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ABSTRACT ARTICLE HISTORY
Ensuring maritime safety has ascended as a preeminent concern within Received 11 April 2023
the global maritime sector. Understanding how factors affect maritime Accepted 13 March 2024
accidents’ consequences in different water areas would be of great benefit KEYWORDS

to preventing the occurrence or reduging the consequences. This study Maritime accident; spatial
thus employed a multi-scale geographically weighted regression (MGWR) heterogeneity;

model on the accident dataset from Fujian waters in the East China Sea, to geographically weighted;
quantify the influences of different factors as well as the spatial hetero- bandwidth; influencing
geneity in the effects of key factors on maritime accident consequence. factors

The performances of MGWR are compared with multiple linear regression

(MLR) and GWR. As expected, MGWR outperforms the other two models in

terms of its ability to clearly capture the unobserved spatial heterogeneity

in the effects of factors. Results reveal notably distinct influences of some

factors on maritime accident consequences in different locations. An

intuitive indication by MGWR is that approximately 50% of the accidents

present positive coefficients of good visibility while other locations are

negative, which are failed to recognize by MLR. The outcomes provide

insights for making appropriate safety countermeasures and policies

customized for different water areas.

1. Introduction

The shipping industry has been a catalyst for economic development and prosperity.
Approximately 80% of global trade volume is seaborne (UNCTAD 2020). The increment of
maritime transportation, on the one hand, could accelerate the production of air pollutants (Gao
et al. 2023; Shuaian, Psaraftis, and Qi 2021). On the other hand, high maritime traffic volume also
leads to a higher probability of marine accidents, which might cause catastrophic consequences
such as property damage, fatality, and environmental pollution. EMSA (2020) reported that there
had been 21,392 ships involved in 19,418 casualties/incidents, with 496 fatalities and 6210 persons
injured from 2014 to 2019. Maritime safety has attracted much attention in recent decades and how
to enhance maritime safety remains a great concern of both maritime logistic operators and
maritime managers (Xi et al. 2023; Yen et al. 2024; Shuli et al. 2024). For saving more lives and
properties, academic researchers and practitioners have made considerable efforts to conduct
maritime safety research (Luo and Shin 2019; L. Wang et al. 2021).
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In order to effectively reduce the occurrence of maritime accidents and associated consequences,
one of the cores is to interrogate and quantify the key factors of maritime accident rates and the
severity of accidental consequences (B. Li et al. 2023). Previous studies have investigated maritime
accidents and consequences from different aspects, such as injuries and casualties (e.g. Zheng et al.
2016), property damage cost (e.g. Weng, Yang, and Du 2018), accident probability (e.g. Fu et al.
2023; M. Zhang et al. 2021) and accident severity (e.g. H. Wang et al. 2021). Meanwhile, many
approaches have been proposed to quantify the impacts of different factors on the investigated
dependent variable, to name a few, fuzzy matter element methods (e.g. Chen et al. 2017), Poisson
regression model (e.g. Yip, Jin, and Talley 2015), discrete choice model (e.g. Shi et al. 2021), zero-
inflated models (e.g. Chai, Xiong, and Weng 2018). However, the studies mentioned above gen-
erally investigated maritime accidents from a global perspective.

In recent years, some other studies have started to focus on the spatial patterns of maritime
accidents (e.g. M. Zhang et al. 2021; Zhou, Cheng, and Li 2020). For instance, Zhou, Cheng, and Li
(2020) mapped the maritime accident risk of the South China Sea, and Zhang et al. (2021) studied
the spatial patterns and characteristics of global maritime accidents. These studies imply that
maritime accidents vary in spatial dimensions, but did not further investigate the influencing
factors of the spatial patterns of maritime accidents. Namely, the influencing factors and their
effect degree on maritime accidents are not comprehensively and quantitatively investigated based
on adequate data. More importantly, the potential spatial heterogeneity in the effect of a factor on
accident consequence is seldom explored. The spatial heterogeneity in the effect of a factor refers to
distinct effects of a factor on the investigated dependent variable in different geographical locations
(Gao et al. 2021). For instance, the wind may have different effects (e.g. degree of effect) on
maritime accident consequences in different ocean areas. The potential spatial heterogeneity in
the effects of a factor on maritime accident consequence matters in formulating safety improvement
strategies. For a specific instance, if the strong wind has distinct degrees of effects on maritime
accident consequences in different water areas, different thresholds should be used to determine
risk warning or class in different areas, and more strong interventions should be adopted in areas
where the strong wind has more notable effects. Hence, the existing limitations may result in
inadequate understanding concerning significant factors affecting maritime accident consequences,
and thus inefficient countermeasures to improve maritime system safety in different areas.

Standing on the wake of existing studies, this study aims to investigate and quantify the
influences of various factors on consequences of accidents with specific considerations of spatial
heterogeneity of maritime accidents. This targets to explore effective improvement countermea-
sures for the safety of maritime transportation systems. A dataset including 1248 maritime accident
records and relevant environment information in the Fujian waters from 2000 to 2014 is used for
analysis. The spatial pattern of the maritime accident is firstly analyzed using spatial Kernel Density
Estimation (KDE). More importantly, the multi-scale geographically weighted regression (MGWR)
is further utilized to investigate the key factors influencing maritime accident consequences
(measured by overall economic losses considering all aspects) and the potential distinct effects of
a factor in different water areas (i.e. spatial heterogeneity) with consideration of discrepancies in the
spatial scales.

The remainder of this paper is organized as follows. Section 2 reviews the relevant literature and
discusses the research gaps. Section 3 highlights the objective and contributions. Section 4 describes
the used dataset in terms of study water area and data contents. Section 5 introduces the meth-
odologies for analysis. Section 6 and 7 present the model results and discussions, respectively.
Conclusions and future works are summarized in the last section.

2. Literature review

To reduce maritime accidents (e.g. occurrence likelihood and corresponding consequences),
studies have been dedicated to analyzing maritime accidents from different angles and exploring
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potential implications for effective measures based on various data resources such as automatic
identification system (AIS) data (Du et al. 2022), meteorological data (X. Li et al. 2022),
simulation data, and maritime accident data (Goerlandt and Liu 2023). Among them, AIS
data and simulation data are generally used in collision avoidance analysis and collision
frequency estimation. Just to name a few, Altan and Otay (2018) developed a collision model
based on molecular collision theory and long-term AIS data as inputs to estimate and visualize
the encounter probability in congested waterways. Ship density, relative velocity, and collision
diameter were considered to be the critical factors that affected the encounter probability.
Similarly, Szlapczynski and Szlapczynska (2021) developed a near-miss detection method for
collision alert systems based on ship domain theory and verified the model with simulation data
from three scenarios.

Another stream of studies is to leverage maritime accident databases for analysis. Various studies
have been carried out to evaluate injury/loss of human life or property damage cost for different
ship types and water areas, investigate influencing factors and thus seek efficient measures for
preventing similar accidents from occurring in the future. Jin (2014) estimated vessel damage
severity and crew injury severity of fishing vessel accidents using the ordered probit model. Seven
types of explanatory variables, including accident type, vessel characteristics, propulsion type, hull
construction type, weather condition, spatial information, and time of accidents, were considered in
this paper. Yip, Jin, and Talley (2015) explored the determinants of injuries in passenger vessel
accidents using Poisson regressions and empirical data on ferry, ocean cruise, and river cruise vessel
accidents from the U.S. Coast Guard. The model considered the majority of influencing factors as
well. The results indicated that the number of passenger injuries was positively related to the
number of crew injuries. Weng, Yang, and Du (2018) developed a generalized F-distribution model
with random parameters to estimate the property damage costs in maritime accidents. Random
parameters were considered to represent the changeable effects of variables on different observa-
tions. Four types of variables, including accident characteristics, ship types, environmental char-
acteristics, and human causal factors, were considered in their study. Based on the worldwide
accident investigation reports from 2010 to 2019, Wang et al. (2021) applied an ordered logistic
regression model to reflect the relationship between different factors and the severity of marine
accidents. Furthermore, Cakur, Fiskin, and Sevgili (2021) utilized various association rule mining
algorithms to investigate the factors affecting tugboat accidents by analyzing the tugboat accident
dataset from the Information Handling Services (IHS) Sea-Web database. It was found that serious
maritime accidents were related to hull/machinery damage.

Although the aforementioned studies have investigated the relationship between some influ-
encing factors and consequences of maritime accidents such as human injury/loss and property
damage cost, they have only focused on modeling partial factors due to data limitations and
a part of the accident consequences (e.g. only estimate fatality loss or property damage cost).
Moreover, the modeling methods in existing literature generally assume the influences of
a factor are global in different geographical locations, and neglect the potential spatial hetero-
geneity in the effects of an influencing factor on maritime accident consequences. The effects of
some influencing factors may show distinct effects on the maritime accident consequence in
different water areas. Investigation regarding the potential spatial heterogeneity in effects of
factors is important for making tailored safety improvement measures for different areas. For
instance, if a factor has much more noticeable impacts in some water areas, more intense
regulations for alleviating the effects of this factor should be imposed to ensure safety in such
areas as compared to other water areas. However, the potential spatial heterogeneity in the
effects of factors is overlooked in the majority of prior studies and has never been explored in
the area of maritime accident analysis, to our best knowledge. Although Jin (2014) had
considered the spatial information during the model evaluation, they only added a spatial
variable (distance to shore) in the model formulation, which can hardly model the spatial
heterogeneity in the effects of a factor on maritime accidents.
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3. Objective and contributions

Benefiting from advances in information and communication technology, maritime accident
data with geographic information become available. Such data is helpful to explore the
potential spatial heterogeneity of maritime accidents. However, according to the literature
review, less efforts have been made to make full use of the geographic information. The
primary purpose of this paper is thus to exploit accident locations to explore the distinguished
impacts of influencing factors in different geographical areas. The main contributions of this
study are two-fold:

e To the best of our knowledge, this is the first attempt to investigate the spatial heterogeneity in
modeling quantitative relation among influencing factors of accidents, which provides valuable
assessments of how GWR series models performed in quantitative analysis of maritime
accidents.

e The results contribute to the comprehension of the accident consequences from a spatial
perspective and are beneficial for excavating practical implications. More specifically, the
study results are helpful in establishing differential safety strategies, as well as other hints such
as differential insurance rates in different water areas.

These tailored safety improvement strategies and measures in different water areas eventually could
help to prevent more maritime accidents from happening and to expedite the safety of maritime
transportation.

4. Data description

The main principle for our case selection is to find water area with high research value and high data
quality. In this study, we select Fujian Province, an important coastal province in the East China
Sea, for case study considering its strategic importance, fast growth maritime traffic, and weather-
related risks. Fujian contains a large jurisdictional water area of 136 thousand km?, mainly managed
by the authorities of six major coastal cities, including Ningde, Fuzhou, Putian, Quanzhou, Xiamen,
and Zhangzhou, as seen in Figure 1. Fujian takes an important position in international trades and
covers vital shipping routes between the South China Sea and the East China Sea. The coastline in
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Figure 1. The study water area (21°35" — 27°43' N and 115°7' — 125°33' E) and locations of recorded maritime accidents.
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Fujian is 3752 kilometers long, with the highest coastal meander rate (1:7.01) in China. Meanwhile,
Fujian is also prone to typhoons and adverse weather conditions, which leads to significant risks of
maritime accidents.

This study utilizes maritime accident data in the study area provided by Fujian Maritime Safety
Administration (FSA). The provided accident data is in the format of dataframe. Each row
represents an accident while each column represents a variable of this accident. We originally
collected 1264 maritime accident cases from 2000 to 2014, which quality are generally reliable after
a careful review. Several cases missing critical information (e.g. accident causes, geographic
information) were discarded before further analysis. The final used dataset contains 1248 completed
cases. According to the recorded longitude and latitude information, the spatial distribution of the
accidents can be seen in Figure 1.

The large quantity of data highlights the uniqueness of the data and guarantees the representa-
tiveness of exploring significant factors of maritime accidents. The maritime accident consequence,
the dependent variable in this study, refers to the overall economic cost of the accident reported by
the authority considering all aspects such as injured or death/missing crews and property damage
cost. In the dataset, the economic loss from maritime accidents ranged from 2,000 to 32 million
CNY (1 CNY = 0.137 USD). Moreover, the dataset also includes various potential factors that may
influence accident consequences and can be summarized into four categories, including accident
types, ship information, environmental characteristics, and reported accident causes. The reported
accident causes refer to the reported causes that potentially led to the accidents in the accident
report recorded by the authorities. More specifically, the dataset covers seven types of accidents.
Ship information consists of types, gross tonnage, and navigational status of the ships.
Environmental characteristics contain accident time of the day, visibility condition, and strong
wind/wave or typhoon. Reported accident causes include judgment error, lookout failure, mis-
operation, and machinery failure refer to the common factors leading to accidents. Table 1 tabulates
the detailed statistical descriptions concerning the influencing factors mentioned above.

It is worth clarifying that many explanatory variables in our dataset are coded as categorical
variables rather than continuous variables. This is a common case in the relevant literature of using
accident datasets (Weng, Yang, and Du 2018; Cakur, Fiskin, and Sevgili 2021). The reason is that
those are all available information compiled in accident reports by the management authority, who
did not record exact values of some factors such as the value of wind speed during the accident. The
dependent variable (accident consequence) and the factor (gross tonnage) are continuous
variables and standardized to eliminate the effects of different units of the two factors.

5. Methodology

Although traditional GWR can effectively handle spatial heterogeneity in maritime accident studies,
it relies on a single kernel bandwidth for model calibration and cannot capture the diverse
geographic processes occurring at various scales, potentially leading to over- or underestimations
of the true relationships among factors. MGWR is selected in this study to compensate for this
deficiency. To clarify the process, a flowchart is illustrated in Figure 2. First, spatial analysis for each
influencing factor of maritime accident was conducted based on KDE. Subsequently, three models
were established respectively for the selected maritime accident dataset, after which the perfor-
mance of the MGWR model were compared with those of the other two models. Finally, the results
of the MGWR model were discussed and applied to provide safety strategy support for different
water areas.

5.1. Spatial correlation analysis

For investigating spatial heterogeneity in the effects of influencing factors, it is vital to check the
potential correlations in spatial dimensions (Gao et al. 2021). More specifically, if a factor does not
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Table 1. Descriptive statistics of the maritime accident characteristics in the Fujian water area.

Moran’s
Variables Descriptions Types |

Dependent variable
Accident consequence The human life loss and property damage cost resulting from maritime Continuous  0.047
accidents x10* CNY (99.405)

Accident types

Collision 1 = collision (41.3%), 0 = otherwise (58.7%) Categorical ~ 0.418*

Contact 1 = contact (17.1%), 0 = otherwise (82.9%) Categorical ~ 0.559*

Striking rock 1 = striking rock (10.8%), 0 = otherwise (89.2%) Categorical  0.161

Grounding 1 = grounding (10.4%), 0 = otherwise (89.6%) Categorical —0.053

Sinking/capsizing 1 = sinking/capsizing (7.4%), 0 = otherwise (92.6%) Categorical ~ 0.377*

Fire/explosion 1 = fire/explosion (4.5%), 0 = otherwise (95.5%) Categorical ~ 0.027

Other accident types 1 = other accident types (4.9%), 0 = otherwise (95.1%) Categorical —0.001

Ship information

Two dry cargo ship 1 = two involved (16.9%), 0 = otherwise (83.1%) Categorical ~ 0.282*
involved

One dry cargo ship 1 = one involved (66.7%), 0 = otherwise (33.3%) Categorical ~ 0.126
involved

Fishing ship 1 = involved (14.9%), 0 = otherwise (85.1%) Categorical ~ 0.208

Liquid cargo ship 1 = involved (7.4%), 0 = otherwise (92.6%) Categorical ~ 0.063

Other ship types 1 = involved (17.9%), 0 = otherwise (82.1%) Categorical ~ 0.482*

Gross tonnage The sum of tonnage for ships involved in the accident (5699.626) Continuous  0.257

Navigational status 1 = underway (82.2%), 0 = moored/docked (17.8%) Categorical ~ 0.426*

Environmental characteristics

Time of the day 1 = nighttime period (50.6%), Categorical ~ 0.245*

0 = daytime period (49.4%)

Good visibility 1 =yes (17.4%), 0 = no (82.6%) Categorical ~ 0.181

Restricted visibility 1 =yes (6.7%), 0 = no (93.3%) Categorical ~ 0.015

Strong wind/wave 1 = yes (25.5%), 0 = no (74.5%) Categorical ~ 0.096

Typhoon 1 =yes (4.1%), 0 = no (95.9%) Categorical 0.032

Accident cause factors

Judgment error 1 =yes (10.5%), 0 = no (89.5%) Categorical —0.080
Lookout failure 1 = yes (34.9%), 0 = no (65.1%) Categorical ~ 0.135
Operation error 1 =yes (55.1%), 0 = no (44.9%) Categorical 0.011
Machinery failure 1 = yes (7.8%), 0 = no (92.2%) Categorical ~ 0.352*

The statistics in parentheses: mean values for continuous variables, percentages for categorical variables; Average exchange rate
during 2000-2014: 1 CNY=0.13732 USD; *p < 0.05.

Phase 1: Spatial analysis KDE
for each factor

MLR MGWR
Same scale for . Multi scale
Phase 2: Modeling & N all factors e = S
o Geographically Differentiated o A

bandwidths v

Recommendations:
B Recommendations:
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Recommendations:
Phase 3: Discussion & ‘\__
application
Recommendations: |

Figure 2. Flowchart of methodology.
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present spatial correlations at all, it is not necessary to use methods like GWR to investigate the
influences of different factors on maritime accident consequences. This study selected the global
Moran’s I index to measure the potential spatial autocorrelation of a factor. Moran’s I coefficient
(Moran 1950) is one of the most widely used measures for detecting spatial autocorrelation. The
equation for the Moran’s I is

303 wpg(p — X) (1, — %)
w 1)

n
I = n n n 2
>0 Wpq > (xp —X)
p=1g=1 p=1

where 7 is the number of observations, x represents the variable of interest, X is the average value of
the variable, p and g denote the location indices, w,,, represents the matrix of spatial weights given
by a selected geographical criterion with diagonal elements equal to zero (i.e. w,, = 0). The weight
matrix used in this study is mentioned in subsection 5.3. The value of the Moran’ I index ranged
from — 1 to + 1. A larger value indicates a higher degree of spatial clustering, while a lower value
indicates a higher degree of spatial dispersion. We calculated the global Moran’s I index for all the
variables, as shown in Table 1. Eight of the variables show significant spatial correlation with 95%
confidence levels. Other variables present less obvious spatial relationships or less significant spatial
correlations. The large differences of the Moran’s I index among different variables indicate that
there may exist significant variances in spatial correlation or dispersion of these variables. As far as
we are concerned, the degree to which variables are aggregate or discrete may affect bandwidth
selection during the GWR modeling process. Therefore, it is reasonable to consider bandwidth
variations in analysis to obtain more accurate modeling using MGWR.

5.2. Multiple linear regression

As a baseline method, a multiple linear regression (MLR) is used preliminarily to model the
relationship between the maritime accident consequence and available explanatory factors. The
aim is to preliminarily check the important factors of maritime accident consequences. The MLR
model is formulated as

k
Yi = ﬁoJr Z ﬁjxﬁ+ei (2)
=1

where y; represents the consequence of maritime accident i and is measured by the overall economic
loss of the accident; x;; is the j™ explanatory variable of accident i, ; stands for the corresponding
coefficient of the j™ explanatory variable while 3, is intercept term; ¢, is the random error term and
follows normal distributions with an average of zero. As indicated by Equation (2), MLR assumes
the effect of a factor to be global across all data points in the dataset. Therefore, the estimated
coefficient of a factor reflects the global average effect of a factor on maritime accident
consequences.

5.3. Multi-scale geographically weighted regression

Geographically weighted regression (GWR), as a spatial regression technique, is widely employed to
investigate spatially nonstationary relationships (Gao et al. 2021). Leveraging the locally weighted
least square method, GWR is capable of incorporating location information of the samples into the
modeling process so that it can produce exclusive coefficients for different sample points. This
enables GWR to consider the spatial effects of independent variables and analyze the differences in
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the effects of a factor across different locations (i.e. spatial heterogeneity in the effects of a factor).
The formulation of GWR is

k

yi = By(ui, vi)+ Y By, vi)xijte: 3)

=1

where (u;, v;) represents the location of the accident i. Other coefficients have same meanings as
they are in Equation (2). The locally weighted least square minimization is used to estimate 3 j(ui, )
based on available data and can be expressed as

2

" k
min Z wi(ui, vi) [yi(ui, vi) — Zﬁj(ui’ vi)Xij] 4)
im1 =1

where w; (1, v;) denotes the spatial weight at location (u;, v;). The coefficients can be estimated by

N XTW(u;, v;)Y
ﬁ(ui,m:#
X W(ui,vi)X
X015 X115+« 5 Xk1 )’1 Wl(ui;vi);ov"'ao
X02, X125+« -5 X 0, wy(ui, vi),...,0
X — 025 X12 k2 Y = Y2 ;W(ui,vi): 2(1 1)
Xony X1ns + + + s Xkn y}’l 0701-"7w71<ui7vi)

The location-specific coefficient ﬁ(u,»7 v;) allows the relationship between a factor and maritime
accident consequences to vary across different water areas. More clearly, a specific coefficient of
a factor is estimated for each data point (Ziakopoulos and Yannis 2020). One key component in
Equation (5) is determining the spatial weight matrix, which is generally negatively related to the
distance between locations. We adopt an adaptive bi-square kernel function as the distance-
weighting function referring to literature (Fotheringham, Yang, and Kang 2017).

dl’q 2 ?
Wpg = { [1 - &) } if dpg < b (6)

0 otherwise

where w,, represents the weight between accident location p and accident location g; d,, is the
distance between p and g; b is a critical distance from location p to its M'™ nearest neighbor. M is the
optimal number of nearest neighbors, namely the bandwidth of the model, which is determined by
minimizing the corrected Akaike Information Criterion (AICc). A larger bandwidth implies
a smaller spatial heterogeneity (Fotheringham, Yang, and Kang 2017). The goodness-of-fit measure
AICc is defined by

n+ tr(S)

AICc = 2nln(o In(2 _
Cc =2nln(6) + nln( ﬂ)+nn—2—tr(8)

7)
where ¢ represents the estimated standard deviation of the error term while ¢r(S) is the trace of the
hat matrix S. It should be noted that the bandwidths of GWR are assumed to be the same for all
influencing factors. This is a relatively strong assumption as the bandwidth of different factors
(namely, the area of spatial clustering) may vary with each other. The bandwidths of different
influencing factors are rarely the same on the spatial dimension. Hence, it is necessary to consider
more specific variations of bandwidths for different influencing factors in spatial analysis, which is
not fully concerned with the aforementioned GWR. For a specific example, the bandwidth of
modeling the effect of visibility may differ from that of modeling the influences of wind. Due to the
limitations of the classic GWR model, several alternatives have been utilized to further improve
GWR in this aspect, such as semi-parametric GWR (SGWR) and multi-scale GWR (MGWR)
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models. SGWR roughly divides bandwidths into two broad categories (i.e. local and global) to
further consider varying bandwidths. Alternatively, we leverage the multi-scale geographically
weighted regression to address the aforenoted limitations. MGWR is a frontier extension metho-
dology, which allows bandwidth differentiation for different influencing factors (Oshan et al. 2019).
In contrast, MGWR proves to be a more accurate and credible model than GWR by relaxing the
assumption of fixed bandwidths for all the influencing factors. The formula of MGWR is

k
yi = Polui, vi)+ Zﬁbwj(“ia vi)xijte; (8)

j=1

where f,; refers to the coefficient of the ™ factor with selecting the optimal bandwidth of the factor
also by the bi-square kernel function and the AICc mentioned in GWR (Oshan et al. 2019).
Different bandwidths required by MGWR imply that each relationship between the dependent
variable and a specific explanatory variable should have different spatial weighting matrices. Thus,
the traditional estimator used by GWR (i.e. weighted least square) is not applicable in MGWR.
MGWR embeds different computational processes to operate at different spatial scales by deriving
separate bandwidths for the conditional relationships. A back-fitting algorithm proposed by
Fotheringham, Yang, and Kang (2017) is utilized to estimate the MGWR approach, where GWR
estimated coefficients are treated as initial values in the back-fitting process. All the local coefti-
cients and the optimal bandwidths are evaluated during each iteration. Iteration terminates once the
score of change from successive iterations converges to a specified threshold. The residual sum of
squares (RSS) is adopted as the convergence criterion for the back-fitting algorithm, and the score
of change SOCrgs is calculated by

RSSnew - RSSold

RSSyen ©)

SOCrss = ‘

where RSS,,,, refers to the residual sum of squares calculated in the current step, while RSS,4
denotes the residual sum of squares calculated in the last step.

6. Results
6.1. Spatial pattern analysis results

To explore the spatial pattern of the maritime accident risks, the spatial distributions of accident
frequency and accident consequence (overall reported economic loss) are modeled using KDE. The
main factors that affect KDE results are the kernel function and search radius. The most common
used kernel function, the inverse distance function, was applied for our estimation (Y. Zhang et al.
2021). The search radius mainly affects the smoothness of the results. It should be note that the
proper setting is highly related to the scale of the specific case. Therefore, this study calculated
multiple KDE results with different parameter settings for better visualization. Finally, the KDE
results are divided into nine classes and the search radius is set to 0.25.

Figure 3(a,b) exhibit the distribution of the maritime accident frequency and consequence,
respectively. The redder color indicates higher density, namely a higher frequency or consequence
of maritime accidents in that water area. As seen in Figure 3(a), coastal port waters under the
jurisdiction of Xiamen-Zhangzhou, Quanzhou, Fuzhou are found to be associated with higher
accident frequency, consistent with the spatial distribution of accident consequence shown in
Figure 3(b). The general accident spatial pattern we got in this paper aligns with the analysis
from Yang et al. (2022), which is a positive sign for our further study. KDE results considering each
influencing factor in this study are also presented in the appendix to show the detailed spatial
distributions of accidents with different characteristics. Specifically, the water area between
Zhangzhou and Xiamen manifests the highest densities of collisions and fire/explosions, as
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Figure 3. Heat map for the maritime accidents in Fujian water area: (a) accident frequency; (b) accident consequence.

shown in Figure Al. Contact, striking rocks, grounding, and other accident types occurred more
frequently around Quanzhou waters. This may be attributed to the lower water depth and the
complex hydrological environment in this water. Interestingly, the area with the largest density of
striking rocks is in Putian waters. Consistent with the reality, Putian coastal water area shows
complex terrain with numerous reefs and rocks, which highly increase the operation difficulty of
ships in avoiding hitting rocks. The water area around Fuzhou is the region with the highest density
of sinking/capsizing accidents. In addition, the majority of accidents involving large ships occurred
in water areas between Zhangzhou and Xiamen, as shown in Figure Al(h).

The results of different ship types present significantly different spatial distributions, as shown in
Figure A1(i-1,w). Maritime accidents involving dry cargo ships happened more frequently around
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Quanzhou and Fuzhou waters. Accidents involving liquid cargo ships were more frequently seen in
Zhangzhou waters and Xiamen waters. Fishing ship accidents show a widespread distribution in the
Fujian water area, which were mainly concentrated in southern Zhangzhou waters and the junction
of Xiamen waters and Zhangzhou waters. From Figure A1(l), it is concluded that fewer accidents
involving other types of ships had occurred in the Fujian water area. There was only one red area
appears in the waters between Zhangzhou and Xiamen. In addition, four factors about accident
cause present similar spatial. Judgment error exhibits a higher density nearby Quanzhou waters,
compared with the other three accident cause factors. The spatial pattern of navigational status is
similar to that of accident frequency. As to the four environmental factors, the water areas with the
highest densities are Fuzhou waters for the time of the day, waters between Zhangzhou and Xiamen
for visibility, Xiamen waters for the typhoon, and Quanzhou waters for strong wind/wave.

Overall, these results show significant spatial differences in the accident consequence as well as in
the potential influencing factors, which proves the arguments highlighted by previous studies
(Yildiz et al. 2022; M. Zhang et al. 2021). More importantly, this phenomenon implies the need
of investigating the influencing factors of maritime accident frequency to reveal potential under-
lying reasons. It indicates that the differences in the influencing factors in different spatial dimen-
sions may lead to the difference in accident consequence of different water areas. This motivates us
to use methods such as MGWR for investigating the effects of influencing factors on maritime
accident consequences.

6.2. Model comparison

We compare the fitness performances of the adopted three regression models to find the best one.
The variance inflation factors (VIFs) for each variable are checked before modeling to avoid
multicollinearity issues. Finally, 19 explanatory variables with the VIFs lower than 4.5 remain in
the model estimation process and are used for result interpretations, in case of multicollinearity.
Table 2 presents the model performances of the three models in terms of R-Squared, AICc, log-
likelihood, and RSS. Consistent with other studies that applied geographical weighted models, our
MGWR model for maritime accident analysis provides more superior performances as compared to
the other two models (Fotheringham, Yang, and Kang 2017). Specifically, the R-Squared of MGWR
(0.465) is 95% and 161% higher than that of GWR (0.238) and MLR (0.178), respectively. Overall,
MLR without considering the effect of spatial heterogeneity in the effects of influencing factors have
poor fitness performances, indicating inefficient interpretability of MLR on our data. The MGWR
model takes into consideration of the distinct effects of influencing factors in different spatial areas
and also varying bandwidths on the dependent variable, and thus provides the best model fit. The
results about AICs, log-likelihood, and RSS corroborate the superiority of MGWR in contrast to the
MLR and GWR. Further, global Moran’s I statistics of the residuals from the three models are also
given in Table 2. The Moran’s I index from the MGWR model is furthermore seen to be lower than
that from the GWR model, suggesting that the MGWR model specification is more potent in
filtering spatial autocorrelation.

One advantage of MGWR as compared to the conventional GWR is that this model could accept
multi-scales in geographical analysis and recognize the possible differences of spatial heterogeneity

Table 2. Comparison of the performance of the three models.

Model indicators MLR GWR MGWR

R-Squared 0.178 0.238 0.465
Adjusted R-Squared 0.165 0.203 0.392
AlCc 3340.391 3319.915 3102.491
RSS 1026.344 950.624 668.211
Log-likelihood —1648.818 —1600.996 —-1381.026

Moran’s | in residual 0.046 0.025 0.007
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Table 3. Results of the three models.

MLR GWR MGWR
Coefficient Coefficient

Variable Coefficient VIF (Mean value) Bandwidth (Mean value) Bandwidth
Accident types
Collision 0.029 4.20 0.027 792 0.043 1246
Grounding —-0.023 1.29 —-0.033 792 —-0.023 1246
Striking rocks 0.043 133 0.023 792 0.033 1246
Sinking/capsizing 0.280** 1.23 0.297 792 0.274 50
Fire/explosion 0.055* 1.33 0.048 792 0.041 1196
Ship information
Two dry cargo ship involved 0.044 3.46 0.033 792 0.013 1246
One dry cargo ship involved 0.010 2.05 0.017 792 0.008 1246
Fishing ship 0.071* 2.15 0.058 792 0.039 1246
Liquid cargo ship 0.072** 1.34 0.063 792 0.039 508
Gross tonnage 0.261** 1.05 0.293 792 0.234 106
Navigational status 0.093** 1.1 0.102 792 0.073 1246
Environmental characteristics
Time of the day 0.047* 1.02 0.062 792 0.057 831
Good visibility 0.037 1.1 0.044 792 0.057 115
Restricted visibility —-0.024 1.05 —-0.030 792 -0.012 1246
Strong wind/wave 0.124** 1.14 0.123 792 0.068 823
Accident cause factors
Judgment error -0.023 1.08 -0.015 792 —-0.001 1246
Lookout failure 0.037 1.35 0.049 792 0.049 989
Operation error Machinery —-0.005 137 0.010 792 0.002 1246
Failure —0.058** 1.32 —0.052 792 —0.036 1246
Intercept 0.000 - 0.000 792 -0.015 164
Observation 1248 1248 1248

*0.05 < p < 0.1, **p < 0.05.

among variables simultaneously. More technically, the bandwidth in the modeling process of
MGWR is varying for different variables rather than constant in spatial dimensions as the conven-
tional GWR does. Table 3 summarizes the results about the bandwidths of variables during the
modeling. It can be easily seen that all variables in GWR have the same bandwidth or spatial scale in
modeling, as the conventional GWR assumes homogeneous bandwidths for all variables.
Specifically, the bandwidth (i.e. spatial scale) of GWR is 792, accounting for 63.5% of the observa-
tions. In contrast, the MGWR results show significant differences in bandwidths among different
variables, which range from 50 to 1246. According to the results, seven influencing factors including
sinking/capsizing, liquid cargo ships, gross tonnage, time of the day, visibility, strong wind/wave,
and lookout failure show quite low bandwidths, which implies that the effects of these factors on the
accident consequence show noticeable distinctions in different areas. However, the other twelve
factors have bandwidths of nearly 1246, which indicates the effects of these factors do not present
considerable spatial heterogeneity and thus can be treated as global-scale variables in the analysis.

6.3. Spatial heterogeneities in effects of key factors

On account of the superior performances of MGWR and identified spatial heterogeneities in
effects of different factors on maritime accident consequence, we will mainly discuss the results
of MGWR for interpretations and analysis. The statistical description of the coefficient of each
factor is summarized in Table 4. The mean value of a factor in the results of MGWR reflect the
average effect of the factor. From Table 4, each influencing factor presents significantly different
coefficients in different water areas according to the results of MGWR, indicating that the
influence of each variable varies greatly in different locations. Note that the estimated coeffi-
cients may not directly interpret the impacts, we also calculate the marginal effects of each
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Table 4. Summary statistics for MGWR parameter estimates.

Variable Mean STD Min Median Max
Accident types

Collision 0.043 0.004 0.037 0.042 0.057
Grounding —-0.023 0.004 —0.036 —-0.022 —-0.016
Striking rocks 0.033 0.005 0.026 0.031 0.045
Sinking/capsizing 0.274 0.296 —0.550 0.197 2.361
Fire/explosion 0.041 0.015 0.012 0.049 0.061
Ship information

Two dry cargo ship involved 0.013 0.001 0.010 0.013 0.020
One dry cargo ship involved 0.008 0.003 0.002 0.006 0.016
Fishing ship 0.039 0.004 0.034 0.037 0.061
Liquid cargo ship 0.039 0.054 —-0.071 0.039 0.124
Gross tonnage 0.234 0.218 -0.123 0.175 2.199
Navigational status 0.073 0.004 0.066 0.075 0.081
Environmental characteristics

Time of the day 0.057 0.023 —0.008 0.067 0.095
Good Visibility 0.057 0.260 -0.183 -0.024 1.376
Restricted Visibility —0.012 0.002 -0.018 -0.012 —0.008
Strong wind/wave 0.076 0.016 0.055 0.068 0.139
Accident cause factors

Judgment error —0.001 0.005 -0.018 0.002 0.003
Lookout failure 0.049 0.017 0.023 0.063 0.069
Operation error 0.002 0.005 —-0.007 0.005 0.008
Machinery failure —-0.036 0.002 —0.040 —-0.037 —-0.032
Intercept —0.015 0.150 —-0.236 —-0.064 0.481

variable, which allows us to understand the direct effects that changes in regressors have on our
dependent variable, namely the economic loss. The distribution of marginal effects can be found
in Figure A2 It can be seen that ‘gross tonnage,” ‘sinking/capsizing,’ and ‘good visibility’ are the
top three variables with the greatest variation of impact on economic loss across different
waters. ‘liquid cargo ship,” ‘time of the day,” and ‘lookout failure’ also show significant differ-
ences on marginal effects. The remaining variables may have similar impact on economic loss in
different waters.

To further explore the distribution of the coefficients with significant variance, bar charts for
some representative variables are created in Figure 4. As shown in Figure 4(a), the coefficient of
‘good visibility’ (ranging from —0.2 to 1.2) has positive influences on the consequence of maritime
accidents in approximately 50% of the studied areas but negative influences in other locations.
However, MLR only presents a negligible and insignificant coefficient for the factor (i.e. 0.037 in
Table 3), which may be attributed to the variations in the effects of the factor in different areas (i.e.
spatial heterogeneity of the effect). Although sinking/capsizing and liquid cargo ships show strong
positive relationships with accident consequence in MLR, the negative influences of the two
variables in some locations should not be ignored as well, as shown in Figure 4(c,d). Overall,
models without considering the significant spatial heterogeneity in the effects of factors such as
MLR only present the average effect of a factor. These flaws may result in considerable biases and
thus incorrect findings. In contrast, MGWR can provide more comprehensive results with con-
siderations of spatial heterogeneity in the effect of each factor.

The following contents further discuss the influences of different factors on maritime accident
consequence, and practical implications based on the results of MGWR. The parameter estimates in
MGWR were mapped with natural breaks criteria, as depicted in Figures 5 and 6. The five colors
from light yellow to dark blue exhibit the values of coefficients, which deeper colors indicate a larger
positive effect.

The effect of ‘sinking/capsizing’ is positive in most locations and follows a relatively random
pattern along the coastal waters, as shown in Figure 5(b). However, accident location far from
coastline normally presents a coefficient of higher than 0.370, indicating that the occurrence of
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Figure 4. Coefficient distributions of influencing factors estimated by MGWR.

Figure 5. Spatial heterogeneity in the effects of micro-scale factors on maritime accidents.
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Figure 5. (Continued).

sinking/capsizing accidents at these locations has much more serious consequences. Sinking/
capsizing shows the highest impact in the coastal waters near Quanzhou (i.e. 0.783-2.361), while
the accidence frequency of sinking/capsizing accidents is relatively low in this water area, as
evidenced by Figure A1(f). Consistent with Yang et al. (2022), the results indicate that this water
area has a higher probability of occurring catastrophic sinking/capsizing accidents even though the
accident number is not large.

It can be seen from Figure 5(c) that ‘liquid cargo ship involved’ shows lower negative influences
on maritime accident consequence in Putian and Quanzhou waters. However, interestingly, the
large positive coefficients of ‘liquid cargo ship involved” are mainly distributed in coastal waters
near Ningde Xiamen and Zhangzhou. This phenomenon may be attributed to the higher risk of the
hazmat carried by the liquid cargo ships. Accident involving liquid cargo ships tends to associate
with larger consequences (Eliopoulou and Papanikolaou 2007). Therefore, the higher coefficients of
‘liquid cargo ship involved’ are mainly distributed in coastal waters with higher ship

density rather than in waters far from the coastline. As for ‘gross tonnage,” negative coefficients
mainly appear in southern Ningde, Fuzhou-Putian and Xiamen-Zhangzhou waters, while positive
coefficients are mainly in northern Ningde, Quanzhou, and southern Zhangzhou waters, as shown
in Figure 5(d). The difference may be ascribed to the higher density of fishing ships in these water
areas. The accident consequence involving fishing ships may be more sensitive to the gross tonnage
of the ships due to the relatively poor safety level of fishing ships.

With regard to the environmental characteristics, ‘time of the day’ from Figure 5(e) shows larger
positive coefficients in the southern Fujian waters, especially in the water area such as Putian and
Quanzhou waters. This demonstrates that maritime accidents in these waters at night could lead to
more serious consequences as compared to other areas. The reason may be explained by the fact that
these waters are not equipped with adequate navigation marks (i.e. light buoy, light beacon and
lighthouse). Furthermore, Putian waters have occurred plenty of striking rock accidents due to the
complex hydrogeological environment, which could also increase the difficulty of navigating at night.
From Figure 5(f), a significant spatial heterogeneity can be observed in the coefficient of ‘good
visibility,” which shows the highest level of effects (i.e. 0.612-1.376) in the Putian-Quanzhou waters.
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Figure 6. Spatial heterogeneity in the effects of global-scale factors on maritime accident consequence.

Furthermore, ‘good visibility’ also shows higher effects near Fuzhou waters (i.e. 0.138-0.612), while
presents negative effects (i.e. —0.183 - —0.005) in Zhangzhou waters, Xiamen waters, and Ningde
waters. Apart from the relatively harsh navigational conditions in Putian waters and Fuzhou waters,
the higher influence of visibility may also be affected by the climate in these water

areas. In all the Fujian water areas, ‘strong wind/wave’ shows positive influences on accident
consequences that are more notable those in the water area of Putian and Quanzhou, as shown in
Figure 5(g). Over the past 70 years, more than 60% of the typhoons have made landfalls pass
through these waters (Su et al. 2023). Therefore, the significant influences of ‘strong wind/waves’ in
the middle of the Fujian water area may be attributed to the high frequency of typhoon attacks in
these waters. As shown in Figure 5(h), lookout failure’ has positive influences in Fujian waters and
is more remarkable in the south of Quanzhou waters. As mentioned before, these waters contain
more fishing activities and thus result in more accidents involving fishing ships. Crews on fishing
ships are normally lacking safety awareness and professional skills since these seafarers are not
compulsory to have a license or other mariner credential, as evidenced by previous studies (G. Li,
Weng, and Hou 2021).

Figure 6 presents results about global-scale factors, namely the factors with a bandwidth
of 1246. Figure 6(a) imply that ‘collision” and ‘fire/explosion’ show positive coefficients on
maritime accident consequence throughout the Fujian water area, while ‘grounding’
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Figure 6. (Continued).

presents slightly negative effects, which is consistent with previous studies (Weng, Yang,
and Du 2018). Specifically, collision accidents exhibit relatively larger influences in the
northern Fujian waters. Maritime accidents involving fishing ships (Figure 6(g)) could lead
to more serious consequences in Fujian waters. Moreover, the influences of ‘fishing ships’
are more notable in the northern part of Fujian water areas. The higher influences of
‘fishing ships’ may be explained by the fact that these water areas exist more intensive
fishing activities, as partly evidenced by Figure Al(k). As for the accident cause factors
shown in Figure 6(h-j), judgment error’ and ‘operation error’ show negligible effects among
the Fujian waters. Interestingly, ‘machinery failure’ has negative influences in all the Fujian
waters, which may be ascribed to the lower sailing speed after machinery failure.
Furthermore, ships occurring machinery failure usually have enough rescue time to avoid
serious consequences. ‘Navigational status’ presents similar effects (i.e. 0.066-0.081) in the
Fujian water area, as shown in Figure 6(k) . ‘Restricted visibility’ shows negative effects on
maritime accident consequence throughout the Fujian water area. This may be due to the
fact that ships are generally sailing slower under restricted visibility (Fu et al. 2023).
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7. Discussions

Maritime accidents are complex events influenced by a combination of factors related to seafarers,
vessel characteristics, and especially external circumstances. The meteorological and hydrological
properties of the oceans, as well as ship type distribution, are highly spatially heterogeneous, which
differentiates the influence mechanisms of accident consequences in different water areas. One
contribution of our study is that we found significant discrepancies in the effects of key factors of
maritime accident consequences in different water areas, which could not be modelled in other
traditional models. Furthermore, considering spatial scale variation between different factors makes
the model results more reliable, because the influencing zones of factors on maritime accident
consequences indeed varies. Aforenoted results indicate that the MGWR model is more effective
and reliable when modeling the influencing factors of maritime accidents with geographical
information.

Specifically, compared with the traditional econometric models, MGWR model has much better
modeling accuracy (Fotheringham, Yang, and Kang 2017). This suggests that the MGWR model has
a great potential to help maritime authorities accurately investigate the factors of maritime
accidents in different water areas. According to the noticeable challenges identified from the results,
customized strategies and policies can be proposed for different water areas by local maritime
authorities and agencies:

e With regard to reducing the probability of striking rock accidents in rocks/reef-intensive
waters (i.e. in the north of Putian waters), it is suggested to enhance navigation aids (e.g. set up
more navigation marks) and pay more attention to monitoring ship activities in these waters
through closed-circuit television (CCTV) systems. Navigation marks enable ships to find out
obstacles easily, especially when ships sail under poor visibility or at night (Chai, Xiong, and
Weng 2018).

e In the central Fujian waters with higher typhoon frequency, more effective weather monitor-
ing and early warning systems should be put in place to reduce maritime accidents caused by
adverse weather conditions.

e For water areas with more intensive fishing activities (i.e. Zhangzhou waters and northern
Ningde waters), more coast guard ships should be arranged to these waters (Yang et al. 2022).
Ensuring that fishermen receive adequate training and education on safety at sea is also
essential.

e Serious maritime accidents involving liquid cargo ships are normally distributed near port
waters. On one hand, ports in Fujian waters should be adequately equipped with fire-fighting
facilities to respond to fires/explosions caused by liquid cargo ship accidents. On the other
hand, reducing the consequence of liquid cargo ship accidents should mainly focus on
strengthening the emergency plan of the ship (Eliopoulou and Papanikolaou 2007).

e As for waters far from the coastline, the maritime search and rescue operations should be
further improved (e.g. fully mobilizing nearby ships to the accident waters for rescue) to
minimize rescue response time so that can reduce the consequence of accidents occurred in
these waters as much as possible (Zhou, Cheng, and Li 2020).

8. Conclusions

The key factors of maritime accident consequences have not been comprehensively inves-
tigated, especially from a spatial perspective based on adequate maritime accident data. This
study aims to fill up the gaps in relevant research by quantitatively analyzing key con-
tributors to maritime accident consequences with special emphasis on spatial heterogeneity.
Importantly, this study considers the spatial variation with multiple scales in the effects of
key factors leveraging the rigorous MGWR, which is ignored by the traditional spatial
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econometric models such as GWR. An empirical analysis of using MGWR for analysis is
presented based on maritime accident data in the East China Sea. The main findings can be
summarized as follows:

e The results from KDE and global Moran’s I index indicate notable spatial heterogeneity in the
accident sites and in the values of influencing factors. These results imply the necessity of
analyzing key factors of maritime accidents consequences.

e Multi-scale geographically weighted regression presents much more fitness superiority in model-
ing influences of different factors on maritime accident consequence due to its merits of consider-
ing spatial and multiple-scale variations among the variables, as compared to conventional
multiple linear regression and geographically weighted regression. MGWR model can properly
consider different bandwidths for different variables in spatial analysis and thus appropriately
reveal the different spatial heterogeneity in the effects of a factor on maritime accident
consequences.

e The results identify the key determinants of maritime accident consequences. From the global
perspective, MGWR results show that sinking/capsizing, liquid cargo ship, and gross tonnage
tend to be the most critical factors of all, which is consistent with the findings from MLR.

® Results reveal notably distinct influences of a factor on maritime accidence consequence in
different areas, namely spatial heterogeneity. Some factors even present inverse influences in
different water areas on maritime accident consequences such as sinking/capsizing, visibility,
and time of the day. The results hint the necessity to take the spatial and multi-scale variations of
influences of factors to properly decipher their influences on maritime accident consequences.

Overall, the findings of this study provide convincible evidence that maritime authorities should
consider implementing differential policies in different water areas to further reduce the occurrence
of accidents and corresponding consequences. Specific policy development can consider the
hydrogeological conditions of local waters, vessel traffic flow, as well as the analysis of historical
accidents. In addition, with the latest information as input, strategies of emergency resource
allocation could also be optimized in accordance with economic loss predictions for different
water areas based on our proposed model.

However, there are still several aspects that could be further extended. First of all, we
used econometric modeling for analysis as most relevant literature did, and thus cannot
directly reveal causality of the mentioned factors with maritime accident consequences. It is
always a dilemma in transport safety analysis that a strong relationship does not necessarily
mean causality. Further efforts are needed to investigate causality with great caution. In
addition, these models are used more as an exploratory tool instead of a predictive tool.
Therefore, in our future works, we will explore the possibility of using more advanced
geographically weighted machine learning methods to deal with these flaws. Moreover, our
case study only considers information from maritime accident data. The summary con-
sequences and frequencies of maritime accidents in different water areas may be affected by
ship traffic density, water depth, and so on. In the future, more comprehensive information
collected from AIS data, meteorological data, and hydrological data should be merged to
investigate the relationship between navigational risk and various influencing factors. It is
also interesting to explore the relationship between distance function (i.e. a continuous
relationship of the cumulative percentages of accidents with corresponding distances to the
coastline) of maritime accidents and corresponding influencing factors. Besides, our case
study mainly focuses on a common water area in the East China Sea. Maritime accidents in
larger water areas (e.g. whole Chinese/Asian territory waters) with different meteorological
and hydrological characteristics are worth investigating as well.
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Figure A1. Heat maps for the maritime accident variables based on KDE.
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Figure A1. (Continued).
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Figure A2. Boxplot for marginal effects of MGWR results (outliers are excluded).

Table A1. Nomenclature.

Abbreviation Full name
AlCc Akaike information criterion
AlS Automatic Identification System
CccTv Closed-Circuit Television
FSA Fujian Maritime Safety Administration
GWR Geographically Weighted Regression
KDE Kernel Density Estimation
MGWR Multi-scale Geographically Weighted Regression
MLR Multiple Linear Regression
RSS Residual Sum of Squares
SGWR Semi-parametric Geographically Weighted Regression
SoC Score of Change
VIF Variance Inflation Factor
Symbol Meaning
i Moran’s | index
N Number of observations
b's Variable of interest
X Average value of the variable
Wpq Matrix of spatial weights for location p and g
Vi Consequence of maritime accident i
Xij j explanatory variable of accident i
B; Coefficient of the j™ explanatory variable
Bo Intercept term
& Random error term
(uj, vi) Location of the accident j
w; (u;, v)) Spatial weight at location (u;, v;)
B(Uz, V) location-specific coefficient
Ioq Distance between p and q
b Critical distance from location p to its M nearest neighbor
M Optimal number of nearest neighbors (bandwidth)
o Estimated standard deviation of the error term
tr(S) Trace of the hat matrix S

Bow Coefficient of the jth factor with optimal bandwidth
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