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Abstract
Objective: Meditation apps are the most widely used mental health apps. The precise
mechanisms underlying their effects remain unclear. In particular, the degree to which affect
experienced during meditation is associated with outcomes has not been established. Method:
We used the meditation app arm of a recently completed randomized controlled trial comparing a
self-guided meditation app (Healthy Minds Program) to a waitlist control. Predominantly
distressed public school employees (n=243, 80.9% with clinically elevated depression and/or
anxiety) reported positive and negative affect during meditation practice. Data were analyzed
using two-level multivariate latent growth curve models (observations nested within participants)
that simultaneously attended to both positive and negative affect. We examined whether positive
and negative affect during meditation changed over time and whether these changes were
associated with changes in psychological distress (parent trial’s preregistered primary outcome)
at post-test or 3-month follow-up. Results: On average, participants reported decreased negative
affect but no change in positive affect during meditation over time. Increased positive affect and
decreased negative affect during meditation were associated with improvements in distress at
post-test and follow-up. Change in positive affect was a stronger predictor of distress at follow-
up than change in negative affect. Conclusions: Despite notions embedded within mainstream
mindfulness meditation training that deemphasize the importance of the affective experience of
practice (i.e., nonjudgmental awareness of present moment experience, regardless of valence),
results indicate that these experiences contain signal associated with outcomes. Monitoring affect
during meditation may be worthwhile to guide intervention delivery (i.e., measurement-based
care, precision medicine).
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Public Significance Statement
This study suggests that affect experienced during meditation is associated with both short- and
long-term changes in psychological distress that occur in the context of smartphone app-
delivered meditation training. While both increases in positive affect and decreases in negative
affect were associated with improvements in distress, increases in positive affect were the

stronger predictor of long-term improvements in distress.



Mindfulness- and other meditation-based interventions (MBIs) have become mainstream
in the past several decades (Creswell, 2017). This popularity is based, at least in part, on
empirical evidence from hundreds of randomized controlled trials (RCTs) suggesting that, on
average, MBIs produce effects on various mental health outcomes that are superior to waitlist
controls and on par with other evidence-based treatments (Galante et al., 2021; Goldberg et al.,
2022; Kuyken et al., 2016). Although traditionally delivered via in-person group formats, MBIs
are increasingly prominent within mobile health (mHealth) apps. Mindfulness meditation
specifically has emerged as by far the most popular content within mental health apps, with the
two most widely used meditation apps (Headspace and Calm) alone accounting for 90% of
monthly active users of mental health apps (Wasil et al., 2020). Data available from RCTs testing
meditation apps suggests that these MBIs produce beneficial effects on mental health outcomes
(Gél et al., 2021).

Meditation apps hold considerable promise as a means for expanding access to evidence-
based strategies to promote mental health. At once, these interventions are limited in important
ways. Meditation apps, like other mental health apps, demonstrate high and rapid rates of user
disengagement (Baumel et al., 2019). There is also evidence that exposure to meditation initially
through a meditation app may be associated with higher rates of adverse reactions to meditation
practice (Goldberg et al., 2021). As these interventions are often self-guided, users may be ill-
equipped to work with challenging experiences that are known to arise for some during
meditation practice (Aizik-Reebs et al., 2021; Britton et al., 2022). In addition, effect sizes from
meta-analyses of RCTs testing meditation app have been smaller than those observed for in-
person MBIs (Gal et al., 2021; Linardon, 2020; Goldberg et al., 2022), suggesting a potential

tradeoff between scalability and efficacy.



A clearer understanding of the mechanisms at play within mHealth MBIs may help
treatment developers increase the efficacy of these interventions. A variety of psychological
mechanisms have been proposed for in-person MBIs including the cultivation of mindful
awareness (i.e., attending to the present moment, on purpose, and without judgment; Kabat-Zinn,
1994), the capacity to regulate attention and emotion (Tang et al., 2015), acceptance (Lindsay &
Creswell, 2017), connection with others (Dahl et al., 2020), and cognitive reappraisal (Garland et
al., 2015). A smaller body of work has examined aspects of the meditation practice itself such as
the amount of formal meditation practice (e.g., minutes spent engaging in sitting meditation;
Hirshberg et al., 2020; Parsons et al., 2017). A relatively small number of studies have examined
the subjective experience of meditation.

Understanding the role of the subjective experience of meditation practice may be
particularly valuable in the context of mHealth MBIs. The digital delivery format makes
collecting participants’ ratings of their experience highly feasible and the routine monitoring of
relevant mechanisms could, in theory, be used to address known limitations of mHealth MBIs.
Similar to routine outcome monitoring within psychotherapy (de Jong et al., 2021), feedback
derived from monitoring subjective experiences during meditation that are known to predict
long-term effects may help increase the acceptability, safety, and efficacy of mHealth MBIs.

Some aspects of the subjective experience of meditation have been examined for in-
person MBIs. For example, state mindfulness and decentering (i.e., curiosity and awareness of
experience with healthy psychological distance; Lau et al., 2006) during meditation have been
shown to increase over the course of training (Shoham et al., 2017), with improvements in state
mindfulness during meditation linked to decreases in distress within the context of Mindfulness-

Based Stress Reduction (MBSR; Kiken et al., 2015). Practice quality, defined as the degree to



which one is bringing balanced perseverance in one’s application of mindful attention during
formal meditation practice (Del Re et al., 2013) has been associated with improvements in
distress and trait mindfulness and shown to mediate the association between formal practice and
outcomes within MBSR (Del Re et al., 2013; Goldberg et al., 2014; Goldberg, Knoeppel, et al.,
2020).

To our knowledge, only one study has investigated the subjective experience of
meditation within the context of an mHealth MBI. In a sample of 86 undergraduates, Walsh et al.
(2019) demonstrated that a mindfulness app produced larger improvements in mood post-
meditation practice relative to a cognitive training active control condition. Although Walsh et
al. used a measure of mood that assessed both positive and negative affect, their analyses focused
on a mood composite and did not examine positive and negative mood separately.

Affect during meditation may be an important part of the subjective experience that is
worth examining further within mHealth MBIs. How meditation “feels” may signal users’
responsiveness to the practices they are doing and provide actionable feedback that can be used
to customize interventions. Traditional early Buddhist sources such as the “mindfulness sutta”
(Satipatthana Sutta) that have served as a major part of the basis for secular forms of
mindfulness meditation (Harrington & Dunne, 2015) highlight the value of attending to the
affective valence of present moment experience (Analayo, 2018). On the one hand, these sources
emphasize simply recognizing when an experience is present or not, e.g., “If restlessness-and-
worry is present in [one], [one] knows ‘there is restlessness-and-worry in me’” (Analayo, 2006,
p. 9). This aligns with the kind of non-judgmental awareness emphasized in MBSR and other
MBIs (Kabat-Zinn, 1994). On the other hand, these same sources provide clear descriptions of

the process of meditative development that includes the waning of certain affective experiences



such as aversion and restlessness-and-worry, two of the “five hindrances” which hinder the
development of meditative concentration (Analayo, 2018). These sources also describe the
increase in other affective experiences such as joy and calm, two of the “seven factors of
awakening” that are viewed as mental factors that mature over the course of training (Analayo,
2018). In addition, non-mindfulness styles of meditation practice including practices drawn from
later Buddhist traditions (e.g., Tibetan Buddhism) often emphasize the cultivation of particular
mental qualities and affective experiences (Dahl et al., 2015). For example, loving-kindness and
compassion practices involve the intentional cultivation of feelings of warmth and kindness
towards oneself and others, which have an affective valence (Dahl et al., 2020). To date, it is
unclear the degree to which affective experience during meditation changes over the course of
training and whether such changes are associated with short- and long-term treatment outcomes.
In addition, the prior study investigating mood post-meditation practice in the context of an
mHealth MBI (Walsh et al., 2019) combined positive and negative mood into a single
dimension. However, there is evidence that positive and negative affect can and often do co-
occur in the context of daily life (Barford et al., 2020; Dejonckheere et al., 2018). That is,
individuals can experience high (or low) levels of both positive and negative affect
simultaneously. It would therefore be valuable to clarify the degree to which outcomes within
mHealth MBIs are linked to the waning of negative affect (e.g., as characterized by the five
hindrances) and/or the increase of positive affect (e.g., as characterized by the seven factors of
awakening; Analayo, 2018).
Current Study

The current study sought to clarify the degree to which positive and negative affect

during meditation change over the course of training and whether such changes are linked to



short- and long-term outcomes in the context of an mHealth MBI. To do so, we used data drawn
from the intervention arm of a recently completed RCT testing a meditation app in a sample of
predominantly distressed (i.e., reported clinically elevated depression and/or anxiety) public
school employees during the early months of the COVID-19 pandemic (Hirshberg et al., 2022).
Participants provided experience samples of their positive and negative affect immediately
following meditation. We examined whether ratings of positive and negative affect changed over
the course of training, whether changes were associated with changes in psychological distress
(preregistered primary outcome in the RCT) at post-treatment and 3-month follow-up, and
whether patterns differed across positive and negative affect dimensions. The RCT from which
these data were drawn was preregistered (Hirshberg et al., 2022; NCT04426318 ) although the
analyses reported here were exploratory and not preregistered. Data and analysis output are
available online (https://osf.io/t8qxm/). Study procedures were approved by the University of
Wisconsin — Madison Institutional Review Board.
Method

Participants and Procedure

The RCT from which these data were drawn included 662 public school employees
recruited during the early months of the COVID-19 pandemic (enrolled between June and
August 2020). Participants were randomly assigned to use the Healthy Minds Program [HMP]
app (n = 344) or to a waitlist control condition (n = 318). Efficacy results have been reported
elsewhere (Hirshberg et al., 2022). The preregistered target sample size for the RCT was 400
which was estimated to provide 80% power to detect between-group differences of Cohen’s d >
0.38, assuming 43.4% attrition (Linardon & Fuller-Tyszkiewicz, 2020) with oo = .050. This

between-group difference is similar to that observed in meta-analyses of mHealth MBIs (e.g.,



Gal et al., 2021). It was noted in the preregistration that a larger sample may be recruited if
additional funding was secured.

Public school employees were eligible to participate if they had no or minimal prior
meditation experience and did not report severe depressive symptoms (Patient-Reported
Outcomes Monitoring Information System [PROMIS] Depression T-score < 70; Pilkonis et al.,
2011). The preregistered primary outcome for the RCT was psychological distress which was
computed as a composite of depression, anxiety, and stress measures. The current study used
psychological distress assessments from baseline, post-treatment, and 3-month follow-up.
Affective experience during meditation was assessed immediately following practices delivered
via the HMP app.

The current study included participants randomized to the HMP condition who completed
one or more ratings of affect during meditation practice (n = 243). Participants completing one or
more ratings did not differ from those who did not complete ratings on demographic or clinical
variables at baseline (ps > .100). The subsample completing one or more ratings was on average
42.24 years old (SD = 10.59); 88.9% were female, 10.7% male, and 0.4% of unknown gender;
88.5% were non-Hispanic White, 2.1% Black, 0.4% Latinx, 1.6% Asian/Pacific Islander, 4.5%
multiracial, and 2.9% of unknown race/ethnicity; 89.3% had completed college; 16.5% had an
annual income of < $50,000. Most (80.9%) reported PROMIS Depression and/or PROMIS
Anxiety scores in the clinically elevated range (T-score > 55).

Intervention

The HMP app includes training in four pillars of well-being: Awareness, Connection,

Insight, and Purpose (ACIP; Dahl et al., 2020). The Awareness module emphasizes training the

regulation of attention (e.g., focused attention; meta-awareness of thoughts, sensations, and
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emotions). The Connection module emphasizes the cultivation of capacities that support positive
relations with oneself and others such as gratitude and compassion. The Insight module includes
practices designed to clarify the nature of self-identity and experience (e.g., seeing thoughts as
only thoughts). The Purpose module involves clarifying one’s values and expressing values in
daily activities. Thus, HMP includes both traditional mindfulness (e.g., Awareness module) as
well as non-mindfulness (e.g., Connection module) practices. HMP includes a combination of
didactic “podcast-style” lessons discussing the science of well-being along with guided
meditation practices aimed at cultivating ACIP skills. For further details about HMP, see
Goldberg, Imhoff-Smith, et al. (2020) and Hirshberg et al. (2022).
Measures
Psychological Distress

Psychological distress was operationalized as the composite of the computer adaptive
PROMIS Depression and PROMIS Anxiety scales (v1.0; Pilkonis et al., 2011) and the 10-item
Perceived Stress Scale (PSS; Cohen & Williamson, 1988). The computer adaptive PROMIS
Depression and PROMIS Anxiety measures have shown strong convergent validity with legacy
measures assessing these constructs (Choi et al., 2014; Schalet et al., 2014). Items assess
symptoms of depression (e.g., “I felt worthless”) and anxiety (e.g., “I felt fearful) in the past 7
days on a 5-point Likert-type scale ranging from 1 (never) to 5 (always). The computer adaptive
versions yield T-scores (i.e., mean = 50, SD = 10), with a T-score > 55 indicating clinical
elevations. Although internal consistency cannot be computed for the computer adaptive
versions, the fixed form versions of the PROMIS Depression and PROMIS Anxiety scales have

shown adequate internal consistency reliability (as > .90; Pilkonis et al., 2011).
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The PSS is a widely used measure assessing perceived stress in the past month (e.g.,
“How often have you felt that you were unable to control the important things in your life?”).
Items are rated on a 5-point Likert-type scale ranging from 1 (never) to 5 (very often). The 10-
item PSS has shown strong convergent and discriminant validity (Roberti et al., 2006). A total
score was computed by taking the mean of all items, with higher scores reflecting higher
perceived stress. Internal consistency was adequate (o0 = .85).

A psychological distress composite was computed based on prior work showing high

correlations between these measures (Goldberg, Imhoff-Smith, et al., 2020). To compute this

composite, scores on the measures of depression, anxiety, and stress were z-transformed and then

averaged.
Post-Practice Affect

Participants completed items assessing positive and negative affect immediately
following meditation practice delivered via the HMP app. Items were drawn from prior
experience sampling work investigating the subjective experience of meditation practice
(Shoham et al., 2017). Participants were asked “During the meditation practice, to what extent
did you feel each of the following emotions” and provided ratings on a 5-point visual analog
scale ranging from 1 (not at all) to 5 (very much). The two positive affect items were “happy”
and “calm” and the two negative affect items were “sad” and “nervous.” We calculated inter-
item correlations and correlations across affect dimensions at the overall level (i.e., not
disaggregated into within- and between-participant components), as well as disaggregated into
within-participant (i.e., subtracting participant-level means from each rating) and between-
participant (i.e., participant-level mean rating) components. Inter-item correlations for the two

positive affect items were » = .57 (overall), » = .44 (within participant), and » = .66 (between
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participant) and for the two negative affect items were » = .49 (overall), » = .38 (within
participant), » = .51 (between participant), all ps <.001, indicating acceptable internal
consistency reliability (Clark & Watson, 1995). Positive and negative affect subscale scores were
computed by averaging across the two items in each dimension. Correlations between affect
dimensions were r = -.34 (overall), » = -.42 (within participant), and » = -.27 (between
participant), all ps <.001. Ratings were z-scored for use in analyses.
Data Analysis

Data were analyzed using two-level multivariate latent growth curve models (MacCallum
et al., 1997; Plewis, 2005) implemented in HLM (Raudenbush & Congdon, 2021). Our approach
mimics a multivariate extension of HLM employed by Raudenbush et al. (1995). HLM output is
included in Supplemental Materials Table 1 to 3. Data are available through OSF
(https://osf.i0/t8qxm/). As can be seen in the data file (and in Raudenbush et al.’s [1995] Table 2
on p. 166), data were converted into long format with a row for each affect rating. Two separate
indicator variables were included (coded as 0 or 1, PosAff and NegAff in the models below) to
reflect whether a rating was associated with positive or negative affect. When a positive affect
rating was made, the positive affect indicator variable was coded as 1 and the negative affect
indicator variable was coded as 0. Similarly, two separate time variables were included (PosTime
and NegTime in the models below), coded as time (i.e., day, but scaled to range from 0 to 1 as
described below) when a particular affect rating was drawn from that dimension and coded as 0
when a particular affect rating was drawn from the opposite dimension. The two-level models
included assessment timepoint (Level 1) nested within participant (Level 2). Models also
allowed different Level 1 error variances for the positive versus negative affect measures. This

permitted our simultaneous modeling of both measures. In analyses, negative affect was reverse
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scored, such that higher scores reflected lower levels of negative affect. This was used to allow a
hypothesis test (described below) comparing trajectories of change for positive and negative
affect with one another. However, for ease of interpretation, negative affect was not reverse
scored in figures.

We conducted three separate models. An initial model (Model 1) assessed change in

affect during meditation over time:

Affri = Bro * (PosAffii) + Bao * (NegAffii) + B30 * (PosTimey;) + P4 * (NegTimey;) +
[r1; * (PosAf fy;) + 12i x (NegAf fii) + 13 * (PosTimey;) + 1y * (NegTimey;) + eq],

(Equation 1)

where affect (4ff) at timepoint 7 for participant i is predicted by fixed intercepts (i.e., grand
mean) for positive (PosAff:) and negative (NegAff:) affect (f10 and [»o0), coded as 0 or 1
depending on dimension of affect ratings, fixed slopes for time (PosTime:, NegTimes; B30 and [
40) scaled from 0 to 1 with time coded as 0 when affect ratings are drawn from the opposite
dimension (i.e., PosTime = 0 when Aff corresponds to negative affect), along with participant-
level (i.e., Level 2) random components for both intercepts and slopes (in brackets) along with
residual error (e;). A hypothesis test was conducted to compare trajectories of change in positive
versus negative affect (i.e., fixed effects PosTime vs. NegTime, 30 vs. [ao) using the “linear
hypothesis testing” feature in the HLM software. We used the HLM software to conduct a Wald
y? test to evaluate the equivalence of the fixed effect trajectory parameters (see Supplemental

Materials Tables 1 to 3).
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A second model (Model 2) evaluated whether pre-post change in psychological distress
was associated with trajectories of change in affect during meditation practice. To characterize
change in psychological distress over time, residualized change scores were calculated reflecting
change from baseline to post-test or from baseline to 3-month follow-up (i.e., scores at post-test
or 3-month follow-up regressed onto baseline). These change scores were then entered into

Model 2 and Model 3. The equation for Model 2 was:

Affei = Pro * (PosAf fyi) + P11 * (PosAf fi; * Residual change;) + B0 * (NegAf fzi) + Pa1 *
(NegAff:; * Residual change;) + B3y * (PosTimey;) + 31 * (PosTime,; *

Residual change;) + Bao * (NegTime;;) + B41 * (NegTime,; * Residual change;) +

[r1; * (PosAf fu) + 15 * (NegAf fri) + 13; * (PosTimey;) + 14 * (NegTimey;) + ey],

(Equation 2)

where affect (4ff) at timepoint ¢ for participant i is predicted by fixed intercepts and fixed slopes
as in Equation 1 (i.e., B10, [0, 30, Pso) along with the interaction between these intercepts and
slopes with pre-post residualized change in psychological distress (Residual change;, a
participant-level variable; B11, f21, f31, fa1), and participant-level (i.e., Level 2) random
components for both intercepts and slopes along with residual error (es). As in Model 1, a
hypothesis test was used to assess whether the interaction between pre-post change in
psychological distress and trajectories of change in affect differed across positive and negative
affect dimensions (i.e., £31 vs. fBa1).

A final model (Model 3) was identical to Model 2 but instead examined associations with

pre- to follow-up change in psychological distress rather than pre-post change. Thus, the
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participant-level variable Residual change; in Equation 2 was modified to reflect pre- to follow-
up residualized change.

To quantify the magnitude of the association between changes in psychological distress
(i.e., residualized change from baseline to post-test or baseline to follow-up) with trajectories of
change in positive and negative affect, we calculated R* values (i.e., variance explained).
Specifically, we calculated the change in residual variances for positive and negative affect
slopes when adding the predictive effects of change in psychological distress to the models. The
reduction in residual variances for positive and negative affect slopes when adding change in
psychological distress to the models quantifies the degree to which change in distress is
associated with change in affect.

Maximum likelihood estimation was used for all models which is robust to data missing
at random (Graham, 2009). Given the large number of Level 2 units, we interpreted results using
robust standard errors as these are less sensitive to violations of multilevel model assumptions
(Snijders & Bosker, 2012).

Results

Participants (n = 243) provided an average of 7.82 (standard deviation [SD] = 3.76) post-
meditation practice ratings, resulting in a total of 1,893 ratings of positive affect and 1,896
ratings of negative affect. Average positive affect was 3.66 (SD = 0.80, range = 1.00 to 5.00) and
average negative affect was 1.42 (SD = 0.64, range = 1 to 4.55). Of participants providing one or
more post-meditation practice ratings, residualized change in psychological distress was
available for 219 (90.1%) at post-test and 218 (89.7%) at 3-month follow-up. Average
residualized change in psychological distress was -0.23 (SD = 0.70) at post-test and -0.13 (SD =

0.62) at follow-up. These negative values are consistent with the significantly larger
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improvements in psychological distress for the HMP group versus the waitlist control at both
time points previously reported (Hirshberg et al., 2022). Participants’ first post-meditation
practice ratings showed moderate magnitude associations with baseline distress (s = -.25 and
.35, ps <.001, for positive and negative affect, respectively).

An initial model (Model 1) examined change in affect during meditation over the course
of the 4-week intervention. Negative affect decreased significantly over time (B =0.18, p =.017;
recall negative affect was reverse scored in analyses) while positive affect did not change over
time (B = -0.080, p = .295). The difference between these slope parameters was significant (>
[1]1=28.24, p = .004). There was significant between-participant variation in changes in both
positive and negative affect over time (i.e., random effects). The SD for positive affect slopes
was 0.64 and for negative affect slopes was 0.52 (both ps <.001). Average and participant-level
trajectories of change in positive and negative affect are displayed in Figure 1.

We then examined whether trajectories of change in affect during meditation was
associated with changes in our primary outcome. Pre- to post-test change in psychological
distress was associated with trajectories of change in both positive affect (B =-0.42, p <.001)
and negative affect (B = -0.34, p = .003). The difference between these coefficients was not
significant (y2 [1] = 0.43, p = .512). As shown in Figure 2, larger pre- to post-test improvements
in psychological distress were associated with steeper increases in positive affect and steeper
decreases in negative affect during meditation practice over time.

To characterize the magnitude of associations between pre- to post-test change in
psychological distress and trajectories of change in positive and negative affect, we calculated R’
values. Prior to adding pre- to post-test change in psychological distress to the model (i.e., in

Model 1), there was 0.41 variance in positive affect slopes and 0.27 variance in negative affect
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slopes. With the addition of pre- to post-test change in psychological distress to the model (i.e.,
Model 2), these variances were reduced to 0.33 and 0.22, for positive and negative affect slopes,
respectively. Thus, the addition of pre- to post-test psychological distress was associated with an
R? of 0.20 for positive affect slope (i.e., [0.41 — 0.33]/0.41) and an R? of 0.19 for negative affect
slope (i.e., [0.27 — 0.22]/ 0.27).

A final model examined associations with pre- to follow-up change in psychological
distress. Pre- to follow-up change in psychological distress was again associated with trajectories
of change in both positive affect (B =-0.56, p <.001) and negative affect (B =-0.20, p = .033).
The difference between these coefficients was significant (y? [1] = 7.24, p = .007), indicating
that pre- to follow-up change in psychological distress was more strongly associated with
changes in positive affect during meditation practice over time than with changes in negative
affect (Figure 3).

To characterize the magnitude of these associations, we again calculated R? values. With
the addition of pre- to follow-up change in psychological distress to the model (i.e., Model 3),
these variances were reduced to 0.30 and 0.25, for positive and negative affect slopes,
respectively. Thus, the addition of pre- to follow-up psychological distress was associated with
an R? of 0.27 for positive affect slope (i.e., [0.41 —0.30] / 0.41) and an R* of 0.07 for negative
affect slope (i.e., [0.27 — 0.25]/ 0.27).

Discussion

mHealth MBIs including meditation apps have emerged as a promising means for
dissemination of evidence-based strategies to support mental health (Wasil et al., 2020). At once,
effect sizes associated with these interventions remain modest (Gal et al., 2021), naturalistic use

of these tools shows rapid disengagement (Baumel et al., 2019), and the mechanisms underlying
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potential beneficial effects remain unclear (Goldberg, 2022). The subjective affective experience
of meditation practice may be a relevant indicator of response to mHealth MBIs that could be
used to guide the delivery of these interventions.

The current study demonstrated that negative affect decreases on average over the course
of training and that changes over time in both positive and negative affect during meditation are
associated with changes in psychological distress at post-treatment and 3-month follow-up. This
supports the notion that affect during meditation is a relevant proximal indicator of treatment
response that contains signal associated with short- and long-term effects. However, our results
also indicate that associations between changes in affect during meditation and long-term
outcomes were not uniform across affect dimensions. Although it was negative affect (and not
positive affect) that changed (decreased) on average over time, increases in positive affect more
strongly predicted outcomes at 3-month follow-up than decreases in negative affect. From a
traditional early Buddhist perspective, these findings suggest an average waning of negative
affective states during meditation practice that aligns with a weakening of the five hindrances
(Analayo, 2018). Results also highlight the increase of positive affective states during meditation
as being most important for long-term benefits, in keeping with the seven factors of awakening
(Analayo, 2018) as well as the emphasis in non-mindfulness meditative practices designed to
cultivate affective states (e.g., loving-kindness and compassion practices; Dahl et al., 2015).

These results support the notion that affect during meditation may be a highly relevant
target for routine monitoring with mHealth MBIs. Changes in affect during meditation practice
in particular may be an important state-like construct (as opposed to a trait-like construct; Zilcha-
Mano, 2021; Zilcha-Mano & Fisher, 2022) that can guide intervention customization. The digital

delivery format may lower the bar for gathering such assessments relative to in person delivery
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where logistical barriers may limit implementation of routine monitoring systems (Duncan &
Murray, 2012). Moreover, digital interventions could in theory be readily customized based on
participants’ responses, in keeping with notions of precision medicine in which interventions are
targeted to a given patient at a given time (Collins & Varmus, 2015). Such customization could
include the delivery of specific intervention content (e.g., components that may boost positive
affect, for example if a participant is not showing increases over time) or the provision of
additional human support (e.g., text message support from a meditation instructor, for example if
negative affect is not reducing over time). Of course, the development of customized mHealth
MBIs that achieve the promise of precision medicine will require surmounting both scientific
challenges (e.g., identification of proximal indicators of long-term treatment response) as well as
technical and design challenges (i.e., implementing feedback-informed modifications within the
interventions in ways that are acceptable to users).

Modern clinical trial designs may play an important role in the development and testing
of more responsive mHealth MBIs. Micro-randomized trials (Klasnja et al., 2015) could be used
to clarify which practices are most likely to produce specific affective responses, with
participants randomly assigned to receive specific practices at different times. With many
randomizations per participant, such designs can be highly efficient and do not necessarily
require the large sample sizes typically needed for adequately powered traditional RCTs (Liao et
al., 2016). Sequential multiple assignment randomized trials (SMART; Collins et al., 2007)
could implement information gleaned from micro-randomized trials to investigate whether the
provision of specific content based on participants’ feedback in fact improves outcomes. For
example, a study could model changes in affect during meditation practice over the first week of

an mHealth MBI and then randomly assign participants to receive feedback-informed
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modifications (e.g., positive affect inducing practices if demonstrating decreases in positive
affect over time) or to continue receiving the mHealth MBI as usual. These groups could then be
compared at follow-up to assess the impact of customization. Of course, it will be vital for
studies investigating customization to attend to individual differences and the possibility that
different participants will respond differently to the same practices. The gathering of passive data
and the use of machine learning may aid in the development of highly customized, idiographic
models that are capable of accounting for these individual differences (Mohr et al., 2017).

These results may also have clinical implications for the delivery of MBIs more
generally. Although it will be important to replicate these analyses within an in-person MBI,
should these patterns replicate they support routine monitoring of affect during meditation
practice in contexts like MBSR. Ideally such assessment can be done regularly and
quantitatively, to allow examination of the trajectories of change in affect that predicted
outcomes in the current study. A future study could explore whether these changes can be
evaluated qualitatively as well, for example through conversations between meditation teachers
and students. Precisely how routine monitoring particularly of the subjective experience of
meditation (or other outcomes, for that matter) should be incorporated into instructor-led MBIs is
a topic worthy of further investigation. Discussing routinely monitored outcomes in MBIs may
require some delicacy. Participants are being both encouraged to engage with their moment-to-
moment experience with non-judgmental awareness (Kabat-Zinn, 1994) while at once receiving
feedback that their particular pattern of moment-to-moment experience suggests they may not be
on track to maximally benefit from the MBI, therefore requiring intervention. This barrier may
be surmountable, as this tension is present to varying degrees in all third-wave behavioral

therapies that integrate a combination of acceptance- and change-based strategies (Lau &
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McMain, 2005) as well as in efforts to integrate routine outcome monitoring into clinical practice
generally (Duncan & Murray, 2012).
Limitations

The current study has several important limitations. First, our assessment of the
subjective experience of meditation focused on affect. There are almost certainly other aspects of
the meditative experience that are linked to outcomes, perhaps more strongly than affect. Future
studies will ideally assess a wider range of subjective experiences such as state mindfulness
(Kiken et al., 2015), self-compassion (Neff, 2003), motivation for practice (Jiwani et al., 2022),
and connection with others (Riordan et al., 2023). Future studies could also examine whether
associations between meditative experiences and outcomes differ based on affect items’ location
in the affective circumplex (i.e., valence [unpleasant to pleasant] crossed with arousal [activation
to deactivation]; Posner et al., 2005). Second, and relatedly, affect was assessed using a small
number of items which captured only a limited range of potential affective experiences that may
occur during meditation. Moreover, the small number of items may have reduced reliability of
affect ratings (although this presumably would have made it more difficult to detect associations
with changes in distress). Third, we did not assess affect prior to each meditation practice session
nor outside of the context of meditation practice. Lacking these assessments, it is impossible to
say whether the meditation practice itself led to changes in affective state or whether affect
during meditation was simply an indicator of participants’ general affective state. The moderate
magnitude association between baseline psychological distress and affect during participants’
first meditation practice (s = -.25 and .35, for positive and negative affect, respectively) suggest
that these are at least partially overlapping. Thus, it is entirely possible that the changes in affect

during meditation mirror changes being generally experienced by the participants and that it is
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this general change in affect, rather than a meditation-specific or meditation-induced change in
affect, that is associated with outcomes. Including pre-practice and daily life experience
sampling, as has been done in previous studies (e.g., Shoham et al., 2017; Walsh et al., 2019)
will help clarify these issues. Having parallel daily life affect ratings from control condition
participants who are not receiving meditation training may be a powerful way to clarify any
causal role that affect during meditation may play on changes in psychological distress. It may
also be worthwhile examining whether affect during meditation shows different associations
across outcome types (e.g., linkages with depression vs. anxiety vs. well-being). Fourth, we did
not manipulate affect and thus associations between changes in affect and changes in outcomes
are ultimately correlational. A future randomized design could intentionally manipulate changes
in affect over time, for example by delivering practices known to increase positive affect such as
loving-kindness meditation (Fredrickson et al., 2008). Changes in affect during meditation could
then be formally examined as a mediator of intervention effects on outcomes which would
provide far stronger causal evidence. Fifth, we used a two-step approach for modeling change
from pre- to post-test and pre- to follow-up (i.e., extracting residualized change scores from
regression models). This approach is vulnerable to attenuation-related regressor bias, as change
scores were estimated with error that was ignored when the change scores were subsequentially
entered into multilevel models. Future work could employ a one-step approach within a
structural equation modeling (SEM) framework where pre- to post-test and pre- to follow-up
changes in outcomes are modeled alongside changes in post-practice items. Lastly, our sample
was predominantly non-Hispanic White and female, which limits generalizability to other gender

and racial/ethnic groups. In addition, the sample was predominantly distressed participants
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drawn from a non-clinical setting (public schools) and results may or may not generalize to
treatment seeking populations.
Conclusion

To our knowledge, this is the first study to establish links between affect experienced
during meditation with long-term outcomes and one of the few studies investigating the
subjective experience of meditation within an mHealth MBI. Results suggest that how
meditation feels may have implications for the benefits participants ultimately receive from their
practice. Changes in positive affect may be particularly important for long-term effects of
mHealth MBIs. Results support future efforts understanding micro-processes within meditation
training. The mHealth MBI context may be a fruitful place to explore these dynamics, given
proximal indicators of long-term effects can be readily assessed and theoretically responded to
within digital interventions. Ultimately, these efforts may result in highly responsive mHealth
MBIs that are more engaging and more effective than current programs. Such precision medicine

mHealth MBIs may more fully realize the public health potential of this intervention approach.
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Data Transparency Statement
Manuscripts using data drawn from the same randomized trial have been published elsewhere.
However, no prior manuscripts have included the post-practice affect ratings reported here. The
primary outcomes paper (Hirshberg et al., 2022) includes evaluation of the study’s primary and
secondary outcomes. A study validating the measure of working alliance included in the trial has
been published (Goldberg, Baldwin, et al., 2022). A study investigating baseline characteristics
that predict treatment response has been published (Webb et al., 2022). A study using baseline

data evaluating distress among school employees has been published (Hirshberg et al., 2023).
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Figure 1

Changes in Positive and Negative Affect During Meditation
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Note. Figures display overall (dashed black lines) and participant-level (solid blue lines)
trajectories of change in positive (left panel) and negative (right panel) affect during meditation
practice over the course of mobile health meditation training. On average, positive affect did not

change (p = .295) while negative affect decreased significantly over time (p =.017).
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Figure 2

Changes in Positive and Negative Affect During Meditation Separated by Outcomes at Post-test
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Note. Larger pre- to post-test improvement in psychological distress (dichotomized into high

improvement [left panels] and low improvement [right panels] for display purposes only) is
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associated with increased positive affect (p <.001, top panels) and decreased negative affect (p =

.003, bottom panels) during meditation practice. This association did not differ across affect

dimensions (p =.512). Dashed black lines represent overall trajectories and solid blue lines

represent participant-level trajectories.
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Figure 3

Changes in Positive and Negative Affect During Meditation Separated by Outcomes at Follow-

up
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Note. Larger pre- to follow-up improvement in psychological distress (dichotomized into high
improvement [left panels] and low improvement [right panels] for display purposes only) is
associated with increased positive affect (p <.001, top panels) and decreased negative affect (p =
.033, bottom panels) during meditation practice. Association with positive affect was
significantly stronger than association with negative affect (p = .007). Dashed black lines

represent overall trajectories and solid blue lines represent participant-level trajectories.
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HLM software output for Model 1
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Mixed Model
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+B,,*NEGTIME,

+7,*POSA,; +ry*NEGA, + ry*POSTIME, + r,*NEGTIME, + e,

Run-time deletion has reduced the number of level-1 records to 3789

Results for Homogeneous o2

Var(R) = 62
6% =0.53142
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NEGTIME,z, -0.481 -0.502 0.698 1.000

Confidence intervals of T correlations

POSA,x;, ( 1.000, 1.000) (-0.148, 0.817)(-0.192,-0.036) (-0.608,-0.329)
NEGA,x, (-0.148, 0.817) ( 1.000, 1.000)(-0.309,-0.135)(-0.601,-0.387)
POSTIME,z; (-0.192,-0.036)(-0.309,-0.135) ( 1.000, 1.000) (-1.000, 1.000)
NEGTIME,x, (-0.608,-0.329)(-0.601,-0.387) (-1.000, 1.000) ( 1.000, 1.000)

Random level-1 coefficient  Reliability estimate
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POSA,z, 0.528
NEGA 7, 0.608
POSTIME,z, 0.279
NEGTIME,z, 0.259

Note: The reliability estimates reported above are based on only 225 of 243
units that had sufficient data for computation. Fixed effects and variance
components are based on all the data.

Final estimation of fixed effects:

Fixed Effect Coefficient Standard t-ratio App rox. p-value
error d.f.

For POSA slope, 7,

INTRCPTZ, 8, 0.033298 0.055415 0.601 242 0.548
For NEGA slope, 7,

INTRCPT2, 85y -0.126053 0.061930 -2.035 242 0.043
For POSTIME slope, 73

INTRCPTZ2, B35 -0.077780 0.077462 -1.004 242 0.316
For NEGTIME slope, z,

INTRCPT2, B, 0.182098 0.075752  2.404 242 0.017

Results of General Linear Hypothesis Testing - Test 1

Coefficients  Contrast

For POSA slope, ;

INTRCPT2, g, 0.033298 0.0000
For NEGA slope, 7,

INTRCPT2,$,,  -0.126053  0.0000
For POSTIME slope, 7;

INTRCPT2, §; -0.077780 1.0000
For NEGTIME slope, 7,

INTRCPT2, §,,, 0.182098  -1.0000
Estimate -0.2599
Standard error of estimate 0.0947

¥ statistic = 7.532209
Degrees of freedom = 1
p-value = 0.006202

Final estimation of fixed effects
(with robust standard errors)

Fixed Effect Coefficient Standard t-ratio Approx.

error daf P “value
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For POSA slope, =,
INTRCPT2, B, 0.033298 0.054914  0.606 242 0.545
For NEGA slope, =,
INTRCPT2, B,y -0.126053 0.061546 -2.048 242 0.042
For POSTIME slope, 7;
INTRCPT2, B3, -0.077780 0.076171 -1.021 242 0.308
For NEGTIME slope, 7,
INTRCPT2, B,y 0.182098 0.074439  2.446 242 0.015
Results of General Linear Hypothesis Testing - Test 1
Coefficients  Contrast
For POSA slope, =,
INTRCPT2, 4, 0.033298  0.0000
For NEGA slope, 7,
INTRCPT2, B,,  -0.126053  0.0000
For POSTIME slope, 7;
INTRCPT2, j;, -0.077780 1.0000
For NEGTIME slope, 7,
INTRCPT2, B, 0.182098  -1.0000
Estimate -0.2599
Standard error of estimate 0.0904
¥? statistic = 8.259556
Degrees of freedom = 1
p-value = 0.004360
Final estimation of variance components
Standard Variance 5
Random Effect Deviation Component df. X p-value
POSA slope, r, 0.63467 0.40281 224 533.55493 <0.001
NEGA slope, r, 0.76187 0.58045 224 620.59325 <0.001
POSTIME slope, r; 0.62326 0.38846 224 309.67122 <0.001
NEGTIME slope, 7, 0.59026 0.34841 224 299.14803 <0.001
level-1, e 0.72898 0.53142

Note: The chi-square statistics reported above are based on only 225 of 243
units that had sufficient data for computation. Fixed effects and variance

components are based on all the data.
Statistics for the current model

Deviance = 9391.621436

Number of estimated parameters = 15
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Results for Heterogeneous o?

(macro iteration 12)

Var(R) = 6% and 10g(02) =a,+ a;(NEGA)

Model for level-1 variance

Parameter Coefficient Standard Z-ratio p-value
Error
INTRCPT1 ,a, -0.70759 0.036853 -19.200 0.000

NEGA ,0, 0.15154 0.052058 2911 0.004

Summary of Model Fit

Model Number of Deviance
Parameters

1. Homogeneous 62 15 9391.62144
2. Heterogeneous 62 16 9382.22103

Model Comparison + d.f. p-value
Model 1 vs Model 2 9.40041 1 0.003

T

POSA,x;, 0.41267 0.22909 -0.05597 -0.19187
NEGA,z, 0.22909 0.55412 -0.11815 -0.18608
POSTIME,z;  -0.05597 -0.11815 0.41202 0.27675
NEGTIME,z, -0.19187 -0.18608 0.27675 0.27019

Standard errors of T

POSA,x;, 0.06498 0.05363 0.06982 0.06230
NEGA,z, 0.05363 0.08224 0.07061 0.08187
POSTIME,z;  0.06982 0.07061 0.11740 0.08233
NEGTIME,z, 0.06230 0.08187 0.08233 0.11326

Approximate confidence intervals of tau variances
POSA : (0.303,0.563)

NEGA : (0.414,0.742)

POSTIME : (0.235,0.722)

NEGTIME : NS

7 (as correlations)
POSA,x, 1.000 0.479 -0.136 -0.575
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NEGA,z, 0.479 1.000 -0.247 -0.481
POSTIME,z;  -0.136 -0.247 1.000 0.829
NEGTIME,zr, -0.575 -0.481 0.829 1.000

Confidence intervals of T correlations
POSA,x;,
NEGA,z,

him2.html

( 1.000, 1.000) (-0.200, 0.847)(-0.213,-0.057) (-0.712,-0.395)
(-0.200, 0.847) ( 1.000, 1.000)(-0.334,-0.157) (-0.616,-0.319)

POSTIME,z; (-0.213,-0.057)(-0.334,-0.157) ( 1.000, 1.000) (-1.000, 1.000)
NEGTIME,z, (-0.712,-0.395)(-0.616,-0.319) (-1.000, 1.000) ( 1.000, 1.000)

Random level-1 coefficient

Reliability estimate

POSA,7, 0.550
NEGA, 7, 0.582
POSTIME,; 0.304
NEGTIME,x, 0.205

Note: The reliability estimates reported above are based on only 225 of 243
units that had sufficient data for computation. Fixed effects and variance

components are based on all the data.

The value of the log-likelihood function at iteration 2 = -4.691111E+03

Final estimation of fixed effects:

Standard

Approx.

Fixed Effect Coefficient t-ratio p-value
error df.

For POSA slope, 7;

INTRCPT2, B, 0.034201 0.054964 0.622 242 0.534
For NEGA slope, 7,

INTRCPT2, 85, -0.123907 0.061716 -2.008 242 0.046
For POSTIME slope, 7,

INTRCPTZ, B3, -0.079809 0.076401 -1.045 242 0.297
For NEGTIME slope, =,

INTRCPT2, 8, 0.179032 0.074941  2.389 242 0.018

Results of General Linear Hypothesis Testing - Test 1

Coefficients Contrast

For POSA slope, ,

INTRCPT2, §,, 0.034201 0.0000
For NEGA slope, 7,

INTRCPT2, 8,, -0.123907 0.0000
For POSTIME slope, 73

INTRCPT2, 8, -0.079809 1.0000
For NEGTIME slope, 7,

INTRCPT2, B, 0.179032  -1.0000
Estimate -0.2588
Standard error of estimate 0.0920
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¥ statistic = 7.923112
Degrees of freedom =1
p-value = 0.005123
Final estimation of fixed effects
(with robust standard errors)
Fixed Effect Coefficient Standard t-ratio Approx. p-value
error df.
For POSA slope, ;
INTRCPT2, §,, 0.034201 0.054819 0.624 242 0.533
For NEGA slope, 7,
INTRCPT2, B,,  -0.123907 0.061501 -2.015 242 0.045
For POSTIME slope, 73
INTRCPTZ, B3y -0.079809 0.076025 -1.050 242 0.295
For NEGTIME slope, 7,
INTRCPT2, B, 0.179032 0.074215 2.412 242 0.017
Results of General Linear Hypothesis Testing - Test 1
Coefficients  Contrast
For POSA slope, 7;
INTRCPT2, 3, 0.034201 0.0000
For NEGA slope, 7,
INTRCPT2, $,, -0.123907 0.0000
For POSTIME slope, 7,
INTRCPT2, §;, -0.079809 1.0000
For NEGTIME slope, =,
INTRCPT2, 0.179032 -1.0000
Estimate -0.2588
Standard error of estimate 0.0902
y? statistic = 8.237568
Degrees of freedom = 1
p-value = 0.004405
Final estimation of variance components
Standard Variance 5
Random Effect Deviation Component df. X p-value
POSA slope, r, 0.64239 0.41267 224 575.31453 <0.001
NEGA slope, 7, 0.74439 0.55412 224 574.99442 <0.001
POSTIME slope, r, 0.64189 0.41202 224 333.94281 <0.001
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NEGTIME slope, r, 0.51980 0.27019 224 277.21016  0.009

Note: The chi-square statistics reported above are based on only 225 of 243
units that had sufficient data for computation. Fixed effects and variance
components are based on all the data.

Statistics for the current model

Deviance = 9382.221026
Number of estimated parameters = 16
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HLM software output for Model 2

571423, 1:59 PM himz2. il
Program: HLM & Hierarchical Linear and Nonlinear Modeling
Authors: Stephen Raudenbush & Richard Congdon
Copyright: Copyright € 1996-2022 Scientific Software Tntetnational, Tne
Technical Support: himggssicentral.com
Website: www.ssicentral.com
Module: TIILM2.EXE (8.2.3.14)
Datc: 1 May 2023, Monday
Time: 13:57:52
License: 1ILM Basic
Master Key: 98dofh5Q-*HEk_ kkkk_d*kkk_59290957h8@d
Installation Key: 9daB3844 - *kk¥_kkdk _kkwk_hefdldl774f6
Expiration: 10/29/2023 10:15:19 AM

Specifications for this HLM2 run

Problem Title: no title

The data source for this run hlm_new jecp
The maximum number of level-1 units — 3802
The maximum number of level-2 units — 243
The maximum numbcr of micro itcrations — 100

Muthod of estimation: full maximum likelihood

Maximum number of maero ilerations = 100
Ilelerogeneous sigma_squared specilied

The oulcome vanable 1s AT
Summary of the model specified
Siep 2 model
Level-1 Modcl
AFF, =7, (POSA) + 5y (INEGA) + o, M(POSTIME ) + m MNEGTIME Y + ¢y
Level-2 Model

=Bt B, T3 _DISTR) ¥ r,,
Ty — ot B ¥ (T3 _DISTR,) — vy
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w3 = B3+ B3 *(T5_DISTR)) + r3;
7= Begt+ By *(T5_DISTR)) + ry;

Mixed Model

AFF,;=8,/*POSA, + B,*T5_DISTR*POSA,

+ Byy*NEGA, + B,/ *T5_DISTR*NEGA,

+ B3y POSTIME,; + B;,*T5_DISTR* POSTIME,,

+ B, *NEGTIME,, + B, *T5_DISTR *NEGTIME,,

+7,*POSA,; +ry*NEGA, + ry*POSTIME, + r,*NEGTIME, + e,

Run-time deletion has reduced the number of level-1 records to 3617
Run-time deletion has reduced the number of level-2 groups to 219

Results for Homogeneous o2

Var(R) = o2
6% =0.53520

Standard error of 62 = 0.01419

T

POSA,x, 0.40998 0.21308 -0.02230 -0.17204
NEGA,z, 0.21308 0.52651 -0.08765 -0.20110
POSTIME,r;  -0.02230 -0.08765 0.30932 0.19435
NEGTIME,z, -0.17204 -0.20110 0.19435 0.28986

Standard errors of t

POSA,z, 0.06830 0.05423 0.06974 0.06304
NEGA,z, 0.05423 0.07996 0.06824 0.08002
POSTIME,z;  0.06974 0.06824 0.11242 0.07911
NEGTIME,z, 0.06304 0.08002 0.07911 0.11003

7 (as correlations)

POSA,x;, 1.000 0.459 -0.063 -0.499
NEGA,x, 0.459 1.000 -0.217 -0.515
POSTIME,z;  -0.063 -0.217 1.000 0.649
NEGTIME,z, -0.499 -0.515 0.649 1.000

Confidence intervals of T correlations

POSA,x;, ( 1.000, 1.000) (-0.200, 0.832)(-0.121,-0.004) (-0.645,-0.318)
NEGA,z, (-0.200, 0.832) ( 1.000, 1.000)(-0.328,-0.101)(-0.641,-0.362)
POSTIME,r; (-0.121,-0.004)(-0.328,-0.101) ( 1.000, 1.000) (-1.000, 1.000)
NEGTIME,z, (-0.645,-0.318)(-0.641,-0.362) (-1.000, 1.000) ( 1.000, 1.000)
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Random level-1 coefficient  Reliability estimate

POSA.z, 0.539
NEGA,, 0.595
POSTIME,z, 0.244
NEGTIME,z, 0.234

Note: The reliability estimates reported above are based on only 211 of 219
units that had sufficient data for computation. Fixed effects and variance

components are based on all the data.

Final estimation of fixed effects:

Fixed Effect Coefficient Standard {-ratio Approx. p-value
error df.
For POSA slope, ;
INTRCPT2, B, 0.056414 0.061369 0.919 217 0.359
T5_DISTR, 3, 0.086309 0.083516 1.033 217 0.303
For NEGA slope, 7,
INTRCPT2, 85,  -0.111004 0.066162 -1.678 217 0.095
T5_DISTR, B,;,  -0.048864 0.090255 -0.541 217 0.589
For POSTIME slope, 7,
INTRCPT2, B3y -0.167994 0.081796 -2.054 217 0.041
T5_DISTR, f5;  -0.417943 0.109855 -3.804 217  <0.001
For NEGTIME slope, 7,
INTRCPT2, B, 0.076727 0.080621  0.952 217 0.342
T5_DISTR, B,;,  -0.343174 0.108664 -3.158 217 0.002

Results of General Linear Hypothesis Testing - Test 1

Coefficients Contrast
For POSA slope, 7,
INTRCPT2, g, 0.056414 0.0000
T5_DISTR, g, 0.086309 0.0000
For NEGA slope, =,
INTRCPT2, S, -0.111004 0.0000
T5_DISTR, f,; -0.048864 0.0000
For POSTIME slope, 7;
INTRCPT2, §;, -0.167994 0.0000
TS DISTR,,,  -0.417943  1.0000
For NEGTIME slope, =,
INTRCPT2, 0.076727 0.0000

T5_DISTR, 8,  -0.343174  -1.0000
Estimate -0.0748
Standard error of estimate 0.1379

¥ statistic = 0.294119
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Degrees of freedom = 1
p-value =>.500

Final estimation of fixed effects
(with robust standard errors)

Fixed Effect Coefficient Standard t-ratio App rox. p-value
error df.
For POSA slope, =,
INTRCPT2, f 0.056414 0.058130 0.970 217 0.333
T5_DISTR, 3, 0.086309 0.111300 0.775 217 0.439
For NEGA slope, 7,
INTRCPT2, 85y -0.111004 0.069055 -1.607 217 0.109
T5_DISTR, B,,  -0.048864 0.088972 -0.549 217 0.583
For POSTIME slope, 73
INTRCPT2, B3y -0.167994 0.076316 -2.201 217 0.029
T5_DISTR, 5, -0.417943 0.120179 -3.478 217  <0.001
For NEGTIME slope, =,
INTRCPT2,8,,  0.076727 0.084720  0.906 217 0.366
T5_DISTR, B,;  -0.343174 0.111100 -3.089 217 0.002
Results of General Linear Hypothesis Testing - Test 1
Coefficients  Contrast
For POSA slope, =,
INTRCPT2, g, 0.056414 0.0000
T5_DISTR, g, 0.086309 0.0000
For NEGA slope, 7,
INTRCPT2, 5, -0.111004 0.0000
T5_DISTR, §,; -0.048864 0.0000
For POSTIME slope, 73
INTRCPT2, g, -0.167994 0.0000
T5_DISTR, 3, -0.417943 1.0000
For NEGTIME slope, 7,
INTRCPT2, B, 0.076727 0.0000
T5_DISTR, g, -0.343174  -1.0000
Estimate -0.0748
Standard error of estimate 0.1237
x? statistic = 0.365567
Degrees of freedom = 1
p-value =>.500
Final estimation of variance components
Random Effect [)S:s?a(:?(:ﬁ Congﬁfﬁ df. 2 p-value
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POSA slope, 7, 0.64030 0.40998 209 501.59276 <0.001
NEGA slope, 7, 0.72561 0.52651 209 543.89123 <0.001
POSTIME slope, r, 0.55617 0.30932 209 265.67998  0.005
NEGTIME slope, 7, 0.53839 0.28986 209 259.69565  0.010
level-1, e 0.73157 0.53520

Note: The chi-square statistics reported above are based on only 211 of 219
units that had sufficient data for computation. Fixed effects and variance

components are based on all the data.
Statistics for the current model

Deviance = 8941.145123
Number of estimated parameters = 19

Results for Heterogeneous ¢

(macro iteration 13)

2

Var(R) = o% and log(cz) =a,+ o,(NEGA)

Model for level-1 variance

Parameter Coefficient Standard Z-ratio  p-value
Error

INTRCPT1 ,0, -0.70110 0.037552 -18.670 0.000
NEGA ,0, 0.15180 0.053043  2.862 0.005
Summary of Model Fit
Model Number of Deviance

Parameters
1. Homogeneous 62 19 8941.14512
2. Heterogeneous 62 20 8931.97192
Model Comparison Xz d.f. p-value
Model 1 vs Model 2 9.17320 1 0.003
T
POSA,x;, 0.41878 0.21895 -0.03110 -0.18402
NEGA,z, 0.21895 0.50355 -0.09831 -0.16702
POSTIME,z;  -0.03110 -0.09831 0.32983 0.21320
NEGTIME,z, -0.18402 -0.16702 0.21320 0.22180
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Standard errors of t

POSA,x;, 0.06754 0.05385 0.06850 0.06234
NEGA,z, 0.05385 0.07993 0.06708 0.07979
POSTIME,z,  0.06850 0.06708 0.11052 0.07762
NEGTIME,z, 0.06234 0.07979 0.07762 0.10992

Approximate confidence intervals of tau variances
POSA : (0.305,0.575)

NEGA : (0.368,0.689)

POSTIME : (0.170,0.638)

NEGTIME : NS

7 (as correlations)

POSA,x;, 1.000 0.477 -0.084 -0.604
NEGA,z, 0.477 1.000 -0.241 -0.500
POSTIME,z; -0.084 -0.241 1.000 0.788
NEGTIME,z, -0.604 -0.500 0.788 1.000

Confidence intervals of T correlations

POSA,x;, (1.000, 1.000) (-0.259, 0.862)(-0.150,-0.017) (-0.757,-0.388)
NEGA,z, (-0.259, 0.862) ( 1.000, 1.000)(-0.353,-0.123)(-0.669,-0.281)
POSTIME,z; (-0.150,-0.017)(-0.353,-0.123) ( 1.000, 1.000) (-1.000, 1.000)
NEGTIME,z, (-0.757,-0.388)(-0.669,-0.281) (-1.000, 1.000) ( 1.000, 1.000)

Random level-1 coefficient  Reliability estimate

POSA, 7, 0.560
NEGA,x, 0.569
POSTIME, 7, 0.269
NEGTIME,x, 0.181

Note: The reliability estimates reported above are based on only 211 of 219
units that had sufficient data for computation. Fixed effects and variance
components are based on all the data.

The value of the log-likelihood function at iteration 2 = -4.465986E+03

Final estimation of fixed effects:

Fixed Effect Coefficient Standard t-ratio Approx. p-value
error df
For POSA slope, =,
INTRCPT2, g, 0.057595 0.060821  0.947 217 0.345
T5_DISTR, g, 0.087751 0.082808  1.060 217 0.290
For NEGA slope, 7,
INTRCPT2, 85y -0.109657 0.066049 -1.660 217 0.098
T5_DISTR, B,,  -0.049958 0.090020 -0.555 217 0.579
For POSTIME slope, 7;
INTRCPT2, B3y -0.169777 0.080455 -2.110 217 0.036
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T5_DISTR, B3, -0.419180 0.108175 -3.875 217  <0.001
For NEGTIME slope, =,
INTRCPT2, 5,y 0.075930 0.080096  0.948 217 0344
T5_DISTR, B, -0.338393 0.107724 -3.141 217 0.002
Results of General Linear Hypothesis Testing - Test 1
Coefficients Contrast
For POSA slope, 7,
INTRCPT2, §,, 0.057595 0.0000
T5_DISTR, 8, 0.087751  0.0000
For NEGA slope, 7,
INTRCPT2, j,, -0.109657 0.0000
T5_DISTR, §,; -0.049958 0.0000
For POSTIME slope, ;3
INTRCPT2, f3;,  -0.169777  0.0000
T5_DISTR, f;; -0.419180 1.0000
For NEGTIME slope, 7,
INTRCPT2, 8, 0.075930 0.0000
T5_DISTR, 8, -0.338393 -1.0000
Estimate -0.0808
Standard error of estimate 0.1340
x? statistic = 0.363530
Degrees of freedom = 1
p-value =>.500
Final estimation of fixed effects
(with robust standard errors)
Fixed Effect Coefficient Standard t-ratio App TOX. p-value
error d.f.
For POSA slope, 7;
INTRCPT2, B, 0.057595 0.058066  0.992 217 0322
T5_DISTR, g, 0.087751 0.111008 0.790 217 0.430
For NEGA slope, 7,
INTRCPTZ, 85,  -0.109657 0.069179 -1.585 217 0.114
T5_DISTR, 85, -0.049958 0.089013 -0.561 217 0.575
For POSTIME slope, 7,
INTRCPTZ, B3y -0.169777 0.076198 -2.228 217 0.027
T5_DISTR, B;; -0.419180 0.119831 -3.498 217  <0.001
For NEGTIME slope, 7,
INTRCPT2, g, 0.075930 0.084775 0.896 217 0.371
T5_DISTR, 8, -0.338393 0.110786 -3.054 217 0.003

Results of General Linear Hypothesis Testing - Test 1
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Coefficients  Contrast

For POSA slope, 7,

INTRCPT2, 0.057595 0.0000

T5_DISTR, §,, 0.087751  0.0000
For NEGA slope, 7,

INTRCPT2, 5, -0.109657 0.0000

T5_DISTR, B,, -0.049958 0.0000
For POSTIME slope, 3

INTRCPT2, 5, -0.169777 0.0000

T5_DISTR, B3, -0.419180 1.0000
For NEGTIME slope, 7,

INTRCPT2, B 0.075930 0.0000

T5_DISTR, B, -0.338393  -1.0000
Estimate -0.0808
Standard error of estimate 0.1231

y? statistic = 0.430590
Degrees of freedom = 1
p-value =>.500

Final estimation of variance components

him2.html

Standard Variance .

Random Effect Deviation Component df. 2 p-value
POSAslope, r;  0.64713 0.41878 209 541.25994 <0.001
NEGAsslope, 7, 0.70961 0.50355 209 504.11656 <0.001

POSTIME slope, ;. 0.57430 0.32983 209 286.65800 <0.001

NEGTIME slope, 7, 0.47096 0.22180 209 240.71990  0.065

Note: The chi-square statistics reported above are based on only 211 of 219
units that had sufficient data for computation. Fixed effects and variance
components are based on all the data.

Statistics for the current model

Deviance = 8931.971924

Number of estimated parameters = 20
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HLM software output for Model 3

51723, 2.01 PM

Program:

Authors:
Copyright:
Technical Support:
Website:

Module:

Date:

Time:

License:

Master Key:
Tnstallation Key:
Expiration:

Specifications for this HLM2 run

Problem Title; no title

The data source for this run = hlm new jeep

The maximum number of Tevel-1 units = 3802
The maximum number of level-2 unils = 243

The maximum number of micre iterations — 100
Methed of estimation: full maximun likeliheod

Maximum number ol macro ilerations = 100
Heterogencous sigma_squared speeified

The outcome variable is AFF
Summary of the model specified
Step 2 model

Level-1 Model

AFF, =7, MPOSA + T (NEGA,) + 2, (POSTIME,) + 1, *(NEGTIME,) + &

Level-2 Model

w0y = By By T6_DISTR) + 1,
Koy = Bay + Boy (T6_DISTR ) + 1y

file:AlIC {Usersisbgoldberg/Downloads/him2.hitml

him2.html

1ILM § Ilicrarchical Lincar and Nonlincar Modeling
Stephen Raudenbush & Richard Congdon

Copyright € 1996-2022 Scientific Sottware International, Inc

him@ssicentral .com
www.ssicentral.com

11 M2.EXE (8.2.3.14)

I May 2023, Monday

14: 042

HLM Basic
90d@fh5g-**#*_Hkk*_k¥x*_50929e967b8ad
9daB3B44 - *¥¥FE_HEkk_kExX_hefdld177416
10/29/2023 10:15:19 AM
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w3 = B3+ B3, *(T6_DISTR)) + r3;
7y = Bggt By (T6_DISTR)) + ry;

Mixed Model

AFF ;= 8,/*POSA, + B,*T6_DISTR*POSA,

+ Byy*NEGA, + B,/ *T6_DISTR*NEGA,

+ B3y POSTIME,; + B;,*T6_DISTR* POSTIME,,

+ B, *NEGTIME,, + ,*T6_DISTR *NEGTIME,,

+7,*POSA,; +ry*NEGA, + ry*POSTIME, + r,*NEGTIME, + e,

Run-time deletion has reduced the number of level-1 records to 3581
Run-time deletion has reduced the number of level-2 groups to 218

Results for Homogeneous o2

Var(R) = o2
6% =0.53169

Standard error of 62 = 0.01418

T

POSA,x, 0.39356 0.19154 -0.00550 -0.14782
NEGA,z, 0.19154 0.48807 -0.07792 -0.17108
POSTIME,r;  -0.00550 -0.07792 0.28057 0.20606
NEGTIME,z, -0.14782 -0.17108 0.20606 0.31715

Standard errors of t

POSA,z, 0.06668 0.05210 0.06779 0.06304
NEGA,z, 0.05210 0.07637 0.06577 0.07859
POSTIME,z;  0.06779 0.06577 0.10946 0.07954
NEGTIME,z, 0.06304 0.07859 0.07954 0.11367

7 (as correlations)

POSA,x;, 1.000 0.437 -0.017 -0.418
NEGA,x, 0.437 1.000 -0.211 -0.435
POSTIME,z; -0.017 -0.211 1.000 0.691
NEGTIME,r, -0.418 -0.435 0.691 1.000

Confidence intervals of T correlations

POSA,x;, ( 1.000, 1.000) (-0.204, 0.816) (-0.036, 0.003) (-0.568,-0.243)
NEGA,z, (-0.204, 0.816) ( 1.000, 1.000)(-0.335,-0.079)(-0.569,-0.279)
POSTIME,r; (-0.036, 0.003)(-0.335,-0.079) ( 1.000, 1.000) (-1.000, 1.000)
NEGTIME,z, (-0.568,-0.243)(-0.569,-0.279) (-1.000, 1.000) ( 1.000, 1.000)
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Random level-1 coefficient  Reliability estimate

POSA.z, 0.529
NEGA,, 0.578
POSTIME,x, 0.227
NEGTIME,z, 0.248

Note: The reliability estimates reported above are based on only 210 of 218
units that had sufficient data for computation. Fixed effects and variance

components are based on all the data.

Final estimation of fixed effects:

Fixed Effect Coefficient Standard {-ratio Approx. p-value
error df.

For POSA slope, ;

INTRCPT2, 8,,  0.075342 0.058673 1.284 216 0.200
T6_DISTR, §,, 0.170970 0.091333  1.872 216 0.063
For NEGA slope, 7,

INTRCPT2, £,  -0.094712 0.062668 -1.511 216  0.132
T6_DISTR, B,;  -0.050989 0.097816 -0.521 216 0.603
For POSTIME slope, 7,

INTRCPT2, i35 -0.170751 0.078189 -2.184 216 0.030
T6_DISTR, f;;  -0.560429 0.119419 -4.693 216 <0.001
For NEGTIME slope, 7,

INTRCPT2, 5,  0.116505 0.079301 1.469 216 0.143
T6_DISTR, B,;,  -0.204560 0.121751 -1.680 216 0.094

Results of General Linear Hypothesis Testing - Test 1

Coefficients Contrast
For POSA slope, 7,
INTRCPT2, g, 0.075342 0.0000
T6_DISTR, 3, 0.170970 0.0000
For NEGA slope, =,
INTRCPT2, S, -0.094712 0.0000
T6_DISTR, f,; -0.050989 0.0000
For POSTIME slope, 7;
INTRCPT2, §;, -0.170751 0.0000
T6_DISTR,f;,  -0.560429  1.0000
For NEGTIME slope, =,
INTRCPT2, 0.116505 0.0000

T6_DISTR, 4, -0.204560  -1.0000
Estimate -0.3559
Standard error of estimate 0.1513

¥ statistic = 5.529960
Degrees of freedom = 1
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p-value = 0.017683

Final estimation of fixed effects
(with robust standard errors)

him2.html

Fixed Effect Coefficient Standard {-ratio Approx. p-value
error df.

For POSA slope, =,

INTRCPT2, f;,  0.075342 0.056728 1.328 216  0.186
T6_DISTR, B;;  0.170970 0.089164 1.917 216  0.056
For NEGA slope, 7,

INTRCPT2, 85, -0.094712 0.063644 -1.488 216  0.138
T6_DISTR, B,;  -0.050989 0.082383 -0.619 216 0.537
For POSTIME slope, 73

INTRCPT2, 3, -0.170751 0.078347 -2.179 216 0.030
T6_DISTR, B3, -0.560429 0.131105 -4.275 216 <0.001
For NEGTIME slope, 7,

INTRCPT2,8,,  0.116505 0.080730 1.443 216 0.150
T6_DISTR, B,,  -0.204560 0.095809 -2.135 216 0.034

Results of General Linear Hypothesis Testing - Test 1

Coefficients Contrast

For POSA slope, =,

INTRCPT2, §,, 0.075342 0.0000

T6_DISTR, g, 0.170970 0.0000
For NEGA slope, 7,

INTRCPT2, 5, -0.094712 0.0000

T6_DISTR, §; -0.050989 0.0000
For POSTIME slope, 7;

INTRCPT2, g, -0.170751 0.0000

T6_DISTR, f;; -0.560429 1.0000
For NEGTIME slope, 7,

INTRCPT2, 8, 0.116505 0.0000

T6_DISTR, 8, -0.204560  -1.0000
Estimate -0.3559
Standard error of estimate 0.1348

x? statistic = 6.964913
Degrees of freedom = 1
p-value = 0.008248

Final estimation of variance components
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Random Effect Dsets?a(i?ég COXS;‘:;? df. ? p-value
POSA slope, r; 0.62735 0.39356 208 491.10524 <0.001
NEGA slope, 7, 0.69862 0.48807 208 519.45983 <0.001
POSTIME slope, r, 0.52969 0.28057 208 253.67354  0.017
NEGTIME slope, 7, 0.56316 031715 208 268.02446  0.003

level-1, e 0.72917 0.53169

Note: The chi-square statistics reported above are based on only 210 0of 218
units that had sufficient data for computation. Fixed effects and variance

components are based on all the data.
Statistics for the current model

Deviance = 8829.982776
Number of estimated parameters = 19

Results for Heterogeneous o2

(macro iteration 13)

Var(R) = 6 and log(c?) = a, + o (NEGA)

Model for level-1 variance

Parameter Coefficient Stal;;dard Z-ratio  p-value
rror

INTRCPT1 ,a, -0.71156 0.037738 -18.855 0.000
NEGA ,a, 0.15997 0.053326  3.000 0.003
Summary of Model Fit
Model Number of Deviance

Parameters
1. Homogeneous 62 19 8829.98278
2. Heterogeneous o2 20 8819.88823
Model Comparison +? d.f. p-value
Model 1 vs Model 2 10.09455 1 0.002
T
POSA,z;, 0.40095 0.19705 -0.01155 -0.15967
NEGA,z, 0.19705 0.46485 -0.08818 -0.13696
POSTIME,z;  -0.01155 -0.08818 0.29606 0.22483
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NEGTIME,z, -0.15967 -0.13696 0.22483 0.24705

Standard errors of T

POSA,x; 0.06568 0.05165 0.06612 0.06225
NEGA,z, 0.05165 0.07644 0.06439 0.07851
POSTIME,z;  0.06612 0.06439 0.10675 0.07780
NEGTIME,z, 0.06225 0.07851 0.07780 0.11368

Approximate confidence intervals of tau variances
POSA : (0.290,0.554)

NEGA : (0.336,0.643)

POSTIME : (0.145,0.603)

NEGTIME : NS

7 (as correlations)

POSA,x;, 1.000 0.456 -0.034 -0.507
NEGA,z, 0.456 1.000 -0.238 -0.404
POSTIME,z; -0.034 -0.238 1.000 0.831
NEGTIME,z, -0.507 -0.404 0.831 1.000

Confidence intervals of T correlations

POSA,x;, ( 1.000, 1.000) (-0.268, 0.851)(-0.067,-0.000) (-0.676,-0.288)
NEGA,x, (-0.268, 0.851) ( 1.000, 1.000)(-0.365,-0.101)(-0.583,-0.188)
POSTIME,z; (-0.067,-0.000)(-0.365,-0.101) ( 1.000, 1.000) (-1.000, 1.000)
NEGTIME,z, (-0.676,-0.288)(-0.583,-0.188) (-1.000, 1.000) ( 1.000, 1.000)

Random level-1 coefficient ~ Reliability estimate

POSA,x, 0.551
NEGA,x, 0.549
POSTIME,r; 0.250
NEGTIME,x, 0.195

Note: The reliability estimates reported above are based on only 210 of 218
units that had sufficient data for computation. Fixed effects and variance
components are based on all the data.

The value of the log-likelihood function at iteration 2 = -4.409944E+03

Final estimation of fixed effects:

Standard Approx.

Fixed Effect Coefficient t-ratio p-value
error df.
For POSA slope, ;
INTRCPT2, §,, 0.076491 0.058031 1.318 216 0.189
T6_DISTR, g, 0.172704 0.090398 1.910 216 0.057
For NEGA slope, 7,
INTRCPT2, B,,  -0.092914 0.062592 -1.484 216  0.139
Té_DISTR, B,;,  -0.051383 0.097634 -0.526 216 0.599
For POSTIME slope, 7;
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INTRCPT2, B3 -0.172886 0.076595 -2.257 216 0.025
T6_DISTR, f;, -0.562776 0.117087 -4.806 216  <0.001

For NEGTIME slope, =,
INTRCPT2, B, 0.114283 0.078836  1.450 216 0.149
T6_DISTR, g, -0.203403 0.120857 -1.683 216 0.094
Results of General Linear Hypothesis Testing - Test 1
Coefficients  Contrast
For POSA slope, 7,
INTRCPT2, g, 0.076491 0.0000
T6_DISTR, 3, 0.172704 0.0000
For NEGA slope, «,
INTRCPT2, 5, -0.092914 0.0000
T6_DISTR, f,, -0.051383 0.0000
For POSTIME slope, 7,
INTRCPT2, B3, -0.172886 0.0000
T6_DISTR, g3, -0.562776 1.0000
For NEGTIME slope, =,
INTRCPT2, S, 0.114283 0.0000
Te6_DISTR, B, -0.203403 -1.0000
Estimate -0.3594
Standard error of estimate 0.1468
¥? statistic = 5.994524
Degrees of freedom = 1
p-value =0.013722
Final estimation of fixed effects
(with robust standard errors)
Fixed Effect Coefficient Standard t-ratio App TOX. p-value
€ITor d.f.
For POSA slope, ,
INTRCPT2, §,, 0.076491 0.056609 1.351 216 0.178
T6_DISTR, g, 0.172704 0.089058 1.939 216 0.054
For NEGA slope, 7,
INTRCPT2, 85 -0.092914 0.063729 -1.458 216 0.146
T6_DISTR, §,, -0.051383 0.082067 -0.626 216 0.532
For POSTIME slope, 7;
INTRCPT2, B;,  -0.172886 0.078175 -2.212 216 0.028
T6_DISTR, f;, -0.562776 0.131024 -4.295 216  <0.001
For NEGTIME slope, 7,
INTRCPT2, 8, 0.114283 0.080729 1.416 216 0.158
T6_DISTR, j,, -0.203403  0.094960 -2.142 216 0.033
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Results of General Linear Hypothesis Testing - Test 1
Coefficients  Contrast
For POSA slope, ,
INTRCPT2, g, 0.076491 0.0000
T6_DISTR, g, 0.172704 0.0000
For NEGA slope, 7,
INTRCPT2, $,, -0.092914 0.0000
T6_DISTR, f,; -0.051383 0.0000
For POSTIME slope, 7,
INTRCPT2, 3, -0.172886 0.0000
T6_DISTR, f;; -0.562776 1.0000
For NEGTIME slope, 7,
INTRCPT2, 3, 0.114283 0.0000
T6_DISTR, 4, -0.203403  -1.0000
Estimate -0.3594
Standard error of estimate 0.1336
¥ statistic = 7.240792
Degrees of freedom = 1
p-value =0.007172
Final estimation of variance components
Standard Variance 5
Random Effect Deviation Component df. X p-value
POSA slope, 7, 0.63321 0.40095 208 531.99444 <0.001
NEGA slope, r, 0.68180 0.46485 208 479.40734 <0.001
POSTIME slope, r; 0.54412 0.29606 208 274.78971  0.002
NEGTIME slope, 7, 0.49704 0.24705 208 247.39110  0.032

Note: The chi-square statistics reported above are based on only 210 of 218
units that had sufficient data for computation. Fixed effects and variance

components are based on all the data.
Statistics for the current model

Deviance = 8819.888228
Number of estimated parameters = 20
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