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Forests are a gift from God and serve as a strategic asset for national development due to their
ecological, social, cultural, and economic benefits. However, forest and land fires (karhutla)
continue to threaten the sustainability of these resources, making community preparedness a
key aspect of mitigation. This study analyzes the determinants of community preparedness in
preventing and controlling karhutla, with motivation as the main mediating variable. A cross-
sectional design was used, involving 377 proportionally selected respondents from five sub-
districts in Ogan Komering Ilir Regency. Data were collected through structured
questionnaires and interviews, then analyzed using linear regression in SPSS (p = 0.05) and
Importance-Performance Map Analysis (IPMA) via SmartPLS. The analysis was conducted
in several stages: first, examining the influence of communication, resources, bureaucratic
structure, organization, and program implementation on motivation; second, assessing how
these factors and motivation affect preparedness; third, testing the mediating role of
motivation; and fourth, identifying improvement priorities through IPMA. Results showed R?
= 0.705 for the motivation model and R? = 0.828 for the preparedness model, indicating that
70.5% and 82.8% of the variation in each respective variable can be explained by the model.
Motivation emerged as a dominant mediator with a coefficient of f =0.927, strengthening the
influence of structural factors on preparedness. IPMA positioned communication, resources,
bureaucratic structure, and program implementation in the high-importance, high-performance
quadrant, indicating the need for maintenance. In contrast, motivation appeared in the high-
importance, low-performance quadrant, highlighting it as a priority area for intervention.
Institutional and organizational attitudes showed good performance but low contribution,
suggesting the need for managerial optimization to focus resources on more strategic aspects.
These findings recommend participatory policies centered on strengthening community
motivation and improving field program effectiveness to enhance collective preparedness.
Community-based early warning systems, initial fire suppression training, environmentally
friendly economic incentives, and inclusive risk communication campaigns are suggested to
boost motivational performance and ensure a swift response when fire risks are detected at the
local level.

1. INTRODUCTION

to negligence or intentional [2].
Data from 2018-2023 show fluctuations in the extent of

Forests are a gift from God and an important asset for
national development because they provide ecological, social,
cultural, and economic benefits (Presidential Regulation of the
Republic of Indonesia, 2021). Forests also function as
inseparable conservation, protection, and production areas
(Presidential Regulation of the Republic of Indonesia, 1999).
However, forest and land fires (karhutla) are a serious threat
that continues to occur in Indonesia. Globally, fires are a
common disturbance to ecosystems and are increasing due to
climate change and human activities [1]. In Indonesia, almost
all forest and land fires are caused by human factors, either due
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national forest fires, with peaks in 2019 (1.6 million ha) and
2023 (1.16 million ha). In South Sumatra, fires also spiked in
2019 (336 thousand ha) and 2023 (132 thousand ha) (Ministry
of Environment and Forestry, 2020). Forest and land fires have
major impacts, ranging from ecosystem damage, loss of
biodiversity, decreased land productivity, to health problems
due to smoke such as ARI, bronchitis, and eye irritation [3].
Burning peatlands, although smaller in area than mineral soil,
have a much more severe impact [4]. Overall, forest fires pose
long-term ecological, social, and economic risks that threaten
environmental sustainability and community welfare [5].
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Forest fires in Indonesia are generally caused by human
activities, either due to deliberate land clearing by burning, or
negligence [6].

However, the success of forest and land fire control does not
only depend on law enforcement or infrastructure, but also on
community preparedness. This preparedness includes
knowledge, attitudes, risk  perception, community
participation, and institutional support. Regression models can
be used to identify factors that influence the level of
community preparedness in dealing with forest and land fires.
By understanding the wvariables that have a significant
influence, such as knowledge about forest and land fires,
experience in dealing with fires, participation in training, and
perception of risk, targeted interventions can be designed. In
the context of OKI Regency, where most of the area consists
of peatlands that are easily burned and have limited access to
information and control infrastructure, understanding the
determinants of community preparedness is very important. A
data-based approach through a regression model will provide
a clear picture of the main factors that need to be strengthened
to encourage communities to be more prepared and responsive
to the threat of forest and land fires. Therefore, this study is
important to analyze the factors that influence community
preparedness in preventing and controlling forest and land
fires in Ogan Komering Ilir Regency using a regression model
approach, so that it can be the basis for more effective and
sustainable strategic planning.

2. LITERATURE REVIEW

2.1 Context of forest and land fires (Karhutla) in Indonesia
and Ogan Komering Ilir (OKI)

Forest and land fires (karhutla) in Ogan Komering Ilir (OKI)
Regency are a recurring ecological disaster triggered by
peatland conversion, land clearing through burning methods,
and climate change that leads to prolonged dry seasons [7].
The weak collaboration among actors in karhutla mitigation in
OKI, with a dominant repressive approach from government
authorities rather than empowering local communities. The
impact of karhutla in this area has also been proven to increase
the risk of respiratory diseases such as ARI (Acute Respiratory
Infections), especially among vulnerable groups [8].

2.2 Community participation and disaster preparedness

Active community participation in disaster preparedness
has been shown to be a critical factor in reducing karhutla risk
[9]. In coastal communities also showed that disaster
education and the use of social media can enhance
preparedness by strengthening behavioral intention [10].

2.3 Structural determinants of preparedness

Good governance and effective communication are key
elements in improving disaster preparedness. Noted that
community and private sector participation are essential in
formulating national karhutla prevention policies. the
“Masyarakat Peduli Api” (Fire Concerned Community)
initiative serves as an example of how empowerment-based
communication patterns can enhance public roles in karhutla
control [11].
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2.4 The role of motivation as a mediating variable

Both intrinsic and extrinsic motivation have been shown to
influence individual preparedness for disasters. Using the Self-
Determination Theory approach, identified four main
motivational dimensions that explain preparedness behavior:
personal meaning, avoidance of negative outcomes, social
normative pressure, and altruistic orientation [12].

2.5 Methodological approaches: PLS-SEM and IPMA

The PLS-SEM method has been widely used in disaster
research due to its ability to handle complex models with
moderate sample sizes. Used PLS-SEM to analyze the
adoption of disaster mapping applications in Magelang. To
enhance the practicality of the analysis results, Importance-
Performance Map Analysis (IPMA) is used to identify
improvement priorities by combining the level of importance
and performance. Introduced this technique in strategic
management, while developed the configurational [PMA
(cIPMA) to distinguish between “must-have” and “nice-to-
have” factors in decision-making processes [13].

3. RESEARCH METHODOLOGY
3.1 Research design

This study uses a cross-sectional design with the aim of
analyzing community preparedness in preventing and
controlling forest and land fires, where motivation acts as a
mediating variable [14, 15]. The variables studied include the
demographic characteristics of respondents, such as age,
gender, education level, type of employment, length of
residence in the area, residential status, and land ownership
[16]. In addition, this study also measures various factors that
are thought to influence the level of community preparedness,
including knowledge, individual attitudes [17], community
perception of risk, communication effectiveness [18], resource
availability , and attitudes of related institutions [19].

This study’s conceptual framework integrates the L. Green
model and Edward III's policy implementation model to
analyze community preparedness in facing forest and land
fires. The L. Green model explains that preparedness behavior
is influenced by predisposing factors (knowledge, attitudes),
enabling factors (access to facilities and information), and
reinforcing factors (social support), all mediated by motivation
[20]. Meanwhile, Edward III’s model highlights the
importance  of  policy = communication,  resources,
implementers' disposition, and bureaucratic structure as key
determinants of effective policy implementation [21]. In this
framework, motivation serves as a mediating factor, while
preparedness for forest and land fire prevention is the
dependent variable. The conceptual framework of the study is
in Figure 1.

3.2 Population and sample

The research population was active communities in fire-
aware communities in 18 sub-districts in Ogan Komering Ilir
Regency, with a total population of 6,540 people. The sample
was determined using the Slovin formula with a 5% error rate,
resulting in 377 respondents. The sample was distributed
proportionally to five sub-districts representing the research



area. After determining the sample size of 377 respondents,
the next stage was to allocate the sample into groups (clusters)
based on the sub-district using the proportional allocation
method. This method ensures that the number of samples in
each sub-district is proportional to the population size of each
sub-district in the total population of 1,940 people. For

example, Lempuing and Mesuji Makmur Sub-districts, each
with a population of 380 people, were allocated 74
respondents, while Kayu Agung Sub-district with the largest
population of 500 people, received the largest sample
allocation of 97 respondents.
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Figure 1. Conceptual framework of community preparedness regression model with motivation mediation

3.3 Data collection techniques

This study used a questionnaire as a measuring tool, with an
interview technique for data collection. The variables
measured include respondent characteristics (age, gender,
education, occupation, length of residence, residency status,
and land ownership), as well as factors influencing
preparedness (knowledge, attitude, community perception,
communication, resources, institutional attitudes, bureaucratic
structure, organization, program implementation, motivation,
and community preparedness). Most variables are measured
using a ratio scale, while some use nominal and ordinal scales
according to data characteristics.

3.4 Data analysis

The normality test in this study was conducted using the
Normal Probability Plot graph to observe whether the
residuals were normally distributed. The multicollinearity test
was assessed using the Tolerance value (< 0.10) and VIF (>
10), which indicate the presence of multicollinearity
symptoms [22]. The heteroscedasticity test was carried out
using a scatterplot graph between predicted values and

3753

residuals to detect any patterns of variance inhomogeneity
[23].

The initial data analysis employed multiple linear
regression to examine the influence of independent variables
(communication, resources, bureaucratic structure,
organization, and program implementation) on motivation as
the dependent variable [24]. The t-test was used to determine
the partial effect of each variable, while the F-test was applied
to test the simultaneous effect of all independent variables
[25]. The model's strength was evaluated using the coefficient
of determination (R?), which indicates the extent to which
variations in the dependent variable can be explained by the
independent variables [26]. All these analyses were conducted
using SPSS software.

As a complement to the regression and structural analysis,
this study also employed the Importance-Performance Map
Analysis (IPMA) method to provide practical and managerial
implications. IPMA was used to evaluate not only the
importance (total effect) of each construct on the target
variable (motivation or preparedness), but also its actual
performance, measured by the average score of respondents’
perceptions toward the construct indicators [27]. The IPMA
results are presented in a quadrant map that visualizes priority



areas for performance improvement or maintenance.

The IPMA was conducted at both the construct and
indicator levels, thereby offering more detailed strategic
direction for policymakers. The combination of multiple linear
regression and IPMA provides a comprehensive approach to
identifying key factors and improvement priorities in efforts to
enhance community preparedness for forest and land fire
disasters.

4. RESULTS AND DISCUSSION
4.1 Distribution of hotspots and burned areas

The distribution of Hotspots and Burned Areas in Ogan

Komering Ilir (OKI) Regency from 2020 to 2024 can be seen
in Figure 2. Forest and land fire hotspot data from 2020 to
2024 show significant fluctuations, with an increasing pattern
in the dry season (July—October). 2023 recorded a drastic spike
with 10,257 hotspots, especially in Cengal District (2,536
points), Tulung Selapan (1,695), and Sungai Menang (1,508).
Conversely, 2022 showed a significant decrease (144 points),
allegedly due to increased effectiveness in fire management.
Tulung Selapan and Air Sugihan Districts were consistently
areas with high hotspots in the early years, while dominance
shifted to Cengal and Sungai Menang in 2023 and 2024. Until
October 2024, a significant decrease was recorded to 349
points, with the peak of fires still occurring in September and
October.
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Figure 2. Distribution of hotspots and burnt areas in Ogan Komering Ilir (OKI) Regency from 2020 to 2024
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4.2 Fire area

The area of forest and land fires reflects the level of
vulnerability of the region and the effectiveness of fire control
efforts. Ogan Komering Ilir Regency experienced fluctuations
in the area of fires during 2019-2024, influenced by weather
conditions, land types, and mitigation efforts. Table 1 presents
data on the annual area of fires based on land types, namely
mineral and peat lands.

Table 1. Area of fires in Ogan Komering Ilir Regency 2019-

The area of forest and land fires in Ogan Komering Ilir
Regency experienced sharp fluctuations during the 2019-2024
period. The peak of the fires occurred in 2019 with a total of
194,824.5 hectares, consisting of 103,159.3 hectares of
mineral land and 91,665.2 hectares of peat land. A drastic
decline occurred in 2020 (568.9 ha) and increased again in
2021 (1,034.6 ha). 2022 recorded another decline to 247.0 ha,
before jumping significantly in 2023 to reach 80,026.0 ha. In
2024, the area of the fires fell to 2,533.9 ha.

4.3 Regression model

2024
The analysis in this study is divided into several main
Year  Mineral (ha)  Peatland (ha)  Total (ha) stages: first, examining the influence of communication,
2019 103,159.3 91,665.2 194,824.5 resources, bureaucratic structure, organization, and program
2020 53.9 515.0 568.9 implementation on motivation; second, assessing how these
;82 ;?gi 22478'64 153374(')6 factors and motivation affect preparedness; third, testing the
) : y mediating role of motivation; and fourth, identifying
2023 39,566.0 40,459.9 80,026.0 . t priorities th h IPMA
2004 1.962.7 S711 2.533.9 improvement priorities throug .
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4.4 Multiple linear regression motivation analysis model

The independent variables consist of Age (X1), Education
(X2), Occupation (X3), Knowledge (X4), Attitude (X5),
Length of residence (X6), Residential status (X7), Land/land
ownership status (X8), Community perception (X9),
Communication (X10), Resources (X11), Institutional
attitudes (X12), Bureaucratic structure (X13), Organization
(X14), and Program implementation (X15). Before conducting
regression analysis, classical assumption testing is required to
ensure the validity and reliability of the model used. Classical
assumption tests include normality tests (Figure 3(A)),
multicollinearity tests (Table 2), and heteroscedasticity tests
(Figure 3(B)), each of which aims to examine data distribution,
relationships between independent variables, and consistency
of residual variance. The following is an explanation of the
methods used in classical assumption testing in this study.

The Normal P-P Plot of Standardized Residuals (Figure
3(A)) shows that most data points lie close to the diagonal line,
indicating that the residuals of the regression model are
approximately normally distributed. Although there are some
minor deviations, the overall pattern still supports the
fulfillment of the normality assumption. Meanwhile, the
scatterplot of residuals versus predicted values (Figure 3(B))
shows that the data points are randomly distributed around the
zero line without forming any specific pattern, indicating no
signs of heteroscedasticity. This suggests that the assumption
of homoscedasticity is also met.

However, a limitation that should be acknowledged is the
presence of slight deviations in the P-P Plot, indicating that the
residuals are not perfectly normally distributed. Although
these deviations are relatively minor, they may influence the
accuracy of regression parameter estimates, especially in
studies with small sample sizes or when generalized to broader
populations [28, 29]. Therefore, the interpretation of
regression results should be approached with caution,
considering the potential for minor bias in the residual
distribution. Recent studies emphasize the importance of
thoroughly checking regression assumptions to ensure model
validity and prevent misleading conclusions [30, 31].

Table 2. Multicollinearity test results

Collinearity Statistics

Variabel

Tolerance VIF

(Constant)
Age 0.835 1.197
Education 0.841 1.189
Occupation 0.978 1.023
Knowledge 0.654 1.528
Attitude 0.546 1.831
Length of Residence 0.872 1.147
Residency Status 0.861 1.161
Land Ownership Status 0.857 1.167
Community Perception 0.701 1.426
Communication 0.366 2.732
Resources 0.385 2.599
Institutional Attitude 0.273 3.662
Bureaucratic Structure 0.276 3.622
Organization 0.200 5.007
Program Implementation 0.184 5.439

Table 2 shows the results of the collinearity analysis,
presenting the Tolerance and VIF values for each variable.
Most variables have acceptable Tolerance values (greater than
0.1) and low VIF values (below 10), indicating no significant
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multicollinearity issues. However, the variables Organization
(Tolerance 0.200; VIF 5.007) and Program
Implementation (Tolerance = 0.184; VIF = 5.439) exhibit
relatively low Tolerance values and higher VIFs compared to
other variables. Although these VIF values are still below the
commonly accepted threshold of 10, they suggest a potential
for moderate multicollinearity that could affect the stability of
the regression coefficients.

To minimize the potential impact of multicollinearity,
researchers may consider several approaches, such as variable
reduction through factor analysis or principal component
analysis (PCA), or combining highly correlated variables into
a single composite construct. Additionally, transforming
variables or reevaluating the theoretical framework underlying
the measurement can help reduce redundancy between
variables [32].

Overall, the classical assumption tests indicate that the
regression model meets the necessary conditions for linear
regression analysis. Therefore, to analyze the relationship
between the independent and dependent variables, this study
uses multiple linear regression as the primary analytical
method. Table 3 presents the results of the multiple linear
regression test:

Table 3. Results of multiple linear regression motivation
analysis model

Unstandardized
Step Variable Coefficients t Sig.
B Std. Error
1 (Constant) 16.495 6.995 2.358 0.019
Age -0.100 0.057 -1.761 0.079
Education -1.555 1.210  -1.285 0.199
Occupation 1.494 0.668 2.236 0.026
Knowledge 0.909 0.297 3.066 0.002
Attitude 0.538 0.309 1.741 0.083
Length of Residence -0.103 0.162  -0.640 0.523
Residency Status 1.152 1.164 0.990 0.323
Land Ownership -1.678 1.132  -1.482 0.139
Status
Community -0.596 0.323  -1.843 0.066
Perception
Communication 0.888 0.721 1.232  0.219
Resources 1.948 0.709 2.746  0.006
Institutional Attitude 3.113 1.352 2.302  0.022
Bureaucratic 3.273 1.322 2476 0.014
Structure
Organization 8.335 2.693 3.095 0.002
Program 10.197 2.874 3.549  0.000
Implementation
2 (Constant) 16.264 6.980  2.330 .020
Age -.098 .057 -1.725  .085
Education -1.543 1.208  -1.277 203
Occupation 1.484 .667 2.224  .027
Knowledge 905 296 3.055 .002
Attitude 513 .306 1.674  .095
Residency Status 1.140 1.163 .980 328
Land Ownership -1.705 1.130  -1.508 .132
Status
Community -.610 322 -1.893  .059
Perception
Communication 926 718 1.291  .198
Resources 1.941 .709 2.738  .006
Institutional Attitude 3.053 1.348 2.265 .024
Bureaucratic 3.202 1.316 2.432  .015
Structure
Organization 8.356 2.691 3.105  .002




Unstandardized
Step Variable Coefficients t Sig.
B Std. Error
Program 10.223 2.871 3.561  .000
Implementation
3 (Constant) 18.230 6.685 2.727  .007
Age -.099 .057 -1.741  .083
Education -1.601 1.207  -1.326 .186
Occupation 1.456 .667 2.185  .030
Knowledge 911 .296 3.077  .002
Attitude 541 .305 1.774  .077
Land Ownership -1.971 1.097 -1.797 .073
Status
Community -.559 318 -1.757  .080
Perception
Communication .902 17 1.258  .209
Resources 1.954 709 2.758  .006
Institutional Attitude 3.043 1.348 2257  .025
Bureaucratic 3.253 1.315 2473 014
Structure
Organization 8.182 2.685 3.047  .002
Program 10.476 2.859 3.664  .000
Implementation
4 (Constant) 17.791 6.681 2.663  .008
Age -.100 .057 -1.755  .080
Education -1.548 1.207 -1.282 .201
Occupation 1.365 .663 2.059  .040
Knowledge .904 .296 3.050 .002
Attitude .602 301 1.999  .046
Land Ownership -1.941 1.098  -1.769 .078
Status
Community -.558 318 -1.755  .080
Perception
Resources 2.373 .626 3.789  .000
Institutional Attitude 3.132 1.347 2325 .021
Bureaucratic 3.299 1.316 2.507 .013
Structure
Organization 8.164 2.687 3.038 .003
Program 11.137 2.813 3.959  .000
Implementation
5 (Constant) 10.630 3.671 2.896  .004
Age -.073 .053 -1.379 169
Occupation 1.359 .664 2.047 .041
Knowledge .876 .296 2.962 .003
Attitude .605 .302 2.007 .045
Land Ownership -1.986 1.098  -1.808 .071
Status
Community -.545 318 -1.713  .088
Perception
Resources 2.343 .626 3.740  .000
Institutional Attitude 3.227 1.346 2397  .017
Bureaucratic 3.213 1.315 2443 015
Structure
Organization 8.342 2.686 3.106  .002
Program 11.103 2.815 3.944  .000
Implementation
6 (Constant) 7.593 2.940 2.583  .010
Occupation 1.367 .664 2.056  .040
Knowledge .897 .296 3.032  .003
Attitude .629 301 2.087 .038
Land Ownership -2.051 1.098  -1.868 .063
Status
Community -.536 319 -1.683  .093
Perception
Resources 2.377 .627 3.794  .000
Institutional Attitude 3.084 1.344 2295  .022
Bureaucratic 3.271 1.316 2485 .013
Structure
Organization 8.120 2.684 3.025  .003
Program 11.412 2.810  4.062 .000
Implementation
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Based on the results of the regression analysis, the following
equation was obtained: Y = 7.593 + 1.367 (Occupation) +
0.897 (Knowledge) + 0.629 (Attitude) - 2.051 (Land/land
ownership status) - 0.536 (Community perception) + 2.377
(Resources) + 3.084 (Institutional attitude) + 3.271
(Bureaucratic structure) + 8.120 (Organization) + 11.412
(Program implementation) + €. This equation shows that
variables such as occupation, knowledge, attitude, resources,
institutional attitude, bureaucratic structure, organization, and
program implementation have a positive influence on the level
of community preparedness, with program implementation
providing the greatest contribution. Conversely, land/land
ownership status and community perception have a negative
influence on preparedness. The constant value of 7.593
indicates that when all independent variables are zero, the
community preparedness value is at that number. The
remaining error (€) represents the variation not explained by
the model.

The regression analysis indicates that program
implementation exerts the greatest positive effect on
community motivation.  Effective, transparent, and
participatory execution of public programs is therefore
fundamental to fostering engagement—an observation
consistent [33]. Who demonstrated that perceived program
effectiveness significantly elevates participant motivation.
Institutional factors—specifically organizational capacity,
bureaucratic structure, and institutional attitudes—also exhibit
strong positive relationships with motivation [34, 35]. These
findings corroborate who argue that responsive bureaucracies
and institutions committed to public service cultivate the trust
necessary for sustained community participation [36].

Moreover, the availability of resources (financial, human,
and infrastructural) significantly enhances motivation.
Adequate resourcing not only improves program efficiency
but also bolsters public perceptions of program success and
longevity, thereby reinforcing motivation [37]. At the
individual level, variables such as occupation, knowledge, and
attitude positively influence motivation. This aligns with
Bandura’s self-efficacy theory, recently revisited, which posits
that individuals’ confidence in their capabilities is a primary
driver of active participation in collective endeavors [38].

Conversely, land-ownership status and community
perception exert negative effects on motivation. Insecure
tenure reduces both responsibility and attachment to program
outcomes, echoing, who highlight tenure security as a
precondition for participatory investment. Likewise, negative
perceptions of program quality, institutional effectiveness, or
governmental intent foster skepticism and dampen
participation [38, 39]. Consequently, cultivating positive
perceptions  through transparent communication and
participatory processes is essential. Subsequent t-tests
(Table 4) confirm the partial significance of key predictors.
Occupation influences motivation by providing meaningful
work that enhances satisfaction and responsibility, while
knowledge markedly increases the likelihood of participation
by clarifying a program’s benefits and objectives [40].

Collectively, these results underscore the multifaceted
nature of community motivation, highlighting program
quality, institutional support, resource adequacy, and
individual cognition as critical leverage points, while signaling
the demotivating roles of insecure tenure and negative
perceptions.



Table 4. Results of the motivation t-test

Variabel B t Sig. Note
(Constant) 16.495 2.358  0.019
Not
Age -0.100  -1.761 0.079 Significant
Education 1555 <1285 0199 o N
Significant
Occupation 1.494 2236 0.026  Significant
Knowledge 0.909 3.066 0.002  Significant
Attitude 0.538 1.741  0.083 . NOt
Significant
Length of Residence  -0.103 -0.640  0.523 . NOt
Significant
Residency Status 1.152 0.990 0.323 . NOt
Significant
Land Ownership Not
Status -1.678  -1.482  0.139 Significant
Community Not
Perception -0.596 -1.8430.066 Significant
Communication 0.888 1.232  0.219 . NOt
Significant
Resources 1.948 2.746  0.006  Significant
Institutional Attitude  3.113 2302  0.022  Significant
Bureaucratic 3273 2476 0.014 Significant
Structure
Organization 8.335 3.095 0.002  Significant
Program 10.197  3.549 0000 Significant
Implementation

Furthermore, the availability of resources such as funds,
tools, and technical support facilitates the implementation of
activities, which has a positive effect on individual or group
motivation. In addition, a positive and responsive institutional
attitude provides a sense of trust and security, so that people
feel more motivated to participate. The factor of an efficient
and transparent bureaucratic structure is also important
because it minimizes administrative obstacles, simplifies the
process, and keeps the spirit of participation high [41]. The
role of the organization as a community motivator and
facilitator has also been shown to strengthen motivation
through good coordination and member empowerment.
Finally, the implementation of a program that runs smoothly
and provides real results will increase the sense of ownership
and ongoing motivation [42].

Next, an F test was carried out, which aims to test the
significance of the influence of all independent variables
simultaneously on the dependent variable, namely motivation.
The F test is used to determine whether the regression model
that was built as a whole is able to explain the variability of
motivation significantly. The results of the F test analysis can
be seen in Table 5:

Table 5. Results of the motivation F test

Mode ~ Sumof Mean = £ pvalue
Squares Square
Regression  71666.884 10 7166.688 87.387 0.000g
Residual ~ 30015.976 366 82.011
Total 101682.859 376

The results of the F test show that the overall regression
model is significant in explaining motivation variables,
indicated by an F value of 87.387 with a p value = 0.000 (p <
0.05). This means that the independent variables included in
the model together have a significant effect on motivation. In
other words, this model is able to explain variations in
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motivation well, so it is suitable for use in predicting and
analyzing factors that influence motivation.

Practically, the significance of this model indicates that a
combination of factors such as work, knowledge, resources,
institutional attitudes, bureaucratic structure, organization, and
program implementation simultaneously play an important
role in increasing individual or group motivation [43]. This is
in line with recent research showing that regression models
with contextual and structural variables can effectively predict
motivation in various organizational and societal contexts
[44]. A significant model also indicates the need for an
integrated approach in resource management and capacity
building to maintain and enhance motivation, as each variable
contributes to shaping overall motivation [45].

Test of determination coefficient (R?). This test provides
information on the strength of the regression model in
explaining the proportion of variability in motivation caused
by changes in the independent variables. The results of the
determination coefficient test can be seen in Table 6:

Table 6. Results of the determination coefficient test of

motivation
R R Square Adjusted R Square SE
0.840 0.705 0.697 9.056

The results of the regression analysis show an R value of
0.840, indicating a strong relationship between the
independent and dependent variables. R Square of 0.705
means that 70.5% of the variation in the dependent variable
can be explained by the independent variables used in the
model. The Adjusted R Square value of 0.697 indicates that
this model is quite good at explaining data variation, with a
slight correction for the number of variables used. SE
(Standard Error) of 9.056 indicates the level of prediction error
in this model. Overall, this model is quite good at explaining
the relationship between the variables analyzed. The
motivation analysis model in this study is visualized through
the following image. The image systematically illustrates the
relationship between the independent variables and the
dependent variable (motivation).

4.5 Multiple linear regression community preparedness
analysis model

Independent Variables: These are the variables that are
assumed to influence other variables in the model. In this figure,
the exogenous variables are shown on the left side and are
labeled X1 to X15. These variables are: Age (X1), Education
(X2), Occupation (X3), Knowledge (X4), Attitude (X5),
Length of residence (X6), Residential status (X7), Land/land
ownership status (X8), Community perception (X9),
Communication (X10), Resources (X11), Institutional attitudes
(X12), Bureaucratic structure (X13), Organization (X14),
Program implementation (X15) and Motivation (Y). The
Dependent Variable is Community Preparedness (Z).

Before conducting the regression analysis, classical
assumption testing is required to ensure the validity and
reliability of the model used. The classical assumption tests
include the normality test (Figure4(A)), the multicollinearity
test (Table 7), and the heteroscedasticity test (Figure 4(B)),
each of which aims to examine the distribution of data, the
relationship between independent variables, and the
consistency of residual variance. The following is an



explanation of the methods used in testing the classical
assumptions in this study.

The Normal P-P Plot shows that the distribution of
regression residuals for the wvariable Readiness is
approximately normal, as indicated by the data points
generally following the diagonal line, despite the presence of
minor and non-significant deviations. Meanwhile, the results
of the heteroscedasticity test using a scatterplot demonstrate
that the residuals are randomly distributed around the
horizontal axis without any discernible pattern, suggesting the
absence of heteroscedasticity. Therefore, the assumptions of
normality and homoscedasticity in the regression model are
met, supporting the validity of the analysis results.

However, the slight deviations observed in the P-P Plot
should still be acknowledged as a limitation, as they may
indicate minor imperfections in the residual distribution that
could affect parameter estimates if the model is applied to a
larger sample or a different context. Several studies emphasize
that even slight departures from normality or homoscedasticity,

while often overlooked, can introduce small biases or affect
the robustness of statistical inference—especially in small
samples or complex models [46]. As such, the interpretation
of regression results should be conducted with caution,
considering the possibility of minor biases that may not be
visually evident but could impact practical applications or the
generalizability of the findings.

Table 7 presents the results of the collinearity analysis,
showing the Tolerance and VIF values for each variable. A
Tolerance value below 0.1 or a VIF greater than 10 is generally
considered an indicator of serious multicollinearity. In this
case, variables such as Organization (Tolerance = 0.195; VIF
= 5.140) and Program Implementation (Tolerance = 0.178;
VIF = 5.628) have relatively low Tolerance and moderately
high VIF values, although still below the critical threshold.
This suggests a potential for moderate multicollinearity that
should be taken into account, as it may affect the stability of
regression coefficients and the accuracy of interpretation.

Normal P-P Plot of Regression Standardized Residual
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Table 7. Multicollinearity test results

Collinearity Statistics

Variabel Tolerance VIF
(Constant)
Age 0.828 1.208
Education 0.837 1.195
Occupation 0.964 1.037
Knowledge 0.638 1.568
Attitude 0.542 1.846
Length of Residence 0.871 1.149
Residency Status 0.859 1.165
Land Ownership Status 0.852 1.174
Community Perception 0.695 1.440
Communication 0.364 2.744
Resources 0.377 2.653
Institutional Attitude 0.269 3.716
Bureaucratic Structure 0.271 3.684
Organization 0.195 5.140
Program Implementation 0.178 5.628
Motivation 0.290 3.449

Most of the other variables show adequate Tolerance values
and low VIFs, indicating no significant multicollinearity
issues within the model. However, to improve precision and
reduce the risk of bias due to intercorrelation among
independent variables, it is advisable to consider approaches
such as variable reduction using Principal Component
Analysis (PCA) or exploratory factor analysis, and exploring
the possibility of merging correlated variables into a single
composite construct. Another alternative is to apply variable
transformation to minimize redundancy or to revisit the
conceptual definitions of each variable [47].

Overall, the classical assumption tests indicate that the
regression model meets the requirements for multiple linear
regression analysis. Therefore, to examine the relationship
between the independent and dependent variables, this study
employs multiple linear regression as the primary analytical
method. Table 8 presents the results of the multiple regression
analysis:

Table 8. Results of the community preparedness analysis
model multiple linear regression

Unstandardized
Step Variable Coefficients t Sig.
B Std. Error
1 (Constant) -1.416 900  -1.573 .117
Age .002 .007 212 832
Education .096 155 623 534
Occupation .092 .086 1.072 .285
Knowledge .066 .038 1.708 .088
Attitude .042 .040 1.065 .288
Length of Residence .009 .021 425 671
Residency Status .058 .149 386 .699
Land Ownership -.026 .145 -.176  .860
Status

Community Perception .002 .041 .060 .952
Communication 015 .092 167 .868
Resources .078 .092 850 .396
Institutional Attitude  .195 174 1.118 264
Bureaucratic Structure  .141 .170 828 408
Organization .021 .349 .060 952
Program 1.103 373 2.953 .003

Implementation
Motivation .108 .007  16.137 .000
2 (Constant) -1.413 897  -1.575 .116
Age .002 .007 210 834
Education .096 .155 622 534

3760

Unstandardized
Step Variable Coefficients t Sig.
B Std. Error
Occupation .092 .086 1.075 .283
Knowledge .066 .038 1.745 .082
Attitude .042 .039 1.078 .282
Length of Residence ~ .009 .021 430 .667
Residency Status .059 147 402 .688
Land Ownership -.025 145 =173 .863
Status
Communication .015 .092 168 .867
Resources .078 .091 858 392
Institutional Attitude .196 173 1.132 258
Bureaucratic Structure  .141 170 827  .409
Organization .022 .348 .064  .949
Program 1.104 372 2.967 .003
Implementation
Motivation .108 .007  16.230 .000
3 (Constant) -1.408 893  -1.576 .116
Age .002 .007 214 831
Education .096 154 621 535
Occupation .092 .086 1.077 282
Knowledge .066 .038 1.747 .081
Attitude .043 .039 1.090 .276
Length of Residence  .009 .021 431 .667
Residency Status .058 .146 400 .690
Land Ownership -.025 .144 -.177 860
Status
Communication .015 .092 167 867
Resources .079 .091 .868  .386
Institutional Attitude  .195 172 1.133 258
Bureaucratic Structure  .143 164 872 384
Program 1.118 297 3.767 .000
Implementation
Motivation .109 .007  16.466 .000
4 (Constant) -1.415 .891 -1.587 .113
Age .002 .007 212 .832
Education .097 154 628 530
Occupation .091 .085 1.066 .287
Knowledge .066 .038 1.746 .082
Attitude .044 .039 1.135 257
Length of Residence ~ .009 .020 419 675
Residency Status .058 146 395 .693
Land Ownership -.025 .144 -.173 863
Status
Resources .086 .081 1.063 .288
Institutional Attitude  .196 A7 1.145 253
Bureaucratic Structure  .144 164 .877 381
Program 1.128 291 3.884 .000
Implementation
Motivation .109 .007  16.529 .000
5 (Constant) -1.449 868  -1.669 .096
Education .001 .007 206 .837
Occupation .096 154 626 531
Knowledge .090 .085 1.059 .290
Attitude .065 .037 1.740 .083
Length of Residence  .043 .038 1.126 .261
Residency Status .008 .020 414 679
Land Ownership .063 .142 446 .656
Status
Resources .085 .080 1.054 292
Institutional Attitude .193 170 1.134 258
Bureaucratic Structure  .144 164 .879 380
Program 1.128 .290 3.889 .000
Implementation
Motivation .109 .007  16.640 .000
6 (Constant) -1.337 675 -1.981 .048
Education .084 142 593 553
Occupation .090 .085 1.063 .289
Knowledge .065 .037 1.741 .083
Attitude .043 .038 1.121  .263




Unstandardized
Step Variable Coefficients t Sig.
B Std. Error

Length of Residence  .008 .020 401 .689

Residency Status .063 142 442 659

Resources .085 .080 1.055 .292

Institutional Attitude  .195 .169 1.151 .251

Bureaucratic Structure  .145 .164 885 377

Program 1.127 290 3.890 .000
Implementation

Motivation .109 .006 16.708 .000

7 (Constant) -1.326 .673 -1.969 .050

Education .085 142 596 552

Occupation .091 .084 1.081 .281

Knowledge .066 .037 1.764 .079

Attitude .045 .038 1.187 .236

Residency Status .064 141 453 651

Resources .084 .080 1.053 .293

Institutional Attitude .200 .169 1.187 .236

Bureaucratic Structure  .150 .163 923 357

Program 1.124 289 3.887 .000
Implementation

Motivation .108 .006 16.726 .000

8 (Constant) -1.233 .641 -1.925 .055

Education .082 142 576 565

Occupation .089 .084 1.057 .291

Knowledge .066 .037 1.774 .077

Attitude .046 .038 1.230 219

Resources .084 .080 1.048 .295

Institutional Attitude  .199 169 1.179 239

Bureaucratic Structure  .151 .163 929 354

Program 1.132 288 3.926 .000
Implementation

Motivation .109 .006 16.787 .000

9 (Constant) -915 323 -2.828 .005

Occupation .090 .084 1.066 .287

Knowledge .068 .037 1.836 .067

Attitude .047 .038 1.237 217

Resources .086 .080 1.078 .282

Institutional Attitude  .192 .168 1.141 255

Bureaucratic Structure  .156 162 959 338

Program 1.133 288 3.933 .000
Implementation

Motivation .108 .006 16.793 .000

10 (Constant) -914 323 -2.827 .005

Occupation .090 .084 1.065 .288

Knowledge .073 .037 1.984 .048

Attitude .046 .038 1.215 .225

Resources .103 .078 1.320 .188

Institutional Attitude 253 155 1.625 .105

Program 1.182 284 4.166 .000
Implementation

Motivation .110 .006 17.249 .000

11 (Constant) -.814 .309 -2.630 .009

Knowledge .072 .037 1.968 .050

Attitude .044 .038 1.170 .243

Resources .102 .078 1.310 .191

Institutional Attitude 248 155 1.593 112

Program 1.179 284 4.155 .000
Implementation

Motivation 110 .006 17.453 .000

12 (Constant) =754 .305 -2.469 014

Knowledge .084 .035 2.403 .017

Resources .105 .078 1.351 .177

Institutional Attitude 277 153 1.806 .072

Program 1.210 283 4.282 .000
Implementation

Motivation 111 .006 17.647 .000

13 (Constant) =771 305 -2.526 .012

Knowledge .088 .035 2.518 .012

Institutional Attitude  .331 148 2227 .027
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Unstandardized

Step Variable Coefficients t Sig.
B Std. Error
Program 1.236 282 4.381 .000
Implementation
Motivation 113 006 18.565 .000

The regression equation Y = —0.771 + 0.088 (Knowledge)
+ 0.331 (Institutional attitude) + 1.236 (Program
implementation) + 0.113 (Motivation) + € shows that the
variables of knowledge, institutional attitude, program
implementation, and motivation have a positive effect on the
level of community preparedness. The regression coefficient
of 0.088 on the knowledge variable indicates that every one
unit increase in knowledge will increase preparedness by
0.088 units, assuming other variables are constant. Similarly,
increases in institutional attitude and program implementation
each contribute 0.331 and 1.236 to preparedness. The
motivation variable also has a positive effect of 0.113. The
constant value of -0.771 indicates the value of preparedness
when all independent variables are zero. Overall, this model
reflects that program implementation is the most dominant
factor in increasing community preparedness, followed by
institutional attitudes, motivation, and knowledge.

The analysis shows that institutional attitude significantly
influences community preparedness. This supports the view
that responsive and service-oriented institutions foster a
supportive environment for public engagement [19]. The
knowledge variable also contributes positively to
preparedness. As individuals gain a better understanding of
programs, they are more likely to participate. Adequate
resources and information improve both implementation
efficiency and public perception, which in turn enhance
motivation [48]. Moreover, individual motivation plays a key
role in promoting preparedness. Individuals with high self-
efficacy and a strong belief in the benefits of action are more
likely to engage, even when facing external challenges.
Overall, these findings highlight the importance of
institutional support, knowledge, and personal motivation in
strengthening community readiness [49].

After conducting multiple linear regression tests, the next
step is to conduct a t-test to test the significance of the
influence of each independent variable on the dependent
variable, namely motivation, partially. The following is a table
of t-test results:

Table 9. Community preparedness t-test results

Variabel B t Sig. Note
(Constant) -1.416 -1.573  .117
Age .002 212 .832  Not Significant
Education .096 .623 .534  Not Significant
Occupation .092 1.072 285 Not Significant
Knowledge 066 1.708  .088 Not Significant
Attitude .042 1.065 .288  Not Significant
Length of Residence .009 425 .671  Not Significant
Residency Status .058 .386 .699  Not Significant
Land Ownership Status  -.026  -.176 .860 Not Significant
Community Perception  .002 .060 952 Not Significant
Communication 015 167 .868  Not Significant
Resources .078 .850 396  Not Significant
Institutional Attitude .195 1.118  .264 Not Significant
Bureaucratic Structure  .141 .828 408 Not Significant
Organization .021 .060 952 Not Significant
Program 1.103 2953 .003 Significant
Implementation
Motivation .108  16.137  .000 Significant




Based on Table 9, it can be seen that the results of the
regression analysis show that most demographic, social, and
structural variables such as age, education, occupation,
knowledge, attitude, length of residence, population status,
land/land  ownership status, community perception,
communication, resources, institutional attitudes, bureaucratic
structure, and organization do not have a significant effect on
community preparedness. This finding indicates that these
factors are not strong enough to directly encourage
preparedness in the context of this study.

On the contrary, program implementation and community
motivation emerge as two primary factors that significantly
enhance preparedness. Effective implementation ensures that
interventions, education, and resources are well-targeted and
consistently delivered. Emphasize the importance of evidence-
based and community-driven programs in strengthening
preparedness. Community motivation also plays a crucial role,
as preparedness is influenced not only by knowledge but also
by individuals’ awareness and internal drive to take preventive
action [50]. Found that intrinsic motivation and risk perception
significantly shape disaster preparedness behavior. The
relevance of the Theory of Planned Behavior further reinforces
this, suggesting that attitudes, perceived norms, and behavioral
control shape intentions and actions in risk contexts [51].

Well-designed mitigation programs, combined with
adequate social support, build both community capacity and
self-confidence in facing disaster threats. In this regard,
motivation acts as a key driver of sustained engagement.
Therefore, enhancing community preparedness requires a dual
focus: improving program implementation through
participatory and empowering approaches, and strengthening
motivation via effective education, risk communication, and
the development of robust social networks. While
demographic and social factors provide important context,
they are insufficient without targeted interventions and
internal motivation [52].

Next, an F test is conducted, which aims to test the
significance of the influence of all independent variables
simultaneously on the dependent variable, namely motivation.
The F test is used to determine whether the regression model
built as a whole is able to explain the variability of motivation
significantly. The results of the F test analysis can be seen in
Table 10:

Table 10. Results of the F test community preparedness

Sum of Mean

Model df F P Value
Squares Square
Regression  2349.799 4 587.450 448.108 0.000n
Residual 487.676 372 1.311
Total 2837.475 376

Based on Table 10, it can be seen that the F Test in the
regression analysis is used to test whether the independent
variables in the model simultaneously have a significant effect
on the dependent variable, namely community preparedness.
The results of the F test show an F value of 448.108 with a p-
value of 0.000 (p < 0.001), which means that the regression
model used is statistically very significant in explaining
variations in community preparedness.

This very large F value indicates that the combination of
independent variables in the model together has a real
influence on community preparedness, so that the regression
model is suitable for use in predicting preparedness. This
indicates that these variables are collectively able to explain
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differences in preparedness among individuals or groups in
society.

Test of determination coefficient (R?). This test provides
information about the strength of the regression model in
explaining the proportion of variability in motivation caused
by changes in independent variables. The results of the
determination coefficient test can be seen in Table 11:

Table 11. Results of the community preparedness
determination coefficient test

R
0.910

SE
1.145

R Square
0.828

Adjusted R Square
0.826

The multiple determination coefficient (R?) from Table 11
shows that the results of the regression analysis show an R
value of 0.910, which indicates a very strong relationship
between the independent and dependent variables. R Square of
0.828 means that 82.8% of the variation in the dependent
variable can be explained by the independent variables in the
model. The Adjusted R Square value of 0.826 indicates that
this model is good at explaining the data, with little adjustment
for the number of variables used. The SE (Standard Error) of
1.145 indicates a relatively low level of prediction error,
indicating good model accuracy. Overall, this model is very
good at explaining the relationship between the variables
analyzed.

4.6 Community preparedness model with
motivation mediation

analysis

Path analysis is a development of multiple linear regression
used to identify direct and indirect influences between
variables. In this study, path analysis was used to evaluate the
influence of various factors on community preparedness, with
motivation as a mediating variable. The results of the analysis
showed that of all the independent variables, only program
implementation had a direct and significant influence on
community preparedness. Meanwhile, motivation was
significantly influenced by the variables of work, knowledge,
resources, institutional attitudes, bureaucratic structure,
organization, and program implementation. In addition,
motivation was proven to have a significant influence on
community preparedness, indicating a mediating role. This
model emphasizes the importance of program implementation
and increasing community motivation in strengthening
preparedness.

The results of the analysis show that the bureaucratic
structure has a fairly large influence on motivation with a
coefficient of 0.356, and has a direct influence on community
preparedness of 0.076. Meanwhile, the variables of
organization and program implementation show a relatively
small direct influence on motivation (0.001 and 0.033
respectively) and community preparedness  (0.117
respectively). However, motivation as a mediating variable
has a very significant influence on community preparedness,
with a coefficient of 0.927. This finding indicates that
motivation is the main factor that strengthens the influence of
other variables on community preparedness.

This discussion aligns with recent research emphasizing the
critical role of bureaucratic structure in facilitating community
motivation through effective administrative support and
coordination. A study found that a clear and responsive
bureaucracy enhances public trust and encourages active



participation in preparedness programs [53]. Although the
variables of organization and program implementation showed
limited direct effects, the overall effectiveness of
implementation remains crucial for delivering resources and
education that trigger motivation. As highlighted, structured
program management contributes to increased trust and public
commitment, while successful implementation enhances
individuals’ self-efficacy—an essential factor for sustained
action [54].

Base on Figure 5, importantly, motivation functions as a
mediating variable linking structural factors to preparedness
outcomes. Drawing from the theory of motivation and social
behavior, both intrinsic and extrinsic motivations promote
consistent preparedness behaviors when supported by
enabling environments, such as effective organizational
frameworks and program structures [55]. This is supported by
path analysis results, which confirm that motivation
significantly —mediates the influence of program
implementation (X15) and organization (X14) on
preparedness (Z). The strongest indirect effects occur through
these two variables, suggesting that well-designed and
organized programs can substantially elevate motivation,
which in turn enhances community preparedness. Effective
communication and high motivation are key to the success of
preparedness initiatives. Communication builds public
awareness, strengthens commitment, and facilitates collective
engagement in disaster risk reduction [56].

In addition, the organization variable (X14)—reflecting the
role of community groups and social structures—also has a
notable impact on both motivation and preparedness. Strong
organizations enable information sharing, foster collective
attitudes, and reinforce social cohesion, all of which are central
to building preparedness [57]. Other supporting variables
include institutional attitude (X12) and bureaucratic structure

community resilience. Finally, variables such as occupation
(X3), knowledge (X4), and resources (X11) provide moderate
contributions. Emphasized that socio-economic conditions,
adequate information, and access to resources are foundational
for fostering preparedness [58].

Base on Table 12, direct influence path analysis that
variables with small effects and marginal significance, such as
Attitude (XS5), suggest that individual attitudes contribute to
preparedness, but likely require reinforcement from other
enabling factors to yield significant impact. In contrast,
variables such as Education (X2), Land Ownership Status
(X8), and Community Perception (X9) show insignificant
negative effects. These results may reflect the complexity of
social dynamics and localized contextual factors that are not
fully captured by the current model. Supporting this
interpretation, argue that lived experience and continuous
program engagement can gradually improve public
knowledge, awareness, and proactive behavior in disaster
preparedness. This reinforces the conclusion that robust
program implementation and strong organizational support are
essential drivers of preparedness, primarily through their
influence on motivation [59].

Overall, the findings underscore the critical role of
institutional and organizational variables and highlight
motivation as a central mediating mechanism linking
structural factors to community preparedness. An integrated
intervention strategy that focuses on enhancing motivation is
therefore considered more effective in achieving sustainable
improvements in community preparedness. To gain deeper
insight into the model's dynamics, both indirect and total
effects were calculated. Indirect effects refer to the influence
of an independent variable on the dependent variable that
occurs through one or more mediators. In this case, certain
variables may not exhibit direct effects on preparedness, but

(X13), which reflect institutional responsiveness and they exert influence indirectly through motivation and other
governance quality. Institutional support strengthens public interconnected factors within the model [60].
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Figure 5. Results of community preparedness analysis model with motivation mediation
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Table 12. Results of direct influence path analysis

Path Analysis Coefficient  Sig.

Age — Motivation -0.100 0.079

Education — Motivation -1.555 0.199

Occupation — Motivation 1.494 0.026

Knowledge — Motivation 0.909 0.002

Attitude — Motivation 0.538 0.083

Length of Residence — Motivation -0.103 0.523

Residency Status — Motivation 1.152 0.323

Land Ownership Status — Motivation -1.678 0.139

Community Perception — Motivation -0.596 0.066

Communication — Motivation 0.888 0.219

Resources — Motivation 1.948 0.006

Institutional Attitude — Motivation 3.113 0.022

Bureaucratic Structure — Motivation 3.273 0.014

Organization — Motivation 8.335 0.002

Program Implementation — Motivation 10.197 0.000

Age — Community Preparedness 0.002 0.832

Education — Community Preparedness 0.096 0.534

Occupation — Community Preparedness 0.092 0.285

Knowledge — Community Preparedness 0.066 0.088

Attitude — Community Preparedness 0.042 0.288

Length of Residence — Community 0.009 0.671
Preparedness

Residency Status — Community 0.058 0.699
Preparedness

Land Ownership Status — Community -0.026 0.860
Preparedness

Community Perception — Community 0.002 0.952
Preparedness

Communication — Community 0.015 0.868
Preparedness

Resources — Community Preparedness 0.078 0.396

Institutional Attitude — Community 0.195 0.264
Preparedness

Bureaucratic Structure — Community 0.141 0.408
Preparedness

Organization — Community Preparedness 0.021 0.952

Program Implementation — Community 1.103 0.003
Preparedness

Motivation — Community Preparedness 0.108 0.000

The results of the path analysis reveal a complex network of
indirect relationships between independent variables (X1-X15)
and community preparedness (Z), with motivation (Y) acting
as a central mediating variable. This supports theoretical
frameworks which assert that disaster preparedness is not
solely shaped by individual or environmental characteristics
but is strongly influenced by psychosocial factors, particularly
motivation. Program Implementation (X15) and Organization
(X14) showed very large indirect effects (= 0.5), with
coefficients of 1.244 and 1.009 respectively (p < 0.01). These
results underscore the pivotal role of well-planned,
community-based programs and active local organizations in
generating  collective  motivation, thereby enhancing
preparedness. This aligns, who emphasize that the success of
disaster policies largely depends on local participation and
effective grassroots implementation [53].

Base on Table 13, Large indirect effects (0.3—-0.49) were
also observed for Institutional Attitude (X12) and Bureaucratic
Structure (X13), indicating that trust in responsive institutions
significantly enhances internal motivation. Moderate effects
(0.1-0.29) were found for Occupation (X3), Knowledge (X4),
Residential Status (X7), Communication (X10), and
Resources (X11). Notably, knowledge and communication
play key roles in shaping risk perception and triggering action
[61]. Availability of resources and employment status also
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influence individuals' sense of efficacy, which contributes to
readiness. The Attitude variable (X5) demonstrated only a
small effect (0.01-0.09), suggesting that while positive
attitudes contribute, they are insufficient without contextual
support such as knowledge or community structure [62]. This
supports the argument that attitude alone is not a strong
predictor of preparedness.

Table 13. Results of indirect influence path analysis

Path Analysis Indirect Effects Total Effect
Age — Motivation — -0.100 x 0.108  0.002 + (-0.100 x
Community Preparedness =-0.011 0.108) =-0.009
Education — Motivation — -1.555%0.108  0.096 + (-1.555 x
Community Preparedness =-0.169 0.108) =-0.073

Occupation — Motivation — 1.494 x 0.108 =  0.092 + (1.494 x

Community Preparedness 0.164 0.108) =0.256
Knowledge — Motivation — 0.909 x 0.108 =  0.066 + (0.909 x
Community Preparedness 0.101 0.108) =0.167
Attitude — Motivation — 0.538 x 0.108 = 0.042 + (0.538 x
Community Preparedness 0.060 0.108) =0.102
Length of Residence —»  -0.103 x 0.108  0.009 + (-0.103 x
Motivation — Community =-0.012 0.108) =-0.003
Preparedness
Residency Status — 1.152 x0.108 = 0.058 + (1.152 x
Motivation — Community 0.131 0.108)=0.189
Preparedness

Land Ownership Status — -1.678 x 0.108 -0.026 + (-1.678 x
Motivation — Community =-0.193 0.108)=-0.219
Preparedness

Community Perception — -0.596 X 0.108  0.002 + (-0.596 %

Motivation — Community =-0.069 0.108) =-0.067
Preparedness
Communication — 0.888 x 0.108 = 0.015 + (0.888 x
Motivation — Community 0.104 0.108)=0.119
Preparedness
Resources — Motivation — 1.948 x 0.108 = 0.078 + (1.948 x
Community Preparedness 0.230 0.108) =0.308
Institutional Attitude —»  3.113 x0.108 = 0.195+ (3.113 x
Motivation — Community 0.370 0.108) = 0.565
Preparedness
Bureaucratic Structure — 3.273 x 0.108 =  0.141 + (3.273 x
Motivation — Community 0.393 0.108) =0.534
Preparedness
Organization — Motivation 8.335 x 0.108 = 0.021 + (8.335 x
— Community Preparedness 1.009 0.108) =1.030
Program Implementation — 10.197 x 0.108 1.103 + (10.197 x
Motivation — Community =1.244 0.108) =2.347

Preparedness

Several variables exhibited negative indirect effects,
notably Education (X2), Land Ownership (X8), and
Community Perception (X9). The strongest negative effect
was from X8, reflecting that land tenure insecurity reduces
community participation and motivation—consistent with,
who found that land conflicts weaken social cohesion and
readiness [63]. Demographic factors like Age (X1) and Length
of Stay (X6) had small, non-significant negative effects,
reinforcing the idea that such variables are contextual and
exert limited influence unless considered alongside social and
psychological factors [64].

In sum, these findings confirm that motivation (Y) is a
dominant mediator that translates structural, social, and
individual factors into preparedness behavior. Effective
interventions must prioritize strengthening motivation through
enhanced program implementation, active community
organizations, bureaucratic reforms, and institutional
responsiveness—identified here as the most influential



pathways to improved disaster preparedness [65].
4.7 Importance performance map analysis

In research using PLS-SEM, it is recommended to conduct
further analysis to provide clear managerial implications
regarding management priorities and attention. One method
used is the Importance Performance Map Analysis (IPMA),
which combines two dimensions, namely the level of
importance of variables or indicators (importance) and their
actual performance (performance) against the dependent
variable or target construct in the model. With this approach,
IPMA helps identify variables or indicators that are considered
important by respondents and evaluate their performance, so
that management can make data-based decisions and avoid
erroneous assumptions. The IPMA process integrates
descriptive analysis in the form of average performance values
and inferential analysis in the form of total effects, which are
then plotted in a quadrant map based on the X axis
(importance/total effect) and the Y axis
(performance/satisfaction). This mapping makes it easier to
group variables or indicators into categories that need to be
maintained or improved. IPMA results are presented in two
forms, namely the construct level and the more detailed
indicator level, providing comprehensive strategic guidance
for management [66].

Based on Table 14, the average value (mean) for the
importance of the employee performance construct is 0.224,
while the mean for performance is 49.88. Values below this
average are categorized as low, while values above the average
are considered high. Using these two mean values, two
dividing lines are created that divide the mapping graph into
four quadrants, as shown in Figure 6. This IPMA analysis
allows the identification of variables or factors that have
shown good performance and need to be maintained, as well
as factors that still need improvement. The explanation of each
quadrant is as follows [67]: Quadrant I (top right) shows
variables that are important and have performed well;
Quadrant II (bottom right) includes variables that are
important but still perform poorly; Quadrant III (bottom left)
contains variables that are not important and also perform
poorly; while Quadrant IV (top left) contains variables that are
not important but have shown good performance. This
approach provides a strategic framework for management in

determining performance development priorities.

Table 14. Specific indirect effect results

Construct Construct
Variable Importance for  Performances for
Community Community
Preparedness Preparedness
Communication 0.151 94.58
Resources 0.346 93.611
Institutional Attitude -0.018 95.052
Bureaucratic Structure 0.262 94.389
Organization -0.341 94.289
Program Implementation 0.267 94.012
Motivation 0.315 85.172
Mean 0.14 93.02

The Importance—Performance Map Analysis (IPMA) offers
a strategic overview of management priorities in enhancing
community preparedness. In Quadrant I, key factors such as
Communication, Resources, Bureaucratic Structure, and
Program Implementation are identified as both important and
high-performing. These variables significantly contribute to
preparedness and are being implemented effectively.
Sustaining and further enhancing performance in these areas
is therefore essential. Effective communication and resource
management form the foundation of disaster preparedness,
while a well-structured bureaucracy ensures responsive
coordination and consistent program delivery [68]. In contrast,
Quadrant II highlights Motivation as a highly important but
underperforming factor. This indicates an urgent need to focus
on strengthening community motivation to achieve more
substantial improvements in preparedness. Emphasize that
motivation is a key psychological driver of adaptive behavior
in disaster contexts, which can be enhanced through targeted
education and strong social support [69]. Accordingly,
boosting motivation should be prioritized in preparedness
strategies. Quadrant IV includes Institutional Attitudes and
Organizational Attitudes, which, although well-executed,
show relatively low impact on preparedness. This suggests the
need for greater efficiency in allocating resources to these
aspects. Strategic management framework, investments
should be focused on areas with the highest value-added
contribution to outcomes [70].
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Figure 6. IPMA construct results
Source: PLS-SEM data processing results

3765



By applying the IPMA framework, decision-makers are
better equipped to allocate efforts and resources effectively,
ensuring that preparedness programs are both evidence-based
and strategically targeted to maximize community resilience
[71].

5. CONCLUSION

Based on the results of multiple linear regression analysis
and path analysis, it can be concluded that the model used has
met the classical assumptions and is strong enough to explain
community preparedness, with Results showed R? = 0.705 for
the motivation model and R? = 0.828 for the preparedness
model, indicating that 70.5% and 82.8% of the variation in
each respective variable can be explained by the model.
Motivation emerged as a dominant mediator with a coefficient
of B=0.927, strengthening the influence of structural factors
on preparedness. [IPMA positioned communication, resources,
bureaucratic structure, and program implementation in the
high-importance, high-performance quadrant, indicating the
need for maintenance. In contrast, motivation appeared in the
high-importance, low-performance quadrant, highlighting it as
a priority area for intervention. Institutional and organizational
attitudes showed good performance but low contribution,
suggesting the need for managerial optimization to focus
resources on more strategic aspects. These findings
recommend participatory policies centered on strengthening
community motivation and improving field program
effectiveness to enhance collective preparedness. Community-
based early warning systems, initial fire suppression training,
environmentally friendly economic incentives, and inclusive
risk communication campaigns are suggested to boost
motivational performance and ensure a swift response when
fire risks are detected at the local level.
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