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Abstract
We address the issue of (non-) responsivity of self-initiated assessments in
Ecological Momentary Assessment (EMA) or other mobile health (mHealth)
studies, where subjects are instructed to self-initiate reports when experienc-
ing defined events, for example, smoking. Since such reports are self-initiated,
the frequency and determinants of nonresponse to these event reports is usually
unknown, however it may be suspected that nonresponse of such self-initiated
reports is not random. In this case, existing methods for missing data may be
insufficient in the modeling of these observed self-initiated reports. In certain
EMA studies, random prompts, distinct from the self-initiated reports, may be
converted to event reports. For example, such a conversion can occur if dur-
ing a random prompt a subject is assessed about the event (eg, smoking) and
it is determined that the subject is engaging in the event at the time of the
prompt. Such converted prompts can provide some information about the sub-
ject’s non-responsivity of event reporting. Furthermore, such non-responsivity
can be associated with the primary longitudinal EMA outcome (eg, mood) in
which case a joint modeling of the non-responsivity and the mood outcome is
possible. Here, we propose a shared-parameter location-scale model to link the
primary outcome model for mood and a model for subjects’ non-responsivity
by shared random effects which characterize a subject’s mood level, mood
change pattern, and mood variability. Via simulations and real data analysis,
our proposed model is shown to be more informative, have better coverage of
parameters, and provide better fit to the data than more conventional models.

K E Y W O R D S

informative nonresponse, latent growth model, missing not at random, multilevel intensive
longitudinal data

1 INTRODUCTION

The Ecological Momentary Assessment (EMA) design1 is useful to explore how participants’ psychological states, for
example, mood, and behaviors interact with lasting as well as momentary environmental factors.2 Subjects in EMA studies
complete the real-time assessments on their emotional states or behaviors as well as the surrounding environment3 via
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hand-held devices, which helps to reduce recall bias4,5 and assess subjects intensively within a day or across days. As
a result of this, subjects in EMA studies can have more than 30 within-subject assessments in just a week of study. For
EMA studies with mood as the main research interest, such intensive within-subject data contain sufficient information
to infer mood change following episodes of events in terms of subject’s mood mean as well as mood variability.

Many EMA studies involve two mechanisms to collect assessment data. For the first mechanism, assessments are ran-
domly prompted to participants. While many publications focus on statistical modeling involving missingness of these
prompted assessments,6-9 the current article focuses on the second mechanism where participants self-initiate an assess-
ment at the moment of the event of interest or behavioral lapse, for example, smoking. Once participants initiate the
survey, they are asked to report on their psychological state, behaviors, and the surrounding environment as well as the
social context contingent to the occurring event. Even with effective booster strategies, participants can become less com-
pliant to self-initiated reports during the study. Also, the declining responsivity can be related to the primary longitudinal
outcome of interest, for example, the mood. For example, participants’ compliance to self-initiated event reports can fluc-
tuate with their mood level (eg, subjects do not initiate a report when they feel bad). As a result, the observed self-initiated
event-contingent EMA assessments for mood can be subject to bias. We elaborate on this issue with a motivating example
where participants’ nonresponses can be related to the unobserved outcome in terms of its mean or variance level. The
issues described relate to the “missing not at random” (MNAR) or “non-ignorable missing” mechanism.10 MNAR is
often thought to be possible for many types of self-report data, regardless of whether the assessments are prompted or
self-initiated. However, an extra challenge present in self-initiated assessments is that the nonresponses of such assess-
ments are usually unknown. Because nonresponses are unknown, most of the conventional methods such as imputation11

or inverse probability weighting (IPW)12,13 for missingness are generally inapplicable. However, Kovalchik et al proposed
a scaled version of IPW to correct bias in self-initiated assessments9 by borrowing information from the responsivity of
random prompts. The key assumption of this method is that data are “Missing At Random” (MAR)10 so that the miss-
ing event reports are related to known contextual factors as well as the observed outcome data but not the unobserved
outcome.

As a result of these challenges, previous publications have focused almost exclusively on MNAR approaches for
prompted assessments rather than for self-initiated assessments. Some methods for the MNAR scenario include the
shared parameter mixed model (SPMM)14,15 which jointly models the missingness pattern and the primary outcome of
interest with models that share the same random effects. In such models, the missingness pattern can be connected to the
unobserved outcome through the posterior distribution of the random effects.16-18 Also, given the shared random effect(s),
the primary outcome and the missingness pattern are conditionally independent so that the conditional likelihood func-
tion can be conveniently constructed. Specifically for EMA data, Cursio et al have proposed a two-level shared-parameter
mixed model with common random subject intercepts in both the mood outcome model and the missingness model.7 In
this approach, a subject’s nonresponse probability is assumed to be associated with the mean of a subject’s mood level. As
mood variance is also informative, Lin et al went further and proposed a shared-parameter location-scale mixed model to
link the missingness process to the mean as well as the variance function of the mood outcome via the shared subject-level
random intercepts.8

Besides linking of the random intercepts, these shared-parameter models also allow the possibility of linking
the assessment missingness to additional subject-level latent effects. Especially in longitudinal studies, the change
or the growth pattern of the outcome over time of each individual can be another characteristic of interest. Thus,
a special case of the multilevel mixed model is the individual growth model19 which allows subjects to have dif-
ferent slopes in their outcome trajectories over time. The growth model can easily be fit into the shared-parameter
framework so that one can explore the potential linkage between responsivity or missingness of assessments with a
subject’s overall or initial mood level (random intercept) as well as a subject’s trajectory of mood over time (random
slope).

For self-initiated assessments, one can quantify a subject’s responsivity as the count of responses per day. Replacing
the binary responsivity/missingness indicator with such summary daily measures can be more efficient for estimation.20

Therefore, we propose a shared parameter location-scale mixed model to relate subject’s mood mean, as well as their
mood variance, to the count of observed responses with shared random subject-level effects. The proposed model is
validated by model comparison via a simulation study. Then we will describe how our proposed model reveals the
potential association between the responsivity of self-initiated reports, and subject’s change in mood as well as mood
variability. With the study design described in the motivating example,21 we are able to obtain information not only
for the responsivity to random prompts but also the extent of responsivity in self-initiated event contingent EMA data
(Section 2).
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2 MOTIVATING EXAMPLE

The Dual-Use study21 is an EMA study using real-time reporting to explore participants” psychological and behavioral
patterns regarding the events of interest, the combustible tobacco use (CIG) and electronic cigarette (ECIG) use. As in
most EMA studies, events (of CIG and ECIG use) were obtained via self-initiated reports from the subjects. However, also
in this study, events were sometimes converted from the random prompts. In this case, upon being prompted, participants
would first be queried if they were experiencing a CIG/ECIG event at the moment, and if so, then the device converted
to provide event-related questions. Ideally, if participants were perfectly compliant in self-initiating the reports of every
CIG/ECIG event, then none of the events would be captured by random prompts. However, this clearly varied across
subjects, and these converted random to event prompts provide some information about missing self-initiated reports
that is often not obtained in other EMA studies. Therefore, the number of random converted reports can be thought to
represent the extent of non-responsivity/missingness in self-initiated reports.

Many other EMA studies for smoking, and other behaviors, assume these two data collection mechanisms are inde-
pendent and used in different ways. In contrast, the converted reports in the Dual-Use study provide some information for
the self-initiated event-contingent responses that other EMA studies would have missed. Specifically, we will apply our
proposed model to the Dual-Use data to examine potential associations between subject’s positive mood and the extent
of missingness in self-initiated reports.

3 THE SHARED PARAMETER APPROACH

Motivated by the Dual-Use study, we propose a shared parameter location-scale mixed model for the random converted
event reports. We model the primary outcome with a shared parameter location-scale mixed model22,23 as in Lin’s model.8
The main extension of our proposed model from Lin’s model is that, instead of modeling the binary missingness indicator
of each prompted assessment for responsivity, we model the counts of observed converted responses. Another difference
is that, besides including the linkage between subject-level random intercepts in the responsivity model and the primary
outcome model, we will also consider the linkage among the random subject time effects in both models.

3.1 Primary outcome model

Extending the linear mixed model, Hedeker et al22,23 proposed a location-scale mixed model to additionally model the vari-
ances of the mixed model and to include a random subject effect for the within-subject variance. The collected intensive
longitudinal data in EMA studies often provides sufficient information for valid estimation of these additional parameters,
which may not be possible with data from more standard longitudinal studies. Relaxing the homogeneity assumptions
in conventional linear mixed models, subjects are allowed to have different within-subject means (location) as well as
different within-subject variances (scale) in location-scale modeling.

In the following notation, vectors, and matrices are highlighted in bold. First, data used in the proposed model are
three-level. Let Yijk be the primary longitudinal outcome, for example, the positive mood level recorded at the kth event
report of subject i on day j. 𝜷 is the (p + 1)-dimension fixed effects vector consisting of the aggregate intercept and p
covariate effects. Particularly for the growth model setting, time effects may be characterized by polynomials or other com-
parisons across time and are included in 𝜷. X is the design matrix including subject-level, day-level and assessment-level
covariates. The random subject effects 𝝂i = (𝜈i0, 𝜈i1, … , 𝜈iq)T is a (q + 1)-dimension vector in the mean function of the
primary outcome and are called the random location effects (Equation 1). Such a vector consists of the random subject
intercept as well as random effects for q selected within-subject (level-1 or level-2) covariates, representing how each
subject deviates from the population effects in 𝜷. Specifically, in the linear growth model setting, 𝝂i = (𝜈i,int, 𝜈i,time)T corre-
spond to random intercept and random linear change (increment) for subject i. Z is the level-1 or level-2 known covariate
matrix where the elements in first column of Z are all 1’s corresponding to the subject-level random intercepts. It is
assumed that 𝝂i ∼  (0,𝜮𝝂). Non-zero covariance among the random location effects is allowed. However, across
subjects, 𝜈i are independent of one another.

yijk = XT
ijk𝜷 + ZT

ijk𝝂i + 𝜖ijk. (1)
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In traditional linear mixed models, the random errors 𝜖ijk are assumed to be identically distributed. However, as has
been observed in many studies, some participants” mood fluctuated more erratically across time than others. Thus, in
Equation (2), the error variance is formulated by a log-linear model and 𝛼 is the vector of fixed effects that may impact
the variability of level-1 errors. For example, age can be a factor related to the error variability such that younger people
may have higher mood variability than elderly people, or in other words, elderly people may have higher mood stability.

Besides the possible fixed effects 𝜶, a latent variable 𝜔i is included, which summarizes other unobserved subject traits
independent from the observed variables and is also called the random scale effect. The random scale effect may contribute
to the heterogeneity of level-1 errors. It is assumed that 𝜔i ∼  (0, 𝜎2

𝜔) so that the error variance is assumed to follow a
log-normal distribution.

𝜎2
𝜖ijk

= exp(WT
ijk𝜶 + 𝜔i). (2)

The location random effects and scale random effects are allowed to be dependent, see Equation (3). The subject
mood mean can be associated with the mood variability by assuming non-zero covariance 𝜮𝝂𝝎 for 𝝂i and 𝜔i. In prior
psychological studies of positive mood, a negative correlation between the mean of mood and the variance was often
observed,24 such that subjects with higher positive mood were more consistent in their responses.(

𝝂i

𝜔i

)
∼ 

[(
0
0

)
,

(
𝜮𝝂 𝜮𝝂𝝎

𝜮T
𝝂𝝎 𝜎2

𝜔

)]
. (3)

The location-scale mixed model allows us to explore the subject-level mood mean and the mood variability as well as
the association between these two quantities.

3.2 Non-responsivity model

The total count of (converted) responses of subject i on day j, Cij, reflects the degree of non-responsivity to the self-initiated
assessments and is another outcome for modeling.

Specifically, we model the counts of (converted) responses (Cij) and assume Cij follows a Poisson distribution with
a positive mean formulated by an exponential function, in which there is a log-linear equation parameterized by the
covariates and the random subject effect 𝜆i (Equations (4) and (5)). An offset term tij can also be added as in other Poisson
regression models to adjust for the exposure level.

Cij ∼ (𝜇ij), (4)

ln
(
𝜇ij

tij

)
= LT

ij𝝉 + 𝜆i. (5)

3.3 Shared random effects

In the sense of parameter sharing, the random subject effects 𝝂i, 𝜔i, and 𝜆i in Equations (1), (2), and (5) are assumed to
be correlated by a set of linkage linear equations (Equation 6). To simplify, 𝜆i in Equation (5) is linearly associated with
𝝂i and 𝜔i respectively and the intensity of association is quantified by 𝜸 and 𝛿. Again, these random subject effects, 𝝂i,
𝜔i, and 𝜆i summarize some latent subject-specific features that may affect both the mood mean, mood variability, and
also the likelihood of non-responsivity. In our model, rather than to linearly combine these two linkage components in a
single equation, we will use two separate sets of equations in order to better observe the effects regarding mood location
and mood scale independently.

The sign of the linkage parameters 𝛾 and 𝛿 indicates positive/negative association between the non-responsivity and
subject’s mood location and scale. As we have discussed in Section 3.1, if we assume 𝜸 = (𝛾int, 𝛾time), a positive linkage
(𝛾int) between 𝜆i and 𝜈i,int indicates that higher subject mood levels are associated with more converted reports and vice
versa; while a positive linkage (𝛾time) between 𝜆i and 𝜈i,time indicates that the degree of a subject’s mood improvement
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over time is associated with the subject’s non-responsivity. Therefore, besides subject’s average mood level, the amount
of change can contribute to higher or lower non-responsivity of the self-initiated reports.

As mentioned in Section 3.1 the location and scale effects are allowed to be correlated. In this specification, 𝝂i and
𝜔i are correlated inherently since they share the same 𝜆i. 𝜼1i, and 𝜂2i are additional parameters following independent
normal distributions across subjects with mean 0 and variance 𝜮𝜼1 and 𝜎2

𝜂2
, respectively, to absorb the extra variability

unexplained by the variation in 𝜆i. Note that 𝜮𝜼1 is a diagonal matrix.

{
𝝂i = 𝜆i𝜸 + 𝜼1i

𝜔i = 𝜆i𝛿 + 𝜂2i.
(6)

4 ESTIMATION

4.1 Conditional likelihood functions

According to Equations (1) and (2), given 𝝂i, 𝜔i, the conditional likelihood of the random errors 𝝐ij = (𝜖ij1, 𝜖ij2, … , 𝜖ijNij)
T

for day j in subject i is,

f (𝝐ij|𝝂i, 𝜔i) =
1√|2𝜋𝜮𝝐ij | exp

(
−1

2
𝝐T

ij𝜮
−1
𝝐ij
𝝐ij

)
, (7)

𝜮𝝐ij is a diagonal matrix of size Nij × Nij. Each its diagonal element 𝜎2
𝜖ijk

takes the form as below,

𝜎2
𝜖ijk

= exp(WT
ijk𝜶 + 𝜔i). (8)

Then we substitute 𝝂i, 𝜔i with 𝜆i and 𝜼1i and 𝜂2i according to Equation (6),

𝜖ijk = Yijk − XT
ijk𝜷 − ZT

ijk(𝜆i𝜸 + 𝜼1i), (9)

𝜎2
𝜖ijk

= exp(WT
ijk𝜶 + (𝜆i𝛿 + 𝜂2i)), (10)

so that the conditional likelihood 𝝐ij of is,

f (𝝐ij|𝜆i, 𝜼1i, 𝜂2i) =
∏

k

1√
2𝜋𝜎2

𝜖ijk

exp

(
−

𝜖2
ijk

2𝜎2
𝜖ijk

)
. (11)

For the count outcome, the likelihood function conditioning on 𝜆i is,

f (Cij|𝜆i) =
𝜇

Cij

ij exp(−𝜇ij)

Cij!
, (12)

and 𝜇ij = exp(LT
ij𝝉 + 𝜆i) according to Equation (5) and the distribution of 𝜆i is,

g(𝜆i) =
1√

2𝜋𝜎2
𝜆

exp

(
−

𝜆2
i

2𝜎2
𝜆

)
. (13)

The joint distribution of 𝜼1i and 𝜂2i is,

g(𝜼1i) =
1√|2𝜋𝜮𝜼1 | exp

(
−1

2
𝜼T

1i𝜮
−1
𝜼1
𝜼1i

)
, (14)
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g(𝜂2i) =
1√

2𝜋𝜎2
𝜂2

exp

(
−

𝜂2
2i

2𝜎2
𝜂2

)
. (15)

And 𝝐ij and Cij conditioning on 𝜆i, 𝜼1i, 𝜂2i are independent. Thus, the conditional joint likelihood function for both
outcomes is

f (𝝐ij,Cij|𝜆i, 𝜼1i, 𝜂2i) = f (Cij|𝜆i)f (𝝐ij|𝜆i, 𝜼1i, 𝜂2i). (16)

The marginal joint likelihood for 𝜖 and C is,

(𝝐,C) = ∫
∏

i

{∏
j

f (Cij|𝜆i)f (𝝐ij|𝜆i, 𝜼1i, 𝜂2i)

}
g(𝜆i)g(𝜼1i)g(𝜂2i)d𝜆id𝜼1id𝜂2i. (17)

4.2 Optimization

From Section 4.1, integration over the random effects needs to be performed to construct the marginal likelihood function.
For generalized linear models this integral usually has no closed form. Thus, numerical integral evaluation techniques
such as Adaptive Gaussian Quadrature25,26 are needed. The Adaptive Gaussian Quadrature technique approximates this
integral by a weighted linear sum of the conditional likelihood evaluated at multiple chosen quadrature points and the
corresponding weights are based on the shape of random effect distributions. Additionally, we used the Newton-Raphson
algorithm with ridging (NRRIDG) to optimize the approximated marginal log likelihood function. For this, estimation
can be achieved using Procedure NLMIXED in SAS 14.3 (SAS Inc., Cary, NC). The appendix provides some sample code
illustrating this approach.

5 SIMULATION

5.1 Models for comparison

We compared our proposed model to two more conventional models. In this simulation study, without loss of generality,
𝝂i in the mean function includes only the random intercept 𝜈i,int and therefore the vectors 𝝂i, 𝜸, and 𝜼1i are reduced to
scalars, that is, 𝜈i,int, 𝛾int, and 𝜂1i,int , and the Z matrix is reduced to an all-ones column vector.

One naïve model is the linear mixed model with heterogeneous variance and only a subject-level random location
effect (HVMM), where the number of converted reports is not related to a subject’s mood. Here, we note that there is
no random scale effect and corresponding linkage. In this model, 𝜸 was set to equal zero so that the non-responsivity
model was assumed to be independent of the mood model. In the second model, we allowed some association between a
subject’s mood and the number of converted reports but only via the mood location. As compared to our proposed model,
this model doesn’t include a random scale effect. For this model, we estimated 𝜸 in the mean function but not the scale
linkage 𝛿 (shared parameter mixed model-location, SPMM-L).

Heterogeneous variance mixed model (HVMM):

yijk = XT
ijk𝜷 + ZT

ijk𝝂i + 𝜖ijk, (18)

𝜎2
𝜖ijk

= exp(WT
ijk𝜶), (19)

ln
(
𝜇ij

tij

)
= LT

ij𝝉 + 𝜆i. (20)

Shared parameter mixed model-location (SPMM-L):

yijk = XT
ijk𝜷 + ZT

ijk(𝜆i𝜸 + 𝜼1i) + 𝜖ijk, (21)
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𝜎2
𝜖ijk

= exp
(

WT
ijk𝜶

)
, (22)

ln
(
𝜇ij

tij

)
= LT

ij𝝉 + 𝜆i. (23)

Shared parameter location/scale mixed model (SPMM-LS)

yijk = XT
ijk𝜷 + ZT

ijk(𝜆i𝜸 + 𝜼1i) + 𝜖ijk, (24)

𝜎2
𝜖ijk

= exp(WT
ijk𝜶 + (𝜆i𝛿 + 𝜂2i)), (25)

ln
(
𝜇ij

tij

)
= LT

ij𝝉 + 𝜆i. (26)

5.2 Simulation setting

We validated the proposed model and compared the three mentioned candidate models on 100 datasets simulated respec-
tively from two scenarios. In the first scenario, non-responsivity was not related to the primary outcome in terms of
location or scale; this scenario is in line with the MAR scenario. For example, for this scenario, the number of converted
event reports (non-reponsivity) is not associated with the event-contingent mood outcome. Thus, we set the true values of
𝜸 and 𝛿 to zero, which indicates no association between the primary longitudinal outcome and the number of converted
responses. In the second scenario, we set non-zero values for 𝜸 and 𝛿 and allowed both a subject’s mean and variance to be
associated with the number of converted responses, which mimicked a MNAR process. The 100 simulated datasets had
the same three-level data structure as the real data, that is, there were 100 subjects in each dataset and each subject had
data from 7 days. The count of (converted) responses of each day was generated from a Poisson distribution. We simu-
lated covariates for each of the three levels, respectively, for the primary outcome model. For the non-responsivity model
(level 2), only the subject-level (level-3) and day-level (level-2) covariates were included.

We compared the results from all three models (the more conventional HVMM and SPMM-L, and the proposed
SPMM-LS) in terms of the average of the parameter estimates and the coverage rate for each parameter. The coverage rate
was computed as the proportion of solutions in which the 95% confidence interval contained the true value.

We also explored how the number of subjects and number of repeated measures within each subject or each day
affected the estimation bias as well as the computational efficiency. Thus, we also did another two simulation studies
shown in Table 3. In one simulation study, we simulated 100 datasets which contained 300 subjects per dataset so that we
can compare the estimation of the proposed model on datasets with 300 subjects vs 100 subjects. In the other simulation
study, also with 100 datasets, we specified 𝜏0 = −2 so that there was fewer event reports within each day and each subject.
For datasets simulated using 𝜏0 = 0.7 (Tables 2 and 3), the mean and median of the number of repeated assessments per
day are 16.09 and 5. For datasets simulated using 𝜏0 = −2, the mean and median are 1.07 and 0. The computational costs
as well as the estimation results are discussed in the following result Section 5.3.

5.3 Simulation results

Under the first scenario, with no linkage between the primary outcome and the non-responsivity (Table 1), all three
models resulted in reasonable bias and coverage for the main parameters. However, for the second scenario (Table 2)
parameterized by our proposed model SPMM-LS, both the naïve HVMM model and SPMM-L had low coverage on 𝜶

the error variance parameters. Also, for SPMM-L, removing the scale random effect and the linkage on scale affected
coverage on the location linkage. In contrast, our proposed model successfully recovered all of the model parameters with
reasonable coverage and acceptable bias.

Although the linkage specification across three models were different, the estimates in the non-responsivity model
component were similar, regardless of the scenario.

The number of subjects and number of repeated measures can affect the computational efficiency as well as the esti-
mation bias. For the datasets simulated with 𝜏0 = 0.7 with 100 subjects per dataset, it took 7 h and 27 min for the proposed
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T A B L E 1 Model comparison over 100 simulated datasets from the first scenario (HVMM)

HVMM SPMM-L SPMM-LS

Parameters True values Mean Coverage Mean Coverage Mean Coverage

Mood response model (LS mixed model)

𝛽0 5 5.02 0.92 5.02 0.91 5.02 0.91

𝛽1 1 0.99 0.95 0.99 0.96 0.99 0.96

𝛽2 −2 −2.00 0.94 −2.00 0.94 −2.00 0.95

𝛽3 1 1.00 0.93 1.00 0.93 1.00 0.93

𝛼0 1 1.00 0.94 1.00 0.94 1.00 0.94

𝛼1 −0.5 −0.50 0.96 −0.50 0.96 −0.50 0.96

𝛼2 0.1 0.10 0.97 0.10 0.97 0.10 0.98

𝛼3 −0.3 −0.30 0.96 −0.30 0.96 −0.30 0.96

Linkage

𝛾 0 0.01 0.93 0.01 0.93

𝛿 0 0.00 0.93

Non-responsivity model (Poisson mixed model)

𝜏0 0.7 0.71 0.99 0.71 0.99 0.71 0.99

𝜏1 0.5 0.49 0.97 0.49 0.97 0.49 0.97

𝜏2 −0.5 −0.50 0.96 −0.50 0.96 −0.50 0.96

log(𝜎2
𝜆
) 0.5 0.50 0.94 0.50 0.94 0.50 0.94

T A B L E 2 Model comparison over 100 simulated datasets from the second scenario (SPMM-LS)

HVMM SPMM-L SPMM-LS

Parameters True Values Mean Coverage Mean Coverage Mean Coverage

Mood response model (LS mixed model)

𝛽0 5 5.06 0.91 4.95 0.95 4.98 0.95

𝛽1 1 0.98 0.93 1.01 0.97 1.00 0.97

𝛽2 −2 −2.00 1.00 −2.00 1.00 −2.00 0.98

𝛽3 1 1.00 0.97 1.00 0.97 1.00 0.95

𝛼0 1 0.30 0.04 0.30 0.04 1.00 0.95

𝛼1 −0.5 −0.48 0.11 −0.48 0.11 −0.50 0.94

𝛼2 0.1 0.08 0.19 0.08 0.20 0.10 0.95

𝛼3 −0.3 −0.31 0.46 −0.31 0.46 −0.30 0.96

Linkage

𝛾 1 1.02 0.87 1.00 0.95

𝛿 −1 −0.99 0.91

Non-responsivity model (Poisson mixed model)

𝜏0 0.7 0.71 0.99 0.69 0.98 0.71 0.99

𝜏1 0.5 0.49 0.98 0.49 0.98 0.49 0.97

𝜏2 −0.5 −0.50 0.95 −0.50 0.95 −0.50 0.97

log(𝜎2
𝜆
) 0.5 0.47 0.96 0.69 0.98 0.47 0.96
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T A B L E 3 Sensitivity of the proposed model under different simulation settings

SPMM-LS SPMM-LS

Nsub = 300, 𝝉0 = 0.7 Nsub = 100, 𝝉0 = −2

Parameters True Mean Coverage True Mean Coverage

Mood response model (LS mixed model)

𝛽0 5 4.96 0.96 5 5.01 0.97

𝛽1 1 1.01 1.00 1 1.01 0.94

𝛽2 −2 −2.00 0.96 −2 −2.00 0.99

𝛽3 1 1.00 0.94 1 1.00 0.97

𝛼0 1 1.04 0.96 1 0.98 0.89

𝛼1 −0.5 −0.51 0.90 −0.5 −0.50 0.90

𝛼2 0.1 0.10 0.96 0.1 0.10 0.97

𝛼3 −0.3 −0.30 0.94 −0.3 −0.30 0.94

Linkage

𝛾 1 1.00 0.92 1 1.01 0.94

𝛿 −1 −1.00 0.96 −1 −0.99 0.93

Non-responsivity model (Poisson mixed model)

𝜏0 0.7 0.67 0.92 −2 −1.98 0.93

𝜏1 0.5 0.51 0.94 0.5 0.50 0.93

𝜏2 −0.5 −0.50 0.94 −0.5 −0.50 0.93

ln(𝜎2
𝜆
) 0.5 0.48 0.96 0.5 0.40 0.94

Abbreviation: True, true value.

model to converge on 100 convergent datasets (an average of 4.47 min per dataset). When the number of subjects was
increased to 300, the bias for the fixed effect estimates did not change, but the computation time increased to 23 h and 18
min to obtain 100 convergent solutions (an average of 13.98 min per dataset). We also simulated the data using 𝜏0 = −2
and 100 subjects. Here, as the number of repeated measures decreased, it took only 1 h 3 min for the proposed model to
converge on 100 datasets (an average of 0.63 min per dataset). However, in this case, some estimation bias for the scale
parameters 𝛼 occurred, presumably due to the lack of sufficient numbers of within-day repeated assessments (Table 3).

Additionally, we explored the effects if the outcome models were misspecified in two different ways: (1) important
level-1 (assessment-level) covariates were ignored; (2) setting the location linkage 𝛾 = 0 and the scale linkage 𝛿 = 0. The
results of these simulations are presented in Table A1 in the Appendix. For data simulated by the proposed model, if we
ignored the assessment-level covariate, the coverage rates for 𝛽, 𝜏, and 𝛾 were still reasonable but appreciable bias as well
as low coverage rates emerged for 𝛼 and 𝛿. Thus, not surprisingly, ignoring covariates in the mean model results in poor
results for the error variance parameters. For the second case, we included random intercepts 𝜆i in the non-responsivity
model and the location-scale random effects 𝜈i and 𝜔i in the primary outcome model. However, as we fixed 𝛾 = 0 and
𝛿 = 0 (Equation 6), the two models were naturally decoupled. In this case, it is equivalent to estimating the parameters
of the two models separately. As a result, 𝛽0 was overestimated and 𝛼0 was underestimated. However, for the covariate
effects, the estimation of 𝛽, 𝛼, and 𝜏 were not badly affected by ignoring the linkages. A reason why biases in 𝛽0 and
𝛼0 occurred is likely because some subjects” data might naturally contribute more when estimating 𝛽0 and 𝛼0 as they
had more positive 𝜆i, which meant larger number of within-subject observations. According to our simulation setting
where the true 𝛾 > 0 and 𝛿 < 0, subjects with higher mean and lower variability would have more observations and
thus data from such subjects would contribute more in the estimation of 𝛽0 and 𝛼0, the parameters associated with the
aggregate mean and variability. In the proposed approach, the magnitude of 𝜈i and 𝜔i already contained information of
the subject-level (non-) responsivity, so that 𝛽0 and 𝛼0 were still reasonably estimated. However, if we misspecified the
model by fixing 𝛾 and 𝛿 to be zero, then 𝛽0 and 𝛼0 would be biased and the direction of the biases would be the same as
the signs of 𝛾 and 𝛿.
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6 A SHARED-PARAMETER LOCATION-SCALE MIXED MODEL FOR
DUAL-USE STUDY

As mentioned in Section 2, in Dual-Use study, the event reports converted from random prompts repre-
sented an observed part of the missing self-initiated reports. We focused on modeling the number of this
type of responses because these converted prompts reflect the extent of non-responsivity of the self-initiated
reports.

6.1 The data of Dual-Use study

There were 287 subjects in the Dual-Use study21 and 57.84% of the sample were males and 40.77% were females, the
average age of the sample was 35.42 years. Subjects in this study were instructed to self-initiate and report on combustible
tobacco use (CIG) and non-combustible tobacco use (ECIG) over a seven-day study period. In addition, they also received
random prompts in which they were queried about whether they were smoking CIG/ECIG at that moment and if so, the
random prompts were converted into event reports.

Other than subject characteristics such as age and gender, variables associated with subject’s smoking habit were
recorded as well, such as the Nicotine Dependence Syndrome Scale (CigNDSS) score and 30-day smoking rate (CigRate)
measured prior to baseline. CigRate was calculated as how many cigarettes a day a participant smoked on average. All
of the subject-level continuous variables were centered in terms of sample means for better interpretability. The time
variable, denoted as studyday, ranged from 1 to 7. For any given day, participants had from 1 to 13 self-initiated events (SI
events) and 1-7 events which were converted prompts (RC events). The distribution of the average proportion of events
converted for each subject is shown in Figure 1. For this figure, we can see that approximately 10 % of subjects completely
relied on prompt conversion.

We jointly modeled two outcomes: the first was a continuous outcome (positive mood before CIG smoking) assumed
to follow a normal distribution parametrized by the location-scale mixed model; the second was the number of converted
event reports of CIG smoking following a Poisson distribution formulated by a Poisson mixed effect model with an offset.

F I G U R E 1 Distribution of the average proportion of events verified by conversion at the subject level
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F I G U R E 2 Distribution and association of the subject-level mean and log (SD) for the positive mood before smoking

The offset variable was defined as the number of times per day that the subject used the hand-held device to either
self-initiate reports or complete prompted questions regarding Cig or ECIG use.

For rating-scale data, one can often observe so-called floor and ceiling effects, that is, subjects who input
the lowest or highest categories of the mood score may display lower within-subject variance than sub-
jects who provide scores more in the middle. Figure 2 provides histograms of the subject-level means and
(log) SDs of the positive mood outcome, and a scatterplot depicting the association of these two subject-level
descriptors. These distributions appear approximately symmetric, with no strong evidence of ceiling and floor
effects.

6.2 Results

The candidate models to be compared for the Dual-Use data are similar to those in Tables 1 and 2. However, in terms of
the linkage, we not only linked the random intercept in each model component, we also specified linkage between the
random intercept in the non-responsivity model and the random time effect(s) in the mood location function. For each
model, we obtained the estimates along with the 95% confidence intervals (CI) for each of the model parameters. Results
of model comparison are summarized in Table 4. Lower AIC and -2 log likelihood (-2LL) values are associated with better
performance of the model and imply that the data contain sufficient information to model the mood location (random
intercept and time effect(s)), mood scale (random mood variability) and their association on the number of converted
events (non-responsivity).
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T A B L E 4 Model comparison on Dual-Use data: HVMM, SPMM-location, and SPMM-location/scale of linear growth
model Versio

HVMM SPMM-L SPMM-LS

Parameters Estimate 95% CI Estimate 95% CI Estimate 95% CI

Mood response model (LS mixed model)

𝛽int 6.41 (6.12, 6.71) 6.43 (6.14, 6.73) 6.40 (6.11, 6.69)

𝛽age 0.03 (0.02, 0.05) 0.03 (0.02, 0.05) 0.04 (0.02, 0.05)

𝛽female −0.19 (−0.64, 0.25) −0.20 (−0.64, 0.25) −0.20 (−0.65, 0.24)

𝛽CigNDSS −0.43 (−0.77,−0.09) −0.43 (−0.77, −0.10) −0.45 (−0.78,−0.11)

𝛽CigRate 0.02 (−0.01, 0.06) 0.02 (−0.01, 0.06) 0.02 (−0.01, 0.06)

𝛽time −0.07 (−0.10,−0.03) −0.07 (−0.11,−0.04) −0.07 (−0.10,−0.04)

𝛼int 0.75 (0.61, 0.89) 0.75 (0.62, 0.89) 0.57 (0.37, 0.77)

𝛼age −0.01 (−0.01,0.00) −0.01 (−0.01,−0.00) −0.01 (−0.02,−0.00)

𝛼female 0.23 (0.11, 0.35) 0.23 (0.11, 0.35) 0.42 (0.18, 0.66)

𝛼CigNDSS 0.47 (0.38, 0.56) 0.47 (0.39, 0.56) 0.43 (0.24, 0.61)

𝛼CigRate −0.02 (−0.02 , −0.01) −0.02 (−0.02, −0.01) −0.01 (−0.03, 0.01)

𝛼time −0.07 (−0.10 ,−0.04) −0.07 (−0.10,−0.04) −0.12 (−0.15,−0.09)

Linkage

𝛾int 0.08 (−0.38, 0.55) 0.03 (−0.42, 0.48)

𝛾time 0.06 (−0.01, 0.14) 0.07 (0.01, 0.13)

𝛿int 0.30 (0.07, 0.53)

Non-responsivity

𝜏int −2.15 (−2.28,−2.02) −2.15 (−2.28,−2.02) −2.15 (−2.29,−2.02)

𝜏age 0.01 (0.00, 0.02) 0.01 (0.00, 0.02) 0.01 (0.00, 0.02)

𝜏female −0.20 (−0.37,−0.03) −0.20 (−0.37,−0.03) −0.20 (−0.37,−0.03)

𝜏CigNDSS 0.01 (−0.01, 0.03) 0.01 (−0.01, 0.03) 0.01 (−0.01,0.03)

𝜏CigRate 0.30 (0.17, 0.42) 0.30 (0.17, 0.42) 0.30 (0.18,0.43)

𝜏time 0.03 (0.02, 0.04) 0.03 (0.02, 0.04) 0.03 (0.02,0.04)

Goodness of fit

−2LL 13 828 13 823 13 502

AIC 13 870 13 869 13 552

Results are shown in Table 4, with significant (p-value<0.05) covariate effects highlighted in bold. All of the three
candidate models include random intercept and random linear time effects. However, HVMM doesn’t allow any linkage
to non-responsivity or random scale effect, SPMM-L only allows for the location linkage but no random scale effect, and
the proposed SPMM-LS model has both random location and scale effects and allows linkage in terms of both location and
scale.

As one can see, model SPMM-L is slightly better than HVMM which indicates that a subject’s mood level/mood
change was associated with nonresponses in the self-initiated assessments. However, the biggest improvement comes
from including the random scale effect and its linkage. Our proposed model SPMM-LS is shown to have the best fit to the
data with the lowest AIC value.

For the fixed covariate effects 𝜷 in the mean function, the three models yielded similar estimates and 95% confidence
intervals. Based on our optimal model, older participants displayed higher positive mood on average. Higher CigNDSS
(nicotine dependency) was associated with lower positive mood. This result was also found in another relevant study,27

which reported that the progression of nicotine dependency was associated with lower positive mood. Also, over the



1792 MA et al.

1-week course of the EMA study, the mean of mood became less and less positive by −0.07 (95% CI=(−0.10, −0.04)) per
day, given the mood scale range was from 0 to 10.

For covariates effects 𝜶 in the within-subject variance function, the two naïve models yielded similar estimates and
confidence intervals. Across all three models, older subjects had more stable mood than younger subjects, and females
had less stable mood than males. Higher CigNDSS was highly associated with greater mood instability (𝛼CigNDSS=0.43,
95% CI=(0.24, 0.61)), which agreed with findings in another study that the progression of nicotine dependency was
associated with less stable mood.27 In this regard, mood instability has been reported to be an important indicator
of lack of mood control and even depression and bipolar disorder.28 In regards to smoking, within-subject emo-
tional variability may result from the withdrawal effects of nicotine.27,29 Thus, in our study, the association between
dependency as measured by the CigNDSS and mood variability is noteworthy. For CigRate, higher CigRate was sig-
nificantly associated with lower variability in the two naïve models, but not in the proposed SPMM-LS model. In
terms of studyday, subject’s mood variability decreased over days as the linear time effect is negative and significant.
Leckie et al showed that inclusion of the random scale effect can lead to larger SEs for covariates, like CigRate in
our example, in the within-subject variance model relative to when the random scale effect is not included.30 This is
because ignoring the random scale effect assumes that the errors are uncorrelated within subjects, which may not be
valid. Thus, including the random scale effect can lead to more valid inference for the covariates of the within-subject
variance.

The three models produced similar estimates and confidence intervals for the non-responsivity component where age,
gender, CigRate and the linear day effect were significant. Older subjects had more converted responses than younger
subjects, that is, younger subjects may be more compliant to self-initiate event reports. Male subjects had more converted
responses than female subjects, indicating that males may be less compliant. The positive and significant linear day effect
implies that participants became less compliant to initiate the event reports over time, resulting in more events being
captured by the random prompts. A positive effects for CigRate indicated that higher levels of CigRate were related to
more converted events. This agrees with previous studies that have reported that number of cigarettes used per day was
associated with lower compliance in EMA studies.6,31

The linkage parameters summarize the relationship between subject’s mood location, mood scale, and
non-responsivity. Our proposed model (SPMM-LS) was able to reveal significant associations between (1) the mood
scale and non-responsivity and (2) between linear mood change and non-responsivity. The scale linkage was signifi-
cant and positive, which indicates that higher mood variability was associated with lower compliance as more events
were obtained by conversion instead of being reported by the subject. The linkage of the linear mood change and
non-responsivity was also positive and significant. Here, note that the overall time trend was negative (in terms of pos-
itive mood), but the slopes of mood change were allowed to vary across subjects. The positive location linkage (𝛾time)
indicates that, given overall decreasing trend of mood at the aggregate level, if a particular subject’s mood change dis-
played a more positive slope or a less negative slope than the aggregate trend, then this subject had more converted
events.

7 CONCLUSION

In this article we further extend the location-scale mixed model of Hedeker et al22,23 under the framework of a
shared-parameter model to jointly model the multilevel intensive self-initiated mood assessments contingent to CIG use
and the non-responsivity of these mood assessments. This model can also be viewed as an extension of a longitudinal indi-
vidual growth model by including linkage among the latent subject-specific change parameters and the non-responsivity
of the assessments. As was observed in our data analysis, the covariates of time, gender, age, and CigRate were allowed to
be associated with the converted responses, which represent part of the nonresponses in self-initiated assessments. For
each individual, the mood change as well as the variability was also allowed to be associated with their responsivity.

This model provides additional insights in the modeling of intensive longitudinal assessments. First, it enables
us to model the variability of the mood, subjects” mood changing pattern, and their (non-)responsivity jointly.
In addition, it allows common covariates as well as common latent subject effects of interest to have impact on
these three different components so that the inter-correlation network among covariates and outcomes can be
revealed.

In particular, with an EMA design such as the design of the Dual-Use study, our proposed model allows us to
infer the psychological reasons for the missingness of the self-initiated event reports, which are often ignored in most
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EMA studies. Without knowing the missingness of each self-initiated report, the non-responsivity has been quanti-
fied as the counts of the RC reports. Although we focused on the results for RC events, the proposed model can
also be broadly used for modeling the total counts of event reports (RC+SI) or other targeting events as responsivity
measures.

8 DISCUSSION

Using shared parameter models to model non-responsivity may have limitations. As Little10 described, the shared param-
eter framework will be valid if the nonresponse mechanism is “random-coefficient-dependent MNAR (RCD-MNAR).”
In RCD-MNAR, it assumes the shared random effects contain all information of the missing outcomes so that
the conditional independence between the missing data process and the measurement process can be achieved.
This RCD-MNAR mechanism is a special case of a more general and realistic scenario, the “outcome-dependent
MNAR (OD-MNAR)” and he stated that the two MNAR mechanisms need to be distinguished. However, for
OD-MNAR, the shared parameter model may be insufficient and the covariate effect estimates can biased. Got-
tfredson et al32 evaluated the shared parameter model in the growth model setting under these two MNAR sce-
narios and showed that the shared parameter model estimates are unbiased only when the missing mechanism
is RCD-MNAR. Therefore, if the data are missing as OD-MNAR, we may still need to use other bias correction
approaches.

The maximum likelihood (ML) approach we used provides a frequentist way for inference as compared to the Bayesian
approach. By ML methods, we are able to obtain SEs and confidence intervals and P-values, which are widely used for
obtaining conclusions in data analysis projects. The shortcoming of ML methods is that it includes a time-consuming
multi-dimension integration over the random effects when using the Adaptive Gaussian Quadrature for integral evalua-
tion. In fact, the complexity of the integration algorithm grows exponentially as the dimension of random effect grows.
Also, our simulation studies showed that the computation time taken for fitting the proposed model on larger sample size
may significantly increase. We also observed that the SAS NLMIXED Procedure can be sensitive to the specification of
starting values. For this, one can estimate simpler models using standard software (eg, a mixed model for the continuous
mood outcome, and a Poisson mixed model for the converted events) to get reasonable starting values for many of the
parameters. Then, one can add model complexity using naive starting values (say equal to zero) for the additional param-
eters, perhaps adding parameters incrementally to the model. A sample SAS coding script is displayed in the Appendix
below.

In addition, for simplicity, we have only considered a two-level model (within-subject and between-subject) for the
mood outcome. If the data contain sufficient structural information, a three-level location-scale model may be possible. In
addition, this shared parameter approach can be further adapted to a structural equation modeling approach to account
for multiple outcomes.

Finally, even with this special study design, the extent of non-responsivity may be incomplete because there is still
the possibility of there being events that occurred but were not reported or converted by the random prompts. Thus, our
approach can be viewed as an approximate representation of the true level of non-response, and perhaps a lower bound
of the non-responsivity in self-initiated event reports (ie, a subject’s true level of non-responsivity in self-initiated event
reports is likely to be higher than the number of converted random prompts which we modeled). Also, a further caveat is
that we have ignored missingness in the random prompts (ie, when a subject is randomly prompted but does not respond
to the prompt). As mentioned, several publications have focused on statistical modeling involving missingness of these
prompted assessments.6-9 Thus, the approach described in this article can be extended to include this additional modeling
of the random prompt missingness in the future.
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APPENDIX A

Statistical analyses can be performed using PROC NLMIXED from SAS. Prior to running PROC NLMIXED, the number
of responses or nonresponses should be first summarized for each subject i at each day j and should be indicated as the
“responsivity” outcome.

For the primary outcome variable in the original dataset, we used the designation of outcome type “primary.” Then we
appended the summarized responsivity dataset and the original dataset vertically so that there were two types of outcomes
in the final dataset.
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T A B L E A1 Effects of misspecifying the outcome models

Ignore X3 Set 𝜸 = 0, 𝜹 = 0

Parameters True values Mean Coverage Mean Coverage

Mood response model (LS mixed model)

𝛽0 5 4.93 0.96 5.30 0.83

𝛽1 1 1.01 0.96 0.93 0.92

𝛽2 −2 −2.00 0.96 −2.00 0.94

𝛽3 1 1.00 0.96

𝛼0 1 1.95 0.00 0.81 0.93

𝛼1 −0.5 −0.09 0.00 −0.45 0.96

𝛼2 0.1 0.01 0.01 0.10 0.91

𝛼3 −0.3 −0.30 0.95

Linkage

𝛾 1 1.00 0.96

𝛿 −1 −0.18 0.00

Non-responsivity model (Poisson mixed model)

𝜏0 0.7 0.64 0.97 0.69 0.95

𝜏1 0.5 0.51 0.94 0.50 0.93

𝜏2 −0.5 −0.50 0.97 −0.50 0.94

ln(𝜎2
𝜆
) 0.5 0.47 0.97


