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Abstract
To quantify the responses of drivers to traffic information and the congestion evacuation effect on the
basis of traffic guidance information, a multilayer network congestion risk propagation model of urban
roads was built to analyse the influence of the advanced traveller information system (ATIS) penetration
rate, group behaviours of drivers, and traveller flow distribution features on the traffic congestion risk
propagation of urban roads. Meanwhile, the dynamic evolutionary characteristics of group behaviours
of drivers in a road network under the guidance of traffic information were analysed with the
microscopic Markov chain approach (MMCA). A simulation analysis of the artery network in the fourth
ring of Beijing was also carried out. Results demonstrated that the influence of traffic information and
drivers’ information reinforcement psychology on congestion risk propagation depend on the
aggregation effect caused by traffic information. Increasing the ATIS market penetration rate and
drivers’ acceptance of information is beneficial to relieve traffic congestion as long as the drivers’
aggregation effect is within a critical range.
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1. INTRODUCTION
An advanced traveller information system (ATIS) can solve traffic congestion problems caused
by unreasonable road network design and uneven traffic flow distribution by issuing real-time
congestion warning information and dynamic route guidance. Compared with the traditional
traffic control mode, traffic information guidance is not a compulsory measure. Its effect on
congestion control is not only determined by the road network structure and urban traffic needs,
but is also closely related to the drivers’ acceptance and utilization of information. Therefore,
examining the route choice behaviours of drivers under the guidance of traffic information has
important significance for exploring congestion control means and improving the congestion
control effect.
Recent theoretical studies on the influence of traffic information issued by ATIS on traffic
congestion focus on traffic information issuing characteristics, driver attributes, and drivers’
attitude toward traffic information [1]. Many research streams have been derived, such as the
ATIS market penetration rate [2-4], validity and reliability of the issued information [5, 6],
route choice behavioural process of drivers [7], and the drivers’ acceptance and overreaction to
traffic information [8, 9]. Some studies have examined the influence of the route choice gaming
of driver groups on traffic congestion propagation [10-12]. However, the major research
direction was biased toward the exploration of individual driver behaviour. Studies on the
influence of the evolution from the individual behaviours of drivers to group behaviours on
traffic congestion are rare. Moreover, most of the selected factors that can influence the route
choice behaviours of drivers are objective indexes. The subjective indexes, such as the drivers’
attitude toward traffic information, are ignored. With respect to research methods, existing
studies are mainly qualitative, and quantitative analysis of the relationship between traffic
congestion propagation and the applications of information technology (e.g., ATIS) are lacking.
Simulating the complicated large-scale real-time traffic flow changes under the influence of
https://doi.org/10.2507/IJSIMM20-4-585
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traffic information, the route choice behavioural characteristics of drivers, and road network
characteristics is an important issue that must be solved urgently.
In this study, drivers’ responses to traffic guidance information are chosen as the research
objects. Analysing the influence of traffic guidance information on the behaviours of drivers
and its validity can provide traffic administration with references for improving traffic
information issuing strategies. With references to the traffic congestion and warning
information interaction model [13-15] and the research outcomes from the coupling
propagation dynamic model based on multilayer network [16-19], this study makes the
following innovations. First, a multilayer time-varying network coupling model is built. The
route choice behaviours of driver groups on the microscopic layer are mapped onto the traffic
network and their influences on the traffic flow evolution on the road network are analysed.
Second, the influences of the ATIS penetration rate, traffic information warning, and the
reinforcement and aggregation effects of drivers on traffic congestion risk propagation are
discussed. The relationships between different traffic guidance information is suing strategies
and the traffic congestion control effect are analysed.

2. STATE OF THE ART
How traffic information issuing influences the traveling efficiency of the road network has been
one of the key problems in the urban traffic domain. The research contents of existing literature
involve the following aspects:
The effects study of ATIS information on traffic congestion. Studies on the ATIS market
penetration rate that the individual local actions of drivers might cause worse consequences to
themselves and the entire traffic system if they cannot receive the traffic information. If the
proportion of drivers who receive information ranges between 0.25 and 0.5, then the
performances of the entire traffic system will be improved [2]. However, when the proportion
of drivers receiving traffic information exceeds a certain value, the individual local actions of
drivers might cause new congestions under the influence of the information, thereby decreasing
the operation performances of the traffic system [3]. When numerous drivers are both
information providers and information users, the system performance declines [14]. As a result,
providing information to some drivers rather than to all drivers can optimize the traffic flow
and better relieve traffic congestion. Equipping vehicles with driver information systems
beyond the critical numerical range is unnecessary [4]. With respect to studies on compliance
rate to guidance, not all drivers may follow the suggestions of ATIS equipment despite their
high accuracy, and this circumstance is related to the bounded rationality and cognition of
humans [5]. Drivers only change their choices when the changes of the traffic system or
traveling characteristics (e.g., traveling time) are greater than the threshold of individual
situations [6].
Route choice behavioural characteristics study of drivers. Studies on drivers’ responses to
ATIS information deepen continuously from the individual behavioural mechanism of drivers
to their social choice behavioural mechanism. Dai et al. [7] proposed a dynamic procedure of
daily route choice behaviours of commuters in a car networking environment and described the
microscopic and macroscopic behaviours of drivers–vehicles–unit agency by the multi-agent
simulation method. With considerations to cost estimation and route choice of drivers’
behaviours, Diop et al. [8] confirmed that the perception of information quality, attitude, and
familiarity to route transfer had direct or indirect influences on route change behaviours.
Specifically, attitude toward and intention of redirection had significant impacts on route
transfer behaviours. Khoo and Asitha [9] established that traveling choice is related to the
perceived congestion degree of drivers and that the possibility of route changing increases with
the congestion degree. When the traffic flow rate on the available substitutive route exceeds the
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critical value and causes queuing up or “congestion transfer,” the benefits of the guided vehicles
decline accordingly [10]. Klein and Ben-Elia [11] explored the influence of an ATIS according
to the system optimization on individual route choice and the follow-up mass traffic condition.
In the experiment, ATIS provided information to participants through external incentives of
route recommendation and route following on the basis of system optimization distribution, and
participants adapted to the new information coping strategies in four ways. The mechanism by
which the implicit cooperation among self-interested participants appeared on the simple binary
road network was analysed. Yu et al. [12] proposed a dual dynamic daily flow distribution
model on a large-scale network and included the bounded rationality and information sharing
mechanism into the macroscopic choice modelling framework. Results emphasized the
necessity of modelling the network transient and unbalanced states. In summary, the above
studies have simulated the influence of the route choice behaviours of drivers on traffic flow
distribution by using many network flow distribution models, such as the network equilibrium
theory model, multi-agent model, route gaming model, and driving device simulation.
However, most prior research examined the network equilibrium in a simple route network only
and have not verified the performances of models in practical large-scale road networks.
This study hypothesizes that a network composed of driver groups is a time-varying group
structural network. Additionally, existing studies on the influence of traffic information on
traffic congestion propagation mainly emphasized the individual route choice behaviours of
drivers, but overlooked the drivers’ group behavioural characteristics. As a result, the traffic
congestion propagation process in urban roads is chosen as the research object in this article. A
multilayer time-varying network unaware aware unaware susceptible infected susceptible
(UAU-SIS) model on the basis of driver groups was developed. The model was solved by a
microscopic Markov chain approach (MMCA) with consideration to the influence of the ATIS
penetration rate and drivers’ responses to traffic information on traffic congestion propagation
process. Subsequently, the practical traffic flows on urban roads were simulated with PyCharm
software. In this simulation, the values of the Beijing Road network matrix and traveller
network matrix were determined according to the different ATIS penetration rates as well as
the reinforcement and aggregation effects of drivers. Simulation results verified that the MMCA
based on multilayer time-varying network model is applicable for the simulation of traffic
congestion propagation.
The remainder of this study is organized as follows. Section 3 constructs a model of the
influence of the group behaviours of drivers on congestion risk propagation on urban roads and
determines the simulation logics of the UAU-SIS model on the research problem of this study.
The rules of the MMCA are also established for the research problem. Section 4 solves the
threshold of the congestion risk outburst by using the PyCharm software and MMCA. The
influence of the ATIS penetration rate as well as the aggregation and reinforcement effects of
drivers who receive information on congestion risk propagation are determined and simulated.
Section 5 summarizes the conclusions of this article.

3. METHODOLOGY
3.1 Problem description and assumption
Multilayer time-varying network is a complex network system composed of information subnet,
road subnet and trip subnet, as shown in Fig. 1.
Information subnet: the nodes in this subnet refer to individual drivers, and two states occur.
The nodes in State U (Unaware) have not gained any information (this state also implies that
the nodes have not been persuaded by information). The nodes in State A (Aware) gain traffic
information and sides reflect normal communication among nodes.
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Road subnet: road crosses or stations are used as the nodes and practical roads are sides to
reflect the propagation relations of congestion risks in the road subnet. Specifically, two states
of congestion risk transmission occur at each node, namely, the susceptible (S) and infected (I)
states.
Trip subnet: the nodes in this subnet reflect the individual drivers, and the two behaviours
involved entail changing routes according to the information tips or staying with the existing
route. Both information and behaviour layers are time-varying networks that characterize the
dynamic flows of driver groups in the road network.

Figure 1: Multi-layer time-varying network UAU-SIS model.
Table I: Description of the notation.
Parameter
aij
bij

xi i =1
n

X =  xij 

M

i , j =1

βi(U)
βi(A)
μi
δ
λ1
λ2
γ
ri

Definitions
Adjacency matrix of information layer nodes
Adjacency matrix of physical layer nodes
The sequence represents the set of group sizes in the information layer, where n is the
number of groups
X represents the group matrix of the information layer, xij = 1 represents the same group of
two nodes i and j in the information layer
Traffic transfer probability of congestion node i without information
Traffic transfer probability of congestion node i with information
Recovery rate of congested node i
Information forgetting rate
Intra group information diffusion probability
Inter group information diffusion probability
Traffic information warning
The probability that a node i without information is not informed in the information layer

Given to route choice behaviours of the informed drivers, the commuting choices of
uninformed drivers who are trapped in traffic congestions are influenced by traffic information.
The aggregation effect refers to the probability of changing routes according to information
guidance after driver groups at a road node have confirmed information reliability. The
reinforcement effect reflects the memory of individual drivers in relation to the received
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information. It refers to the psychological threshold which indicates that drivers are persuaded
by the information. The notation used in the model is shown in Table I.
3.2 Evolution process of network traffic flow
The evolution of network traffic flow under the traffic information is abstracted into a Markov
process. The kinetic equations of four possible states of the UAU-SIS model are established
according to the variant MMCA of the discrete time Markov approach in the complicated
network epidemic analysis. In this study, a theoretical analysis of the UAU-SIS model is
performed by using MMCA. Node i in the physical layer and the corresponding node in the
information layer have four possible coupling states in the sense of probability: (Aware and
Infected, AI), (Aware and Susceptible, AS), (Unaware and Infected, UI), and (Unaware and
Susceptible, US).
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Figure 2: UAU-SIS state transfer tree of the multi-layer time-varying network.

For node i in the physical layer, we suppose that all nodes in the same group of the
information layer are j (j = 1, …, xi). Then, the group consensus of these nodes is defined by the
1 xi
mean perception probability: piA (t ) =  j =1 pijA (t ) . These probabilities meet the normalization
xi
conditions:
piAI (t ) + piAS (t ) + piUI (t ) + piUS (t ) = 1
(1)
Suppose rij(t) reflects the probability that the unknown node j has not entered into the
perceived state (node j of the information layer and node i in the physical layer are in the same
group).
rij (t ) =  − cij  [1 − a jk pkA (t )1 ]   [1 − a jk pkA (t )2 ]
(2)
kX
k X
j

j

p (t ) = p (t ) + p (t ), where α refers to the herd effect. In other words, individual drivers
have memories of the received information, and the times of information receptions have a
cumulative effect on the corresponding behaviours of individuals. The more times of
information that an individual receives, the higher the probability of generating the
corresponding behaviour. According to the homogeneity of the network, for a given node i in
1 x
the physical layer, this study used ri (t ) =  ji=1 rij (t ) to express the probability that the nodes
xi
in the physical layer have not perceived nodes in the information layer.
Suppose qi(A) (t ) and qi(U) (t ) are the probabilities of no infection of node i when it gains
information or not, respectively. These probabilities are defined as follows:
A
k

AI
k

AS
k
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(U)
(A)
qi(A) (t ) =  (1 −b ji ( p (UI)
+ p (AI)
j (t ) i
j (t ) i ))

(3)

qi(U) (t ) =  (1 −b ji ( p (UI)
(t )  i(U) + p (AI)
(t )  i(A) ))
j
j

(4)

j

j

where βi(U) refers to the proportion of drivers who have perceived the congestion but have no
information about route transfer. βi(A) is the cumulative effect of driver groups caused by traffic
information, that is, the proportion of drivers who have perceived the congestion and
information and changed routes accordingly. γ is the traffic information warning, that is, the
proportion of drivers who are not in the congestion state and have the information and are
willing to adopt actions in advance to avoid congestion.
Suppose μi(t) refers to the recovery probability of the congestion node i. It is defined as:

i (t ) =

b

ji

( p (AS)
(t ) + p (US)
(t ))
j
j

(5)
sum( j )
The kinetic equation of the entire model according to the state transfer tree in Fig. 2 is as
follows:
 pi(US) (t + 1) = pi(AI) (t )i (t ) + pi(AS) (t ) qi(U) (t ) + pi(UI) (t )ri (t ) i (t ) + pi(US) (t )ri (t )qi(U) (t )
 (AS)
(AI)
(AS)
(A)
(UI)
 pi (t + 1) = pi (t )(1 −  ) i (t ) + pi (1 −  )qi (t ) + pi (t )[1 − ri (t )]i (t ) +

pi(US) (t )[1 − ri (t )]qi(A) (t )

 (UI)
(AI)
(AS)
(U)
(UI)
(6)
 pi (t + 1) = pi (t ) [1 − i (t )]+pi (t ) [1 − qi (t )] + pi (t ) ri (t )[1 − i (t )] +

(US)
(U)
pi (t )ri (t )[1 − qi (t )]

 p (AI) (t + 1) = p (AI) (t )(1 −  )[1 −  (t )] + p (AS) (t )(1 −  )[1 − q (A) (t )] +
i
i
i
i
 i
(UI)
(US)
pi (t )[1 − ri (t )][1 − i (t )] + pi (t )[1 − ri (t )][1 − qi(A) (t )]

where t is the current time step and t + 1 is the next time step. In each time step,
pi( US) + pi( AS) + pi( AI) + pi( UI) = 1 to meet normal conditions. When the time step is large enough,
the proportions of the node states reach a stable state. When t + 1 tends to be infinite,
j

 pi( AI ) (t + 1) t →  = pi( AI ) (t ) t →  = pi( AI )

 pi( AS) (t + 1) t →  = pi( AS) (t ) t →  = pi( AS)
(7)
 ( US)
( US)
( US)
 pi (t + 1) t →  = pi (t ) t →  = pi
 ( UI )
( UI )
( UI )
 pi (t + 1) t →  = pi (t ) t →  = pi
Next, the evolution of congestion risk propagation under any initial state information
diffusion can be simulated by combining Eqs. (1) to (7). The steady state of expected infection
1 N
1 N
density  =  i(I) =  ( i(UI) + i(AI) ) is solved through iteration, where i(I) is the
N i =1
N i =1
infection probability of node i in the physical layer.
3.3 Infection threshold analysis
Infection threshold is an important parameter that determines whether the risk leads to an
outburst or dies eventually. Estimation of the critical infection threshold is the first step to
analyse the characteristics of the existing model. Near the outburst threshold, the probability of
any infected node is close to 0. Therefore, we may hypothesize that pi(AI)(t) = ε1 ≪ 1,
pi(UI)(t) = ε2 ≪ 1, and pi(I)(t) = pi(AI)(t) + pi(UI)(t) = ε ≪ 1. According to the above hypothesis and
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formula, pi(US)(t + 1) and pi(AS)(t + 1) in Eq. (7) can be approximately expressed as qi(A)(t) and
qi(U)(t) in Eq. (5) can be approximately expressed as:
(U)
(A)
(U)
qi(A) (t ) =  (1 −b ji ( p (UI)
+ p (AI)
 bji j
j (t ) i
j (t ) i )) =1 −  (1 +  ) i

(8)

(U)
(A)
(U)
qi(U) (t ) =  (1 −b ji ( p (UI)
+ p (AI)
j (t ) i
j (t ) i ))=1 − (1 +  ) i  b ji j

(9)

j

j

j

j

where  =

i(A)
. According to Eq. (7), the proportion of the infected nodes in the time step t + 1
i(U)

is:
pi(I) (t + 1) = 1 − qi(U) (t ) + pi(A) (t )[qi(U) (t ) − qi(A) (t )] + [1 − i (t )] pi(I) (t )=

[1 − i (t )] pi(I) (t )+(pi(A) (t )( − 1) + 1)(1 +  ) i(U)  b ji j

(10)

j

This formula can be further simplified as:

{{[p

(A)
i

( −1) + 1](1 +  )}b ji −

j

i
t } = 0
i(U) ji j

(11)

where tji is the unit matrix. If we let hji = {[pi(A) ( −1) + 1](1 + )}bji and  max be the maximum
characteristic values of the matrix, the popular threshold value of model can be described as:

i(C) =

i

(12)
 max
The critical threshold βi(C) can be regarded as one solution of the characteristic problem.
This threshold is related to the diffusion dynamics of the information layer, especially the
parameter pi(A), the ATIS penetration rate, bandwagon effect, and cumulative effect of the
information layer. The congestion risk may diffuse to different nodes along the road network if
it exceeds the critical threshold.

4. SIMULATION ANALYSIS AND DISCUSSION
4.1 Data acquisition
The artery network within the fourth ring of Beijing is chosen as the research object in this
study. Road situations were investigated, and 12 roads which are prone to traffic congestion
were chosen as the initial congestion nodes. Meanwhile, the initial information nodes 1 set to
consider the influence of the ATIS penetration rate on the system. Drivers who have ATIS
devices are still in State A, and the numerical value of the ATIS penetration rate remains in a
fixed proportion with the increase or decrease of commuting flows.
4.2 Simulation analysis of case study results
To further study examine and simulate the influence of the ATIS penetration rate,
reinforcement effect, and cumulative effect of drivers in the UAU-SIS model on traffic
congestion risk propagation, the proportions of congestion nodes under different parameters are
proposed. The mean values of all MMCA are higher than 100 operations. When they are not
considered independently, the forgetting rate of information, information diffusion probability,
transfer probability of the UI node, traffic information warning, cumulative effect, and
reinforcement effect are set as 0.3, 0.8, 0.3, 0.5, 0.5 and 0.5, respectively. Each time step in Eq.
(6) is iterated by MMCA to obtain the corresponding results.
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The evolution phase diagram of the proportion of congestion nodes in the road network with
the ATIS penetration rate and reinforcement effect of drivers when the system reaches the
steady state (UI node transfer probability = 0.8 and traffic information warning = 1) is shown
in Fig. 3. The colour scale represents the proportion of congestion. The following outcomes are
observed: (1) The proportion of the congestion node is positively related to the UI node transfer
probability but negatively related to the ATIS penetration rate and reinforcement effect. When
the reinforcement effect is 0.7 or 0.9, the proportion of the congestion nodes are decreased
significantly with the increase of the reinforcement effect. (2) When the traffic information
warning is 0.5, the proportion of the congestion node decreases with the increase of the ATIS
penetration rate and reinforcement effect. When the traffic information is 1, the proportion of
the congestion nodes are increased with the increase of the ATIS penetration rate and
reinforcement effect. When the reinforcement effect is 0.1 or 0.6 and the ATIS penetration rate
is 0.9 or 1, the proportion of the congestion node drops slightly. When the traffic information
warning is 1 and the reinforcement effect is 0.7 or 0.9, the proportion of the congestion node
increases significantly with the increase of the reinforcement effect. In summary, the UI node
transfer probability will not change the influence of the ATIS penetration rate and
reinforcement effect on the positive trend of congestion risk propagation. The overall influence
of increasing the ATIS penetration rate and reinforcement effect on congestion risk propagation
is only positive when the traffic information warning is less than 1.

Figure 3: The influence of the ATIS penetration rate, reinforcement effect, UI node transfer probability
and traffic information warning on the proportion of congestion nodes.

The evolution phase diagram of the proportion of congestion nodes in the road network with
the ATIS penetration rate and reinforcement effect of drivers when the system reaches the
steady state (cumulative effect = 0.5 and 0.8) is shown in Fig. 4. The colour scale represents
the proportion of congestion. The following outcomes are observed: (1) The influence of the
reinforcement effect on system revolution have three obvious interval effects, namely, (0.1, 0.6),
(0.7, 0.8) and (0.9, 1). When the reinforcement effects are in the same interval, the influences
on system evolution are equal. (2) When the cumulative effect is 0.5, the proportion of
congestion nodes decreases with the increase of the ATIS penetration rate and reinforcement
effect. When the reinforcement effect is 0.7 or 0.9, the proportion of congestion nodes drops
significantly with the increase of reinforcement effect. When the cumulative effect is 0.8, the
proportion of congestion nodes are increased with the increase of the ATIS penetration rate and
reinforcement effect. When the reinforcement effect is 0.7 or 0.9, the proportion of congestion
nodes are increased dramatically with the increase of the reinforcement effect of drivers. In
summary, the influence of traffic information and the reinforcement effect of drivers on
congestion risk propagation are determined by the cumulative effect caused by traffic
information.
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Figure 4: The influence of the ATIS penetration rate, cumulative effect and reinforcement effect on the
proportion of congestion nodes.

The evolution phase diagram of the proportion of congestion nodes in the road network with
the ATIS penetration rate and the cumulative effect of drivers when the system reaches the
steady state (i.e., when the reinforcement effects of the drivers is 0.5 or 1) is shown in Fig. 5.
The colour scale represents the proportion of congestion.
The following outcomes are observed: (1) The influence of the cumulative effect on system
revolution has three obvious interval effects, namely, (0.1, 0.5), (0.6), and (0.7, 1). When the
cumulative effects are in the same interval, the influences on the system evolution are equal.
(2) The proportion of congestion nodes increases with the cumulative effect. When the
cumulative effect is 0.6, the proportion of congestion nodes drops with the increase of the ATIS
penetration rate. When the cumulative effect is 0.6, the proportion of congestion nodes initially
increases and then decreases with the increase of the ATIS penetration rate. When the
cumulative effect exceeds 0.6, the proportion of congestion nodes is positively related to the
ATIS penetration rate. (3) Given a high ATIS penetration rate and small cumulative effect, the
initial proportion of congestion nodes is very low and is lower than its counterpart under a low
ATIS penetration rate. With the increase of the cumulative effect, the proportion of congestion
nodes increases quickly and finally exceeds that under a low ATIS penetration rate. (4) When
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the reinforcement effect is 0.8 or 1 and the cumulative effect is lower than 0.6, the proportion
of congestion nodes decreases compared to that when the reinforcement effect is 0.5 or 0.3. The
opposite outcome is observed when the cumulative effect exceeds 0.6. In summary, the
cumulative effect has a critical value of 0.6. The influence of traffic information and the
reinforcement effect on congestion risk propagation is positive when the cumulative effect is
lower than 0.6; otherwise, it is positive. When the cumulative effect is lower than 0.6, the
proportion of congestion nodes is negatively related to the reinforcement effect. When the
cumulative effect is higher than 0.6, the proportion of congestion nodes is positively related to
the reinforcement effect.

Figure 5: The influence of the ATIS penetration rate, cumulative effect, and reinforcement effect on the
proportion of congestion nodes.

5. CONCLUSION
To relieve urban traffic congestion, this study investigates the influence of the route choice
behaviour of driver groups on the congestion control effect under different market penetration
rates of the ATIS. An improved UAU-SIS model that uses a multilayer time-varying network
as a framework is constructed and solved by the MMCA. The numerical analysis of the model
presents the conclusions:
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(1) The influence of the reinforcement effect on system revolution has three obvious
interval effects: from 0.1 to 0.6, from 0.7 to 0.8, and from 0.9 to 1. When the reinforcement
effects are in the same interval, the influences on system revolution are equal. At the critical
values of 0.7 and 0.9, the proportion of congestion nodes fluctuates significantly.
(2) The influences of the ATIS penetration rate and reinforcement effect of drivers on
congestion risk propagation are determined by the aggregation effect caused by traffic
information. Moreover, the aggregation effect has a critical value of 0.6. The influence of the
ATIS penetration rate and reinforcement effect on congestion risk propagation is positive when
the aggregation effect is below 0.6; otherwise, it is positive. When the aggregation effect is
below 0.6, the proportion of congestion nodes is negatively related to the reinforcement effect.
(3) The UI node transfer probability will not change the influence of the ATIS penetration
rate and reinforcement effect on the positive trend of congestion risk propagation. The overall
influence of increasing the ATIS penetration rate and reinforcement effect on congestion risk
propagation are only positive when the traffic information warning is less than 1. The
aggregation effect caused by traffic information is a key factor that determines the traffic
congestion control effect on the basis of traffic information.
This study verifies the influence of drivers’ responses to traffic information on the traffic
congestion control effect according to the ATIS. Although the drivers’ willingness to receive
traffic information and the aggregation effect have been considered herein, this work only
investigates the influence of the ATIS market penetration rate on traffic information
propagation. In reality, the information releases of the ATIS experiences time delays and the
traffic information received by drivers might include the wrong route recommendation
accordingly. Introducing time parameters into the traffic information propagation process and
setting a reasonable time delay are possible research directions in future. Moreover, future
studies can incorporate the route choice gaming process among driver groups to further quantify
the influence of the psychological characterization of drivers on traffic dispersion.
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