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Self-reports of individuals’ perceptions of their 
health and psychological status are inherent to 
understanding health outcomes (e.g. Basch 
et al., 2017; Bigatti et al., 2024; Cheng et al., 
2021; Fasczewski et al., 2020; Pulcu, 2016). 
Patient self-reports, for example, are critical for 
patient assessment and monitoring of health sta-
tus (Bourgeois et al., 2007). Measured over 
time, however, self-reports are known, through 
social psychology research, to show patterns in 
which responses at the initial assessment are fol-
lowed by a lessening in severity with repeated 
measures, independent of a research manipula-
tion or treatment effect, such as mean severity 
that lessens following the first assessment 
(Knowles et al., 1996; Robins, 1985; Sharpe and 
Gilbert, 1998; Windle, 1954). Researchers term 

this an “attenuation effect” (Jensen et al., 1999; 
Lucas et al., 1999; Piacentini et al., 1999), but 
experimental research investigating self-reports 
of internal states and behaviors provides com-
pelling evidence that the pattern is likely due to 
an initial response bias and not to true change in 
the outcome (Shrout et al., 2017). This observed 
pattern in subjective reports, termed “initial ele-
vation or latent decline” (IELD) effect, has 
important implications in repeated measures and 
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longitudinal investigations, including those 
involving panel and daily diary assessments, as 
well as treatment and observational studies, but 
accounting for these effects is not routine in 
applications of statistical models that aim to 
characterize self-reports in health psychology 
research.

To understand IELD effects, Shrout et al. 
(2017) carried out four experiments, three of 
which involved daily diary self-reports of 
affect, anxiety and time spent studying for an 
impending exam deemed stressful to partici-
pants and one study of the natural progression 
of affect and anxiety assessed bimonthly in 
first-year college students. Within studies, par-
ticipants were assigned to different entry points 
into a survey study. In one, for example, partici-
pants were randomly assigned to a 14-day 
assessment where the starting day ranged from 
2 to 9 days before a scheduled exam. Across 
studies, no matter the timing of entry into the 
survey study, group mean responses were more 
extreme on the first survey day relative to other 
days. This pattern of a more extreme mean 
response for the initial assessment indicated a 
response bias for the first exposure to the sur-
vey as the source of the response pattern, with a 
stronger bias for more subjective (e.g. affect) 
relative to more objective outcomes (e.g. time 
spent studying) and for daily diary relative to 
panel data. Further, in the daily diary studies 
involving a common exam and where assess-
ments spanned beyond 1 week, within-group 
comparisons of the mean response on the first 
assessment relative to the mean response taken 
1 week later (effectively controlling for day of 
the week) showed greater severity of response 
at the initial assessment no matter the planned 
onset of the survey. That is, the initial elevation 
effect was apparent no matter if the assessments 
began in advanced of the common exam, near 
the time of the exam or after.

The field of health psychology notably relies 
on self-report data, and to understand change  
or development in health outcomes, repeated-
measures study designs are essential. Further, 
documenting within- and between-person varia-
tion in self-report data over time is particularly 

important to understand individual differences. 
Beyond the single moment captured from cross-
sectional studies, repeated measures data offer 
insight into a health course or response to treat-
ment over time. Given findings from social psy-
chology research regarding potential for IEDL 
effects in self-report data, combined with a reli-
ance on repeated measures study designs in 
health psychology, a critical look at the potential 
for IEDL effects is needed, especially in applica-
tions of statistical models that focus on within- 
and between-subject response variability.

Mixed-effects models place emphases on the 
individual and the population and are valued for 
how they summarize central tendencies in 
responses across individuals, while also 
addressing individual differences in data 
observed over time. Aspects of data that are 
shared across individuals are referred to as 
fixed effects, and aspects that vary from person 
to person are referred to as random effects. For 
example, Brick et al. (2019) studied the readi-
ness of individuals to avoid a high-fat diet and 
applied a model where a fixed effect summa-
rized the average rate of change in readiness 
and a random effect allowed the rate of change 
to vary between individuals. Many similar 
applications have appeared in health psychol-
ogy research (Fortier et al., 2012; Highland 
et al., 2022; Lenne and Mann, 2020; Pinto-
Gouveia et al., 2015). In some applications, for 
example, a study may include a baseline assess-
ment with subsequent measures following 
implementation of a treatment to evaluate 
patient responses to treatment relative to base-
line levels (e.g. Serlachius et al., 2016), or 
repeated measures from an observational study 
can be used to understand individual differ-
ences in responses as they naturally evolve (e.g. 
Cummings et al., 2017).

In any case, a response bias in the initial 
assessment, such as a baseline assessment in an 
experiment or the first assessment in a series of 
observational assessments, can have unintended 
consequences for statistical inference. This 
paper considers the impact of IELD effects on 
self-report measures obtained from a large daily 
diary study. Daily diary and other intensive data 
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collections permit comparisons of responses 
taken at an initial assessment with those that 
follow soon after, unlike longitudinal studies 
where assessments are spaced relatively far 
apart in time, such as annually. The goal is to 
understand the potential impact of IELD effects 
in inferences drawn from analyses of variables 
used in health psychology research. Specifically, 
IELD effects on measures of central tendency, 
as well as score variability, are estimated by 
comparing aspects of a select set of self-report 
measures on the first day of a daily diary study 
to the eighth day of the series, thus permitting a 
test of IELD while controlling for the day of the 
week. As both central tendencies and score var-
iation are important indicators of health (e.g. 
Conroy et al., 2016), attention to both aspects of 
data is necessary. Evidence of IELD effects in 
both aspects of observational data where no 
such effects are anticipated would raise con-
cerns about a need to considers such effects in 
statistical analyses.

The remainder of paper is as follows: Self-
report measures motivating the current investi-
gation and its research objectives are presented. 
Next, statistical models selected for application 
to these measures are presented and applied to 
the measures. Findings and implications from 
the analysis of the data are discussed.

Motivating data

Data description

This study involves secondary analysis of pub-
licly available data from the Midlife in the 
United States (MIDUS) study series; individu-
als are not identifiable, and the authors’ institu-
tion does not require ethics review of studies 
using such data. From the first wave (MIDUS 1, 
Brim et al., 1995–1996), participants were 
selected to be nationally representative of the 
U.S. population using a random digit-dialing 
telephone method. The series follows a meas-
urement burst design (Nesselroade, 1991) with 
eight consecutive daily interviews nested within 
waves of the larger study. Specifically, for 
MIDUS 1, a subset of participants was selected 

at random for a daily diary study, with goals to 
assess the daily experiences of adults, espe-
cially with regard to stressful events. This 
design repeated for two subsequent waves, 
namely MIDUS 2 (Ryff and Almeida, 2004–
2009) and MIDUS 3 (Ryff and Almeida, 2017–
2019). The current study uses diary data from 
MIDUS 2 and MIDUS 3, with data collection 
spanning between 2004–09 and 2017–19, 
respectively. These waves were selected 
because they shared identical survey items of 
interest here. Data were collected through a tel-
ephone interview, with each interview relating 
to the previous 24 hours. The day of the week of 
the first interview varied across individuals. 
Approximately 30 participants were surveyed 
each week in each wave; data collection 
spanned across seasons. Data for participants of 
the MIDUS “core sample,” “city oversample” 
and the “core Milwaukee sample” who partici-
pated in the daily projects in MIDUS 2 (n = 1321 
subjects) and MIDUS 3 (n = 726 subjects, with 
a reduction in sample size due to attrition) are 
used here. Also studied is the independent sam-
ple of n = 782 participants of MIDUS Refresher 
(Ryff and Almeida, 2012–2014), with data col-
lection spanning between 2012-14. Variables 
identical to those selected from MIDUS 2 and 3 
were used to replicate those analyses.

Similar to Shrout et al. (2017), selected vari-
ables reflect a variety of attributes: a continuous 
measure of positive affect, a binary symptom 
report of pain (yes or no), a continuous measure 
of time spent on leisure and two measures relat-
ing to symptoms of fatigue. Positive affect was 
measured by averaging responses to 13 ques-
tions using a 5-point scale (0 = none of the time; 
1 = a little of the time; 2 = some of the time; 
3 = most of the time; 4 = all of the time). Higher 
scores reflect greater affect levels. Participants 
were asked to report time spent (in minutes) on 
leisure (converted to hours for analysis). For 
pain, participants were asked if they experienced 
a joint pain (yes or no). For fatigue, participants 
were asked if fatigue was experience (yes or 
no); if a positive report was given, the partici-
pant was asked to rate the severity on a scale 
from 1 (very mild) to 10 (very severe). Indeed, 
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accounting for the severity of symptom, in addi-
tion to its daily frequency, may improve charac-
terization of daily symptoms (Schneider and 
Stone, 2014)) Using both responses, a semi- 
continuous measure of fatigue severity was  
created (described later). Time spent on leisure 
and fatigue severity are analyzed as semi- 
continuous to distinguish between whether or 
not a positive report was made and the duration 
(time spent on leisure) or severity (fatigue) con-
ditional that positive reports were made. 
Continuous reports of time spent on leisure were 
positively skewed and log-transformed (base 
10) prior to analysis. Variables were analyzed 
individually using all available data. Missing 
data are assumed to be missing at random.

Research objectives

Aspects of the MIDUS study are pertinent to the 
current study. First, the study is based on an 
observational design, and as such, there is no 
expectation that daily means would show any 
particular pattern according to the order of inter-
view days, and in particular, a mean difference 
between the first interview and those that fol-
lowed. Second, data were collected across 8 con-
secutive days, permitting comparisons between 
reports on the first day and 1 week later to assess 
IELD effects while controlling for day of the 
week. Third, given the measurement burst design 
of MIDUS 2 and 3, the data permit examination 
of whether IELD effects are present at both lon-
gitudinal waves. Evidence of IELD effects at the 
second wave would suggest persistence of these 
effects several years later. Finally, the availabil-
ity of data from the MIDUS Refresher allows 
study of whether results from analyses of 
MIDUS 2 and 3 data replicate to an independent 
sample. With these, the research objectives are to 
test for IELD effects on the parameters of statis-
tical models applied to the daily measures.

Mixed-effects models for 
selected daily measures

Mixed-effects models are described for the 
analysis of the selected variables, beginning 
with a linear mixed-effects model for the 

continuous measure of positive affect, followed 
by a logistic mixed-effects model for the binary 
indicator of pain, and ending with two-part 
mixed-effects models for time spent on leisure 
and fatigue. To study the effects of IELD on 
model parameters, indicator variables were cre-
ated to denote interview days 2–8, with day 1 
serving as the reference day. IELD effects were 
estimated as differences in particular aspects of 
the responses between day 1 and day 8. Effects 
of IELD were considered for parameters char-
acterizing the mean response and measures of 
within- and between-subject variability. The 
models applied to each variable are described 
next, followed by a summary of results.

A linear mixed-effects model for 
positive affect scores

For positive affect, let yti be the score for subject 
i at day t, where i = 1,. . ., N, N is the number of 
subjects, t = 1,. . ., ni, and ni is the number of 
measures for i. The model for yti was

 y day day bti i ti= + +…+ + +β β β0 1 2 7 8 0 e , (1)

where β0 is the expected response at day 1, 

β β1, ,… 7 are effects of days 2–8, b i0  is a random 
subject effect assumed to be normally distrib-

uted with mean 0 and variance φb
2, and eti is the 

residual. One of three effects of IELD was esti-
mated by β β0 7−  to test for a mean difference in 
positive affect between days 1 and 8. Letting 

ei i ne e
i

= …( )1 , , ’ contain the residuals from (1), 

ei is assumed to be normally distributed with 
mean 0 and covariance matrix ΘΘe; the residuals 
were assumed to be normally distributed and 
independent between days.

The variance of the random subject effect φb
2 

quantifies the extent of individual differences in 
the expected value of yi adjusting for the effect of 
day 1. For positive affect, this variance describes 
between-subject differences in daily mean affect 
across the study period. It is common to assume 
that the variance of a random subject effect is 
constant across occasions and subjects where the 
goal is simply to estimate this source of variation 
in the outcome, but a variance may also be a 
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function of covariates. Sandhu and Leckie 
(2016), for example, used a mixed-effects model 
to study pain experiences over time for girls and 
boys and reported that the variance of the ran-
dom subject effect (that represented individual-
level means) was greater for girls relative to 
boys, indicating greater differences in pain levels 
among girls relative to differences among boys. 
Here, the variance of b i0  was modeled by (cf: 
Hedeker and Nordgren, 2012)

 φ κ κ κb b b bday day2
0 1 2 7 8= + +…+( )exp , 

where κb0 exponentiated is the random subject 
effect variance at day 1, and κ κb b1 7, ,…  are 
effects of interview days 2–8. The second of the 
three effects of IELD was measured as the dif-
ference of κ κb b0 7−  to test for a difference in the 
variance between days 1 and 8.

The set of residuals ei reflect differences 
between the fitted values according to a model 
and the observed scores. Although residuals are 
often assumed to be independent between occa-
sions with constant variance across time and sub-
jects, these assumptions may be relaxed. The 
assumption of independence can be relaxed, such 
as by permitting the residuals to correlate between 
occasions (see Singer and Willett, 2003). The 
assumption of homogeneity of variance can be 
relaxed by allowing the residual variance to be a 
function of covariates and by including a random 
scale effect (cf: Hedeker et al., 2008; Blozis, 2022 
in what is called a mixed-effects location scale 
(MELS) model. For the positive affect model, the 
residuals were assumed to be independent 
between days, but the residual variance was 
assumed to differ by the interview day, making it 
was possible to test for an IEDL effect on this 
variance:

 σ τ τ τε ti
day day ci

2
0 1 2 7 8= + +…+ +( )exp , 

where the exponentiated value of τ0 is the 
residual variance at day 1 for an individual 
whose random scale effect ci is 0, and τ τ1 7, ,…  
are effects of interview days 2–8. A positive 

effect would indicate greater within-subject 
variation on a given day and a negative effect 
would indicate less variation. The random 
scale effect ci, assumed to be independent and 
normally distributed between subjects with 
mean 0 and variance φc

2, permits the residual 
variance to differ between subjects after adjust-
ing for day effects. Thus, ci permits the within-
subject residual variance (i.e. within-subject 
score variation about an individual’s mean 
across days) to differ between individuals. 
Given the random subject effect b i0  and scale 
effect ci, the variance-covariance matrix of 
these random effects is

 
ΦΦ =













φ φ

φ φ
b bc

cb c

2

2
,
 

where φcb  is the covariance between the two 
random effects.

A logistic mixed-effects model  
for pain reports

Raudenbush and Bryk (2002) provide about a 
logistic mixed-effects model and its interpreta-
tion for repeated binary responses. A model for 
the binary measures of pain is described here. 
Let yti =1 if pain was reported on day t and 

yti = 0 if not. Given repeated measures, let 

yi i ny y
i

= …( )1 , , . Let ηti be the logit of the prob-
ability that the individual reported pain (i.e. 

P yti =( )1 ):

 
ηti ti tiy P y= =( ) − =( )( )



log P 1 1 1/ ,

 

and assume that ηti follows a mixed-effects 
model:

 η α α αti iday day a= + +…+ +0 1 2 7 8 , 

where α0 is the expected logit at day 1, α α1 7, ,…  
are effects of interview days 2–8, and ai is a  
random subject (assumed to be normally 
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distributed with a mean of 0 and variance φa
2) 

that permits the conditional logit to vary 
between individuals. The magnitude of φa

2 cor-
responds to the degree of individual differences 
in the conditional logit. One of two IELD 
effects for pain measures was estimated by 
α α0 7−  to test for a difference in logits between 
days 1 and 8. Similar to the random subject 
effect variance of the positive affect model, the 
variance of ai was modeled as

 φ κ κ κa a a aday day2
0 1 2 7 8= + +…+( )exp , 

where κa0 exponentiated is the variance at day 
1, and κ κa a1 7, ,…  are effects of interview days 
2–8. The second IELD effect was evaluated by 
κ καa0 7−  to test the difference in variances 
between days 1 and 8. In other words, this effect 
permitted a test of whether between-subject 
variation in the person-specific logits differed 
between day 1 and day 8.

A two-part mixed-effects model for 
leisure time and fatigue severity

Semi-continuous outcomes represent to a spe-
cial type of variable with features characteristic 
of some variables studied in health psychology 
and behavioral medicine research, particularly 
variables that include 0 to denote the absence of 
a measured behavior or symptom (e.g. Baldwin 
et al., 2016; Conroy et al., 2016; Gilchrist et al., 
2020; Ruf et al., 2023; Wen et al., 2018). A 
semi-continuous response is defined by a com-
bination of a discrete response (usually 0) and 
continuous values (e.g. behavior or symptom 
intensity when present). A two-part mixed-
effects model was developed for repeated meas-
ures of semi-continuous outcomes (Olsen and 
Schafer, 2001; Tooze et al., 2002). Conroy et al. 
(2016), for example, apply a two-part multi-
level model to daily measures of physical activ-
ity to simultaneously model a daily indicator of 
an individual’s activity engagement (yes or no) 
and the duration of activity conditional on any 
positive amount of time spent. The model has 

two parts: The first is for the binary response 
that indicates the presence or absence of the 
outcome, such as whether or not an individual 
experienced fatigue; the second is for the posi-
tive and continuous response, such as fatigue 
severity, conditional that a positive report was 
made.

In fitting a two-part model to time spent on 
leisure, let yti be the reported time spent on day 
t for subject i. From yti, two variables are 
defined: rti =1 if any time was spent and rti = 0 if 
no time was spent (if yti is missing, then rti  is 
missing), and s yti ti=  if any time was spent (sti 
is missing otherwise). Given repeated, let 
ri i nr r

i
= …( , , )1  and si i ms s

i
= …( , , )1  where ni is 

the number of responses in yi  and mi is the num-
ber of responses in yi  greater than 0. For the 
binary response rti , let ηti be the logit of the 
probability that the individual reported any time 
spent (i.e. P rti =( )1 :

 
ηti ti tir P r= =( ) − =( )( )



log P 1 1 1/ ,

 

and assume that ηti follows a mixed-effects 
model:

 η α α αti iday day a= + +…+ +0 1 2 7 8 , 

where interpretation of the model follows that 
given for the logistic mixed-effects model used 
to describe binary indicators of pain.

For the second model part, a linear mixed-
effects model for positive reports of time spent, 
sti, is

 s day day bti i ti= + +…+ + +β β β0 1 2 7 8 0 e , 

where interpretation of the model follows that 
given earlier for the linear mixed-effects model 
applied to positive affect scores. The two model 
parts are then joined through a covariance 
between the random subject effects of each 
model part:

 
ΦΦ =













φφ

φφ φφ
a

ba b

2

2
,
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where φφba is the covariance between the individual-
level logit from the binary response model and 
the conditional mean time spent from the con-
tinuous response model. A positive covariance, 
for example, would indicate that a higher log 
odds of reporting time spent corresponds to a 
higher mean time spent on days when any posi-
tive amount of time was spent. For measures of 
fatigue, a similar two-part mixed-effects model 
was applied. Specifically, the first question that 
asked if fatigue was experienced (yes or no) 
served as the binary response for the first model 
part, and the subsequent question that asked 
about the severity of fatigue conditional that a 
positive report was made served as the continu-
ous response to the second model part.

Model estimation

A linear mixed-effects model may be estimated 
using a statistical software program intended for 
mixed-effects models, such as the R package 
lme4 (Bates et al., 2015). If a model includes a 
nonlinear function, such as those here that use 
exponential functions to model variances, soft-
ware for fitting nonlinear mixed-effects models, 
such as SAS PROC NLMIXED (Hedeker et al., 
2008), MIXREGLS (Hedeker and Nordgren, 
2013) or SAS IML (Blozis, 2022). SAS (version 
9.4) PROC NLMIXED was used to carry out 
maximum likelihood estimation of the models. 
Scripts for data analysis are in Supplemental 
Materials. For each outcome, model fitting 
started with a simple model that excluded covar-
iates, building up to the particular model selected 
and described earlier (Kiernan et al., 2012). 
Starting values for parameter estimates in the 
simplest model were based on descriptive statis-
tics of the data. Estimates from simpler models 
were used for starting values as models increased 
in complexity.

Results

Effects of IELD

Estimated IELD effects on model parameters 
describing expected values and variation in 

responses as measured by differences between 
day 1 and day 8 are in Table 1. For positive 
affect, IELD estimates pertaining to the mean 
response from MIDUS 2 (estimate = 0.04, CI: 
0.01 0.06), MIDUS 3 (estimate = 0.07, CI: 0.04 
0.11) and MIDUS Refresher (estimate = 0.09, 
CI: 0.06 0.13) indicate slightly elevated mean 
levels on the first interview day relative to 
1 week later. Estimates pertaining to the vari-
ance of the random subject effect indicate less 
between-subject variability in subject-specific 
means on day 1 versus 1 week later for MIDUS 
2 (estimate = −0.26, CI: −0.36, −0.15), MIDUS 
3 (estimate = −0.23, CI: −0.33, −0.14) and 
MIDUS Refresher (estimate = −0.24, CI: −0.32, 
−0.15). These estimates indicate greater simi-
larity in the subject-specific means on the first 
interview day relative to 1 week later. 
Conversely, estimates of the within-subject 
residual variance (when the random scale effect 
is equal to 0) indicate greater within-subject 
variation on the first interview day relative to 
1 week later for MIDUS 2 (estimate = 0.50, CI: 
0.30, 0.70), MIDUS 3 (estimate = 0.51, CI: 
0.31, 0.71) and MIDUS Refresher (esti-
mate = 0.61, CI: 0.42, 0.79). In other words, 
there was greater within-individual variability 
in responses on the first interview day relative 
to 1 week later.

IELD effects on the expected logit for pain 
from MIDUS 2 (estimate = 2.1, 95% CI: 1.6, 
2.6), MIDUS 3 (estimate = 2.0, 95% CI: 1.4, 
2.6), and MIDUS Refresher (estimate = 2.0, 
95% CI: 1.2, 2.9) indicate a greater likeliness to 
report pain on the first interview day relative to 
1 week later. IELD effects on the variance of the 
random subject, φa

2, indicate (except for scores 
from MIDUS Refresher) less between-subject 
variability on day 1 versus 1 week later. 
Specifically, the estimates from MIDUS 2 (esti-
mate = −0.95, 95% CI: −1.4, −0.53) and MIDUS 
3 (estimate = −0.97, 95% CI: −1.6, −0.38) indi-
cate greater similarity in the subject-specific 
logits on the first interview day relative to 
1 week later.

IELD effects on the expected logit for time 
spent on leisure for MIDUS 2 (estimate = 0.12, 
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95% CI: −0.41, 0.66), MIDUS 3 (estimate = 0.41, 
95% CI: −0.73, 1.6), and MIDUS Refresher 
(estimate = −0.17, 95% CI: −1.2, 0.91) indicate 
no clear direction of the effects. IELD effects on 
the variance of the random subject effect, φa

2, 
however, indicate less between-subject variabil-
ity in logits on day 1 versus 1 week later for 
MIDUS 2 (estimate = −0.95, 95% CI: −1.4, 
−0.53), MIDUS 3 (estimate = −0.97, 95% CI: 
−1.6, −0.38), and MIDUS Refresher (esti-
mate = −1.4, 95% CI: −2.5, −0.32). For the posi-
tive measures of time spent, IELD effects 
indicate elevated mean responses on the first 

day versus 1 week later for MIDUS 2 (esti-
mate = 0.22, CI: 0.17, 0.27), MIDUS 3 (esti-
mate = 0.31, CI: 0.25 0.38) and MIDUS 
Refresher (estimate = 0.23, CI: 0.16, 0.30). 
IELD effects on φb

2 indicate less between-sub-
ject variability in subject-specific means on day 
1 relative to 1 week later for MIDUS 2 (esti-
mate = −0.46, 95% CI: −0.69, −0.23), but the 
direction of the effect is unclear for MIDUS 3 
(estimate = −0.37, 95% CI: −0.59, 0.14) and 
MIDUS Refresher (estimate = −0.12, 95% CI: 
−0.32, 0.09). Regarding within-subject variabil-
ity, IELD effects (when the random scale effect 

Table 1. ML estimated effects of IELD (Day 1 vs Day 8) on fixed-effects and variance parameters.

Parameter Level Logit  φb
2  φa

2  σε
2

MIDUS 2 Est (95% CI) Est (95% CI) Est (95% CI) Est (95% CI) Est (95% CI)

Positive affect 0.04  
(0.01, 0.06)

−0.26  
(−0.36, −0.15)

0.50  
(0.30, 0.70)

Pain  
(yes/no)

2.1  
(1.6, 2.6)

−0.95  
(−1.4, −0.53)

 

Leisurea 0.22  
(0.17, 0.27)

0.12  
(−0.41, 0.66)

−0.46  
(−0.69, −0.23)

−0.80  
(−1.6, −0.03)

0.23  
(0.09, 0.37)

Fatigue 0.83  
(0.56, 1.1)

1.6  
(1.3, 2.0)

−0.35  
(−0.78, 0.07)

−0.80  
(−1.3, −0.33)

0.38  
(0.05, 0.70)

MIDUS 3
Positive affect 0.07  

(0.04, 0.11)
−0.23  
(−0.33, −0.14)

0.51  
(0.31, 0.71)

Pain  
(yes/no)

2.0  
(1.4, 2.6)

−0.97  
(−1.6, −0.38)

 

Leisurea 0.31  
(0.25, 0.38)

0.41  
(−0.73, 1.6)

−0.37  
(−0.59, 0.14)

−0.17  
(−1.2, 0.82)

0.31  
(0.11, 0.50)

Fatigue 0.43  
(0.11, 0.75)

2.0  
(1.3, 2.6)

0.01  
(−0.44, 0.45)

−1.1  
(−1.7, −0.42)

0.13  
(−0.34, 0.59)

MIDUS Refresher
Positive affect 0.09  

(0.06, 0.13)
−0.24  
(−0.32, −0.15)

0.61  
(0.42, 0.79)

Pain  
(yes/no)

2.0  
(1.2, 2.9)

−0.59  
(−1.2, 0.001)

 

Leisurea 0.23  
(0.16, 0.30)

−0.17  
(−1.2, 0.91)

−0.12  
(−0.32, 0.09)

−1.4  
(−2.5, −0.32)

0.10  
(−0.09, 0.29)

Fatigue 0.55  
(0.27, 0.82)

1.9  
(1.3, 2.4)

−0.36  
(−0.71, 0.00)

−0.92  
(−1.5, −0.30)

0.41  
(−0.04, 0.86)

IELD effects reflect differences between the effects of Day 1 and Day 8 (estimate = Day 1 effect - Day 8 effect). A linear 
mixed-effects models was fit to positive affect scores. A logistic mixed-effects model was fit to binary measures of pain 
symptoms. Two-part mixed-effects models were fit to time spent on leisure and fatigue. Est = estimate.
aContinuous scores were log-transformed (base 10). φb

2 and φa
2 are the variances of random subject effects relating to 

binary and continuous models, respectively. σε
2 is the within-subject variance when the random scale effect vi = 0.
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is equal to 0) indicate greater within-subject 
variation on the first interview day relative to 
1 week later for MIDUS 2 (estimate = 0.23, CI: 
0.09, 0.37) and MIDUS 3 (estimate = 0.31, CI: 
0.11, 0.50), but the direction of the effect is 
unclear for MIDUS Refresher (estimate = 0.10, 
CI: −0.09, 0.29).

Estimates of the expected logit for fatigue 
(yes or no) from MIDUS 2 (estimate = 1.6, 95% 
CI: 1.3, 1.9), MIDUS 3 (estimate = 2.0, 95% CI: 
1.3, 2.6), and MIDUS Refresher (estimate = 1.9, 
95% CI: 1.4, 2.4) indicate a greater likeliness to 
report fatigue on the first interview day relative 
to 1 week later. IELD effects on the variance of 
the random subject effect, φa

2, indicate less 
between-subject variation on day 1 relative to 
day 8 for MIDUS 2 (estimate = −0.80, 95% CI: 
−1.3, −0.33), MIDUS 3 (estimate = −1.1, 95% 
CI: −1.7, 0.42), and MIDUS Refresher (esti-
mate = −0.92, 95% CI: −1.5, −0.30). IELD 
effects indicate elevated mean responses on day 
1 relative to day 8 for MIDUS 2 (estimate = 1.6, 
CI: 1.3, 2.0), MIDUS 3 (estimate = 2.0, CI: 1.3, 
2.6) and MIDUS Refresher (estimate = 1.9, CI: 
1.3, 2.4). IELD effects on φb

2 indicate no clear 
direction in effects on the variation in subject-
specific means on day 1 relative to day 8 for 
MIDUS 2 (estimate = −0.35, 95% CI: −0.78, 
0.07), MIDUS 3 (estimate = 0.01, 95% CI: 
−0.44, 0.45) and MIDUS Refresher (esti-
mate = −0.36, 95% CI: −0.71, 0.00). Conversely, 
IELD on the within-subject residual variance 
indicate less within-subject variation on day 1 
relative to day 8 for MIDUS 2 (estimate = 0.38, 
CI: 0.05, 0.70), but the direction of the effect 
was unclear for MIDUS 3 (estimate = 0.13, CI: 
−0.34, 0.59) and MIDUS Refresher (esti-
mate = 0.41, CI: −0.04, 0.86).

Discussion

Self-report data play a critical role in health 
assessment and monitoring, but they can exhibit 
an unexpected response pattern relating to the 
initial assessment. This pattern, known as the 
“attenuation effect” or the “initial elevation or 
latent decline” (IELD) effect, has been attrib-
uted to an initial response bias rather than true 

change in outcomes (Anvari et al., 2023; Shrout 
et al., 2017). Previous experimental research 
conducted to understand this effect focused on 
self-reports that included mood and objective 
behaviors (reported time spent studying for an 
upcoming exam). Those experiments showed 
evidence of an initial assessment bias that was 
most pronounced for more subjective outcomes 
and for daily diary versus longitudinal studies. 
Similar patterns are reported here using multi-
ple large samples from an observational study 
design.

Mixed-effects models developed to analyze 
repeated measures and longitudinal data 
address individual differences in response vari-
ation by allowing the coefficients of a model, 
such as an intercept or slope, to vary between 
individuals. Extensions of these models can be 
used to address different sources of heteroge-
neity of variance, including sources that impact 
the variances of random coefficients or the 
within-subject residual variance. This article 
discusses situations in which these models are 
applied to repeated measures of self-report data 
where study aims include documentation of 
mean responses and variability in the out-
comes. Using observational data for a variety 
of outcomes, this study reports evidence of the 
effects of the first day of a daily interview 
series where such patterns were not expected 
given the nature of the study design. 
Specifically, IELD effects, defined as differ-
ences between the first interview day and 
8 days later, were evident for measures of cen-
tral tendency, including the means of continu-
ous variables and the logits of binary variables, 
as well as measures of variability, including the 
variances of random effects (i.e. random inter-
cepts that reflected the individual-specific 
means of continuous variables or logits of 
binary variables) and the within-subject resid-
ual variance (i.e. that variance reflecting condi-
tional score variation about an individuals 
fitted response across an 8-day period). Results 
from these analyses naturally depend on the 
models selected for examining IEDL effects, 
and alternative statistical models might be con-
sidered in practice, such as a latent variable 
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mixed-effects model to address measurement 
error in self-reports (Nestler, 2020; Blozis, 
2022) or the Likert-type scales typically used 
in self-report measures.

This report illustrates the impact of the first 
interview day on estimated means and vari-
ances of daily diary data and recommends that 
researchers consider this issue when designing 
studies that rely on self-reports. For time inten-
sive data collection, including daily diary 
designs, strategies that include those discussed 
here and Shrout et al. (2017) might be consid-
ered, such as planning for data collection to 
span at least 8 days to allow for assessment of 
differences between the first day and 1 week 
later to estimate IELD effects. In addition to 
including an indicator of the first assessment in 
a statistical model or accounting for the inter-
view day (Mosteo et al., 2023), other options 
include excluding the initial assessment prior to 
proceeding with data analysis (Heininga et al., 
2023). One idea for experimental designs in 
particular might be to administer two back-to-
back baseline assessments to evaluate initial 
responses that might then be considered for 
exclusion from a data analysis.

Implications for health psychology 
research

Analyzes of self-reports that ranged in their 
level of subjectivity showed tendencies of 
mean differences and differences in summary 
measures of score variability between the first 
interview day and 1 week later using observa-
tional daily diary data where no such differ-
ences were anticipated. Initial response biases 
were evident for mean responses, variability in 
scores both within- and between-individuals, 
and the likeliness to report particular outcomes 
(i.e. pain and fatigue). Given the importance of 
including individuals’ perceptions of their clin-
ical and health status as important contributors 
to understanding patient outcomes and treat-
ment experiences (e.g. Opara et al., 2010), ana-
lysts might consider the possibility of initial 
response biases in all aspects of a statistical 
model, including biases that could impact the 

mean and variability in responses. Although 
the data considered here were observational, 
the results, coupled with those based on experi-
ments reported in (Shrout et al., 2017), pose a 
source of concern for experimental studies as 
well, including those involving control-group 
comparisons, where similar response patterns 
have the potential to impact estimated clinical 
effects.
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