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Abstract: This study explored how different types of consumer knowledge (exposure, subjective
knowledge, and objective knowledge) predict perceptions (benefits, severity, and barriers) and
behavioral intention to choose non-toxic housing materials and products based on the extended
health belief model (HBM). The target population was people 18 years or older living in the U.S. A
total of 1050 valid responses were collected through an online survey. Structural equation modeling
was used to test the model via AMOS version 24. Results show that the prediction of exposure,
subjective knowledge, and objective knowledge for behavioral intention is mediated by health belief
perceptions in different ways. Exposure had a significant impact on perceived benefits and perceived
severity but not on perceived barriers. Subjective knowledge was not significantly associated with
perceptions, but all of the effects of objective knowledge on the HBM elements were significant.
Significant indirect effects of exposure and subjective knowledge on behavioral intention were found;
the indirect effects of objective knowledge on behavioral intention were insignificant. By adopting
the extended HBM, this study contributes to a better understanding of the link among knowledge
types and perceptions of non-toxic housing materials and products, and behavioral intention to
choose them.

Keywords: exposure; subjective knowledge; objective knowledge; non-toxic housing materials and
products; behavioral intention; health belief model

1. Introduction

Most people spend about 90% of their time indoors and approximately 70% of that
time at home [1]. Key determinants of indoor environmental quality in a residential envi-
ronment are housing materials and products [2]. The use of non-toxic housing materials
and products reduces the amount of indoor air contaminants and improves the quality of
indoor air, both of which improve residents’ health and quality of life [3]. According to the
U.S. Environmental Protection Agency, building products containing toxic contaminants,
such as volatile organic compounds (VOCs) and formaldehyde, can cause irritation, res-
piratory disease, or nasal cancer [4–6]. A review of 50 research articles from 1985 to 2015
revealed that exposure to VOCs is a biomarker of lung cancer [7]. As these negative health
consequences have been confirmed through reliable empirical studies, consumers’ interest
in a healthy home environment is growing, along with concern about the use of harmful
materials [8,9].

Consumers’ intentions to use health-related products and services can be motivated
and influenced by health concerns [10], perceptions [11], or consumer knowledge [10,12].
Consumer knowledge is a significant predictor of the consumption of health-related
products and services, in addition to environmentally conscious behavior [13–15]. The
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amount [16,17] and type of knowledge [18,19], affect consumers’ perceptions and deci-
sions. However, there is limited research on how different types of knowledge influence
consumers’ perceptions and decisions about health-related products. This study began
with a question developed based on a recent study [10], which indicated knowledge, along
with health concerns, affected the consumption of healthy housing materials: What type
of consumer knowledge most influences consumers’ perceptions and purchase decisions
regarding non-toxic housing materials? To deepen the understanding of consumer knowl-
edge and its role in predicting consumer decision making for more sustainable options,
this current study highlights the three types of consumer knowledge, that is, consumers’
exposure to information, subjective knowledge, and objective knowledge of non-toxic
housing materials and products.

In addition to consumer knowledge, perceived benefits, severity, and barriers have
been revealed as preconditions for behavioral change—e.g., [20–23]. To incorporate these
components into our proposed research model, the health belief model (HBM) [24] was
adopted as a theoretical framework for this study. The model explains the health-related
decision-making process based on one’s perception of health-related behavior.

The purpose of this study was to explore how different types of consumer knowledge
constructs affect perceptions of and behavioral intention to use non-toxic housing mate-
rials and products based on the theoretical framework of an extended HBM [24]. Three
dimensions of consumer knowledge were considered from existing studies [17–19,25]:
exposure, subjective knowledge, and objective knowledge. Based on the HBM, the research
team identified three perceived components of non-toxic housing materials and products:
perceived benefits, perceived severity, and perceived barriers. Those components were
examined as mediators between dimensions of consumer knowledge and the intention to
choose non-toxic housing materials and products.

2. Literature Review
2.1. Consumer Knowledge

Consumer knowledge is important to theoretical models of consumer behavior and
marketing practices. It has been researched in terms of product-related experience, sub-
jective and objective knowledge, familiarity, and expertise. Brucks [25] described three
categories of consumer knowledge: product-related experience, subjective knowledge, and
objective knowledge. This framework has been used and adapted by many scholars [19].
According to Flynn and Goldsmith [19], product-related experiences include various types
of exposure to products and are considered as the most comprehensive level. They in-
clude exposure to advertising, information searches, communication with salespeople,
experiences with decision making, and product use.

There is a conceptual distinction between subjective and objective knowledge. Subjec-
tive knowledge is “what we think we know”; objective knowledge is “what we actually
know” [19] (p. 57). Even though both are shaped by consumers’ experiences, each has a
different effect on behavior [25]. Subjective knowledge differs from objective knowledge
under a condition where individuals are over- or under-confident in their actual (objective)
knowledge [17]. It is suggested that subjective knowledge is a stronger motivation than
objective knowledge, especially with product purchases, supporting the notion that each
domain of consumer knowledge has a unique role in consumer behavior [19].

Similarly, Alba and Hutchinson [18] proposed familiarity and expertise to explain
consumer knowledge. Product familiarity is generally associated with consumer expertise.
Familiarity is the amount of product-related experiences a consumer has accumulated.
The operationalization of product familiarity has embraced both subjective and objective
knowledge [16]. In the meantime, expertise is a consumer’s ability to successfully perform
product-related tasks [18]. There are two ways to operationalize and measure product
“familiarity”: the extent to which a consumer actually knows about the product and
the extent to which a consumer thinks they know about it [18]. Product familiarity can
be considered the knowledge structure of the consumer’s long-term memory. It can be
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measured with the consumer’s self-reported belief on how much he or she knows about
the product [26]. Based on the previous consumer knowledge literature, the research
team adopted three categories of knowledge constructs for the current study: exposure to
information as a prior experience, subjective knowledge, and objective knowledge. This
study included an exposure construct in our research model as a separate knowledge
component since the research team expects this inclusive type of knowledge type to have
a unique role in health-related products and services. The hypotheses regarding this
relationship are presented in the methods part.

2.2. Health Belief Model

According to the health belief model, if a health-related behavior is perceived to have a
significantly positive or negative effect on a person’s health, he or she will intend to do the
behavior [24]. Since the HBM was introduced in the 1950s by researchers in the U.S. General
Health Service [27], it has been used to understand prevention of severe diseases, such as
cancer or infectious diseases—e.g., [28–30]. As people become more interested in health
and quality of life in daily living and surrounding environments, the HBM has been applied
to areas such as nutrition—e.g., [31], tourism— e.g., [32], environmental science—e.g., [33],
and interior design—e.g., [10]. Even though the HBM is useful to predict health-related
behaviors and explain the process of interventions changing behaviors, few studies have
examined moderator or mediator effects of the HBM elements [27].

The model includes four perceptions, cues to action and self-efficacy [27], which are
perceived benefits; severity; barriers; and susceptibility. According to the model, if people
believe that a particular health-related behavior has strong benefits for their health, they are
more inclined to engage in that behavior. For example, college students who believe that
eating vitamin supplements and having breakfast will improve their health will do so [34].
The model also posits that people will try to adopt healthy behavior if they perceive severe
health outcomes if they do not. One study about breast self-examinations of university
female students for breast cancer prevention revealed that those students who perceived
breast cancer as a serious illness were more likely to do regular self-examinations than
students who did not [35]. People are unlikely to adopt a health-related behavior when they
perceive strong barriers, such as costs, time, and effort. A study of the self-care behavior of
people with diabetes found that people who did not see barriers to self-care were more
inclined to practice it [36]. Lastly, if people believe they are susceptible to certain fatal
health outcome, they will be more likely to do their best to avoid it [37]. Sim et al. [38]
found that people are more likely to use facemasks when they feel vulnerable to contracting
respiratory diseases.

This study included three HBM perceptions—perceived benefits, severity, and
barriers—to our proposed research model. The research team excluded perceived sus-
ceptibility based on previous research that reported no relationship between perceived
susceptibility and behavioral intention [39].

2.3. Interior Materials and Health

It is evident that interior materials impact the health of residents [40]. Consumers
are more interested than ever in a healthy home environment [8,9]. A study about young
adults’ perception of interior materials that contribute their health and well-being found
that young consumers believe wooden materials have positive health impacts [41]. In
addition, for better indoor air quality, people avoid harmful products and materials or
choose natural or organic ones [3]. If consumers suspect these materials and products
are dangerous, or if they perceive poor indoor air quality as a possible cause of health
problems, they would choose non-toxic housing materials and products that do not include
certain toxic chemicals or that have earned environmental performance certifications. These
include low VOC paints, non-toxic adhesives, and formaldehyde-free plywood [2,6].

The use of non-toxic housing materials and products can reduce air contaminants and
enhance indoor air quality, eventually improving residents’ health [3]. Most internationally
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built environment rating systems that focus on energy saving and residents’ health include
non-toxic interior materials and products. Leadership in Energy and Environmental Design
(LEED) includes a materials and resources category. The Well Building Standard and
Building Research Establishment Environmental Assessment Method (BREAM) contains
a materials category. In rating systems, materials and products, such as Greenguard
and Green Seal, meet a standard of minimum toxicity level and earn a better level of
building certification.

2.4. Hypotheses

To test the proposed research model, hypotheses were developed and are presented in
Figure 1.
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Figure 1. Conceptual model for intention to choose non-toxic housing materials and products.

Hypothesis 1 (H1). Three types of knowledge significantly predict HBM elements.

Hypothesis 1-1a (H1-1a). Exposure to information significantly predicts perceived benefits.

Hypothesis 1-1b (H1-1b). Exposure to information significantly predicts perceived threats.

Hypothesis 1-1c (H1-1c). Exposure to information significantly predicts perceived barriers.

Hypothesis 1-2a (H1-2a). Subjective knowledge significantly predicts perceived benefits.

Hypothesis 1-2b (H1-2b). Subjective knowledge significantly predicts perceived threats.

Hypothesis 1-2c (H1-2c). Subjective knowledge significantly predicts perceived barriers.

Hypothesis 1-3a (H1-3a). Objective knowledge significantly predicts perceived benefits.

Hypothesis 1-3b (H1-3b). Objective knowledge significantly predicts perceived threats.

Hypothesis 1-3c (H1-3c). Objective knowledge significantly predicts perceived barriers.

Hypothesis 2 (H2). Three types of knowledge significantly predict behavioral intention.

Hypothesis 2a (H2a). Exposure to information significantly predicts behavioral intention.

Hypothesis 2b (H2b). Subjective knowledge significantly predicts behavioral intention.

Hypothesis 2c (H2c). Objective knowledge significantly predicts behavioral intention.
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Hypothesis 3 (H3). Three types of knowledge indirectly predict behavioral intention, mediated by
HBM elements.

Hypothesis 3a (H3a). Exposure to information indirectly predicts behavioral intention, mediated
by HBM elements.

Hypothesis 3b (H3b). Subjective knowledge indirectly predicts behavioral intention, mediated by
HBM elements.

Hypothesis 3c (H3c). Objective knowledge indirectly predicts behavioral intention, mediated by
HBM elements.

3. Method
3.1. Data Collection and Sample

The research team administered an online survey to collect data for our study. To
enhance the generalizability of our model testing results, this study used a random sample
of U.S. residents who were adults (18 years or older), who the research team recruited
from Qualtrics. The research team increased the representativeness of our sample by
ensuring that distributions across age, gender, and ethnicity were as close as possible to the
proportions of the U.S. national population. The research team also ensured the quality of
responses, by screening out invalid responses using an attention filter and a speed checker.
Only high-quality data were retained for analyses. There were 1050 final valid responses.
Table 1 details those respondents’ demographics and residential specifications.

Table 1. Demographics and housing specifications of final valid respondents.

Demographics and Housing Specifications n %

Gender
Male 501 47.7

Female 534 50.9
Race

White 468 44.6
Hispanic 176 16.8

Other 94 9.0
Marital Status

Married 490 46.7
Other a 560 53.3

Work Status
Full time b 392 37.3
Part time c 133 12.7

Not working d 525 50.0
Education

High school or lower 333 31.7
College or higher 717 68.3

Annual Household Income
Less than $25,000 252 24.0
$25,000–$49,999 309 29.5
$50,000–$99,999 322 30.6
$100,00–$149,000 110 10.5
$150,000 or more 57 5.4

House Type
Single family home 698 66.5

Other e 352 33.5
Location

Rural areas 244 23.2
City suburb 500 47.6
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Table 1. Cont.

Demographics and Housing Specifications n %

Urban areas 306 29.1
Tenant Type

Own 646 61.5
Rent 404 38.5

Length of Residency
Less than 10 years 562 53.5

11–20 years 248 23.6
21–30 years 142 13.5

More than 30 years 98 9.3

Total Valid Responses 1050 f 100.0
a Separated/Divorced/Widowed/Never married/Living together, but not married. b Employed or self-employed
full time. c Retired and employed (or self-employed) part-time/Employed or self-employed part time. d Retired
and not working/Unemployed. e Single family townhouse or duplex/Multi-family building (low-rise or high-rise
apartment/condominium)/Mobile home. f Median age = 50 (18 to 88 years old).

3.2. Instruments

As Table 2 shows, the instrument contained knowledge types (exposure, subjective
knowledge, and objective knowledge), HBM elements (perceived benefits, severity, and
barriers), and behavioral intention. Each construct was measured based on the established
scale of previous studies. Before starting the survey, respondents were given descriptions
of non-toxic housing materials and products.

For knowledge types, exposure was measured with two items modified from Vaske
et al.’s [42] study. The first item consisted of seven types of information channels with
information about non-toxic housing materials and products. They were measured by
either yes (1 point) or no (zero points). Sum of the total score (between 0 and 7) was
used for further analysis. The second item asked, “How often did you see or hear about
non-toxic housing materials and products within the last year?” It was measured along
a five-point Likert scale. Subjective knowledge was measured with five items modified
from the literature [19,43]. Lastly, objective knowledge was measured with seven items
drawn from the three studies [19,43,44]. The seven items were selected and modified from
a green building qualification exam book [45]. The research team assumed that these seven
items should be known to the public through marketing or advertising. It should be noted
that objective knowledge was measured by seven statements with yes or no answers. For
example, one of the statements was “chemical cleaning products may affect indoor air
quality and health.” The correct answer earned 1 point and an incorrect answer received
none. The total number of correct responses, ranging from 0 to 7, were summed and treated
as the measure for final objective knowledge. In terms of the HBM elements, perceived
benefits are the presumably positive aspects of choosing non-toxic housing materials and
products. It was measured with three items modified from Lindsay and Starthman [46].
Perceived severity is the perception of negative results related to residents’ health when one
does not choose non-toxic housing materials and products. It was measured with five items
modified from two studies [46,47]. Perceived barriers, the perception of obstacles, such
as costs, product options, and design quality when choosing non-toxic housing materials
and products, was measured with 10 items adapted from three studies [47–49]. Behavioral
intention was measured with four items modified from three studies [50–52]. All HBM
items were measured using a five-point Likert scale.
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Table 2. Instruments.

Construct (Scale)

Exposure
EI1. I have heard and/or read about non-toxic housing materials and products from (you can choose more than one answer).
Print news articles or magazines
TV
Radio
Internet
Friends and family
Organizations
Sales person

EI2. How often did you see or hear about non-toxic housing materials and products within the last year? (1 = never; 5 = very often)
Subjective Knowledge (1 = strongly disagree; 5 = strongly agree)
SN1. I feel comfortable purchasing non-toxic housing materials and products due to my prior knowledge. *
SN2. Compared to others, I think I know less about non-toxic housing materials and products. (R) **
SN3. When it comes to non-toxic housing materials and products, I don’t know a lot. (R) *
SN4. I am knowledgeable about how to evaluate the quality of non-toxic housing materials and products.
SN5. People who know me consider me as an expert in non-toxic housing materials and products.
Objective Knowledge (0 = All incorrect; 7 = All correct)
ON1. I have heard about Sick Building Syndrome. (1 = Yes; 0 = No)
ON2. Carpet adhesives may contain toxic chemicals. (1 = Yes; 0 = No)
ON3. Chemical cleaning products may affect indoor air quality and health. (1 = Yes; 0 = No)
ON4. Low-emitting housing materials should be used rather than conventional products because of their reduced off-gassing with
harmful contaminants. (1 = Yes; 0 = No)
ON5. Formaldehyde is a toxic building material. (1 = Yes; 0 = No)
ON6. Asbestos is a good building material related to health. (1 = No; 0 = Yes)
ON7. VOCs (Volatile organic compounds) are toxic building materials. (1 = Yes; 0 = No)
Perceived Benefits
PBN1. To what extend to do you think using non-toxic housing materials and products is good for your health? (1 = not at all good;
5 = extremely good)
PBN2. To what extend to do you think using non-toxic housing materials and products is good for your quality of life? (1 = not at
all good; 5 = extremely good)
PBN3. I think I could save on medical expenses if I choose non-toxic housing materials and products. (1 = strongly disagree;
5 = strongly agree) *
Perceived Severity (1 = strongly disagree; 5 = strongly agree)
PS1. How severe would it be to your health if you do not use non-toxic housing materials and products in your house? (1 = not at
all severe; 5 = extremely severe)
PS2. I will have long-lasting effects.
PS3. I will be bed-ridden for a long time. *
PS4. I will have high medical expenses.
PS5. It will be harmful for my family life.
Perceived Barriers (1 = strongly disagree; 5 = strongly agree)
PBR1. I think there are enough options of non-toxic housing materials and products for my house. (R) **
PBR2. I think most non-toxic housing materials and products look good. (R) *
PBR3. I think non-toxic housing materials and products have poor brand images.
PBR4. I think it would take too much time choosing non-toxic housing materials and products. *
PBR5. I think it would take too much effort to choose non-toxic housing materials and products.
PBR6. I think choosing non-toxic housing materials and products would be too expensive.
PBR7. I don’t expect non-toxic housing materials and products to be cost-effective.
PBR8. Due to lack of information, it is hard to choose non-toxic housing materials and products. *
PBR9. Even though there are non-toxic housing materials and products information, it is hard to believe the
labeling/measurement standard. *
PBR10. It is hard to believe the performance of the non-toxic housing materials and products.
Behavioral Intention
INT1. I intend to choose non-toxic housing materials and products in the future. (1 = definitely do not; 5 = definitely do)
INT2. I want to choose non-toxic housing materials and products in the future. (1 = strongly disagree; 5 = strongly agree) *
INT3. I am determined to choose non-toxic housing materials and products in the future. (1 = very unlikely; 5 = very likely)
INT4. How likely is it that you will choose non-toxic housing materials and products in the future? (1 = very unlikely;
5 = very likely)

Note. (R) Reverse coded. * Removed due to high MI and low representativeness. ** Removed due to low confirmatory factor loadings.
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3.3. Data Analysis

Structural equation modeling (SEM) via AMOS version 24 was used to test the model.
SEM was selected as the main analysis method in this study since SEM enables a si-
multaneous test of our conceptual model that has multiple mediators denoting complex
relationships among constructs, allowing measurement errors while inferring casual effects
of variables. The recommended two-step procedure for SEM was followed: measurement
model testing and then structural model testing [53]. The procedure is detailed in the
Results section.

4. Results
4.1. Measurement Model Testing

The research team began by estimating a measurement model and testing it with
confirmatory factor analyses (CFAs) to ensure the reliability and validity of the measures.
Through a series of CFAs, several items were removed to improve model fit. Before any
deletion, the research team carefully considered if items that showed low confirmatory
factor loading (<0.50) multiple high modification index (MI) scores, very low represen-
tativeness for its corresponding domain, or overly high similarity to other items in the
same latent variable, following the recommended guideline [54]. Table 2 notes the items
that have been removed along with the reasons. The final measurement model offered a
good fit to the data: χ2 (df = 188) = 513.55, CFI = 0.96; NFI = 0.94; TLI = 0.95; RMR = 0.04;
RMSEA = 0.04. Table 3 includes the specific estimates from the final measurement model.
Results of descriptive statistics of constructs in the final measurement model are as follows.
Mean value of the first exposure item E11 was 1.80 (SD = 1.16) out of seven and the second
item E12 was 2.34 (SD = 1.00) out of five, both of which were fairly low. Two items were
included for subjective knowledge and mean value was 2.97 (SD = 1.19) out of five. Mean
value of objective knowledge was 5.19 (SD = 1.26) out of seven. Mean value of perceived
benefits was 3.92 (SD = 0.97), perceived severity was 3.30 (SD = 1.12), and perceived bar-
riers value was 2.99 (SD = 1.03) out of five. Mean value of behavioral intention was 3.87
(SD = 0.97) out of five.

Table 3. The final measurement model properties.

Construct/Items M SD CFA
Loading α

Composite
Reliability AVE

Exposure 0.63 0.66 0.50
EI1 1.80 1.16 0.56
EI2 2.34 1.00 0.83

Subjective Knowledge 2.97 1.19 0.79 0.79 0.65
SN4 3.08 1.14 0.79
SN5 2.37 1.25 0.82

Objective Knowledge N/A N/A
ON 5.19 1.27 N/A N/A

Perceived Benefits 3.92 0.97 0.89 0.89 0.80
PBN1 3.93 0.98 0.89
PBN2 3.92 0.96 0.90

Perceived Severity 3.30 1.12 0.79 0.80 0.51
PS1 3.20 1.12 0.54
PS2 3.50 1.00 0.67
PS4 3.07 1.14 0.79
PS5 3.44 1.12 0.82
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Table 3. Cont.

Construct/Items M SD CFA
Loading α

Composite
Reliability AVE

Perceived Barriers 2.99 1.03 0.78 0.79 0.43
PBR3 2.85 0.96 0.52
PBR5 2.67 1.10 0.77
PBR6 3.28 1.06 0.69
PBR7 3.09 1.04 0.59

PBR10 3.09 0.99 0.66

Behavioral Intention 3.94 0.97 0.92 0.92 0.80
INT1 3.94 0.94 0.83
INT3 3.80 1.00 0.93
INT4 3.88 0.98 0.92

The research team then examined the reliability and validity of the measurements—
cf. [55]. Each of the multi-item measures showed adequate reliability based on Cronbach’s
alpha (α), which ranged from 0.63 to 0.92, and composite reliability ranged from 0.66 to
0.92. The convergent validity the multi-item measures were established based on item
confirmatory factor loadings, which ranged from 0.52 to 0.93, with t-values all significant at
p = 0.01 level, and the average variance-extracted estimates (AVEs), of which, all except one
exceeded the recommended 0.50 thresholds. One construct, perceived barriers, showed
an AVE that was slightly low (0.43), however, it was considered still valid since all of its
items’ t-values were significant, and their factor loadings were high enough. Lastly, the
research team ensured discriminant validity based on the matrix of the AVEs and squared
correlations—none of the AVEs were smaller than any of squared correlations between
paired constructs (see Table 4).

Table 4. Discriminant validity testing matrix.

Construct 1 2 3 4 5 6 7

1 = Exposure 0.50
2 = Subjective Knowledge 0.15 0.65
3 = Objective Knowledge 0.01 0.00 N/A

4 = Perceived Benefits 0.04 0.00 0.05 0.80
5 = Perceived Severity 0.04 0.03 0.01 0.10 0.51
6 = Perceived Barriers 0.00 0.00 0.01 0.01 0.00 0.43

7 = Behavioral Intention 0.10 0.10 0.02 0.12 0.18 0.05 0.80
Note. Italicized numbers in the diagonal line are the average variance-extracted estimates. Others represent
squared correlations between latent variables.

4.2. Structural Model Testing

Given that this study ensured reliability and validity of all measurements, the research
team ran a structural modeling test. Following the conceptual modeling, along with our
hypotheses, the research team specified exposure, subjective knowledge, and objective
knowledge as exogenous variables, while treating perceived benefit, perceived severity,
and perceived barriers as mediators, and behavioral intention as the ultimate endogenous
variable. The structural model demonstrated a good fit to the data: GFI = 0.95; AGFI = 0.92;
CFI = 0.95; RMR = 0.07; RMSEA = 0.06.

4.2.1. Direct Effects

The research team examined the direct effects of knowledge types on the HMB ele-
ments (H1) and behavioral intention (H2). The significance of the effects was tested at a
p-value of 0.01, and specific estimates are presented in Figure 2. The effects of exposure
were significant on perceived benefits and perceived severity but not perceived barriers, by
which H1-1a and H1-1b were accepted and H1-1c was rejected. None of the effects of sub-
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jective knowledge on HBM elements were significant, rejecting H1-2. At the same time, all
of the effects of objective knowledge on the HBM elements were significant, which caused
H1-3 to be accepted. The effects of exposure and subjective knowledge on behavioral
intention were both significant. However, the effects of objective knowledge on behavioral
intention were found to be insignificant. Therefore, H2a and H2b were accepted but H2c
was rejected.
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Figure 2. Structural equation modeling results.

4.2.2. Indirect Effects

To examine the indirect effects of knowledge types on behavioral intention (H3),
the research team used a decomposition test via a bootstrapping method (Hays, 2009).
The results showed the significant indirect effects of exposure (β = 0.12, p < 0.05) and
objective knowledge (β = 0.10, p < 0.01) on behavioral intention, while the indirect effects
of subjective knowledge on behavioral intention were insignificant (β = −0.02, p = 0.68).
Therefore, H3a and H3c were accepted and H3b was rejected. These results provide
evidence that exposure and objective knowledge indirectly affect behavioral intention,
mediated by HBM elements.

5. Discussion

Our results indicate that the proposed model can predict the behavioral intention
to purchase non-toxic housing materials and products. Knowledge constructs affected
behavioral intention mediated by the HBM elements, while demonstrating different im-
pacts based on knowledge type. This model indicated that exposure had a direct positive
association with the behavioral intention. Although mean value of exposure was quite low
according to our results, exposure showed the strongest association with the behavioral
intention among the three knowledge types. This result is supported by previous studies
that found that an increase in exposure to a product is related to purchases of that prod-
uct [56,57]. Meanwhile, exposure affected the perceived benefits and perceived severity
but not perceived barriers. This missing association could be the content of advertising
which usually emphasizes product benefits for consumption more than other kinds of
related information.

One interesting result pertains to subjective knowledge. This knowledge type was
revealed to have a direct positive association with behavioral intention, whereas it did not
affect any of the three HBM components. Subjective knowledge is based on self-judgment
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and can be more relevant to consumers’ decision-making strategies [16]. However, this
study indicated that this knowledge does not need to be associated with the product’s
benefits, barriers, or severity. Considering that consumers who are confident with their
subjective knowledge about a new product are less likely to search for external infor-
mation about the product [17,25,58], this relationship is fairly well explained. On one
hand, consumers who think they know about the product would not need to conduct
additional research about the product; rather they are more likely to use stereotypical
information based on their knowledge. On the other hand, this result could be a conse-
quence of the product category, as non-toxic housing materials and products are fairly
new. Results showed that mean value of subjective knowledge was slightly lower than
median value. Consumers could be either under- or over-confident about what they think
they know, so their subjective knowledge of the three HBM components might not be
meaningfully translated.

In terms of objective knowledge, our study showed that this knowledge construct did
not affect behavioral intention, but it did have a significant influence on all three elements
of HBM. Insignificant direct impact of the objective knowledge to the behavioral intention
is supported by previous research, which reported objective knowledge was a weaker
motivation than subjective knowledge [17,43]. The significant association between objective
knowledge about non-toxic housing materials and products and all three HBM elements
revealed that consumers are sufficiently aware of the benefits, severity, and barriers of the
product beyond simple product-related experience [59].

Perceived benefits, perceived severity, and perceived barriers all mediated behavioral
intention. This indicates that HBM elements can predict an inclusive range of health-related
behaviors. Consumers who perceived greater benefits and severity and fewer barriers
were more likely to intend to adopt non-toxic materials and products. Although mean
value of perceived benefits was higher than their perceived severity, perceived severity
was revealed to be a stronger indicator of behavioral intention than perceived benefits.
According to Carpenter’s [39] meta-analysis, perceived barriers was a stronger predictor of
behavioral intention when the consumption was for the purpose of prevention rather than
treatment. Based on this meta-analysis, we might be able to categorize the purpose of non-
toxic materials and products consumption for something other than prevention. However,
we believe that it would be too early to know the purpose of non-toxic housing materials
and products and suggest testing more similar materials and products for future studies.

6. Implications and Limitations

This study confirmed that exposure, subjective knowledge, and objective knowledge
play different roles mediated by the HBM elements in making decisions about non-toxic
housing materials and products. Understanding the intricate relationships between knowl-
edge constructs and perceptions on the non-toxic housing materials and products will
better prepare professionals in terms of marketing and communication strategies. This
study recommends putting more effort into increasing consumers’ subjective knowledge
through effective exposure channels. According to the literature reviewed earlier, subjec-
tive knowledge is primarily shaped by consumers’ prior experience with the product [59].
Creating more opportunities for either actual or virtual experience with non-toxic products
would, therefore, be helpful. As all three HBM elements are associated with the intention
to purchase, the provision of sufficient, relevant information regarding benefits, severity,
and barriers during the initial and repeated experiences for consumers would be desirable.

This study confirmed the efficacy of the HBM applications to consumer behavior fields.
Also, this study contributes to advancing the more effective use of the model by identifying
the mediator effects of the three HBM elements [27]. However, several limitations related
to the modeling need to be addressed. Firstly, the association of personal and housing
variables with the intention to purchase non-toxic housing materials and products should
be investigated. As people are spending more time at home, especially because of the
COVID-19 pandemic [60], they are expected to be more mindful of the quality of their
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indoor environment. In future studies, additional physical housing attributes, such as
house size, location, or type, should be incorporated into the model to see its significance.
Inclusion of demographic variables, such as gender or age, is also recommended.

Future studies should consider using refined measures for the information search and
other product-related experiences. This study was limited to types of exposure. However,
some exposures to media would be more closely related to information searches. For
example, once we search for a product online, we continue to see information not only for
that product but also for similar products. Although investigating these algorithms for
social media is outside the scope of our research, this topic has meaningful implications for
both consumers and marketers.
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