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Abstract: Wildfires are among the main factors that disturb terrestrial ecosystems, landscapes, and the
environment. Understanding the differences that the socioeconomic factors of different administrative
levels have on fire occurrence remains critical to inform the driving function of ignition sources.
In this study, we collected socioeconomic and land use data for 21 cities and 81 counties in the
study area from 2001 to 2019 and applied a multilevel model to explore the relationship between
wildfire occurrence density and the driving factors. We estimated the fixed and random effect of the
factors at different levels and built three hierarchical linear models (HLMs) to quantify the impacts of
socioeconomic drivers on wildfires. The results showed that the variance among cities contributed
to 14.01% of the unexplained variation of random effects at the county level. At the county level,
the densities of middle school student populations, gross domestic product (GDP), and impervious
surface areas were significantly positively correlated with fire occurrence density. At the city level,
GDP and its interaction with county-level factors were significantly negatively correlated with fire
occurrence density. This study provides a new method and findings for the research of wildfire
occurrence and risk.

Keywords: hierarchical linear modeling; MODIS active fire; variance in different levels; fire igni-
tion source

1. Introduction

Wildfire is an important disturbance factor in terrestrial ecosystems and plays a key
role in mediating the structure, function, and evolutionary succession of the ecosystem
while also exerting a significant impact on the global carbon cycle and climate change [1–4].
Especially in fire-adapted ecosystems, such as dry pine, dry coniferous mixed forest,
grassland, savanna, etc., wildfire has become a component of these ecosystems for the
maintenance, restoration, and succession of the landscape [5–9]. With global climate change,
the length of the fire season and fire weather have been substantially prolonged, leading to
a great increase in fire occurrence [10,11]. It is predicted that the frequency and intensity of
wildfires will further increase in the coming decades [11–13].

Wildfires are the result of the interaction of multiple factors at different spatial and
temporal scales [14,15]. Vegetation, climate, and ignition source are the major fire drivers
that determine the spatial and temporal patterns of wildfires [16–20]. Analyzing the causes
of wildfire occurrence and wildfire dynamics is the basis for estimating fire risk, fire
behavior, and related consequences [21–25]. Wildfires can be classified into two categories
on the basis of the type of ignition material. These are natural fires and anthropogenic fires.
Natural fires are mainly caused by lightning [22,26,27], while anthropogenic fires are more
common around the world and are strongly associated with human activities [28–30].

Some ordinary activities and factors that may potentially lead to wildfires include
picnics, children playing with fire, festivals, smoking, cooking, deregulation, etc. [31–35].
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However, it is difficult to accurately quantify the extent to which human factors (i.e.,
major fire ignition sources) contribute to wildfire because most factors are difficult to
predict at the landscape scale [36]. Some previous studies used socioeconomic factors
(such as population, gross domestic product, number of students) and land use factors
(e.g., area of forest, settlement and field pattern, length and density of roads) to represent
the ignition factors [35,37–44]. In these studies, socioeconomic data and land use data
representing fire ignition sources are mainly analyzed, and good results were achieved, by
taking administrative regions as the statistical units to explore the distribution pattern of
anthropogenic fires [33,40,41,43,45].

Other studies also analyzed the relationship between wildfire and drivers using a
specific unit or a single geographical scale to quantify wildfire distributions and evalu-
ate fire risks [25,46–49]. In some cases, county scale, prefecture-level city scale, or eco-
logical region scale are ideal scales to analyze the effect of factors on the occurrence of
wildfires [25,50–53]. However, wildfire ignitions and human activities are clustered on
different spatial scales [54]. Modeling relationships between socioeconomic factors and
wildfires at a single spatial scale only cannot completely explore the local variability among
related factors. Such methods take the samples as a group to analyze the average set of
results, ignoring some potential spatial variation across different spatial scales. Addition-
ally, these methods also minimized the spatial variability due to data distribution, random
samples, and regional differences (such as environmental background differences), and
ignored the variable bias in different statistical units [55]. It is difficult to understand human
behavior without considering its context, and the effects of variables at different scales on
wildfire may be confounded.

The relative relationships between human factors and fire occurrence also vary with
the change in spatial scales [14,56,57]. The impact of the overall regional characteristics on
wildfires can be effectively identified at larger scales, and the spatial variations of drivers
within the region can be detailed at smaller scales. Unfortunately, traditional correlation-
based methods are still limited when explaining the interaction between multilevel factors.
The multilevel model provides a flexible and effective quantitative method to model
individual and grouped data from different scales or levels and to analyze the relationship
between variables that vary depending on the environmental background. This method
solves the problem that arises from the traditional mathematical models; namely that
those models cannot explain the spatial variability of the relationships due to different
aggregation characteristics of variables at different levels [55].

In this study, we built a multilevel model that considered the spatial changes in wildfire
drivers at different levels to understand how socioeconomic variables at local (county level)
and higher (prefecture level) scales impact the distribution of wildfires. Additionally, this
work estimates how the impacts of different levels interact to affect wildfire distribution.
This study aims to explore the extent that spatial variation in fire occurrence is caused
by socioeconomic factors at the county level and the prefecture level. The analysis of the
spatial relationship between socioeconomic activities and wildfire occurrence can enrich
the research of the impact factors of wildfire occurrence and risk.

2. Materials and Methods
2.1. Study Area

The study area is the Changbai Mountain range, located in the eastern mountainous
area of the Liaoning, Jilin, and Heilongjiang provinces of China, between 38◦46′–47◦30′ N
and 121◦08′–134◦ E (Figure 1). It starts from Wanda Mountain in the north and extends
to Qianshan Mountain in the south, is approximately 1300 km long from north to south,
and 400 km wide from west to east. The elevation of the study areas ranges from 500
to 1000 m, and some mountain regions exceed 1000 m. The highest peak, General Peak,
is 2749.2 m in elevation and is one of the mountains in the east of the Asian continent.
The climate of Changbai Mountain is a temperate continental monsoon climate, with the
general characteristics of cold winters, warm summers, dry springs, and cool autumns. The
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average annual temperature is between −7 ◦C and 3 ◦C. The average temperature in July
is close to 10 ◦C, and in January, it is approximately −20 ◦C. The annual precipitation is
700–1400 mm, and the precipitation from June to September accounts for 60%–70% of the
annual rainfall.
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Figure 1. The location of the study area and the distribution of active forest fire points.

Forest constitutes the largest land use/land cover type in the region, accounting for
approximately 59% of the study area. Temperate coniferous and broad-leaved mixed forest
comprise the main vegetation types. The second most abundant land use type is cropland,
which accounts for approximately 35% of the study area. Other types are grassland,
shrub, wetland and water bodies, bare land, and artificial surfaces. Perennial snow cover
only appears sporadically at the top of the highest peak. The region spans 3 provinces,
21 prefecture-level cities, and 82 counties, which are all socioeconomically active. Forest
wildfires in this region occur mainly in spring and autumn, with small burned areas and
long fire intervals.

2.2. Data
2.2.1. Forest Fire Points

The MOD14A1/MYD14A1 (collection 6) dataset derived from the MODIS (Moderate-
Resolution Imaging Spectroradiometer) satellite provides daily active fire mask composite
products with 1 km spatial resolution [58]. The active fire product data covering the study
area span from January 2001 to December 2019 and were downloaded from the Level-1 and
Atmosphere Archive & Distribution System (LAADS) Distributed Active Archive Center



Forests 2023, 14, 391 4 of 14

(DAAC) (https://ladsweb.mod-aps.eosdis.nasa.gov/ (accessed on 12 August 2022)). The
MODIS Reprojection Tool (MRT) tool was used for image mosaicking, extraction, projection
information, and processing to obtain the thermal anomaly data, which is superimposed
with the forested areas to extract the forest fire pixel information for the study site. The
annual fire occurrence density of each county was calculated according to the number of
annual active fire points.

2.2.2. Socioeconomic Data and Land Use Data

The variables used in the model in this study were selected based on the results of
previous studies [43,59,60]. The probability of fire occurrence has a strong correlation with
variables related to human activity and accessibility [61]. Therefore, we chose the density
of the total population, gross domestic product (GDP), and agricultural GDP as human
activity-related variables, and the density of the impervious areas and cropland areas as hu-
man accessibility-related variables. In addition, Grala et al. [62] found that wildfires caused
by children were likely to occur in densely populated areas. Moreover, many studies have
found that fires caused by children were an important source of wildfire occurrence [31,62].
Also, the number of students was positively correlated with the population size, thus the
number of students could also reflect the spatial distribution of the total population.

The total population, number of middle school students, number of primary school
students, GDP, and agricultural GDP of 21 prefecture-level cities and 85 counties ranging
from 2001 to 2019 were obtained from the statistical yearbook to represent the socioeconomic
conditions of each administrative region. The 30 m spatial resolution land use/land cover
data (Landsat-derived annual China land cover dataset, CLCD) from 2001 to 2019 were
obtained from the following website: (http://doi.org/10.5281/zenodo.4417809 (accessed
on 18 September 2022)). The impervious areas and cropland areas were extracted to
calculate their coverage and proportion in each county. These socioeconomic and land use
data were used as human ignition sources to analyze the impact of anthropogenic factors
on forest fires at different spatial scales.

The socioeconomic data were organized into two datasets in this study (Table 1). The
city-level dataset contained annual average data from 2001 to 2019 for 21 cities. These
data included the total population density (TPOP_L2), density of middle school students
(MSTU_L2), density of primary school students (PSTU_L2), gross domestic product density
(GDP_L2), and density of agricultural GDP (AGDP_L2) of each city. The county-level
dataset contained data for the same variables spanning 85 counties over 19 years (the
abbreviations of these county-level variables were TPOP_L1, MSTU_L1, PSTU_L1, GDP_L1,
and AGDP_L1). In addition to these data, the fire occurrence density (FOD_L1), cropland
density (DOC_L1), and impervious surface area (DOIS_L1) of each county in each year
were included in the study. The fire occurrence density of each county in each year was
used as the dependent variable in the county-level dataset.

Table 1. Summary of variables for modeling.

Level Variable name Abbreviation Unit

1 Fire occurrence density FOD_L1 times/1000 km2

1 The density of the cropland DOC_L1 km2/km2

1 The density of the impervious surface area DOIS_L1 km2/km2

2 The density of the total population TPOP_L2 person/km2

2 The density of middle school students MSTU_L2 person/km2

2 The density of primary school students PSTU_L2 person/km2

2 The density of GDP GDP_L2 108 yuan/km2

2 The density of agricultural GDP AGDP_L2 108 yuan/km2

2.3. Multilevel Model

The hierarchical linear model (HLM), also known as a multilevel model (MLM), has
been widely used with nested data to examine the effects of group-level and individual-

https://ladsweb.mod-aps.eosdis.nasa.gov/
http://doi.org/10.5281/zenodo.4417809
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level covariates on the outcomes at an individual level [63–65]. The HLM is mainly used in
socioeconomic research, such as public health research [63], education research [66], hospi-
tality research [67], etc. The model could analyze the impact of different levels/degrees of
nested factors/data on the research objectives. For more details on the specific algorithm of
the hierarchical linear model, see Raudenbush and Bryk [68].

Currently, the analyses of influencing factors in wildfire research were always carried
out spatially related to fire distribution patterns at different scales, and the analyses of
nested relationships between different levels of influencing factors were rarely conducted,
which made it difficult to further explore the causes of the aggregation characteristics of
the spatial distribution of wildfire occurrence. Applying the HLM to study the relationship
between different levels of socioeconomic factors and fire occurrence could improve the
existing single-scale analysis, as well as, partially, address the multiscale and cross-scale
driving effects from different levels of socioeconomic factors on the distribution patterns of
wildfire occurrence. There are fewer researches applying multilevel models to study fire.

Socioeconomic data are almost always inherently nested, and issues related to socioe-
conomic data reflect the understanding of the interaction between different levels. For
example, the county level is nested at the city level, the city level at the province level, and
so on. The potential effects of heterogeneity among group-level regions (such as cities) on
individual-level variables can be addressed using an HLM following three steps:

First, a variance component model (null model) was fit to examine how much variance
can be explained by clustering the fire occurrence density of counties within city-level
regions. This null model is only used to estimate the difference in fire occurrence density
between and within city regions, without considering explanatory variables. The variance
component model formula was as follows:

Level 1 (County) : Y = ß0 + e . . .
Level 2 (City) : ß0 = fl00 + u0,

Combined model : Y = fl00 + u0 + e , e ∼ N
(
0, œ2

e0

)
, u0 ∼ N

(
0, œ2

u0

) (1)

where Y is the forest fire occurrence density in each county and city region; γ00 is the
intercept, that is, the overall mean of Y across all groups (cities); u0 is the difference
between the average fire occurrence density in each group (city) and the global average
fire occurrence density among all regions; e is the difference between Y and the average
fire occurrence density in each region; and σ2

u0
and σ2

e0
are the variations between and

within regions. These residuals at the city and county levels are assumed to follow normal
distributions. This model indicates that the fire occurrence density of the county is a
function of the mean fire occurrence density in the cities and some variation in the county.

The intraclass correlation index (ICC) was used to account for the variance in fire
occurrence density at the city level. That is, if only 1% of the overall variance is at the city
level, the significant variables at the city level can explain at most 1% of the variance in the
model results. With the variance component model, the ICC is defined as follows:

ICC =
σ2

u0

σ2
u0
+ σ2

e0

(2)

where σ2
u0

is the variance among the city-level regions and σ2
e0

is the variance among the
county-level regions within the same city region. The ICC value is between 0 and 1. A
high ICC value indicates that city-level regions are very important for explaining the
difference in fire occurrence density in counties; however, when the ICC value is very
small, the difference in the results cannot be attributed to the characteristics of the city-level
region [69].

Second, HLM provided a better estimation of the effects of county variables (indi-
vidual level) when considering the differences between cities (group level). By including
explanatory variables at the county level, the variance component model was extended to
the random intercept model to estimate fixed effects. The intercepts of the region regression
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lines may vary randomly between regions [63]. The random intercept and random/fixed
slope model can be formulated as follows:

Level 1 (County) : Y = π0 + πiXi + e,
Level 2 (City) : π0 = γ00 + u0,

πi = γi0 + ui
Combined model : Y = γ00 + (γi0 + ui)Xi + u0 + e

(3)

where Xi is the county-level predictor variable of the ith county within the city region. If
only the intercept u0 varies among city-level regions, ui will be deleted, and γi0 is the fixed
effects coefficient (slope). If not, the random coefficient ui is used as a random slope in the
function.

Finally, by exploring cross-level interactions, HLM can examine whether the effect of
county-level predictors may change depending on the environment, such as the change
in GDP at the city level. The model includes both county- and city-level predictors. The
random intercept and slope with the interaction model are shown as follows:

Level 1 (County) : Y = π0 + πiXi + e,
Level 2 (City) : π0 = γ00 + γ01Wj + u0,

πi = γi0 + γijWj + ui,
Combined model : Y = γ00 + γ01Wj +

(
γi0 + γijWj + ui

)
Xi + u0 + e

(4)

where Wj is the variable at city-level regions, which indicates the heterogeneity of the
variable among cities. This model expresses the fire occurrence density as a function with
the nested data structure and cross-level interaction between county and city levels.

The statistical software Hierarchical Linear and Nonlinear Modeling (HLM, version
7.0) was used to implement these multilevel models. When these models were running, all
variables of Level 1 were set as Group Centered, and variables of Level 2 were set as Grand
Centered.

3. Results
3.1. Samples and Two-Level Model Construction

A total of 638 samples of the county within 21 group units (city) were used for analysis,
regardless of the sample, with a fire occurrence density of zero. The descriptive information
of the variables used is shown in Table 2. Each socioeconomic factor exhibits significant
spatial differences among the cities.

Table 2. The samples in the dataset used in the HLM and the mean value of the factors.

City Name n * FOD_L1 DOC_L1 DOIS_L1 TPOP_L2 MSTU_L2 PSTU_L2 GDP_L2 AGDP_L2

Anshan 7 1.16 0.57 0.15 391.81 10.15 17.56 0.189 0.014
Baishan 22 1.44 0.76 0.08 187.68 6.51 8.81 0.044 0.005

Benxi 5 0.62 0.91 0.04 251.50 6.99 12.22 0.117 0.011
Changchun 94 1.08 0.74 0.04 203.92 6.20 9.86 0.082 0.009

Dalian 3 0.38 0.51 0.21 459.21 13.85 23.96 0.274 0.020
Dandong 5 0.60 0.33 0.07 466.86 14.52 25.11 0.209 0.012
Fushun 28 0.76 0.18 0.03 205.69 5.56 9.62 0.088 0.005
Haerbin 48 0.96 0.26 0.04 207.29 5.25 9.09 0.074 0.005

Jixi 18 0.58 0.64 0.07 264.11 7.54 13.04 0.058 0.014
Jilin 1 0.30 2.43 0.12 528.51 15.86 27.43 0.060 0.041

Jiamusi 28 0.48 0.32 0.05 183.40 5.31 9.18 0.050 0.008
Liaoyang 1 0.43 2.40 0.06 243.72 5.51 11.24 0.095 0.023
Liaoyuan 37 0.60 0.38 0.03 150.54 5.08 8.61 0.045 0.004

Mudanjiang 37 0.59 0.08 0.01 78.74 2.22 4.10 0.028 0.003
Qitaihe 2 0.56 1.17 0.08 366.26 10.56 19.33 0.218 0.015
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Table 2. Cont.

City Name n * FOD_L1 DOC_L1 DOIS_L1 TPOP_L2 MSTU_L2 PSTU_L2 GDP_L2 AGDP_L2

Shuangyashan 47 1.09 0.92 0.03 91.94 3.24 3.97 0.020 0.006
Siping 63 1.63 0.86 0.04 72.42 2.36 3.69 0.018 0.006
Tieling 54 0.55 0.62 0.04 158.94 4.41 8.05 0.093 0.009

Tonghua 23 1.00 1.04 0.06 80.84 2.52 4.39 0.025 0.009
Yanbian 53 0.51 0.36 0.02 73.31 2.06 3.66 0.024 0.004
Yingkou 62 0.42 0.19 0.02 52.12 1.34 2.57 0.016 0.002

* Note: n represents the sample size used in the HLM modeling.

The sample size also varied greatly among cities. Jilin and Liaoyang cities only have
one sample. The cities of Changchun, Siping, and Yingkou had 94, 63, and 62 samples,
respectively. The overall FOD_L1 was low, and the distribution was uneven, ranging from
0.3 to 1.63. There were 6 cities with FOD_L1 over 1.0 and only 5 cities between 0.6 and
1.0. The distribution of DOIS_L1 was characterized by large differences between high-
and low-value areas. There were only 3 high-value areas (Dalian, 0.21; Anshan, 0.15; Jilin,
0.12), and the other cities were less than 0.08. Similar to the distribution characteristics of
DOIS_L1, there were only 5 cities with MSTU_L2 higher than 10 (Jilin, 15.86; Dandong,
14.52; Dalian, 13.85; Qitaihe, 10.56; Anshan, 10.15), while other cities were less than 7.54,
and the value for Yingkou City was the smallest, at 1.34. For GDP_L2, the cities with the
highest values were Dalian (0.274), Qitaihe (0.218), Dandong (0.209), Anshan (0.189), and
Benxi (0.117). Other cities had values less than 0.1, and the cities with the smallest values
were Yingkou (0.016) and Siping (0.018). The spatial distribution characteristics of these
factors are shown in Figure 2.
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A two-level model was designed for county data nested within the upper adminis-
trative unit (city) to capture the relationship between fire occurrence density and socioe-
conomic factors in the two hierarchical levels. The structure of the model is shown in
Figure 3.
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3.2. Testing for Regional Effects of Level City

According to the variance component model (Table 3), the forest fire occurrence density
was aggregated within city regions, which showed that u0 = 0.109 and e = 0.669. The ICC
(ICC = 0.1410) suggested that 85.99% of the variance was explained by Level 1 variables,
14.01% of the variance was explained by Level 2 variables, and the variance components
at both levels were significant (p < 0.001). When considering the variances in forest fire
occurrence density across all counties in all cities, 14.01% of the variance was between
cities and might be attributable to regional variables, while 85.99% was within counties,
suggesting that the multilevel model was more suitable than normal models in this study.
The fixed and random effects of the variance component model are shown in Table 3 and
indicated that the multilevel model was more suitable than the traditional regression model
for the study of the driving role of socioeconomic factors in wildfire occurrence.

Table 3. Results of the parameter and variance component model of fire occurrence density.

Fixed Effect Coefficient Standard Error t Ratio p-Value

For intercept π0
Intercept (γ00) 0.809 0.085 9.526 <0.001

Random Effect Variance
Component

Standard
Deviation x2 p-value

Intercept (u0), Level 2 0.109 0.330 136.270 <0.001
e, Level 1 0.669 0.818

Note: The deviance is 1585.27.
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3.3. Relationships between Fire Occurrence Density and County-Level Variables

The independent variables were added to Model 2 at Level 1, and we found that
GDP_L1, MSTU_L1, and DOIS_L1 were significant predictors of forest fire occurrence
density (Table 4). The average fire density of counties with high GDP_L1 was higher
than that of counties with low GDP_L1 (γ10 = 2.710). The MSTU_L1 (γ20 = 0.047) and
DOIS_L1 (γ30 = 3.843) have the same trend as GDP_L1, and all these variables have a
positive correlation with the fire occurrence density of each county. However, the densities
of the total population, primary school students, agricultural GDP, and cropland at the
county level were not significant in multivariate analysis. These significant variables were
used in the random intercept and fixed slope model, and Model 2 was defined as follows:

FOD = γ00 + γ10 ∗ GDP_L1 + γ20 ∗MSTU_L1 + γ30 ∗ DOIS_L1 + u0 + e

Table 4. Results of the parameter, random intercept, and fixed slope models of fire occurrence density.

Fixed Effect Coefficient Standard Error t Ratio p-Value

For intercept π0
Intercept (γ00) 0.809 0.085 9.543 <0.001

For GDP_L1 slope, π1
Intercept (γ10) 2.706 0.830 3.261 0.001

For MSTU_L1 slope, π2
Intercept (γ20) 0.048 0.022 2.190 0.029

For DOIS_L1 slope, π3
Intercept (γ30) 3.843 1.060 3.624 <0.001

Random Effect Variance Component Standard Deviation x2 p-value

Intercept (u0), Level 2 0.109 0.331 142.067 <0.001
e, Level 1 0.642 0.801

Note: The deviance is 1559.49.

In this model, ui was not considered to make these three independent variables
significant. Only the fixed effects of these predictors at Level 1 were estimated. The variation
within the group (each city) decreased from 0.669 to 0.642, which improved by 4.04%. The
deviance of Model 2 declined by 25.78 compared with Model 1 (1585.27–1559.49). This was
useful for comparing the goodness of fit of Models 1 and 2 to test the part corresponding
to the fixed effect. These results suggested that Model 2, including variables at the county
level, improved the estimation ability.

3.4. Association between Fire Occurrence Density and City-Level Variables

The Level 1 and Level 2 variables were assigned in Model 3. Table 5 shows that the
random effects, fixed effects, and the interaction of the variables at the two levels were
considered. Except for the independent variables (GDP_L1, MSTU_L1, and DOIS_L1) at
Level 1, the predictor GDP_L2 at Level 2 significantly impacted the forest fire occurrence
density (p = 0.038). The association between GDP_L2 and fire occurrence density was
significantly negative. This also showed that the difference in GDP among these cities
has a significant effect on fire occurrence density. The cross-level interaction of GDP_L2
on GDP_L1 was estimated, and the effect was also significant (p = 0.019). The effect of
interaction on fire occurrence was negative. These negative coefficients showed that the
GDP of cities suppressed fire occurrence and had the opposite effect with other variables,
which also reflected the complexity of socioeconomic activities on fire occurrence. Other
variables at Level 2 were not significantly related to the dependent variable. The interaction
of Level 2 variables in Model 3 was determined as follows:

FOD = γ00 + γ01 ∗ GDPL2 + γ10 ∗ GDP_L1 + γ11 ∗ GDP_L2 ∗ GDP_L1 + γ20
∗MSTU_L1 + γ30 ∗ DOIS_L1 + u0 + e
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Table 5. Results of parameter and random intercept, fixed slope, and interaction effects model of fire
occurrence density.

Fixed Effect Coefficient Standard Error t Ratio p-Value

For intercept π0
Intercept (γ00 ) 0.758 0.069 11.049 <0.001
GDP_L2(γ01 ) −1.278 0.573 −2.228 0.038

For GDP_L1slope, π1
Intercept (γ10 ) 2.241 0.743 3.015 0.003
GDP_L2(γ11 ) −19.120 8.141 −2.349 0.019

For MSTU_L1 slope, π2
Intercept (γ20 ) 0.053 0.021 2.457 0.014

For DOIS_L1slope, π3
Intercept (γ30 ) 3.846 1.072 3.587 <0.001

Random Effect Variance Component Standard Deviation x2 p-value

Intercept (u0), Level 2 0.106 0.326 141.483 <0.001
e, Level 1 0.642 0.801

Note: The deviance is 1547.31.

Similar to the results of Model 2, Model 3 showed that the random effects across the
cities are significant. Because there was no new variable added at Level 1, the variance of
the random effect was not changed. GDP at Level 2 has a significant effect on the variability
of the intercept and has a significant regulatory effect on the variability of the slope of
GDP_L1 but has no significant effect on other Level 1 variables. The variance of the random
effect (u0) slightly decreased (from 0.109 to 0.106). The ICC of Model 3 is 0.1419, suggesting
that 14.19% of unexplained variability in fire occurrence density at the individual level
resulted from variance between cities. The deviance of Model 3 declined by 37.96 compared
with Model 1 (1585.27–1547.31). These results showed that if the model was implemented
without considering the random effects between cities, the estimation results would be
biased and inaccurate.

After testing the variance component model and the models with Level 1 and Level 2
variables, the explained variances at the county and prefecture levels became statistically
significant, indicating that HLM is an appropriate method to analyze the nested data. Our
results also showed that GDP, the number of middle school students, and impervious
surface area at the county level are significant positive predictors of fire occurrence density,
while GDP at the city level, as the background factor of fire occurrence, was a significant
negative predictor. However, the total population, the number of primary school students,
agricultural GDP, and the density of cropland have no significant correlation with fire.
Therefore, it is of practical significance to study the role of anthropogenic fire drivers at
different levels using the HLM method.

4. Discussion

In this study, socioeconomic data and land use data were used to represent fire
anthropogenic ignition sources. The relationship between these factors and fire occurrence
density was mainly analyzed by taking administrative regions as multiple-level statistical
units, an approach that achieved good results.

After the variance component model was tested, the variance explained at the city
(group) and county (individual) levels was significantly improved, which indicates that
HLM is an appropriate method to analyze these hierarchical data. According to the ICC,
the majority of the variance was accounted for at the individual level (85.99%), while the
variance at the group level was comparatively lower (14.01%). This is consistent with some
previous studies that also developed an HLM with a very small ICC (2%–12%) [70,71].
Davidian [72] stated that, according to research questions, even very small variations
explained at the group level (2%–3%) are important. These studies show that if the ICC
is too low, e.g., less than 2% at the individual level, then it does not reflect activity at the



Forests 2023, 14, 391 11 of 14

group level; that is, the analysis at the group level may be meaningless. Compared with
traditional regression methods, our multilevel models with nested data can explain 14.01%
of the variation, which suggested that the HLM was suitable for studying the driving effect
that socioeconomic factors may have on fire occurrence and for exploring the differences in
fire occurrence among different city regions.

Our analysis used an HLM to conduct wildfire research and focused on two levels
(county level and city level) that are commonly considered for multilevel socioeconomic
analysis [73–75]. While the use of a two-level model may be sufficient for some research,
socioeconomic data, in some cases, may be nested within additional levels, such as country,
province, city, county, town, village, etc. For these more complex studies, three or more
levels can be used. In this study, it was difficult to obtain data at the town and village
levels. Additionally, the spatial scope of provincial data was far larger than that of the
study area, which was not suitable for our study. Thus, we only used socioeconomic data
at the county and city levels to analyze fire occurrence. The results also proved that the
factors at these levels have different driving effects on fire occurrence. In future wildfire
research, if socioeconomic data at other levels are available, models at more levels can be
used according to the regional characteristics.

The occurrence of wildfire is mainly the result of the comprehensive action of three
kinds of influencing factors: weather and climate, fuel, and a fire ignition source. This
study only analyzed socioeconomic activities as fire ignition sources, and the fuel, weather,
and climate factors were not included within the HLM. Therefore, the explanation of the
models was not strong, which was one of the reasons why the ICC value was not very high.
Therefore, it is incumbent upon wildfire risk researchers to develop a statistical unit that
integrates three types of factors or adopt a cross-classified multilevel model.

Many issues need to be considered when using HLMs, such as the centralization
of variables, model construction, and the number of samples needed at different levels.
However, we only focused on two issues: the number of levels and the proportion of
variance explained at each level. Because these two problems are the basis of the HLM
application, they have not been resolved within the context of multilevel wildfire research.

5. Conclusions

In this study, a multilevel model that incorporated the variance among cities was used
to identify the factors that are significant in terms of fire occurrence. This study focused
on the relationship between the primary socioeconomic data, land use data, and wildfire
occurrence density for different cities and counties in the Changbai Mountain region and
used an HLM to investigate and analyze the combined and individual characteristics of
these factors. With the ICC of the variance component model, the random effects showed
that 14.01% of the unexplained variability at the individual level can be explained at the
group level. This also showed that the multilevel model was superior to the traditional
regression model.

Three models based on HLMs were used to characterize the fire occurrence density,
and the fixed intercept and random slope models with the interaction effects of the Level 1
and Level 2 variables were estimated. The results showed that the fire occurrence density
was related to the individual characteristics of the county, and the relationship between
individual characteristics might vary across cities. The HLM was applied to address the
multiscale and cross-scale driving effects of factors with nested characteristics on wildfire
occurrence at different scales, improving the situation that existing studies are all single-
scale analyses.

Understanding the spatial changes in wildfire occurrence and examining the differ-
ences in the impact of different socioeconomic factors on wildfire occurrence can provide a
new method for the expansion of wildfire risk research. The multilevel model has generated
new insights into the relationship between the predictive factors, wildfire occurrence, and
regional differences. The results show that the aggregation of wildfires means that it is
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necessary to pay attention to the study of the driving factors of wildfire in a single unit and
the whole region simultaneously.
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