
System Identification of Just Walk: A Behavioral mHealth Intervention
for Promoting Physical Activity

Mohammad T. Freigoun1, César A. Martı́n1,2, Alicia B. Magann1, Daniel E. Rivera1,
Sayali S. Phatak3, Elizabeth V. Korinek3, and Eric B. Hekler3

Abstract— There is significant evidence to show that physical
activity reduces the risk of many chronic diseases. With the
rise of mobile health (mHealth) technologies, one promising
approach is to design interventions that are responsive to an
individual’s changing needs. This is the overarching goal of
Just Walk, an intensively adaptive physical activity intervention
that has been designed on the basis of system identification
and control engineering principles. Features of this intervention
include the use of multisine signals as pseudo-random inputs for
providing daily step goals and reward targets for participants,
and an unconventional ARX estimation-validation procedure
applied to judiciously-selected data segments that seeks to
balance predictive ability over validation data segments with
overall goodness of fit. Analysis of the estimated models pro-
vides important clues to individual participant characteristics
that influence physical activity. The insights gained from black-
box modeling are critical to building semi-physical models based
on a dynamic extension of Social Cognitive Theory.

I. INTRODUCTION

One recent emerging application of system identification
and control theory is the design of optimized interventions in
health behavior. Strong evidence shows that physical activity
(PA) reduces chronic disease risk [1], [2], [3]. National
guidelines suggest 30-60 minutes of moderate PA per day,
often in the form of walking [4]. Research furthermore
demonstrates 20-30% reduced risk of breast cancer when
guidelines are met [5]. While the benefits of PA are well
known, a large segment of the population does not meet these
guidelines [6]. Thus, an important scientific problem is not if
PA influences health, but rather how to promote favorable and
sustained PA levels, particularly among sedentary middle-
aged adults. Strategies to fit regular PA into one’s life are
idiosyncratic and dynamic; system identification results that
support this conclusion follow in this paper. Not only is
the behavior idiosyncratic, but so are the times and places
when individuals fit PA into their daily routine. Mobile health
(mHealth) technologies offer a cost-effective, convenient, and
scalable platform for delivering information-intensive and
perpetually adaptive PA interventions.
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Fig. 1. Dynamical fluid analogy model of Social Cognitive Theory [9].

In designing adaptive interventions [7], a key considera-
tion is the ability to estimate personalized behavior models
that identify both individual-invariant and individual-variant
dynamics. Parsimonious modeling, guided by a priori knowl-
edge, is therefore crucial to accomplishing this. Using control
systems engineering principles, behavior change theory can
be utilized to develop models and decision frameworks for
interventions that promote PA among sedentary individuals.
One example is Social Cognitive Theory (SCT), proposed
by Bandura [8], which is among the leading theories of
behavior change. The work of Martı́n et al. [9] established
a dynamical systems fluid analogy model that captures key
SCT concepts. Fig. 1 represents a simplified fluid analogy
dynamical system model of SCT [9]. SCT includes an ex-
tended list of potential constructs associated with predicting
complex behavior dynamics, and whose effect needs to be
accounted for during modeling. Consider, for example, the
Environmental Context construct in Fig. 1; this can include
weather, busyness, stress, weekday, mood, and several other
known and unknown variables.

Following an experimental design methodology based on
system identification principles [10], a unique single-subject
intervention study, Just Walk, was performed. Section II
introduces the Just Walk intervention and experiment exe-
cution, followed by a brief description on the input signal
design approach using orthogonal multisine excitations in
Section III. Section IV discusses the use of an unconven-
tional black-box approach that provides key insights into the
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Fig. 2. Screenshot of the Just Walk app.

dynamics of the intervention participants, and will ultimately
be instrumental in accomplishing semi-physical identification
of SCT models (Fig. 1). Section V outlines a number of
important conclusions and future directions on input signal
design, modeling, identification, and intervention design.

II. DESCRIPTION OF JUST WALK INTERVENTION

Just Walk was developed as an adaptive walking interven-
tion app for sedentary, overweight adults. It was designed
primarily as a tool to generate individualized computa-
tional models for understanding PA behavior via system
identification. The intervention system included a front-end
Android app, Just Walk (Fig. 2), a backend server, and
an activity tracker (Fitbit Zip) to objectively measure PA
and automatically sync with the smartphone application.
Participants were recruited nationally to partake in a walking
intervention and receive daily step goals via the Just Walk
app, and daily announced points were granted if the goals
were achieved that day; granted points were converted into
Amazon gift cards after a certain threshold was reached.
Participants were also required to complete a series of
daily morning and evening ecological momentary assessment
(EMA; [11]) measures (e.g. confidence in achieving goal,
predicted business for that day, previous night’s sleep quality,
etc.) for the entire duration of the study.

The study duration was 14 weeks, including an initial
two-week baseline period in which no step goals were
delivered. Each participant’s step goals were then based
on their median daily step value as calculated from the
14-day baseline period. The step goals were designed to
establish a mechanism for individualizing the definition of
an “ambitious, but doable” step range. All PA data were
collected from the Fitbit Zip (provided to participants as a
part of the study) and stored both locally and in Fitabase
(Small Steps Labs, San Diego, CA, USA). Participants were
generally healthy, inactive, 40-65 years old, with a body
mass index (BMI) of 25-45 kg/m2, who currently owned
an Android phone capable of connecting to a Fitbit Zip via
Bluetooth 4.0, and were willing to engage with the mHealth
intervention for 14 weeks.

III. INPUT SIGNAL DESIGN OF JUST WALK

The input signal design procedure utilized in the Just Walk
study [12] was designed using deterministic yet “pseudo-
random” signals that are orthogonal in the frequency do-
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Fig. 3. Conceptual representation of a “zippered” spectra design for
nu = 2 design inputs, and ns = 6 harmonic frequencies.

main. The procedure is described in detail in [10]. In Just
Walk, Goals establish the desired behavior in a quantitative
form, while Expected Points are the daily available points
announced each morning that are granted upon goal achieve-
ment. Goals and Expected Points are two manipulated input
signals un generated from a multisine signal,

un(k) = λn

Ns/2∑
j=1

√
2α[n,j] cos(ωjkTs + φ[n,j])

ωj = 2πj
NsTs

, k = 1, . . . , Ns

(1)

where λn is the scaling factor, Ns is the number of samples
per period, Ts is the sampling time. For the jth harmonic of
the signal each variable has the following meaning: α[n,j] is
a factor used to specify the relative power of the harmonic,
ωj is the frequency, and φ[n,j] is the phase. To obtain inde-
pendent transfer function and uncertainty estimates, factors
α[n,j] are chosen to excite input signals orthogonally in
frequency. Two signals are orthogonal if a nonzero Fourier
coefficient at a specific frequency in one signal implies a
zero-valued Fourier coefficient at the same frequency for
the other; this is called a “zippered” spectra design, an
idea introduced in [13]. A conceptual representation of the
“zippered” design is presented in Fig. 3. For nu design
inputs and ns independently excited sinusoids the Fourier
coefficients are specified as

α[n,j] =


1 if j = nu(i− 1) + (n− 7)

for i = 1, 2, . . . , ns

0 otherwise
(2)

Using the ωj frequencies defined in (1) and the Nyquist-
Shannon sampling theorem, the following bound for Ns is
defined:

Ns ≥ 2ns (3)

If ns = 6 excited sinusoids are selected for the nu = 2
design inputs, then from applying (3), Ns = 16 days
(selected) is a feasible option. Phases φ[n,j] are selected to
minimize the crest factor of the signal using the approach
proposed by Guillaume et al. [14].
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In applying this design methodology for Just Walk, ampli-
tudes for input signals (u8 and u9 in Fig. 4) were chosen
relying on experiences from previous studies [15], [16]
designed to obtain an expected profile of PA. The maximum
number of step goals was selected as a factor of the initial
baseline level of PA. For most cases in this experimental
design, this factor was equal to 2; however, it was varied
if the actual baseline step level of individuals was too high
or low. Specifically, if participant’s baseline median steps
were below 3,000, then the range for the goals was between
1 and 2.5 of their baseline median steps, to increase the
likelihood of “ambitious” goals. If baseline median steps
were greater than 7,500 steps, then the range was set between
1 and 1.75 (to reduce the likelihood of overly ambitious
goals, such as 15,000 steps in one day). In addition to the
two manipulated input channels, a large set of disturbances
were also measured using mHealth technologies. Overall
experimental duration beyond the baseline varied between
five to six cycles for each participant. A time series plot
for a representative participant that depicts the behavior and
seven inputs is shown in Fig. 4.

IV. ARX MODEL ESTIMATION & VALIDATION

In this section, black-box modeling strategies used for Just
Walk are outlined, and results from fitting Auto Regressive
with eXogenous input (ARX) parametric models [17] are
presented. As noted, identifying optimal ARX models (deci-
sions on model inputs and model order) will play a pivotal
role in ultimately identifying personalized semi-physical
(grey-box) models that are informed by well-established
behavior theories [9]. Prior to ARX estimation, standard
nonparametric modeling tasks such as correlation analysis
have been informative. Because the Just Walk study included
a wide array of input/output measurements, results from
input-output and input-input correlation analyses have been
useful [18], [12], [19]; for reasons of brevity these are not
included in this paper. Incorporating all measured distur-
bances for estimating an SCT behavior model (particularly
the Environmental Context construct in Fig. 1) can be com-
putationally demanding, may pose identifiability challenges,
and will require large informative datasets that are typically
difficult to gather from a practical standpoint in research
involving human subjects.

Preprocessed data are fitted to an ARX model struc-
ture, ARX-[na,nb1 ,. . . ,nbnu

,nk1 ,. . . ,nknu
] which can be ex-

pressed in the following concise form:

y (t) +

na∑
l=1

aly (t− l) =

nu∑
j=1

nbj
−1∑

i=0

b(i+1)(j)uj
(
t− nkj − i

)
+ e (t)

(4)
where y(t) is the measured output (e.g., steps/day), uj(t)
is the measured input j, e(t) is the prediction error, all
measured/estimated at day t. The ARX model in (4) is
estimated by using regression. ARX parameter estimation
constitutes a linear least-squares regression problem [17] and
has attractive statistical properties such as consistency. Fig. 4
illustrates an example contrasting the difference between

actual output measurements and the prediction from a 7-input
ARX model with the structure in (4); a detailed discussion of
black-box modeling strategies used in this work follows. To
quantify model fits, the normalized root mean square error
(NRMSE) fit index is used

model fit (%) = 100×
(

1− ||y(k)− ŷ(k)||2
||y(k)− ȳ||2

)
(5)

y(k) is the measured output, ŷ(k) is the simulated output, ȳ
is the mean of all measured y(k) values, and || · ||2 indicates
a vector l2-norm.

A. Data Pre-Processing and Model Structure Considerations

Data pre-processing tasks include interpolation (to account
for missing data), mean subtraction, and shifting Actual
Steps and Granted Points by one sample to reflect temporal
precedence. Model structure selection decisions consist of
determining, for each participant, the input signals to be in-
cluded, and corresponding ARX model orders for the output
and each input, in accordance with (4). Taking advantage of
the computational simplicity associated with ARX modeling,
the approach taken here is to exhaustively examine a range
of model orders, and use model validation procedures to
determine the most suitable structure. For this case study,
ARX model order ranges for na and nb from 1 to 3 (i.e.,
max(na) = 3, and max(nbj ) = 3 ∀j = 1, . . . , nu) seemed
reasonable. A priori knowledge of the SCT fluid analogy
model developed in [9] implies that very high order models
should not be necessary to characterize these behavior-
change dynamics. From inspecting the intervention data, it
was reasonable to assume a basic unit input delay (i.e.,
nkj = 1 ∀j). Finally, the absence of drifts in the data leads
to assume stationary (though potentially time-varying) noise
characteristics over the course of the intervention period.

In determining the inputs to be considered, the approach
is to start with a basic 3-input model consisting of Goals
(u8), Expected Points (u9), and Granted Points (u10) and
then add 4 additional measured inputs (Predicted Busyness,
Predicted Stress, Predicted Typical, and Weekday-Weekend)
to this basic model. All possible combinations of these
inputs are estimated. Model validation following estimation
ultimately determines which of these inputs are most im-
portant in describing individual behavior. Nonetheless, in
the pre-processing stage, correlation analysis can be used
to determine inputs that may be significantly crosscorrelated
with each other or to identify inputs that appear to have
no significant effect on the output. In both scenarios, the
number of inputs that needs to be considered in the parameter
estimation procedure can be reduced, ultimately leading to
parsimonious models that can be generated with less effort.

B. Model Parameter Estimation and Validation

Model estimation and concomitant validation with the Just
Walk intervention data is now considered. As mentioned ear-
lier, first, a core 3-input model was estimated and evaluated,
followed by the addition and combination of 4 more inputs,
leading to estimation of all possible combinations of these
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Fig. 4. Time series plot showing seven selected input sequences (manipulated inputs & measured disturbances), predicted behavior (from an ARX
black-box model), actual behavior, model overall fit, and estimation & validation cycles (1st, 2nd, and 5th for estimation; 3rd and 4th for validation) for a
selected Just Walk participant.

additional inputs. At an individual level, the full dataset
was segmented into informative 16-day cycles for model
estimation/validation. The cycle length was defined by the
multisine input signal described in Section III.

Cross-validation (the process of evaluating model fit over
data not used for estimation) represents one of the most
valuable aspects of system identification [20]. The conven-
tional approach in system identification is to assign a certain
percentage of data for estimation, followed by validation
(e.g., 50% estimation, 50% validation). Such an approach
assumes that the noise characteristics of the problem remain
unchanged during the course of the intervention. However, it
is reasonable to expect that noise and disturbance character-
istics will vary over long-duration interventions such as Just
Walk. In the analysis, each data cycle was assigned to either
estimation or validation; all combinations of data cycles
involving at least two cycles for validation were generated
and evaluated.

Table I summarizes results of this procedure for a 4-
input model (Goals, Expected Points, Granted Points and
Predicted Busyness) of a selected participant. The fit index
from Equation (5) was calculated for each cycle and averaged
for estimation and validation data, respectively. All data cycle
combinations that feature at least two cycles for validation or
estimation (twenty candidate ARX models) were evaluated.
For each of these combinations of estimation and validation
cycles (corresponding to a specific row in Table I), ARX

orders were determined from an exhaustive search routine
that selects a stable ARX model with highest predictive
ability (based on the maximum average validation fit). This
step provides a safeguard against overparametrization. The
final chosen model should reflect, in addition to a good fit to
validation data, a good fit for the entire data set (consisting
of both estimation and validation cycles). This suggests that
the final model choice should correspond to the model that
yields highest overall fit (the “Overall NRMSE Fit” column
in Table I). Incorporating the overall fit criterion with the
fit to cross-validation data balances good prediction with
model accuracy over the entire data set. Note that using this
analysis, the best results for the specific participant occur
in the model resulting from row 18 (cycles 1, 2, and 5 for
estimation; 3 and 4 for validation) with an overall NRMSE
index at 46.03% for a model with structure na = 2, nb1 = 3,
nb2 = 1, nb3 = 2, and nb4 = 3. This model performs close
to the model with best fit over the validation data (average
validation fit of 56.63% for row 18 vs 60.65% in row 15);
however, the model with the best fit to validation data does
not exhibit the best fit to data overall (38.81% in lieu of
46.03%).

C. Overall Fit Analysis and Assessment of Individual Par-
ticipant Characteristics

Similar analyses to those presented in Table I can be
performed with additional inputs, for all possible combi-
nations. For example, for a total of 7 inputs, 16 different
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TABLE I
INTERMEDIATE RESULTS FOR A 4-INPUT ARX MODEL OF A SELECTED PARTICIPANT FROM Just Walk

E* V* 
NRMSE Fit (%) Average Estimation 

NRMSE Fit (%) 
Average NRMSE 
Validation Fit (%) 

Overall 
NRMSE Fit (%) 

ARX Order (4-input) 
[na1,nb1,nb2,nb3,nb4] Cycle 1 Cycle 2 Cycle 3 Cycle 4 Cycle 5 

[1,2] [3,4,5] 77.40% 85.44% 79.27% 27.68% 13.70% 81.42% 40.22% 40.11% [1,1,1,1,3] 

[1,3] [2,4,5] 77.39% 82.25% 81.30% 26.88% 15.36% 79.35% 41.50% 40.60% [1,2,1,1,3] 

[1,4] [2,3,5] 64.82% 71.25% 67.27% 45.89% 21.04% 55.36% 53.19% 42.29% [1,3,1,1,1] 

[1,5] [2,3,4] 61.36% 59.51% 60.96% 40.14% 24.47% 42.92% 53.54% 37.40% [1,1,1,3,1] 

[2,3] [1,4,5] 70.46% 90.25% 84.15% 25.00% 11.19% 87.20% 35.55% 37.70% [3,3,1,2,3] 

[2,4] [1,3,5] 49.06% 71.94% 67.25% 52.39% 22.98% 62.17% 46.43% 40.56% [3,1,2,1,3] 

[2,5] [1,3,4] 54.89% 61.75% 60.36% 47.35% 23.68% 42.72% 54.20% 39.33% [3,1,1,1,1] 

[3,4] [1,2,5] 45.97% 61.27% 69.24% 51.46% 24.02% 60.35% 43.75% 41.15% [1,3,3,1,3] 

[3,5] [1,2,4] 63.11% 66.96% 52.29% 41.52% 19.47% 35.88% 57.20% 41.12% [1,1,1,1,1] 

[4,5] [1,2,3] 36.37% 52.47% 50.06% 49.24% 25.88% 37.56% 46.30% 32.75% [1,1,1,3,2] 

[3,4,5] [1,2] 53.63% 64.61% 49.26% 46.59% 19.93% 38.59% 59.12% 40.12% [1,1,1,1,1] 

[2,4,5] [1,3] 50.12% 59.76% 59.36% 49.92% 23.64% 44.44% 54.74% 38.71% [3,1,1,1,1] 

[2,3,5] [1,4] 58.63% 66.76% 64.91% 49.62% 27.28% 52.98% 54.13% 40.59% [3,1,3,2,1] 

[2,3,4] [1,5] 59.43% 76.99% 70.11% 41.51% 22.32% 62.87% 40.88% 41.61% [2,3,3,2,3] 

[1,4,5] [2,3] 57.91% 61.11% 60.18% 45.69% 24.92% 42.84% 60.65% 38.81% [1,1,1,3,1] 

[1,3,5] [2,4] 66.34% 66.02% 67.24% 42.13% 22.57% 52.05% 54.08% 41.31% [1,3,1,1,1] 

[1,3,4] [2,5] 68.39% 77.75% 73.46% 41.86% 18.78% 61.24% 48.27% 42.26% [1,3,2,1,1] 

[1,2,5] [3,4] 61.85% 56.05% 68.43% 44.82% 35.02% 50.97% 56.63% 46.03% [2,3,1,2,3] 

[1,2,4] [3,5] 71.99% 73.18% 72.36% 43.28% 20.40% 62.82% 46.38% 43.61% [1,2,1,1,3] 

[1,2,3] [4,5] 75.95% 87.02% 80.67% 26.39% 13.36% 81.21% 19.88% 39.87% [1,1,1,1,3] 

 *E≡Estimation Cycles (magenta), V≡Validation Cycles (cyan)
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Fig. 5. Average validation % fits of individualized ARX models from black-box system identification for three individuals: Goals-Expected Points-Granted
Points model; B: Predicted Busyness; S: Predicted Stress; T: Predicted Typical; W: Weekday-Weekend.

input models can be generated for each participant (since
Goals (u8), Expected Points (u9), and Granted Points (u10)
are always grouped). Evaluating these 16 input combinations
allows us to draw conclusions on participant characteristics
that resulted from the intervention. Fig. 5 depicts model
validation % fit results from three different participants from
Just Walk. The Y-axis indicates the % fit of the 3, 4, 5,
6, and 7-input models, and the X-axis corresponds to the
psychosocial measures (busyness, stress, weekday, typical)
measured daily. Here, it is seen that Participant A’s walking
behavior is largely driven by stress (highest % fit seen for
the stress bar in the 4-input model), Participant B’s behavior
is driven by whether it is a weekday or weekend, while
Participant C has the highest % fit for the 3-input model,
indicating that the daily step goal had the greatest impact on
walking behavior. Step responses from the individual ARX
models can be used to reveal more precise directionality and

magnitude information; for example, from Fig. 6, one can
predict that the selected participant will typically reach 80%
of the desired daily step goals within the first day of goal an-
nouncement. Responsiveness to other inputs and disturbances
can be determined similarly. This strategy has significant
implications for personalized and adaptive behavior change
interventions; if one can determine the inputs that are most
meaningful for a given individual in a given context, it is
possible then to optimize the target behavior over a specified
time (hours, days, weeks, months).

V. CONCLUSIONS AND FUTURE WORK
This paper presents a system identification modeling

strategy for a physical activity (e.g., walking) intervention
delivered via a smartphone application. The results from
this dataset represent an important accomplishment in un-
derstanding behavior-change from a data-driven perspective.
Predictive and consistent black-box models are crucial for
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Fig. 6. Step responses of a 4-input model (including Predicted Busyness) for a selected participant.

validating behavioral theory (such as the SCT model). It is
shown that segmenting and evaluating the data at a per-cycle
level gives the most valid results to date. These types of
models are necessary to effectively model behavior, which
is highly complex, idiosyncratic, and dynamic in nature. In
addition, drawn from the analysis of the estimated models,
it is important in experimental design to consider capturing
more low-frequency dynamics (e.g., using pseudo-random
binary sequences), to draw more decisive conclusions on
participant long-term (steady-state) responses. Finally, the
enhanced identification testing monitoring procedure in [21]
can be considered in future experiment design.

Guided by the analyses presented in this paper, a dy-
namical systems model of Social Cognitive Theory in [9]
(Fig. 1) will be estimated and validated from Just Walk data.
Additional work on Just Walk includes incorporating weather
information, evaluate models whose inputs are intermediate
signals in Fig. 1 (e.g., self-efficacy, behavioral outcomes,
etc.) that can be constructed by means of aggregation
of existing measurements, and modeling noticeable time-
varying dynamics. To this effect, linear parameter-varying
(LPV) models will be identified and validated from data
(black- and grey-box models). Finally, an important future
aim is to establish an LPV-HMPC framework that equips
the established HMPC algorithm [22] with the ability of
accommodating LPV models.
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