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A B S T R A C T
Traffic congestion is becoming increasingly severe as a result of urbanization, which not only
impedes people’s ability to travel but also hinders the economic development of cities. Modelling
the correlation between congestion and its influencing factors using machine learning methods make
it possible to quickly identify congested road segments. Due to the intrinsic black-box character of
machine learning models, it is difficult for experts to trust the decision results of road congestion
prediction models and understand the significance of congestion-causing factors. In this paper, we
present a model interpretability method to investigate the potential causes of traffic congestion
and quantify the importance of various influencing factors using the SHAP method. Due to the
multidimensionality of these factors, it can be challenging to visually represent the impact of all
factors. In response, we propose TCEVis, an interactive visual analytics system that enables multi-
level exploration of road conditions. Through three case studies utilizing actual data, we demonstrate
that the TCEVis system offers advantages for assisting traffic managers in analyzing the causes of
traffic congestion and elucidating the significance of various influencing factors.

. Inroduction
Due to accelerated economic expansion and urbaniza-

on, the number of motor vehicles is increasing rapidly. This
resents substantial challenges and stresses for urban road
affic. The inadequacies of conventional road planning and
esign have begun to manifest themselves, resulting in in-
reasingly severe traffic congestion issues. It also contributes

environmental pollution (Lu et al., 2021). In addition,
inhibits the intelligent development and modernization

f urban transportation systems (Ajay et al., 2022). In the
phere of transportation, addressing the problem of traffic
ongestion has become an urgent and crucial concern. The
bjective is to accommodate diverse travel needs while ef-
ctively reducing energy consumption. Traditional methods
r identifying the causes of congestion rely largely on time-

onsuming and costly human labor. Numerous studies use
affic prediction models to predict future traffic conditions
an et al., 2019; Kosugi et al., 2022). On the basis of

istorical traffic data, machine learning (ML) techniques are
idely employed to analyze traffic patterns and identify road

egments likely to experience congestion. However, machine
arning (ML) models are frequently perceived as "black
oxes" (Linardatos et al., 2021), making it challenging for
xperts to trust the model’s decision-making capability and
omprehend why congestion occurs. If drivers have access

information about the causes of congestion, they can
ynamically modify their routes to mitigate its effects.

There are a number of factors that contribute to traffic
ongestion, including inadequate road infrastructure and

* Corresponding author: Huijie Zhang
E-mail addresses: zhanghj167@nenu.edu.cn (H. Zhang)

unpredictability. To enhance the accuracy of predicting con-
gestion, it is essential to take into account the interaction
between these various factors. However, manually identi-
fying all of the causes of traffic congestion events in map
applications can be laborious and time-consuming. Visual-
ization techniques offer significant advantages in the analysis
of diverse and heterogeneous data sources, enabling users
to explore the data through intuitive visual representations.
Several research investigations on visual analytics of traffic
data have been conducted (Ferreira et al., 2013; Sobral et al.,
2019; Clarinval and Dumas, 2022), including the use of heat
maps to display traffic flow (Song and Miller, 2012) and
glyphs to depict the causes of traffic congestion on roads.
These visualizations aid traffic administrators in analyzing
traffic problems effectively. By employing interactive op-
erations, visual analytics systems considerably aid users in
discovering the underlying relationships between congestion
and its influencing factors. This lays the groundwork for the
development of effective traffic management solutions.

We collaborated with experts in the fields of transporta-
tion and machine learning to gain a deeper understanding
of the causes of traffic congestion. To determine whether
traffic congestion exists on the target roadways, we applied a
model based on machine learning to estimate the short-term
speed of roads in the future. However, because of the model’s
opacity, it is challenging for traffic managers to comprehend
why congestion arises. Therefore, we used the SHAP method
(Lundberg and Lee, 2017) to explain the speed prediction
model and quantify the degree of influence of multi-source
factors on congested roads. The method aids traffic managers
to analyze the relationship between multi-source influencing
factors and traffic congestion. We produced the interactive
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isual analytics system TCEVis. In TCEVis, there are six
ifferent views available, including the global view, rela-
onship view, monitor view, map view, matrix view, and
mporal view. These views encourage two levels of inves-
gation: comparative analysis of several causes of traffic
ongestion and temporal analysis of a specific cause of traffic
ongestion. Through case studies that make use of actual
ata, we have successfully demonstrated the effectiveness
f our methodology in analyzing the factors that contribute

traffic congestion and improving traffic management. Our
ontributions can be summarized as follows.

• We presented a technique that examined the root
causes of traffic congestion using the interpretability
of machine learning. Our method successfully simu-
lated the relationship between congestion and many
contributing factors. When congestion occured, we
specifically utilized the SHapley Additive exPlanation
(SHAP) method to quantify the extent of their influ-
ence in an understandable manner.

• We developed TCEVis, a visual analytics system with
a number of interactive views that facilitated the un-
derstanding of the causes of traffic congestion. The
system enabled users to compare and examine the
factors contributing to traffic congestion on different
roadways. Additionally, it offerd assistance for per-
forming granular analyses of traffic congestion on
certain roadways.

• The usefulness of TCEVis was demonstrated in three
case studies utilizing actual data for analyzing the sim-
ilarity of influencing factors on road congestion, iden-
tifying the causes of congestion on a single road, and
evaluating whether congestion was cyclical. These
case studies demonstrated how TCEVis effectively
and accurately completed certain analytical tasks.

. Related work

.1. Urban traffic prediction
Experts in the field of traffic flow analysis and planning

an benefit from traffic prediction to better manage traffic
ongestion by analyzing the spatial and temporal variations

traffic flow.
Abadi et al. (Abadi et al., 2015) presented a technique

r rapidly forecasting traffic flow on all links in a traffic
etwork. They developed an autoregressive model that con-
idered both past flow data and flow uncertainty. However,
is work had limitations due to insufficient data to conduct

dditional testing in both incident and regular traffic scenar-
s.

The intricate spatial and temporal relationships inher-
nt in traffic data were considered when forecasting traffic.
hang et al. (Zhang et al., 2021) introduced an innovative
odel known as the Evolving Temporal Graph Convolu-
onal Network (ETGCN), recognizing the limitations of
CN in capturing the evolving spatial correlations within

the road network. This model aimed to learn the spatial-
temporal correlations and their varying states for predict-
ing traffic speeds within a road network. Li et al. (Li and
Lasenby, 2021) proposed a spatial-temporal graph attention
network adapted from the attention mechanism for road
speed prediction. The model included a multi-headed map
attention module to capture the spatial correlation between
road segments. Wang et al. (Wang et al., 2022) introduced
the transport flow model, which effectively analyzed the
spatial-temporal correlation through the fusion of graph
attention and time attention layers. The model is an attention-
based spatial-temporal graph neural network model (AST-
GAT). However, this research did not address the influence
of multi-scale information on prediction.

The road network structure was also considered a sig-
nificant factor in traffic prediction. To capture the temporal
dynamics within the speed dataset, Lee et al. (Lee et al.,
2019) utilized a straightforward LSTM model. To enhance
prediction accuracy, they incorporated DeepWalk-generated
road network structure data, encompassing network features,
peak-hour information, and spatial-temporal road speed. To
completely exhibit the geographical information, the struc-
ture of the road network was illustrated as a graph. From this
graph representation, a graph convolutional neural network
optimized for traffic forecasting was introduced (Guo et al.,
2020).

In order to address the challenge of traffic congestion,
this research focused on traffic speed prediction. We in-
corporated a variety of data points that affect traffic speed,
including the spatial organization of the road network, tem-
poral characteristics of traffic flow data, weather conditions,
air quality, and more, with the aim of enhancing prediction
accuracy.
2.2. Model interpretability

Machine learning’s prediction abilities are getting better
as computing power grows rapidly. People are now seeking
a deeper knowledge of the underlying causes behind model
decisions since they are no longer content with simply rely-
ing on the performance of the present models. As a result, the
interpretation of machine learning models has emerged as a
significant area of research. Only decisions resulting from
interpretable models are likely to obtain public approval,
especially in high-risk fields like healthcare, finance, and
justice.

Two popular methods for interpreting models are post-
hoc explanation and self-explanation. The interpretability
technique employed in this article utilized the SHAP model,
which has been widely recognized and validated across
numerous research domains (Lundberg and Lee, 2017). To
investigate the impact of road and environmental factors on
accident severity and to clarify the XGBoost model, Li et al.
(Li et al., 2022) introduced SHAP values. Ji et al. (Ji et al.,
2022) utilized the SHAP model to determine the SHAP val-
ues of factors affecting road travel, enabling the assessment
of the degree to which each element influences the dependent
variable, ultimately improving prediction accuracy. Bialek
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t al. (Białek et al., 2022) applied SHAP to energy con-
umption projection models, providing valuable and easy-
-understand insights into the internal workings of these
odels, which can be used for evaluating their reliability and

lanning for future development. Li et al. (Li, 2022) demon-
trated that locally interpreted machine learning models can
place spatial statistical models, especially when dealing
ith complex geographic and non-spatial factors, surpassing
e capabilities of traditional spatial statistical models. Lin

t al. (Lin and Gao, 2022) investigated the interpretability
f risk detection models and introduced the clustered SHAP
pproach for evaluating various firm capacities, including
rofitability, liquidity, and more. Using the SHAP-XGBoost
lgorithm, Zhang et al. (Zhang et al., 2023) developed a
amework for explaining the landslide sensitivity assess-
ent models. They addressed model generalizability vari-

tion across different landscapes and analyzed the regional
atures and geographical heterogeneity of landslide influ-

nces.
The use of visual analytics tools for examining the in-

rpretability of machine learning models has been a sub-
ct of recent research. Kahng et al. (Kahng et al., 2017)
eveloped an interactive visual analytics system for real-
me interpretation of massive deep learning models. Users
f this technology were capable of examining the outcomes
f complex deep neural network models at both the instance
nd subset levels. Zhao et al.’s (Zhao et al., 2018) proposed
system for graphical explanations of random forest models
nd predictions, contributing to a clearer understanding of
e model’s internal mechanisms. Cheng et al. (Cheng et al.,

021) designed the visual analytics tool VBridge, which
cilitated the interpretation of machine learning methods
the decision-making process, particularly in real clinical

cenarios.
.3. Traffic conditions visualization

Visualization technology is used to construct traffic man-
gement systems that enable the coordination of multiple
affic elements, increasing the level of information and
fficiency in urban traffic management. Liu et al. (Liu et al.,
019) designed a visual analytics system to support users in
xamining movement patterns in trajectory data. There are
everal difficulties in managing urban transportation, with
ne of the main problems being traffic congestion. Zhao et al.
hao et al., 2022) designed a system that displays the uncer-
inty of bus travel time. To assist users with perception and
ecision making by calculating bus uncertainty information.

To enable effective congestion studies, Lee et al. (Lee
t al., 2019) developed the VSRivers visualization to con-
urrently present volume and congestion conditions. The
rimary goal was to assist users in comprehending and pre-
icting congestion issues, including their underlying causes
nd propagation patterns. However, it is essential to note
at this method did not account for environmental variables

uch as weather and air quality in the anticipation of traffic
ongestion.

Addressing the impact of traffic on air quality has
emerged as a growing concern in the field of traffic vi-
sualization, given that vehicle transportation significantly
contributes to air pollution. Chiara et al. (Bachechi et al.,
2021) developed a visual analytics dashboard that provided
an effective approach for assessing urban traffic data in both
spatial and temporal dimensions. This dashboard facilitated
the analysis of traffic congestion in specific locations at
specific times and allowed for the evaluation of the impact
of currently operating vehicles on urban air quality. How-
ever, it is worth noting that some additional visualizations
contrasting the spatial distribution of traffic over time were
not created.

Approaches employing deep learning have consistently
demonstrated strong performance in predicting traffic flow.
However, the lack of transparent nature of these models
has constrained experts’ ability to comprehend the influence
of input data on outcomes. Jiang et al. (Jiang et al., 2022)
proposed a solution named TrafPS to address this challenge.
This system was grounded in the Shapley value and was
designed to facilitate the interpretation of predicted traffic
flow. However, only considering the number of roads when
clustering the urban grid omitted other characteristics that
might have provided more information. Jin et al. (Jin et al.,
2022) collaborated with experts to develop AttAnalyzer, a
system that allowed users to investigate how deep learning
models generate predictions.

We explored the temporal fluctuations in traffic patterns
as well as the effects of weather and holidays on traffic con-
ditions, drawing inspiration from the work mentioned above.
Additionally, we utilized model interpretability methodolo-
gies to assist specialists in comprehending the extent to
which certain elements influenced traffic situations. These
findings contributed to the development of improved man-
agement approaches.

3. Overview
3.1. Tasks and requirements

To determine specific analysis tasks, we worked with
three domain experts. A traffic manager with ten years of
expertise in traffic management is the first expert (E1). E1
offered insightful requirements and useful insights in the
field of traffic congestion studies. E2 has eight years of rel-
evant experience in developing transportation-related soft-
ware and has a high level of application of machine learning
techniques. The third expert (E3) , who represents a transport
firm, has six years of experience in the construction of smart
transport systems. According to the experts’ conversations,
the main challenge with traffic management right now is
congestion. Previous researches have used machine learning
techniques to forecast short-term future road speeds, identify
congested regions, and put remedial measures in place. How-
ever, it can be difficult to intuitively investigate the many
elements due to the varied sources of influencing factors. Ad-
ditionally, the model’s intrinsic black box character makes it
difficult to explain how different elements specifically affect

ialu Dong et al.: Preprint submitted to Elsevier Page 3 of 12
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ig. 1: The analysis pipeline of the system includes data pre-processing, road speed prediction modeling, SHAP interpretability and
isualization. The data pre-processing component integrates the multiple influencing factors from various sources and constructs
road feature matrix as the input for the road speed prediction model. The SHAP model interpretability method quantifies the
portance of the influencing factors on road speed. Finally, a visual analytics system is designed to assist users in analyzing the

auses of road congestion.

ad speed. It is crucial to take into account the impact of
articular places at particular times on road speeds while
nalysing the causes of congestion.

The following are the issues that require attention:
Q1: Where are the congested roads mainly concen-

ated?
Q2: When does traffic congestion mainly occur?
Q3: How to describe the level of impact of several

ctors on the anticipated congested roads?
Q4: How can the probable relationship between the

nge of influence factors’ values and the degree of their
fluence be analysed?

The following requirements have been established for a
isual analytics system to investigate the variables affecting
affic congestion. The system’s analytical pipeline is dis-
layed in Fig. 1.

R1: The system should enable mapping congested roads’
ctual locations and investigating the spatial correlation of
ongestion occurrence (Q1).

R2: The system ought to track changes in traffic con-
itions over time and investigate the temporal relationships
etween congestion occurrence (Q2).

R3: The system should enable investigation of the degree
f which multi-source factors affect road speed and allow
omparison of the possible potential causes of congestion
n different roads (Q3).

R4: The relationship between the domain of influence
ctor values and their level of influence on road speed

hould be highlighted by the system (Q4).

3.2. Data description
We use four datasets in our research to account for the

effects of multiple factors on road speed: taxi trajectory data,
air quality data, meteorological and weather data, and road
network data.

Taxi trajectory data is a collection of information on
the recorded movements of taxis in a city during the month
of October 2021. This data includes details like the trajectory
ID, vehicle ID, time, latitude and longitude, vehicle speed,
etc.

Air quality data refers to information gathered from
China’s General Environmental Monitoring Station. This
data contains measurements of different air pollutants taken
in real-time, including "AQI", "PM2.5", "PM10", "SO2",
"NO2" and "CO". Their 24-hour sliding averages are also
provided. Additionally, the data includes 8-hour sliding av-
erages and 24-hour maximum values for "O3", as well as
real-time concentrations and 24-hour maximum values for
"O3".

Meteorological and weather data are details about past
weather conditions that can be found on historical websites.
The maximum temperature, minimum temperature, meteo-
rological conditions, and wind direction are all included in
this data.

Road network data consists of a dataset extracted from
OpenStreetMap that provides information about a city’s
road network. This dataset contains various details such
as the section ID, the start and end latitude and longitude
coordinates of each road section, the length of each section,
the level of the road section and the name of the section if
available.

ialu Dong et al.: Preprint submitted to Elsevier Page 4 of 12
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Fig. 2: The road embedding representation is generated using the DeepWalk algorithm.

.3. Data Preprocessing

.3.1. Road Network Matching
To solve the issue of poor matching between the trajec-

ry data and the real road, we implemented a segmentation
rocess for the trajectory points. Two main factors, namely
e time interval and the distance interval between adjacent
ajectory points, are considered in this study. The majority
f the time interval is within 5 seconds. To accommodate any
otential missing time intervals, the detector is permitted to
ample up to 5 missing times. As a result, the time threshold
established at 25 seconds. The distance threshold has been

stablished at 400 metres, considering the fault tolerance of
e detector. Overall, these segmentation techniques enhance
e precision and dependability of the trajectory data by
posing suitable constraints on both time and distance

tervals among adjoining trajectory points.
Taking into consideration sampling errors, there is a

ossibility that the trajectory points could experience minor
eviations. The matching of the road network is performed
sing the ST-Matching algorithm, which considers topolog-
al information such as the distance between GPS sampling
oints and roads.
.3.2. Road Location Relationship

By examining the potential relationship between spatial
ad locations and congestion, we employ the DeepWalk

lgorithm to produce an efficient spatial representation of
e original road network. Construct a road network graph
= (𝑉 ,𝐸), where road segments are defined as nodes
= (𝑑1, 𝑑2, ..., 𝑑𝑥) and x represents the number of nodes.

he edges of 𝐺 are represented by 𝐸 =
{
𝑔𝑖𝑗

}𝑥
𝑖,𝑗 , where

𝑗 denote the road segment indices, and 𝑔𝑖,𝑗 = 1 if two
egments are connected. Otherwise, 𝑔𝑖,𝑗 = 0.

The structure of the road network under DeepWalk is
resented in (Fig. 2). There 𝑤𝑑𝑖 =

{
𝑤1

𝑑𝑖
, 𝑤2

𝑑𝑖
, ..., 𝑤𝑘

𝑑𝑖

}
, 𝑤𝑑𝑖

presents the random walk with the 𝑖th road as the root, 𝑘
enotes the length of the random walk. By considering the

pact of neighboring roads on the target road, this study
presents each road with a five-dimensional embedding
ature vector.

Table 1
Specific composition of the road feature vector.

Influencing feature Dimension

Velocity of the target road and the four shortest adjacent roads at
time t

5

Target road embedding representation 5
Target road speed variation entropy 1
Target road level 1
Air quality of a city at time t 15
The weather conditions in a city at time t 14
The wind force at time t in a city 9
Temperature of a city at time t 2
The specific hour in the 24 hours to which the moment t belongs 24
Is it a holiday at time t 1

3.3.3. Road Feature Vector
Our study examines the effects of different factors on

road speed, such as speed entropy, weather, air quality,
holidays, and further variables. We construct a road feature
vector as an input to the model for predicting short-term
future road speed, and the feature vector is shown in Table 1.
To distinguish the internal relationship among features, we
propose a self-defined mapping method for the multidimen-
sional spatial-temporal data in this study. This method maps
similar influencing features into a shared space, thereby
presenting them as one influencing factor.
3.3.4. Speed Performance Index

Road speed is commonly utilized as the principal indi-
cator of traffic conditions. To evaluate traffic conditions, the
road Speed Performance Index is utilized. This is calculated
by dividing the actual vehicle speed by the maximum allow-
able travel speed. This can be represented by the following
equation.
𝑅𝑣 =

𝑣
𝑣𝑚𝑎𝑥

× 100 (1)

where 𝑅𝑣 represents the speed performance index and
𝑅𝑣 ∈ [0, 100], 𝑣 denotes the mean speed of the current road
on one time slice, and 𝑣𝑚𝑎𝑥 denotes the maximum driving
speed of the current road across all time slices. We have
established three thresholds, namely 25, 50 and 75, based on
the speed performance index as the classification standards
for urban road traffic conditions, which is illustrated in
Table 2.

ialu Dong et al.: Preprint submitted to Elsevier Page 5 of 12
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able 2
lassification of speed performance index
Speed performance
index

Traffic status
level

Traffic status description

(0,25] Serious
congestion

Low average speed and poor road traffic condition.

(25,50] Light conges-
tion

Slightly lower average speed and slightly poor road
traffic condition.

(50,75] Smooth Slightly higher average speed and slightly better road
traffic condition.

(75,100] Very Smooth High average speed and good road traffic condition.

. Explain the degree of influence factors

.1. SHAP Explainable Method
In the SHAP explainable method, the impact of each

put feature on the prediction results is assessed by an-
lyzing its marginal contribution to the interpretation of
dividual instances. This method is built on the concepts of

ooperative game theory and local interpretation. According
Lundberg et al. (Lundberg et al., 2018), the method of

dditive feature attribution includes an explanatory model
, which is a linear function of binary variables.

(𝑧′) = 𝜑0 +
𝑀∑
𝑖=1

𝜑𝑖𝑧
′
𝑖 (2)

where 𝑀 represents the input features number, 𝜑𝑖 is the
HAP value associated with feature 𝑖, and 𝑧′ is a boolean
alue in the range of 0 to 1, indicating whether the corre-
ponding feature is observed or not.

The mapping function ℎ is used to evaluate how missing
atures affect model 𝑓 . 𝑧′ denotes a binary pattern reflecting
ese missing features. 𝑓𝑥(𝑆) = 𝑓 (ℎ𝑥(𝑧′)) where the set of

on-zero indices in 𝑧′ is called 𝑆. Each feature 𝑖 attribute
alue is determined as follows:

𝑖 =
∑

𝑆⊆𝑁∖{𝑖}

|𝑆|!(𝑀 − |𝑆| − 1)!
𝑀!

[𝑓𝑥(𝑆 ∪ {𝑖}) − 𝑓𝑥(𝑆)]

(3)
where𝑁 represents the set of all input features and 𝑓𝑥(𝑆)enotes the prediction result over a subset 𝑆 of the features.

|!(𝑀−|𝑆|−1)!
𝑀! denotes the weight under the corresponding

ature subset 𝑆.
.2. Result

The SHAP method examined the impact of road features
n road speed and determined a Shapley value for each
ature.

Road attribute influencing factors. The results of
peed prediction were affected by road variables, as indi-
ated by the results (Fig. 3). The vertical axis represented
e multiple influencing factors, while the horizontal axis

isplayed the degree of influence. And the color coding
dicated the initial value of the factor. As the initial values

f the influencing factors increased, their influence values
lso increased. For example, the estimated road speed was

Fig. 3: SHAP abstract result map of road attributes factors.

Fig. 4: SHAP abstract result map of air quality influencing
factors.

more positively impacted when the target "road level" was
higher.

Air quality influencing factors. The impact of "O3" and
"PM2.5" on speed prediction was demonstrated more clearly
in Fig. 4. A negative effect became apparent when the feature
value of "O3" increased, while a positive effect was observed
when the feature value decreased. The impact of "PM2.5"
was completely opposite to that of "O3". The features "NO2"
and "AQI" did not exhibit any noticeable patterns in their
influence on the speed prediction.

Hour influencing factors. When comparing the impact
of road speed throughout the 24-hour, it became evident that
the morning and evening peak hours, specifically 7:00 and
17:00, had a significant negative impact on road speed (Fig.
5). The early morning and late-night hours had a positive
impact on road speed, whereas the rest of the day had
minimal impact.

5. Visual design
We designed TCEVis, an interactive visual analytics

system that assisted traffic managers in analyzing the causes
of traffic congestion and evaluating its impact. The road
speed prediction model was constructed using Python, and

ialu Dong et al.: Preprint submitted to Elsevier Page 6 of 12
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TCEVis: Visual Analytics of Traffic Congestion Influencing Factors based on Explainable Machine Learning

ig. 5: SHAP abstract result map of hour influencing factors.

e system was developed with the Vue framework and
3.js. The system had six visual views that illustrated the
egree to which multiple factors that could contribute to
ongestion affected the speed of the road.
.1. Global view

Global view (Fig. 6 A) showed basic data information
cluding number of roads, number of samples, and time
nge. It also encoded the average degree of influence for
ultiple influencing factors through bar charts and used pie

harts to represent the degree of influence of specific features
ithin the influencing factors. To support the exploration of
e response relationship between the degree of influence of
fluencing factors or specific features and the range of their

riginal value domains, interactive operations were designed
here clicking on a text label relationship view updated the

orresponding result.
.2. Relationship view

Relationship view (Fig. 6 B) demonstrated the response
lationship between the influencing factors or specific fea-
res in terms of their original value domains and the degree

f influence in a two-dimensional space. The horizontal
xis represented the original value domain and the vertical
xis corresponded to the degree of influence. Each square
lock represented the distribution of the degree of influenc-
g factors or specific features affecting road speed within
e corresponding value range. In addition, the color of

ach square block indicated the number of instances that
ppeared, with darker colors indicating higher numbers.
.3. Monitor view

Monitor view (Fig. 6 C) supported exploring the occur-
nce of traffic congestion on different moments, with two

election drop down lists offering date and time choices that
ould be personalized by users. With the date and time se-
cted, the number of roads that were currently experiencing

ongestion was displayed, along with the level of influence
f each factor on each road. If there were no congested roads,
n alert box would appear.

In addition, it was available to select different roads for
etailed analysis at the current moment, by clicking on the
utton in front of the congested roads. At the same time,
e real geographic location of the corresponding roads was

isplayed in map view and matrix view was updated with
etailed information about the selected roads.

5.4. Map view
Map view (Fig. 6 D) depicted the traffic conditions on

the road, which were categorized by four colors codes to
represent varying levels of congestion: "very congested",
"slightly congested", "smooth", and "very smooth". Addi-
tionally, an input box in the upper right corner allowed
for the entry of a specific road ID for exploration, and
the location of the target road was then displayed on the
map. Clicking on a road would activate a card displaying
fundamental information about that road, encompassing its
road ID, Speed Performance Index(SPI), speed, road grade,
and speed entropy.
5.5. Matrix view

Matrix view (Fig. 6 E) adopted a matrix design, where
each row represented a road, with the road ID marked on
the left side. Each column represented an influencing factor
or feature, with the degree of influencing factor or feature
encoded in color. Initially, it displayed the top 21 roads in
terms of combined influence, and by default, it explored the
degree of influencing factors on the road’s speed. Switching
buttons allowed the exploration of the degree of influence
for features under an influencing factor. The color of the
rectangle encoded the magnitude of the influence, with
values displayed upon hovering over the rectangle. Matrix
view enabled comparing the differences in the influencing
factors of multiple roads at both macro and micro levels.
Furthermore, it supported temporal analysis of a single road.
By clicking on the road ID, the temporal view would display
the condition of the target road throughout the entire time
range, along with changes in the degree of impact of multiple
factors.

The initial design was presented using a scatter plot (Fig.
7), with the scatter size encoding the corresponding degree
of influence. However, visually comparing the magnitude
of each degree of influence proved to be challenging, and
the view suffered from obfuscation, which significantly im-
pacted the visual effect.
5.6. Temporal view

The traffic conditions of a road change over time, and a
temporal view (Fig. 6 F) was designed to analyze how the
degree of influence of different influencing factors on the
speed of the target road changed over time. It comprised
three components: (1) an overview of the traffic conditions
on the target road throughout the entire time, (2) the degree
of influence of different influencing factors on four adjacent
time slices, and (3) the degree of influence and the raw
values of features under an influencing factor at the current
moment.

For a target road selected from matrix view, temporal
view initially presented its traffic conditions over the entire
time range. The horizontal axis represented time, while
the vertical axis indicated the Speed Performance Index,
encoded in bar charts for each time slice. The four traffic
conditions were color-coded to match those encoded in map
view. Hovering over a bar displayed the current date and

ialu Dong et al.: Preprint submitted to Elsevier Page 7 of 12
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ig. 6: Visual analytics system TCEVis for influencing factors of traffic congestion. (A) Global view provides a description of data
nd the importance of global influencing factors. (B) Relationship view shows the importance distribution of different values of
ature. (C) Monitor view presents the number of congested roads appearing at different moments. (D) Map view represents the
al geographical locations of roads and related attribute information. (E) Matrix view compares the effect of different influencing
ctors and specific features on road speeds. (F) Temporal view is used to analyze the importance of different influencing factors
n a single road speed in time sequence.

Fig. 7: Initialization design for matrix view.

me, and clicking on a bar allowed the selection of the time
lice of interest for detailed analysis.

After selecting a time slice, the target road ID and
formation from four adjacent time slices were displayed,
cluding the previous moment, the current moment, and the

ext two moments, enabling comparative analysis between
djacent moments. In the detailed view at each moment in
me, the circular ring (Fig. 8 A) encoded the current Speed
erformance Index as well as the specific value. The bar
ig. 8 A) indicated the predicted current road speed, "0.182"
presenting the predicted average speed and marked with

n arrow. Additionally, a "+" or "- " followed by a value
dicated the overall degree of influence of all influencing
ctors on the current speed. At the same time, the degree

f influence of different influencing factors at the current
oment was presented in detail (Fig. 8 B), with each row
presenting one influencing factor. The horizontal axis (Fig.

) represented the range of values for the degree of influence,
ith dots indicating the triple equidistant points. The dot in

Fig. 8: The design of a time slice in temporal view.

the center represented 0, with a negative number on the left
and a positive number on the right. The gray bar (Fig. 9 A)
indicated that the distribution of the degree of influence of
the influencing factor on the target road speed extended over
the entire time horizon. The purple vertical line (Fig. 9 B)
indicated the average degree of influence of the influencing
factor on the target road speed, and the blue vertical line (Fig.
9 C) indicated the degree of influence at the current moment.

To support more granular analysis for an influencing
factor, clicking on the influencing factor label displayed the
raw values and degree of influence of the specific features
under the current influencing factor at the corresponding
moment in time. The horizontal axis represented the specific
features under the current influencing factor, and the vertical

ialu Dong et al.: Preprint submitted to Elsevier Page 8 of 12
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TCEVis: Visual Analytics of Traffic Congestion Influencing Factors based on Explainable Machine Learning

Fig. 9: Design details for single influencing factor analysis.

xis contained two values: the original value of the feature
nd its degree of influence, respectively. The green area plot
dicated the original value of the feature, the blue curve
presented the degree of influence, and the specific feature

ame was displayed when the mouse hovered over the dot.

. Case Study
We conducted experiments based on real trajectory data

explain the degree to which multiple sources of influ-
ncing factors contributed to traffic congestion. We utilized
CEVis to explore the potential causes and differences in the
ccurrence of traffic congestion.
.1. Explain the degree of influencing factors

From global view, we observed the average degree to
hich different influencing factors, such as speed, weather,

nd air quality had an impact on road speed. The degree
f influence of these factors was calculated by the SHAP
terpretable method and could help to explore the fine-

rained causes under the influencing factors. In the "Speed"
ctor (Fig. 10 A), the speed of the "Target" road at the

revious moment had a greater influence on the current
peed. It meant that the speed on the target road was af-
cted by the historical speed situation, so the temporal
ature of congestion propagation was considered. Within
e "Weather" factor (Fig. 10 A), moderate rain (M-Rain)

ad the largest impact on road speed. Compared to other
eather conditions, moderate rain had the largest SHAP
alue, indicating a focus on monitoring road congestion
uring moderate rain. Similarly, the "Air Quality" factor
ig. 10 B) had larger SHAP values for "O3" and "PM2.5".

he "Hour" factor (Fig. 10 B) also had larger SHAP values at
:00 - 7:00 and 16:00 - 17:00. When managing congestion,
is important to pay attention to the concentrations of air

ollutants "O3" and "PM2.5", as well as to the two main
me periods of the day. As mentioned above, road traffic
ongestion was affected by the common influence of multi-
ource factors. Recognizing the different degree of influence
ould help traffic managers to develop targeted measures to
lleviate traffic congestion.
.2. Compare road congestion at different times

As traffic congestion is a sequential process, traffic man-
gement policies should consider congestion at different
mes. We investigated traffic congestion from monitor view
y randomly selecting six times on several days, at 6:00,
:00, 13:00, 16:00, 17:00 and 20:00. Taking the two days

Fig. 10: The average impact of influencing factors and influ-
encing features.

10th and 12th October 2021 for example, the analysis re-
vealed that the road congestion was highest at 17:00. On
the 10th day, the number of congested roads reached a peak
of 2332 (Fig. 11), while on the 12th day, the value of the
maximum congested road was 3072 during the same hour
(Fig. 12). Moreover, the number of congested roads was
relatively high at 7:00 on 12th day, with a value of 2453 (Fig.
12).

In addition, it is possible to analyze the degree of influ-
ence of influencing factors on congested roads at different
times by the curves corresponding to each road in monitor
view. We observed that the "Speed" factor was the main
cause of congestion on congested roads. As indicated in Fig.
11 and Fig. 12, the influencing factor of "Speed", enclosed
by the blue ellipse, had a negative maximum SHAP value.
This suggested that the historical speed and the speed of
neighbouring roads had the largest adverse impact on the
target road speed. The parts enclosed by the orange ellipse
in Fig. 11 and Fig. 12 were the "Entropy" influencing factor,
which had a large negative SHAP value, indicating that the
entropy of speed change played a role in reducing road speed.

Fig. 11: Congestion analysis for 2021-10-10 in moniter view.

6.3. Analyze road congestion pattern
Urban entertainment centers are significant congestion

areas and complex traffic conditions require special atten-
tion, so we selected a SHENZHEN street close to a SAIDE

ialu Dong et al.: Preprint submitted to Elsevier Page 9 of 12
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ig. 12: Congestion analysis for 2021-10-12 in moniter view.

Fig. 13: The location of SHENZHEN Street in map view.

quare in map view (Fig. 13) for detailed analysis. From
atrix view (Fig. 14), we found that the road ID of SHEN-
HEN street was 2986. The SHAP values of "Speed" and
Air Quality" were larger and the color of rectangles was
eeper, indicating that these two influencing factors had a
rger influence on the speed of the road. Further exploration
f the specific features under the two influencing factors
vealed that the historical speed (Target) of road had the
reatest impact on future speed in the "Speed" factor (Fig.
4). The "O3" and "PM2.5" features had a greater impact in
e "Air Quality" factor (Fig. 14).

We explored whether congestion had a pattern, using a
eek as a cycle. As displayed in Fig. 15, a time of congestion
n SHENZHEN street was chosen for analysis using tem-
oral view, namely "2021-10-08 19:15:00". The road was
und to be "Very Congested" at this time, as indicated by the

reen arrow in Fig. 15, and there was also "Very Congested"
t the next moment. The "Speed" factor had the greatest

pact on the speed at two moments, as shown by the black
otted circle in Fig. 15. There was probably an impact of
djacent road speeds in addition to the impact of historical
peed. Then, we observed the same moment next week for
omparative analysis "2021-10-15 19:15:00". In Fig. 16, we
iscovered that only "Slightly Congested" occurred and the
ext moment was also "Slightly Congested". The impact of
e "Speed" factor reduced, as evidenced by the blue vertical
ne in the black dotted circle in Fig. 16. Therefore, there was
o regular pattern of congestion on this road. To verify this
ssumption, news reports were consulted which confirm a
affic accident transpired on the night of 8th October at the
tersection of SHENZHEN Street and KUNSHAN Road.

Fig. 14: Analyzing the degree to which influencing factors and
influencing features affect SHENZHEN Street in matrix view.

Fig. 15: Analyzing the congestion of SHENZHEN Street at
"2021-10-08 19:15:00" in temporal view.

Fig. 16: Analyzing the congestion of SHENZHEN Street at
"2021-10-15 19:15:00" in temporal view.

7. Evaluation
In order to evaluate the usefulness of our TCEVis sys-

tem, we invited twenty users to test our system. We allowed
users to actually use our system and then conducted semi-
structured interviews with the users to get an evaluation of
the system.

Participants. Two traffic managers with some experi-
ence in congestion management. Eighteen participants with
a background in data visualization and visual analysis (nine
females and nine males).

Procedures. We provided users with system-related
videos and documentation to help them learn how to use
the system. Then, when users were familiar with the system,
they could freely explore it according to their needs. To gain
deeper insights, we conducted semi-structured interviews
with each user after user exploration, which lasted approxi-
mately thirty minutes.

Feedback. We asked traffic managers for their opinions
on the usefulness of the system for congestion decision
making. Both agreed that visualizations were useful for con-
gestion analysis. Traffic manager A commented, "There are
many factors that affect congestion and cause us a cognitive
load, and visualizing the degree of influence of different
factors can help to manage the problem of traffic congestion.
The analysis of congestion pattern of SHENZHEN Street

ialu Dong et al.: Preprint submitted to Elsevier Page 10 of 12
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TCEVis: Visual Analytics of Traffic Congestion Influencing Factors based on Explainable Machine Learning

correct, and this analysis can help me to better explore
e congestion pattern of other roads." Traffic manager B

aid, "Previously, when we predicted road congestion using
odelling, we struggled to understand what was causing the

ongestion, but with this system it is clear to see the degree
f influence of different factors. For example, "O3" and
PM2.5" in air quality have a significant impact on conges-
on and air pollution management needs to be taken into ac-
ount in the subsequent improvement of traffic conditions."
e also interviewed participants to obtain their views on the

esign and use of the system. All participants agreed that the
ystem was easy to use. Three participants commented, "The
esign of temporal view is clear and concise, which made
possible to explore changes in the timing of congestion

auses." However, some participants had suggestions for
ome views of the system. P7 suggested, "The system should
dd the ability to rank congested roads according to the
egree of influence of specific influencing factors, so that
e corresponding roads for different needs can be easily
und." P15 also suggested, "When displaying basic road
formation on map view, glyphs can be designed."

. Discussion and limitations
The majority of users indicated that our system was well

esigned and easy to understand, and that it effectively facil-
ated the analysis of traffic congestion causes. In addition,
sers have also made suggestions to our system, they would
ke to add the operation of filtering the influencing factors
facilitate targeted exploration.
There are also some limitations, such as the use of the

idely adopted SHAP explanatory model for explaining the
auses of traffic congestion without a comparison with other
xplanatory methods. In the future, we plan to explore a
ider range of explanatory methods. We are also aware of

calability issues with the visualization and intend to adapt
for more datasets and incorporate additional interactive
atures.

. Conclusion
We proposed a visual analytics system, TCEVis, to assist

xperts in gaining insight into the spatial and temporal
volution of congestion, identifying the specific causes of
ongestion occurrences, and explaining the significance of
ultiple influencing factors. When constructing the traffic

ongestion prediction model, we considered multiple influ-
ncing factors from various sources to enhance the accu-
cy of predictions. Meanwhile, we introduced the SHAP
terpretable method to quantify and analyze the influence

f different influencing factors on traffic congestion. Finally,
e conducted case studies using real cab trajectory data to
emonstrate that the approach presented in this paper offered
more comprehensible explanation of the potential causes of
affic congestion.
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