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Understanding the spatial variation of factors driving interest in bioenergy is
important for designing effective energy policies. Although previous authors
have broadly explored the determinants of biomass supply intentions in the field
of bioenergy, the potential spatial variation of these factors has received limited
consideration from bioenergy research. We performed a structural equation
modeling based on the theory of planned behavior to investigate the impact of
spatial disparities on factors determining people’s intentions to supply forestry
residues for clean energy. Our data were generated through a survey of
247 participants randomly sampled from two contrasting geographic regions
(north and south) of the Republic of Benin. We found that spatial disparities
altered the effects of attitude and knowledge of renewable energy while income
and perceived behavioral control exhibited consistent positive effects across
geographical regions. Our findings imply that ignoring spatial disparities when
analyzing bioenergy acceptance can lead to distorted inferences. These findings
can be used as a baseline information by policymakers to develop region-specific
actions for achieving local transition toward clean energy in the Republic of Benin.
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1 Introduction

The success of bioenergy promotion and development significantly depends on people’s
awareness, acceptance, and willingness to adopt, use, and pay for such energy (Liobikienė et al.,
2021). In the field of bioenergy, social opinion analysis generally seeks to identify and explain the
determinants of respondents’ attitudes and intentions or willingness towards bioenergy
adoption, encompassing aspects ranging from biomass supply to energy consumption. This
is typically a theory-driven analysis of key human internal dimensions (attitudes, intentions,
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subjective norms, and perceived behavioral control), social dimensions
(socioeconomic or sociodemographic characteristics), and external
dimensions (energy price and accessibility). Numerous authors have
extensively explored the determinants of biomass supply decisions (Al-
Mulali et al., 2016; Baležentis et al., 2019; Liobikienė et al., 2021).
However, they overlooked the potential spatial variation of these
factors, which is receiving increasing attention in bioenergy
research (Brunson and Shindler, 2004). According to the first law
of geography (Miller, 2004), the geographical distance between
locations is an important factor that can affect stakeholders’
decision-making and their behavior. As a result, the intentions to
supply biomass resources for bioenergy may differ among
geographically distant regions primarily due to variations in
resource availability, competing resource uses, socioeconomic
conditions, and cultural factors. This implies that spatial variation
in biomass supply intention could also correlate with key intention
predictors such as attitude, environmental concern (EC), knowledge of
renewable energy (KRE), subjective norms (SN), and perceived
behavioral control (PBC). Investigating this aspect in the field of
the bioenergy is important for several reasons. First, it can help
policymakers to identify the specific needs and challenges for each
region and design more effective and region-specific initiatives to
promote bioenergy adoption (He et al., 2022). Second, it can guide
the development of supportive policy frameworks that consider unique
spatial contexts, enabling the creation of incentives, infrastructure, and
supportive measures that encourage bioenergy production (Skevas
et al., 2018; Khanna et al., 2021). Third, by considering the specific
spatial characteristics, such as biomass resources availability, land use
patterns, and socioeconomic factors, stakeholders can make informed
decisions regarding the development of bioenergy projects, distribution
networks, and infrastructures (Thomas et al., 2014; Kabir, 2021).

To address the question of spatial variation or spatial
interdependence in decision-making within the field of bioenergy,
various methodological frameworks have been employed in the
literature, including correlation tests (Brunson and Shindler,
2004), Bayesian frameworks (Holloway et al., 2007; Skevas et al.,
2018), spatially lagged explanatory variable (SLX) and spatial
Durbin error probit models (SDEM), as discussed by Storm et al.
(2015). However, we did not use any of these approaches because
Bayesian frameworks, SLX, and SDEM are more commonly
employed for spatial interdependence analysis, while simple
correlation tests fail to account for multiple causal relationships,
including mediation effects.

In this study, we employed Structural Equation Modeling (SEM)
based on the Theory of Planned Behaviour (TPB) as a methodological
framework. This framework is powerful in designing a structural
model that links the three human dimensions (psychological, social,
and external) to test their direct or mediation effects on intentions or
behaviors (Ajzen, 1991). The TPB postulates that intention is
positively predicted by three main latent variables: attitude, SN and
PBC (Ajzen, 1991; Fishbein and Ajzen, 2010). The TPB has been
widely used in the field of bioenergy (Collins and Carey, 2007; Leitch
et al., 2013; Yee et al., 2022) and continues to evolve through
incorporation of new predictor variables such as EC, KRE and
sociodemographic or socioeconomic factors such as age, sex, and
income (Loera et al., 2022). Based on this background, we expanded
the TPB initial model by adding two latent factors (EC and KRE) and
two socioeconomic variables (age and income) in this study. These

new variables are increasingly being used as key predictors of attitude
and intentions in the bioenergy field (Lai et al., 2015).

The main objective of this study is to examine whether the
intentions to supply forestry residues for clean energy purposes
and the factors determining these intentions are influenced by
spatial disparities. Spatial disparities refers to all inequality in the
distribution of geographical variables across different spatial units
(Kanbur andWan, 2006). In our study context, the concept of “spatial
disparities” refers to the divergence in multiple socioeconomic factors
such as income, economic potential, education, poverty, urbanization,
and competition for the use of forestry residues between two distant
geographical regions (northern vs. southern region) in the Republic of
Benin. The northern region is less urbanized and has a lower
economic potential and education level compared to the south.
However, it has a higher poverty level and is a significant source
of woody biomass (stemwood, logging and wood processing
byproducts, and stumps) due to its higher forest cover compared
to the south (Ahononga et al., 2020; Biaou et al., 2021).

2 Materials and methods

2.1 An overview of the TPB

The TPB has been instrumental in understanding the multiple
factors that drive human behaviors. Particularly, in the bioenergy

FIGURE 1
Representation of the theory of planned behavior (Ajzen, 1991).
bi = Beliefs about the consequences of performing a behavior, ei =
Evaluation of the consequences of performing that behavior, NBj =
Normative beliefs (beliefs about social norms), MCj = A person
motivation level to comply with social norms and other relevant
people’s opinions, ci = Ability of an individual to perform a behavior,
Pi = Perception of difficulty of performing a behavior, AT, Attitude
towards intention; SN, Subjective norms; PBC, Perceived behavioral
control; BI, Behavioral intention.
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sector, researchers frequently employ TPB to identify and enhance
elements that encourage public intentions to support bioenergy
initiatives. The TPB was first proposed by Ajzen (1991) and can be
defined as an updated model of the Reason Action Theory. The
TPB postulates that the intentions of a person is an accurate
measure of his behaviors and that his intention is determined
by his attitude, SN, and PBC. In this line, the theory posits that
people evaluate the salient consequences (advantages and
drawbacks) of the behaviors they want to perform before
engaging in them and they are more likely to perform
behaviors associated with desirable advantages (Ajzen and
Fishbein, 1975; Bang et al., 2000). A behavior’s performance by
a person is also determined by his motivations to comply with
related people’s opinions and his ability to manage barriers against
that behavior and opportunities.

Mathematically, attitude is defined as the sum of the product of
the beliefs (bi) about the behavioral object and the valence evaluation
(ei) of the beliefs (Figure 1). The theory posits that a person with
strong beliefs about the advantages of a particular behavior have a
higher intention to perform it. One can mathematically define SN as
the sum of the product of what other people think about the
behaviors that a person intends to perform (NBi) and his
motivations to comply with those beliefs (MCj). The theory also
posits that persons with strong normative beliefs are more likely to
perform a behavior than not perform it. The PBC can be defined as
the level of confidence of a person to perform a behavior. It is a
person’s ability to challenge hindrances against behavioral
performance by using the internal facilitators (skills, knowledge,
and experience) and external facilitators (information and
opportunities) of a behavior (Ajzen, 1991). PBC is the sum of the
product of a person’s control of his behaviors (ci) and his perceived
control (pi). As predicted by TPB, persons with strong beliefs about
particular behavioral facilitators are more likely to perform them.

2.2 Modification of the original TPB model
and research hypotheses

We expanded the Ajzen (1991) initial TPB model by including EC
and KRE as key latent variables, as well as age and income (monthly
income) as socioeconomic variables (Figure 2). In fact, previous authors
have reported a positive correlation between biomass supply intentions
and EC or KRE (Lai et al., 2015; Ali et al., 2023). Positive correlations
were also found between both EC, KRE and attitude (Liobikienė et al.,
2021). It was also found that the effect of EC or KRE on intentions may
be mediated by attitude (Li et al., 2019). Age and income were
previously used as key socioeconomic and demographic predictors
of intentions (Liu et al., 2013; Dagiliūtė, 2023). Age-intention
relationship is reportedly negative across the literature (Joshi and
Mehmood, 2011; Liu et al., 2013) whereas income was positively
correlated with intentions (Liu et al., 2013; Karanja and Gasparatos,
2019). Based on the predictions from the TPB and previous findings, we
tested the following four hypotheses.

H1: Respondents with a more positive attitude towards forestry
residues supply for clean energy production, a stronger alignment

FIGURE 2
Hypothesized structural equation model: SN, Subjective norms;
PBC, Perceived behavioral control; AT, Attitude towards intention; EC,
Environmental concern; KRE, Knowledge about renewable energy; IT,
Intention to supply forestry residues for bioenergy. The sign +
indicates a positive effect and the sign–indicates a negative effect. The
arrows towards IT and AT indicate the causality path between the two
variables and their predictor variables.

FIGURE 3
Map showing the surveyed localities in the Republic of Benin.
Localities surveyed in the north are characterized by low competition
for the use of forestry residues, low urbanization level, low economic
development, low population density, low education level but
high woody biomass availability, and high poverty level. In contrast,
localities surveyed in the south are characterized by high competition
for forestry residues, high urbanization level, high economic
development, high population density, high education level, but low
woody biomass availability, and low poverty level.
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with SN, and greater PBC, particularly, those who are
environmentally friendly or have more KRE, are likely to exhibit
higher intentions to supply forestry residues for clean energy
production.

H2:Demographic characteristics, such as having a higher income or
being younger, are positively associated with the intentions to supply
forestry residues for clean energy production.

H3: The effect of EC and KRE on the intentions to supply forestry
residues for clean energy production is mediated by the attitude
towards these intentions.

H4: Spatial disparities have a significant influence on the
determinants of people intentions to supply forestry residues for
clean energy production.

2.3 Study area

The study was carried out in the Republic of Benin, a West
African country located between 6°15′ and 12°25′ N and 0°40′ and
3°45′E (Figure 3). The country covers an area of 114 763 km2 with a
population density of 87.2 inhabitants per km2 (11
186 785 inhabitants) in 2017 (INSAE and ICF, 2019). The
south is more populated (57.60 inhabitants per km2) compared
to the north (29.59 inhabitants per km2). About 42% of the
population of Benin is poor, with a higher rate of poverty in
the north (60% of the population) compared to the south (35% of
the population). The level of education is higher in the south, with
76% of the population having received at least a primary education,
in contrast to the north, where only 40% have reached the same
educational level (INSAE, 2015; INSAE and ICF, 2019).
Approximately half of the country’s households (50%) used
fossil fuel for lighting, with a higher rate in the south (59.22%)
compared to the north (20.82%). About a third of the country’s
households (33.42%) purchase electricity from the government
(Agbandji et al., 2020). The south is more electrified (34.55% of the
households) than the north (18.52%) (Yatokpa et al., 2010).
Charcoal is commonly used for cooking across the country, but
it is more commonly used in the south (28.6% of households) than
in the north (18.97%). The use of renewable energy sources, such as
solar power and residue-derived energy (from forestry and
agriculture), is currently limited. The rainfall varies from
800 mm in the Sudanian zone (north) to 1300 mm in the
Guinean zone (south) (Adomou, 2005; Akoègninou et al.,
2006). Soils are ferruginous in the north and ferralitic in the
south. The vegetation is mainly composed of savannas. The
north has a higher forest coverage and encompasses 92.5% of
the country’s forest cover (Ahononga et al., 2020). Like manyWest
African countries, Benin highly depends on energy, with 100% of
fossil fuels and 90% of power imported from Nigeria and Ghana
(Yatokpa et al., 2010). Yet, only a small percentage (6.7%) of rural
households have access to electricity (Yatokpa et al., 2010)
although a huge amount of crop and wood residues is available.
The survey area covered eight representative localities (two in the
north and six in the south) in terms of forestry residues production
in Benin Republic (Figure 3).

2.4 Data collection

2.4.1 Questionnaire design
We first drafted a questionnaire composed of 63 items which

were hypothesized to measure six constructs (attitude, SN, PBC, EC,
KRE, and intention). The questionnaire also included two key
socioeconomic variables (age and income). These items were
generated using a 5-point Likert scale (Supplementry Table SA1).
To ensure that our items meet the key principles for successful item
writing (Saville and MacIver, 2017), the questionnaire was first sent
to an expert panel for the review of the selected items. Subsequently,
a pilot survey was conducted by administering the questionnaire to a
sample of 20 respondents. This pilot survey was relevant to test the
quality of the questionnaire and to redefine items that were not
comprehensible, ambiguous, or asked more than a single question
(Streiner et al., 2015). The updated questionnaire was entered on a
smart phone using KoBo Toolbox, a digital tool recommended for
survey data collection (Sherin et al., 2018).

2.4.2 Sampling and questionnaire administration
We conducted a cross-national survey by administering the

KoBo questionnaire to a random sample of 247 participants. This
sample size is appropriate for performing SEM (Wolf et al., 2013).
Additionally, the sample size is close to the ideal size of
300 recommended by various scholars (Comrey and Lee, 2013;
Kyriazos and Stalikas, 2018). We conducted the survey in eight
localities where forestry residues are abundantly generated (logging
and wood processing residues, stumps) across the country. These
localities were selected by interviewing the head of the national office
of wood (https://cadredevie.gouv.bj/structure/onab/). The localities
were selected based on the abundance of wood processing industries
and short rotation plantations in the area. In each selected locality,
we randomly administered the questionnaire to residues producers
(sawmill and plantation owners), sellers (bulk sellers and detailers),
and consumers (households, poultry farmers, bakers, and restaurant
owners) representing respectively 51.82%, 17% and 31.17% of the
surveyed participants. Data recorded on each participant included
sociodemographic traits (age, sex, occupation, education level, and
income) and the item score responses.

2.5 Statistical analysis

2.5.1 Factor analysis
First, we ran a factor analysis (FA) using the “factanal” function

with varimax rotation in R 4.1.0 (R Core Team, 2021) to find out the
groups of items and their underlying common factors from the initial
pool of 63 items. Given that six latent variables were considered in our
TPB model, we assumed that a six-common factor model was
sufficient to reduce the number of items in the dataset. This
assumption was tested in R using the chi-square fit statistic. The
six-factormodel is validatedwhen the probability (p) of the chi-square
fit statistic is greater than 0.5 (p ≥ 0.5). Based on the first FA output, we
ran a second FA using items that are highly intercorrelated (Pearson
r2 > 0.20) and showed a loading greater than 0.60 on each common
factor (Kyriazos, 2018). We ran this second FA with the expectation
that each common factor would display a minimum of three items of
high quality (Streiner et al., 2015; DeVellis and Thorpe, 2021). We
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measured the internal reliability of each common factor using
Cronbach’s alpha index (Cronbach, 1951). The Cronbach’s alpha
was computed in R using the package “scales” (Wickham and Seidel,
2020). An alpha value greater than 0.70 indicates that the scale is
reliable to measure the construct (Kyriazos, 2018). The Kaiser-Meyer-
Olkin’s (KMO) and the Bartlett’s test of sphericity (Bartlett, 1951)
were also computed to evaluate the quality of the FA. Bartlett’s test of
sphericity was performed using the “RedaS” package (Maier, 2015).
The desirable KMO for the whole data should be greater than 0.5
(Kyriazos, 2018). The FA was performed using the data from
247 informants without any missed values.

2.5.2 Confirmatory factor analysis and structural
equation modeling

A confirmatory factor analysis (CFA) was performed to validate the
common factor model. CFA is a theory-driven technique that seeks to
test whether the theoretical relationships between the items and
underlying factors are reliable. Technically, it is about comparing a
population covariance matrix with the observed covariance matrix
(Schreiber et al., 2006). We applied the diagonally weighted least
squares (WLSMV) method to estimate CFA parameters (Li, 2016).
TheCFAwas performed using the package “lavaan” (Rosseel, 2012) in R.

After construct validation, we performed a SEM using the lavaan
package to test the structural relationship between the variables. We
first performed the SEM for each geographical region separately and
next run it again using pooled data from the two regions. In the SEM,
the measurement model was simply the well-fit CFA model. In the
regression part of the SEM, we tested the effect of attitude, SN, PBC,
KRE, and EC on intentions and the effect of KRE and EC on attitude.
We also included the mediation effect of KRE and EC through attitude.
Like in CFA, we used the diagonally weighted least squares (WLSMV)
method for estimating the model parameters. We computed the R2 of
each regression model to appreciate the model explanatory power. The
convergence of the CFA and SEM models was verified based on the
standards recommended by Hu and Bentler (1999) and Brown (2005):
RMSEA (≤0.06, 90% CI ≤ 0.06), SRMR (≤0.08), CFI (≥0.95), TLI
(≥0.96), and the chi-square/df ratio (less than 3) (Kline, 2016).

3 Results

3.1 Sociodemographic characteristics of
respondents

The surveyed respondents were on average 43 years old (40 in
the north to 45 in the south). The majority were men (84.61%) and
belonged to the Fon ethnic group (66.80%), the dominant ethnic
group across the country. In the northern region, approximately
17% of the survey respondents were women, compared to 83% of
men. Similarly, 14% of respondents were women in the south,
compared to 86% of men. Approximately 49.79% (half) and
29.95% of the respondents reached secondary and primary
school, respectively. Only 5.26% of them reached university, and
14.98% did not have any formal education. There were more
respondents with no formal education in the south (50.20%)
than in the north (34.82%). The monthly income of respondents
was 53510.16 CFA on average. This income is lower in the north
(48,674.53 CFA) compared to the south (57,171.43 CFA).

3.2 FA output and descriptive statistics of
reliable items

In line with our assumption, a six-factor model was sufficient to
reduce the number of variables in our dataset (chi-square fit
statistic = 91, p = 0.7). The six factors accounted for 76.3% of
the whole variance in the dataset (Table 1). We got a reliable KMO
(0.87) indicating that our FAmodel is appropriate. The Bartlett’s test
was also significant (chi-square = 7282.738, DF = 595, p < 0.05). The
value of the Cronbach alpha (α) was reliable and acceptable for all
the common factors (α = 0.60–0.96).

The first factor (F1) accounts for 22.4% of the variance in our
data and is strongly related to PBC items (Table 1). Factor 2 (F2)
explained 14.8% of the total variance and is strongly related to KRE
items. Factor 3 (F3) explained 11% of the total variance and
underlined attitude items. Factors 4 (F4) explained 9.9% of the
total variance and is linked to EC items. Factor 5 (F5) explained 9.3%
of the total variance and reflects the items that underlie the intention
to supply woody residue. Factor 6 (F6) explained 8.8% of the
variance and is strongly related to SN.

The descriptive analysis showed that respondents had favorable
opinions about the valorization of forestry residues for bioenergy
purposes. Overall, all the constructs’ items received high scores from
the respondents (3.77 ± 1.01 to 4.64 ± 0.48, Table 1). With regard to
the attitude construct, respondents mostly had strong beliefs that the
use of residues for power or gas production will improve food
security (4.29 ± 0.54), the quantity of energy supplied (4.25 ± 0.61)
and business opportunities for young people (4.27 ± 0.61).
Considering the construct on intentions, respondents mostly
accepted to use alternate materials for building houses and
supply the residues for bioenergy projects (3.94 ± 1.11).
Additionally, they strongly agreed to supply the residues without
any conditions (3.95 ± 1.11) and supply them for as long as possible
(4.05 ± 0.89). Respondents’ knowledge about biomass and bioenergy
was also acceptable. Respondents’ understanding of biomass and
bioenergy concepts was also acceptable (3.87 ± 0.80). They mostly
accepted that bioenergy is environmentally friendly (4.20 ± 0.62)
and its sources are renewable, contrary to fossil sources (3.96 ± 0.75).
They also supported the idea that the renewability of bioenergy
sources will depend on their harvest intensity. Respondents strongly
cared more about the environment. They strongly supported solid
waste recycling (4.56 ± 0.51), the consideration of Water, Sanitary,
and Hygienic (WASH) policy by the education system (4.59 ± 0.49)
and waste mobilization for power generation (4.64 ± 0.48). In terms
of normative beliefs, they strongly accepted to supply the residues
independently of public opinions (4.34 ± 0.65 to 4.39 ± 0.52) and
complied with the public opinions that using residues for bioenergy
purposes will preserve nature (4.34 ± 0.71). Respondents manifested
acceptable control beliefs. They showed such strong self-reliance
that they could motivate their friends (3.81 ± 0.93) and support any
bioenergy projects in terms of organization, research, and
sensitization (3.77 ± 1.01 to 3.88 ± 1.00).

3.3 Goodness-of-fit of CFA and SEM models

All the comparative fit index values for the CFA and SEM were
acceptable and showed a good fit. The CFI and TLI were 1 (>0.95)
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and 1.01 (>0.96) respectively. The RMSEA value (0.00) was under
the recommended threshold (0.06) as were the SRMR (0.05 < 0.09)
and the chi-square/df ratio (1.37 < 2). The Squared Multiple
Correlation (SMC) ranged from 0.43 to 0.90 (Table 2), indicating
a high association between items and latent variables.

3.4 Determinants of the intentions to supply
forestry residues for clean energy

When spatial disparities were ignored by aggregating the data from
the two regions, we found significant correlations between intentions
and several hypothesized predictor variables. All the model predictors
explain 55% (R2 = 0.55, Figure 4) of the variance in respondents’
intentions. This value indicates the acceptable explanatory power of
this model. Respondents’ intentions were positively correlated with
attitude, PBC, and income (Figure 4; Supplementry Table SA2 in the

Appendices). This outcome validates our first and second hypotheses
(H1 and H2) that respondents with a more positive attitude towards
supplying forestry residues, a higher PBC and a higher income are
likely to have a higher intention to supply forestry residues. We
surprisingly found a negative correlation between intentions and
KRE (Figure 4; Supplementry Table SA2 in the Appendices) which
contrast with our assumption that respondents who are more
knowledgeable about renewable energy are likely to have a greater
willingness to supply woody residues. The assumption that a stronger
alignment with SN, a higher environmentally friendly, or being
younger are positively associated with the intentions was not met.
In fact, no significant correlation was found between intentions and
SN, EC, and age (Figure 4; Supplementry Table SA2 in the
Appendices). Interestingly, EC was positively correlated with
attitude but not with KRE (Figure 4; Supplementry Table SA2). In
terms of covariance, KRE and SN shared negative covariance, while the
covariate relationship between age and income was positive (Figure 4).

TABLE 1 Factor loadings from factor analysis (FA), Cronbach’s alpha and descriptive statistics of high loading items.

Factors F1 F2 F3 F4 F5 F6

Constructs (latent variables) PBC KRE AT EC IT SN

Cronbach’s alpha 0.96 0.93 0.93 0.86 0.91 0.60 Mean SD

Variance explained (76.3% %) 22.4 14.8 11 9.9 9.3 8.8 - -

PGUR will not jeopardize food security (AT1) - - 0.96 - - - 4.29 0.54

PGUR will improve energy supply (AT8) - - 0.75 0.12 0.10 - 4.25 0.61

PGUR will create business (AT13) - - 0.89 - - - 4.27 0.61

Use other materials for house building (IT5) 0.42 −0.11 - - 0.79 - 3.94 1.11

Supply the residues without any condition (IT6) 0.43 −0.11 - - 0.89 - 3.95 1.11

Supply the residues as long time as possible (IT7) 0.44 - 0.13 0.11 0.60 - 4.05 0.89

Biosources include crops+forest residues and waste (KRE3) - 0.91 - - - - 3.87 0.80

Biomass is renewable contrary to fossil resources (KRE4) - 0.93 - - - - 3.96 0.75

Biomass renew depends on its harvest intensity (KRE5) - 0.90 - - - - 3.92 0.86

Bioenergy is environmentally friendly (KRE13) - 0.72 - 0.12 - - 4.20 0.62

Solid waste should be collected and treated (EC10) - - - 0.84 - - 4.56 0.51

Education should integrate Water, Hygienic, and Sanitary policy (EC11) - 0.13 - 0.88 - - 4.59 0.49

Dustbins should be set to collect waste for power (EC12) - - 0.10 0.74 - - 4.64 0.48

I’ll supply the residues whatever the public beliefs (SN3) - −0.16 - - - 0.87 4.39 0.52

I will supply the residues even RE is expensive for others (SN4) - - - - 0.10 0.77 4.34 0.65

I support people belief that PGUR preserve nature (SN5) - - - - - 0.69 4.34 0.71

I can motivate my friends to supply the residues (PBC4) 0.87 - - - 0.20 - 3.81 0.93

I will integrate any local bioenergy organization (PBC5) 0.90 - - - 0.22 - 3.77 1.01

I will support any local bioenergy research project (PBC6) 0.93 - - - 0.19 - 3.81 1.00

I will support any project that will motivate people (PBC7) 0.95 - - - 0.17 - 3.83 1.00

I’m willing to work in any bioenergy project (PBC8) 0.90 - - - 0.18 - 3.88 1.00

Legend: KRE, knowledge of renewable energy; PBC, perceived behavioral control; EC, environmental concern; AT, attitude towards intention; SN, subjective norms; IT, intention to supply

forestry residues for bioenergy; SD, standard deviation; PGUR, power generation using forestry residues; RE, Renewable energy. F1, F2, F3, F4, F5, and F6 are the common factors form the factor

analysis. Acronyms in parentheses are the abbreviations of the items, which are defined in the appendices (Supplementry Table SA1). Only items of factor loadings ≥0.6 were printed.
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Considering the region-specific data, we found acceptable
explanatory power of the model across the geographical regions,
with higher fit in the north (R2 = 0.62) than in the south (R2 = 0.51).
We found evidence of spatial variation in this study. KRE failed to
determine intentions in the north but exhibited a positive
association with intentions in the south (Figures 5A, B).
Additionally, the KRE effect on attitude also demonstrated spatial
variation, with a positive effect in the north (Figure 5A) and a
negative effect in the south (Figure 5B). No spatial variation was
found regarding the effects of PBC, EC, SN, attitude, income, and
age on intentions. The intentions to supply the residues were
positively predicted by PBC and income consistently across
geographical regions (Figures 5A, B; Supplementry Table SA2 in
the Appendices). The effects of EC, SN, and attitude were not
significant across geographical regions. We also found spatial
variation in the covariance between KRE and EC with a positive
covariate link in the north (Figure 5A) and a negative link in the
south (Figure 5B). Predictor variables like SN, KRE, and age had no
significant effect on intentions across the spatial gradients
(Figures 5A, B).

Our findings validate our fourth hypothesis (H4) that the
determinants of the intention to supply forestry residues for
clean energy are influenced by spatial disparities.

Considering the mediation effects, EC and KRE had no indirect
effect on intention through attitude (Table 3). This outcome rejects
our third hypothesis (H3) that the effect of EC and KRE on the
intention to supply the residues is mediated by attitude.

4 Discussion

This study applied the TPB to assess the intentions to supply
forestry residues for bioenergy purposes (gas and electricity). We
performed an expanded TPB model to identify the major
determinants of intention and examined whether the model is
shaped by spatial disparities. The R2 values (0.51–0.62) of all our
TPB models were over the threshold value of 0.35 recommended
(Anderson and Gerbing, 1988) indicating a strong explanatory
power of the models and enables the interpretations of the
outputs.

TABLE 2 Standardized and unstandardized coefficients form the confirmatory factor analysis, item variance explained by the construct and squared multiple
correlation values.

Items Constructs β1 β2 se SMC

PGUR will not jeopardize food security (AT1) AT 1.00 0.93 - 0.80

PGUR will improve energy supply (AT8) 1.14 0.93 0.13 0.59

PGUR will create business (AT13) 0.91 0.74 0.07 0.76

Use other materials for house building (IT5) IT 1.00 0.87 - 0.82

Supply the residues without any condition (IT6) 1.06 0.91 0.07 0.85

Supply the residues as long time as possible (IT7) 0.73 0.79 0.11 0.57

Biosources include crops+forestry residues and waste (KRE3) KRE 1.00 0.88 - 0.79

Biomass is renewable contrary to fossil resources (KRE4) 1.01 0.95 0.03 0.82

Biomass renew depends on its harvest intensity (KRE5) 1.11 0.91 0.05 0.78

Bioenergy is environmentally friendly (KRE13) 0.65 0.73 0.05 0.55

Solid waste should be collected and treated (EC10) EC 1.00 0.82 - 0.60

Education should integrate Water, Hygienic, and Sanitary policy (EC11) 1.06 0.89 0.09 0.64

Dustbins should be set to collect waste for power (EC12) 0.87 0.75 0.08 0.52

I’ll supply the residues whatever the public beliefs (SN3) SN 1.00 0.96 - 0.79

I will supply the residues even RE is expensive for others (SN4) 0.91 0.70 0.12 0.83

I support people belief that PGUR preserve nature (SN5) 0.93 0.65 0.12 0.89

I can motivate my friends to supply the residues (PBC4) PBC 1.00 0.90 - 0.90

I will integrate any local bioenergy organization (PBC5) 1.12 0.93 0.06 0.83

I will support any local bioenergy research project (PBC6) 1.13 0.95 0.06 0.59

I will support any project that will motivate people (PBC7) 1.13 0.95 0.06 0.50

I’m willing to work in any bioenergy project (PBC8) 1.08 0.91 0.07 0.50

Legend: KRE, knowledge of renewable energy; PBC, perceived behavioral control; EC, environmental concern; AT, attitude towards intention; SN, subjective norms; IT, intention to supply

forestry residues for bioenergy, β1 = unstandardized loadings, β2 = standardized loadings (both items and constructs), se = standard error, SMC , squared multiple correlation; PGUR, power

generation using forestry residues; RE, Renewable energy. Acronyms in parentheses are the abbreviations of the items, which are defined in the appendices (Supplementry Table SA1). Only

items of factor loadings ≥0.6 were printed.
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We first hypothesized that respondents with a more positive
attitude, a stronger alignment with SN, and greater PBC,
particularly, those who are environmentally friendly or have

more KRE, are likely to have a higher intention to supply
forestry residues for clean energy (H1).

Our results revealed that people’s intentions to supply the
residues is positively predicted by attitude and PBC, while it had
a negative and negligible association with KRE and SN, respectively.
This finding partly supports our first hypothesis and is consistent
with the predictions from the theory of planned behavior (Ajzen,
1991). The positive effect of attitude and PBC on intention was
reported by many other studies in the literature (Halder et al., 2016;
Adepoju and Akinwale, 2019; Jabeen et al., 2019). According to the
behavioral attitude theory (Fishbein and Ajzen, 2010), attitude is
considered as the first important variable in explaining people’s
intentions. Attitude positively guides intentions when it is driven by
experience (Radics et al., 2016). Because attitude and EC were
positively correlated, we believe that EC might be the key driver
of the positive effect of attitude on intention in this study. This
translates the attitude improvement role of EC towards the social
support of bioenergy. This finding aligns with others studies in the
literature (Liobikienė et al., 2021) and suggests that raising people’s
awareness about the environment would increase their intention to
supply residues for bioenergy projects.

The positive relationship between PBC and intention aligns with
the prediction from the theory of planned behavior (Ajzen, 1991)
and demonstrates stakeholders’ self-reliance to supply the residues
for bioenergy projects. Indeed, our data show that most respondents
are strongly confident that public beliefs will not divert their
opinions to supply the residues. They also showed strong
willingness to support renewable energy initiatives by motivating
their relevant peers, participating in renewable energy projects, and
substituting residues for alternative sources. This proves their strong
ability to secure their intentions and focus on opportunities that may

FIGURE 4
Results of the regression models. Solid black arrow means the
relationship is significant (p < 0.05) and dash arrows indicate non-
significant relationships (p ≥ 0.05). KRE, Knowledge of renewable
energy; PBC, Perceived behavioral control; EC, Environmental
concern; AT, Attitude towards intention; SN, Subjective norms; IT,
Intention to supply forestry residues for bioenergy. R2 is the power of
the regression model (the variation in IT or AT accounted by the
predictors). The solid black arrow denotes a significant relationship,
whereas the dash arrow indicates a non-significant relationship. Solid
double arrow indicates a significant covariate relationship. Path
coefficients (standardized values) followed by asterisks are significant:
***p < 0.001, **p < 0.01, *p < 0.05.

FIGURE 5
Results of structural equation modeling (SEM) showing the spatial variation in the intention predictors between (A) northern region and (B) southern
region of the Republic of Benin. Solid black arrows indicate significant (p < 0.05) relationships and dash arrows indicate non-significant relationships (p ≥
0.05). KRE = Knowledge of renewable energy, PBC, Perceived behavioral control; EC, Environmental concern; AT, Attitude towards intention; SN,
Subjective norms; IT, Intention to supply forestry residues for bioenergy. R2 is the power of the regression model (the variation in IT or AT accounted
for by the predictors). The solid black arrow denotes a significant relationship, whereas the dash arrow indicates a non-significant relationship. The solid
double arrow indicates a significant covariate relationship. Path coefficients (standardized values) followed by asterisks are significant: ***p < 0.001, **p <
0.01, *p < 0.05.
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make renewable energy projects successful. Contrary to our
expectation in the first hypothesis, KRE negatively relates to
intention. This is probably because an increase in KRE might
raise people awareness of the limitations of bioenergy, such as its
purchase price, potential impact on food and land use (Nazir and
Tian, 2022; Asif et al., 2023).

The correlation between SN and intention was not significant,
contrary to our expectation in the first hypothesis. This finding
translates the non-significance of social pressure (friends and family
pressure) on intention. Additionally, this finding supports the
prediction from the theory of planned behavior (Ajzen, 1971)
that perceived societal opinions may lead or not to behavioral
performance. SN played an insignificant role in this study,
probably because respondents are indifferent to the opinions of
their relatives. Based on the theory of Maslow (Maslow, 1943), this
may be explained by the fact that most of the respondents have
fundamental needs rather than higher-level needs and, they, will not
intentionally follow social consent or support. Therefore, social
pressures will have limited influence on respondents’ decisions to
supply the residues. Another reason could be that the concept of
renewable energy is only minimally incorporated into educational
curriculums and has yet to gain cultural acceptance throughout the
country. Our finding is similar to that of previous studies (Bang
et al., 2000; Jiang et al., 2018; Kowalska-Pyzalska, 2018; Lopes et al.,
2019). However, significant links were reported in several studies
(Saleh et al., 2014; Halder et al., 2016; Jabeen et al., 2019; Ashinze
et al., 2021; Mäntymaa et al., 2023).

We hypothesized that demographic characteristics, such as having
a higher income or being younger, are positively associated with the
intention to supply forestry residues for clean energy (H2). Our results
confirmed the expectation of a positive effect of income but failed to
support the effect of age. The most plausible explanation is that
respondents with higher incomes can purchase alternative materials
as a substitute for the residues. As reported by Rezaei and Ghofranfarid
(2018), higher financial means tend to raise rural households’
willingness to support renewable energy projects. Similar finding
was also previously reported (Karanja and Gasparatos, 2019;
Nigussie et al., 2021; Okereke et al., 2023). The non-significant
correlation between intention and age contrasts with the common
opinion that formal education and outdoor environmental activities
can catalyze the willingness to support bioenergy projects at a young
age (Ashinze et al., 2021). The relationship between intention and age
appeared to be neutral, likely due to the limited exposure to renewable
energy concepts in educational institutions, as well as the infrequent

discussions about them in home settings. This finding is supported by
the observations of François et al. (2023), who revealed no correlation
between respondents’ age and their willingness to use biogas based on
human excreta.

We examined whether the determinants of the intention to supply
the residues exhibited any spatial variation. We hypothesized that
intention predictors are affected by spatial disparities (H4). We found
a shift in the effect of KRE between the two regions, but spatial
disparities did not impact the other variables. KRE exhibits a null
effect in the north but a positive effect in the south. Additionally, KRE
significantly influenced attitudes, but this effect shifted from positive
in the north to negative in the south. We assumed that the higher
education level in the south was the main reason for this spatial
variation. In theory, education can raise people’s awareness about the
benefits of using bioenergy (Karytsas and Theodoropoulou, 2014; Van
Dael et al., 2017) which might increase their intentions to support
bioenergy projects. Education can also increase communities KRE by
providing them with in-depth knowledge on renewable bioenergy,
including renewable types, properties, and potential uses, which may
increase people’s confidence in bioenergy as a viable alternative to
traditional energy sources (Karanja and Gasparatos, 2019). The spatial
variation of the KRE effect on attitude may be associated with
disparities in geographical characteristics between regions. The
negative influence of KRE on attitudes in the south may result
from this region’s higher economic potential, which leads to higher
competition for forestry residues for various uses compared to the
north.

Spatial disparities did not impact the effect of PBC and income,
probably because respondents shared similar socioeconomic and
psychological values between the two regions (Skevas et al., 2018).
The positive effect of income underlines the importance of raising
people’s financial capacity for a sustainable adoption of bioenergy
(Nigussie et al., 2021). This emphasizes the major role of incentives
to make bioenergy projects more financially viable (Nayar, 2016; Yu
et al., 2020). The consistent and positive effect of PBC across regions
may be the result of respondents self-efficacy, which would raise
their ability to overcome any hindrances or challenges in supplying
the residues for bioenergy (Alam et al., 2014; Yu et al., 2020). Also,
social support and encouragement from close relatives (friends,
family, and communities) and bioenergy projects might increase
respondents’ perceived control, which would have raised their
intentions to supply the residues (Pagiaslis and Krontalis, 2014;
Xie and Zhao, 2018; Karasmanaki and Tsantopoulos, 2019;
Liobikienė et al., 2021). It may also be driven by EC, as the two

TABLE 3 Mediation and total effects of environmental concern and knowledge of renewable energy on the intention to supply forestry residues for clean energy
through attitude towards the intention.

Across all regions Northern region Southern region

βs se p βs se p βs se p

EC Mediation 0.03 0.03 0.10 0.01 0.07 0.56 0.07 0.05 0.14

Total 0.04 0.16 0.55 −0.04 0.26 0.59 0.57 0.21 0.01

KRE Mediation 0.01 0.02 0.61 0.04 0.08 0.42 −0.06 0.04 0.15

Total −0.15 0.10 0.05 −0.01 0.16 0.91 −0.23 0.10 0.02

Legend: KRE, knowledge of renewable energy; EC , environmental concern, βs, standardized coefficients, se, standard error, p, probability with p values in bold indicating a significant effect of

the predictor variable, z, test statistics.
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variables share positive covariance. Indeed, several authors reported
that people who are environmentally concerned may feel a moral
obligation to support bioenergy projects (Pagiaslis and Krontalis,
2014; Xie and Zhao, 2018; Karasmanaki and Tsantopoulos, 2019;
Liobikienė et al., 2021) which may increase their perceived control.

5 Conclusion and policy implications

We employed SEM based on the TPB to assess the determinants
of the intentions to supply forestry residues for bioenergy and test
the impact of spatial variation on the determinants of the intentions
to supply residues for bioenergy. Our findings trigger important
conclusions. The first is that when spatial variation is ignored, the
intentions to supply residues is determined by attitude, income,
PBC, and KRE. The second is that when spatial variation is
considered, we found a shift in KRE effect between regions, while
PBC and income exhibited a positive effect regardless of regions.

Our study outcome has important policy implications. The
consistent effect of income implies that policymakers should
provide incentives to encourage citizens’ involvement in bioenergy
projects. This will raise people’s control beliefs and subsequently, their
willingness to supply the residues for bioenergy. Policymakers are
invited to prioritize the northern region of Benin Republic while
providing incentives because of the higher poverty rates in this region
that may hinder the adoption of renewable energy due to cost barriers
(Aly et al., 2019; Xu et al., 2022). Policymakers should also offer loans
and generate employment opportunities to raise citizens’ income and
enhance their control beliefs. Additionally, the positive covariance
between EC and PBC implies that raising people’s environmental
awareness can increase their control beliefs and their intentions to
supply the residues. The spatial disparities impact on the KRE effect is
relevant empirical information that can be used by policymakers to
tailor actions to each geographical region. For example, policymakers
can change people’s attitude in the north through KRE improvement
actions. They can also raise residues supply intentions in the south by
improving people’s KRE in the south. The success of these actions
requires the incorporation of renewable energy into educational
curriculums and awareness campaigns through media, and
workshops. Another implication is that studies on biomass supply
intentions for bioenergy should consider the spatial drivers of
variation in intentions to make accurate inferences. This will
enable more targeted bioenergy policies and expedite the transition
towards pro-environmental behavior and renewable energy adoption.
Overall, by addressing these policy domains related to education,
incentives, and research, the promotion and adoption of sustainable
bioenergy projects can be effectively facilitated, contributing to a
cleaner and more sustainable energy future.
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