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A B S T R A C T

Background: Control systems engineering methods, particularly, system identification (system ID), offer an
idiographic (i.e., person-specific) approach to develop dynamic models of physical activity (PA) that can be used
to personalize interventions in a systematic, scalable way. The purpose of this work is to: (1) apply system ID to
develop individual dynamical models of PA (steps/day measured using Fitbit Zip) in the context of a goal setting
and positive reinforcement intervention informed by Social Cognitive Theory; and (2) compare insights on
potential tailoring variables (i.e., predictors expected to influence steps and thus moderate the suggested step
goal and points for goal achievement) selected using the idiographic models to those selected via a nomothetic
(i.e., aggregated across individuals) approach.
Method: A personalized goal setting and positive reinforcement intervention was deployed for 14 weeks.
Baseline PA measured in weeks 1–2 was used to inform personalized daily step goals delivered in weeks 3–14.
Goals and expected reward points (granted upon goal achievement) were pseudo-randomly assigned using
techniques from system ID, with goals ranging from their baseline median steps/day up to 2.5× baseline median
steps/day, and points ranging from 100 to 500 (i.e., $0.20–$1.00). Participants completed a series of daily self-
report measures. Auto Regressive with eXogenous Input (ARX) modeling and multilevel modeling (MLM) were
used as the idiographic and nomothetic approaches, respectively.
Results: Participants (N=20, mean age= 47.25 ± 6.16 years, 90% female) were insufficiently active, over-
weight (mean BMI=33.79 ± 6.82 kg/m2) adults. Results from ARX modeling suggest that individuals differ in
the factors (e.g., perceived stress, weekday/weekend) that influence their observed steps/day. In contrast, the
nomothetic model from MLM suggested that goals and weekday/weekend were the key variables that were
predictive of steps. Assuming the ARX models are more personalized, the obtained nomothetic model would
have led to the identification of the same predictors for 5 of the 20 participants, suggesting a mismatch of
plausible tailoring variables to use for 75% of the sample.
Conclusion: The idiographic approach revealed person-specific predictors beyond traditional MLM analyses and
unpacked the inherent complexity of PA; namely that people are different and context matters. System ID
provides a feasible approach to develop personalized dynamical models of PA and inform person-specific tai-
loring variable selection for use in adaptive behavioral interventions.

1. Introduction

Since the National Research Council report [1], there has been an
explosion of interest in “precision” medicine and related efforts, such as

personalized digital health interventions to foster behavior change.
While the exact definition of precision medicine is still being specified,
a general theme of the various efforts is that individual differences,
contextual differences, and changes to both, the person and context
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over time can all be taken into account to provide the optimal inter-
vention for a particular person when they need it. Within the realm of
digital health/mobile health and persuasive technologies (henceforth
labeled ‘mHealth’) for behavior change, taking individual differences
into account requires the empirical development of decision policies
that can use information about people in the form of tailoring variables
to specify the selection of one intervention option over another [2].
Tailoring variables can be defined as predictors that are expected to
moderate the effect of the intervention for a given individual [2].
Tailoring can be static, using time-invariant predictors (e.g., sex), or
dynamic, using time-varying predictors, such as different states of the
individual (e.g., stress, busyness) or different contexts (e.g., at home vs.
at work; day of the week) for more personalized adjustments of the
intervention dosages over time [3–5].

Much within-person or intra-individual variability in behavior and
psychological processes exists. Specifically, since many of these pro-
cesses have time-varying characteristics, they are thought to be non-
ergodic processes, i.e. they are heterogeneous across people and across
time [6–8]. Yet, most researchers, even those studying time-varying
variables, pool individuals together and make ‘aggregated' between and
within-person predictions (referred to as nomothetic approaches) to
model responses to interventions [6,9,10]. Although a significant
overall effect might indicate a strong influence of a variable on an
outcome or its role as a moderator of an intervention’s effectiveness for
a typical subgroup, there are often many individuals who respond dif-
ferently than the average person or whose data do not fit the population
model [11,12]. For example, a nomothetic model might identify stress
as a moderator of the relationship between a physical activity (PA)
intervention and PA. The model could indicate that, on average, in-
dividuals respond well to the intervention on days that they are less
stressed, but not on days that they are highly stressed. A follow-up
question might be: Is it possible that this relationship does not hold for
everyone? Could there be some individuals whose activity is not as
affected by their stress levels but instead by some other aspect of their
life (e.g., day of the week)? Could there be some individuals that re-
spond more favorably to the intervention when stressed? Moreover,
could this relationship change over time? This information is largely
averaged out when nomothetic approaches are utilized, unless very
clear moderation hypotheses are specified that would account for dif-
ferential responses. Some of the above questions about individual dif-
ferences can be answered by using analyses that allow specification of
not only fixed (aggregated) but also random effects (individual devia-
tions from the group mean). But even these analyses place greater
emphasis on the nomothetic insights, with the random estimates in-
corporated more as a mechanism of control as opposed to a unique
research target, and the idiographic responses are examined in terms of
how much individuals differ from group-level information [8,13].
Secondary analyses comparing idiographic and nomothetic analyses
conducted on the same data also show vast differences in inferences
between the two approaches [7,8,14], supporting the importance of
further comparisons and highlighting that person-specific approaches
may identify unique variables for behavior change leading to better
explanation, prediction and control of complex behaviors. Overall, ro-
bust scientific practices that can support the creation of idiographic
models are strongly needed.

With idiographic approaches, the aim is to make individualized
predictions by examining within-person variation over time [6–8]. An
experimental design and analytic suite of methods, called system
identification (system ID) [15] is feasibly well matched to this problem
as it provides strategies for developing idiographic dynamical models.
The purpose of this paper is to present the methodology of system ID for
creating individual dynamical models of behavior to support, among
other things, tailoring variable selection. First, we describe our use case
of an adaptive goal setting and positive reinforcement intervention for
increasing Fitbit-measured steps/day. Next, we describe the logic of
system ID, followed by methods that were used to generate

individualized dynamical models. Finally, we contrast findings from the
idiographic analyses with those using a nomothetic, multilevel mod-
eling (MLM) approach with respect to the match between plausible
tailoring variables obtained from the nomothetic model, and each in-
dividual’s dynamical model.

1.1. Adaptive approaches for physical inactivity

Physical inactivity is one of the leading behavioral risk factors as-
sociated with mortality worldwide, with most adults being in-
sufficiently active [16–18]. PA is a complex behavior because both
static and time-varying factors can impact an individual's ability to
engage in PA over time (such as each day, week, month, etc.)
[10,19–21]. Therefore, it is a logical use case for exploring potential
idiographic response patterns to treatments/interventions. In addition,
within the realm of mHealth technologies targeting PA, it is increas-
ingly being realized that one-size-fits-all approaches might not be en-
ough to achieve sustained improvements in PA or to maintain users’
interest and usage of the technology [9,10,22,23]. Beyond this, work
from persuasive technology research also suggests that in addition to
factors such as perceived credibility of the system and interactive fea-
tures such as providing feedback on performance, task-related support
features such as tailoring and personalization of the intervention con-
tent (e.g., step goal itself) to be more responsive to a user’s changing
needs and context are important in order to develop engaging and
potent technologies that shape PA behavior over time [24].

Adaptive interventions are a class of interventions that recognize
the need for dynamic decision-making and personalization of inter-
vention components in addition to the traditional, static tailoring ap-
proaches used in most behavior change interventions [2–5]. Adaptive
interventions use time-varying tailoring variables to inform the inter-
vention’s decision framework and re-adapt continually over time as the
intervention progresses.

Behavior change techniques of goal setting and positive reinforce-
ment lend themselves well to adaptive interventions and are founda-
tional to many treatment approaches and mHealth technologies
[25–27]. Step goals can be adjusted and communicated daily with re-
ward points for goal attainment using smartphones and step-based
wearables. Previous studies have shown that interventions assigning
daily step goals that adapt to a person's own PA levels over time and
reward goal achievement via points and financial incentives were more
successful in increasing steps/day as compared to interventions with a
static daily goal of 10,000 steps/day [28,29] or as compared to a no-
intervention control group [30]. In addition, results from Adams et al.
[29] showed that the group receiving adaptive goals exhibited a slower
decline in steps over the duration of the intervention, suggesting that
adaptive goals were more successful in maintaining the increases in PA
over the 4- month intervention period. This work highlights the po-
tential for adaptive interventions to foster sustained behavior change,
though further work is needed. For example, one area of future work
could be to take into consideration factors that impact a person’s daily
steps beyond the intervention, such as weather, location, day of the
week, social settings, or even psychological factors such as self-efficacy,
commitment to being active or perceived stress. Insights on those fac-
tors, particularly if created at an idiographic level should, theoretically,
support even more targeted and appropriate suggested step goals and
points. The focus of the current study is to develop individualized
models that can inform this target of selecting person-specific time-
varying tailoring variables that can be used in adaptive goal-setting
interventions.

1.2. Control systems engineering in behavioral research

Control Systems Engineering is a field that studies how a dynamical
system (for example, a model explaining daily PA behavior) can be
regulated (by manipulation through an intervention) to achieve the
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desired outcome (e.g., increase in PA to recommended levels) over
time. The idiographic, multivariate, time-varying and non-linear nature
of human behavior lends itself well to be studied using control systems
principles [31]. Further, the development of dynamic models requires
intensive longitudinal measurements. Smartphones and wearable
technologies are well equipped to support such measurements by
tracking a wide range of factors passively (e.g., steps, location, weather)
as well as actively through user self-report (e.g., perceived stress) in a
less burdensome manner. Recently, these methods have been applied in
behavioral contexts, predominantly through secondary analyses of data
from clinical and behavioral interventions [12,32,33]. One study fo-
cused on developing a dynamical model for understanding gestational
weight gain [32]. Another used control engineering methods to develop
a dynamical model of the relationship between fibromyalgia treatment
and symptoms to inform an adaptive intervention capable of adjusting
and assigning optimal treatment dosages over time [33]. These studies
have established the proof-of-concept to apply these methods as the
primary methodology. Two methods from control systems engineering,
particularly, system ID and model predictive control together offer the
methodology and decision framework for development of adaptive in-
terventions.

1.2.1. System identification
System ID is a data-driven suite of methods that are used to develop

dynamical systems models from input-output measurements coupled
with prior physical and conceptual knowledge [15]. The primary focus
is on modeling variations and responses within longitudinal data on a
case-by-case (N-of-1; single-case; idiographic) basis. It explores the re-
lationships between the 'inputs', which includes the manipulated vari-
ables or intervention components (e.g., daily step goal and points) and
time-varying disturbance variables (e.g., perceived stress, weather),
and the predicted 'output' or outcome of interest (e.g., actual steps taken
per day) for a given individual over time. This idiographic approach
provides insights on predictors of behavior most relevant to each in-
dividual that can be used as person-specific tailoring variables to per-
sonalize decision rules and intervention dosages even for those in-
dividuals that might be mis-matched to the population model.

System ID extends from experimental design up to parameter esti-
mation and validation. First, an appropriate ‘informative’ experiment
needs to be designed in a way that allows the development of a model
that contains preliminary information about the dynamics of the
system. Such an experiment is called an open-loop experiment and is the
focus of this work [34]. This experiment is termed open loop because
the intervention option (step goal) is pre-specified, and does not take
into account the individual’s measured behavior to determine future
goals. An open-loop informative experiment randomizes the delivery of
intervention components within-person over time in a way to produce
sufficient excitation within the system to test how the intervention
components affect behavior in different states (e.g., weekdays vs.
weekends, when busy vs. not busy). This allows for causal inferences to
be drawn at the dynamic, within-person level, thus providing the em-
pirical data for a dynamical behavioral model.

An open-loop informative experiment can be considered the control
systems version of a pilot study or the Preparation Phase as used in the
Multiphase Optimization Strategy or MOST [35,36]. The measured
variables used in these modeling efforts can be based on a conceptual
dynamical model that includes specification of model structure and
mathematically-defined, theorized inter-relationships between vari-
ables. For example, this work is based on a dynamical conceptual model
of the Social Cognitive Theory (Fig. 4), briefly described in Section 2.6
[37–39]. System ID is an iterative procedure whereby execution of the
experiment is followed by data preprocessing, model structure de-
termination, parameter estimation, and finally, model validation until a
suitable model is obtained [33,40]. Detailed information about these
steps as carried out in the current study is provided in Section 2.

1.2.2. Model predictive control
Models derived from the open-loop experiment can then be in-

corporated into a 'closed-loop' control system, which consists of the in-
tervention's decision framework and algorithms to achieve the desired
behavioral outcome. The controller algorithm aims to determine an
appropriate intervention dose (e.g., daily step goal and points) using a
combination of the predictive model, repeated real-time assessments of
the relevant variables, and additional optimization constraints (e.g.,
never assign a goal higher than 5000 steps more than the previous day).
The aims of a control system are to: (1) reach the desired goal (e.g., a
sustained increase in daily PA up to 10,000 steps per day); (2) handle
the effects of measured factors known to influence behavior; and (3)
handle the effects of unmeasured factors (i.e. the controller will adjust
the daily step goals if there is a change in PA that the model cannot
explain). An in-depth discussion on control engineering and its appli-
cation in behavioral interventions is provided in [31]. It should be
noted that the focus of the current study was the first step in this pro-
cess; that of building the dynamical models, NOT incorporating them in
a model predictive controller. This information is included to equip the
reader with conceptual knowledge of how the dynamical models will
ultimately be incorporated into an adaptive intervention framework
using control systems engineering methods.

The eventual goal of this research is to develop an adaptive inter-
vention using model predictive control that can predict an ‘ambitious,
but doable’ (to avoid negative effects of overly high goals but still
produce increases in PA) daily step goal and expected reward points for
an individual based on what the system knows about them. The current
pilot study is one of the first steps in this process.

1.3. Current study: the Just Walk pilot study

Just Walk is a pilot, open-loop system ID informative experiment
that was designed to develop dynamical models that attempt to un-
derstand observed steps/day as the outcome of interest on a case-by-
case basis [40]. Previous analyses from this study have reported the
mean change in PA, which indicated that, on average, participants
significantly increased their daily steps by 2650 steps/day over
14 weeks (t= 8.25, p < 0.01) from the baseline phase to intervention
completion, based on a linear mixed effects model [41]. This work in-
dicates that on average, our intervention can produce meaningful in-
creases in steps. In addition, previous work [42] has delineated the
mathematical equations and other logical proofs expected for appro-
priate validation for system ID. The focus of this paper is to expand
upon this previous work by describing the methodology of the system
ID informative experiment for both, an informatics and behavioral
science audience and demonstrate what is uniquely learned from use of
idiographic dynamical systems modeling as compared to a traditional
nomothetic MLM analysis with regard to plausible tailoring variable
selection.

2. Method

2.1. Overview

The study was designed using system ID experimental design prin-
ciples that involve pseudo-randomization of the intervention compo-
nents (justified below). The total duration of the study was 14weeks.
Participants were provided a Fitbit Zip activity tracker along with an
Android based app called Just Walk. The Fitbit Zip has shown strong
validity for measurement of steps in free living conditions in numerous
studies [43,44]. Weeks 1–2 were the baseline phase; this was used to
assess participants' initial PA level. During this phase, they were asked
to use the Fitbit Zip at all times and to maintain their usual routine.
Weeks 3–14 were the intervention phase, in which participants received
a daily step goal and were notified of the available reward points they
would earn if they met their goal. Each participant's daily goals were
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individualized based on their own baseline PA level. During all
14 weeks, participants answered daily morning and evening surveys
covering a range of psychometric measures delivered via the Just Walk
app. The university’s Institutional Review Board approved the inter-
vention and data collection procedures.

2.2. Participants and screening process

Participants were generally healthy, insufficiently active, over-
weight adults, aged 40–65 years using an Android (v 2.3 or higher)
phone, interested in participating in a walking intervention and living
anywhere in the United States. Walking interventions are an important
target for this at-risk group as most can safely fit walking into their
lives, but only one-third meet recommended physical activity guide-
lines [45–48].

Recruitment was carried out using Facebook, Twitter and university
listservs. All participants completed a screening survey to assess elig-
ibility for the study. The level of PA was assessed using the
International Physical Activity Questionnaire (I-PAQ) short form [49]
and BMI was calculated using self-reported height and weight. In-
dividuals with BMI < 25 kg/m2 and activity levels of more than 1000
MET-minutes/week were excluded from the study. Participants who
had any medical condition(s) that compromised participation in a PA
intervention as assessed by the Physical Activity Readiness Ques-
tionnaire (PAR-Q), were pregnant, did not have regular access to the
Internet on their phone, and/or were currently participating in another
exercise or nutrition program were also excluded from the study. Par-
ticipants who were deemed eligible were given more detailed in-
formation about the study and invited to participate. Those who con-
sented and completed a baseline questionnaire were then sent a Fitbit
Zip, the Just Walk app (as an attachment through email) along with the
study user guide. The user guide provided detailed instructions for the
initial setup. Participants were also asked to download and install the
Fitbit app (but instructed to avoid opening it throughout the duration of
the study) so that data from the tracker could be synced frequently with
the Just Walk app. Fig. 1 shows the process of recruitment that was
carried out from June-October 2015.

2.3. Study design

The unique experimental design strategies that are part of system ID
allow the researcher to examine changes in the behavior of interest in
response to varying levels of intervention components (e.g., different
values of daily goals, ranging from low to high) and to changes in
context and psychological states.

The study used an orthogonal multisine experimental design that
involves pseudo-randomization of the intervention components. A
multisine pseudo-random signal is one that appears to be random but
is in fact deterministic and periodic. Such a signal can help produce
sufficient excitation in the behavior, particularly important for gen-
erating dynamic models. These signals can be repeated; thus enabling,
through statistical properties, not only model estimation but also more
rigorous validation of a dynamical model [50]. The pseudo-rando-
mization strategies used in these experiments are carried out at the
within-person level, allowing inferences to be drawn at the individual
level and strengthening the confidence in these models. For detailed
information about the logic of multisine signals, pseudo-randomiza-
tion and a mathematical description of the experimental design, refer
to [34,51].

As system ID methods focus on modeling dynamics within in-
dividual systems, power for such experiments is not achieved by the
number of participants but in other ways such as an appropriate study
length and validation and cross-validation data [40]. The power cal-
culation was based on 'cycles', that are set time-periods which define
the multisine signal [34]. This type of a design maximizes the signal-to-
noise ratio and helps to assess progressive model fits via the use of both

estimation and validation cycles. Simulations to determine the
minimum cycle length required to ensure sufficient excitation and to
enable the two intervention components to be delivered orthogonally
indicated that at least 3 independently excited sinusoids per signal per
cycle were required. To have at least 3 sinusoids per signal, the sam-
pling time should be at least 12 days or more (this process and under-
lying equations are explained in detail in Martín et al. [51]). Con-
sidering that the decision period should be as short as possible, a cycle
length of 14 days each was deemed appropriate. To avoid aliasing
specific goals and points with day of the week, this duration was in-
creased to 16 days. Based on existing literature on physical activity
interventions and available resources, a total intervention length of 5
cycles (∼12 weeks) was selected as the duration for this pilot work.

2.4. Intervention components

Both intervention components were pseudo-randomly assigned on a
daily basis for 12 weeks of the intervention as described below.

2.4.1. Step goals
The median value of steps/day from the baseline period was con-

sidered as the representation of every individual’s usual level of ac-
tivity. Days with fewer than 500 steps were deemed as non-wear days
and excluded from this calculation. Daily step goals were then assigned
as a factor of this baseline PA from 'doable' (i.e., baseline median steps/
day) to 'ambitious' (i.e., up to 2.5× the baseline median) individually
for each person. This approach was used in order to induce sufficient
variability and be able to model individuals’ behavioral responses to
different goals and expected reward points in different states and con-
texts. For most participants (n=11), goals assigned were up to 2x their
baseline median steps/day. So if a person had a baseline median of
4000 steps/day, their daily goal would range between 4000–8000
steps/day. However, the factor was varied if the median value was too
low or too high. If a participant’s baseline median value was below
3000 steps/day, the maximum goal was increased to 2.5x to avoid as-
signing very low goals (n= 6), while if the baseline median was above
7500 steps/day, the maximum factor was reduced to 1.75×, to avoid
assigning overly high goals (n=3).

2.4.2. Positive reinforcement
Daily expected points ranged from 100 ($0.20) to 500 ($1.00) and

were granted if the participant met their assigned goal. Participants
received a $5 Amazon Gift Card electronically every time they accu-
mulated 2500 points. Participants were notified of the expected points
for the day at the same time the goal was assigned every morning.

Factors for both intervention components were chosen in a way
that both signals were orthogonal in frequency. A different experi-
mental design was used for every individual to allow for control of
ordering effects across participants [34]. Each participant thus re-
ceived a unique sequence of daily goals and expected points that re-
peated every 16 days for a total of five cycles. Fig. 2 illustrates an
example of the experimental design for one participant. This in-
dividual was assigned goals up to 2x their baseline PA of 4317 steps/
day. It should be noted that each participant’s goals for the entire
study duration were based on their initial baseline PA and were not
adaptively increased or decreased over time. The aim was to repeat
the intervention sequence multiple times, allowing the five cycles to
be comparable and utilized as estimation and validation sets for dy-
namical modeling. This research design and process allowed us to
identify important individual-level time-varying variables that af-
fected participants’ PA in addition to goals and points.

2.5. The Just walk app

Just Walk is the Android-based mobile application developed to run
the experiment. The system relies on the Fitbit API to collect the user’s
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Fig. 1. Just Walk Recruitment Process (adapted from Korinek et al., 2017) [41].

Fig. 2. Example of the experimental design for one participant. Figure displays participant’s actual PA during baseline phase, followed by daily goal and expected point sequences that
repeated every 16 days for 5 cycles.
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step data. The password-protected encrypted system includes a back-
end database and a web service for monitoring participants’ activity.
The app has a simple user interface that displays the user's progress
towards their daily goal, expected points for that day, their step and
goal achievement history, and total accumulated points (Fig. 3).

2.6. Measures

Our past work [38,39] simulating a dynamical model of the Social
Cognitive Theory (SCT; Fig. 4) [37] helped to inform the measures and
anticipated relationships that drive behavior change. The complete
description of the SCT model is beyond the scope of this paper. But in

Fig. 3. Screenshots of the Just Walk app. The
number inside the gold medallion represents the
expected points, the red box displays the step
goal, and green box displays steps since the latest
sync with Fitbit. Fig. 3(a) displays the app widget
that participants were advised to keep on their
homescreen. Fig. 3(b) displays the opened app
displaying progress towards current goal and step
and goal achievement history. Fig. 3(c) displays
an example of a daily morning survey question.
(For interpretation of the references to colour in
this figure legend, the reader is referred to the
web version of this article.)

Fig. 4. Fluid analogy of a dynamical model of social cognitive theory.
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short, it is a mathematical fluid analogy model of the SCT developed
using previous literature, simulations and secondary analyses. This
model depicts how various factors interact to impact behavior over
time. This model is based on a daily time-scale. The primary constructs
are considered to be ‘inventories’ (self-efficacy, outcome expectancies,
behavioral outcomes, self-management skills, and the actual behavior
of interest). The other variables are inputs that are theorized to increase
or decrease behavior, and can be external or internal to the individual.
Examples of these are perceived social support, perceived barriers to
being active, intrapersonal states, environmental context and internal
and external cues to action [38].

A number of variables were measured as part of the study to enable
the eventual goal of testing and building a dynamical model of the SCT,
but only a subset was used in these preliminary analyses. Incorporating
all of the measured variables in an exhaustive analysis such as the one
utilized for this study would be computationally demanding and is
accompanied by the risk of over-modeling and over-parameterization
(over-fitting). We chose to run this analysis with a subset of variables
that have high potential for being meaningful time-varying tailoring
variables, particularly, interpersonal states and environmental context,
namely predicted stress, predicted typicality of the day, predicted bu-
syness, and whether the day was a weekday/weekend. This subset was
chosen also because these variables were measured daily and prior to
goal assignment, and could plausibly be used to adapt the day’s goal in
a live system based on what the individual reports. Table 1 lists all
variables used in the modeling efforts: the three intervention signals
(i.e., goals, expected, and granted points, henceforth referred to as ‘base
inputs’) and the four plausible tailoring variables. The main outcome
(output) for the analyses was actual PA in the form of steps/day as
measured by the Fitbit Zip. The item for measuring predicted typicality
was developed by the research team and has not been previously tested
for validity or reliability. The items measuring predicted busyness and
stress are single item measures that have been used in previous studies
[52,53]. We chose to use one item for each construct in order to balance
the need to reduce participant burden with the desire to collect various
data to serve the end-goal of testing and building a dynamical model of
the SCT. Increasing the daily time spent in filling out surveys would
have likely reduced adherence, particularly over time.

The system ID analyses described in this paper (Section 3.2) are the
preliminary step in building dynamical models and do not incorporate
the SCT model structure. Additional variables that were measured in
the study [including disturbance variables such as weather, location]
will be incorporated in the more advanced modeling efforts that will
use the SCT model structure.

3. Analysis

We conducted both nomothetic and idiographic analyses. As the
nomothetic approach, we used multilevel modeling (MLM) as one key
best practice that would commonly be used for analyzing such data. We
employed system ID methods, specifically, black-box identification

using ARX (Auto Regressive with eXogenous inputs) modeling as our
idiographic approach. The following section describes the MLM ana-
lyses.

3.1. Multilevel modeling analyses for ‘on average’ effects

The aim of this analysis was to use MLM to build a parsimonious and
predictive model to describe the aggregate effects of our predictors of
interest over the course of the intervention phase (excluding the base-
line phase) and to compare these findings to those obtained in the
idiographic analyses. MLM is necessary when the data is nested (e.g.
repeated measures within individuals) and observations cannot be as-
sumed to be completely independent. In this study, days represented
level-one units (∼86 days per individual) and individuals were the
level-two units (N= 20). All analyses were performed using SAS 9.4
PROC MIXED software [54]. The same raw data (and approach for
handling missing data) that were utilized for the system ID analyses
(Section 3.2.1) were used for this analysis, but variables were trans-
formed differently in order to be more interpretable for the purposes of
MLM. Data transformations are outlined in Table 2.

The unconditional means model (UMM; absent of predictors at any
level) yielded a level-2 variance of τ02 = 8,325,037 (p=0.0011), and
an Intraclass Correlation Coefficient (ICC) of 0.5308, implying that
53.08% of the variance in the outcome (actual steps/day) was between
individuals, indicating the need for an MLM approach [55]. All models
were estimated using unstandardized maximum likelihood estimation,
and a first order autoregressive variance-covariance structure, AR(1)
was used to account for correlated residuals [56]. Initially, a growth
model with the base inputs was built hierarchically followed by addi-
tion of the remaining predictors. Improvement in model fit was calcu-
lated using a likelihood ratio chi-square test [57]. Predictors that did
not improve model fit were removed from the subsequent models unless
there was a reasonable justification, such as the base inputs that were
part of the intervention.

3.2. System ID analyses

The following section describes data preprocessing, model estima-
tion and validation, and further analyses tailored to the data that were
used to estimate models for each participant. The black-box identifi-
cation procedure presented in this paper is the preliminary step in
system ID analyses of these data. This is an important first step to take
when little is known about significant input-output relationships. The
primary aim is to build individualized computational models without
mathematically incorporating the theoretical or conceptual model. All
analyses were conducted using MATLAB (MATLAB 9.0, The MathWorks

Table 1
Variables used in the analyses

Variable Question Scale/Unit

Step goal – Steps/day
Expected points – 100–500
Granted points – 0–500
Weekday/weekend 0/1
Predicted stress How stressful do you expect

your day to be?
1–5 scale (not at all to
very)

Predicted busyness How busy is today going to be
for you?

1–4 scale (not at all to
extremely)

Predicted typicality How typical do you expect today
to be for a [day of the week]?

1–4 scale (not at all to
completely)

Table 2
Predictors and data transformation used in the MLM analyses

Predictor Data structure/Centering

Level-1 predictors
(1) Day Day 0 is the first day in intervention
(2) Step goal Cluster centering around baseline PA (median

steps/day)
(3) Expected points 0= 100 points
(4) Granted points Raw score, shifted by one day
(5) Weekday/weekend 0=weekday, 1=weekend
(6) Predicted stress Cluster mean centering
(7) Predicted busyness
(8) Predicted typicality

Level-2 predictors
(9) Baseline PA Grand mean centering around average baseline

PA
(10) Mean predicted stress Mean value for each individual
(11) Mean predicted busyness
(12) Mean predicted typicality
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Inc., Natick, MA, 2016).

3.2.1. Data preprocessing
Data preprocessing included shifting the actual steps and granted

points forward by one day to reflect temporal precedence in the mod-
eling. Missing data were handled using linear interpolation with sa-
turation limits corresponding to the scales outlined in Table 1 [42]. As
in MLM, the variables listed in Table 1 (3 base inputs+ 4 time-varying
variables) were used as predictors for model estimation.

3.2.2. Cross-correlation analysis
Cross-correlation analyses are a measure of the cross-covariance

between two time-varying variables [58]. Prior to model estimation,
cross-correlation analyses were carried out for all input-input and
input-output pairs separately for all participants. For input-input pairs,
these analyses help avoid potential multi-collinearity. Multi-collinearity
refers to a phenomenon where the predictor variables are highly cor-
related. Including such inputs in the same model can lead to inflated
variances of the ARX parameters (ARX is a linear least squares esti-
mator) [59]. Input-output cross-correlations can also provide insights
into potential significant dynamics that might exist between a predictor
and outcome, such as feedback loops.

Cross-correlation coefficients for two variables were calculated from
their sample covariance. Next, 68.3%, 95.4%, and 99.7% standard
hypothesis error bounds were calculated based on the null hypothesis
that the two signals are uncorrelated and one of which is Gaussian
white noise. Hence, coefficient values exceeding their corresponding
hypothesis bounds are indicative of a cross-correlation with the like-
lihood indicated by the bounds [58].

3.2.3. Model estimation
An ARX model is a linear, lagged input-output dependence. In the

least squares sense, the ARX parameter estimation can be formulated as
a linear regression problem [15]. The choice of using ARX models is due
to its appealing properties; first, the solution of the regression problem
is globally optimal. Second, it is computationally inexpensive. Third,
asymptotically, with large data and sufficiently high ARX model order,
the ARX is a consistent estimator [15,42]. Preprocessed data were fitted
to the following ARX model, … …( [ ])n n n n n n nARX a b b b k k knu nu1 2 1 2
using the difference equation:
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na represents the number of inputs …[ ]u u un1 2 u , …n n n n, , , ,a b b bnu1 2 are the
model orders, and …n n n, , ,k k knu1 2 are the input delays. e k( ) is the pre-
diction error, while k is a discrete time index (in this case, day).

3.2.4. Model validation
The dataset for most participants was segmented into 5 cycles

(16 days each). All cycle combinations were used as estimation and
validation sets to control for the effect of time across the different cy-
cles. At least two cycles were preserved as the validation set in every
case. This was done in place of the conventional approach, which is to
split datasets into a 50% validation and 50% estimation set. System ID
offers a metric to quantify the model in terms of the percentage of
variance in the output that explained by the model, through the use of
the normalized root mean square error (NMRSE) fit index:

̂
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y k( ) is the measured output, ̂y k( ) is the simulated output, y is the mean
of all measured y k( ) values, and ∥ ∥· 2 indicates the l2-norm
∥ ∥ =x x x( )T

2
def

[42].
As seen in the difference Eq. (1) above, with ARX estimation, the

analyst needs to specify a model order. A model order refers to the
number of lagged inputs and outputs incorporated in the model [15].
Since numerous ARX models can be generated for the same set of in-
puts, the research team developed a series of systematic procedures to
choose the most appropriate model for each participant. The following
hierarchical model building procedure was carried out for each parti-
cipant:

1. A search limit of 3 for all ARX model orders was deemed sufficient.
Freigoun et al. [42] argued that fourth order model estimations,
besides being computationally expensive, performed worse than
lower order models.

2. For every cycle combination, ARX orders were determined from an
exhaustive search. The ARX orders with the maximum average va-
lidation fit were chosen.

3. This procedure was carried out for all input combinations. The in-
itial model that consisted of the base inputs (goals, expected points,
and granted points) was considered the 'base' model, and the four
other inputs were added and estimated systematically (predicted
busyness, predicted stress, predicted typicality of day, and
weekday/weekend).

4. The above process led to an ARX model being estimated for all
possible cycle combinations for all possible input combinations, for
each participant. Up to 20 models were estimated for all possible
input combinations for each participant.

5. The next step was to choose one final model (one particular input
combination) for each individual.

6. Further analyses showed that the most predictive ARX models that
are also resilient are models whose orders produce the highest
average validation fit, and whose parameters are estimated such
that they produce the highest overall fits [42].

7. Finally, 16 different models, one for each input combination were
generated for all participants. The graphs in Fig. 7 display the
highest overall fits for every input combination. For a detailed
mathematical description of these analyses, please refer to [42].

3.2.5. Final model selection procedure
Model validation in system ID experiments ultimately corresponds

to the researcher's confidence in the suitability of the estimated models
for application [33]. To choose the most appropriate input combination
for each individual, a protocol was developed by the research team
based on plausibility, and conventional wisdom in behavioral science
and systems engineering. A penalty approach was applied to penalize
unfavorable model characteristics. Different weights (w) were assigned
to four characteristics that affect model consistency and reliability: (a)
overall highest fit (w= 2), with a higher penalty for lower fits; (b)
cross-correlations between inputs (w=2), with higher penalty for in-
puts with high cross-correlation coefficients; (c) distance of the overall
highest fit from the mean fit (mean % fit for all cycle combinations, for
each input combination) (w=1), with a higher penalty for larger dif-
ferences; (d) standard deviation of the sample (% fit for all cycle
combinations, for each input combination) (w=1), with higher pen-
alty for higher variances.

3.2.6. Personalization optimization criteria
As in MOST, there is a need to define success quantitatively [35].

We did this via the use of the NMRSE fit index, Eq. (2). Using % model
fit as a benchmark, this step enables a process of data-driven optimi-
zation for individualization that conceptually maps to reliability and
validity. In this case, reliability and validity are estimated for our dy-
namical models for predicting human behavior (as indicated by model
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fit) and, by extension, the selection of tailoring variables. In line with
the “leave-one-out” approach commonly used when cross-validating
models such as physical activity estimation via accelerometers [60], we
obtained estimates using every cycle from our 5 cycle system ID study
as both estimation and validation data. Next, we engaged in a process of
selecting the “best” model, described above. For selection of the model
and in turn, the tailoring variables to use for each person, we chose to
use multiple criteria to assess reliability, including penalizing models
that have higher variances, favoring models that have less deviation
between the highest fitted model compared to the average of all model
fits, and favoring models with minimal cross-correlation between pre-
dictors. With general reliability of the overall procedure and an ap-
proach for selecting models that further accounts for reliability risks
accomplished, we then turn to good enough validity, which, in this
context involves the predictive capacity of the models. As these ana-
lyses are a variation of multiple linear regression and the model fit
estimate is analogous to r2, we chose Cohen’s conventions of explaining
3% of variance as a small effect, 13% as a medium effect, and 26% as a
large effect [61]. While there is no clear definition of good enough for
individualization purposes, as, to the best of our knowledge, we are the
first to do this, we chose to use the 13% medium effect as our a priori
good enough marker for the final model selected for each participant.
Note, however, that further validity testing related to individualization
is possible and a core target of the more definitive optimization trial,
the closed loop experiment. Further, we also fully acknowledge that our
approach is only one of many (see discussion).

3.3. Nomothetic and idiographic comparison

The final step of our work was a comparison of the plausible tai-
loring variables that would be selected based on the nomothetic vs. the
idiographic approach. For this comparison, we assume that, based on
the analytic frame, the idiographic approaches will by definition, pro-
vide more personalized and thus appropriate individualized selection of
tailoring variables. We calculated the percentage of time, across parti-
cipants, that the input combination identified by MLM is identical to
that identified in the idiographic analyses. By extension, this refers to
an appropriate match in tailoring variable selection. We also calculated
a percentage of the participants that had what might feasibly be a
plausible good enough model in terms of tailoring variable selection. In
this context, we use good enough when identification of the most im-
portant tailoring variable(s) is the same between the MLM and dyna-
mical models.

4. Results

4.1. Adherence

Out of the 22 participants who were consented and began the study,
1 participant lost their Fitbit, and 1 had an incomplete dataset, leading
to a final sample size of 20 individuals. For the 20 participants that
completed the study, there was high adherence to the intervention
overall, with minimal missing data. Out of all participants, only 10 had
days with missing step data; a total of 40 (M=4 ± 4.39) non-wear or
days with fewer than 500 steps. In addition, there was high adherence
for daily morning surveys (∼90%). Baseline descriptive statistics for
participants are provided in Table 3.

4.2. Multilevel modeling results

4.2.1. Model building steps
Following the UMM, a linear growth model with random intercepts

was tested (Model 1) as individuals were expected to vary in the
number of steps walked per day at the start of the intervention. Model
fit improved significantly over a single intercept model (p < 0.001),
revealing that intercepts vary significantly across individuals. A random

slope for time was then added to the model (Model 2) as it was expected
that the rate of change in steps over time would vary between in-
dividuals. Model fit improved significantly (χ2 (2) = 41.00,
p < 0.001), indicating that change rates in steps per day vary across
individuals. Both quadratic and cubic terms for time were added to the
model as fixed effects to test for non-linearity, and model fit sig-
nificantly improved when a cubic term for time was added to the model
(Model 4; χ2 (1) = 6, p=0.014), with a significant effect of cubic time,
(t(5 0 6) = −2.40, p=0.016), suggesting that an individual’s walking
behavior follows a curvilinear pattern over the duration of the inter-
vention. This was expected due to the design of the goals (they were not
adaptively increased over time but repeated over cycles). A level-2
predictor, baseline PA was then added to the model (Model 5) to control
for the high variability in baseline steps that was observed in the study.
Model fit improved significantly (χ2 (1) = 26.9, p < 0.001) and the
effect was significant, (t(20) = 7.63, p < 0.001).

The base inputs (all level-1 predictors) of the intervention were then
progressively added to the model (Models 6–8). Model fit improved
significantly after the addition of a fixed effect for goals (χ2 (1) =
137.10, p < 0.001), and the effect for goals was significant, (t(1641)
= 11.97, p < 0.001). The addition of a fixed effect for expected points
did not improve model fit (χ2 (1) = 3.70, p=0.053) and the effect was
not significant, (t(1601) = 1.94, p=0.0529). Addition of a fixed effect
for granted points also did not improve model fit (χ2 (1) = 3.20,
p=0.07) but indicated a significant effect, (t(1722) = 2.00,
p=0.0456). All base inputs were maintained in the subsequent models
since they were manipulated as part of the intervention package. The
rest of the predictors were then added to the model as fixed effects
(Models 9–12). Addition of weekday/weekend (Model 9) improved
model fit, (χ2 (1) = 38.20, p < 0.001), and indicated a significant
effect, (t(1528) = −6.22, p < 0.001). Models failed to converge after
including random slopes for almost all level-1 predictors of interest
(except linear time), likely due to insufficient power or variability
needed to detect those effects and due to the low sample size (N=20)
and were not tested in these analyses. No other variables improved
model fit, and Model 9 was retained as the final model to be inter-
preted. Model 9 is represented using the following equation:
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+ + +

+ + + +
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γ00 is the average intercept, γ01 is the average slope for baseline PA, and
γ γ,10 20, γ30, γ40, γ40, γ50, γ γ,60 70 are the average slopes for the respective
predictors, U0j is the deviation of person j’s intercept from the average
intercept, U1j is the deviation of person j’s slope for time from the
average slope for time, and Rij is the Level 1 residual.

4.2.2. Final model
Results from the final model indicated that the average individual in

the intervention was expected to walk 6865.17 steps at day 0, which is
the first day of the intervention. On average, holding all other pre-
dictors constant, for every 100 steps increase in daily goals, actual steps

Table 3
Descriptive statistics (N=20)

Variable n (%) Mean Std. deviation Median Interquartile
range

Age, years – 47.25 6.16 46.00 9.50
Females 18 (90) – – – –
Ethnicity, White 19 (95) – – – –
BMI, kg/m2 – 33.79 6.82 31.65 11.26
Baseline PA, median

steps/day
– 4863.30 2097.64 4434.00 3280.50
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increase by 37.8 steps (γ40= 0.37, 95% CI= [0.31, 0.44], p < 0.001).
On average, participants were predicted to walk 842.21 steps less on
weekends as compared to weekdays (γ70=−842.21, 95% CI
[−1107.8, −576.62], p < 0.001). As mentioned earlier, previous
analyses looking at the mean change in PA [41] indicated that on

average, participants significantly increased their daily PA by 2650
steps/day (p < 0.01) from baseline to intervention completion. The
current analysis does not include the baseline phase and is looking at
predicted steps only during the intervention. Overall, these results in-
dicate that on average, daily step goals were driving changes in walking
behavior during this intervention, and that weekday/weekend is a key
tailoring variable that should be considered in adaptive walking inter-
ventions (see Tables 4 and 5).

4.3. System ID results

4.3.1. Cross-correlation analysis
Analyses were conducted for all input-input and input-output

pairs, but only a subset are presented in the paper for simplicity (Figs. 5
and 6). In these figures, the x-axis corresponds to time (lag). The y-axis
corresponds to normalized cross-correlation coefficients calculated
from the sample covariances of the input pair for each lag. The red and
green lines represent 68.3% and 99.7% standard hypothesis bounds
respectively. To interpret these graphs, we look at the correlation
coefficients across time. Those cross-correlations that touch or exceed
the 99.7% bounds are likely to be highly correlated. For example, for
the participant in Fig. 6, it is clear that predicted stress-weekday/
weekend, predicted busyness-predicted stress, predicted stress-pre-
dicted typicality are all highly correlated, and the penalty approach
would make them less likely to be incorporated into the same model.

Box and MacGregor [62] have shown that a significantly cross-
correlation at lag 0 indicates the presence of a feedback loop between
the signals under scope. Fig. 6 displays input-output cross-correlations
for a subset of the pairs for one participant, and illustrates an example
of a potential feedback loop between granted points and actual steps for
this participant. These analyses make it possible to visualize these re-
lationships and can be useful in future work that will incorporate the
SCT model structure.

Table 4
Parameter estimates for Model 9 (fixed effects)

Fixed effects

Effect Estimate Standard
error

Degrees of
freedom

t Value Sig.

Intercept 6865.17 439.84 42.4 15.61 <0.0001
Day −67.3538 25.3709 436 −2.65 0.0082
Day2 1.7434 0.6491 434 2.69 0.0075
Day3 −0.01312 0.0049 436 −2.70 0.0071
Baseline PA 1.0804 0.1473 20 7.34 <0.0001
Goal 0.3748 0.0314 1645 11.95 <0.0001
Expected Points 0.7303 0.4233 1624 1.73 0.0847
Granted Points 0.6682 0.3587 1722 1.86 0.0627
Weekday/

Weekend
−842.21 135.40 1528 −6.22 <0.0001

Table 5
Parameter estimates for Model 9 (random effects)

Random effects

Parameters Estimate Standard Error Z Value Sig.

Intercept variance (τ02) 2,247,278 835,194 2.69 0.0036
Intercept-Slope Covariance −20,892 12,783 −1.63 0.1022
Slope variance (τ12) 761.23 298.82 2.55 0.0054
AR(1) 0.1207 0.02786 4.33 <0.0001
Residual variance (σ2) 6,199,813 218,449 28.38 <0.0001

Fig. 5. Examples of input-input cross-correlation analyses for one participant.
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4.3.2. Model estimation
The selected models for all participants are shown in Table 6. The

overall average model fit (estimation and validation data) for all par-
ticipants combined was 19.2 ± 9.25%. The range was 6.3–46%. As
mentioned earlier, 16 different models, one for each input combination
were estimated for every participant. Fig. 7 displays the highest overall
fits for all 16 input combinations for four of the participants, with the
final selected input combination marked in red. It also displays model
characteristics that were used in the penalty approach (excluding cross-

correlations). The error bars represent the mean and standard devia-
tions (± 2 SD) of the % fits for each input combination. The green line
represents the penalty line. Input combinations with lower penalty
scores are more favorable.

In Fig. 7(a), the selected model for participant A is a four-input
model with weekday/weekend as the fourth predictor added to the base
model. The overall highest fit for this participant was 17.9%, suggesting
that this model explained 17.9% of the variance in actual steps per day.
The appropriate interpretation from this individual model is that
whether or not the present day is a weekday or a weekend significantly
influences the amount of PA the individual will engage in. The figure
also illustrates how adding more predictors in the model did not result
in a meaningful improvement in model fit. From Fig. 7(b), the selected
model for that participant was a 5-input model, which suggested that
both predicted typicality of day and whether it is a weekday/weekend
were the factors that influence their steps in addition to the base inputs.

Out of all the chosen models, a 4-input model was more appropriate
for 45% of the participants, and a 5-input model for 40% of all parti-
cipants. The 4-input model with weekday/weekend, and a 5-input
model with predicted typicality and weekday/weekend were the two
most common input combinations that emerged from the idiographic
analyses (25% and 20% of participants, respectively). Such insights can
help us understand which tailoring variables should be further explored
for development of personalized decision rules.

It should be noted that models for 4 of the 20 participants had two-
standard deviation bounds that span the 0% fit threshold, suggesting
that, per Eq. (2), models could potentially be no better than a straight
line at matching the measured data in these cases. Fig. 7(d) illustrates
one such example. These participants will be further explored in next
step, i.e., semi-physical modeling, where additional variables will be
incorporated and other model structures will be tested.

Using Cohen’s convention [61], all 20 participants met the criteria
for explaining at least 3% of the variance, 12 out of 20 met criteria for

Fig. 6. Examples of input-output cross-correlation analyses for one participant.

Table 6
Highest overall fit (%) for all participants (N=20)

PID Model (input combination) Highest overall fit (%)

1 Weekendb 17.9
2 Typical-weekendb 12.8
3 Busy-typical-weekendb 20.7
4 Busyb 24.6
5 Typical-weekendb 22.8
6 Stress-typicalb 12.9
7 Weekendb 6.3
8 Typical-weekendb 16.0
9 Weekendb 9.3
10 Weekendb 7.9
11 Stress-typical-weekendb 16.6
12 Base modela 8.3
13 Weekendb 24.2
14 Typical-weekendb 21.3
15 Stressb 23.1
16 Busy-stressb 25.6
17 Busy-weekendb 31.8
18 Busyb 46.0
19 Stress-weekendb 16.0
20 Typicalb 20.3

a Base model that includes goals, expected points and granted points.
b Base model+ specified inputs.
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at least 13% of explained variance and 2 out of 20 met criteria for a
large effect size of 26% or more. While at this stage it is unclear what
minimal effect sizes would be needed to drive robust individualization,
the model estimations provide an indication of the differences between
people in terms of tailoring variables. If a medium effect size is con-
sidered the minimum threshold, only four participants had highest
overall model fits below 13%, suggesting good enough model fit for
80% of the sample.

Fig. 8 illustrates a time-series plot of a fitted model for one of the
participants. A 4-input model was fitted, resulting in an overall highest

model fit of 24.2%. It displays the participant's actual steps along with
the model's predicted steps. It also visualizes the daily variation in the
manipulated inputs (goals, expected points, and granted points) as well
as other selected predictors (weekday/weekend), and the cycles that
were used as estimation and validation sets for this model.

4.4. Nomothetic vs. idiographic tailoring variable selection

Results from both, MLM and system ID analyses suggest that overall,
in addition to the base inputs, whether it was a weekday or a weekend

Fig. 7. Models with highest overall % fit for all input combinations along with the final selected model (in red) derived using the penalty approach. [wknd=weekend, stress= predicted
stress, busy= predicted busyness, typical= predicted typicality]. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this
article.)
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day seemed to be an important predictor of participants’ PA. But if this
aggregate MLM model that included only those time-varying predictors
(besides base inputs) that had a significant main effect overall were
used for informing the tailoring variable selection, we would likely be
using appropriate tailoring for only 25% of the participants (the same 4-
input combination was chosen for 5 out of the 20 participants based on
system ID), and less conservatively, for 65% (13 out of 20 models in-
clude weekday/weekend, but in addition to another input). The idio-
graphic approach helped identify potential tailoring variables even for
those participants who likely do not fit the population model (for ex-
ample, those whose PA was influenced by how busy they predicted
their day to be, such as the participant in Fig. 7(c). In addition, the
models failed to converge after including random effects for most of our
Level-1 predictors of interest. Random effects offer a way to get closer
to insights about individual differences in responses to interventions as
compared to fixed effects and standard OLS regression. However, it is
often the case that models fail to converge after including more than
2–3 random effects [57] emphasizing an important advantage of the
system ID approach that does not require a high sample size to achieve
sufficient power, particualrly when the goal is obtaining idiographic
insights, which, by definition, does not require multiple subjects to
achieve said power.

5. Discussion

The current informative experiment aimed to pilot test a novel ap-
proach to understanding PA behavior through the use of an idiographic
system ID approach. Results of this work indicate the feasibility of using
system ID in a behavioral context, including the application of experi-
mental designs from system ID for human behavior, and the feasibility
of developing and validating individualized dynamical models that can
describe, on a case-by-case basis, factors that dynamically relate with
PA within the framework of a goal setting and positive reinforcement

intervention. Further, results of this work indicate that, in our sample,
there was a match between the tailoring variables selected from a no-
mothetic vs. idiographic approach for only one quarter of the partici-
pants, which suggests the need for more idiographic approaches to
support selection of tailoring variables.

Results from this study provide important clues to consequential
information that is likely missed when a nomothetic or aggregate ap-
proach is used for analysis, particularly based on the wide range of
different best-fit models that were generated across individuals in our
study. From the perspective of adaptive interventions, it is essential to
remain mindful of the plausible decisions that will be made from these
data. This information can be used to test decision policies around
tailoring variables. In our context, these known dynamics can be used
to inform the daily suggested step goals to strive for and reward points
provided for achieving said goals on any given day. For example, it may
be appropriate to reduce the step goals on weekends for some in-
dividuals to ensure they remain “ambitious but doable” for the targeted
day. As our nomothetic vs. idiographic comparison suggests, exactly
how we adjust the daily step goals depends on other factors that in-
fluence the target outcome. As more information is accounted for in the
decision-making process (i.e., which variable, and plausibly, the di-
rection and magnitude), the mismatch between decisions made via the
nomothetic vs. the idiographic models will become more apparent. As
the field of mHealth and precision medicine moves towards more per-
sonalized and adaptive interventions, work is needed to clearly define
strategies for generating idiographic models.

A plausible critique of this line of thinking is that it is not possible to
develop individualized models at scale. A careful look into the current
digital economy undermines this statement. For example, Google has a
personalized search option that takes into account a wide range of in-
dividualized attributes about you – including your individualized re-
sponse patterns and history [63]. These personalized models are also
prevalent in Facebook, Amazon, and other major digital technology

Fig. 8. Time-series plot of a fitted 4-input model that was selected one of the participants.
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companies. While our approach is different from them in terms of
process, these scaled personalized models establish the feasibility of the
logic of our approach writ large. A second critique to scaling would be
the argument that individuals want personalized responses quickly and
thus it is not possible to do learning run-in periods, such as the 3-month
learning trial we did. This is a fair critique that should be thought about
carefully. In our context, we found that many of our participants ac-
tually enjoyed receiving the variable step goals from one day to the next
[41]. From their perspective, they were not taking part in a “learning”
trial but instead were receiving an intervention that was individualized
to their usual activity level. This insight suggests that it might be pos-
sible to learn while still providing a personalized intervention, as oc-
curred in our case. Again, examples from the digital economy provide
further concurrent validation to the logic of this claim, though more
work is needed to clearly understand which types of personalized
learning are feasible for any given problem domain.

We see at least three broad domains of personalized learning that
warrant further exploration. The first is a system ID approach we have
already presented. The second approach is from computer science and
is the class of methods that stem from “reinforcement learning” [64]. At
its most basic level, reinforcement learning involves the specification of
very clear measurable success criterion for a given intervention. For
example, if one sends a text message suggesting a person goes for a
walk, success would be that they go for a walk. Within reinforcement
learning, the delivery or not of that intervention is stochastic (e.g. 50%
probability that a person will receive the intervention at any given
moment). If the success criterion is met after an intervention is sent, the
probability of sending the message goes up (e.g., from 50 to 55%) next
time. If, however, the message is sent and success is not observed, then
the probability goes down. There are more advanced derivations of this
approach but, at its core, this is an approach that can be responsive to
truly idiographic issues.

A third approach could involve teaching individuals the process of
self-experimentation [65–67]. In this approach, individuals are taught
basics in formulating hypotheses, testing those hypotheses with N-of-1
designs, and then reviewing and iterating on their work based on the
results. This type of approach enables individuals to truly learn what
work works for them, rather than what works on average and, thus, is
another plausible approach for advancing idiographic understanding of
a problem.

We highlight these three approaches to provide a broader perspec-
tive on how science might progress by more formally acknowledging
and taking idiographic effects into account. These approaches fit with
earlier calls for “data-driven case studies” as a plausible new approach
for learning about the subtleties on how behavior occurs in a real-world
context [68]. As such, we see this work as essential not only for sup-
porting adaptive interventions but also as a strategy for advancing
behavioral science to one that can better manage and understand the
inherent complexity of behavior [5,69].

While we see great value in idiographic approaches, it is important
to note that, like all methods, there are boundary conditions on when
they are appropriate and, more importantly not appropriate. In those
cases where personalized learning is not possible, it is advisable to have
a warm start by using the insights provided from nomothetic models.
Further, it is quite plausible that insights can be transferred between
nomothetic and idiographic models to enable more robust under-
standing overall of a given phenomenon [69,70].

5.1. Methodological considerations

To the best of our knowledge, this is the first study to systematically
apply system ID, particularly via the use of system ID experimentation
designs and corresponding analyses to the problem domain of behavior
change. System ID offers a unique experimental design that is well
suited for use in a goal setting and positive reinforcement intervention.
Goal setting is one of the most popular behavior change techniques

available in mHealth apps, especially those linked to activity trackers
[25–27], making this relevant for application in a real-world context.
Design components such as multisine signal design and the ability to
pseudo-randomize continuous variables on a daily level make this a
strong experimental design to obtain idiographic and dynamic com-
putational models. In addition, the current experiment included 20
adults living anywhere in the US and was carried out using a com-
mercial activity tracker. The research team maintained minimal contact
with participants except for troubleshooting.

With that said, there are several limitations to this study. One of the
limitations of the study was the small sample size with mostly female
and non-Hispanic, white participants, which limits the generalizability
of the results. It is possible that the types of insights obtained might not
be the same among males. Difficulty recruiting males is a common
problem for walking interventions [71]. While no noticeable differences
in engagement/dropout were documented between the males and fe-
males in this study, future studies should focus on understanding if the
intervention effects and insights from idiographic modeling differ based
on gender and the implications it may have on tailoring variable se-
lection and personalization. In addition, more targeted recruitment
strategies may be needed to increase male adoption and participation.

The intensive measurement over 12 weeks (5 cycles) of the inter-
vention provided sufficient power for N-of-1 modeling and modeling
the within-person effects from MLM analyses, but not sufficient to in-
terpret between-person effects or possible random effects. Another
limitation is that, during this trial, we used only their baseline steps as a
reference. As such, this intervention was not yet a fully adaptive in-
tervention. This was by design as our focus was on examining the
feasibility of using system ID to develop individualized dynamical
models, not the creation of an adaptive intervention. In subsequent
work, we will make the intervention fully adaptive longitudinally by
using both a model-predictive controller [72] and also the use of a
moving referent strategy whereby the prior 2 cycles will be used to
guide definition of the next set of targeted step goals.

As mentioned earlier, a hierarchical model building approach was
used for the system ID analyses, which led to numerous models being
estimated for every participant. Since this procedure is exhaustive and
computationally demanding, we did not parse out the separate effects
of the base inputs for the purpose of these preliminary analyses. In
addition, only a subset of the measured variables was used. Future
analyses will build on these insights to study the likely prediction im-
provement by incorporating other variables such as weather, daily task
self-efficacy, daily commitment to being active, etc. to the models
presented in this paper. In addition, the dichotomous variable
‘weekday/weekend’ can also be further refined and tested by breaking
it down into separate days of the week. The research team developed a
penalty based approach that assigned weights based on model char-
acteristics that affected the validity and stability of the models. In ad-
dition, we assessed model fit estimates as ‘good enough’ for in-
dividualization based on existing conventions such as Cohen’s criteria.
The team fully acknowledges that these approaches are one of many,
and there are other plausible methods that could be applied to make the
final model selections (e.g., modifying weightage) and determine ro-
bustness of model fits. However, the aim of these analyses was to not to
make generalized claims about determinants of PA, but to explore this
unique approach to understanding PA, and highlight differences that
might exist when using idiographic vs. nomothetic approaches. As such,
from a generalization standpoint, our work helps to progress system ID
as an approach for managing idiographic issues, even if the insights do
not generalize per say.

5.2. Future directions

There remain many methodological questions that need to be better
addressed before these techniques can be used in mHealth interven-
tions. Black-box modeling is an appropriate first step as it is best suited
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in situations where little is known about the input-output relationships.
Insights from these analyses will be incorporated and used in a proce-
dure known as semi-physical or grey-box modeling [15,34]. These
analyses will build on the SCT model structure [39] and other hy-
pothesized feedback loops that can potentially be mathematically spe-
cified and tested (e.g., the hypothesized reciprocal relationship between
self-efficacy and behavior).

A targeted next step of our work is to run a closed loop experiment.
Closed loop experiments take into account information about the
person and, thus, enable the systematic testing and optimization of the
decision policies a targeted controller will make. This closed loop
system ID experiment is an optimization design that fits well, con-
ceptually, in the increasingly popular intervention optimization fra-
mework, MOST. As such, one final key future area of research is to
clearly specify the particular uses of the various emerging optimization
trials including closed loop system ID experiments, micro-randomiza-
tion trials, sequential multiple assignment randomized trials (SMART),
and a between-subject factorial trial, as “screening” experiments within
the MOST framework.

6. Conclusion

This is one of the first studies that used control systems methods
from experimental design to analysis for understanding behavior
change and, in this context, tailoring variable selection. Along with
describing preliminary results, this paper aimed to describe the process
of applying system ID methodology to a behavioral setting, to en-
courage other researchers to explore the application of such methods in
their work. Results highlighted the kind of insights that might be missed
when a nomothetic approach is used for analysis as compared to idio-
graphic for selecting tailoring variables. This approach also highlighted
the individual differences and variations that might exist between
participants in relation to the factors that affect their PA. Since control
systems are designed to work with systems that have time-varying
characteristics and with a single-case approach, it provides a feasible
approach to accommodate personalization in intervention design and,
thus, warrants further exploration within the mHealth research com-
munity.
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