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Objective: A growing body of research suggests that exposure to too much information – particularly
contradictory information that characterizes much health-related information – can lead to feeling
overwhelmed. This construct has been conﬂated with fatalistic beliefs that are negatively associated with
preventive behaviors. The objective of this study was to adapt the 8-item Cancer Information Overload
(CIO) scale to assess overload of healthy diet information.
Methods: Conﬁrmatory factor analyses with a community sample of rural California adults (n = 290; 75%
female; 58% Latino; 46%  H.S./G.E.D.).
Results: Items assessing Diet Information Overload loaded signiﬁcantly on their relevant factor; factor
loadings were acceptable (β > .40). The adapted original scale (CFI = 1.000, RSMEA = .000, SMSR = .022)
and a shorter 5-item scale (CFI = .984, RMSEA = .051, SMSR = .026) ﬁt well.
Conclusion: The Cancer Information Overload scale was successfully adapted and shortened to measure
perceptions – previously mischaracterized as fatalistic – pertaining to diet information. Improved
measures distinguishing between fatalistic beliefs and outcomes of the information environment are
critical.
Practice Implications: Understanding information overload is important for shaping prevention messages
distinct from those needed to address fatalistic beliefs. Nutrition education efforts should consider the
broader – cluttered – information environment in which nutrition education and communication occurs,
and public health messages may drown.
© 2018 Elsevier B.V. All rights reserved.

Keywords:
Information overload
Diet
Nutrition
Measurement
DIO scale
CFA
Beliefs

1. Introduction
Preventable non-communicable diseases including obesity,
cardiovascular disease, cancer, and diabetes account for 70% of
deaths worldwide [1]. Communication about diet and nutrition
may be a useful population-level intervention approach to reduce
the burden of non-communicable diseases [2–5]. Indeed, developments in information and communication technologies in the past
two decades substantially increased the amount of health
information available to the general public [6]. Individuals may
encounter messages from this information environment that affect
their behaviors through the course of daily media consumption or
they may deliberately seek health information [2,7].
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Despite having instant access to this rich information environment, many individuals fail to act on the knowledge available to
them – that is, communication often fails to persuade individuals
to eat more healthful diets [4]. There are numerous barriers that
prevent people from eating a healthy diet, including access to
nutritious food, affordability, and knowledge about food preparation [8–12]. Although information alone is often not enough to
inﬂuence individuals to eat more healthful diets [13], studies have
shown that communication about food exerts a powerful inﬂuence
on dietary behaviors (i.e., marketing, advertising of unhealthy
foods) [14]; moreover, that deliberate, well-done strategic
communication to encourage healthy diets can improve diet
[2,4,5,15,16].
However, our understanding of why communication is not
always successful is incomplete. Beyond the limitations inherent in
communication as information provision, recent research has
demonstrated that exposure to too much information – particularly contradictory information that characterizes much cancer-
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and nutrition-related information [4,17–20] – can lead to feeling
overwhelmed by the information available [21–23].
Feeling overwhelmed from exposure to contradictory and
conﬂicting messages is not the result of the content of any single
speciﬁc message, but rather due to the nature of the information
environment as a whole. Although a contradictory public
information environment may be an accurate reﬂection of the
state of the science of nutrition – and indeed of the nature of
science, wherein incremental progress is made non-linearly [19]
– the subtleties of scientiﬁc studies may be missing from public
reporting of the science. Research is full of contradictory
ﬁndings: a large clinical trial may reach different conclusions
compared to a small observational study on the same topic.
However, this evolutionary nature of research leads to what
Jensen et al. [24] name “the carcinogen of the week” style
reporting, with diet related factors often being both being a risk
as well as a protective factor [25]. Researchers and health
professionals understand the evolutionary nature of research
and therefore have the tools to cope with this conﬂicting
environment. However, the public lacks this understanding and
may not be able to cope as effectively. In addition, coverage of
science often lacks information relevant to facilitate this process
[26]. As a result, the public has a hard time making sense of
conﬂicting scientiﬁc results [19,27].
Since nutrition and diet are topics of broad interest, food,
nutrition science, and dietary advice are frequently covered in the
news and broadly disseminated through mass media and social
media channels. The lack of concordance in the overabundant
information environment may produce information overload, the
belief or set of beliefs that there is just too much information,
resulting in feeling overwhelmed [24]. Speciﬁcally, the model of
information overload suggests that as a result of the arousing
content in the information environment, additional cognitive
resources are necessary to make sense of the content; the resulting
strain on capabilities results in information overload [28]. The
model further posits that overwhelmed individuals will actively
avoid information [28].
Mitigating information overload requires understanding the
nature and accurate assessment of this concept. A major challenge
has been the conﬂation of information overload with fatalism
[24,29,30]. Incorrectly addressing these beliefs as fatalism, often
seen as a cultural trait [29], could hinder efforts to mitigate these
beliefs and their adverse effects on health. In an effort to address
these issues, Jensen et al. [24] developed and validated a multi-

item measure of cancer information overload (CIO). The CIO scale
has been validated and assessed in a number of studies examining
cancer information behaviors and outcomes [21,23,24,31]. Exposure to the information environment has been shown to predict
information overload, with content about cancer causes and
uncertainty positively predicting CIO, and content about cancer
causes and established prevention information negatively predicting CIO [32]. The CIO scale has been positively associated with
information avoidance [31] and negatively associated with
preventive behaviors including fruit and vegetable consumption,
regular exercise, smoking avoidance [23], and cancer screening
[24]. The utility of the CIO scale in understanding negative effects
of exposure to the public information environment about cancer
suggests opportunities to expand the construct to other contexts
that are similarly fraught with misinformation. Thus, the aim of the
present study was to extend the construct of information overload
to the nutrition and diet information environment context, which,
like the cancer information environment, is riddled with misinformation and contradictory advice. Our ﬁrst goal was to adapt the
CIO scale to measure diet information overload (DIO). In addition,
we wanted to test the recommendations by Costa et al. [33] to
simplify assessment of information overload by removing 3 of the
original 8 items. We hypothesized that the best estimates of diet
information overload would result from the shortened scale since
it includes only the items that precisely capture information
overload.
2. Method
2.1. Adaptation of the cancer information overload scale
Diet information overload was adapted from the CIO scale [24]
(see Table 1). The scale consists of eight items with ﬁve response
options (strongly disagree to strongly agree). The adaptation
involved replacing “cancer” or “cancer prevention” with appropriate substitutions about “diet” or “eating a healthy diet.” For
example, the original item “There are so many different
recommendations about preventing cancer, it’s hard to know
which ones to follow” was adapted to “There are so many
recommendations about eating a healthy diet, it’s hard to know
which ones to follow.” The original statement “I feel overloaded by
the amount of cancer information I am supposed to know” was
adapted to “I feel overloaded by the amount of information about
eating a healthy diet I am supposed to know.”

Table 1
Diet Information overload. Respondent scores and conﬁrmatory factor analysis model standardized (β) coefﬁcients (N = 287).
Items

1
2
3
4
5
6
7
8

There are so many recommendations about eating a
healthy diet, it’s hard to know which ones to follow.
There is not enough time to do all the things
recommended to eat a healthy diet.
It has gotten to the point where I don’t even care to hear
new information about eating a healthy diet.
No one could actually do all of the healthy diet
recommendations that are given.
Information about eating a healthy diet all start to
sound the same after a while.
I forget most information about eating a healthy diet
right after I hear it.
Most things I hear or read about eating a healthy diet
seem pretty far-fetched.
I feel overloaded by the amount of information about
eating a healthy diet I am supposed to know.

DIO model 1

DIO model 2

DIO model 3

DIO-SF

M (SD)

β

SE

β

SE

β

SE

β

SE

2.57 (1.085)

.497*

.056

.497*

.055

.481*

.058

.486*

.063

3.28 (1.122)

.461*

.065

.464*

.065

.390*

.071

–

–

3.55 (1.092)

.514*

.056

.513*

.056

.475*

.062

.531*

.063

3.33 (1.049)

.062*

.021

–

–

–

–

–

–

2.75 (1.093)

.619*

.048

.619*

.048

.607*

.052

.656*

.050

3.21 (1.150)

.658*

.047

.657*

.047

.663*

.051

.659*

.055

3.32 (1.061)

.621*

.056

.621*

.056

.607*

.059

–

–

3.16 (1.141)

.714*

.041

.713*

.041

.741*

.043

.695*

.053

DIO = Diet Information Overload scale, DIO model 1 = CIO model adaptation, DIO model 2 = DIO scale minus item 4, DIO model 3 = DIO scale minus item 4 and including error
correlations, DIO-SF = Diet Information Overload scale Short Form (1 = strongly agree to 5 = strongly disagree), * p < 0.05.
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In their comments on the original CIO scale, Costa and
colleagues [33] argued that three of the eight items could be
omitted since they deviate from the deﬁnition offered by Jensen
et al. [24]: “feeling overwhelmed by the amount of cancer-related
material in the information environment”. Speciﬁcally, they
recommended removing the item, “Most things I read or hear
about cancer seem pretty farfetched” since it addresses the quality
of the information instead of the quantity. Second, they
recommended removing the item, “No one could actually do all
of the cancer recommendations that are given” since it is not
capturing perceptions about the respondents own psychological
response. Lastly, they recommended removing, “There is not
enough time to do all of the things recommended to prevent
cancer,” as time is a barrier to action and not a feeling about the
information environment. We therefore compared performance of
the adapated DIO with the original eight items as developed by
Jensen et al. [24] with the shorter ﬁve item scale as recommended
by Costa et al. [33].
Additionally, the scale was adapted into Spanish using standard
procedures to ensure equivalence. Additional details about the
process are provided in another publication [blinded for review].
2.2. Sample and procedure
Data were collected from a community sample in rural Central
California (N = 290) as part of a larger community health
partnership program. A stratiﬁed sampling approach by ethnicity
was utilized to reﬂect the population of the county [34,35].
Participants were recruited at a variety of public places, including
local parks, and supermarkets. Surveys were verbally administered
in person or by phone. Participants were eligible to participate if
they were over 18 years of age, were proﬁcient enough in English or
Spanish to complete the survey, and worked or lived in the county
where the data was collected. Three participants did not complete
the DIO scale, resulting in a ﬁnal sample of 287 participants.
Almost 20% of the sample (N = 56) completed the survey in
Spanish. The majority of the sample was female (74.9%). Age was
distributed as follows: 18–24 (16.4%), 25–34 (28.9%), 35–44
(23.7%), 45–64 (23.0%), and 65+ (7.3%). Most participants identiﬁed
as Hispanic/Latino (57.7%), 22.4% identiﬁed as White/Caucasian,
10.8% Hmong and 9.1% identiﬁed themselves as other than the
above three ethnicities. Education was measured by asking about
the highest level of education completed (from 0 = No formal
education to 21 = graduate or professional degree, Mean = 13.84,
SD = 4.67). A little over 20% (N = 58) of the participants did not
receive a high school degree, 25.7% did receive a high school
degree, 37.7% received some college, and 16.2% received a bachelor
degree or higher. We used food assistance as an additional
indicator of socioeconomic status and proxy for household
income: Over 43% of the sample (N = 122) received food assistance
in the past year.
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2.3. Analyses
Consistent with Jensen and colleagues’ [24] original approach,
assessment of the factor structure of the DIO and DIO-SF was
examined through a conﬁrmatory factor analysis (CFA) in order to
determine if the adapted questions had the same underlying
construct. We used a regression model to investigate the
relationship between diet information overload and our sociodemographic characteristics. Descriptive statistics, the regression
analysis, and Cronbach’s α were conducted with IBM SPSS Statistics
24.0. CFA were conducted using Mplus version 7.31 [36]. The
amount of missing data was low (<.0001%) and missing completely
at random [37]; Mplus defaults were used for missing data
imputation [36]. Items with non-signiﬁcant factor loadings and
loadings below .3 were not considered salient [38] and were
compared based on ﬁt indices with models omitting these items.
Modiﬁcation indices were inspected for improvement, with values
of 3.84 or greater indicating signiﬁcant model improvements [38].
However, we only employed modiﬁcations if there was an
underlying substantive basis for doing so, as is recommended by
Brown (2015). To assess the model ﬁt of the models, we computed
and compared the comparative ﬁt index (CFI), the root mean
square error of approximation (RMSEA), the standardized root
mean squared residual (SRMR), and the chi-square (χ2). The CFI is a
measure of model ﬁt ranging from 0 to 1 where larger values
(closer to 1) indicate better ﬁt [39]. The RMSEA is a measure of
model misﬁt where values of .05 or lower indicate excellent ﬁt,
values <.8 indicate fair ﬁt and values >.1 indicate unacceptable ﬁt
[39,40]. Standardized root mean squared residual (SRMR) indicates
good ﬁt at .08 or lower [39]. A signiﬁcant χ2 test indicates a poorly
ﬁtting model [41]. In addition, the Akaike information criterion
(AIC), and the Bayesian information criterion (BIC) were used to
directly compare models; lower scores indicate better ﬁt [42].
3. Results
3.1. Conﬁrmatory factor analysis - DIO
The full adaption of the CIO (DIO model 1) (M = 3.14, SD = .71) to
diet demonstrated good reliability, α = .80. However, the model
showed unsatisfactory ﬁt (see Table 2), X2 = 41.066, p < .001,
CFI = .942, RMSEA = .061 (CI = .034–.087), SMSR = .044, AIC =
9074.036 and BIC = 9161.864. Item 4, “No one could actually do
all of the healthy diet recommendations that are given” (see
Table 1) had a low factor loading (β = .062, SE = .021) and was
removed.
The DIO model with item 4 removed (i.e. DIO model 2), showed
improvements (AIC = 5718.771 and BIC = 5796.621). The CFI (.956)
showed good ﬁt, and the SMSR (.040) was excellent. However, the
RMSEA (.060, CI = .027–.092) was fair and the X2 test was still
signiﬁcant (X2 = 28.492, p = .011). Modiﬁcation indices indicated

Table 2
Fit indices.
Fit indices.

DIO model 1

DIO model 2

DIO model 3

DIO-SF

CFI
RMSEA
SRMR
X2

.942
.061 (.034-.087)
.044
41.066*

.956
.060(.027–.092)
.040
28.492*

1.000
.000 (.000–.053)
.022
9.152

.984
.051 (.000–.106)
.026
8.669

AIC
BIC

9074.036
9161.864

5719.771
5796.621

5700.150
5787.977

4123.938
4178.830

Absolute ﬁt

Comparison

DIO = Diet Information Overload scale, DIO model 1 = CIO model adaptation, DIO model 2 = DIO scale minus item 4, DIO model 3 = DIO scale minus item 4 and including error
correlations, IO-SF = Diet Information Overload scale Short Form, CFI = Comparative Fit Index, RMSEA = Root Mean Error of Approximation, SRMR = Standardized Root Mean
Square Residual, AIC = Akaike Information Criterion and BIC = Bayesian Information Criterion, *p < 0.001.
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that correlating the item errors between several items would
signiﬁcantly improve the model. We identiﬁed three pairs of dyads
that can be related to each other beyond the information overload
construct: Items 1 and 2 both relate to efﬁciency, items 2 and 7
both relate to disinterest, and items 3 and 5 both address backlash.
Since these dyads may be related to each other beyond information
overload, their error terms were allowed to correlate. With these
additional adjustments, the model (DIO model 3) (M = 3.12,
SD = .73) showed excellent ﬁt, X2 = 9.152, p = .608, CFI = 1.000,
RMSEA = .000 (CI = .000–.053), SMSR = .022, AIC = 5700.150 and
BIC = 5787.977. This model demonstrated good reliability, α = .78.
3.2. Conﬁrmatory factor analysis – DIO-SF
The shorter version of the scale (i.e. DIO-SF) (M = 3.05, SD = .78)
demonstrated good reliability, α = .74. and showed excellent ﬁt,
X2 = 8,669, p = .123, CFI = .984, RMSEA = .051 (CI = .000–.106),
SMSR = .026, AIC = 4123.938 and BIC = 4178.830. Given the excellent
ﬁt of the model, no post hoc modiﬁcations were applied.
3.3. Predicting DIO-SF
Education signiﬁcantly predicted diet information overload.
Participants with more education were more likely to feel
overloaded by diet information (B = .025, SE = .012, p = .045). The
only other signiﬁcantly predictor, receiving food assistance,
negatively predicted diet information overload (B = .225, SE =
.098, p = .023). Age, gender, ethnicity and completing the survey in
Spanish were not found to be signiﬁcant predictors in the model.
INSERT Table 3 HERE
4. Discussion and conclusion
4.1. Discussion
Communication about diet and nutrition can be a useful tool for
health promotion, but too much information, particularly when
much of it is contradictory, can have adverse effects [22]. In
growing recognition of the complexity of public health communication, prior studies have attempted to characterize the information environment directly [27]. However, there was not previously
a way to assess audiences’ perceptions of the diet information
environment. In this study, we successfully adapted the cancer
information overload scale to measure diet information overload,
providing a tool for assessing patients’ perceptions of the diet
information environment.
In addition to validating the original 8-item information
overload scale, we found that a shortened 5-item version
suggested by Costa and colleagues (2015) demonstrated better
ﬁt. For theoretical, statistical, and practical reasons, we recommend using the shorter version. First, from a theoretical
perspective, the short form more precisely represents information

Table 3
Regression predicting DIO using the DIO-SF.
Fit indices.

B (SE)

P

Age
Female
Ethnicity
Hispanic/Latino
Hmong
Other
Education
Survey in Spanish
Food assistance

.001 (.003)
.086 (.110)

.766
.431

.075 (.126)
.049 (1.26)
.193 (.193)
.025 (.012)
.040 (.146)
.225 (.098)

.552
.785
.318
.045*
.785
.023*

R2 = .062, *p < 0.05.

overload, since it explicitly excludes items that do not ﬁt the formal
information overload deﬁnition. Statistical analyses support the
short version: Comparison indices suggested that the DIO-SF ﬁt the
data better. In addition, the shorter version addresses the
limitation brought up in the original article and comment
[24,33] about the post hoc adjustments to the scale. Adjustments
based on modiﬁcation indices capitalize on chance in small sample
sizes [43,44] and MacCallum et al. [44] suggest that constructing
an alternative a priori model is a more appropriate way to deal with
imperfect model ﬁt. Lastly, practically: a shorter version of the
scale is less of a burden on patients and the general public.
In contrast to many of the cancer-related studies [24,45–47], in
this study, more education predicted more diet information
overload. While this may seem paradoxical, it is possible that
differences in information access may explain these ﬁndings. That
is, with increased education comes increased access to information, health information seeking behaviors, and in general the skills
to make sense of retrieved information [2,7]– but not necessarily
the skills to cope with too much information. As such, those with
lower education may lack access to the full scope of the public
nutrition information environment, but this lack of access may be
protective, buffering from potential negative consequences such as
information overload [48]. Surprisingly, our other indicator of
socioeconomic status – the proxy for income – was related
differently to information overload: Receiving food assistance in
the past year negatively predicted information overload. This
ﬁnding may be due to the comprehensive services offered by food
assistance agencies. For example, in California, recipients of the
federally-funded nutrition assistance program often take advantage of nutrition education classes [49–51]. These classes may
increase participants’ baseline levels of knowledge about nutrition
guidelines, which could help cut through the clutter of the public
information environment.
A strength of this study was the diverse sample, reﬂecting an
ethnically diverse, low income, low education, and rural population. The diverse community sample used in this study addresses
an important limitation that surrounds previous information
overload work, the potential bias and inequalities introduced by
only sampling highly educated, Caucasian participants
[21,23,24,52]. However, a corresponding limitation is that the
study did not randomly sample from the U.S. population as a whole
and therefore may not be generalizable nationwide. Similarly, the
inclusion of diverse samples and multiple languages, as is the case
in this study, calls for validation of measurements for nonCaucasian and non-English speakers. Although this study included
a substantial proportion of Spanish speakers, it was underpowered for an appropriate test for structural invariance.
Measurement invariance of the DIO or DIO-SF should be assessed
in future studies. In addition, while the diet information overload
scale was adapted from cancer, certain reliability questions still
need to be answered, including test-retest reliability.
Lastly, it is important to note that regression model explained
only a small part of the variance in diet information overload. The
included demographic variables are not sufﬁcient to explain the
complex process underlying diet information overload. Future
research should consider the driving factors, including access to
health information, related to exposure to too much dissonant
healthy diet information, and variables moderating the subsequent
diet information overload.
4.2. Conclusion
The information environment can contribute to troubling
beliefs – previously characterized as fatalistic – that may affect
preventive behaviors. The information overload scale was successfully adapted from the cancer context to measure perceptions
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of the information environment speciﬁc to healthy diet information, and validated in a diverse community sample.
4.3. Practice implications
The nutrition information environment is cluttered and often
conﬂicting; this results in confusion and information overload
among the general public, which can have negative effects on
preventive behaviors. This study provides a tool for assessing
patients’ perceptions of the diet information environment.
Nutrition education efforts should take into account the broader
– cluttered – information environment in which nutrition
education and communication occurs, and public health messages
may drown.
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