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1 Abstract

This project explores the follow-up model of the Analyzing Complex Threats and Opera-
tions Readiness (ACTOR) model employed by the United States government. The ACTOR
model aggregates data on 12 factors from 159 countries over the period 1975-1999 to predict
the level of instability a country will experience. The new modeling system is known as the
Integrated Crisis Early Warning System (ICEWS) and incorporates the same background as
the previous model, but with a few updates and a public database. This project used that
database to explore the importance of data visualization in predictive modeling. Building
o↵ of data from the ICEWS database, an interactive website was created to fill the gap
between non-technical and technical people alike. By allowing the data visualizations to be
customized, users are allowed to explore the data and build a report out of their findings.

2 Introduction

2.1 The Need for Data Visualizations

Storytelling is one of the oldest crafts in human history. In recent years, the concept of
storytelling has been extended to data and how to convey truths from a data set to the non-
technical user. Some scholars assert that data is the very ”antithesis of stories. If stories have
people in all their richness, data have points, rich meanings reduced to numbers.” [1] When
presented with a dataset alone, gleaning wisdom and truth from a spreadsheet proves to be
very di�cult. This is where the need for data visualization comes into play. Data visuals
breathe life into numbers and give color and meaning to an otherwise boring spreadsheet.
However, before data visualization can derive a sense of importance in the eyes of the user,
the importance of the context and need for understanding of the data must be conveyed by
the storyteller.

2.2 Understanding ICEWS Datasets

2.2.1 Provincial Modeling

To provide a context for the need for data visualization for the ICEWS Database, we
must first understand what is provided in the data. For this project, the provincial event
aggregations dataset was used to generate visuals, reports, and predictions. The provincial
dataset includes the countries represented in Figure 1, with their respective provinces as
detailed.

Figure 1: This figure lists all of the countries and

provinces used in the ICEWS dataset used to create

this project. [2] [3]

This type of dataset was created to ”support
province-level modeling of select Middle Eastern
countries.” [2] Within this dataset, event types were
gathered for each month from years 2005-2013 within
each specific province. This dataset has 14,580 unique
entries, with each entry having 44 specific aggrega-
tions.

2.2.2 Event Types and Weights

While the dataset used for this project has 44 spe-
cific aggregations, only 11 of those were used for the
DSAPCI interactive website. These included fight,
assault, reject, mass violence, demand, disapprove,
coerce, threaten, posture, reduce relations, and arrest
counts. The definition of each of these events was based on the CAMEO (Conflict and Me-
diation Event Observations) event definitions as defined in the CAMEO Manual, specifically
in the verb codebook.

Each data entry was also given attributes entitled ”ALLtALLhosscaleav” and ”ALL-
tALLcoopscaleav.” These two event types correspond to the intensity values, both positive
and negative, respectively, of the event set. This number is known as the Goldstein Value,
and is scaled from -10 to 10. More positive numbers represent more positive and cooperative
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Figure 2: This table describes each of the 11 event types focused on in the DSAPCI website and data visualization renderings.

Descriptions are used as in alignment with the CAMEO Manual and verb codebook.[3]

actions, whereas negative numbers represent more negative and hostile actions. This num-
ber was derived from the Goldstein scale for WEIS (World Event/Interaction Survey) event
coding.

1. It is important to note that this scale was developed from work done by a professional
political scientist.

2. This scale represents a neutral point of view. For example, ”the US would consider
a military agreement between China and North Korea to be a hostile action, [but] as
military agreements in general are defined as being cooperative, it would be classified
as a cooperative event.” [3]

3. This scale also doesn’t take into account the intensity of a singular event. For example,
”the killing of 1000 persons is classified as no more hostile than the killing of a single
person.” [3] This is, in part, the reasoning behind providing the user with individual
data visualization options for event type counts, rather than just considering the hostil-
ity and cooperation scales. The individual graphics can o↵er insight into the intensity
of the event, whereas the scales lose some of that significance.

3 The Process of Choosing Software

Throughout the year of working on the DSAPCI website, there was a long process of
continually deciding which software was best to use, and which ones had less documentation
or proved to be less intuitive.

3.1 Eclipse Versus XCode

At the start of this project, work was began with a Java backend through the Eclipse
integrated development environment. While Eclipse is a great resource for Java, it ended
up proving to have little documentation and online community to support common errors.
For the professional software developer that is a seasoned veteran in web development with
Java backends, this would likely not be an issue, but Eclipse is not very beginnger-friendly
for the average computer scientist.

After failing to use Eclipse and the Apache Tomcat Server, other avenues were explored.
Eventually, after comparing various alternatives, XCode was determined to be the best fit
since development was run on a MacBook Pro. XCode o↵ered the flexibility of working
with Django, an open-source web framework with extensive documentation and a Python
backend. Django o↵ers a wide array of plugins and libraries, and works seamlessly with
XCode. It provides an easy start to developing an entire web project, and allows the software
developer to focus solely on the development of the website without the distraction of several
incompatabilities or outdated documentation.
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Scheme 1: The figure on the left displays the Dash application created to display correlation between arrest and assault counts.

The figure on the right is a dashboard created with Tableau that displays the correlation between the demand and disapprove

counts as well as the demand and disapprove counts by geographic location.

3.2 Dash by Plotly Versus Tableau

When first generating data visualizations, Dash by Plotly provided an excellent frame-
work to quickly and easily generate dashboards that could then be saved as individual images
or PDF reports. Dash is a Python framework that is useful for building web applications
and has a lot of online documentation. However, the biggest caviat of Dash applications
is that they tend to be less deployable. After having a functional Dash application that
runs on your local machine, steps must be taken to deploy the app. There are only two
options for this deployment: deploying as a Flask app and deploying to Heroku. However,
the documentation and commands for this deployment are somewhat outdated and error
messages are not documented well by the online community of Dash users. Ultimately, Dash
deployment proved to be a very frustrating and under-documented chore, even though the
data visualizations were nice.

After failing on multiple accounts to get the Dash app to production, Tableau was consid-
ered as an alternative. Tableau is a software company that seeks to change the way people
think about data. Tableau o↵ers the ability to customize data visualizations and create
predictions for future data. This ability allows the consumer to create workbooks (sets of
data visualizations) as well as dashboards (displaying multiple visualizations at once on one
screen). Both of these abilities were utilized for the DSAPCI website. In terms of deploy-
ment, Tableau provides a service called Tableau Public where workbooks and dashboards
can be saved and accessed through an online link. This takes away the hassle of deployment
and allows visualizations to be embedded into websites as interactive iframes. Tableau also
allows the user to download the data visual in a myriad of types: image, data, Crosstab,
PDF, PowerPoint, and Tableau Workbook. While this ability is a great feature, it can also
be viewed as a danger, because not all developers may want people to be able to download
the dataset. However, since the ICEWS Database is a public database and the datasets are
available for download, that was not a concern during this project.

3.3 Python Versus Java

In terms of web development, Python and Java both have various applications that allow
for backend development with either language. However, there are some factors to consider
when choosing between these popular coding languages for web development.

1. Python is dynamically typed whereas Java is statically typed. [4] For the developer,
this means that more can be done in Python in fewer lines of code. This allows for
the development process to quickly take o↵. On the other hand, Java is statically
typed which means that it has a stricter set of coding rules which is a guardrail for the
developer as it makes code less prone to bugs.

2. Python and Java are both open-source languages with extensive communities to back
them. However, in recent years Python has gained more traction than Java and hence
has some more advantageous plug-ins and documentation. Depending on the develop-
ment framework being used, Java can have less documentation with some frameworks
than the extensive documentation Python currently has.

3. Speed of development is something to consider when choosing between these languages.
For this project, since it was a single individual developing the website, Python was
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more advantageous because it was faster to code large web page files than coding in
Java.

4. In terms of machine learning and data science, Python has the cutting edge against
Java and has very powerful specialized libraries. Python is also a lot more flexible than
Java which makes Python better for complex data science projects. [4]

Based on weighing the pros and cons of each of these factors, Python was ultimately chosen
over Java because of the flexibility and speed of development.

4 DSAPCI Website

4.1 Website Design

Before a user can utilize a website, they must first decide whether or not they trust the
site. This snap judgment happens in a second and is centered on the website’s aesthetics.
As the usage of internet has increased, the importance of website designed has drastically
increased. With so many websites to choose between, a user has the freedom to choose
to use which one they like the best, usually based on aesthetic and familiarity of design.
One scholar asserts that this snap judgement is based on the perception of five qualities:
unity, complexity, intensity, novelty, and interactivity of design. Each of these facets were
considered and implemented during the creation of the DSAPCI website.

1. Unity ”refers to the congruity among the elements of a design such that they look
as though they belong together.” [5] When thinking about unity for website design,
streamlined fonts, colors, and webpage layout are three crucial aspects. Luckily for the
software developer, a tool called Bootstrap makes this streamlining easy. Bootstrap
is a front-end component library that provides streamlined HTML and CSS design
templates for fonts, buttons, navigation, etc. The main uses of Bootstrap in this
website was for the interactive navigation bar and the streamlining of fonts and buttons.
Figure 3 shows the navigation bar for the DSAPCI website which was created using
Bootstrap.

2. Complexity describes the ”amount of information and the di↵erences between di↵erent
pieces of information that can be found within an aesthetic object.” [5] In terms of a
website, the number of pages, elements on a webpage, and variety of tools is consid-
ered. This was the motivation behind including not only individual visualizations in
five types: scatter, line, pie, geographic, and scatter correlations, but it was also the
motivation behind combining these elements in various formats to build user reports.
This provides a lot of interactivity for the customer and a variety of products to choose
from.

3. Intensity of design is defined as the ”pitch, hue, or birghtness” that evoke a certain
emotional response in the viewer. [5] In website design, intensity of design is a guardrail
against having a bland website–one with no excitement to draw the eye to. Using
vibrant colors that don’t distract from the content of the website, but enhance the
user experience is an important aspect of accurately incorparating this aspect. The
intensity of a website is in ”stirring the emotions, attitudes, and moods of website
visitors.” [5] This is why vibrant colors like blue and yellow were used for the website
framework, and why Tableau visuals were generated with a rich colorscheme.

Figure 3: This figure shows the navigation bar for the DSAPCI website that was created using Bootstrap.



Beckham Page 6 of 10

4. Novelty of design is the quality of being ”new and unusual, di↵erent from anything in
prior existence.” [5] The presentation of a customized interface in website development
contributes to this facet. This is, in part, why the DSAPCI website allows for varying
products to be customized by the user. The ability that Tableau o↵ers to download in
multiple data types contributes to the feeling of novelty to the application.

5. Interactivity of design is defined as the ”ability of an artifact to allow users’ partic-
ipation in modifying its form and content.” [5] This facet was considered the most
important at the onset of this project. The ability for data visualizations to e↵ectively
communicate to the user is partly made up of the user’s ability to interact with the
visualizations and glean truths from their customization. That is why Tableau is such
a powerful tool in data visualization, it allows for users to customize visuals by select-
ing a subset of the data, or changing which type of graph they would like to see, and
explore correlations between di↵erent variables. Tableau puts the power in the users’
hands which allows for maximum interactivity.

4.2 Website Structure

4.2.1 Visualizations

The visualizations tab o↵ers 5 di↵erent webpages to choose from, with each webpage
containing a workbook of Tableau data visuals specific to that visual type. Every webpage
includes the 11 event counts as outlined in Figure 2.

(a)

(b)

Figure 6: (a) This image is an example of the Scat-

ter Comparisons webpage, with this particular tab

displaying the correlation between fight and assault

counts. (b) This is an example of the Scatter Plots

webpage, with this particular tab displaying the

fight count for each country over the years of 2005-

2013.

Scatter Comparisons This page is the most
unique webpage under the visualizations tab, because
it doesn’t generate visualizations for singular event
types, but rather combines two event types to dis-
play a correlation. 6 pairs were created: fight versus
assault, reject versus mass violence, demand versus
disapprove, coerce versus threaten, posture versus re-
duce relations, and assault versus arrest. An example
of these correlations in displayed in Figure 6 (a).

Scatter Plots This page is similar to the scatter
comparisons webpage, but allows the breakout of in-
dividual event types and plots over the years from
2005-2013. The advantage of scatter plots is that they
o↵er the ability to easily pick out outliers. Figure 6
(b) shows the visualizations o↵ered by this webpage.

Line Graphs Where scatter plots allow the user to
easily view outliers, line graphs allow the user to see
the pattern of di↵erent data counts over the years.
This makes it easier to pick out trends, and to see
during which years counts spiked or dramatically fell.
Scheme 2 shows the visualizations o↵ered by this web-
page.

Pie Charts Pie charts allow the user to see which
country has the largest percentage of a certain event
type occurring over the entirety of the years used in
the dataset: 2005-2013. This aggregates the data into
a view that allows the user to see which country has made up the most of a certain event
type over this 8 year period. Scheme 2 shows the visualizations o↵ered by this webpage.

Geo Graphs Geo graphs are extremely useful in conveying to the user the importance
and reality of what the numbers and visualizations mean. Through putting a country with a
statistic, data truths are more easily communicable to the user. Unfortunately, the ICEWS
Database does not include specific latitude and longitudes in their provincial dataset, but
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Scheme 2: These figures illustrate the webpage data visualizations for each event from 2005 to 2015 for (left to right) Line

Graphs, Pie Charts, and Geo Graphs webpages.[]

Scheme 3: These figures illustrate the webpage reports dashboards for (left to right) Scatter Versus Geo, Scatter Versus Line,

and Line Versus Pie webpages.

when uploading a dataset to Tableau that contains country names and provinces, Tableau
automatically generates these values and allows for the creation of beautiful geo graphs.
Scheme 2 shows the visualizations o↵ered by this webpage.

4.2.2 Reports

The reports tab allows for the user to explore dashboards that combine the di↵erent
data visuals represented under the visualizations tab. The motivation behind the creation
of reports was to allow the user to explore correlations and breakout views at the same
time. These dashboards are also easily generated as images or PDFs, making it easy for
the user to incorporate it into their data visualization report, project, or presentation. Each
combination was created with a specific goal for the user in mind, as explained below.

Scatter Versus Geo The Scatter Versus Geo webpage allows for the user to view the
scatter correlation plots for two variables while simultaneously viewing the individual geo
graphs for both event types used in the scatter correlation. One such example of this is
shown in Scheme 3.

Scatter Versus Line While the Scatter Versus Geo webpage uses the scatter correlations,
the Scatter Versus Line webpage focuses on single event types rather than correlations. This
means that it includes the scatter plot for a singular event as well as its line plot. This
allows the user to easily view outliers while simultaneously showing the trend of the country.
For example, one could see that Egypt has an outlier point in 2013 for assault counts, but
the general trend from 2005-2012 was consistently lower. This allows the user to begin to
ask questions about what caused this outlier to occur in the country at the time and make
conclusions based on context and the data dashboard. An example of this is shown in Scheme
3.

Line Versus Pie The Line Versus Pie webpage allows the unser to see the trends over the
years, and compare the trends with the countries that make up the majority of a specific
event count. For example, a country may have a consistently low trend for several years, but
because of a spike may make up the majority of the event counts over the years 2005-2013.
An example of this is shown in Scheme 3.

4.2.3 Predictions

Trends In Tableau, the analytic package o↵ers trend lines that interpret the data and
predict the future trends of the data. For this dashboard, polynomial trend lines were used of
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Scheme 4: These figures illustrate the webpage data visualizations for (left to right) Trend Lines, Forecasts, and Scales web-

pages.[]

order 3. Polynomial modeling was preferred over linear or logarithmic due to the randomness
of the data and the presence of several peaks and valleys amongst the average line plot.
Tableau’s trend lines technology is typically pretty good, but can gain more accuracy with
fine-tuned paramaters, like knowing when to use polynomial over logarithmic. By extending
the year axis into the future, we have nice visuals that not only seek to describe our current
data, but makes a prediction about the trends of data in the future. When hovering over a
trend line, a tooltip pop-up contains three items: event type formula, r-squared, and p-value.
The event type formula shows the formula calculated and used to generate the trend line.
The two statistical values, r-squared and p-value, allow us to know how well our trend line
fits the data. R-squared is a goodness-of-fit measure and is always a value between 0 and 1.
Values that are closer to 1 tend to express a better model with higher confidence in future
predictions. However, before interpreting on the R-squared alone, the p-value must be taken
into consideration. A p-value of less than .05 is means that the trend line model Tableau
generated may be significant. Combining these measures allows the users to see which trend
lines are good predictors for future events, and which ones are not. Due to the random
fluctuation of some data, trend lines may not be able to e↵ectively fit certain countries in a
certain event type. An example of this webpage is located in Scheme 4.

Forecasts In addition to trend lines, the analytic package that Tableau o↵ers also has a
feature entitled forecasting. Forecasting ”uses a technique known as exponential smoothing.”
Exponential smoothing models ”forecast future values of a regular time series of values from
weighted averages of past values of the series.” [6] These algorithms try to find patterns in the
data that can be projected into the future. During this process, Tableau uses eight di↵erent
models and picks the one that generates the best quality forecast. This means that Tableau
optimizes the modeling process for you, instead of having to sift through which models are
best for your data. However, there are some ways to improve forecasts through fine-tuning
certain parameters. By allowing periods to be automatic, we allow Tableau to find which
patterns are most evident in the data apart from ”seasons”. Also, through creating a custom
model with seasons set to ”additive” we are able to get a better idea of the pattern going
into the future. An additive model is one in which the model components are summed, and
just says that the component that e↵ects the trend is present in the data. The descriptions
of each model are also present in three dashboard tabs. An example of this webpage is shown
in Scheme 4.

Scales The scales tab expresses the correlation between a country’s cooperation average
score and their hostility average score. This is in reference to the Goldstein value that was
created for each country. Please refer back to section 2.2.2 for a more detailed explanation
of these weights. An example of this webpage is shown in Scheme 4.

5 Conclusions

Through this project, every aspect of web development was explored. From the need for
data visualization and how to craft a pleasing website to writing backend code, I was able
to learn about what it takes to build a website from scratch. While this can be a process
with its ups and downs, ultimately the product can be a beautiful website that seeks to
help others in their data exploration. I hope that the DSAPCI website can be one of many
examples for years to come on how we seek to convey data truths to the average user.
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