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Abstract
Advances in data and information technologies have resulted in the availability of different types of useful data and easy
accessibility. However, much of the data is not fully leveraged to gain insights for decision making due to the
labor-intensive and time-consuming process of data collection and the unstructured format of data, which imposes
challenges for data analytics. This paper discusses a Geographic Information Systems (GIS) based visual analytics
framework for highway project performance evaluation in terms of cost and productivity. The study employs web data
extraction techniques and database technologies to automatically extract data of interest from different web data sources to
develop databases that contain structured data for data analytics. To merge the data from distinct sources, natural language
processing techniques are also used to deal with the inconsistency of data terminology and word choices. In addition, the
use of GIS technologies allows for the visualization and analysis of data collected from different locations. A case study
was undertaken, which implemented part of the framework for unit price visualization, estimation, and evaluation of
highway projects.
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86.1 Introduction

Advances in data and information technologies have resulted in the availability of different types of useful data and easy
accessibility. However, much of the data is not fully leveraged to gain insights for decision making due to the labor-intensive
and time-consuming process of data collection and the unstructured format of data. In the highway sector, State Departments
of Transportations (DOTs) have been collecting data about highway projects and publishing the data on their websites for
public view. The data includes a variety of information for each project such as project plans, location, schedule, scopes of
work, and estimated costs; but most of them are in unstructured formats (e.g., PDF files). There is a need for an efficient way
that can extract useful information from DOT’s websites and integrate different types of information for data analytics to
gain understanding of highway projects.

This paper discusses a Geographic Information Systems (GIS) based visual analytics framework for highway project
performance evaluation regarding cost and productivity. The study employs web data extraction techniques and database
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technologies to automatically extract data of interest from different web data sources to develop databases that contain
structured data for data analytics. To merge the data from distinct sources, natural language processing techniques are used to
deal with the inconsistency of data terminology and word choices. Also, the use of GIS technologies allows for the
visualization and analysis of data collected from different locations. A case study was undertaken, which implemented part
of the framework for unit price visualization, estimation, and evaluation of highway projects.

86.2 Background

86.2.1 Web Data Extraction Techniques

The internet contains a massive amount of data from various sources and in different formats. Extracting data from web
pages and transforming it into structured forms are necessary for data analysis to explore useful information and gain
understanding about phenomena of interest [4, 11]. Web data extraction techniques come from a variety of areas and
disciplines, such as natural language processing, machine learning, databases, and ontologies [21]. The techniques can be
divided into two main approaches: tree matching and machine learning [11, 31]. The former is based on the semi-structured
format of the HTML web pages to identify the location of the required information. The latter learns from examples labeled
by domain experts to extract data from similar unseen websites by using machine learning algorithms such as convolutional
neural networks [12, 31].

86.2.2 Natural Language Processing

Natural Language Processing (NLP) is an area of artificial intelligence which includes a collection of techniques that can
process, analyze, and manipulate human language data such as text and speech. Some of the techniques are tokenization [29,
32], Part-of-Speech tagging [7, 27], and Named Entity Recognition [1]. NLP research has been around since the 1950s and
has been applied in various tasks, for example in translation, information extraction, information retrieval, and topic
modeling [3]. These applications are being supported by the availability of highly accurate NLP packages and libraries such
as NLTK and Gensim.

Information Extraction. Information extraction is the process of extracting desired structured information from text
documents. It includes two major tasks name entity recognition (NER) and relation extraction (RE) [19]. NER aims to find
names of entities such as organizations (e.g., “Iowa State University”), persons (e.g., “Joanna Shaffer”), places (e.g., “Ames,
Iowa”), time (e.g., “April, 2018”), and numbers (e.g., “11”). RE refers to finding relationships between entities, for example:
“Iowa State University” is located in “Ames, Iowa” [26]. Two main approaches for NER are the rule-based approach and the
statistical learning approach. Rule-based methods use a set of predefined rules to find matches in text documents. Those rules
can be manually developed by domain experts or automatically identified through applications of machine learning to NLP
[18, 24]. The statistical learning approach treats the text as a sequence of words with labels, and each one depends on the
others in the series [19].

Semantic Measures. One of the main NLP related research topics is semantic measurement, which aims to evaluate the
similarity or relatedness between semantic units (words, phrases, sentences, concepts, etc.) [15]. Semantic similarity indi-
cates the likeness in the meaning of different semantic units; for instance, the words “road” and “highway” are semantically
similar even though they do not share the same string representations. The two primary approaches for semantic measures
are (1) knowledge-based method and (2) corpus-based method [15]. The former builds upon ontologies or digital dic-
tionaries, which are lexical networks of terms and their semantic relations such as synonym and hypernym. The relatedness
of the two words is measured by a similarity measure such as the distance between them in the network. However,
ontologies and digital dictionaries are not available to many domains. The latter method relies on corpora of text and
distributional models from those corpora. A distributional model stands on the distributional hypothesis: two words that
occur in the same contexts have similar meanings [16]. Therefore, distributional models represent a word through its
surrounding words observed from a given corpus [10]. The outcome of this approach is a Vector Space Model (VSM), where
each word is represented by a point in a high-dimensional space. Two words with similar contexts are close to each other in
the vector space.

A considerable amount of literature has been published on learning vector representations of words by using neural
networks [23, 25, 28]. For example [23] proposed two neural network models (also known as word2vec): continuous
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bag-of-word model (CBOW) and skip-gram model. For the CBOW model, the target word is at the output layer, and context
words (surrounding words) are at the input layer. Conversely, for the skip-gram model, the target word is at the input layer,
and the context words are at the output layer. Also, several attempts have been made to learn distributed representations of
phrases, sentences, paragraphs, and documents by extending word representations in vector space [13, 22]. Paragraph vector
(also known as doc2vec) was proposed by Le and Mikolov [22] is an extension of word2vec, which is capable of
constructing vector representations of word sequences of various length (sentences, paragraphs, and documents).

86.2.3 Geographic Information System and Spatial Interpolation Methods

GIS technologies have been increasingly used to handle spatial data in various application areas, such as urban planning,
transportation planning, and environmental management. It allows for positioning real properties or objects on a local map
based on their geographical coordinates [8]. GIS represents some aspect of the real world through spatial models using
simplified spatial entities like points, lines, and areas [17]. Each entity is associated with one or more attributes that give
additional information about that entity [17]. By organizing, integrating, analyzing different types of data, GIS can handle
complex spatial data and create new information to support decision making [6, 17].

Interpolation techniques is an essential component of GIS [9]. Spatial interpolation, as defined by Burrough et al. [2], is
the prediction of the value of a variable at unknown locations within the area surrounded by known data points. Spatial
interpolation techniques can be considered to consist of two categories: deterministic ones (e.g., inverse distance weighted
and global polynomial) and geo-statistical ones (e.g., ordinary kriging, simple kriging, and cokriging) [5, 20]. Deterministic
interpolation depends on the values of measured points or mathematical calculations from them while geostatistical methods
rely on statistics (e.g., spatial autocorrelation among the measured locations). Some popular interpolation techniques are
supported by GIS platforms. One of the most popular ones is ArcGIS which support spatial data analysis to create
continuous surfaces or maps from measured data, along with errors of the predicted surfaces [20].

86.3 GIS-Based Visual Analytics Framework for Highway Project Performance Evaluation

This paper proposes a GIS-based visual analytics framework for highway project performance evaluation. The idea arises
from applications of GIS in other research areas such as analysis of heavy metal sources in soil [14] or analysis of
groundwater level in a specific region [30]. In this proposed framework, each highway project can be modeled as a spatial
entity such as a point or a line on a map. In case that the purpose of a study is to make comparisons among many projects in a
large area, point entities can be used to present highway projects. Each point can be associated with different types of data:
spatial data (e.g., latitudes and longitudes), temporal data (e.g., recorded date of the data), and other un-spatial data that
contain specific information about the project. Each project has its characteristics, and many of them are influenced by
project locations, such as weather, topographical conditions, and geotechnical conditions. By integrating different types of
data, researchers not only can implement standard analyses for un-spatial data but also explore relationships among variables
or influences of time and location on other characteristics of highway projects. Thanks to GIS, spatial questions relating to
highway projects can be answered to support decision-making processes. For example, developing a unit price map of a
work item over several states can help contractors see some overall patterns or variations of unit prices in different states,
from which they can have appropriate bidding strategies for each state. By such comparisons, performances of a project can
be evaluated through cost, productivity, and performance indexes when those of other similar projects are known and shown
on the same map.

A next question that needs to be addressed is how to obtain those kinds of data of highway projects for data analysis.
Ideally, data of interest can be provided by data creators such as DOTs. Those ideal situations are not common and the
corresponding processes still heavily rely on human interactions. There is, however, another option. With the availability of
data in DOTs’ websites, the desired information can be automatically harvested using web data extraction and NLP
information extraction techniques. For example, an algorithm can be developed to obtain bid tabulations from DOTs’
websites and then extract desired information (e.g., bid item code, item description, unit, unit price, and location) through
NER tasks. To evaluate the accuracy of the algorithm, a testing dataset, which is developed by domain experts, is needed to
compare the output of the algorithm with the one identified by the experts. In addition, outlier analysis may be employed to
exclude information that is extracted by errors. After that, data is ready for analysis of projects within the same state. For
comparisons across different states, the issue of inconsistencies in data terminology and word choices also needs to be dealt
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with because each DOT has their own specifications, standards, and work breakdown structures. To overcome this barrier,
manual matching of variable descriptions by experts is possible, but time-consuming and labor intensive. To save time and
reduce human involvement in the process, NLP techniques can be utilized to automatically measure semantic similarity
between word units. The results from automatic matching should then be evaluated by domain experts to ensure the
reliability of the combined data.

The above discussions are organized and summarized to form a GIS-based visual analytics framework as Fig. 86.1.
The following is a case study which partially implemented the proposed framework. The authors collected bid data for the

year 2013 from Iowa DOT and Montana DOT. The bid items selected for illustration were “Asphalt binder, PG 64-28”
(Iowa DOT, item code “2303-0246428”) and “Asphalt cement, PG 64-28” (Montana DOT, item code “402020092”). With
the assumption that the two bid items represent the same work, unit prices of 17 projects in Iowa and 26 projects in Montana
were used for comparisons. By using an interpolation method available in ArcGIS, inverse distance weighting, unit price
maps for each entire state were developed as Fig. 86.2. The maps were color-coded with increasing unit prices when colors
changed from blue to red. The maps can visually show that Montana had higher unit prices of the work item than Iowa in
2013.

The above statement was further checked by statistical analysis. The average unit price of the projects in Iowa was
$643.11 per ton, while the average in Montana was $688.44 per ton. Since some tests of normality (i.e., normal Q-Q plot,
Kolmogorov-Smirnov, and Shapiro-Wilk) proved that two samples of unit prices were not normally distributed, a non-
parametric test was used to determine whether two sets of data are significantly different. The Mann-Whitney U test rejected
the hypothesis that the two distributions are the same with the significance level of 0.05, which was consistent with the
results from the maps.

86.4 Conclusion

This study presents a GIS-based visual analytics framework for highway projects by applying technologies and techniques
from web data extraction, information extraction, databases, semantic similarity, and GIS. Depending on the availability of
data and scale of research, part of or entire framework can be utilized for visual analytics. The framework allows for not only
typical data analyses of un-spatial data (e.g., frequencies, average values, and mean differences) but also spatial analysis
(e.g., variations of unit prices over an area). Applying the entire framework can enable a large-scale study of highway
projects for several DOTs, a region, or even the whole nation. Our goals are to evaluate project performances regarding cost
and productivity, quantify the effects of location and time on the performances, and visualize the results through interactive
maps.

The case study in this paper is just limited in comparison of a work item from two DOTs using the inverse distance
weighting interpolation method. In future research, it can be expanded to a regional level such as for Midwest region
including twelve states. Major bid items in highway projects, which account for the majority of the total cost, will be
identified and then matched across DOTs for comparisons. Different kinds of interpolation methods will be utilized and
evaluated to find the one that can produce unit price maps with smallest errors. The variances of unit prices across states will

Fig. 86.1 A GIS-based visual analytics framework
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be visualized to support decision-making processes such as unit price estimations. Further interviews with practitioners from
DOTs could be implemented to explain any differences between DOTs.
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