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1. Introduction.

Traffic congestion and road accidents are considered the most important sources of external costs
related to car travel (Shefer and Rietveld, 1997). Traffic congestion is an omnipresent phenomenon
during rush hour in densely-populated regions (see, for example, Arnott and Small, 1994; Downs,
2005). Congestion is an important problem for road transport and a main challenge for transport
policy at all levels. Congestion costs Europe about 1% of Gross Domestic Product (GDP) every
year (Christides and Rivas, 2011) and its mitigation is the main priority for most infrastructure,
traffic management and road charging measures.

Congestion typically occurs at times of high travel demand or as a consequence of accidents or
other non-recurring incidents that temporarily reduce a road’s capacity. Non-recurrent congestion
on highways is mostly caused by road accidents and other types of incidents (e.g., object on road,
car breakdown) (Adler et al., 2013). This type of congestion constitutes roughly one-quarter of
highway congestion (Snelder et. al, 2013). In addition, close to 50,000 people lost their lives and
millions were injured as a result of road accidents in Europe in 2002. The total annual costs
for society on the basis of the valuation of accidents presented in the COWI (2006) report was
estimated at 229 billion per year.

The goal of this paper is to estimate the causal effect of accidents on traffic congestion and vice
versa. If a positive relationship between the two is identified, policies that aim at reducing either
of the two issues will have multiplicative benefits. The COWI (2006) report, which conducted
Economic Cost-Benefit analysis for the DG-TREN of the European Commission, ignored such
benefits in its assessment of the 21 vehicle safety technologies that the European Commission
promoted in order to reduce the number of road fatalities by 50% in 2010". The estimation of the
causal effects of highway congestion on highway accidents is thus considered an important topic
which has partly been neglected by the policy-makers until now.

Estimating the effect of highway accidents on highway congestion is not a easy task. Road
accidents typically occur in high congestion times. At the same time, accidents cause traffic
congestion (Vitaliano and Held, 1991; Skabardonis et al., 2003; T@I Report, 2004; Kwan et al.,
2005; Adler et al. 2013). In addition, both congestion and accidents are affected by several
other observable and unobservable factors (e.g. road quality and road conditions). All these
endogeneity issues suggest that the identification of a causal relationship between road congestion
and road accidents is not a straightforward procedure.

While the literature on the effect of traffic congestion on road accidents dates back to the "7os
(Vickrey, 1968, 1969; Jones-Lee, 1990; Newbery, 1987, 1988; Jansson, 1994; Shefer and Rietveld,
1997; Dickerson et al., 2000; Golob and Recker, 2003; Noland and Quddus, 2005; Quddus et al.,
2010), only limited attention has been paid on the inverse relationship. The existing literature
has mentioned some endogeneity concerns, but these issues have not always been addressed
adequately. This research will estimate the effect of an accident’s occurrence on the observed
average” speeds using the observed patterns of traffic flows in England’s highways in the period

'EC objective documented in the White Paper (European Commission, 2001).
2Over a 15-minute period.



2009-20133. By using a panel data methodology that have previously been used to analyse
electricity day-ahead market prices (Huisman et al., 2007) as the starting point, I take advantage
of these periodic patterns of road traffic in order to estimate the causal effect of accidents on
traffic congestion.

For the inverse causal relationship, which is not included in this extended abstract, I will use
dynamic panel techniques and GMM. Finally, this is one of the few studies that uses a small
portion of this increasing volume of big datasets which becomes available from governments and
local authorities worldwide. This can be regarded as an important contribution to the economics
literature in general since until now, economists have been reluctant to use “big data” in academic

research (Varian, 2014).

2. Data

This paper uses very detailed data on highway traffic and accidents for England that are publicly
available from data.gov.uk. These data have never been used before in an academic paper based
on my knowledge. Sometimes, it is the size of such big datasets that is considered an issue but in
most of the cases it is the detail of their information that is regarded as superfluous. However, the
volume of information in the highway traffic dataset reveals some interesting patterns that allow
the identification of the causal effect of highway accidents on traffic speeds and vice versa.

The Highways Agency network journey time and traffic flow data series provide average
journey time, speed and traffic flow information* for 15-minute periods since April 2009 to
September 2014 on all motorways and ‘A’ roads managed by the Highways Agency, known
as the Strategic Road Network, in England. Journey times> and speeds are estimated using
a combination of sources, including Automatic Number Plate Recognition (ANPR) cameras,
in-vehicle Global Positioning Systems (GPS) and inductive loops built into the road surface.

The accidents dataset provides detailed information about the circumstances of personal injury
road accidents in Great Britain from 2005 onwards, the types of vehicles involved and the
consequential casualties. The statistics relate only to personal injury accidents on public roads
that are reported to the police, and subsequently recorded, using the STATS19 accident reporting
form. Information on damage-only accidents, with no human casualties or accidents on private
roads or car parks are not included in this data. The data include geographical coordinates and
exact time (rounded up to the minute level) of the accident occurrence. Using highly detailed GIS
maps of the Ordance Survey (OS VectorMap™™ District), I was able to identify the side of each
two-way highway that each accident occurred. Using the level of detail of these two datasets, I
have matched the information of the two datasets for the whole highway network of England.

Figure 1 displays the mean traffic flow for different times of day for the Leeds area. The traffic
flow and average speed data exhibit a remarkably stable periodic pattern, which is repeated every
week. These cycles of the traffic flow indicate that out of all the factors that may predict highway

3In this extended abstract version, the data that have been used only include the period 2011-2013.
4An average of the observed flow for the link, time period and day type.

5Please note that journey times are derived from real vehicle observations and imputed using adjacent time periods
or the same time period on different days.


data.gov.uk

traffic, the time of the day and the day of the week are the two most important ones. Using the
explanatory power of these two variables, I can observe the recurrent traffic flow and average
speed for a given time period which is virtually unchanged for a period of about 10 weeks in the

absence of any unexpected event.

Figure 1: Mean flow for Leeds area highways.
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3. Methodology and Results

As in hourly electricity prices in day-ahead markets, traffic flows and average speeds exhibit
specific characteristics such as mean-reversion, seasonality and spikes. However, in contrast with
electricity markets, traffic flows do not have such a complex time-varying volatility structure. On
the contrary, the stable weekly cycles of the traffic flows are those that enable me to estimate the
causal effect of highway accidents on traffic flows, average speeds and journey times. Nonethe-
less, this particular characteristic shows that a forecasting model of traffic flows cannot treat time
as “one-dimensional” (in a panel data meaning). Time-series models assume that the information
set is updated by moving from one observation to the next in time. However, due to the nature
of the road travel demand, I adopt the framework proposed by Huissman et al. (2007), which, in
this context, treats the 96 time periods of the day (of 15 minutes each) as 96 cross-sectional units
that vary from day to day and from highway segment to highway segment.



If an accident occurs, I expect that this stable day and time-specific pattern of traffic flow will
be disrupted. In figure 2, I chose 3 examples of different times of the day for different highway
segments in order to show how the average speed that is observed every week on the same
day of the week at the same time is essentially the same for the whole year. In addition, it can
be observed that the average speed drops significantly only during the day and the time that
the accident happens. By being able to observe an almost “perfect counterfactual” of accident
absence, the estimation of an accident incidence on traffic flow and average speeds will have a
causal interpretation.

Figure 2: Examples of average speed recurrent stability.
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This stability of the average speed holds for most of the times and most of the days. However,
during night time and during weekends, this stability is more volatile. This can be explained by
the nature of the demand for car travel. Car travel demand is inelastic before the starting time
of the standard ”9 to 5”7 working schedule during weekdays (mainly for commuting reasons).
This makes the traffic flows (and consequently, average speeds and journey times) remarkably
stable during these hours. On the other hand, the last graph of figure 2 shows the average speed
during night time (1 a.m.). Even though the average speeds are less stable during this time, I can
still observe a substantial stability and a notable decrease of the average speed at the date of the
accident.



Until this point, I have highlighted the persistence of traffic at each particular time of every day
of the week. Even if this is true, it should also be mentioned that as most time series processes,
traffic flows and speeds at each time of the day also depend on the traffic of the preceding time
period (see figure 3). Especially when it comes to highway traffic, one can think of traffic flow
dynamics as described by a bottleneck model (for more details, see Small and Verhoef; 2007).
Such a model makes clear why prior traffic matters. This is why ultimately in the simple model
used in this paper, I use both the lagged time period average speed and the average speed during
the last week at the same time period.

Figure 3: Examples of average speed’s over time variation.
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3.1 A simple model

A simple toy model of what will be estimated in this work is presented in the following equation.
Specifications (1), (2) and (3) use the average speed variables as the highway traffic variables.
However, I perform estimations for all traffic flow, average speed and average journey time (jt)

instead of average speed alone that is used in the aforementioned specifications.

speed; 41) = &g + aispeed; 411 + apmed(speed; g7 +) + azaccident; 4 + 17i + 77t + 17d +eigr (1)



where In(speed, ;) is the logarithm of the average speed in the highway segment i, on the date
d and during the 15-minute period t. The logarithms of the lagged average speed variables for the
previous time period (In(speed; ;;_1)) and the median speed of the same day of the week during
the same time period for 4 weeks before and 4 weeks after the date d (med (speedildJrn*y,t))é are
the main ”predictive variables”. Based on the notation of 1, n is an integer which takes values
in the interval € [—4,0) U (0,4]. The dummy variable accident; ;; takes the value 1 only when an
accident has occurred at the highway segment i on the date d and during the 15-minute period
t and it is o elsewhere. This is the main variable of interest and its coefficient a3 captures the
marginal effect of the accident occurrence on average speeds. Finally, #, #' and 7 are highway
segment, time period and date fixed effects, respectively. Using these fixed effects, I control for
observable and unobservable factors that do not change for the same highway segment over time
(e.g. road width, quality, security), for variables that do not change over the same time (e.g. daily
traffic pattern) and for variables that are date specific (e.g. weather, holidays).

An example of an OLS estimation output of such a model is presented in table 1. Table 1
shows that both time period and week lags are highly significant, positive and that the sum of the
two add up to roughly one. This is a confirmation of my identification strategy showing that the
traffic conditions in a highway segment during a particular time and day can be almost perfectly
explained by the traffic conditions in the same segment during the previous time (a quarter of an
hour earlier) and by the median traffic in the same segment on the same day of the week at the
same time. The coefficient of the accident dummy implies in columns [2] and [3] implies that the
occurrence of an additional accident caused a decrease of 7.1 km/hour in average highway speed
and an increase of 14.3 seconds in the average journey time. The occurrence of an accident had
no significant effect on traffic flows as it can be seen by column [1].

Table 1: London region 2011-2013

Dependent variable: flow; 44 Dependent variable: speed; 4 Dependent variable: Jtide
[1] [2] [3]
accident; 4 -5.641 accident; 4, -7.081*** accident; 4, 14.330**
(5.091) (1.728) (6.908)
flow; g1 0.618%** speed; 1 0.697*** jtidt—1 0.825***
(0.041) (0.010) (0.012)
median(flow; gy a7 ;) 0.384*** median(speed; gy a7 ;) 0.199*** median(jt; gy ey i)t 0.136***
(0.043) (0.009) (0.014)
Highway segment FE v Highway segment FE v Highway segment FE v
Date FE v Date FE v Date FE v
Time period FE v Time period FE v Time period FE v
Observations 730,170 Observations 668,325 Observations 668,325
R-squared 0.99 R-squared 0.80 R-squared 0.94

Notes: The median is calculated Vn € [—4,0) U (0,4]. Robust standard errors are clustered by time period and are in parenthesis.
*, ** and *** indicate significant at 1, 5, and 10 percent level, respectively.

The estimation of specification (1) is very computationally intensive due to the big number of

6Similar to Adler et al. (2013).



dummy variables (fixed effects) included. In addition, this specification doesn’t control for some
unobservable variables that may affect the dependent variable and the lagged variables. In order
to avoid including the dummy variables and the omitted variable bias, I take first-differences of
specification (1) and I proceed by estimating specification (2) and specification (3)7 which is a first
differences quasi log-log specification. Using specification (3), I am able to estimate the effect of
an accident on highway traffic using much bigger datasets.

Aspeed; 31 = g + a1 Aspeed; g1 + agmed(Aspeed; g1 ni7t) + azaccident; g+ €; 44 (2)

Aln(speed; ;1) = wo + a1 Aln(speed; ;1) + aomed(Aln(speed; gins7 1)) + azaccident; g + €4, (3)

3.2 Main Results

In this section I present some of the preliminary results of this paper. Table 2 illustrates the output
of estimation specification (3) for all the English highways that are included in the dataset. Panel
A includes all time periods for the whole year of 2012, panel B includes only the morning peak
(7:00-10:00) as defined by the Highways Agency and panel C includes the morning peak hours
for the period 2011—2013. For all these different partitions the whole dataset, I have used the
traffic flow, the average speed and the average journey time as alternative traffic variables. Table
3 displays the results for the whole period 2011-2013 for each region of the UK individually.
Panel A to C refer to the different traffic variables used.

Panel A of table 2 shows that accidents seem to affect negatively average speeds and positively
average journey times while I find no significant effect of accidents on traffic flows. This results
seem to be consistent in all panel A, B and C. As expected, the results of panel B show that the
impact of an accident occurrence on average speed and journey times is more severe during rush
hours. However, comparing the results of panel B and panel C indicates that the impact on speeds
and journey times in 2012 was more severe than in the whole period 2011-2013.

Panel A of table 3 confirms the previous finding that accidents do not affect traffic flows for
all regions. Panel B and C show that there is some variability of the effect of an an accident on
average speeds and journey times. In order to understand how this effect varies in space, I have
included maps 4 and 5 in the Appendix. As it can be seen, the region of London seems to be less
affected than the other regions of England by the occurrence of an accident. Even though this
result seems strange at first, there are many potential interpretations. One possible explanation is
that average speeds are higher and journey times are lower on average in the rest of the England
compared to London. Another reason might be that the roads crossing London are excluded
from the sample while in most of the other cities, the highways that penetrate the urban area
are included in the sample. One final explanation could be that in the region of London, more
by-pass roads exist that mitigate the negative effects of accidents on speeds and journey times.

7The statistical significance and the signs of the estimated coefficients do not change in a linear or a log-log
specification.



Table 2: All England

Panel A: All 2012

Dependent variable: Aln(flow;4;) Dependent variable: Aln(speed;4;) Dependent variable: Aln(jtige)
accident; 4 -0.002 accident; 4 -0.121*** accident; 4, 0.103***
(0.002) (0.006) (0.006)
median(Aln(flow; gy 7))’ 1.392%** med(Aln(speed; g piz )t 0.532%** med(AIn(jt; gy nszi))’ 0.556***
(0.001) (0.001) (0.001)
Aln(flow; ;1) 0.056%** Aln(speed; ;1) -0.115™** Aln(jtigr—1) -0.168***
(0.000) (0.001) (0.001)
In(flow; 4;-1) -0.003*** In(speed; ;1) -0.113*** In(jtige1) -0.006***
(0.000) (0.000) (0.000)
Observations 33,547,754 Observations 33,820,260 Observations 33,820,260
R-squared 0.63 R-squared 0.13 R-squared 0.09
Panel B: Morning peak (7:00-10:00) 2012
Dependent variable: Aln(flow;4;) Dependent variable: Aln(speed;4;) Dependent variable: Aln(jtigr)
accident; 4 -0.001 accident; 4 -0.115*** accident; 4, 0.100%**
(0.004) (0.016) (0.016)
med(Aln(flow; gy pir )t 1.238%%* med(Aln(speed; 41wz )t 0.570%** med(Aln(jti gy nszs))’ 0.611%**
(0.002) (0.003) (0.003)
Aln(flow; ;1) 0.052*** Aln(speed; ;1) -0.065%** Aln(jtige—1) -0.114%%*
(0.001) (0.001) (0.001)
In(flow;g;-1) -0.023%** In(speed; ;1) -0.102%** In(jtigi—1) -0.010%**
(0.000) (0.001) (0.000)
Observations 4,282,692 Observations 4,317,480 Observations 4,317,480
R-squared 0.64 R-squared 0.12 R-squared 0.08
Panel C: Morning peak (7:00-10:00) 2011-2013
Dependent variable: Aln(flow;4;) Dependent variable: Aln(speed;4;) Dependent variable: Aln(jtige)
accident; 4 -0.003 accident; 4 -0.140*** accident; 4, 0.121%%*
(0.002) (0.010) (0.010)
med(Aln(flow; gy piz )t 1.168*** med(Aln(speed; g piz )t 0.482*+* med(AIn(jt; gy nszs))’ 0.564***
(0.001) (0.002) (0.002)
Aln(flow; ;1) 0.084%** Aln(speed; ;1) -0.058*** Aln(jtigr—1) -0.108***
(0.000) (0.001) (0.001)
In(flow; 4;-1) -0.022%** In(speed; ;1) -0.110%** In(jtige1) -0.011%**
(0.000) (0.000) (0.000)
Observations 11,361,600 Observations 11,426,940 Observations 11,426,940
R-squared 0.63 R-squared 0.11 R-squared 0.06

Notes: A refers to first differences in time periods t. The median is calculated Vn € [—4,0) U (0,4]. Robust standard errors are

clustered by time period and are in parenthesis. *, ** and *** indicate significant at 1, 5, and 10 percent level, respectively.



Table 3: Regions of England

Panel A: Flow

Dependent variable:

Aln(flowi,d,t)

UKC UKD UKE UKF UKG UKH UKI UK]J UKK
accident; ;¢ 0.003 -0.004 -0.006 0.001 -0.005 -0.001 -0.005 -0.001 0.001
(0.011) (0.003) (0.004) (0.005) (0.004) (0.003) (0.005) (0.002) (0.005)
med(Aln(flow; gz ))t 1.539%* 1497 1.687** 1617 1534 1552 1477 1.652%*  1.440"
(0.002) (0.001) (0.001) (0.002) (0.001) (0.001) (0.003) (0.001) (0.001)
Aln(flow; ;1) -0.001 0.068***  0.006™*  0.041*** = 0.018™* = 0.033*** = 0.086™** 0.000 0.045™**
(0.001) (0.000) (0.000) (0.001) (0.000) (0.000) (0.001) (0.001) (0.001)
In(flow; 4;-1) -0.003***  -0.002***  -0.002*** = -0.002*** = -0.002*** = -0.002*** = -0.002*** = -0.002***  -0.002***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Observations 825,606 9,598,716 5,332,620 1,946,740 5,126,196 4,057,886 722,484 6,674,376 2,477,088
R-squared 0.68 0.69 0.79 0.71 0.68 0.72 0.74 0.72 0.66
Panel B: Speed
Dependent variable: Aln(speed; 4+)
UKC UKD UKE UKF UKG UKH UKI UK]J UKK
accident; 4 -0.053*  -0.167***  -0.129"™*  -0.160***  -0.111™*  -0.121***  -0.070™*  -0.131***  -0.117***
(0.021) (0.019) (0.023) (0.026) (0.019) (0.016) (0.026) (0.014) (0.023)
med(Aln(speed; g i)t 0.549%* 0677 0.520%* 0361 0470 0466™*  0.500%* 0476 0374
(0.004) (0.001) (0.002) (0.008) (0.002) (0.003) (0.006) (0.002) (0.003)
Aln(speed; ;1) -0.119™*  -0.084***  -0.131"*  -0.138*** -0.113"* -0.094***  -0.071***  -0.086***  -0.180***
(0.002) (0.001) (0.001) (0.004) (0.001) (0.001) (0.005) (0.001) (0.001)
In(speed; ;1) -0.209***  -0.116%**  -0.115"*  -0.146™*  -0.106™*  -0.095*** = -0.095*** = -0.128*** = -0.123***
(0.002) (0.001) (0.001) (0.002) (0.001) (0.001) (0.001) (0.001) (0.002)
Observations 825,606 9,633,120 5,332,620 1,961,028 5,229,408 4,059,672 722,484 6,708,780 2,477,088
R-squared 0.22 0.21 0.14 0.11 0.10 0.09 0.08 0.11 0.13
Panel C: Journey time
Dependent variable: Aln(jti,d,t)
UKC UKD UKE UKF UKG UKH UKI UK]J UKK
accident; 4 0.051** 0.156***  o0.112™*  0.145"*  0.089™*  o.111*** 0.052% 0.106***  0.104***
(0.022) (0.010) (0.024) (0.027) (0.019) (0.017) (0.027) (0.014) (0.023)
med(Aln(jti g pir )t 0.591*  0.706™*  0.546™*  0.402"*  0.495"*  0.492*** 0536  0.509*** = 0.393***
(0.004) (0.001) (0.002) (0.008) (0.002) (0.003) (0.007) (0.002) (0.003)
Aln(jtigr—1) -0.217%%*  -0.135"**  -0.184™*  -0.209*** = -0.160"*  -0.136***  -0.112***  -0.144"**  -0.238%**
(0.002) (0.001) (0.001) (0.005) (0.002) (0.002) (0.00) 6 (0.001) (0.002)
In(jtige—1) -0.009***  -0.007***  -0.006***  -0.006***  -0.007***  -0.007*** = -0.009"**  -0.007***  -0.005%**
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Observations 825,606 9,633,120 5,332,620 1,961,028 5,229,408 4,059,672 722,484 6,708,780 2,477,088
R-squared 0.15 0.17 0.09 0.06 0.06 0.05 0.05 0.06 0.08

Notes: A refers to first differences in time periods t. The NUTS1 region labels can be found in table 4 in the Appendix. fThe
median is calculated Vn € [—4,0) U (0,4]. Robust standard errors are clustered by time period and are in parenthesis. *, ** and ***
indicate significant at 1, 5, and 10 percent level, respectively.
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Appendix

Table 4: NUTS1 codes and labels.

NUTS1 code | Label

UKC NORTH EAST

UKD NORTH WEST

UKE YORKSHIRE AND THE HUMBER
UKF EAST MIDLANDS

UKG WEST MIDLANDS

UKH EAST OF ENGLAND

UKI LONDON

UK] SOUTH EAST

UKK SOUTH WEST
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Figure 4: Speed reduction map.
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Figure 5: Journey times increase map.
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