
Vol.:(0123456789)

Natural Hazards (2021) 108:1877–1899
https://doi.org/10.1007/s11069-021-04760-3

1 3

ORIGINAL PAPER

Increased motor vehicle crashes following the 2016 
Kumamoto earthquake, Japan: an interrupted time series 
analysis of property damage crashes

Takuya Maruyama1  · Kazutake Taguchi2

Received: 6 January 2021 / Accepted: 16 April 2021 / Published online: 28 April 2021 
© The Author(s) 2021

Abstract
Driving after natural disasters entails a substantial amount of stress; therefore, the number 
of motor vehicle crashes may increase. However, few studies have examined this issue. 
This study investigated motor vehicle crashes after the 2016 Kumamoto earthquake in 
Japan. Monthly data about crashes resulting in property damage from 49 municipalities 
in Kumamoto from 2015 to 2018 were used. An interrupted time series analysis using 
Poisson or negative binomial regression models was conducted for 49 municipalities; the 
models were estimated for four classified areas to obtain the robust results. We found that 
property damage crashes increased significantly in the heavily affected area (Relative Risk 
(RR) = 1.48, 95% Confidence interval (CI): 1.29, 1.71) and the affected area (RR = 1.25, 
95% CI: 1.15, 1.36) after the earthquake. A mountainous area showed a reduction in prop-
erty damage crashes despite its heavy damage (RR = 0.74, 95% CI: 0.67, 0.82), which can 
be attributed to the closure of its main gate routes. The unaffected area showed no differ-
ence before and after the earthquake. Geographical presentation of the result demonstrates 
a clear positive association of earthquake damage and increased crashes. The findings of 
this study highlight the importance of motor-vehicle-crash alerts after an earthquake.

Keywords Earthquake disaster · Motor vehicle crashes resulting in property damage · 
Time series count data model · Poisson regression model · Negative binomial regression 
model

1 Introduction

Natural disasters can change the activities in a society in various ways. They can lead to an 
abnormal increase in the travel demands of evacuees, rescue teams, and volunteers, roads can 
be damaged, traffic congestion can become more severe than in normal situations, and drivers 
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are forced to drive in stressful conditions (Iida et al. 2000; Nakagawa and Kobayashi 2006; 
Kawasaki et al. 2017; Casey et al. 2019). These factors can increase the number of motor vehi-
cle crashes after a disaster.

Many studies have explored the impact of natural disasters on economic activities (Eck-
hardt et al. 2019; Yonson et al. 2020; Adeel et al. 2020; Chen and Chang 2020; Jiménez Mar-
tínez et al. 2020); however, few studies have examined its impact on motor vehicle crashes. 
Several researchers (Hino et al. 1996, 1997a; Wada et al. 1997) have reported an increase in 
motor vehicle crashes following the 1995 Great Hanshin–Awaji Earthquake in Japan. Hagita 
and Yokozeki (2019) summarized the increase in motor vehicle crashes due to earthquakes 
in the period 1995–2008 in Japan. A report (TMNRC 2016) described the increase in motor 
vehicle crashes by the 2011 Great East Japan Earthquake. However, the statistical analysis of 
these studies can be extended considering the time series nature of motor-vehicle-crash data. 
In this study, we investigated motor vehicle crashes following the 2016 Kumamoto earthquake 
in Japan using interrupted time series (ITS) analysis. ITS analysis is considered to be the most 
robust quasi-experimental methodology to evaluate the longitudinal effect of unexpected 
events (Lopez Bernal et  al. 2017); however, its application to motor-vehicle-crash analysis 
after an earthquake is limited (Casey et al. 2019).

After the 2016 Kumamoto earthquake, many evacuees stayed overnight in their cars (Araki 
et al. 2017; Inazuki 2018). Consequently, their driving will be impaired because of fatigue. 
Although this could be a new factor that increases motor vehicle crashes, the investigation of 
the Kumamoto earthquake is insufficient. Taguchi et al. (2019a, b) investigated this issue, but 
their analysis was preliminary. This study extends their analysis and comprehensively exam-
ines the change in motor vehicle crashes caused by the Kumamoto earthquake using ITS.

This study examines the following hypotheses: Factors that are likely to increase the proba-
bility of a motor vehicle crash, such as driver stress, increase after an earthquake, especially in 
the affected area near the epicenter where there is heavy damage to housing; consequently, the 
increase in crashes is higher there. The number of crashes increases to a very high level in the 
period immediately after the earthquake; it returns to its normal level after some time interval 
(the ‘impact period’), which also varies geographically with the level of damage. We examine 
these hypotheses using monthly crash data for each of the 49 municipalities in Kumamoto 
Prefecture from 2015 to 2018. In sum, the objectives of this study are to determine the change 
in the number of motor vehicle crashes for each municipality caused by the Kumamoto earth-
quake using ITS; to compare this change with the housing damage; to classify the municipali-
ties into four areas by property damage and crash rate; and to demonstrate robustly the change 
in crashes and impact periods across these areas.

We found that motor vehicle crashes resulting in property damage (property damage 
crashes) increased in the affected areas after the earthquake. This paper demonstrates a clear 
statistical association between earthquake damage and increase in crashes using ITS.

The rest of this paper is organized as follows: Sect. 2 presents a review of the related litera-
ture; Sect. 3 presents the data used in this study; Sect. 4 explains the method used; Sect. 5 pre-
sents the results of this study; Sect. 6 discusses the obtained results; and Sect. 7 summarizes 
the main findings of the study.
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2  Literature review

This section summarizes the reports and findings of actual motor vehicle crashes after 
the occurrence of disasters. We begin with case studies after earthquakes and then those 
of man-made disasters. We also reviewed the time series analysis of the impact of earth-
quakes and examined how the analysis can be applied to our study. Finally, we identified 
research gaps and highlighted the original contributions of our study.

2.1  Case studies after natural earthquakes

Several researchers have analyzed motor vehicle crashes that occurred after the 1995 Great 
Hanshin–Awaji Earthquake in Japan. Hino et al. (1996, 1997a) showed that the number of 
crashes resulting in injury or death (injury crashes) in Hyogo prefecture increased by an 
average of 10% compared with that of the previous year before the earthquake occurred. 
Motor vehicle crashes also increased over a long period, not only in severely damaged 
municipalities but also in municipalities with minor damage. Wada et al. (1997) investi-
gated road traffic management after disasters following increased crash problems. Ueno 
et al. (1997) and Hino et al. (1997b) examined how companies and individuals handled the 
challenges of road traffic after the earthquake, using a questionnaire survey. Their study 
revealed that although individuals understood traffic regulations, drivers appeared to break 
these rules, resulting in an increased number of motor vehicle crashes. Following the earth-
quake, many researchers have investigated transportation issues during disasters and dis-
cussed the importance of road network development and traffic management systems in 
disasters (Taniguchi 1997; Iida et al. 2000; Nakagawa and Kobayashi 2006).

TMNRC (2016) examined motor vehicle crashes after the 2011 Great East Japan Earth-
quake and reported that, in some severely damaged municipalities in Miyagi, injury crashes 
decreased and property damage crashes increased. The above report also revealed changes 
in locations with frequent property damage crashes after the disaster. Hagita and Yokozeki 
(2019) analyzed the number of motor vehicle crashes during major earthquakes in Japan 
from 1995 to 2008 and found that injury crashes generally increased in areas with high 
population densities.

Helton and Head (2012) compared the response task of participants before and after the 
2010 Christchurch earthquake in New Zealand. Their results indicate that natural disasters 
may adversely affect driving performance. Some studies have focused on driving behavior 
during an earthquake using a questionnaire survey and a driving simulator (Jibiki et  al. 
2015; Kiyono et al. 2017; Matsumoto et al. 2018). These studies did not investigate actual 
motor vehicle crashes; however, they suggested possible changes in driving behavior dur-
ing an earthquake.

2.2  Case studies after terror attacks

Some studies have analyzed motor vehicle crashes after terrorist attacks. Su et al. (2009) 
reported an increase in motor-vehicle-crash fatalities around the area where the Septem-
ber 11 terrorist attacks were carried out in the U.S. Gigerenzer (2004) hypothesized that 
the increase in fatalities was due to changes in travel mode and analyzed the relationship 
between traffic fatalities and changes in mode choice. The author demonstrated that people 
tended to avoid airplanes after terrorist attacks and inferred that drivers’ driving quality 
deteriorated due to driving fatigue resulting from increased long-distance driving, leading 
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to increased motor vehicle crashes. In the case of terrorism in Israel, severe crashes with 
casualties frequently occurred three days after terrorist attacks, and motor-vehicle-crash 
fatalities increased by approximately 35% from the month before the attacks (Stecklov and 
Goldstein 2004). These results indicate that terrorist attacks can adversely affect the mental 
and physical conditions of drivers and lead to an increase in motor vehicle crashes. In other 
words, driving quality may decrease after terrorist attacks.

2.3  Interrupted time series analysis for impact evaluation

ITS analysis is a valuable tool for evaluating policy interventions and events and has been 
used in various research fields (Jandoc et al. 2015; Lopez Bernal et al. 2017; Turner et al. 
2020). Many studies used ITS analysis to investigate the impact of disasters in several 
research fields. Such studies include the impact of earthquake and nuclear disaster on birth 
rate (Kurita 2019), impact of flood on infectious diseases (Zhang et al. 2019), impact of 
technological disasters (chlorine spill) on primary care access (Runkle et al. 2012), increase 
in suicide trends following an earthquake (Yang et al. 2005), impact of natural disasters on 
capital markets (Worthington and Valadkhani 2004), increase in suicide rates following ter-
rorist attacks (Pridemore et al. 2009), impact of flooding on mental health (Milojevic et al. 
2017), and decrease in the number of tourists in disaster-affected areas (Nishimura et al. 
2012). In a case study of the 2016 Kumamoto earthquake, Matsushita (2019) examined the 
impact of a special subsidy system for tourists in the affected area using ITS.

The use of ITS in motor-vehicle-crash analysis includes the effect of high fuel price 
(Naqvi et  al. 2020), ban on cellphone use (Liu et  al. 2019), the effect of 20 mph traffic 
speed zones on crashes (Grundy et al. 2009), and the effect of change in street lightning 
on crashes and crimes (Steinbach et al. 2015). Lavrenz et al. (2018) reviewed time series 
modeling in traffic safety research. Although many studies have been conducted on motor 
vehicle crashes using ITS, including those mentioned above, limited studies have examined 
the impact of earthquake on motor vehicle crashes using ITS. Recently, Casey et al. (2019) 
demonstrated an increase in motor vehicle crashes following the earthquakes induced by 
wastewater injection. They reported a 4.6% increase in motor vehicle crashes in the high 
exposure counties in the month following the earthquakes of magnitude 4 or greater, using 
time series model.

2.4  Current study

Although several studies have investigated the impact of earthquakes on motor vehicle 
crashes, the evidence is insufficient to generalize the effect for policymaking. Therefore, 
this study used the 2016 Kumamoto earthquake as a case study and actual motor-vehicle-
crash data. The purpose of this study is to determine the actual distribution of motor vehi-
cle crashes after the Kumamoto earthquake and to analyze changes in crash rates caused by 
the earthquake. None of the existing studies on the impact of natural earthquakes on motor 
vehicle crashes (Hino et al. 1996, 1997a) used ITS; the present study provides statistical 
findings using time series data. Furthermore, while Casey et al. (2019) conducted analyses 
on human-induced earthquakes with slight earthquake damage, we focused on the natural 
earthquakes that result in heavy building damage and loss of human lives. In addition, we 
explored the length of the impact of earthquakes on motor vehicle crashes, which were not 
investigated by Casey et al. (2019).
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3  Data

Two great earthquakes with magnitudes of 6.5 and 7.3 hit Kumamoto, Japan on April 
14 and 16, 2016. The earthquakes caused strong shaking with a seismic intensity of 7 
in Mashiki and Nishihara. Over 4,000 aftershocks with seismic intensities of 1 or more 
occurred within six months of the first tremor (JMA 2018). The tremors caused over 270 
direct and indirect fatalities, over 2,800 injuries, and over 206,000 instances of residen-
tial damage, including over 8,600 total collapses (FDMA 2019). The maximum number 
of evacuees was over 180,000 in Kumamoto Prefecture (CO 2019). Figure 1 shows the 
location of the study area. Kumamoto is located in the southern part of Japan.

Figure 2 shows the trends in property damage and injury crashes from 2010 to 2019 
in Kumamoto Prefecture. Injury crashes decreased continuously, despite the earthquake 
in 2016. In contrast, property damage crashes increased by ~ 6,000 in 2016 after the 
Kumamoto earthquake occurred. In this study, we focused on property damage crashes 
and analyzed their relationship with the damage caused by the earthquake.

Note that there are differences in the availability of injury-crash and property-dam-
age-crash data. Most of the aggregated injury-crash data are in repositories open to the 
public and are available to researchers, whereas most property-damage-crash data are 
not. Therefore, we requested and obtained monthly property-damage-crash data for each 
of the 49 municipalities from 2015 to 2018 from the Kumamoto Prefectural Police. 
(Higher temporal-resolution data, such as daily and weekly data, were unavailable.)

In Japan, building damage is classified into four grades: severe (Zenkai), major (Dai-
kibo Hankai), minor (Hankai), and slight (Ichibu-sonkai). The percentage of residential 
buildings with severe, major, and minor damage was used in this study. The data were 
published by the Kumamoto prefectural government; we calculated the percentage and 
illustrated it in a map.

Fig. 1  Location of the study area in Japan
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4  Method

4.1  Time series count model formulation

Time series count data models have been employed in motor-vehicle-crash research. Qud-
dus (2008) used integer-valued autoregressive Poisson models and suggested that count 
models are useful if the means of the counts are relatively low, as is the case with monthly 
motor vehicle crashes within a small geographic unit. This study used count models to ana-
lyze the monthly crash data at the municipality level based on the above report.

We used a Poisson regression model and a negative binomial regression model con-
sidering seasonality using Fourier terms. The Poisson regression model is formulated as 
follows:

where Yt is the number of monthly crashes counted at time t, and Poisson
(
λt
)
 is the discrete 

random variable following Poisson distribution with mean λt . Tt is the time index during 
the impact period, and Et is 1 if the time t is in the impact period and 0 otherwise. �0 , �1 , 
and �2 are the parameters to be estimated. �1 is the slope in the impact period and �2 rep-
resents the level change at the beginning of the impact period. seasonality(t) represents the 
seasonality in time t.

The negative binomial regression model assumes Yt ∼ NegBin
(
λt,�

)
 , where the distri-

bution is parameterized with its mean λt using Eq. and dispersion parameter � . A limiting 
case of the negative binomial distribution with � → ∞ corresponds to the Poisson distri-
bution. The mathematical expressions of Poisson and negative binomial regression with 
seasonality using Fourier terms are described in detail in Appendix 1. Zhao et al. (2019) 
demonstrates an application of negative binominal models in crash research.

An example of the impact model of Eq. (2) is illustrated in Fig. 3. We assumed that the 
number of property damage crashes is constant (i.e., has zero slope) before the earthquake, 

(1)Yt ∼ Poisson
(
λt
)
,

(2)log λt = �0 + �1Tt + �2Et + seasonality(t),
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considering the results in Fig. 2. This assumption will prevent overfitting in the municipality-
level data.

Note that we also investigated the use of a seasonal autoregressive integrated moving aver-
age model (Box et al. 2015; Hyndman and Athanasopoulos 2018) and count model consider-
ing serial dependence (Liboschik et al. 2017). Such models can handle autocorrelation in the 
residuals, but the shapes of their impact models (or intervention models) are inevitably com-
plicated. Therefore, we adopted the model with seasonality term to handle autocorrelation in 
the residuals.

Many methods have been proposed to examine the seasonality of crashes. For instance, 
Nishi and Hino (2018) analyzed the monthly number of crashes in municipalities using state-
space models and characterized the seasonality and regional differences. In this study, we used 
the Fourier function to describe seasonality.

4.2  Impact model

We estimated the model using the monthly data in each municipality; hence, the impact period 
would be different for each municipality. Impact model specification is portant to obtain the 
unbiased results (Lopez Bernal et al. 2018), and we used the following procedure to systemati-
cally determine the impact model.

The impact model should have a reasonable shape to explain earthquake effects (Fig. 3). 
Therefore, we assumed that the following conditions will be met.

where �2 and �3 are illustrated in Fig.  3. Equation  (2) estimates the parameters �0, �1 , 
and �2 ; �3 is set using the estimated �0 and �1. If the number of crashes increases due an 
earthquake, �2 and �3 will be positive. Meanwhile, these can be negative if an earthquake 

(3)||�2|| ≥ ||�3||,

(4)�2�3 ≥ 0,

Fig. 3  Impact model considered
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reduces the number of crashes. If Eq.  (3) does not hold, it means that the impact of the 
earthquake increases with time, which is unreasonable. If Eq. (4) does not hold, �2 is posi-
tive and �3 is negative (or �2 is negative and �3 is positive) indicating a zigzag line, which is 
also unreasonable, implying overfitting.

The impact period is determined for each municipality that maximizes the Akaike 
Information Criteria (AIC) while satisfying Eqs. (3) and (4). If the impact period is longer 
than the sampled period, the model does not undergo a structural change; whereas, if the 
impact period is shorter than the sampled period, the model undergoes a structural change. 
The standard AIC should not be used to select models with possible presence of multiple 
structural changes; Kurozumi and Tuvaandorj (2011) proposed a modified AIC, which can 
be employed in this case. They showed that a value of six times the number of structural 
changes should be added to the modified criteria. We adopted this modified AIC to deter-
mine the impact period for each municipality.

We computed the relative risk (RR) and its 95% confidence intervals (CI) from the final 
model.

An exponential function was used to change the log-scale in Eq. (1) to a normal scale. 
The RR indicates the change in the number of crashes caused by an earthquake.

4.3  Procedure

As it is for other statistical methods, a larger number of data points and observations are 
better for ITS. A minimum of nine data points for pre- and post-intervention and at least 
100 observations per data point are recommended (Jandoc et  al. 2015). Our data satisfy 
the nine data point requirements for pre- and post-intervention (i.e., earthquake); however, 
some municipalities with a small population have less than 100 observations per data point. 
Hence, the aggregation of municipalities is recommended, although arbitrary aggregation 
will yield the biased results and may eliminate the location-specific features of results. In 
this paper, we proposed the following procedure to systematically analyze the data and 
obtain robust results.

Step: 1  Estimate the best models for each municipality while satisfying the impact model 
requirements. Compute the RR and CI for each municipality.

Step: 2  Classify the municipality using the similarity of RR, housing damage, and geo-
graphical proximity.

Step: 3  Estimate the models for each classified municipality and obtain the RR and CI.

The details of Step: 1 are as follows.

 Step: 1.1. Change the impact period from 6, 9, 12, …, 33 months and estimate the Poisson 
and negative binomial models for each municipality. Models with �1 = 0 are also 
estimated to consider the possible models with no slope change.

 Step: 1.2.  Select the model with the lowest modified AIC while satisfying the model require-
ments.

Similar steps are adopted in Step: 3.

(5)RR = exp
(
�0 + �2

)
∕ exp

(
�0
)
= exp

(
�2
)
.



1885Natural Hazards (2021) 108:1877–1899 

1 3

This procedure can be considered to be a meta-analysis of municipality-level results 
(Zhang et al. 2019). We did not include the estimated parameter of 49 municipality-level 
models in this paper to save space, but we have presented their RR and 95% CI. We com-
prehensively illustrated, for each classified municipality, the data, the estimated parameters 
of the model, their RR, and 95% CI. A statistical significance level of 0.05 was adopted in 
this study. We used ‘MASS’ and ‘tsModel’ in R4.0.2 software packages for the ITS analy-
sis, and QGIS 3.14 to geographically illustrate the data.

5  Results

Figure 4 shows the percentage of residential buildings with severe, major, and minor dam-
ages in the municipalities. This figure illustrates the impact of earthquake damage. Mashiki 
and Nishihara experienced the highest impact in the 2016 Kumamoto earthquake, and 
these and their surrounding areas had higher damage.

The RRs are computed using ITS analysis for each municipality. Figure 5 shows their 
distribution, whereas Fig. 6 shows their CIs with a decreasing order of housing damage. 

Fig. 4  Percentage of residential buildings damaged by the 2016 Kumamoto earthquake  Source: Built using 
the data published by the Kumamoto Prefectural government
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If the CIs contain 1.0, the estimated RR is not statistically different from 1.0, indicating 
no change in the crash risk. The estimated RR is statistically meaningless in this case, 
and Fig. 5 shows blanks for such municipalities. The most heavily damaged area reveals 
a higher crash increase, whereas most of the slightly damaged areas show no statistically 
significant difference in the crash (Figs. 4 and 5).

The results in Fig. 5 contain some outliers: Ashikita, Kashima, Misato, and Arao. The 
reason for the outliers can be explained as follows. The average observations per month for 
Ashikita, Kashima, and Misato are 20.5, 61.2, and 13.7, respectively. The observations are 
smaller than the recommended level of 100. The average observation for Arao is 111.7, 
which is just above 100. These lower observations can explain the trends of the abovemen-
tioned areas that are different from the neighborhood.

The municipality-level results are aggregated to obtain more robust results. Using 
these results and geographical proximity, the municipalities are classified into four areas 
as shown in Fig. 7, namely ‘heavily affected area,’ ‘affected area,’ ‘Minami-aso & Taka-
mori,’ and ‘Others.’ We adopt the following definitions: A municipality with damage to 
more than 30% of housing (Fig. 4) is classified as part of the ‘heavily affected area’ (with 
the exception of Minami-aso, where there was a statistically significant decrease in crashes 

Fig. 5  Relative risk of property damage crashes by the Kumamoto earthquake
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(Fig. 5)). A municipality with damage to 1–30% of housing (Fig. 4) and with a statistically 
significant increase in crashes (Fig. 5) is classified as part of the ‘affected area.’ Minami-
aso and Takamori, which had a statistically significant decrease in crashes, are placed in a 

0 1 2 3
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Relative risk

Fig. 6.  95% Confidence intervals of the relative risk of crash for the municipalities in Kumamoto. Note: 
The percentages in parentheses indicate housing damaged by the earthquake in the municipality
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special category. The outliers mentioned before–Ashikita, Kashima, Misato, and Arao–are 
placed in the same categories as the largest number of adjacent municipalities.

Consequently, the ‘heavily affected area’ includes Mashiki, Nishihara, Mifune, and 
Kosa, and each had more than 30% of housing damage (Fig. 4). The ‘affected area’ sur-
rounds the ‘heavily affected area,’ and most of the municipalities had 5–30% of hous-
ing damage (Fig.  4). ‘Minami-aso & Takamori’ showed a decrease in crashes, although 
Minami-aso had 36% of housing damage. ‘Others’ include areas that are not classified in 
the three areas, and most of these areas had marginal damage.

ITS analysis was performed for the classified four areas and the total area. Table 1 pre-
sents the estimated parameters of the time series count model. In the total area, �2 = 0.18 is 
positive and statistically significant, which indicates an uplift at the beginning of the impact 
period—this represents the immediate effect of the earthquake. In contrast, �1 = −0.003 
is negative and statistically significant, which indicates a downward slope change in the 
impact period (as illustrated in Fig.  3)―this represents the long-term impact of the 
earthquake. Similarly, in the heavily affected and affected areas, the statistically signifi-
cant positive estimates of �2 indicate an uplift at the beginning of the impact period; the 
statistically significant negative estimates of �1 indicate a downward slope change in the 
impact period. In ‘Minami-aso & Takamori,’ �1 is statistically insignificant and is excluded, 
whereas the statistically significant negative estimates of �2 indicate a downward level 
change in the impact period. The minimum AIC criteria were used to select the Poisson 
model in ‘Minami-aso & Takamori,’ and the negative binomial model in the other four 
areas with statistically significant estimates of � indicates over-dispersion.

Figure 8 shows the estimated and counterfactual lines, along with the actual data; Fig. 9 
gives a summary of the estimated CIs. The ‘heavily affected area’ and ‘affected area’ 
showed increases in crashes immediately after the earthquake, and the impacts gradually 
decreased toward the end of 2018 (Fig. 8). Fourier term appears to represent a part of sea-
sonality; see Appendix 2 for a discussion of the autocorrelations in the residuals. The esti-
mated RR is 1.48 (95% CI: 1.29, 1.71) in the ‘heavily affected area,’ 1.25 (95% CI: 1.15, 
1.36) in the ‘affected area,’ and 1.20 (95% CI: 1.10, 1.30) in the total area (Fig. 9). The RR 
in ‘others’ was not statistically significant from 1.0. ‘Minami-aso & Takamori’ exhibited a 

Fig. 7  Classification of munici-
palities
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Fig. 8  Trends in property damage crashes for each classified municipality (crashes per month). Note: The 
vertical red line is the time of earthquake occurrence. The dotted blue line is the counterfactual line. The 
solid blue line is the seasonalized predicted trend
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different trend, with a level drop from April 2016 to June 2017 (RR = 0.74, 95% CI: 0.67, 
0.82).

6  Discussion

The ‘heavily affected area’ exhibited a higher RR than the ‘affected area,’ although the dif-
ference is not statistically significant (Fig. 9). This could be partly due to the small obser-
vations per month, with an average of 149.3, in the ‘heavily affected area.’ The estimated 
�1 and �2 values for the ‘heavily affected area’ were approximately twice of those for the 
‘affected area’ (Table 1), which implies that the earthquake impact lasted for similar peri-
ods of time in these two areas. This may seem counterintuitive, because the stress on vic-
tims caused by the earthquake might be expected to last longer in the ‘heavily affected 
area,’ where many victims lost their homes and had to live in temporary housing. The cur-
rent available data are not sufficient to examine this issue; detailed data with crash causes 
may reveal the reason in the future.

The area of ‘others’ showed no difference in the crashes before and after the earthquake. 
The results in Fig. 9 and the maps in Fig. 4 and Fig. 5 provide clear evidence of the posi-
tive association of earthquake damage and crash increase if ‘Minami-aso & Takamori’ is 
not considered.

The results of ‘Minami-aso & Takamori’ show that crashes dropped after the earth-
quake and returned on July 2017, resulting in an estimated impact period of 1 year and 
3 months; this can be explained as follows. The area is a mountainous area, and bridges, 
tunnels, and roads that are on the main gate routes to the area from the Kumamoto metro-
politan area, were damaged in April 2016 due to the earthquake. The Aso-ohashi bridge 
collapsed, the Tawarayama tunnel and the Aso-choyo-ohashi (ACO) bridge were damaged. 
These collapsed and damaged structures could have reduced the number of vehicles enter-
ing the area, although the actual number was not available. A reduction in the number of 
vehicles would have resulted in a decrease in crashes. These damaged routes have been 
gradually restored. The Tawarayama tunnel was temporally restored in December 2016, 
and the ACO bridge was restored in August 2017. The ACO bridge is located near the Aso-
ohashi bridge, and serves as detours for the Aso-ohashi bridge. Thus, restoring the ACO 
bridge in August 2017 seems to have paved the way for vehicles entering the area, resulting 
in crashes of similar levels before the earthquake.

0 0.5 1 1.5 2

Total

Heavily affected area

Affected area

Minami-Aso & Takamori

Others

Relative risk

Fig. 9  Confidence intervals of relative risk of crashes in the classified areas
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The closure of main gate routes to the ‘Minami-aso & Takamori’ may also explain the 
considerable crash increase in Nishihara (Figs.  5, 6). Nishihara encompasses the ‘Green 
Road,’ which was also damaged by the earthquake but quickly recovered in April 2016. 
The road served as a detour to the damaged gate routes, which could have increased the 
number of vehicles in the town and caused congestion; this may have resulted in the crash 
increase.

Aso and Ubuyama, which had 10% and 12% housing damage, respectively (Fig.  6), 
revealed an insignificant crash change. This appears to be caused by the offsetting effect of 
reduced traffic due to the closure of the road into the area and potential increase in crashes 
due to earthquake stress there.

The Kyushu Expressway, which passes through the Kumamoto Prefecture from North 
to South, was damaged by the earthquake, causing a part of the road to be closed in April 
2016; this may partly explain the crash increase in Arao (Fig.  5). The closure produced 
heavy congestion in the Kumamoto metropolitan area, and traffic detoured from the dam-
aged Expressway was sent through Arao (Kawasaki et al. 2017). The higher RR in Arao 
can be attributed to the increased traffic on the detour.

In summary, our results imply that earthquake damage and the number of crashes are 
associated as follows: In areas where the main routes were damaged by an earthquake, 
the number of vehicles entering the areas and crashes decreased. These values returned 
to the original level as the damaged routes were restored. In the other areas affected by 
an earthquake, the number of crashes increased in the affected area. These increases were 
high, particularly when an earthquake occurs, and the increases gradually disappeared over 
time. In areas that experienced a minimal effect of the earthquake, the number of crashes 
remained unchanged.

The results are consistent with those reported in the literature. Hino et  al. (1997a) 
reported an increase in crashes following the 1995 Great Hanshin–Awaji Earthquake. They 
found that the annual number of injury crashes increased by 17% compared with the previ-
ous year in 1995 in the Kobe area. In some months, a 30% increase was reported compared 
with the same month of the previous year. The authors did not report changes in property 
damage crashes. Hagita and Yokozeki (2019) analyzed the number of crashes during major 
earthquakes in Japan from 1995 to 2008 and found that injury crashes generally increased 
in areas with high population densities. They also reported a decrease in injury crashes in 
some areas with low population densities. Casey et al. (2019) reported a 4.6% increase in 
crashes in the highly affected areas in the month following human-induced earthquakes. 
Although the majority of these studies did not focus on property damage crashes but on 
injury crashes, the results are generally consistent with the findings of the present study: 
crashes increased after the earthquake. The decrease in injury crashes in low population 
density areas (Hagita and Yokozeki 2019) can be explained using a similar situation in 
‘Minami-aso & Takamori’ in this study; that is, the traffic was reduced because of road 
damage.

The present study did not explore the reason for crash-rate change. Casey et al. (2019) 
postulated that anxiety, stress, distraction, and sleep deprivation experienced by people due 
to the occurrence of earthquakes may lead to dangerous driving behavior and motor vehicle 
crashes. To examine this issue, the questionnaire surveys conducted by Ueno et al. (1997) 
and Hino et al. (1997b) on drivers following the 1995 Great Hanshin–Awaji Earthquake are 
useful. They showed that more than 80% of drivers perceived an increased risk of crashes, 
and drivers also reported that the main reasons are violation of traffic rules, increased traf-
fic congestion, and road damage and construction. This could be a possible reason for the 
increase in crashes during the Kumamoto earthquake. Residents living in the affected area 
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were in a stressful condition due to the earthquake. The disaster victims who lost their 
houses and were staying at evacuation centers and temporary housing may not have slept 
well. Many evacuees stayed overnight in their cars after the Kumamoto earthquake (Araki 
et al. 2017; Inazuki 2018). These stressful conditions may cause careless driving resulting 
in crashes, although a decisive conclusion requires additional surveys. Recent technologies, 
which can measure drowsiness, distraction (Soares et  al. 2020), sleepiness, and mental 
fatigue (Hu and Lodewijks 2020), may be useful to examine this issue in future disasters.

The present study focused on property damage crashes. Injury crashes revealed no 
clear change after the earthquake (Fig. 2). The difference in the change between property 
damage and injury crashes is still unclear. The first author of this paper shared the find-
ings of some existing studies (Hino et al. 1996, 1997a; Wada et al. 1997) with the police 
immediately after the earthquake, and the police increased patrol in the affected area. The 
findings were also presented in local newspapers, radio, and TV, and recommendations for 
safe driving were made. These activities may help reduce heavy crashes, although validat-
ing them is beyond the scope of this study. Nevertheless, safe-driving alerts after disasters 
appear to be important.

The present study also has several limitations. This work is a retrospective study as 
it was initiated after the earthquake has occurred. Thus, several data are inevitably una-
vailable. First, the traffic flow data for each municipality before and after the earthquake 
were unavailable. The increase in crashes can be attributed to an increase in traffic flow 
because of rescue vehicles, volunteers from other areas, and increased trips by victims. 
Motor-vehicle-crash numbers can increase even if the crash probability remains constant. 
To investigate this issue, the crash data should be offset by traffic flow data in future work. 
It is noteworthy, however, that motor-vehicle-crash safe-driving alerts during a disaster are 
important, whether the reason for the increase is traffic flow increase or risk increase.

Second, the monthly property-damage-crash data for each municipality were not avail-
able before 2015, making it difficult to construct models before the earthquake. We con-
sidered that this issue is not significant because of the stable yearly rate of property dam-
age crashes before 2015 (Fig. 2), justifying the assumption of a constant (i.e., zero slope) 
regression line before the earthquake. However, controlling for long-term trends using 
more data would be preferable in the future.

Third, property-damage-crash microdata, containing times, locations, weather, dam-
age levels, crash types, and other relevant factors, are not available, and variations after 
the earthquake were neglected. The injury-crash statistics in Japan include detailed data 
for crashes, such as the time, vehicle type, driver attributes, and latitude and longitude of 
the crash site. By contrast, the current property-damage-crash statistics in Japan provide 
only macro-level data, as shown in the monthly municipality-based counts. Developing a 
detailed property-damage-crash database will help to improve the analysis in future stud-
ies. For example, the analysis in this study showing that earthquake damage to housing 
is correlated with crashes implicitly assumes that drivers involved in a crash live in the 
municipality of the crash, but actually they may not. Future work should analyze microdata 
for crashes, which contains drivers’ residences. In addition, data with higher temporal reso-
lution, such as daily and weekly data, will be useful and produce more informative results 
in ITS analysis. Daily data with weather conditions would be particularly effective in con-
trolling for the cause of the crash.

Fourth, the analysis in this study is based on police data. A possible problem of using 
police data is that some property damage crashes may not be reported to the police, 
although injury crashes will always be reported. If the unreported rate is unchanged before 
and after the earthquake, our results are valid. The change in the rate is beyond the scope 



1894 Natural Hazards (2021) 108:1877–1899

1 3

of this study, but analysis using other types of data, such as data obtained from car repair 
shops and car insurance companies, may offer a different view.

Our study makes a strong contribution to the literature, even with these limitations. This 
paper reports a clear statistical association between earthquake damage and increase in 
motor vehicle crashes using ITS. The findings of this study highlight the importance of 
motor-vehicle-crash alerts after an earthquake.

7  Conclusion

In this study, we examined motor vehicle crashes following the 2016 Kumamoto earth-
quake and found that the number of crashes resulting in injury or death decreased, despite 
the earthquake, but crashes resulting in property damage increased after the earthquake. 
Interrupted time series analysis demonstrated that the number of property damage crashes 
increased even more in the heavily affected areas (RR = 1.48, 95% CI: 1.29,1.71) than in 
the affected area (RR = 1.25, 95% CI: 1.15, 1.36). A mountainous area showed a reduc-
tion in property damage crashes after the earthquake despite its heavy damage (RR = 0.74, 
95% CI: 0.67, 0.82), which can be attributed to the closure of its main gate routes. These 
findings can be useful for planning traffic safety measures during and after earthquake 
disasters.

Appendix 1

The probability function for the Poisson model Yt ∼ Poisson
(
λt
)
 is given as follows:

Its mean and variance are equal ( E
(
Yt
)
= Var

(
Yt
)
= λt).

The probability function for the negative binomial model Yt ∼ NegBin
(
λt,�

)
 , its mean, 

and variance are given as follows:

The model with � → ∞ reduces to the Poisson model (Venables and Ripley 2002).
The seasonality can be generally expressed as follows using Fourier terms.

where t is the time in months since the start of the observation, and aj and bj are the 
parameters to be estimated. To prevent overfitting, we set the maximum J = 2 in this study.
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(
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)
=

�
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=
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J∑
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+ bj cos

(
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,
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Appendix 2

To address the autocorrelation in residuals, we conducted Ljung–Box test with null 
hypothesis ‘no autocorrelation’ using the test statistic Q∗ (Box et al. 2015; Hyndman and 
Athanasopoulos 2018)

where r
k
 is the autocorrelation at lag k in the residuals, h is the number of lags being tested, 

and T is the sample size. Following Hyndman and Athanasopoulos (2018), we set h = 10.
Table 2 lists the results for the model with Fourier terms (Fourier model). Unfortu-

nately, the null hypothesis (no autocorrelation) was rejected for the Fourier model in 
each area. We also confirmed some spikes at lag 6 or 12 in the autocorrelation function 
and partial autocorrelation function of the residuals. This indicates that Fourier terms 
may not sufficient to address seasonality fully.

Therefore, a model with monthly dummies (monthly dummy model) was tried. In 
this model, the seasonality was expressed as

where cj is the parameter to be estimated and month(t, k) is the monthly dummy, taking 
value 1 when the time t is month k, and 0 otherwise. The data for January were chosen as 
the base, i.e., c1 = 0.

The results for the monthly dummy model are also presented in Table 2, along with 
its estimated RRs and 95% confidence intervals. The results suggest no autocorrela-
tion remained in the residual except in the ‘Others’ area. Furthermore, the RRs for the 
monthly dummy model were almost identical to those for the Fourier model; their dif-
ference is less than 0.04. The estimated 95% CIs for the monthly dummy model were 
narrower than those from the Fourier model, and, thus, the ‘heavily affected area’ exhib-
ited a statistically significant higher RR than the ‘affected area.’ ‘Others’ exhibited an 
RR not statistically different from 1.0 in both models.

(10)Q∗ = T(T + 2)

h∑

k=1

(T − k)−1r2
k
,

(11)seasonality(t) =

12∑

j=2

cjmonth(t, k),

Table 2  Relative risk (RR), 95% confidence intervals (CI), and residual diagnostics for estimated models 
with Fourier term and monthly dummy

Note: Q* is the statistic of the Ljung–Box test (see Eq. (10)). The estimated impact periods are identical to 
those in Table 1 (e.g., 1 year and 3 months in Minami-aso & Takamori)

Model with Fourier term Model with monthly dummy

RR 95% CI Q* (p value) RR 95% CI Q* (p value)

Total 1.197 (1.101, 1.301) 53.91 (< 0.001) 1.208 (1.170, 1.247) 14.29 (0.160)
Heavily affected area 1.480 (1.285, 1.706) 24.97 (0.005) 1.494 (1.344, 1.660) 9.51 (0.485)
Affected area 1.246 (1.145, 1.355) 43.29 (< 0.001) 1.259 (1.219, 1.299) 10.99 (0.358)
Minami-aso & Takamori 0.742 (0.670, 0.821) 20.16 (0.028) 0.734 (0.663, 0.814) 14.25 (0.162)
Others 1.012 (0.962, 1.063) 38.07 (< 0.001) 1.049 (0.994, 1.108) 28.84 (0.001)
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We conclude that demonstrating the results of the Fourier model as final ones is pre-
ferred, for the following reasons. Although the monthly dummy model produced results 
with no autocorrelations in the residuals, it included a large number of parameters. The 
seasonalized trend predicted by the monthly dummy model contained implausible jumps 
(Bhaskaran et al. 2013) between adjacent months; this contrasts with the smooth changes 
predicted by the Fourier model (Fig.  8). The monthly dummy model can be overfitted, 
given its small sample size (48 months). In contrast, the estimated RRs for both models 
are similar, meaning that the results of the Fourier model are unaffected by the autocorrela-
tions in the residuals. Thus, we conclude that the Fourier model is the better choice.
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