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Abstract
Self-report data are regularly used in marketing research when consumer perceptions are central to understanding consumer 
responses to marketing efforts. Self-report data are convenient and cost-effective. A widely known response bias that is inher-
ent to self-report data and illuminated by daily diary data is a tendency of the first report by study participants to be more 
extreme relative to responses at subsequent points in time but no such effects are expected. A critical issue is that statisti-
cal data summaries can be impacted and generate misleading conclusions about perceptions. This article demonstrates the 
impact of initial-report effects by analyzing self-report daily diary media use (TV) data from an observational study. Based 
on a large and representative sample of adults in the U.S., there was a greater tendency for respondents to report watching 
TV, and given that TV was watched, to report more time spent watching TV on the first interview day relative to subsequent 
days. Initial-report effects were also evident in tests of the effects of daily and daily averages of positive and negative affect 
on the likeliness to watch TV and reported time spent, further indicating the importance of accounting for first-report effects 
in studies of media use. The need to collect repeated measures of self-report data in consumer research is also highlighted 
by this evidence of these response patterns that would otherwise be undetectable.

Keywords  TV · Consumer behavior · Media use · Mixed-effects models · Mixed-effects location scale models · Repeated 
measures · Longitudinal data · Multilevel regression

Introduction

Consumer behavior research is reliant on self-report data, 
especially for measuring psychological variables that are 
foundational to marketing and consumer behavior research 
(Dhiman and Kumar 2023; Foxall 2003) and for measuring 
relatively objective behaviors, including brand and media 
use (Eastman et al. 2021; Blozis et al. 2019; Rich et al. 
2015). Self-report data are generally inexpensive and easy 
to obtain through surveys, and that helps to increase the fea-
sibility of obtaining large and representative samples. Self-
report data are known, however, to exhibit a response pat-
tern in which the first assessment tends to be more extreme 
than subsequent assessments (Knowles et al. 1996; Robins 
1985; Sharpe and Gilbert 1998; Windle 1954). This response 
pattern is independent of external influences, such as an 

experimental manipulation. Historically, this pattern was 
thought to reflect an attenuation in responses following the 
first assessment. Recent experimental research in social psy-
chology, however, provides evidence that strongly suggests 
this pattern likely reflects an initial elevation bias (Shrout 
et al. 2018). Termed the ‘initial elevation’ (IE) effect, this 
response pattern holds significant implications for repeated 
measures and longitudinal inquiries in consumer behavior 
studies, including experimental and observational stud-
ies. Importantly, it holds implications for studies that rely 
on a single assessment because its impact on such data is 
uncertain.

To gain a clearer understanding of the source of an ele-
vation in the initial mean response in repeated measures 
obtained by self-report surveys, Shrout et al. (2018) carried 
out four separate experiments using intensive data collec-
tions (e.g. daily survey) in which participants were randomly 
assigned to different start dates of a self-report survey that 
was repeated daily or bimonthly. In one study, for instance, 
all participants had plans to take the same stressful exam, 
but their entry into the survey study occurred at different 
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points in time relative to the date of the common exam. All 
four experiments surveyed participants about psychological 
state variables (e.g. daily affect, daily anxiety) and some 
included measures of more objective behaviors (e.g. daily 
reported time spent studying). Mean responses were con-
sistently elevated on the first survey day no matter when the 
survey began for a given group. In one study, for instance, an 
elevation in the mean response was evident for participants 
who started the survey far in advance of the exam, close to 
the time of the exam, as well as after the exam had been 
administered. In other words, it did not matter when a group 
started the survey study about daily affect and behavior 
measures, the IE response pattern was evident. From these 
results, the evidence strongly suggests a response bias due to 
the first exposure to a survey. These studies also showed that 
relatively subjective psychological variables (e.g. affect), as 
opposed to the more objective variables (e.g. reported time 
spent studying), showed stronger IE effect sizes.

These findings have implications for any research study 
that uses self-report data, and marketing research is one 
such domain. Indeed, marketing and consumer behavior 
research rely on self-reports to understand consumer expe-
riences (Norton et al. 2015). Measuring the magnitude of 
an IE effect, however, requires repeated measures data so 
that the first assessments can be evaluated against those that 
follow. Current analytic trends in marketing research make 
it possible to test for IE effects in self-report data. That is, 
market research is increasingly stressing the importance of 
evaluating consumer data over time to better understand the 
individual-level consumer experience, in addition to differ-
ences between consumers (Beuk et al. 2014; Blozis et al. 
2020, 2019; Chaney and Martin 2017; Katakam et al. 2021; 
Kumar et al. 2017; Payan et al. 2010). Thus, given the inher-
ent bias of self-report data documented in psychology, con-
sumer behavior research that relies on self-report data could 
benefit from a close look at possible IE effects.

The current study

This study uses publicly available daily diary data from a 
large, random sample of adults selected to be representa-
tive of the U.S. to test for and evaluate the magnitude of an 
IE response in self-reported media-use data. Unlike cross-
sectional data for which responses are recorded at a single 
occasion, daily diary and similar intensive data collections 
allow for a comparison of responses at the first assessment 
to those that follow soon after. Intensive data collections 
also differ from longitudinal data that make assessments at 
times that are relatively far apart, making it difficult to assess 
the magnitude of an IE effect. As reported in Shrout et al. 

(2018), relatively intensive data collections yield stronger 
estimates of an IE effect.

The current study specifically examines IE effects in 
TV use reports, though the methods applied may be more 
generally considered to other types of media use reports. 
Self-reported TV use is also studied in relation to positive 
and negative affect, two psychological variables deemed 
important in marketing research (Thürridl et al. 2020). Mul-
tiple studies primarily in the field of psychology have docu-
mented an IE response pattern in affect reports, such that 
self-reported affect levels tend to be more extreme at the first 
assessment relative to subsequent assessments, and so that 
work is not duplicated here. Instead, measures of positive 
and negative affect are included as daily covariates of TV 
use. Importantly, we test for the moderating effects of IE on 
the relationships between affect and TV use. The remainder 
of this paper is organized as follows: Research on the rela-
tionships between affect and media use, including TV use, is 
reviewed. We then describe data from the daily diary study 
that are used to study IE effects. Statistical models selected 
for the analyses are then described and applied to the data. 
Findings and implications from the analyses follow.

Media use and affect

Holbrook and Hirschman (1982) were the first to stress the 
inherent importance of the experiential aspects of consumer 
behavior. Of the seven issues they addressed, one in particu-
lar alluded to an individual’s affect as “feelings arising from 
consumption” (p. 139). Among the many reports building 
on this foundational work, Chen and Pham (2019) empha-
sized the necessity of understanding the link between affect 
regulation and consumption-based affect regulation. Indeed, 
media engagement has been widely studied in relation to 
an individual’s mood (e.g. Bowman and Tamborini 2015; 
Cohen et al. 2008; Greenwood and Long 2009; Hoffner 
and Lee 2015; Schimmack and Crites 2005; Wolfers and 
Scheider 2021). An individual’s affective state can be 
influenced by consumer behavior (Chen and Pham 2019), 
including shopping (Rick et al. 2014), eating (Gibson 2006), 
and media consumption (Nabi et al. 2017; Nabi and Krc-
mar 2004; Wolfers and Scheider 2021). Both positive and 
negative affect states have been associated with media use, 
and TV use in particular (Festinger and Katz 1953), where 
selective TV programming tends to align with an individu-
al’s psychological needs (Knobloch-Westerwick and Alter 
2006). This selective exposure is thought to help individuals 
manage their emotions effectively (Nabi et al. 2017; Wolf-
ers and Scheider 2021). Ultimately, consumers can either 
maintain or improve their positive emotional state through 
their consumption behaviors, with media use being one of 
the most common methods for doing so.
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Example using daily diary data

Data for this study were sourced from the Daily Diary 
Project, a subproject of the Midlife in the United States 
(MIDUS) Refresher 1 (Ryff and Almeida, 2012–2014). 
From that sample, 782 adults were selected to participate in 
a telephone interview for 8 consecutive days. A select set of 
questions were asked repeatedly across the 8 days and asked 
with regard to the previous 24 h. The day of the week for the 
first interview varied between participants. About 30 people 
were surveyed in blocks across the study years. We analyze 
daily reports of time spent watching TV and measures reflec-
tive of positive and negative affect. The sample was 55.6% 
female. Females were 47.6 (SD 12.9, min = 25, max = 75) 
years old on average; males were 48.2 (SD 12.5, min = 25, 
max = 75) years on average. The data analyzed for this report 
are publicly available from the Inter-university Consortium 
for Political and Social Research (ICPSR). 

Measures

We converted daily responses about the time spent watch-
ing TV in minutes to hours. Positive affect was measured 
by averaging responses to 13 questions that had a common 
stem: ‘How much of the time today did you feel …’ All 
items used a 5-point response 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). Examples of survey items are “like you 
belong?” and “close to others?” Higher scores reflect greater 
positive affect levels. For the sample, reliability measured by 
Cronbach’s alpha was .95. Negative affect was measured by 
averaging responses to 14 questions that had the same stem 
and response scale used to measure positive affect. Examples 
of survey items are “hopeless?” and “worthless?” Higher 
scores reflect greater negative affect levels. For the sample, 
reliability measured by Cronbach’s alpha was .87.

Covariates

Analyses accounted for the day of the week of the inter-
view day, as well as the age and biological sex of partici-
pants. Biological sex was coded as female = 1 if female and 
female = 0 if male. Day of the week was represented by a 
set of indicator variables for each day, dayk for k ∊ {1,…,6}, 
with Sunday serving as the reference day. For example, 
day1 = 1 if the interview was conducted on a Monday and 
was equal to 0 otherwise.

Analytic strategy

Daily measures of reported time spent watching TV are 
semi-continuous, meaning that values can be discrete or 
continuous. For time spent watching TV, zero is a discrete 

value that indicates that the respondent did not watch TV; 
the remaining values represent the time spent when the 
respondent reported to have watched TV. To account for 
these two aspects of TV use, a two-part mixed-effects 
model is applied to daily measures of reported TV use 
(Blozis et al. 2019). This joint model simultaneously mod-
els whether or not an individual engaged in a measured 
behavior and the extent of that engagement on occasions 
when the individual was engaged. Technically, the model 
combines a logistic mixed-effects model for repeated 
measures of the binary indicator of whether or not an indi-
vidual engaged in the behavior and a generalized linear 
mixed-effects model for repeated measures of the level of 
engagement conditional that there was a positive amount 
of the behavior. Given that time spent watching TV is 
known to vary from day to day for some individuals, a 
version of the model, known as a two-part mixed-effects 
location scale (MELS) model (Blozis et al. 2019, 2020) is 
used that includes a random scale effect for the continuous 
model part to permit individual differences in the day-to-
day variability in time spent. In sum, a two-part MELS 
model is used to estimate the daily likeliness to watch 
TV, the daily mean time spent when TV was watched, and 
the day-to-day variability in time spent on days when TV 
was watched. Maximum likelihood estimation was carried 
out using SAS version 9.4 with PROC NLMIXED and 
Gaussian quadrature. We used parameter estimates from 
relatively less complex models as the starting values for 
more complex models.

The analysis of TV use reports proceeded by fitting a 
model that excluded covariates and assumed a lognormal 
distribution for the continuous model part to address the 
positive skew in values (comparisons of fit between mod-
els that made different assumptions about the response 
distribution of scores were carried out in Blozis et al. 
2019). Next, an indicator of the first interview day entered 
the model to test for differences in the expected likeli-
ness to watch TV and the expected time spent between the 
first interview versus subsequent daily interviews. This 
was done to test if TV use reports showed evidence of IE 
effects. Next, daily positive and negative affect, with the 
other covariates discussed previously, entered the model to 
evaluate the impact of an IE effect. In particular, we tested 
if the relationships between positive and negative affect 
on TV use measures differed between the first interview 
versus the interviews that followed. We end by fitting a 
model that excluded all IE effects to evaluate how ignoring 
IE effects could impact statistical inference of the asso-
ciations between positive and negative affect and TV use 
measures. It is worth noting that from any model in which 
aspects of TV use are regressed on affect measures, daily 
measures of affect and TV use reflect reports for the same 
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24-h period, and so inferences about the effects of affect 
measures on TV use measures are correlational.

Missing data

Estimation of mixed-effects models does not require that 
each respondent has complete response data for all planned 
occasions. For individuals with incomplete data, statistical 
inference is considered valid if the data are missing at ran-
dom, meaning that if an individual has missing data, the 
source of the missing data is independent of the missing 
values (Laird and Ware 1982). We assume data were miss-
ing at random.

Two‑part MELS model for TV use reports

Let yti be the reported time spent watching TV on day t for 
individual i, where i = 1,… , 782 and t = 1,…, ni, with ni 
being the number of daily responses for the individual. To 
fit a two-part model, two variables were created from the 
original response yti. The first, uti, was set equal to 1 if the 
individual reported watching TV (i.e., yti > 0) and was set 
equal to 0 if they reported not watching TV (i.e., yti = 0). 
The second variable, mti, was set equal to the reported time 
spent watching TV if any amount was reported (i.e., mti = yti 
if yti > 0) and was coded as missing if the individual reported 
no time spent.

The binary indicator of whether or not TV was watched was 
modeled using a mixed-effects logistic regression model. Let 
ηti denote the logit of the probability that individual i reported 
any amount of TV use on day t (i.e., P

(
uti = 1

)
):

The logit ηti was assumed to follow a two-level model:

where α0 is the population log odds of watching TV. The 
coefficient ai is a random subject effect that indicates how 
much an individual’s log odds differs from the population 
log odds. The random effect ai is assumed to be indepen-
dently and identically distributed (i.i.d.) between subjects 
as normal with a mean of 0 and variance ϕ2

a
 that quantifies 

the degree to which individuals varied in their log odds of 
TV use.

A positive report of time spent watching TV was mod-
eled by a generalized linear mixed-effects model with scores 
assumed to follow a lognormal distribution:

where β0 is the mean log time spent across days and indi-
viduals. The coefficient bi is a random subject effect that 
indicates how much an individual’s mean log time spent 

�ti = log
[
P
(
uti = 1

)
∕
(
1 − P

(
uti = 1

))]
.

(1)�ti = α0 + ai,

(2)mti = β0 + bi + eti,

differs from the population value. The random effect bi is 
assumed to be i.i.d. between subjects as normal with a mean 
of 0 and variance ϕ2

b
 that quantifies individual differences in 

mean log time spent on days when TV was watched. The 
residual eti is assumed to be i.i.d. between subjects and days 
as lognormal with a mean of 0 and variance σ2

e
.

The within-subject residual variance of the continuous 
model characterizes the degree to which observed scores devi-
ate about an individual’s fitted mean response across days. 
In modeling this variance, a random scale effect was used to 
allow for between-subject heterogeneity of the within-subject 
variance. That is, the day-to-day variability in reported time 
spent watching TV on days when TV was watched could dif-
fer between respondents. The within-subject residual variance 
was expressed using an exponential function (cf: Hedeker et al. 
2012):

where the exponentiated value of τ0 is the residual variance 
when the random scale effect ci is equal to zero. The random 
scale ci is assumed to be i.i.d. normal with a mean of 0 and 
variance ϕ2

c
 that quantifies the variance of the log normal 

perturbations of the within-subject residual variance. At 
the subject level, the models are joined by the covariances 
between the random intercepts of Eqs. (1 and 2) and the ran-
dom scale of Eq. (3). The covariance matrix of the random 
intercepts and the random scale is given by �:

where the variances and covariances are the diagonal and 
off-diagonal elements, respectively.

Testing for IE effects

To test for IE effects in reported TV use, an indicator of the 
first interview day was created: IEti = 1 if the tth report by per-
son i took place on their first interview day, and IEti = 0 other-
wise. The indicator was added to each model part:

where α0 and β0 are the population log odds of watching 
TV and the expected mean log time spent when TV was 
watched, respectively, on days other than the first interview 
day and for a subject whose respective random effects ( ai 
and bi ) are equal to 0. αIE and βIE are the expected differ-
ences in the population log odds of watching TV and mean 
log time spent watching TV when watched, respectively, 

(3)σ2
e
= exp

(
τ0 + ci

)
,

� =

⎡⎢⎢⎣

ϕ2
a
ϕab ϕac

ϕba ϕ2
b
ϕbc

ϕca ϕcb ϕ2
c

⎤⎥⎥⎦
,

�ti = α0 + αIEIEti + ai,

mti = β0 + βIEIEti + bi + eti,
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between the first interview day and the remaining days. If αIE 
and βIE are greater than 0, then this is taken to reflect an IE 
effect on the likeliness to report watching TV and the (log) 
time spent when watched, respectively.

Adding positive and negative affect measures 
and other covariates

Daily measures of positive and negative affect, indicators 
of the days of the week, participant’s age and biological 
sex were added to the model. Indicators of the days of the 
week were centered within-subject to interpret their effects 
as within-subject effects (Raudenbush and Bryk 2002).1 For 
an indicator of a particular day of the week, the individual’s 
mean across days represents the proportion of interview days 
that corresponded to that day of the week. Consequently, 
the within-subject effect is interpreted as the typical (across 
days and subjects) effect of a given day of the week on the 
outcome variable. Daily measures of positive and negative 
affect were centered about their respective person-level 
means to test for within-subject effects of each measure. 
Within-subject effects of positive and negative affect meas-
ures are interpreted as the typical (across days and subjects) 
effect of an affect measure on a given day. The person-level 
mean of each affect score (calculated by averaging val-
ues across days) was included to test for between-subject 
effects of each affect measure. These person-level means 
were centered about the respective mean of the individual-
level means. Between-subject effects of positive and nega-
tive affect measures are interpreted as the typical (across 
subjects) effect of the daily average of an affect measure 
across days. The within- and between-subject effects are 
mathematically independent (Raudenbush and Bryk 2002). 
Age was centered about the sample mean age of 48 years.

The logit was specified as

where IEti is an indicator of whether the logit was meas-
ured on the first interview day or not, weekdaytik is indicator 
k corresponding to a particular day of the week when the 
logit was measured, agei is the individual’s age centered to 

�
ti
= α0 + αIEIEti +

k∑
1

α1kweekdaytik + α2agei

+ α3femalei + α4aPAti + α4bPAi + α5aNAti

+ α5bNAi + α6aIEti ∗ PAti + α6bIEtiPAi

+ α7aIEti ∗ NAti + α7bIEtiNAi + a
i
,

48 years, femalei is an indicator of whether the individual is 
female, PAti is the within-subject centered value of positive 
affect on day t for individual i, PAi is the daily mean of posi-
tive affect for individual i, NAti is the within-subject centered 
value of negative affect on day t for individual i, NAi is the 
daily mean of negative affect for individual i, IEti ∗ PAti is 
the interaction between the indicator of the first interview 
day and the within-subject centered value of positive affect 
at day t for individual i, IEti ∗ PAi is the interaction between 
the indicator of the first interview day and the daily mean 
of positive affect for individual i,IEti ∗ NAti is the interac-
tion between the indicator of the first interview day and the 
within-subject centered value of negative affect at day t for 
individual i, and IEti ∗ NAi is the interaction between the 
indicator of the first interview day and the daily mean of 
negative affect for individual i.

Interpretation of the model coefficients is as follows: α0 
is the population log odds of watching TV on a day other 
than the first interview day for a male who was 48 years 
old, surveyed on a Sunday, whose daily-average affect 
scores were equal to the respective sample means, and 
whose random effect αi was equal to 0. Unlike the preced-
ing model in which the effect of the first interview day 
was the only covariate included in the model, this model 
included the moderating effects of the first interview day 
on the relationships between affect measures and TV use 
(in addition to other covariates). Consequently, αIE is the 
expected difference between the first interview day and the 
remaining days in the log odds of watching TV for a sub-
ject whose daily means of both positive and negative affect 
scores were equal to the respective sample mean2; α1k is 
the within-subject effect of the kth day of the week rela-
tive to Sunday, α2 is the between-subject effect of age, and 
α3 is the mean difference in the logit between males and 
females. The coefficients α5a and α5b are the within- and 
between-subject effects of positive affect, respectively. The 
coefficients α6a and α6b are the within- and between-subject 
effects of negative affect, respectively. The coefficients α7a 
and α7b are the interaction effects between the first inter-
view day and the within- and between-measures of posi-
tive affect, respectively, and α8a and α8b are the interaction 
effects between the first interview day and the within- and 
between-subject measures of negative affect, respectively. 
Unless otherwise specified, covariate effects are adjusted 
for the effects of other covariates. Finally, ai is a random 
subject effect that indicates how much an individual’s 
log odds, conditional on the covariates, differs from the 

1  Within-subject centering of a time-varying covariate requires that 
the mean of the variable across occasions is calculated separately for 
each individual and the result subtracted from the individual’s daily 
measures.

2  A within-subject centered covariate yields a model intercept that 
is not adjusted for the covariate. By including the subject-level daily 
mean of the covariate, the model’s intercept is adjusted for the effect 
of the covariate.
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population log odds. The random effect ai is assumed to be 
i.i.d normal with a mean of 0 and variance ϕ2

a
 that quanti-

fies the degree to which individuals vary in their log odds 
of watching TV conditional on covariates.

The conditional measure of time spent watching TV 
was modeled as

where β0 is the population log mean time spent for a male 
who was 48 years old and surveyed on a Sunday and whose 
random effect bi was equal to 0, where bi indicates how much 
an individual’s mean log time use, conditional on the covari-
ates, differed from the population mean log time. Similar to 
the logit model part, this model part includes the moderating 
effects of the first interview day on the relationships between 
the affect measures and log time spent watching TV. Con-
sequently, the first interview day effect is interpreted as the 
typical (across days and subjects) effect for a subject whose 
daily means of positive and negative affect scores were at the 
respective sample means. The coefficient βIE is the expected 
difference between the first interview day and the remaining 
days in the mean log time spent watching TV (conditional 
that TV was watched) for a subject whose daily mean posi-
tive and negative affect scores are equal to the respective 
sample means; β1k is the within-subject effect of the kth day 
of the week relative to Sunday (e.g. β11 is the within-subject 
difference in the reported mean log time spent watching TV 
on a Monday versus a Sunday), β2 is the between-subject 
effect of age, and β3 is the between-subject effect of bio-
logical sex. The coefficients β4a and β4b are the within- and 
between-subject effects of positive affect, respectively. The 
coefficients β5a and β5b are the within- and between-subject 
effects of negative affect, respectively. The coefficients β6a 
and β6b are the interaction effects between the first inter-
view day and the within- and between-measures of positive 
affect, respectively, and β7a and β7b are the interaction effects 
between the first interview day and the within- and between-
subject measures of negative affect, respectively. Unless 
otherwise specified, the interpretation of covariate effects 
are adjusted for the effects of other covariates. The random 
effect bi is assumed to be i.i.d. normal with a mean of 0 and 
variance ϕ2

b
 that quantifies the degree to which individu-

als vary in their reported mean log time spent, conditional 
on the covariates. Finally, the residual eti is assumed to be 
independent between and within individuals with mean = 0 
and variance σ2

e
 , where σ2

e
 was assumed to be a function of a 

mti =β0 + βIEIEti +
k
∑

1
β1kweekdaytik + β2agei

+ β3femalei + β4aPAti + β4bPAi + β5aNAti

+ β5bNAi + β6aIEti ∗ PAti + β6bIEijPAi

+ β7aIEti ∗ NAij + β7bIEtiNAi + eti,

random scale effect to permit heterogeneity of the day-to-day 
variability in reported conditional measures of the log time 
spent on days when TV was watched.

Approach to model comparisons

For each model, we report the − 2*loglikelihood (− 2lnL) 
and relative fit indices, namely the Akaike information cri-
terion (AIC) and the Bayesian information criterion (BIC). 
When deemed warranted, pairwise model comparisons are 
carried out using an approximation to the Bayes Factor (BF) 
(Kass and Wasserman 1995; Nagin 1999):

where SICA and SICB are based on two selected models with 
SIC = − 0.5BIC. The value of B̂FA,B is the ratio of the esti-
mated probability of Model A being the correct model to 
Model B being correct. A B̂FA,B = 10, for example, is taken 
as evidence that Model A is 10 times more likely than Model 
B to be the correct model.

Results

Table 1 includes descriptive statistics of daily measures, 
including the sample sizes according to biological sex 
and the proportions of missing data by interview day and 
biological sex. Figure 1 displays daily reported time spent 
watching TV.

The first model, Model 1, assumed scores of the second 
model part followed a lognormal distribution with a loglike-
lihood function defined by (cf: Blozis et al. 2019)

Although the natural log transformed scores reduced 
skew, scores remained slightly positively skewed, and a sec-
ond model (Model 2) was applied that assumed scores in the 
second model part followed a 2-class mixture of two log-
normal distributions with unknown and mutually exclusive 
class membership for subject i, with a likelihood function 
for subject i in class j = 1,2 defined as

where subject i’s expected value and residual variance were 
class specific: �ij = β

0j
+ b0ij and σ2

ej
 , respectively. The logis-

B̂FA,B = exp
(
SICA − SICB

)
,

Li ∝
1√

2πσ2
e

(
yti
)exp

(
−
1

2

((
ln
(
yti
)
− �i

)2
σ2
e

))
.

Lij ∝
1√

2πσ2
ej

(
ytij

)exp
(
−
1

2

((
ln
(
ytij

)
− �ij

)2
σ2
ej

))
,
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tic model part was unchanged. The logliklihood was the log 
sum of the two class likelihoods weighted by their respective 
class proportions:

where π1 and π2 = 1 − π1 are the population proportions in 
class 1 and 2, respectively. The aim in fitting this alternative 
model was only to account for unexplained heterogeneity of 
scores and not to assign individuals to classes. Comparisons 
between models that involve a mixture of response distribu-
tions are often based on a comparison of BIC values. Here, 
the difference in BIC values between Models 1 and 2 was 
69, indicating a mixture of lognormal distributions for the 
second model part provided a better fit to the data. The 
approximated Bayes Factor value3 indicated that Model 2 

lnLij ∝ ln
(
Li1π1 + Li2

(
1 − π1

))
,

was 9.6E14 times more likely than Model 1 to be the correct 
model. Model 2 was retained for subsequent analyses. ML 
estimates of Models 1 and 2 are provided in the first and 
second columns of estimates of Tables 2 and 3,4 respectively. 
Across days and individuals, the estimated probability that 
an individual watched TV was Prob =

exp(2.6)

1+exp(2.6)
= .93 . For 

the continuous model part that was based on a 2-class mix-
ture of lognormal distributions, the estimated proportions of 
individuals in the two classes were 0.06 and 0.94, respec-
tively, and the estimated mean difference between the two 
distributions was 1.05 (95% CI 0.86, 1.23 ). Mixing across 
the two classes of distributions, the estimated time spent 
watching TV when respondents reported to watch was 
exp = (−0.61 ∗ .06 + (−0.61 + 1.0) ∗ .94) = 1.39 hours.

Table 1   Daily sample descriptive statistics (n = 782)

Interview Day 1 2 3 4 5 6 7 8

Females n(% Observed) 346(44.4) 340(44.9) 336(44.9) 336(45.1) 329(44.8) 313(44.7) 315(45.1) 313(45.8)
Males n(% Observed) 434(55.6) 417(55.1) 413(55.1) 409(54.9) 406(55.2) 388(55.3) 383(54.9) 371(54.2)
total n (% Missing) 780(0.3) 757(3.2) 749(4.2) 745(4.7) 735(6.0) 701(10.4) 698(10.7) 684(12.5)
TV use (yes/no)
Females No. users (% users) 382(88.0) 329(80.1) 317(80.1) 316(80.4) 315(81.2) 319(82.2) 312(81.5) 286(77.3)
Males No. users (% users) 305(88.2) 285(84.8) 282(86.2) 267(81.4) 264(83.5) 255(81.5) 266(84.7) 264(84.4)
Time spent watching TV
Females mean/median 2.7/2 2.2/2 2.2/2 2.2/2 2.1/2 2.1/2 2.2/2 2.7/2

SD 2.4 1.9 2.0 2.0 1.8 1.6 1.7 1.8
Min/max 0.08/16 0.03/10 0.08/16 0.17/12 0.08/18 0.17/8 0.08/14 0.17/14

Males Mean/median 2.6/2 2.1/1.5 2.2/1.5 2.2/2 2.2/2 2.3/2 2.2/2 2.2/2
SD 2.4 2.2 2.2 2.2 2.0 2.0 1.8 2.2
Min/max 0.17/20 0.08/20 0.17/23 0.17/20 0.08/18 0.08/16 0.17/13 0.17/22

Positive Affect
Females Mean/median 2.5/2.5 2.6/2.7 2.5/2.7 2.5/2.6 2.5/2.7 2.5/2.6 2.5/2.6 2.5/2.5

SD 0.81 0.82 0.89 0.88 0.89 0.87 0.88 0.89
Min/max 0/4 0.08/4 0.23/4 0/4 0/4 0/4 0/4 0/4

Males Mean/median 2.5/2.6 2.6/2.5 2.5/2.6 2.5/2.6 2.5/2.6 2.5/2.6 2.5/2.6 2.5/2.5
SD 0.79 0.81 0.80 0.85 0.85 0.81 0.83 0.83
Min/max 0.15/4 0/4 0.08/4 0.08/4 0.31/4 0.31/4 0.23/4 0.31/4

Negative affect
Females Mean/median 0.35/0.21 0.26/0.14 0.23/0.14 0.22/0.14 0.22/0.07 0.20/0.07 0.18/0.07 0.20/0.07

SD 0.44 0.37 0.35 0.35 0.36 0.31 0.27 0.31
Min/max 0/2.9 0/3.0 0/2.4 0/2.9 0/2.6 0/2.6 0/1.6 0/3.1

Males Mean/median 0.32/0.21 0.24/0.14 0.20/0.07 0.20/0.07 0.20/0.07 0.19/0.07 0.17/0.07 0.16/0
SD 0.40 0.36 0.34 0.33 0.35 0.35 0.29 0.28
Min/max 0/3.4 0/2.9 0/2.8 0/2.5 0/2.6 0/3.3 0/2 0/1.9

3  B̂F2,1 = exp(−9101 + 9135.5) = 9.6E14.

4  Although estimates of the two model parts appear in separate 
tables, the two model parts were estimated simultaneously. For the 
sake of brevity in this report, we provide estimates of the fixed effects 
and make estimates of the variances and covariances of all models 
that were fit available upon request.



	 S. A. Blozis, R. Villarreal 

Fig. 1   Daily reported time spent 
watching TV (n = 782)
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Model 3 included the first interview day effects in the 
logistic and generalized linear models. Estimates of this 
model are in the third columns of estimates of Tables 2 and 
3. The difference in BIC values between Models 2 and 3 was 
88, indicating that overall, including the effect of the first 
interview day improved model fit. Further, the approximated 
Bayes Factor value5 indicated that Model 3 was 1.9E19 
times more likely than Model 2 to be the correct model. For 
the logistic model part (see the third column of estimates in 
Table 2), the log odds that an individual watched TV on their 
first interview day was estimated to be higher (est6 = 0.79, 
95% CI 0.50, 1.1 ) relative to the expected log odds across 
all subsequent interview days. Converting log odds to prob-
abilities, the probability (across days and individuals) that 
an individual reported watching TV on the first interview 
day 0.96, whereas the probability was 0.92 across the fol-
lowing days.

For the continuous model part (see the third column of 
estimates in Table 3), the reported mean log time spent 
watching TV when TV was watched on the first interview 
day was estimated to be greater (0.16, 95% CI 0.12, 0.20 ) 

relative to the mean log reported time spent across all 
subsequent days. Converting the mean log time spent to 
hours, the estimated mean time spent watching TV on 
the first interview day if TV was watched was about 2 h 
( exp = ((−0.67 + 0.16) ∗ .06 + (−0.67 + 0.16 + 1.1) ∗ .94) = 1.96 ). 
Conversely, time spent on the days that followed was, 
on average, estimated to be about a half hour less 
( exp = (−0.67 ∗ .06 + 0.43 ∗ .94) = 1.44 hours). Thus, both 
aspects of reported TV use were elevated for the first inter-
view day relative to the following interview days.

Model 4 included the first interview day effect in addition 
to measures of positive and negative affect and covariates, 
as described previously. Our focus was on the interpreta-
tions of the within- and between-subject effects of posi-
tive and negative affect and the moderating effects of the 
first interview day on those relationships. These relation-
ships are illustrated in Fig. 2.7 As shown in Table 2 (see the 
4th columns of estimates), the first interview day did not 
clearly moderate the within-subject effect of positive affect 

Table 2   ML estimates (95% CI) of the logistic model part for TV use (yes/no) (n = 782)

Model 1 Model 2 Model 3 Model 4 Model 5
Log odds of use Est(95% CI) Est(95% CI) Est(95% CI) Est(95% CI) Est(95% CI)

α0 2.6(2.4, 2.8) 2.6(2.4, 2.8) 2.5(2.3, 2.7) 2.9(2.5, 3.2) 2.9(2.6, 3.3)
fdij,αIE 0.79(0.50, 1.1) − 0.76(− 2.1, 0.60)
Monij,α1a − 0.27(− 0.60, 0.06) − 0.14–0.47, 0.19
Tueij,α1b − 0.17(− 0.50, 0.17) − 0.09(− 0.42, 0.24
Wedij,α1c − 0.22(− 0.55, 0.12) − 0.15(− 0.48, 0.19
Thuij,α1d − 0.08(− 0.42, 0.27) − 0.05(− 0.39, 0.29)
Friij,α1e − 0.07(− 0.42, 0.27) − 0.05(− 0.39, 0.29)
Satij,α1f − 0.35(− 0.69, − 0.01) − 0.34(− 0.68, − 0.00)
Agei,α2 0.02(0.01, 0.04) 0.02(0.01, 0.04)
Femalei,α3 − 0.40(− 0.75, − 0.05) − 0.38(− 0.72, − 0.04)
PAij , α4a − 0.14(− 0.42, 0.14) − 0.02(− 0.27, 0.23)

PAi , α4b − 0.37(− 0.65, − 0.09) − 0.30(− 0.56, − 0.03)

NAij , α5a − 0.71(− 1.2, − 0.24) − 0.21(− 0.63, 0.21

NAi , α5b − 0.40(− 1.1, 0.35) − 0.24(− 0.93, 0.45)

PAij ∗ fd
ij
 , α6a 0.31(− 0.52, 1.1)

PAi, ∗ fdij , α6a 0.54(0.08, 1.0)
NAij ∗ fd

ij
 , α7a 2.1(0.64, 3.6)

NAi, ∗ fdij , α7a 0.38(− 0.84, 1.6)

− 2lnL 18,211 18,122 18,021 17,798 17,930
AIC 18,229 18,146 18,049 17,890 18,002
BIC 18,271 18,202 18,114 18,104 18,170

5  B̂F3,2 = exp(−9057 + 9101) = 1.9E19.
6  est = estimate.

7  To simplify the illustration of Model 4, Fig.  2 does not show the 
effects of age, biological sex and the indicators of the days of the 
week, although these variables were included in the model that was 
fitted to the data.
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(est = 0.31, 95% CI −0.52, 1.1 ), although it did moderate the 
between-subject effect of positive affect on the log odds of 
watching TV (est = 0.54, 95% CI 0.08, 1.0 ). These results 
indicate that on the first interview day, the direction of the 
association between the daily average of positive affect on 
the likeliness to watch TV was not clear (est = − 0.59, 95% 
CI −1.6, 0.43 ), whereas on days following the first interview 
day, individuals tended to have an increased likeliness to 
report TV use if they had a relatively low positive affect 
level across those days (est = − 0.37, 95% CI −0.65,−0.09 ). 
Regarding the within-subject effect of positive affect, there 
was no clear relationship between affect and the likeliness 
to watch TV (est = − 0.14, 95% CI − 0.42, 0.14).

The effect of the first interview day clearly moderated 
the within-subject effect (est = 2.1, 95% CI 0.64, 3.6 ) but not 
the between-subject effect (est = 0.38, 95% CI −0.84, 1.6 ) of 
negative affect on the log odds of reported TV use. Specifi-
cally, the direction of the within-subject effect of negative 
affect on the first interview day was not clear (est = 0.65, 
95% CI −0.99, 2.3 ), whereas the within-subject effect for 
subsequent interview days was negative (est = − 0.71, 95% 
CI −1.2,−0.24 ). From this, there was no clear impact of 
negative affect on the likeliness to watch TV on the first 
interview day, but on days following the first interview, there 

was a clear increase in the likeliness to watch TV if one also 
had a relatively high negative affect level on the same day 
(est = 2.10, 95% CI 0.80, 3.4). Regarding the between-sub-
ject effect of negative affect, there was no clear relationship 
between affect and the likeliness to watch TV (est = − 0.40, 
95% CI − 1.1, 0.35).

For time spent watching TV on days when TV was 
watched, the first interview day did not clearly moderate 
any of the within- or between-subject effects of positive or 
negative affect. Positive and negative affect did, however, 
relate to the time spent watching TV. The daily average of 
positive affect was negatively related to an individual’s aver-
age time spent watching TV on days when TV was watched 
(est = − 0.06, 95% CI −0.10,−0.02 ), and the daily average of 
negative affect was positively related to the individual’s aver-
age time spent watching TV (est = 0.17, 95% CI 0.08, 0.26 ). 
Neither of the within-subject measures of affect were clearly 
related to time spent watching TV.

Lastly, we fit a model based on Model 4 that excluded all 
IE effects to evaluate how ignoring the effects of the first 
interview day on parameter estimates. From this model, 
Model 5, we evaluated the sensitivity of parameter esti-
mates of the within- and between-subject effects of positive 

Table 3   ML estimates (95% CI) of the generalized linear model part for time spent watching TV (n = 782) 

‘Diff’ is the difference in means between the two lognormal response distributions for the two-class mixture. π1 is the proportion of subjects in 
the first of the two classes for the two-class mixture. Model fit indices are reported in Table 2. Model 1 assumes a lognormal response distribu-
tion. Models 2–5 assume a 2-class mixture of lognormal distributions

Model 1 Model 2 Model 3 Model 4 Model 5
Log mean time Est(95% CI) Est(95% CI) Est(95% CI) Est(95% CI) Est(95% CI)

β0 0.38(0.33, 0.43) − 0.61(− 0.81, − 0.40) − 0.67(− 0.85, − 0.48) − 0.58(− 0.75, − 0.41) − 0.55(− 0.73, − 0.38)
Diff 1.0(0.86, 1.2) 1.1(0.91, 1.2) 1.1(0.90, 1.2) 1.1(0.89,1.2)
π1 .06(.03, .09) 0.06(0.03, 0.08) 0.06(0.04, .09) 0.06(0.04, 0.09)
fdti,αIE 0.16(0.12, 0.20) 0.04(− 0.14, 0.21)
Monij,α1a − 0.14(− 0.19, − 0.09) − 0.11(− 0.16, − 0.07)
Tueij,α1b − 0.19(− 0.24, − 0.14) − 0.17(− 0.22, − 0.12)
Wedij,α1c − 0.25(− 0.30, − 0.20) − 0.24(− 0.30, − 0.20)
Thuij,α1d − 0.25(− 0.30, − 0.20) − 0.24(− 0.29, − 0.19)
Friij,α1e − 0.21(− 0.26, − 0.16) − 0.20(− 0.26, − 0.16)
Satij,α1f − 0.09(− 0.15, − 0.04) − 0.10(− 0.15, − 0.05)
Agei,α2 0.01(0.01, 0.01) 0.01(0.01, 0.01)
Femalei,α3 − 0.01(− 0.07, 0.05) − 0.00(− 0.06, 0.06)
PAij , α4a 0.00(− 0.04, 0.04) 0.01(− 0.02, 0.05)

PAi , α4b − 0.06(− 0.10, − 0.02) − 0.05(− 0.09, 0.00)

NAti , α5a − 0.03(− 0.11, 0.05) 0.04(− 0.02, 0.11)

NAi , α5b 0.17(0.08, 0.26) 0.19(0.11, 0.27)

PAij ∗ fd
ij
 , α6a 0.05(− 0.05, 0.14)

PAi, ∗ fdij , α6a 0.05(− 0.01, 0.11)

NAti ∗ fdti , α7a 0.09(− 0.12, 0.30)

NAi, ∗ fdij , α7a 0.02(− 0.12, 0.17)
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and negative affect on the likeliness to watch TV and the 
reported time spent when TV was watched. Estimates of 
Model 5 are given in the last columns of Tables 2 and 3. The 
difference in BIC values between Models 4 and 5 was 66, 
indicating an overall improvement in model fit by includ-
ing the first interview day effects in both model parts. The 
approximated Bayes Factor value8 indicated that Model 4 
was 2.1E14 times more likely than Model 5 to be the correct 
model, supporting the importance of accounting for the first 
interview day effects.

From the last column of estimates in Table 2, the esti-
mated between-subject effect of negative affect differs from 
that obtained under Model 4, but the conclusion is generally 
the same in that the direction of the effect is not clear as both 
estimated 95% CIs span from a negative to a positive value. 
The estimated within-subject effect of negative affect under 

Model 5 suggests an unclear direction in the effect. This is 
in contrast to Model 4 that indicates a clear direction in the 
effect but specifically for the days that follow the first inter-
view and not the first interview day. The estimated between-
subject effect of positive affect differs from that obtained 
under Model 4, but both models indicate a negative effect on 
the likeliness to watch TV. The estimated effect, however, is 
reduced under Model 5. Finally, the estimated within-subject 
effect of positive affect under Model 5 suggests an unclear 
direction in the effect, and this is consistent with Model 4.

Discussion

Research in psychology using self-report data from daily 
diary studies has illuminated the potential for an elevated 
mean response at the first interview where no such pat-
terns are expected. The effect has been shown to impact 
statistical inference about a variety of self-report measures, 

Level 1: Daily

Ini�al Eleva�on Effect

Daily 
Posi�ve Affect

Daily 
Nega�ve Affect

Daily Log Odds of 
Watching TV

Daily Time Spent 
Watching TV

Level 2:  Subject

Daily Average 
Posi�ve Affect

Daily Average 
Nega�ve Affect

Daily Average Log Odds of 
Watching TV

Daily Average Time Spent 
Watching TV

Fig. 2   An illustration of a two-part mixed-effects model for daily TV use reports

8  B̂F4,5 = exp(−9052 + 9085) = 2.1E14.
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including psychological state measures, health symptoms 
and objective behavioral reports. Marketing research, espe-
cially research involving consumer perceptions and meas-
ures of relatively objective behaviors, relies on self-report 
data, suggesting a need to investigate IE response patterns 
to understand the impact on statistical inference and sub-
sequent marketing strategies that might be developed from 
such investigations.

We analyzed daily self-report measures of time spent 
watching TV using data collected from an observational 
study where participants were surveyed for 8 consecutive 
days. Using a two-part MELS model, we documented that on 
the first survey day, participants were more likely to report 
that they watched TV and that they tended to report more 
time spent watching TV (if TV was watched) compared to 
the days that followed. For reports of time spent watching 
TV on days when TV was watched, the estimated mean 
time spent on the first interview day was about two hours, 
whereas the estimated mean time spent across the interview 
days that followed was about 1.4 h. These analyses were 
based on an observational study. Further, participants started 
their daily diary survey on different days of the week and at 
different times of a calendar year, and so there was no reason 
to anticipate that responses would differ between the first 
interview day and those that followed. The findings present 
potential implications for self-reported daily diary data used 
in marketing research, but they also pose implications for 
cross-sectional research where it is not possible to estimate 
or account for the magnitude of an IE effect if it is present.

Market research has benefitted from including affective 
measures in studies to better understand consumer behavior, 
and we explored the role of affect in TV use. Specifically, we 
studied the effects of IE on the relationships between affect 
and TV use. Using a two-part MELS model, we tested for 
moderating effects of the first-interview day on the within- 
and between-subject effects of positive and negative affect 
on the likeliness to watch TV and the reported amount of 
time spent on days when TV was watched (Model 4). A 
within-subject effect refers to the typical (across days and 
subjects) relationship between an outcome and a covariate 
at a given occasion. A between-subject effect refers to the 
typical (across subjects) relationship between an outcome’s 
tendency across days and the tendency of a covariate across 
days.

With regard to the likeliness to watch TV, we found that 
the first interview day did not impact the daily relationship 
between positive affect and the likeliness to watch TV. It did, 
however, impact the subject-level relationship. That is, a rel-
atively low daily average for positive affect corresponded to 
a greater likeliness to watch TV but only on days following 
the first interview. In other words, the daily average of posi-
tive affect had no detectable effect on the likeliness to watch 
TV on the first interview day but it did on the following 

days. When the moderating effect of the first interview day 
was ignored (Model 5), this relationship was replicated, but 
the magnitude of the effect of positive affect on the likeliness 
to watch TV was reduced.

We also found an increased likeliness for participants to 
report watching TV if they also had a relatively high level 
of negative affect during that same day, but this was the case 
only for the days that followed the first interview day and 
not the first interview day itself (Model 4). This is a clear 
example of the importance of accounting for the effect of 
the first interview day because the effect of negative affect 
was only detectable for the set of days that followed the first 
interview. When the moderating effect of the first interview 
day was ignored (Model 5), there was no clear direction for 
the relationship between negative affect and the likeliness to 
watch TV. This further stresses the importance of accounting 
for the first interview day in understanding the relationship 
between daily negative affect and daily TV use because the 
relationship would have otherwise been missed.

The second part of a two-part model for a semi-continu-
ous variable permits the study of the relationships between 
covariates and the level of the response when the response 
is positive. In this study, the second model part was for 
the reported amount of time spent watching TV on days 
when TV was watched. We tested the strength of the rela-
tionships between within- and between-subject measures 
of positive and negative affect and the reported amount of 
time spent, while attending to the effects of the first inter-
view day. Unlike the first model part that was used to model 
the likeliness to watch TV, the effect of the first interview 
day did not clearly moderate the relationships between the 
affect measures and time spent watching TV. The clearest 
and strongest relationship was that between the daily average 
of negative affect and time spent watching TV. That is, indi-
viduals whose daily average negative affect was high tended 
to spend more time watching TV. Although the daily average 
of positive affect was clearly related to time spent watching 
TV under the model that took the first interview day into 
account (Model 4), the lower bound of the 95% CI was close 
to 0. This relationship was not detected under the model that 
ignored the effect of the first interview day (Model 5).

Managerial implications

The time consumers spend with media, whether the engage-
ment is through TV or other screened devices, is significant 
for media planners. Obtaining self-reported usage through 
surveys is a common research tool that media planners 
use. Using daily diary survey data, this study reported a dif-
ference of about 30 min more per day, on average, in the time 
spent watching TV based on data from the first interview day 
relative to the daily average based on data from the interview 
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days that followed. Although a difference of 30 min may 
seem trivial, the value of this result lies in aggregating daily 
estimates across a week. That is, the estimated time spent 
based on data from the first interview day would suggest 
consumers spend about 14 h per week watching TV, whereas 
the estimated time spent based on data from the 2nd to the 
final interview day would suggest that consumers spend just 
under 10 h per week. This difference is especially important 
for studies that rely on a single interview to estimate weekly 
totals, as the result implies that a single interview can result 
in overestimated values of the reported behavior. For plan-
ners who use usage reports to help develop media strategies, 
time spent engaged with media provides insight into how 
reach and frequency strategies should be implemented. That 
is, when users spend more time with media, a frequency 
strategy is attractive because greater time spent with media 
provides more opportunities to expose viewers to a brand’s 
message through a smaller number of media vehicles. Con-
versely, when users spend less time engaged with media, a 
reach strategy may be more attractive as a larger number 
of unique viewers have the opportunity to be exposed to a 
brand’s message. This strategy is met by placing a brand 
message on more media vehicles. Based on TV use reports 
presented here, the results suggest that a frequency strategy 
could be over-emphasized and the need for a reach strategy 
undervalued.

The reported difference in time spent watching TV 
between the first interview and the interview days that fol-
lowed have important implications for media planners. First, 
if data are collected at a single occasion, time estimates may 
be overestimated, as was found for the data set studied here. 
Second, without collecting repeated measures, it is not pos-
sible to test for the possibility of an elevated report in the 
initial assessment. Consequently, media strategies, such as 
reach and frequency, may not be well informed if the first 
report is biased upward. With evidence that responses on the 
first interview day differed from subsequent interview days, 
it can be important for media planners to consider data col-
lection across multiple days. Not only does a study design 
that uses repeated measures allow for testing of the presence 
of a first-interview effect, such a design offers opportunities 
to better understand the behaviors of individual consumers, 
especially regarding behaviors that are known to vary at the 
individual level across days.

As is well known, consumer affect is an integral part of 
understanding media use. In this study, reports based on 
data from the first interview suggested that neither positive 
nor negative affect was related to an individual’s likeliness 
to watch TV. Positive and negative affect were, however, 
related to the likeliness to watch TV based on data from 
the days following the first interview. The implication of 
this finding is important. That is, a study based on a sin-
gle assessment could result in the conclusion that neither 

positive nor negative affect impacts a consumer’s likeliness 
to watch TV. Consequently, media planning going forward 
might mismatch an advertisement message frame with the 
media vehicle.

This study also found that individuals whose negative 
affect levels tended to be relatively high across days tended 
to spend more time watching TV, and that on a given day, 
individuals whose positive affect levels were relatively high 
tended to spend less time watching TV on the same day 
(though the latter of these two effects is smaller). Taken 
together, these findings suggest that viewers who tend to 
be higher on negative affect exceed the number of viewers 
who tend to be higher on positive affect. This has implica-
tions for reach and frequency strategies, ad message framing, 
and media vehicle selection. Considering negative affect, for 
example, brands will likely select a frequency media strategy 
given that adults tend to spend more time watching TV. Fur-
ther, in their reach strategy, brands may want to frame their 
message in a manner that would be meaningful for viewers 
higher on negative affect. Finally, brands would then want to 
select an appropriate vehicle in which to place their message.

Concluding remarks

An important aim in collecting daily diary data is to docu-
ment the behavioral tendencies of individuals and the day-to-
day variation in those behaviors. Gaining this insight about 
consumer behavior from repeated-measures data is increas-
ingly recognized as an important component of some types 
of marketing research. From this report and previous studies, 
it is clear that data collection using repeated measures can 
illuminate a greater understanding of the development and 
variability in individual behaviors. When data are based on 
self-reports, however, unexpected differences in responses 
between the first interview and those that follow can have 
consequences for statistical inference. Using observational 
TV use data from a large and representative sample of adults 
in the U.S., the effects of the first interview day were evident, 
as there was a greater tendency for respondents to report 
having watched TV on the first interview day relative to 
the days that followed. When TV was watched, respondents 
tended to report more time spent watching TV on the first 
interview day relative to the days that followed. The effects 
of the first interview day were also evident in tests of the 
relationships between self-report measures of positive and 
negative affect and aspects of TV use. These findings are rel-
evant for media-use studies that rely on self-report measures 
at a single point in time (and naturally are not set up to test 
for the effects of the first interview), as well as studies that 
use repeated measures and do not account for the potential 
effects of the first interview.
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This study supports the use of study designs that collect 
repeated measures and the need to account for the effects 
of the first interview. Here, we accounted for the first inter-
view effect by including an indicator of the first interview 
day in the statistical model. Another approach may be to 
disregard data recorded for the initial interview and the 
analysis performed on the data observed for the remaining 
days. For an experimental study design, researchers might 
consider assessing study participants twice to assess possible 
effects of the first interview and to gain realistic measures of 
baseline values. As a greater number of repeated measures 
would naturally decrease the impact of an IE effect, studies 
may consider increasing the number of repeated measures 
as the difference between the mean response of the first day 
would eventually be outweighed by the means on the days 
that follow.

Future directions stemming from the current work are 
plentiful. First, applications of the methods describe here 
could be applied to other types of media use reports to test 
for the effects of the first interview effect. Second, as this 
report relied on a large and representative sample of adults 
in the U.S. population, future work could explore the needed 
sample size to reliably detect effects of the first interview on 
summary measures of media use reports. Third, this report 
relied on measures of psychological state variables, namely 
positive and negative affect, that were based on the aver-
ages of responses to survey item sets developed to reflect 
the respective underlying latent variables. Future work could 
expand on the models used here to include the capacity to 
account for measurement error in the observed responses to 
the survey data that represent exogenous latent variables. 
Fourth, we selected a two-part mixed-effects model with a 
random scale to analyze daily measures of TV use because 
we thought that it was important to distinguish between TV 

use and time spent watching TV when it was watched. A 
mixed-effects model accounts for within-subject dependen-
cies that are common in repeated measures. By also includ-
ing a random scale, the model accounted for between-subject 
heterogeneity of the day-to-day variance in reports of time 
spent watching TV. Given that TV use and time spent are 
treated as unique features of media use behavior, this model 
permitted covariates to have unique relationships with these 
two aspects of TV use. This made it possible to study predic-
tors of whether or not a person watched TV, and conditional 
on having watched TV, predictors of the reported time spent 
watching. Naturally, there are other choices in modeling 
frameworks, and the sensitivity of the IE effects might have 
been different had a different statistical model been selected. 
Fifth, future work might consider expanding a survey study 
to also include objective measures of media use to better 
understand media use data obtained through these different 
methods. Though potentially costlier to obtain than self-
report data, objective measures should eliminate concerns 
over self-report bias. Finally, although we are not aware of 
research that has examined IE effects in qualitative reports, 
consumer research that rely on mixed methods might con-
sider the potential impact of the first interview on qualitative 
reports, in addition to those based on quantitative measures.

Appendix A

SAS PROC NLMIXED syntax for estimation of the two-
part location scale mixed-effects (MELS) model applied to 
daily time spent watching TV. Covariates include within-
person effects of the day of the week (Sunday is the refer-
ence day), an individual’s age and biological sex, daily and 
daily-average measures of positive and negative affect, an 
overall initial elevation (IE) effect and moderating effects 
of IE on the effects of daily and daily-average measures of 
positive and negative affect. 
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