, deterministic trend, and stochastic
components from the intervention and extended baseline series, where applicable. The
calculated intervention effects based on the abbreviated versions of baseline were
investigated as estimates of the criterion, given the truncated data available, and are
referred to in the current chapter as “estimated effects”.

4.2.2.3 Calculation of Estimated Effect Sizes
The mean differences between the intervention series and each abbreviated
baseline series were calculated for each participant and plotted against the criterion
effects in two separate scatterplots. Regression models were fitted, investigating the
relationship and level of predictability between the two criterion and estimated effects.
Models were ranked according to the coefficient of determination, representing the
proportion of variability accounted for by the statistical model and the predictability of
future outcomes (Steel & Torrie, 1960). The best-fitting regression models were
examined to determine the amount of systematic error, characterised by the magnitude of
the difference between the regression model compared to predictions resulting from a
perfect correlation between the criterion and estimated effect sizes.

4.2.2.4 Investigation of Precision of Effect Estimation Based on Abbreviated Versions of
Baseline
The distributions of the residuals around the mean for each brief baseline were
tested for normality using the Shapiro-Wilk test (Shapiro & Wilk, 1965) and by
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examining histograms and P-P plots of the distribution. Independent samples t-tests
assuming non-homogeneity of variance were conducted to compare the intervention mean
step-counts with the mean level of the one- and two-week versions of baseline. Two
scatterplots were created to display the estimated effect sizes based on the one- and twoweek versions of baseline with 95% confidence intervals for the estimate against the
number of steps required by each participant to reach the desired average step counts of
8,500 SPD (Tudor-Locke & Myers, 2001). Inspection of the scatterplots indicated the
proportion of participants who achieved this target, with 95% CIs for the mean
differences indicating statistically significant effects. The ratios of the width of the CIs to
the intervention effect required to reach the target of 8,500 SPD were computed to
explore effect estimation precision.

4.3 Results
4.3.1 Comparison of Extended Baseline and Abbreviated Lag 1 Autocorrelation
The scatterplots in Figure 16 compare the lag 1 autocorrelations of the full
baseline series and the one-week (Panel A) and two-week (Panel B) series for all
participants (N = 47). The data points in each panel consist of five different markers
representing the temporal models accounting for serial dependency in the full baseline
series: mean plus random residual, deterministic trend, weekly cyclicity, intra-weekly
cyclicity, and weekly plus intra-weekly cyclicity.
Inspection of Figure 16 indicates the tendency for the brief series to overestimate
the magnitude of lag 1 autocorrelation, irrespective of whether the full series
autocorrelations were positive or negative. The linear regressions between the full and
brief series estimates have slopes well below that of the identity line (.24 for the sevenday, and .27 for the 14-day series), indicating that the error of estimation tended to grow
as full series autocorrelations deviated from zero in both positive and negative directions.
In most instances, when the autocorrelations in the long series were negative, the
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negativity was exaggerated in the short series, and similarly, positive autocorrelation in
the long series were even more positive in the short series.
Consistent with this exaggeration pattern, the range of lag 1 autocorrelation
values is expanded in the brief sample estimates compared to the criterion value. Lag 1
autocorrelation for the full series ranged from approximately - .3 to .4. As illustrated in
Panel A, lag 1 autocorrelation based on the one-week series ranged from - .7 to .6, while
the range based on the two-week series was slightly narrower, from - .6 to .4. While only
four (9%) of the long series were represented by lag 1 autocorrelations greater than +/- .3,
autocorrelation of a large magnitude at this lag was recorded by 21 (45%) of the oneweek series and 18 (38%) of the two week series. It is evident from Figure 16 that the
series with the largest positive autocorrelation based on the full baseline occurred in series
characterised with deterministic trend.
Autocorrelation estimates from short series were poor predictors of the long
series values, with R2 values of .23 and .19 for the seven-day and 14-day series,
respectively. The variable error of estimation, represented by the standard error of the
estimate for lag 1 autocorrelation was .152 for the seven day baselines, and .155 for the
14-day baselines. These values resulted in CI widths of approximately ± .306 and ± .312
respectively (n = 47; tcrit = 2.01).
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PANEL A

R2 = 0.23

PANEL B

R2 = 0.19

Figure 16. Scatterplots of lag 1 autocorrelations of the complete baseline against the lag
1 autocorrelations of the one-week (Panel A), and two-week (Panel B) baselines for all
participants (N = 47). The linear regression model (dark solid line) is featured on both
scatterplots with 95% confidence intervals for estimation of individual values. The
identity line is indicated by the faint diagonal solid line with unity slope, while the point
of zero autocorrelation is indicated by horizontal and vertical dotted lines on both axes.
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4.3.2 Comparison of Extended Baseline and Abbreviated Baseline Mean Levels
The two scatterplots in Figure 17 compare the means obtained from the full
baseline series with the mean levels of the one-week (Panel A) and two-week (Panel B)
baselines. The identity line closely approximates the linear regression model in both
panels and is contained within the 95% confidence band for the regression, indicating that
the brief sample means cannot be said to deviate systematically from those of the of the
long series. This is supported by linear regression slopes of 0.97 for the seven-day
baseline, and 0.98 for the 14-day baseline. Additionally, the two series in each panel
exhibit good predictability of each other with R2 values of .89 and .94 for the seven-day
and 14-day series, respectively. The standard error of the estimate for the mean level
based on the seven-day baseline is 1,181, and 838 for the 14-day baseline, resulting in CI
widths of ± 2,375 and ± 1,685 SPD, respectively (n = 47; tcrit = 2.01). Inspection of
Figure 17 reveals that there are some unusually large values that are outside, or very close
to, the 95% confidence band for individual estimates, mostly attributable to series with
deterministic trend. Excluding this category would result in a narrower confidence band
and smaller standard error of the estimate. When considering the two-week baseline
(Panel B), the random error for series with seasonality or mean level with random
residuals diminishes, indicating the contribution of sigmoid transitional trends to the
random variability associated with estimating mean levels.
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PANEL A

R2 = 0.89

PANEL B

R2 = 0.94

Figure 17. Scatterplots of the complete baseline means against the means of the oneweek (Panel A), and two-week (Panel B) baselines for all participants (N = 47). The
linear regression model is featured on both scatterplots with 95% confidence intervals for
estimation of individual values. The identity line is indicated by the faint diagonal solid
line while the point of 8,500 steps is indicated by horizontal and vertical dotted lines on
both axes.
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4.3.3 Comparison of Extended Baseline and Abbreviated Standard Deviations
The two scatterplots in Figure 18 compare the standard deviations obtained from
the full series to the standard deviations of the one-week (Panel A) and two-week (Panel
B) series. Brief baselines tend to misestimate the standard deviation, with both systematic
and random variation according to the best-fitting regression model. Approximately 51%
of the observations in Panels A and B are located above the identity line, indicating that
the criterion standard deviations of approximately half of the series are underestimated
and the other half overestimated by abbreviated baselines. The linear regression slopes
were 0.58 for the seven-day baseline, and 0.77 for the 14-day baseline, indicating
systematic misestimation trends. The fitted model and the identity model intersect at
approximately 2,900 SPD. Below this point, the brief phases tend to increasingly
underestimate the long series standard deviations, while above 2,900 SPD, the brief series
tend to overestimate the standard deviations of the long series.
Considerable scatter is present in Figure 18 Panel A, with poor predictability
(R2 = 0.51) and 95% confidence bands for individual prediction of approximately ± 1,383
reflecting a standard error of estimate of 688 (n = 47; tcrit = 2.01) when relying on the oneweek series. Increasing the baseline by one week improved the predictability of the two
series (R2 = 0.75) and reduced the variable error of estimation. The standard error of
estimate for the standard deviations based on the seven-day baseline is 496, resulting in
narrower 95% confidence bands of approximately ± 997 (n = 47; tcrit = 2.01). In both
panels (Figure 18), there are some large values that exceed, or are very close to, the 95%
CIs for individual estimates. Most of these series are characterised by seasonality or
deterministic trend.

161

TIME-SERIES ANALYSIS OF AMBULATION

PANEL A

R2 = 0.51

PANEL B

R2 = 0.75

Figure 18. Scatterplots of the complete baseline standard deviations against the standard
deviations of the one-week (Panel A), and two-week (Panel B) baselines for all
participants (N = 47). The linear regression model is featured on both scatterplots with
95% confidence intervals for estimation of individual values. The identity line is
indicated by the faint diagonal solid line.
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4.3.4 Investigating the Relationship between Criterion and Estimated Effect Sizes
4.3.4.1 Investigation of Estimated Effects based on Week One of Baseline
The relationship between the criterion and the estimated effects based on
examining only one week of baseline (Week Two) (Figure 19) appeared to be fitted best
by a linear regression model. The variation of the residuals around the regression models
appeared homoscedastic. The standard error of fit for the estimated effects based on the
seven-day baseline is 666, resulting in a CI width of approximately ± 1,385 SPD (n = 23;
tcrit = 2.08), indicating variable error of prediction of a large magnitude.
The intercept of the regression model was 547 (a) with a slope of 0.544 (b),
indicating that when the estimated effect increases by 1,000 SPD, the corresponding
change in the criterion effect was only 544 SPD. The identity line and regression model
intersect at approximately 1,200 SPD, with systematic error tending to increase as the
observed effect deviates from this point. Above 1,200 SPD (indicated by the horizontal
and vertical dashed lines) values based on the Week Two of baseline increasingly
overestimated the criterion effect, whereas below this point, the tendency was in the
opposite direction, particularly once apparent decrements occurred from the one-week
baseline levels to intervention phase levels. However, the regression may be unduly
impacted by five particularly low mean changes estimated from the week long baselines.
All five showed mean decrements with intervention, which according to the criterion
values, only occurred in one case.
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Rank 2 Eqn 1 y=a+bx
r^2=0.44172 DF Adj r^2=0.38296 FitStdErr=666.22 Fstat=15.824
a=546.95 b=0.54411
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Figure 19. TableCurve 2D output of the linear regression between the estimated effect
based on the one-week baseline (Week Two) and the criterion effect with 95% confidence
intervals. One outlier has been excluded. The identity line (dotted diagonal) represents a
perfect relationship between the criterion and estimated effect size. The horizontal and
vertical dashed lines indicate where the identity line crosses the regression model.

4.3.4.2 Investigation of Estimated Effects based on the Two-Week Baseline
Figure 20 illustrates the best-fitting linear regression model, between the
estimated effects based on the two-week baseline (Weeks Two and Three) and the
criterion effects, with one outlier removed. The variation of the residuals around the
regression model appeared homoscedastic. The standard error of fit for estimated effects
based on weeks two and three of baseline was 414 (see Figure 19), resulting in a CI width
of approximately ± 861 (n = 23; tcrit = 2.08).
The identity line crossed the regression model at approximately 1,450 steps (see
Figure 20), indicating the point at which the most accurate prediction on average occurs.
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The intercept of the regression model was 445 (a) with a slope of 0.683 (b). Thus when
the estimated effect increases by 1,000, the change in the criterion effect is only 683 SPD,
resulting in a tendency to overestimate criterion effects larger than 1450 SPD and
underestimate criterion effects smaller than 1450 SPD.

Rank 2 Eqn 1 y=a+bx
r^2=0.78454 DF Adj r^2=0.76186 FitStdErr=413.88 Fstat=72.824
a=445.36 b=0.68291
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ESTIMATED EFFECT USING WEEKS 2&3 BASELINE

Figure 20. TableCurve 2D output of the linear regression between the estimated effect
based on the two-week baseline (Weeks Two and Three) and the criterion effect with
95% confidence intervals for prediction of individual values. One outlier has been
excluded. The identity line (dotted diagonal) represents a perfect relationship between the
criterion and estimated effect size. The horizontal and vertical dashed lines indicate
where the identity line crosses the regression model.

4.3.5 Precision of Effect Estimation Based on the One- and Two-Week Baselines
Figure 21 illustrates the estimated intervention effect based on the one-week
(Panel A) and two-week (Panel B) baselines plotted against the number of steps required
by each participant to reach the target of 8,500 SPD. The “whiskers” for each data point
represent the 95% confidence intervals for the estimated intervention effects. Mean
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differences are considered statistically significant when the confidence interval does not
include the null hypothesis, i.e., does not cross the x-axis. The identity lines (diagonal
dashed lines) indicate the location of an effect where the required increase in average
steps was obtained during intervention. The identity line is within the CIs, indicating an
inability to reject the hypothesis that the required improvement was achieved, in 54% of
the one-week effect estimates (Panel A) and 42% of the two-week estimates (Panel B).
The CIs crossed the x-axis in 63% of the cases based on the one-week baseline (Figure 21
Panel A) and 46% of the cases from the two-week baseline (Panel B). In these instances,
it is not possible to reject the null hypothesis. In a large number of cases, the width of the
CIs appeared to allow a wide range of hypotheses about the strength of the intervention
effect. Where increases below 1,000 SPD were required CIs were wide enough to include
both null and target effects. For larger effects, four cases had CIs where both target
effects and values lower than even 50% of targeted change were both unable to be
rejected. Six CIs included both null effects and 50% of target value (Figure 21, Panel B).
Only a minority of cases displayed effects with CIs describing clearly poor or clearly
strong effects.
As theoretically predicted, precision of effect estimation decreased when the
baseline length was reduced from 14 to seven-days. Visual inspection of Figure 21
indicates that the width of the CIs is larger when considering one-week effect estimates
(Panel A) compared to the two-week estimates (Panel B). The CIs based on the one-week
effect estimates ranged from ± 821 to ± 4,343, while in the two-week baseline CIs ranged
from ± 632 to ± 2,506.
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PANEL A

PANEL B

Figure 21. Scatterplots of the increase in average steps required to achieve a target of
8,500 SPD against intervention mean differences for each participant (N = 24) based on
one- (Panel A) and two-week (Panel B) versions of baseline. The “whiskers” represent
the 95% confidence intervals for observed intervention mean differences. The identity
line is indicated by the dotted diagonal line.
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The computed ratios of the CI width to the SPD deficit, which is the required
intervention effect to reach the target of 8,500 SPD, indicated that only a small minority
of the estimated changes had a CI narrow enough to allow relatively precise estimates of
what proportion of the deficit had been reduced by intervention. This was true for
estimates based on either one or two weeks of data. Three-quarters of the one-week CIs
exceeded 90% of the deficit, and the same proportion of the two-week CIs exceeded 72%
of the deficit. The median CI was at least 1.5 times the required intervention effect,
indicating that half the cases had CIs exceeding 1.5 times the deficit range in both
sampling conditions. More than two-thirds of the cases had CIs larger than the deficit for
the one-week baseline solution, while for estimates based on the two-week sample, this
occurred in 40% of the cases.
When considering only those cases requiring an increase of more than 1,000
SPD to reach the target, minimising the need for very precise CIs to discriminate between
good and weak effects, 61% had CIs in excess of their deficits based on the one-week
estimate, and 48% showed the same imprecision based on the two-week sample. Threequarters of the one-week CIs exceeded 75% of the deficit range, while 69% of the deficit
range was exceeded by three-quarters of the two-week CIs.
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4.4 Discussion
4.4.1 Implications of Relying on Abbreviated Versions of Baseline
The current study has demonstrated the hazards involved when considering a
short baseline of only one or two weeks. For example, there is a chance that upon
commencement of self-monitoring, deterministic trend, possibly representing a sigmoid
adaptation trend, could emerge. The time-series would be characterised by either an
increase or decrease in daily step counts due to the initial effects of self-monitoring which
eventually transitions to a new level. When relying on brief versions of baseline, there is
the potential for weekly and intra-weekly cycles to be present in the data and remain
unaccounted for, increasing the variability around the mean, albeit without altering the
shape of the distribution (T.A. Matyas, personal communication, February 3 2010).
Relying on one or two weeks of data could lead to erroneous conclusions about the
typical pattern and level of walking, justifying the need for longer baselines to obtain an
accurate representation of temporal patterns to enable appropriate adjustments.

4.4.1.1 Comparison of Criterion and Abbreviated Baseline Autocorrelation
Investigations of one- and two-week versions of each baseline series indicated a
tendency to exaggerate autocorrelation in both a positive and negative direction, as well
as substantial variable error of estimation (typically ± 0.15, but in excess of ± 0.3 for a
95% CI). Problematically, if a short series shows an autocorrelation that is not present in
the long series, there is an impetus to erroneously adjust for a temporal pattern that it not
there. Conversely, when a short series fails to detect an autocorrelation that is actually
present in the full series, there is a failure to recognise the need to adjust accordingly.
The misestimation of lag 1 autocorrelation represents an obstacle to accurate
model identification with a brief series. The large positive autocorrelation values
observed in the abbreviated baselines suggests an increased chance of erroneously
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attributing observed serial dependence to stochastic models, particularly an AR(1) which
is characterised by large magnitude autocorrelation at the first lag. However, modelling
of the full series indicated an absence of stochastic processes. Erroneously applying an
AR(1) to a series might reduce lag 1 autocorrelation while introducing variability if the
autocorrelation is overestimated (Box & Jenkins, 1976; Glass et al., 1975) as the shorter
sample estimates tend to exaggerate the required adjustment. Overfitting models to data
can introduce additional error into the fit, generating artificial autocorrelation (Box &
Jenkins, 1976; Glass et al., 1975).
The brevity of the abbreviated baseline also precluded the ability to inspect
autocorrelation at later lags. With only seven or 14 observations, it is not possible to
detect weekly or intra-weekly cycles as the ACF and PACF for each time-series can only
be assessed for serial dependence up to lags 2 and 4 for the one- and two-week series,
respectively (Gorman & Allison, 1997; Huba et al., 1976). The crucial seventh lag for
detecting weekly seasonality would be unavailable and intra-weekly cycles would be
difficult to identify. As these cycles were prevalent in the full baselines (n = 18; 38%),
this indicates that the short versions of baseline, as preferred in applied settings, provided
a different impression about the appropriate temporal models of the walking series.
Misestimation of seasonal (e.g., weekly) cycles or stochastic components is analogous to
misestimating extraneous covariance, leading to misadjustment of the series. If an analyst
is unable to trust the estimated autocorrelation of the brief baseline and appropriate
adjustments cannot made, this increases the size of the residual variance, as observed in
the current analyses, reducing the precision of effect estimation.

4.4.1.2 Comparison of Criterion and Abbreviated Baseline Mean Levels
Predictability of the criterion mean level showed no systematic error trends, but
variable errors were large enough to create error intervals in excess of 4000 steps for the
one week estimate (95% CI = ± 2,375) and in excess of 3,000 steps for two week
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estimates (95% CI = ± 1,685). Considering the two-week baseline mean estimates, the
random error for series with seasonality or mean level with random residuals diminished
when compared to the one-week series, indicating the contribution of sigmoid transitional
trends to the random variability associated with estimating mean levels. In both the oneand two-week versions of baseline, the first week of monitoring was excluded in an
attempt to diminish the impact of possible early adaptation. However, when the full
baseline series were characterised by a transitional regression reaching a higher (lower)
level after 3 weeks with the change in steps equal to Cohen’s d of 1.1 or more, the
abbreviated series underestimated (overestimated) the mean level. While the full baseline
series of Participants 21 and 35 transitioned to a lower level after six weeks of monitoring,
the magnitude of the decrement in step counts in terms of Cohen’s d was 0.56 and 0.99,
respectively. Consequently, this did not translate into a large misestimation of the mean
level of the full baseline series. The discrepancy between the criterion and abbreviated
baseline mean levels was not apparent for the series with deterministic trend stabilising
within the first 14 days of monitoring, as the sampled baselines captured the transition to
the new level. This was particularly evident when examining the two-week baselines,
with narrower confidence bands and increased predictability in terms of the R2 value
compared to the one-week analysis.

4.4.1.3 Comparison of Criterion and Abbreviated Standard Deviations
There was a systematic tendency for residual standard deviations to be over- and
underestimated above and below 2,900, but only a portion of these errors could be
modelled by regression, with variable prediction error still allowing prediction intervals
of around 2,000 SPD or more (one week 95% CI = ± 1,383; two week 95% CI = ± 997).
While the two-week baseline also misestimated the standard deviations of the full series,
the relationship was characterised by improved predictability, with narrower 95%
confidence bands for individual predictions, and considerably less scatter than the one-
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week baseline. As anticipated theoretically, the series characterised by seasonality based
on the full series represented the greatest misestimation in terms of the residual variance,
particularly those with weekly, or a combination of weekly and intra-weekly seasonality.
As weekly seasonality requires a minimum of four weeks to be identified (Box & Jenkins,
1970; Glass et al., 1975), reliance on only one or two weeks of baseline would not allow
adequate management of this temporal pattern. Failing to remove deterministic trend or
weekly cyclicity will leave a larger residual and produce a variable error in the location of
the mean, widening the confidence interval for the effect size, thus reducing precision of
estimation.

4.4.2 Relationship between Criterion and Estimated Intervention Effects
Both of the short baseline versions misestimated the criterion intervention effect,
with some observed effects underestimating the criterion effect while others resulted in
overestimation, with evidence of systematic trends and large magnitude random
variability of ± 1,385 SPD (one-week baseline) and ± 861 SPD (two-week baseline),
contributing to misestimation of the criterion effect size. Systematic error tended to
increase as the observed effects deviated from 1,200 SPD based on the one-week series,
and 1,450 SPD in the two-week series. Observed effects above these points were likely to
overestimate the criterion, while below these points, underestimation was likely. With an
understanding of the best-fitting regression model when investigating baseline of one- or
two-week durations, an analyst would be aware of the potential misestimation of the
criterion effect, particularly with reference to the systematic and random error.
The results of the current study also indicate that the criterion effects estimated
with an intolerable degree of variable error. The regression models between the criterion
and estimated effects based on abbreviated baselines were accompanied by confidence
intervals that are too wide to permit adequate estimation of the criterion effect based on
these models, and should therefore not be employed.
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4.4.3 Precision of Effect Estimation Based on Abbreviated Baselines
When considering the abbreviated forms of baseline, the effect estimation offers
less exact precision than that obtained with the full baseline results (Chapter Three), with
untenably wide CIs, ranging from ± 821 to ± 4,343 based on the one-week series, and
± 632 to ± 2,506 in the two-week series. This is theoretically anticipated, even for the
simplest model based on a stationary mean with uncorrelated residuals, given the reduced
sample size compared to the full baselines. Uncontrolled sigmoid trends within the twoor three-week period increases the residual around the phase mean, as would short lag
seasonal cycles that are not managed. Consequently, when the residual variance is
increased, the CI will be wider, further reducing the decision making utility of
quantitative.
The abbreviated baselines are too short to allow identification of sigmoid
transients that are just emerging, or yet to appear at week three (50%), and do not allow
the estimation of weekly seasonality which requires a minimum of four weeks (Box &
Jenkins, 1970; Glass et al., 1975). Consequently, it is not possible to reduce the residual
variance and, thus the width of the CIs, by modelling the sigmoid transients and weekly
seasonality. Therefore, abbreviated baselines are untenable in the field of walking in
older adults, not as a result of difficulty associated with unidentified stochastic
components, but because there are other processes contributing to the imprecise estimate,
requiring longer baselines for adequate management.
Computed ratios of the CI width to the SPD deficit (i.e., the required intervention
effect to reach the target of 8,500), indicated that only a small minority of the estimated
changes had a CI narrow enough to allow relatively precise estimates of what proportion
of the deficit had been reduced by intervention. This was true for estimates based on
either one or two weeks of data. For example, in three-quarters of cases, hypotheses of no
change up to more than 90% or 72% of the SPD deficit when considering the one- and
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two-week baselines, respectively, could lie within the CI. More than two-thirds of cases
had CIs larger than the deficit for the one-week baseline solution, while for estimates
based on the two-week sample, this occurred in 40% of the cases. Some of the deficits
were quite small relative to 8,500 SPD, so the CI width in those instances would require
great precision to discriminate between good and weak effects. When considering only
those cases requiring an increase of more than 1,000 SPD, minimising the need for
precise CIs, three-quarters of the one-week CIs exceeded 75% of the deficit range, while
69% of the deficit range was exceeded by three-quarters of the two-week CIs. The
magnitude of the confidence intervals based on the brief baselines resulted in imprecise
estimates which would be unhelpful to an analyst. Unless post intervention walking was
well above target, or substantial decrements below the baseline occurred, clear decisions
regarding intervention effectiveness would be prohibited.

4.4.4 Inability to Rely on Abbreviated Versions of the Walking Baseline Series
Daily walking is a highly variable phenomenon in many individuals, which is
evident based on the findings reported in this thesis and the range between typical
walking and desired amount of step counts across the sample. When large variability it
present, even with the simplest model determining SPD values (i.e., a mean plus
uncorrelated residuals), relatively long phase durations are desirable. Some of the
observed variability in the walking series can be attributed to short-term seasonal cycles,
which when modelled, results in reduced residual variance, and narrower, more precise
CIs. However, this requires baselines that are at least long enough to identify the longest
seasonal cycle, which is weekly seasonality. Based on the recommendation that samples
should be at least four times the longest cycle to be estimated, a minimum of four weeks
is advised to capture this temporal pattern (Box & Jenkins, 1970; Glass et al., 1975). The
other main source of predictable variability discovered in the walking series is the
sigmoid transitions that occur with various latencies, implying the need for adequate
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baseline durations to allow modelling of these transitions. To enable most (90%) of the
observed latencies to manifest, plus a week or two beyond, to allow clear modelling of the
new level, the minimum baseline duration would be approximately seven weeks.
There are number of statistical features that require investigation to determine
appropriate phase durations. Particular emphasis is placed on obtaining adequate
precision of estimation and avoiding systematic biases in estimation. In other behavioural
fields, stochastic processes have been found (e.g., Heiby et al., 2003; Houle et al., 2005;
Mann et al., 2006; Matyas & Greenwood, 1999), which also demand long phases for
proper identification (Chapter One). Studies of the type demonstrated in the current
thesis appear clearly indicated for any target response where a SCD is necessary. When
coupled with the technological advances and lifestyle change issues discussed in Chapter
Three, a recommendation to address issues in long-term monitoring and conduct
foundation studies for these target responses seems clearly preferable. The reasons why
short baselines are indefensible do not relate to a problem with the method of analysis for
SCDs per se, but rather, a failure to recognise the natural pattern of behavioural timeseries and the full implications contained in those patterns for statistical estimation and
applied decision making. Thus, it seems appropriate to conclude that more attention
should be directed at how to facilitate the collection of longer periods of baseline and
intervention to obtain a more accurate understanding of temporal patterns and related
phenomena rather than persevering with attempts to eliminate the collection of extensive
series by investigating ways to avoid modelling (e.g., Borckardt et al., 2008; Crosbie,
1993, 1995).
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5 CHAPTER FIVE: INVESTIGATING THE MAINTENANCE OF
INTERVENTION EFFECTS AT FOLLOW-UP

5.1 Aims and Rationale
By the end of intervention participants had already tolerated the intrusions
associated with daily monitoring and intervention for 16 weeks or longer and sufficient
data to address the main aims of the project had been successfully acquired. Nevertheless,
discussion with participants about the potential benefits of post-intervention monitoring
suggested that further monitoring was acceptable to a sufficient number to be beneficial,
provided less than a month’s involvement was required. Additionally, the limited number
of activity monitors available meant that longer phases were not practicable given the
potential overlap of the two participant cohorts. A three-week period emerged as a viable
compromise. While this compromise was not ideal, obtaining a three-week phase was
considered preferable to no follow-up data, which typically occurs in physical activity
interventions with older adults (e.g., van der Bij, Laurant, & Wensing, 2002), and
exceeded the seven-day follow-up phases occasionally observed in pedometer-based
studies (e.g., Croteau et al., 2007). Importantly, while the three-week period was too
short for complete time series modelling, it nevertheless did provide an opportunity to
obtain sufficient data to address some useful questions.
A three-week sample would allow idiographic analysis of the ability of the
sampled participants to maintain increases in walking four months after ceasing
intervention. The four-month intervention period (Chapter Three) enabled the
identification of individually appropriate temporal models, together with the form and
magnitude of the intervention effect. Advantageously, the follow-up data could be
therefore compared against individual estimates of walking increases to examine the
degree of maintenance. These analyses would not be possible when considering the
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group-averaged effects that currently dominate the maintenance literature in this field
(e.g., Resnick & Spellbring, 2000; Talbot et al., 2003; van der Bij, Laurant, & Wensing,
2002).
Despite the numerous benefits associated with physical activity (e.g., Bouchard,
Shephard, & Stephens, 1994; Sims et al., 2006; Netz, Wu, Becker, & Tenenbaum, 2005),
it is difficult to encourage older adults to increase and sustain activity changes (Resnick &
Spellbring, 2000). Intervention effects are typically small and short-lived (van der Bij,
Laurant, & Wensing, 2002), with older adults usually resuming previous inactive patterns
(Conn, Valentine, & Cooper, 2002; Rhodes et al., 1999; Robinson & Rogers, 1994) and
returning to baseline levels once an exercise program finishes (Talbot, Gaines, Huynh, &
Metter, 2003). As the present intervention employed elements comparable to those in the
literature it seemed reasonable to expect similar outcomes. However, one benefit of
confirming the expected lack of maintenance is a strengthening of the inference about the
intervention effect. Just as an ABA design is considered a stronger design than the AB
quasi-experiment (e.g., Hersen & Barlow, 1976; Kazdin, 1982), so a return towards
baseline after withdrawal of intervention would strengthen inference about the effects
observed in the intervention phases. Alternatively, apparent continuation of the
performance increases observed during intervention would enable two other (competing)
inferences, each with useful consequences. One is that the observed increases are due to
the intervention and maintained, which would support further exploration of what might
have been useful in the present package to achieve such an atypical outcome. The
alternative hypothesis generated by maintenance of performance is that the effect was not
due to the package in the first place. This would imply that non-intervention factors can
cause statistically significant and sometimes quite substantial increases in activity after
much longer monitoring than hitherto considered. Such a phenomenon would require
investigation of even longer baselines than the unusually long phases investigated in this
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project. Either interpretation resulting from maintenance of increased levels of activity
would thus open significant new pathways of investigations.
Finally, although three week phases would be too short for sound model
identification, they would allow computation of very short lag autocorrelations. While
the autocorrelation findings would need very careful interpretation, given the findings of
Chapter Four, three weeks was longer than the one and two week sample estimates based
on abbreviated baselines. Moreover, by this stage participants had been amply exposed to
self-monitoring conditions, so it was anticipated that effects of self-monitoring would
either manifest abruptly or not at all, avoiding the delayed transitions of the baseline.
These hypotheses led to the expectation that low lag autocorrelation of significant
magnitude would be less frequent than in the baseline. One caveat was that, when
autocorrelation did occur, interpretation would need to be tempered by the estimation
errors noted in the abbreviated sample study (Chapter Four).

5.2 Method
5.2.1 Participants
Twenty-two (92%) of the participants who completed the intervention agreed to
undertake the follow-up phase. Two participants were unable to be involved due to
medical concerns at the time. Fourteen women (64%) and eight men (36%) participated
in the follow-up, with an average age of 74 (SD = 8.1) ranging from 60 to 85 years. The
average BMI was 26 (SD = 3.6) ranging from 19 to 33.

5.2.2 Materials and Procedure
Approximately four months after completing the intervention, participants were
contacted by telephone to determine their willingness to participate in a follow-up phase.
Consenting participants were again provided with an NL-1000 piezoelectric activity
monitor (Chapter Two, Section 2.2.2.1) and a booklet in which to record daily step counts.
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For three weeks, participants were asked to resume recording daily step counts at the end
of the day in the same manner as during baseline (Chapter Two, Section 2.2.3.3). Each
week, at a predetermined time, the researcher contacted participants to obtain the
recorded daily step counts.

5.2.3 Data Analysis
Follow-up and intervention daily step counts for each participant were analysed
using SPSS (v.16 SPSS Inc.). The time-series analyses were mostly based on the BoxJenkins techniques (Glass et al., 1975) as outlined in Chapter Two (Section 2.2.4).

5.2.3.1 Description of the Follow-Up Series
As described in the baseline and intervention modelling chapters (Sections
2.2.4.2 and 3.2.4.2), sequence charts were examined to determine the form and temporal
patterns present in each participant’s series. Each series was inspected for the presence of
deterministic trend.

5.2.3.2 Model Identification of the Follow-Up Series
Model identification was conducted in accordance with the methodology applied
to the baseline and intervention series in Chapters Two and Five (Sections 2.2.4.4 and
5.2.4.3). Due to the brevity of each series (typically 21 observations), it was impossible
to confidently conduct model identification with only 5 lags available for inspection in the
ACF and PACF (Gorman & Allison, 1997; Huba et al., 1976). Significant levels of
autocorrelation were detected using the Box-Ljung portmanteau lack-of-fit test, with an
alpha level of .05 (Ljung & Box, 1978). The recommended minimum of 50 data points
preferred for accurate model identification (e.g., Box & Jenkins, 1976; Glass et al., 1975;
Kazdin, 1982) was not available, precluding the ability to confidently detect stochastic
processes. Moreover, as a lag-7 autocorrelation required for identification of weekly

TIME-SERIES ANALYSIS OF AMBULATION

179

seasonality would be based on only 7 data pairs, just one-third of the collected sample,
such seasonality could not be soundly investigated (e.g, Box & Jenkins, 1970; Glass et al.,
1975).
The presence of large magnitude positive autocorrelation at early lags suggested
possible stochastic or deterministic processes. In this event, the suspected model was
fitted to the series and the residuals analysed for autocorrelation. For each follow-up
series, the distributions of the residuals around the mean and after model fitting, where
applicable, were tested for normality using the Shapiro-Wilk test (Shapiro & Wilks, 1965)
and examination of histograms and P-P plots.

5.2.3.3 Modelling Confidence Intervals for the Change Between Extended Baseline and
Follow-Up
As outlined in Chapter Three (Section 3.2.4.5), independent samples t-tests were
conducted, without assuming homogeneity of variances. Comparisons examined the
stationary level of the follow-up series with the level of the extended baseline phase,
allowing for non-stationarity and other effects identified by the baseline modelling and
computed 95% confidence intervals for mean differences. Weekly cycles were removed
from the extended baseline series, deterministic trend was fitted to obtain the final level,
and stochastic processes applied where appropriate to reduce the variability from known
sources.

5.2.3.4 Maintenance of Intervention Effects during Follow-Up
The intervention effect sizes for each participant were plotted as column charts
alongside the mean differences between extended baseline and follow-up with 95%
confidence intervals included. This allowed graphic comparison of the proportion of
improvement achieved during intervention that was maintained at follow-up.
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5.3 Results
5.3.1 Description of the Follow-up Series
Participants averaged approximately 21 observations, ranging from 19 to 24 data
points. Descriptive statistics for each participant’s time-series are provided in Appendix
E. The five missing observations from four series were not replaced. Three participants
(14%) reported one instance of forgetting to wear the activity monitor, while one
participant (5%) failed to monitor step counts twice. Missing values occurred mostly
within the first week of monitoring or near the end of the phase.

5.3.2 Preliminary Examination of the Follow-Up Series
The time-series sequence charts and the ACF and PACF patterns of the followup daily step counts for all participants are included in Appendix O. Visual inspection of
the sequence charts indicated that most series appeared to be stationary, at least within the
limitations imposed by the brief phase duration. Most series (n = 18; 82%) appeared to
have a large amount of intra-individual variability. Given the brevity of the series,
identification of trend and cyclicity was limited, with inadequate observations available to
view emerging patterns. Although some series contained data points close to, or above,
the desirable 8,500 SPD criterion (Tudor-Locke & Myers, 2001b), most series fluctuated
below this level.

5.3.3 Model Identification of the Follow-Up Series
Table 9 provides a summary of the proportion of the series accounted for by the
three observed temporal models. After examining the ACF and PACF patterns of each
series (see Appendix O), a clear majority of the series (86%; n = 19) displayed no
significant autocorrelation up to lag 5 and were characterised by a mean level plus
random residuals. There was a suggestion of possible stochastic components in the series
of Participant 34 given large positive autocorrelation at early lags (lag 1
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autocorrelation = .49; Box-Ljung < .05). Fitting an AR(1) to this series resulted in
serially independent residuals which were best fitted by a Gaussian distribution. Two
series (9%) exhibited lag 5 autocorrelation in the absence of notable autocorrelations at
lower lags, allowing the possibility of intra-weekly cycles. The series of Participant 10
showed a five-day positive cycle (lag 5 autocorrelation = .43; Box-Ljung < .05), and the
series of Participant 47 a five-day inverse cycle (lag 5 autocorrelation = -.37; BoxLjung < .05).

Table 9
Proportion of Individual Follow-Up Series Attributed to the Observed Models

Form of serial dependence

N

Percentage (%)

Mean level + random residuals

19

86.4

Seasonality (Intra-weekly)

2

9.1

Stochastic components (Suspected)

1

4.5

The residuals around the mean for each follow-up series were tested for
normality. Approximately 77% (n = 17) of the residuals best fitted by Gaussian
distributions. With one exception, positive skew was present in the series with nonnormal residual distributions, indicating the occasional incidence of high step count days
relative to typical walking levels.

5.3.4 Maintenance of Intervention Effects during Follow-Up
The results of the independent samples t-tests comparing the mean, or the final
level of the observed deterministic trend, of the extended baseline step counts with the
follow-up mean is included in Appendix N. Weekly cycles were removed from the
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extended baseline series where applicable and an AR(1) was fitted to the follow-up series
of Participant 34.
The three panels in Figure 22 represent, for each participant, the mean
differences between: extended baseline and the intervention series (darker shaded
columns); and extended baseline and the follow-up series (lightly shaded columns). Panel
A summarises the mean differences for participants identified as achieving a statistically
significant increase in mean step counts during intervention (n = 15; 68%). Panel B
represents the participants who increased mean intervention steps compared to extended
baseline, but whose increase was not statistically significant with 95% confidence (n = 3;
14%). Finally, Panel C summarises the mean differences for participants who were
unsuccessful in producing a significant intervention effect or failed to increase step counts
during intervention (n = 4; 18%). Panels are ordered by descending intervention mean
differences. The error bars in Figure 22 indicate the 95% confidence intervals for the
intervention and follow-up mean differences. The absence of a statistically significant
effect is evident when the confidence interval crosses the x-axis.
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PANEL A

PANEL B

PANEL C

Figure 22. Column charts representing the intervention and follow-up mean differences
from extended baseline for each participant with 95% confidence intervals. Three panels
illustrate the mean differences for participants who: achieved a statistically significant
intervention effect (Panel A); would have achieved a significant intervention effect given
narrower confidence intervals (Panel B); or, did not achieve a statistically significant
intervention effect (Panel C).
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Inspection of Panel A in Figure 22 indicates that while nine participants (60%)
showed increased mean follow-up steps in comparison to extended baseline, the
difference was only statistically significant with 95% confidence in five cases
(Participants 35, 31, 19, 34, 7). In addition, these CI’s substantially overlap with those
measuring the increase in walking during intervention. In contrast, the CI’s for
Participants 5, 18, 6, 45, 3, 25, 15 and 20 show CI’s that include the null hypothesis and
are either clearly below the intervention phase improvements (Participants 5, 6, 3, 25 and
20), or below with an overlap of the intervention gain CI’s that is less than a quarter
(Cumming & Finch, 2005). These eight participants thus show clear lack of maintenance
of the intervention effect indicated by the significant diminution of gain observed in the
intervention phase and the inability to dismiss the null gain hypothesis for the follow-up
phase. Participants 23 and 47 showed more ambiguous results. Mean gains above
baseline appeared lower than during intervention and the null hypothesis was contained
within their CI’s, but the CI’s for the follow-up and intervention phase overlapped by
more than a quarter, making the comparison of gains in the two phases inconclusive.
With reference to Panels B and C in Figure 22, four series (Participants 16, 22,
36, and 37) show CIs indicating a statistically significant decrease in mean levels during
follow-up compared to baseline. This suggests that the true long-term baseline mean may
be even lower for these series.
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5.4 Discussion
5.4.1 Maintenance of Intervention Effects at Follow-Up
The follow-up effects in this sample are unconvincing, and with only a few
important exceptions, appear quite poor. The follow-up mean differences were
predominantly of a smaller magnitude than the observed intervention mean differences
for each participant, even for those who achieved significant intervention effects.
Consequently, in most cases there was a failure to maintain the improvements in mean
step counts achieved during intervention four months later. This finding is supported by
the exercise maintenance literature which typically reports poor exercise adherence (e.g.,
Conn, Valentine, & Cooper, 2002; Dubbert, 2002; Sidman, Corbin, & Le Masurier, 2004).
This reflects an inability to stimulate adequate lifestyle change to support ongoing regular
walking. Importantly, however, five cases showed continuation of elevated performance,
a conclusion made possible by idiographic methods. The individual time series analyses
allow their continued gains to be distinguished from statistical error, a distinction not
accessible to group data analyses.
Maintenance of physical activity following an intervention has been associated
with: home-based programs; a mediated delivery approach such as the telephone (e.g.,
Chen et al., 1998; Dishman & Buckworth, 1996; King, Taylor, Haskell, & DeBusk, 1988),
mail (Fries, Bloch, Harrington, Richardson, & Beck, 1993), and print materials (Brown &
Lee, 1994; Mayer et al., 1994); and, self-management instruction such as self-monitoring
and goal-setting (King, 2001; Kriska et al., 1986). Despite the current study’s
intervention incorporating these elements (see intervention package description in
Chapter Three, Section 3.2.2.3) and although moderate-intensity activity such as walking
is more likely to be adopted and maintained than vigorous activity (Perri et al., 2002;
Sallis et al., 1986), most participants were unable to sustain the improved walking levels
at follow-up. Indeed, in a number of cases (45%) the mean daily step counts during
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follow-up was of a lower level than that recorded during extended baseline (see Figure
22).
It is unsurprising that in many of the instances where participants achieved
significant intervention effects, gains were not maintained at follow-up given the
evidence that older adults often revert to previous inactive habits following the end of
exercise programs (Robinson & Rogers, 1994; Rhodes et al., 1999). Additionally, it has
been documented that during the first six months after initiating an exercise program,
exercise behaviour decays rapidly (Conn, Valentine, & Cooper, 2002), occurring as soon
as 6 - 12 weeks post-intervention (Croteau, Richeson, Farmer, & Jones, 2007; Sidman,
Corbin, & Le Masurier, 2004; Talbot, Gaines, Huynh, & Metter, 2003).
The preponderance of weak follow-up effects, however, strengthen the inference
that the activity rises observed for a large proportion of cases during the intervention
phase is more likely to be due to the intervention than to extraneous factors. This seems a
reasonable inference given that the follow-up phase forms a quasi ‘return to baseline’
phase, as in standard ABA designs (Hersen & Barlow, 1976; Kazdin, 1982). Somewhat
paradoxically, these findings also provide a context that also is unsupportive of the
conjecture that the five cases who showed continued good elevations did so because their
intervention phase gains were not due to the interventions, but due to extraneously driven
elevations in walking that continued into the follow-up phase.

5.4.2 Model Identification of the Follow-Up Series
Intra-individual variability appeared to be of a large magnitude in the follow-up
series, comparable to that observed during baseline but more than that observed during
intervention. This suggests that while daily step counts during intervention were slightly
more consistent from day-to-day, this was not evident in the follow-up series, which
resembled the baseline series more. The resemblance of intra-series variability to the
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baseline is consistent with the finding that, for most series, mean activity levels also
returned towards baseline levels.
The dominant temporal pattern in the follow-up series was a mean level with
residuals in which autocorrelation could not be detected as significant within the
sensitivity of the sample. The dearth of significant short lag autocorrelation is
inconsistent with the proposition that deterministic functions, or stochastic functions, both
of which generate short lag autocorrelation, are frequent in follow-up phases. The lack of
short lag autocorrelation is also consistent with the prediction that self-monitoring
adaptations like those seen in the baseline would either be very sudden, or absent. This
interpretation seems even more likely in the context of the finding reported in Chapter
Four that when autocorrelation does occur in longer samples, abbreviated samples tend to
exaggerate it.
There were also rare hints that short-term cyclicity might be present, but this
could not be thoroughly investigated within the phase duration available. The most
important seasonal cycle, the weekly pattern, could not be pursued adequately. It is
unclear whether the observed differences in temporal patterns is attributable to the
intervention experience altering the pattern, or whether the follow-up series length is so
short that the evidence for short-term seasonality up to the most common weekly cycle, is
not apparent. The follow-up data partially reinforce the observations from the baseline
series; autocorrelations at the short lags that can legitimately be estimated given the brief
series do not suggest a large problem with inertial trends associated with stochastic
processes. Potentially, once individuals have adapted to self-monitoring, the walking
time-series do not show much positive serial dependence. The phenomena of trend and
cyclicity were observed with less frequency than in the baseline and intervention timeseries (Sections 2.3.4 and 3.3.2.1), whilst deterministic trends were not apparent in the
follow-up series. With only three weeks of data available for analysis, the true temporal
nature of the series may not have emerged. For example, the series of Participant 3
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appeared to have elevated data points towards the end of the phase which might have
stabilised at a new level given adequate time. Additionally, having fewer observations
reduces the power to detect the presence of significant autocorrelation (Suen, 1987; Suen
& Ary, 1987).
Ideally, the analyses of the current study could be improved by collecting followup data for a longer duration to enable accurate model identification and observation of
possible weekly seasonality, deterministic trend, and stochastic processes. Moreover, the
failure to maintain intervention improvements during the follow-up phase in a majority of
cases supports the assertion made in Chapter Three that strategies to assist longer-term
monitoring and perhaps ongoing contact with intervention agents warrants further
investigation to assist enduring lifestyle change.
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6 CHAPTER SIX: GENERAL DISCUSSION

6.1 Rationale for the Current Study
The current project was developed in response to the perceived unfulfilled
potential of single case methodology. A properly designed and conducted SCD can
provide controlled inference and individual-based estimates of outcomes which better
meet the needs of applied clinicians. SCDs can also improve on clinical trial approaches
when strong designs are implemented in an adequate series of cases. It is noteworthy that
a seminal text frequently referred to when modelling time-series (Glass et al., 1975) was
reprinted in 2008 (Glass, Willson, & Gottman, 2008), with minimal apparent changes. It
appears that there is sufficient interest in individual time-series analysis for this book to
be reprinted thirty-three years later.
The analysis of SCDs is viewed as theoretically unresolved (Chapter One,
Section 1.1) given the preference for short phase durations in research and practice
(Barlow & Hersen, 1984; Kazdin, 1984; Marsh & Shibano, 1984) which hampers
accurate model identification and therefore ITSA. In response, attempts have been made
to avoid the process of model identification (e.g., Borckardt et al., 2008; Crosbie, 1993,
1995) and assume that the true nature of the series is known with vastly fewer points than
the recommended minimum of 50 observations for accurate model identification (Box &
Jenkins, 1976; Glass et al., 1975). These approaches are not successful, making
assumptions about behavioural time-series that preclude the identification and explanation
of the complex nature of human behaviour.
Since approaches that seek to avoid model identification do not resolve the
problem (Chapter One), the logical alternative is to investigate the nature of baseline and
intervention series to provide a foundation for ITSA modelling and investigate the
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possibilities for abbreviated phase duration in light of the evidence. As a ubiquitously
valid solution cannot be assumed across target responses, and as the literature lacks strong
archival data with adequately long series, specific behaviours of interest need to be
separately investigated (Chapter One). Walking among the independent elderly presented
a clear example of a field where SCD and ITSA could be beneficial and where time series
can be adequately collected. Therefore, it was considered necessary and appropriate to
investigate the nature of the baseline and intervention time-series of walking in older
adults to identify the potential to achieve healthy walking levels and explore whether
there are any appropriate and logical short cuts that could improve practicability. The
questions that motivated the study were:
1.

Based on an idiographic evaluation of interventions for improving walking
among independent older adults, is it possible to simplify the analytic problems by
adopting a specific model type a priori?

2.

What phase durations should be adopted in this field?

3.

Would the findings in this field justify an effort to solve the analytic and
practical problems besetting idiographic investigation methods, particularly in the
context of the ‘gold standard’ status accorded to clinical trials based on group
designs?

4.

Is there the potential to improve walking in older adults to desirable levels?
Moreover, within the limitations imposed by the quasi-experiment design of the
present study, how effective is an intervention based on best practice suggestions
from recent literature and individual information?

6.2 Summary of Findings
6.2.1 Temporal Walking Patterns Observed in Baseline
In many cases (40%), the walking series could be modelled with a stationary
mean and a serially independent residual, a situation where estimation precision rather
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than model identification is the main determinant of the desirable series length. However,
three different temporal patterns that would be problematic for an applied analyst to
model when there is insufficient data available did occur (Chapter 2). When considered
together these processes appeared with sufficient frequency to introduce some uncertainty
in model requirements: 38% exhibited a stationary level plus short-term seasonal cycles,
most often a weekly cycle; while another substantial subgroup (21%) were characterised
by a non-stationary level, which transitioned fairly abruptly to another, apparently
stationary, level within the baseline phase. Fitting models with sloping straight lines, the
overwhelmingly dominant example in the behavioural literature (e.g., Crosbie, 1993,
1995; Kazdin, 1982; White, 1974; White & Haring, 1980), would be inappropriate in this
field given the increased likelihood of Type I error in the presence of deterministic trend
or seasonality. Moreover, contrary to the findings of investigations of other behavioural
time-series, such as daily stress ratings (Matyas & Greenwood (1999), mood (Heiby et al.,
2003), and alcohol (Mann et al., 2006) and cigarette consumption (Velicer et al., 1992),
the walking data do not show instances of stochastic processes with alarming positive
autocorrelation values.
The proposed solutions for ARMA modelling in the literature attempting to
“bypass” model identification (e.g., Borckardt et al., 2008; Crosbie, 1993; Harrop &
Velicer, 1985; Simonton, 1977) by managing only lag 1 autocorrelation, even if free of
other criticisms (e.g., Huitema, 2004; Huitema et al., 2007), would not be applicable to
this field given that there was no evidence of stochastic processes and more than half of
the sampled baselines were non-stationary. Moreover, those approaches do not manage
or warn analysts about the potential for seasonal cycles or non-linear deterministic trends,
which occurred in a large proportion of the walking series. This is despite the literature
noting the potential for curvilinear trends of adaptation (e.g., Matyas & Greenwood,
1997), seasonal trends in behavioural time-series (e.g., Ferguson, 2005; Gorman &
Allison, 1996; Parker, Cryer, & Byrns, 2006), and transient reactivity to pedometer-based
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self-monitoring (e.g., Croteau et al., 2004; Freedson & Miller, 2000; Matevey et al., 2006;
Schneider et al., 2003).
Stochastic processes were much rarer in the field of walking in older adults than
feared in the literature (Chapter One). Although Huitema (1985, 1986) had previously
argued this case, he did so on the basis of a flawed approach (e.g., Busk & Marascuilo,
1988; Matyas & Greenwood, 1997; Suen & Ary, 1987). Huitema’s (1985, 1986)
conclusions were not supported with reference to the nature of behaviour, with his
(flawed) analyses relying on a heterogeneous sample of behaviours. Examination of long
series from field-specific homogeneous samples suggest a different view: in some areas
such as temporal mood patterns (e.g., Bokström et al., 1991; Heiby et al., 2003) and daily
stress ratings (Matyas & Greenwood, 1999), stochastic processes do commonly arise; in
others (e.g., walking among independently-living older adults) they do not appear to be a
serious obstacle.
As discussed in Chapter One, SMA (Borckardt et al., 2008) and ITSACORR
(Crosbie, 1993, 1995) sought only to control lag 1 autocorrelation generated by assuming
an AR(1) without considering alternative functions to see if control was sufficient in other
cases. For example, lag 1 autocorrelation can result from deterministic functions such as
linear, curvilinear, or logarithmic (e.g., Gottman, 1981; Matyas & Greenwood, 1997).
Moreover, the adjustment for lag 1 autocorrelation suggested by Crosbie (1993, 1995) is
preceded by fitting a straight line with a slope, which would be inappropriate for the
walking series. Analysts need to identify the existing temporal processes before adjusting
accordingly, rather than applying a panacea solution developed through limited
simulations.

6.2.2 Variable Nature of Walking and the Implications
Daily walking was a highly variable phenomenon for many of the sampled older
adults, with the current study identifying the magnitude of variability and interpreting it

TIME-SERIES ANALYSIS OF AMBULATION

193

against the range between typical and desired levels of walking (Chapter Two).
Variability often ranged from clearly sedentary to the levels recommended in the physical
activity literature, and comparable to the range of individual differences between typically
healthy and typically sedentary lifestyles. Not only does this reflect the complex nature
of human behaviour, which would not be evident without conducting model identification
with adequate phase durations, but it also indicates the potential for older adults to
successfully increase step counts during an intervention.
There are several implications associated with the observed high inter-day
variability. For instance, large intra-individual variation showed that, at least for some
days, many relative sedentary individuals achieved desirable levels of walking without
special intervention, further underscoring the potential for a more general improvement.
There are also implications for both the visual and statistical analysis of the data.
Historically, visual analysis associated with SCDs was considered a conservative test,
strengthening behaviour analysis as it detected only robust and reliable effects (Baer,
1977; Kazdin, 1982; Parsonson & Baer, 1986). However, there was little consideration of
the sources of variability, as important and large effects were anticipated to be easily
detectable and random variability considered inconsequential (Baer, 1977). However,
visual analysts are reportedly not as conservative as originally thought, as they are likely
to false alarm when series are characterised by medium or high autocorrelation and large
magnitude variability (Matyas & Greenwood, 1990). With negligible variability, there is
minimal confusion about the nature of the series and occurrence of effects, whereas large
random variation results in difficulty detecting small magnitude effects (Matyas &
Greenwood, 1991). As reported in Chapter Three, the estimation of an intervention effect
is less precise when variability is high, with wider CIs. The consequence of this is
increased false alarm rates and decreased sensitivity to an effect. In the presence of high
variability, longer phase durations are required to increase the precision of intervention
effect estimation.
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High interpersonal variability in the walking data raises queries regarding why
some members of the group are able to perform much better than others, even when they
are in the same age bracket. A future investigation of individual differences may yield
important clues for developing methods that help the more sedentary individuals.
Individual differences in inter-day variability were also interesting. If the walking data
were investigated in the form of weekly averages, which frequently occurs in the walking
literature (e.g., Croteau et al., 2004; Jordan et al., 2005; Moreau et al., 2001), this would
conceal the variability which was so clearly evident in the current study. Individuals with
low variability in their series will allow more precise estimates of the intervention effect,
indicating that different minimum effect sizes can be detected for different people.
Individuals with lower variation may also allow shorter phases in their SCDs, if
deterministic transitions or those rare stochastic trends (as observed in one intervention
series) are not an issue.

6.2.3 Implications for the Required Phase Durations
The findings reported in this thesis indicate that there are a number of
phenomena occurring in the walking series that require longer phases for analysis and
identification. Some of the observed variability can be attributed to identifiable shortterm seasonal cycles, which when modelled, assists with reducing the residual variance
which will narrow the CIs and theoretically improve the precision of effect estimation .
However, this requires baselines that are at least long enough to identify the longest of
these seasonal cycles (i.e., weekly), with at least one month advisable (e.g., Box &
Jenkins, 1970; Glass et al., 1975).
The other main source of predictable variability discovered was the sigmoid
transitions to a higher or lower level that occurred with various latencies. This implied
the importance of having baselines long enough to allow modelling of these transitions.
To allow most (90%) of the latencies to manifest, plus a week or two beyond, for clear

TIME-SERIES ANALYSIS OF AMBULATION

195

modelling of the new level, the minimum duration of baseline would be approximately
seven weeks. This possible habituation to self-monitoring would have remained
undiscovered, potentially hindering the detection of intervention effects, without
reference to the full baseline time-series charts. This highlights a potential oversight
when relying on brief phase durations as, a priori, the presence, direction and latency of
transitions cannot be predicted.
When the findings reported in this thesis are considered together, brief baselines
seem to be untenable in the field of walking in older adults. This is not because of
difficult to model stochastic processes or problems in the method of analysis; this is due
to a failure to recognise the natural pattern of behavioural time-series and the full
implications contained in those patterns for statistical estimation and applied decision
making.

6.2.3.1 Apparent Insensitivity of Autocorrelation Functions to Deterministic Trend
Ten cases (21%) were characterised by statistically significant deterministic
trend functions in the baseline series. In all but one case, the requisite pattern of large
magnitude positive autocorrelation at early lags, which slowly decays in the ACF
accompanied by a white noise pattern in the PACF (Gottman, 1981; Matyas &
Greenwood, 1997) was not observed. While the ACF indicated isolated short lag cycles
up to one week, and occasional significant lag 1 autocorrelation, sustained autocorrelation
was not evident in almost all of these series. The presence of deterministic trend was
pursued because sequence charts suggested that a number of series represented a shift
from one level to another within several days, and in consideration of the expectations in
the literature concerning learning effects (e.g., Haynes & Wilson, 1979; Mahoney, 1977;
Matevey et al., 2006), habituation to self-monitoring (Matyas & Greenwood, 1997), and
transient reactivity effects associated with self-monitoring (e.g., Baird & Nelson-Gray,
1999; Haynes & Wilson, 1979; Korotitsch & Nelson-Gray, 1999). Systematic change to
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a new, apparently stable, level was confirmed by successfully fitting sigmoid transitional
functions, or in one case, an exponential decay function to the series which could be
viewed as a sectioned transitional model: that is a transition that occurred at the start of
the baseline phase (Chapter Two). The effect sizes, reflecting the difference between the
initial and post-transition level, were not trivial, with Cohen’s d exceeding 1.0 for 8 out of
the 10 series. Consequently, there were substantial effects resulting from the transitional
trends that would be missed if relying on the textbook advice of an ACF that remains
elevated, dying out slowly (Gottman, 1981; Matyas & Greenwood, 1997). The reason for
this occurrence requires further investigation given the nontrivial nature of the observed
effects and the potential misestimation of the intervention effect if the final level of the
baseline is not ascertained.
Analysts are advised to be alert to the possibility that if a deterministic trend is
present, the requisite pattern of slow decay in the ACF for deterministic trend might not
be present. Without this archival study, these transitions would remain unnoticed. In this
field, if there is not clear evidence of non-stationarity, it cannot be assumed that the series
is stationary. Consequently, coupling examination of the ACF and PACF with visual
inspection of the time-series chart is supported and recommended. Future research in the
form of simulation or theoretical investigations could further investigate why the
observed transitions were not evident in the ACF and PACF.

6.2.4 Intervention Effect Estimation and Precision
As reported in Chapter Three, the current study established the form of
intervention effects, with reduced complexity compared to baseline. The temporal
patterns changed from baseline, such that weekly cycles diminished, deterministic trend
occurred less frequently, stochastic processes were observed in one series, and a larger
proportion of the series were characterised by a stationary mean with uncorrelated
residuals (71%), suggesting the prevalence of a relatively manageable model. The
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intervention model was relatively simple, typically characterised by a mean level and
random residuals, reduced variability in over half the sample, and with a sudden increase
in level. In some cases the intervention resulted in very poor effects while in others, there
were very large effects relative to the participant’s day-to-day walking variations.
An effort to solve the analytic and practical problems that face idiographic
investigation methods, particularly in the context of the ‘gold standard’ status accorded to
clinical trials based on group designs, appears to be justified by present findings. The
group-based analysis of the intervention effect size indicated a clear rejection of the null
hypothesis, which was not particularly surprising by comparison to other intervention
studies, particularly once population differences are considered (Chapter Three).
Importantly, however, there were stark individual differences in outcomes. Idiographic
analysis permitted conclusions about phenomena that are not accessible in group designs,
but which enhance insight into the intervention phenomena and which are critical to
evidence-based practice.
Some individuals showed sustained improvement during intervention to target
levels with sufficiently narrow estimation intervals to discount weak effects of
intervention. Others clearly failed to show anything like a desirable improvement, even
(on occasion) if showing statistically defensible improvement with rejection of the null
hypothesis. A third subgroup required improvements to target that were of similar
magnitude to the width of their CIs. For these individuals, idiographic analysis indicated
that only ambiguous conclusions could be drawn: both the required effect and much
weaker outcomes were encompassed by the CI. This type of outcome indicates that for
some individuals, longer phases and perhaps more attention to inter-day consistency
during intervention training is desirable to achieve clearer outcomes. Evidence of high
intra-series variability during baseline or intervention phases, in the context of a
potentially adequate mean change, could all act as signals to lengthen phase durations in
an effort to increase CI precision. In applied settings, in the context of a scientist-
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practitioner model, decisions about phase duration could be individually tailored. Group
designs and statistical estimates are less suited to such individual adaptations, but SCDs
are capable of adaptation without affecting all participants. For a group wide overview,
meta-analysis of individual outcomes remains fully viable after such individual
adaptations. Indeed, phase duration can then be examined as an independent or a
moderating variable in the meta-analysis.
The idiographic method allowed not only individual estimation of level of
change, but also individual estimates of consistency over time. These differences in
consistency, which also influence the width of the CI, are potentially important issues for
effect description in addition to qualifiers of overall effect size estimates via the CI.
Differences in time series variability also qualify interpretation of the magnitude of
changes in activity levels, as the concept of individual standardised effect sizes implies.
Some individuals could not achieve the target, but they did obtain changes which, in
terms of their natural range of variation in walking, were high. An individual changing
by a smaller number of steps than another, but in the context of much lower variability is
showing a larger effect relative to their natural span of activity levels, as implied by a
Cohen’s d that uses the baseline standard deviation. The variance based on individual
differences in mean levels of walking was not representative of the variances exhibited by
individual series, as expected theoretically. Intra-series variances showed a very wide
range. Computation of d values using variation between individuals is an entirely
different comparison, one which does not reflect whether the individual’s activity level
has changed towards the upper reaches of their own natural range of variation. Both
methods have something to contribute to interpretation of individual change, as does the
percentage of improvement to target level.
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6.2.4.1 Precision of Effect Estimation
The findings of this thesis clarify the importance of pursuing idiographic
methods by highlighting individual differences in the required target, the point estimate of
achievement, and the precision of estimating what was achieved. Inspection of the width
of the confidence intervals relative to the change required to reach the 8,500 target shows
that the obtained confidence intervals allowed relatively low precision of effect estimation.
Even with the long phases obtained in the current study and residual variance reduced by
modelling weekly seasonality, the instability in daily walking contributes to wide CIs
when estimating the mean level. In most cases, precision was around 50% of the effect
size or worse, indicating that it is not possible to discriminate whether the target effect or
an improvement of only half the desired target was achieved. This level of estimation
precision for the obtained change is not ideal, despite relatively longer term monitoring
than is typical and despite superior modelling, including control of weekly seasonality,
transitions and the stochastic components in one instance. Rather than attempting to find
ways to minimise data collection and devise strategies to bypass model identification, a
focus on improving the precision of estimation is required. Theoretically, this can be
achieved by: reducing series variability, for example, by encouraging more consistent
daily performance, which is also desirable as an intervention goal; modelling seasonality
and deterministic trend; obtaining longer phase durations; or, by accepting conclusions
with greater risk, e.g., by using 80% confidence intervals.

6.2.4.2 Benefit of Reducing Series Variability
In addition to issues concerning correct model identification in the baseline and
intervention phases, these data show that the natural variability of walking is an important
issue for intervention design. Interventions targeting walking in older adults would be
advised to not only increase overall walking levels, but also reduce the day-to-day
variability, achieving consistent activity levels (Nelson et al., 2007). Targeting low
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activity on sedentary days appears an optimum strategy for reducing the observed
variability, with greater health benefits reported when reducing sedentary behaviour
(Kesaniemi et al., 2001).
Reducing the incidence of low-level walking days rather than encouraging
isolated days of uncharacteristically high-level walking would increase the precision of
effect estimation as well as achieving a healthier pattern likely to meet the recommended
activity level of accumulating at least 30-minutes of moderate intensity activity, such as
brisk walking, on most, preferably all days of the week (Commonwealth Department of
Health and Aged Care, 1999; Nelson et al., 2007; Sims et al., 2006). The dose-response
issue maintains that repeated bouts of exercise result in temporary or extended
improvements in structure or function while major health-related changes are attributable
to acute biological responses during and following activity (i.e., the “last bout effect”).
An interaction between these two responses suggests that it is desirable to increase the
number of activity bouts performed during the week in an ongoing manner to achieve and
maintain health benefits (e.g., Gaffney et al., 1985; Gyntelberg et al., 1977a, 1977b;
Haskell, 1994; Kubo et al., 2000).

6.2.4.3 Benefit of Increasing Intervention Phase Durations
Prolonging phase durations would not only improve precision of estimation, but
it would make the data more appropriate for valid model identification, removing the
need for the confused and so far unproductive debate about how to cope with phase
durations that are too short to allow model identifications with reasonable care (Chapter
One). The results of the current study have shown that the requirements for adequate
precision suggest longer phase durations, as do the requirements for model identification.
Debating how to avoid model identification and run shorter phases is pointless if the
imprecision of estimation from shorter phases is too high for reasonable clinical
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judgments of what is likely even when the time series is formed via the simplest model
(mean plus random residuals).
Longer phase durations would also be beneficial for participants with the goal of
intervention to achieve sustainable lifestyle change rather than improved performance
only during one month of intervention. If the individual considers the change sufficiently
important, they will be willing to participate in longer intervention phases, enabling the
continuous revision of estimates and identification of the long-term models. For instance,
it is possible that in the longer term, the walking series could exhibit irregular, larger span
seasonal cycles, or transitional phenomena.
The observed transitions during baseline, the decrease in walking at follow-up,
and the potential to narrow the confidence intervals via longer phases all support a
conclusion that there is a need for longer periods of self-monitoring, although not
necessarily in baseline conditions. Longer intervention phases are supportable from
health achievement perspectives as well as methodological needs, with intervention
considered a better use of limited resources such as time and money (Barlow & Hersen,
1984; Kazdin, 1984; Parsonson & Baer, 1986). Moreover, the ability of older adults to
tolerate pedometer-based monitoring for lengthy periods of 365 days or more has been
documented (Aoyagi & Shephard, 2009; Park et al., 2008; Togo et al., 2008), offering
hope for lengthy intervention phase durations.
Adherence phenomena and the study of effective maintenance of long phase
durations appear to be more important challenges facing SCDs, for both clinical and
analytical reasons. This aspect seems particularly timely, given that technological
developments capable of enhancing self-monitoring, such as 3G+ technology, iPads,
iPhones, micro-computers (e.g., Thiele, Laireiter, & Baumann, 2002) and short message
service (SMS) text (e.g., Berkman, Dickenson, Falk, & Lieberman, 2011; Ebner-Priemer,
& Trull, 2009; Ferguson, 2005) appear to be progressing faster than developments in
either adherence facilitation, or quantitative modelling of target responses. A significant
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barrier to adoption relates to the psychology of adherence, in particular how to use the
available technology to engage an individual in longer term self-monitoring to achieve
lifestyle change. For instance, the frequency of SMS messaging, social media interaction,
the design of appropriate “apps” to prompt the participant, or how to overcome the
resistance of individuals to engage in long-term self-monitoring are issues yet to be
resolved, with the potential applications of available technology remaining unrealised.
Importantly, despite assumptions to the contrary, there is evidence that older adults accept
new forms of mobile communication services and wireless devices, and can rapidly adapt
to its use with adequate training (Mikkonen, Väyrynen, Ikonen, & Heikkilä, 2002).
Attention should be directed at solving the problem of longer term adherence to
monitoring and maintenance of behaviour change rather than investigating approximately
valid statistical methods that will permit shorter phase durations.

6.2.5 Abbreviated Versions of Baseline
While the problems associated with relying on brief baselines can be anticipated,
the analyses of the current study investigated the magnitude by which an analyst would be
mistaken with reference to a four week intervention and lengthy baseline. As reported in
Chapter Four, investigation of short baselines of one or two weeks indicated the tendency
to exaggerate the absolute value of lag 1 autocorrelation which is likely to lead to an
inappropriate adjustment for a fictitious effect, such as assuming an AR(1). While this
may be due in part to sample size effects on estimation of autocorrelation (Huitema &
McKean, 1991), the solution is not simply one of adjusting the estimation formula as
there were other serial dependencies present in the full baseline series that required
modelling (Chapter Two). The tendency to overcorrect autocorrelation by model
overfitting is problematic (Greenwood & Matyas, 1990; Huitema, 1988), potentially
introducing trends that were not evident in the raw data, reducing the accuracy of t-tests,
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and inflating the Type I error rate when relying on brief series (Greenwood & Matyas,
1990).
Brief baselines can obscure substantial transitions that bias the intervention
effect estimate. These transitions appeared to occur in a sufficient number of cases (21%)
to constitute a significant risk. The transitions were of substantial magnitude, whether
viewed in terms of the variability within the baseline series (90% of transitions resulted in
a Cohen’s d close to 1.0 or more), or in terms of the difference between baseline level and
intervention target level (Chapter Three). The recommendation to use the first week of
monitoring as a baseline score, advanced by some in the literature to be sufficiently
representative of a person’s long-term mean (e.g., Croteau et al., 2004; Jordan et al.,
2005), was not supported by present findings, even for group designs.
Given the series brevity, the oversight of seasonal cycles and transitional
deterministic trend is likely to miss an opportunity for better control and increased
sensitivity in analysis. While the abbreviated versions of baseline closely predicted the
criterion mean level in most cases, the presence of a deterministic trend and seasonality
resulted in misestimation. Additionally, reliance on short baselines results in greater
misestimation of the residual variance, and in reduction of the precision of the effect size
estimate, given that smaller sample sizes yield wider confidence intervals around the
effect size estimate. Consequently, the precision of effect estimation based on
abbreviated version of baseline was poor.
The findings of the abbreviated baseline investigations, coupled with the
potential to miss baseline deterministic trend and weekly seasonality, indicated that there
is little to gain from reducing the baseline phase duration when investigating walking in
older adults. Rather, the uncertainty of several temporal processes and the lack of
precision in effect estimation supported the conclusion that longer phase durations are
mandated.
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6.2.6 Maintenance of Intervention Effects at Follow-up
The findings of Chapter Five indicated that, predominantly, intervention effects
were not maintained by most participants four months later during the follow-up phase.
This is supported by the exercise maintenance literature (e.g., Conn et al., 2002; Dubbert,
2002; Rhodes et al., 1999; Robinson & Rogers, 1994; Sidman et al., 2004; Taylor et al.,
2004), reflecting an inability to stimulate adequate lifestyle change to support ongoing
regular walking. The temporal patterns of the follow-up phase could not be thoroughly
investigated given that only three weeks of daily step count observations were available.
Given this limitation, only the level of the follow-up series was available for comparison
with the baseline and intervention phases, with inadequate observations to identify
weekly seasonality or deterministic trend.
While it is acknowledged that the three-week follow-up phase was brief (Chapter
Five), this phase duration exceeded the typical follow-up periods of 1-week reported in
the walking literature (e.g., Croteau et al., 2007; Talbot et al., 2003). In many physical
activity interventions with older adults, follow-up phases are not even conducted (van der
Bij et al., 2002). Consequently, while not ideal, a three-week follow-up phase was
considered preferable to not collecting any further data. The failure to maintain
intervention improvements at the follow-up phase supports the recommendation that
longer term monitoring and perhaps ongoing contact with intervention agents would be
desirable to increase the possibility of achieving sustainable lifestyle change.

6.3 Future Directions
6.3.1 Replication of Current Study’s Methodology in other Fields
Concluding that serial dependence did not exist in the published behavioural
time-series, Huitema (1985, 1986) suggested that complex modelling was unnecessary,
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with traditional statistical techniques based on a flat linear model with random residuals
sufficient to explore single-subject data. The current study found that this was applicable
in a substantial number of baseline cases (40%), with an absence of significant
autocorrelation. Moreover, the baseline phases were longer than the median five to ten
observations noted in the behavioural literature (e.g., Busk & Marascuilo, 1988; Gottman,
1981; Huitema, 1985, 1986; Sharpley, 1987), decreasing the likelihood of
underestimating autocorrelation which occurs when examining short positively
autocorrelated data (Huitema & McKean, 1991; Matyas & Greenwood, 1991). However,
over half of the series exhibited seasonal cycles or transitions in the progress of baseline.
Ignoring these temporal patterns and fitting all series with a straight line would be
inadequate, indicating the need to perform model identification and adjust appropriately.
Given the discrepancy of results from model identification studies, it is
conceivable that there are fields where Huitema’s (1985, 1986) conclusion of no present
autocorrelation is correct, but others where his critics (e.g., Busk & Marascuilo, 1988;
Suen, 1987; Suen & Ary, 1987) are right. This suggests that different answers are
required for different behaviours, warranting foundation studies similar to the current one
in various fields. This would inform analysts about the adequate phase durations required
to accurately reflect the naturally occurring temporal patterns and possible simplifications
to assist analysis.

6.3.2 Consideration of Effect Estimation and Precision
Given the existing dominance of determining whether the null hypothesis can be
rejected, the literature has not considered imprecision issues for short phases, particularly
because analysts do not frequently consider effect sizes and precision of estimation,
underestimating what is required to present actual improvement (e.g., Cumming, 2012).
Arguments about seasonality, deterministic trends and stochastic effects have been mainly
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viewed from the perspective of whether a non-null intervention effect can reliably be
declared (e.g., Busk & Marascuilo, 1988; Crosbie, 1987; Scheffé, 1959; Suen, 1987; Suen
& Ary, 1987). However, other decisions are necessary, such as whether a person requires
an intervention, the change required to obtain target levels, and once the program is
finished, whether the individual has achieved the required target. These questions address
the estimation of an individual’s level of performance and not whether the null hypothesis
can be rejected. Thus, estimation is an informative and appropriate analytic approach.
Analysis of precision of estimation in this field reinforces the need for longer phases, in
support of the theoretical arguments about the advantages of longer phases for model
identification (e.g., Box & Jenkins, 1976; Glass et al., 1975; Kazdin, 1982).
The present study’s results suggest that this type of investigation would be
beneficial in other fields, as time-series models, variability, and precision of estimation
issues are likely to differ across target responses. The findings would help calibrate the
needs of the relevant field of intervention, implying a need to re-energise the investigation
of long-term monitoring methods. The logic that representative samples of SCDs could
actually benefit both the needs of individual applied decisions and the methodology of
clinical trials is adequate justification for increasing the effort to overcome obstacles
associated with long term self-monitoring, particularly the apparent lack of progress in the
psychology of adherence to self-monitoring. This aspect seems particularly timely, given
that technological developments capable of enhancing self-monitoring, such as 3G+
technology, iPads, iPhones, micro-computers (e.g., Thiele, Laireiter, & Baumann, 2002)
and short message service (SMS) text (e.g., Berkman et al., 2011; Ebner-Priemer, & Trull,
2009; Ferguson, 2005) appear to be progressing faster than developments in either
adherence facilitation, or quantitative modelling of target responses.
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6.4 Limitations of the Current Study
To overcome the apparent lack of generalisability inherent in SCDs (Barlow &
Hersen, 1984; Kazdin, 1979), the procedure from the current study could be applied to
other cases to test the repeatability of findings (e.g., Gottman, 1973). Moreover, the
current study could be replicated with other subpopulations as walking behaviour is
expected to vary depending on characteristics such as age (Trost et al., 2002), physical
abilities and environment (Le Masurier et al., 2008; Tudor-Locke, Bittman, Merom, &
Bauman, 2005). Thus, the criticism of the lack of generalisability of SCDs can be
overcome.
The current study aimed to capture a representative sample of independent older
adults, however there were limitations associated with recruitment. Generally, women
are more likely than men to participate in physical activity interventions (Evans, 1999;
Taylor et al., 2004; van der Bij, Laurant, & Wensing, 2002), which was reflected in the
current study’s sample. Future researchers would be advised to consider recruitment
methods targeting community groups with a larger proportion of men, such as Returned
and Services Leagues (RSLs) to obtain a larger sample of older males.
The individuals who volunteered for the current study were mostly active,
independently-living older adults involved in community-based groups, as recruitment
involved a networking strategy (e.g., Stevens et al., 1999) of individuals involved in local
church or community groups such as Probus, Rotary, or the Country Women’s
Association (CWA). It is unlikely that less active and isolated individuals were
represented in the current sample. Future studies should consider approaching GP clinics
to access possible participants who might not be involved in other community activities,
but who attend regular medical appointments.
Given the limited number of activity monitors, participants were split into two
batches with data collection for the first cohort occurring at the end of summer, and the
second commencing at the end of winter. Monitoring across different seasons might have
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influenced the observed series, as physical activity reportedly peaks in the summer and
reaches the lowest point in winter (e.g., Bergstralh, Offord, Sinaki, Wahner, & Melton,
1990; Hamilton, Clemes, & Griffiths, 2008; Togo et al., 2005; Tudor-Locke et al., 2004),
however, this was not formally explored. Ideally, in future research, all participants
would undertake baseline monitoring and complete the intervention at the same time of
year, eliminating any possible confounds associated with different weather conditions.
Alternatively, obtaining even longer phases across seasons would allow investigations of
the impact of weather on each time series. When investigating the potential underlying
causes of intra-weekly seasonality, the relationship between daily step counts and three
weather features (temperature, rainfall and average wind speed) was explored (Appendix
H). While this analysis did not indicate any significant relationship between the weather
features and daily step counts, examining step counts over a one-year period,
encompassing the four seasons could provide a different impression of the influence of
meteorological factors on walking patterns.

6.5 Conclusions
This thesis has demonstrated the potential value of applying a SCD methodology
in the field of walking in independent older adults. The findings of the current study
support a number of important conclusions:



Although 40% of the baseline series could be modelled by an uncomplicated
function (a mean and serially independent residuals), allowing the simplest form
of time series-analysis via mean comparisons, sigmoid transitions at variable
latencies and the presence of identifiable short lag seasonal cycles that add
substantial residual variance, also occurred. This indicated that a strategy that
adopts brief baselines without accurate model identification would not be
advisable. This also highlighted the circumstances that are not amenable to
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methods seeking to avoid model identification, relying instead on routine
algorithms intended to estimate and adjust for lag 1 autocorrelation (e.g.,
Borckardt et al., 2008; Crosbie, 1993, 1995).


When brief baselines were extracted from the longer series, the estimated
autocorrelations disagreed sufficiently with the longer phase estimate to raise
significant concern, further undermining the encouragement to apply methods
based solely on estimation of the lag 1 autocorrelation (e.g., Borckardt et al., 2008;
Crosbie, 1993, 1995).



When combined with findings about time-series analyses based on longer series
with other target responses, the present results indicate that the range of suitable
models will vary across target responses. This conclusion supports the theoretical
literature that has already objected to ‘panacea’ methods (Chapter One; Huitema,
2004; Huitema et al., 2007) seeking to enable solutions based on brief baseline
series.



The variances of the walking series were sufficiently high to prevent CIs of
adequate precision for applied decision making, creating an inability to reject
hypotheses for weak up to strong effects. Abbreviating the series length widened
the CIs even more. This inability to discriminate well, allowing rejection of only
very extreme hypotheses, such as the null or those with very high achievement,
needs to be combated, not supported.



Increased activity, like many other target responses in health management, needs
to be a chronic, sustainable lifestyle change. As such long term monitoring is
desirable for continued evaluation and management. The losses identified for this
program at the follow-up stage underscores this necessity. Effectiveness of longterm monitoring is a significant issue for successful intervention, not just a
challenge for improving analyses of outcome. In the context of technological
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advances exemplified by cheaper and more accurate activity monitors (e.g.,
Abraham, McClain, Getz, & Tudor-Locke, 2008; Bassett, Cureton, & Ainsworth,
2000), digital age communication systems, and sophisticated programmable
portable devices (e.g., 3G-telephony), a relative lack of progress in the psychology
of self-monitoring in the areas of adherence, reliability and validity studies,
appears to be the main obstacle.


Although the present study was not designed to pursue the development of an
ideal program for achieving target achieving, lasting improvements in activity of
independently living older adults, the present findings substantiate evidence from
the literature that there is the potential to achieve such results.



Some individuals showed sustained improvement during intervention to target
levels and sufficiently narrow estimation intervals to discount weak effects of
intervention. Others clearly failed to show anything like a desirable improvement,
even (on occasion) if showing statistically defensible improvement where the null
could be rejected. A third subgroup required improvements to target that were of
similar magnitude to the width of their CIs. For these individuals, idiographic
analysis indicated that only ambiguous conclusions could be drawn; both the
required effect and much weaker outcomes were encompassed by the CI. This
type of outcome indicates that for some individuals, longer phases and perhaps
more attention to inter-day consistency during intervention training is desirable to
achieve clearer outcomes.



The idiographic method allowed not only individual estimation of level of
change, but also individual estimates of consistency over time. These differences
in consistency, which also influence the width of the CI, are potentially important
issues for effect description in addition to qualifiers of overall effect size estimates
via the CI. Differences in time-series variability also qualify interpretation of the
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magnitude of changes in activity levels, as the concept of individual standardised
effect sizes implies.


The clear failure at follow-up to sustain intervention gains emphasises the need to
regard long term intervention and self-monitoring as chronic aspects in a lifestyle
change model, rather than as an isolated strategy for scientific investigations.

All of the conclusions considered above converge to support the investigation of
longer phases as a broader strategy. Longer phases are necessary to achieve desirable
precision, a fact obscured by too much attention to null hypothesis testing in the past (e.g.,
Cumming et al., 2007; Fidler et al., 2004; Schmidt, 1996). The requirement for longer
series is theoretically predicted even for situations fitting even the simplest model (mean
plus uncorrelated residuals). However, longer series will also permit the identification of
more complex models, should the need arise. In-depth investigations of long baseline
series, which seek to identify the nature of baseline time-series in preparation for analysis
in applied settings, seem far preferable to assumption laden ‘panacea’ solutions. An
overview of the small literature on studies with long series other than the present supports
the conclusion that different models will occur with different frequency across target
responses. This literature also suggests the need to develop long term monitoring
methods which would be likely to assist in obtaining and sustaining lifestyle changes.
The need seems to be an applied, humanitarian goal, not just the means for improving
analytic strategy. Enhancements in technology have arguably reached a point where
technical obstacles have largely evaporated. The main problem seems to be in regard to
the psychology of long-term monitoring. The failure to obtain improvements in this area
stands in contrast to high frequency behaviours performed daily in natural environments,
such as text-messaging, time checking throughout the day, regular access to the internet
via portable devices, and updating and maintaining a diary for appointments; all of which
could be harnessed for longer term monitoring. The question of whether long-term
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monitoring is truly an intractable problem requires further consideration, given that
efforts to improve the viability and acceptability of long-term monitoring appears to be a
fruitful goal, potentially stimulating and encouraging enduring and consistent behaviour
change. After all, this would appear to be the predominant aim of most psychological
interventions.
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Appendix B: Information and Consent Form

INFORMATION AND CONSENT FORM
(Participant’s Copy)

BEHAVIOURAL DETERMINANTS OF AMBULATORY ACTIVITY
IN ELDERLY PEOPLE
Doctorate of Psychology – Health (RTS)
Angela Simpson: Ph: 9479 3314 Email: a1simpson@students.latrobe.edu.au
Project Supervisor: Associate Professor Thomas Matyas (Ph: 9479 1742)
Walking is the predominant form of physical activity engaged in by the elderly, and has been
shown to assist in maintaining cognitive function, reduce depressive symptomatology,
cardiovascular events, arthritis pain, and risk of Type II diabetes. Increasing activity levels assists
in achieving greater quality of life and maintenance of functional independence. This investigation
aims to examine the natural patterns of physical activity over time, incorporating a behavioural
choice diary to examine some determinants of this behaviour within an individual. These models
will serve to evaluate and inform interventions seeking to enhance walking, the most significant
source of physical activity in independently living retirees.
Common reasons for people being physically active include achieving health benefits, increasing
feelings of accomplishment, to obtain goals, or to enable socialising. However, little research has
focused on what determines an individual’s choice to engage in physical activity or sedentary
behaviours (such as watching television), at the moment of decision-making. The current
investigation aims to identify what some of these determinants influencing activity choice might be,
at the time of choosing between alternative behaviours. Once such determinants are identified,
there is the potential for individually tailored interventions to be developed, targeting the factors
that will result in increased frequency of physically active choices.
To participate in the investigation, it is necessary that you are living independently in the
community (i.e., not living in a high-dependence nursing home), and are able to walk without a
major impediment. Walking aids, such as walking sticks or frames, are able to be used, as long as
you do not have a physical problem that discourages you from being physically active. As a
participant, you may benefit from being involved in the project, as you will have the opportunity to
gain insight into your daily patterns of physical activity and potentially identify ways to increase
this while engaging in activities of everyday living. Furthermore, by increasing physical activity
levels, this may assist you in achieving a greater quality of life, improving mental and physical
health, and maintaining functional independence. Participation in this study is anticipated to take
approximately four months, with a follow-up occurring four months after the initial phases are
complete. There are no expected risks from participating in this study, as you will not be
requested to engage in vigorous physical activity or exert yourself beyond what is comfortable.
Upon agreeing to be involved in the project, the researcher will visit your home to conduct an
initial interview. During this interview, information will be collected about your height, weight, home
environment, neighbourhood, preferred leisure activities and typical physical activity levels. At this
time, you will be asked to fill in eight short questionnaires commonly used in the domain of
physical activity, measuring mood and attitudes towards health and physical activity. You will be
provided with a NL-1000 pedometer to be used during the study and given verbal and written
instructions about how to operate this simple, unobtrusive device. You will also be given stepcount sheets, to be filled in every day.
For a six-week period, you will be required to attach the pedometer to your waistband or belt
every morning when you get out of bed. The pedometer is to be worn at all times, except when
showering, swimming, or when going to bed. At the end of each day, you will be required to look
at the pedometer display to see how many steps were counted for that day, recording the number
on the provided step-count sheet. Every second day, the researcher will contact you by telephone
to obtain the daily step-counts and to enquire about how you are managing the pedometer. During
this period, you may be invited to participate in a focus group with up to six other participants
involved in the project. The focus group will involve sharing your experience of monitoring your
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daily step-counts and discussion of different factors contributing to being physically active. The
focus group will be audio taped for the purpose of accurate transcription, with confidentiality
ensured. After six weeks, you will again complete the package of questionnaires before
completing a further two weeks of monitoring daily step-counts using the pedometer. After this
two-week period, once more, you will be asked to complete the questionnaires.
For the next two-week phase, in addition to recording daily step-counts, you will be required to
complete a behavioural choice diary. Every second day during the two week period, you will be
asked to fill in the behavioural choice diary immediately before commencing any activity you
anticipate will last for 30 minutes or more. The diary will be easy to complete, requiring you to tick
boxes identifying such things as the behaviour, intentions, sense of importance, expectancies,
deliberately rejected alternative behaviours, and current mood. After two weeks, you will again
complete the package of questionnaires.
Once the behavioural choice diary has been completed, you will be invited to participate in an
intervention, aimed at increasing the amount of physical activity you engage in on a daily basis.
The intervention will be delivered by the researcher in your home, and will involve discussion
about the benefits, common barriers, and expectancies related to physical activity, and
examination of ways to incorporate more physical activity into everyday routines. After an initial
intervention session, for a period of four weeks, you will be required to once again monitor your
daily step counts using the pedometer, reporting to the researcher every second day. Again, you
will complete the questionnaires before returning the pedometer to the researcher.
Four months after the intervention phase, the researcher will contact you to conduct a follow-up.
This will involve wearing the pedometer for a period of two weeks and recording daily step-counts,
reporting them to the researcher every second day.
Confidentiality will be maintained at all times, by numerically encoding all records. Instead of your
name being used to identify your data, you will be allocated a numeric code, such as Participant 1.
All collected data will be stored in password-protected files on a secure university server. The
results obtained from the study will appear in a thesis as a requirement for the Doctorate of
Psychology (RTS). In addition, results may appear in publications such as journals, or may be
presented at conferences. You can request a copy of the results of the study or your personal
data if you wish.
The data collected from this investigation will be preserved for potential use in future projects, with
only the current investigators having access to the data. The data to be preserved will be daily
step-counts and information collected from the behavioural choice diaries. These data will be deidentified, and can in no way be associated with the participant who produced the data. A future
project may require this data in order to conduct statistical analyses of the resultant time-series
models.
You have the right to withdraw from active participation in this project at anytime and, further, to
demand that data arising from your participation are not used in the research project provided that
this right is exercised within four weeks of the completion of your participation in this project. You
are asked to complete a “Withdrawal of Consent Form” or to notify the investigator by e-mail or
telephone that you wish to withdraw your consent for your data to be used in this research project.
Thank you for your participation in this project, which is internally funded by the School of
Psychological Science at La Trobe University.
I have read and understood the information above, and any questions I have asked have been
answered to my satisfaction. I agree to participate in the project, realising that I may withdraw
from the study at any time and may request that no data arising from my participation are used,
up to four weeks following the completion of my participation in the research. If I decide to
withdraw from the project, I am aware that there will be no disadvantage or adverse
consequences. I agree that research data provided by me or with my permission during the
project may be included in a thesis, presented at conferences and published in journals on the
condition that neither my name nor any other identifying information is used.
If you have any comments or concerns regarding this project, please contact either the project
supervisor (Associate Professor Thomas Matyas, phone: 9479 1742) or the Ethics Liaison Officer,
Faculty Human Ethics Committee, La Trobe University, Victoria, 3086, (phone: 9479 3698, e-mail:
k.collins@latrobe.edu.au).
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INFORMED CONSENT
(Researcher’s Copy)

BEHAVIOURAL DETERMINANTS OF AMBULATORY ACTIVITY IN
ELDERLY PEOPLE
Doctorate of Psychology – Health (RTS)
Angela Simpson: Ph: 9479 3314 Email: a1simpson@students.latrobe.edu.au
Project Supervisor: Associate Professor Thomas Matyas (Ph: 9479 1742)

I ……………………………………. have read and understood the information
above, and any questions I have asked have been answered to my satisfaction. I
consent to participating in the project, realising that I may withdraw at any time
and may request that no data arising from my participation are used, up to four
weeks following the completion of my participation in the research. If I decide to
withdraw from the project, I am aware that there will be no disadvantage or
adverse consequences. I agree that research data provided by me or with my
permission during the project may be included in a thesis, presented at
conferences and published in journals on the condition that neither my name nor
any other identifying information is used.
If you have any comments or concerns regarding this project, please contact
either the project supervisor (Associate Professor Thomas Matyas, phone: 9479
1742) or the Ethics Liaison Officer, Faculty Human Ethics Committee, La Trobe
University, Victoria, 3086, (Phone: 9479 3698, e-mail: k.collins@latrobe.edu.au).

Name of Participant (block letters):

Signature:

Date:

………………………………………..

..........................................

………

Name of Researcher (block letters):

Signature:

Date:

………………………………………..

..........................................

………

Name of Supervisor (block letters):

Signature:

Date:

………………………………………..

..........................................

………
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Appendix C: Initial Session Questionnaires

Participant Number: _______________

Male / Female

Date of birth: _____________________

Height: _____________

Weight: _____________

BMI: _____________

Living Arrangement:

Alone / with others

Retired:

Yes / No

Occupation / Previous occupation(s): _____________________________________
Frequency of paid work per week:

_____________________________________

Regular volunteer work: Yes / No

_____________________________________

Common mode of transport:

_____________________________________

Car ownership:

Yes / No

Proximity to public transport:

_____________________________________

Proximity to milk bar / supermarket: _____________________________________

Able to perform home duties:

Yes / No

Maintain own garden:

Yes / No
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The following questions are about your medical background.
Please answer YES or NO for each question.
Do you now have any of the following conditions or problems?
Trouble seeing, even with glasses or contact lenses?

YES

NO

Trouble hearing, even with a hearing aid?

YES

NO

Arthritis or other joint problems?

YES

NO

Back or spine problems?

YES

NO

Osteoporosis?

YES

NO

Fractures (broken bones) such as a hip fracture,

YES

NO

Pain that is made worse by moving around?

YES

NO

Shortness of breath?

YES

NO

Pains in your heart or chest?

YES

NO

Leg pain?

YES

NO

compression fracture or spine fracture?

Have you ever experienced the following while walking, climbing stairs,
working or exercising?
o Chest pain

YES

NO

o Faintness

YES

NO

o Light-headedness or dizziness

YES

NO

o Heat beat irregularities

YES

NO

Has your doctor ever said that you have heart trouble?

YES

NO

Has your doctor ever told you to restrict your physical

YES

NO

YES

NO

activity because of a physical or medical problem?
Are you now receiving treatment for a mental health
condition such as depression or anxiety?
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Do you now have any of the following conditions or problems?
Spells of dizziness, feeling faint or loss of consciousness?

YES

NO

Paralysis, stroke or other neurological problems?

YES

NO

Digestive or stomach problems such as chronic inflamed

YES

NO

Kidney of liver disease?

YES

NO

Asthma, chronic bronchitis or emphysema?

YES

NO

High blood pressure?

YES

NO

YES

NO

YES

NO

YES

NO

bowel, hernia, ulcers, etc?

If YES, how is it being controlled? Please explain:

Diabetes?
If YES, how is it being controlled? Please explain:

Cancer diagnosis in the last 3 years?
If YES, are you currently undergoing treatment?
Do you have any other major health problem or conditions
not mentioned above? If YES, please explain:
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Appendix D: Participant Handout

Helpful tips to remember your pedometer…
 If you wear the same belt each day, keep the pedometer
attached to your belt when undressing every night.
 Keep the pedometer next to your bed; you will be reminded to
put it on when engaging in your morning routine (eg. when
turning off the alarm, putting on your watch, making the bed).
 In the evening, if you lay out your clothes for the next day, sit
the pedometer on top of the clothes.
 Each night, always keep your pedometer in the same place (eg.
near your keys, wallet or handbag).
 Do not take your pedometer off unless you are about to retire
for the day or take a shower.
 After swimming or showering, remember to put your pedometer
back on.
 Be curious about your daily step count; is it the same each day?
Do you think it is accurate?
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Appendix E: Descriptive Statistics for Baseline, Extended Baseline, Intervention and
Follow-Up Phases
Table A1
Baseline Phase Descriptive Statistics
PART.
NO.
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47

N
91
62
59
61
63
63
61
61
62
62
63
63
55
61
58
61
62
56
56
55
111
43
63
59
55
60
55
56
55
53
59
58
55
63
61
56
56
69
44
56
56
51
50
48
63
60
58

M
2056.7
24707.5
6786.7
11099.5
6991.4
8392.3
5157.3
9989.0
10099.0
7486.1
14236.0
9352.6
9508.9
11136.1
4642.8
5169.5
10582.6
7633.4
7608.7
4898.4
10128.5
2723.7
7392.1
8371.6
8032.1
5793.3
5269.6
8349.9
5275.6
5871.9
6252.3
13031.1
8966.5
5228.6
7395.9
5509.4
5615.9
7707.2
7268.0
8103.2
9085.6
8807.4
9030.3
7899.0
5514.1
5050.4
4484.3

SD

MIN

1164.5
4369.3
2354.8
2590.9
2671.0
2046.3
1696.0
2104.1
4139.5
2848.0
4741.3
3704.0
2854.0
5490.8
2158.7
1583.7
2453.9
2002.1
1688.4
850.5
2285.1
1037.0
2839.8
3442.5
3302.0
2077.2
1887.9
2470.0
2495.4
2869.8
2614.4
3252.1
2892.9
2335.9
3610.8
2558.9
2090.3
4257.8
2057.1
1856.7
2251.1
3327.1
4434.6
1988.9
2609.4
2565.8
2032.8

131
16360
2617
3741
2102
3543
2695
6681
3441
2516
2945
2278
4128
1698
971
2166
3814
2765
3856
3149
2776
1233
1612
262
2109
1952
2435
4228
1734
726
1395
6019
3110
1011
2790
1651
2279
24
2238
3771
4501
3640
173
4444
1441
1400
1472

MAX
5056
34115
11162
19601
13781
13181
12237
14534
18209
12767
22241
17634
17088
21480
9792
9310
15751
13362
11349
7052
16581
7414
18887
19425
13923
11658
9810
14116
14441
12234
12844
20077
16567
11148
16922
12802
12797
17255
11653
13488
16001
18594
17129
16062
10635
11187
11503

RANGE
4925
17755
8545
15860
11679
9638
9542
7853
14768
10251
19296
15356
12960
19782
8821
7144
11937
10597
7493
3903
13805
5154
17275
19163
11814
9706
7375
9888
12707
11508
11449
14058
13457
10137
14132
11151
10518
17231
9415
9717
11500
14954
16956
11618
9194
9787
10031
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Table A2
Extended Baseline Phase Descriptive Statistics
PART.
NO.
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47

N
98
93
111
101
101
104
106
102
102
112
112
75
112
94
97
98
91
91
93
71
91
127
100
117
87
84
83
111
87
113
102
96
95
84
84
98
105
112
112
112
111
97
91
114
86

M
24478.9
7001.8
10433.7
6774.8
8066.3
4749.4
9917.4
9503.9
6957.9
14454.7
9239.2
9305.2
11336.1
4587.6
5129.2
10377.6
7802.2
7589.3
4692.2
2549.5
7609.8
7757.9
8745.1
5364.2
5097.8
8190.5
5048.9
6534.6
6116.1
13687.9
9381.8
4962.8
7015.8
5465.2
5744.6
7811.7
7077.7
8745.8
9334.2
8504.1
9395.5
7135.5
5730.3
5037.2
4377.4

SD
5002.4
2311.7
3231.47
2576.5
1949.7
1574.4
2285.0
4017.8
2788.8
5086.4
3412.9
2844.1
5351.6
2272.3
1785.6
2460.4
1907.7
1700.3
889.1
950.9
2685.4
3431.2
3110.3
1870.0
1829.9
2447.6
2350.5
3164.0
2519.7
4025.9
3196.0
2437.8
3630.1
2492.8
2040.7
4276.6
2328.4
2153.2
1979.9
3439.3
4353.5
2337.9
2648.9
2613.4
1959.2

MIN
13772
2144
1865
2042
2781
1462
4183
1536
1459
2945
399
4128
1698
971
2166
3814
2765
2283
2909
900
1612
262
2109
1952
2435
3552
1734
726
1395
1488
3110
1011
990
1506
2279
16
1430
2208
4501
2283
173
1400
1441
1400
1472

MAX
37243
11775
20321
13781
13181
12237
15419
18209
12767
36861
17634
17088
21500
10565
10618
15751
13362
11349
7052
5154
18887
19425
16356
11658
9810
14129
14441
14556
12844
23460
20030
13364
18748
12802
12797
17255
12088
14560
16001
18600
18317
16062
10635
16365
11503

RANGE
23471
9631
18456
11739
10400
10775
11236
16673
11308
33916
17235
12960
19802
9594
8452
11937
10597
9066
4143
4254
17275
19163
14247
9706
7375
10577
12707
13830
11449
21972
16920
12353
17758
11296
10518
17239
10658
12352
11500
16317
18144
14662
9194
14965
10031
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Table A3
Intervention Phase Descriptive Statistics
PART.

N

M

MIN

MAX

RANGE

2

28

26543.9

6373.8

25248

15212

40460

3

23

8944.4

2640.9

10601

4159

14760

5

28

9745.5

1577.3

6184

6196

12380

6

28

10052.6

1290.8

5501

8116

13617

7

30

5847.3

1901.8

7875

1698

9573

8

28

10418.0

2053.3

7366

6500

13866

9

31

9854.9

3256.4

11975

5185

17160

10

31

6471.7

2411.8

9601

1423

11024

15

29

5339.5

2026.4

7973

901

8874

16

29

5811.9

1576.4

5933

3223

9156

17

27

7320.6

3460.8

14831

1865

16696

18

29

10097.8

1035.1

4135

7865

12000

19

29

8925.4

1284.5

5890

7252

13142

20

29

5278.1

1200.3

4571

3332

7903

22

30

3413.8

1576.5

6440

983

7423

23

28

9452.6

3177.8

13977

4985

18962

25

31

10069.9

3099.0

10014

5500

15514

27

36

5644.85

1677.2

6603

2546

9149

28

28

9127.6

2205.9

10311

4471

14782

29

28

6217.6

1890.5

6937

3271

10208

31

31

9141.2

3791.8

13854

2116

15970

34

28

6180.9

2301.9

8097

2248

10345

35

28

9522.2

3782.5

13618

4840

18458

36

33

5758.2

2895.3

10382

2290

12672

37

33

5842.9

2078.5

10136

3012

13148

44

26

8088.7

3202.8

14597

3624

18221

45

28

7490.1

2349.0

9160

2778

11938

47

29

6592.9

2344.1

9499

2984

12483

NO.

SD
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Table A4
Follow-up Phase Descriptive Statistics
PART.
NO.

N

M

SD

MIN

MAX

RANGE

3

19

6727.6

2804.0

2738

12770

10032

5

21

5902.7

1984.5

3480

10919

7439

6

21

7658.9

2140.1

4374

11064

6690

7

21

6700.9

1800.4

2702

10014

7312

10

20

7410.6

1950.5

4542

11427

6885

15

20

5055.8

2686.3

2025

12531

10506

16

21

3578.6

1146.4

1912

6142

4230

18

21

8803.0

1991.1

4046

13207

9161

19

21

8755.4

987.9

7121

11216

4095

20

21

4456.6

1448.0

1930

7215

5285

22

20

2232.0

711.3

1404

4045

2641

23

21

8634.1

2122.6

4538

12078

7540

25

21

8275.6

2679.2

4079

13548

9469

28

21

8298.8

2268.1

4745

12995

8250

29

21

5261.2

1609.2

2690

8395

5705

31

21

7745.1

2215.3

1562

10635

9073

34

24

7255.7

2278.7

3579

11706

8127

35

20

10300.0

4661.4

5965

18135

12170

36

21

4334.3

2211.3

1578

10486

8908

37

21

4958.5

1329.4

1945

7257

5312

45

21

6174.0

2583.0

2041

11446

9405

47

21

5255.0

1979.6

1764

8849

7085
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Appendix F: Baseline Sequence Charts and Autocorrelation Patterns
PARTICIPANT 1

PARTICIPANT 2
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PARTICIPANT 3
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PARTICIPANT 4

PARTICIPANT 5
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PARTICIPANT 6

263

TIME-SERIES ANALYSIS OF AMBULATION

PARTICIPANT 7

PARTICIPANT 8
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PARTICIPANT 9
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PARTICIPANT 10

PARTICIPANT 11
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PARTICIPANT 12
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PARTICIPANT 13

PARTICIPANT 14
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PARTICIPANT 15
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PARTICIPANT 16

PARTICIPANT 17
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PARTICIPANT 18
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PARTICIPANT 19

PARTICIPANT 20
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PARTICIPANT 21
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PARTICIPANT 22

PARTICIPANT 23

274

TIME-SERIES ANALYSIS OF AMBULATION

PARTICIPANT 24
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PARTICIPANT 25

PARTICIPANT 26
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PARTICIPANT 27
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PARTICIPANT 28

PARTICIPANT 29
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PARTICIPANT 30
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PARTICIPANT 31

PARTICIPANT 32
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PARTICIPANT 33
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PARTICIPANT 34

PARTICIPANT 35
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PARTICIPANT 36
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PARTICIPANT 37

PARTICIPANT 38
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PARTICIPANT 39
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PARTICIPANT 40

PARTICIPANT 41
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PARTICIPANT 42
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PARTICIPANT 43

PARTICIPANT 44
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PARTICIPANT 45
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PARTICIPANT 46

PARTICIPANT 47
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Appendix G: TableCurve 2D Charts of Deterministic Trend in the Baseline Series
PARTICIPANT 2
PARTICIPANT 2
Rank 1 Eqn 8012 GaussCum(a,b,c,d)
r^2=0.20514941 DF Adj r^2=0.14937042 FitStdErr=3994.8714 Fstat=4.9898962
a=23505.431 b=4375.22
c=45.590915 d=0.074425311
35000

STEP COUNT

30000

25000

20000

15000

0

20

40

60

DAY

PARTICIPANT 3
PARTICIPANT 3
Rank 1 Eqn 8012 GaussCum(a,b,c,d)
r^2=0.21543476 DF Adj r^2=0.15731882 FitStdErr=2141.9347 Fstat=5.0341733
a=7861.4246 b=-2311.9639
c=27.859608 d=-2.968293
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9000
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2000
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PARTICIPANT 21
PARTICIPANT 21
Rank 1 Eqn 8084 PulseCum(a,b,c,d)
r^2=0.075450447 DF Adj r^2=0.040561785 FitStdErr=2227.7735 Fstat=2.9106779
a=10793.519 b=-1255.6054
c=52.965323 d=0.03512302
17500

STEP COUNT

15000
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0
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100
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DAY

PARTICIPANT 26
PARTICIPANT 26
Rank 1 Eqn 8078 LorCum(a,b,c,d)
r^2=0.2041645 DF Adj r^2=0.14628555 FitStdErr=1902.0785 Fstat=4.7887669
a=4862.9331 b=1867.3422
c=30.00001 d=-3.4111109e-06
12000
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4000
2000
0
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DAY
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PARTICIPANT 27
PARTICIPANT 27
Rank 1 Eqn 8013 LgstcDoseRsp(a,b,c,d)
r^2=0.14755814 DF Adj r^2=0.079362789 FitStdErr=1793.5895 Fstat=2.942709
a=6719.9797 b=-1783.254
c=10.123232 d=-1230.3464
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PARTICIPANT 29
PARTICIPANT 29
Rank 1 Eqn 8115 Decay.5(a,b,c)
r^2=0.16072318 DF Adj r^2=0.11135396 FitStdErr=2329.5879 Fstat=4.9790518
a=4896.0506 b=5363.922
c=11.14335
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PARTICIPANT 31
PARTICIPANT 31
Rank 1 Eqn 8080 LogNormCum(a,b,c,d)
r^2=0.17040326 DF Adj r^2=0.10895165 FitStdErr=2445.3318 Fstat=3.765757
a=3688.5155 b=2890.6772
c=6.6563596 d=0.010012391
15000

STEP COUNT

12500
10000
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2500
0

0
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60

DAY

PARTICIPANT 35
PARTICIPANT 35
Rank 1 Eqn 8012 GaussCum(a,b,c,d)
r^2=0.21614167 DF Adj r^2=0.16015179 FitStdErr=0.18034227 Fstat=5.2390738
a=3.6764706 b=0.2046922
c=44.079775 d=-0.077688455
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PARTICIPANT 38
PARTICIPANT 38 BASELINE
Rank 1 Eqn 8084 PulseCum(a,b,c,d)
r^2=0.28372233 DF Adj r^2=0.23751086 FitStdErr=3557.24 Fstat=8.3182389
a=9912.609 b=-4178.4392
c=37.142925 d=0.1147081
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PARTICIPANT 46
PARTICIPANT 46
Rank 1 Eqn 8080 LogNormCum(a,b,c,d)
r^2=0.21541229 DF Adj r^2=0.15835136 FitStdErr=2332.7668 Fstat=5.125022
a=4593.9808 b=3631.4478
c=8.0119258 d=-0.014626011
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Appendix H: Relationship between Weather and Step Counts for Baseline Series with
Intra-Weekly Seasonality

Table A5
Correlations between the Daily Step Counts of Series with Intra-Weekly Cycles and the
Temperature, Rainfall and Average Wind Speed during Baseline
PART.

TEMPERATURE

RAINFALL

(ºC)

(mm)

NO.

AV. WIND SPEED
(Km/h)

8

0.17

0.03

0.00

9

-0.01

-0.28*

-0.24

10

-0.24

0.06

-0.05

11

0.25

0.04

0.03

12

-0.09

0.05

-0.00

13

-0.02

-0.14

-0.09

16

0.12

0.17

0.06

28

-0.02

-0.08

-0.17

32

0.15

0.13

-0.02

41

0.02

-0.39**

-0.39**

43

-0.17

-0.19

-0.358*

* p < .05; ** p < .01.
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Appendix I: Daily Activity Log (DAL)
 IDENTIFY THE BEHAVIOUR: (LASTING 30 MINUTES OR MORE)
ART/ CRAFT / WOODWORK

HOME DUTIES (Housework/Cooking/Gardening)

CYCLING

PUBLIC TRANSPORT

DRIVING CAR

SITTING / LYING DOWN / STANDING

EXERCISE / SPORT

WALKING

 INDICATE THE PRIMARY INTENTION (PURPOSE) OF THE BEHAVIOUR:
ALLEVIATE RESTLESSNESS / BOREDOM

PLEASURE

COMMUNICATION (Phone / letter writing)

REST / RELAX

DOMESTIC ENTERTAINMENT (TV, reading)

SOCIALISE / ENTERTAIN

EXERCISE PET

TASK / CHORE COMPLETION

FITNESS OR HEALTH

UNKNOWN

GROUP MEETING (Church, club)

WORK RELATED (Paid/voluntary)

 RATE THE FOLLOWING FEATURES ABOUT THE BEHAVIOUR:
a) HOW LIKELY IS IT THAT THE BEHAVIOUR YOU HAVE CHOSEN WILL
FULFIL YOUR INTENTION? (E.G. TO ACHIEVE RELAXATION).
0

1

2

3

NOT AT ALL LIKELY

4
VERY LIKELY

b) HOW ENJOYABLE DO YOU ANTICIPATE THIS BEHAVIOUR WILL BE?
0

1

2

3

4

NOT AT ALL

VERY

ENJOYABLE

ENJOYABLE

c) HOW IMPORTANT DO YOU BELIEVE IT IS TO COMPLETE THIS
BEHAVIOUR RIGHT NOW?
0

1

2

3

NOT AT ALL

4
VERY

IMPORTANT

IMPORTANT

d) IS THERE AN ALTERNATIVE BEHAVIOUR YOU ARE CURRENTLY
POSTPONING IN ORDER TO PERFORM THE CHOSEN BEHAVIOUR?
0

1

2

3

DEFINITELY NOT

4
YES, DEFINITELY

 RATE HOW YOU ARE CURRENTLY FEELING BY SELECTING THE
APPROPRIATE NUMBER:
a)

0

1

2

3

NEGATIVE MOOD
b)

0
FATIGUED

4
POSITIVE MOOD

1

2

3

4
HIGHLY ENERGISED

299

TIME-SERIES ANALYSIS OF AMBULATION





a

b

c

d

a

b





a

b

c

d

a

b

1
2
3
4
5
6
7
8
9
10

11
12
13
14
15
16
17
18
19
20
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Appendix J: Intervention Newsletter

300

TIME-SERIES ANALYSIS OF AMBULATION

Appendix K: Extended Baseline Autocorrelation Patterns
PARTICIPANT 3

PARTICIPANT 5

PARTICIPANT 6
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PARTICIPANT 7

PARTICIPANT 10

PARTICIPANT 15
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PARTICIPANT 16

PARTICIPANT 18

PARTICIPANT 19
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PARTICIPANT 20

PARTICIPANT 22

PARTICIPANT 23
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PARTICIPANT 25

PARTICIPANT 27

PARTICIPANT 28
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PARTICIPANT 29

PARTICIPANT 31

PARTICIPANT 34
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PARTICIPANT 35

PARTICIPANT 36

PARTICIPANT 37
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PARTICIPANT 44

PARTICIPANT 45

PARTICIPANT 47
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Appendix L: Comparison of Extended Baseline and Baseline Series Parameters

Figure A1. Scatterplot of baseline mean step counts against the extended baseline mean
step counts for each participant (N = 24) with a fitted linear regression (light solid line)
and 95% confidence intervals for the linear model (dotted curved lines).

Figure A2. Scatterplot of baseline standard deviations against the extended baseline
standard deviations for each participant (N = 24) with a fitted linear regression (light solid
line) and 95% confidence intervals for the linear model (dotted curved lines).
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Figure A3. Scatterplot of baseline lag 1 autocorrelation against extended baseline lag 1
autocorrelation for each participant (N = 24) with a fitted linear regression (light solid line)
and 95% confidence interval for the linear model (dotted curved lines).

Figure A4. Scatterplot of baseline lag 7 autocorrelation against extended baseline lag 7
autocorrelation for each participant (N = 24) with a fitted linear regression (light solid line)
and 95% confidence interval for the linear model (dotted curved lines).
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Appendix M: Intervention Sequence Charts and Autocorrelation Patterns
PARTICIPANT 3

PARTICIPANT 5
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PARTICIPANT 6

312

TIME-SERIES ANALYSIS OF AMBULATION

PARTICIPANT 7

PARTICIPANT 10
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PARTICIPANT 15
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PARTICIPANT 16

PARTICIPANT 18
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PARTICIPANT 19
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PARTICIPANT 20

PARTICIPANT 22
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PARTICIPANT 23
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PARTICIPANT 25

PARTICIPANT 27
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PARTICIPANT 28
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PARTICIPANT 29

PARTICIPANT 31
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PARTICIPANT 34
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PARTICIPANT 35

PARTICIPANT 36
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PARTICIPANT 37
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PARTICIPANT 44

PARTICIPANT 45
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PARTICIPANT 47
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Appendix N: Independent Samples t-test for Intervention and Follow-up Phases
Table A6
Independent Samples t-tests Comparing Extended Baseline and Intervention Mean Levels
(Equal Variances not Assumed)
Ext.
Part.

Baseline

Intervention

No.

M

M

t

8944.39

2.277*

29.41

1350.33

592.94

#

df

M Diff

SE Diff

3

7594.06

5

6774.78

9745.46

7.556***

71.20

2970.68

393.16

6

8066.28

10052.61

6.373***

64.94

1986.33

311.68

7

4749.42

5847.33

2.889**

41.15

1097.91

379.99

10

6957.86

6471.65

-0.947

56.56

-486.21

513.70

15

4587.64

5339.45

1.696

51.60

751.81

443.32

16

5129.22

5811.90

1.983

51.40

682.68

344.33

10097.79

7.411***

86.56

2024.7

273.20

#

18

8073.09

19

7589.25

8925.41

4.487***

61.99

1336.16

297.76

20

4692.24

5278.10

2.429*

38.06

585.86

241.20

22

2879.04#

3143.83 # #

2.246*

41.89

264.79

285.96

23

7609.76

9452.57

2.778**

39.60

1842.81

663.25

25

8745.14

10069.94

2.078*

50.18

1324.80

637.60

27

5097.76

5644.75

1.602

70.96

546.99

341.51

28

8246.69 #

9127.57

1.741

53.89

880.88

506.04

29

5977.24

#

6217.61

0.550

55.18

240.37

437.13

31

6464.75

#

9141.23

3.661**

39.51

2676.48

731.03

34

4962.83

6180.93 # #

1.975

50.69

1218.10

465.60

35

5411.07 #

9522.18

5.743***

27.16

4111.11

715.90

36

5465.23

5758.21

0.512

51.66

292.98

572.72

37

5744.57

5842.97

0.232

57.64

98.40

424.84

44

7135.48

8088.69

0.914

32.70

953.21

715.12

45

5730.26

7411.48

4.563***

92.90

1682.11

368.47

47

4377.38

6592.86

4.579***

41.98

2215.48

483.85

Note: Equal variances not assumed.

#

Final level of series following deterministic model fitting. # # Mean

level of residuals following application of an AR(1) to entire series. *p < .05. **p < .01. ***p <. 001.
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Table A7
Independent Samples t-tests Comparing Extended Baseline and Follow-Up Mean Levels
(Equal Variances not Assumed)
Extended
Part.

Baseline

Cohen’s

Follow-up

No.

M

M

3

7594.06 #

6727.63

5

6774.78

6
7

df

M Diff

d

-1.274

22.40

-866.43

-0.40

5902.71

-1.733

35.60

-872.07

-0.34

8066.28 !

7658.95

-0.811

26.62

-407.33

-0.22

4749.42

6700.86

4.623***

26.53

1951.44

1.24

7410.55

0.948

27.09

452.69

0.23

!

t

10

6957.86

15

4587.64

5055.80

0.726

25.11

468.16

0.21

16

5129.22 !

3578.57

-5.416***

33.63

-1550.65

-1.13

18

8073.09 #

8803.00

1.534

28.53

729.91

0.39

19

7589.25 !

8755.38

4.304***

46.44

1166.13

0.74

20

4692.24

!

4456.62

-0.722

22.69

-235.62

-0.30

22

2879.04

2232.00

-3.010**

55.39

-647.04

-0.47

23

7609.76

8634.05

1.890

36.40

1024.29

0.38

25

8745.14 !

8275.62

-0.717

31.07

-469.52

-0.16

28

8190.45 !

8298.76

0.205

26.05

108.31

0.06

29

5977.24 #

5261.19

-1.657

42.61

-716.05

-0.34

31

6464.75

#

7745.05

2.321*

33.21

1280.3

0.52

34

4962.83

7255.71 ^

5.087***

45.47

2292.88

0.94

35

4742.42 #

10333.55

5.090***

23.37

5591.13

1.66

36

5465.23 !

4334.33

-2.133*

28.83

-1130.90

-0.56

37

5744.57

4958.52

-2.149*

46.61

-786.05

-0.39

45

5730.26 !

6173.95

0.744

24.98

443.69

0.24

47

4377.38

5254.95

1.825

30.30

877.57

0.45

Equal variances not assumed.
Note: # Final level of series following curvilinear model fitting. ! Weekly seasonality removed
from series. ^ AR(1) fitted to series. *p < .05. **p < .01. ***p < .001.

TIME-SERIES ANALYSIS OF AMBULATION

Appendix O: Follow-up Sequence Charts and Autocorrelation Patterns
PARTICIPANT 3

PARTICIPANT 5
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PARTICIPANT 6
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PARTICIPANT 7

PARTICIPANT 10
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PARTICIPANT 15
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PARTICIPANT 16

PARTICIPANT 18
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PARTICIPANT 19
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PARTICIPANT 20

PARTICIPANT 22
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PARTICIPANT 23
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PARTICIPANT 25

PARTICIPANT 28
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PARTICIPANT 29
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PARTICIPANT 31

PARTICIPANT 34
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PARTICIPANT 35
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PARTICIPANT 36

PARTICIPANT 37
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PARTICIPANT 45
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PARTICIPANT 47
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