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Letter from the Lead Editors
Dear OR/MS Community Members,
We are pleased to share with you the Spring/Summer 2022 edition of OR/MS Tomorrow!
We welcome three new members to the team:

• Saeedeh Dehghani, as staff writer
• Nandan Kumar Singh, as production editor
• Sofia Perez-Guzman, as co-lead editor

We also thank all of our departing members for their great service and contributions to our magazine: Srinivasan Balan, Egbe-EtuEmmanuel Etu, Bukola Bakare, Elham Taghizade, Armagan Ozbilge, Saba Moeinizade, Piyal Sarkar, and Amro El-Adle. We wishyou all a bright future!
In this issue, we discuss a myriad of topics in different areas, including the role of operations research in non-traditional OR/MStopics of ecological studies and modern art. From there, the issue jumps into data analysis, with an article presenting a scaffoldedproject implementation to teach data analytics to undergraduate students, and an article discussing how to visualize multidimen-sional data and use tours to help analysts to glean information from data. Lastly, the issue moves toward transportation matterswith an interview with Dr. Ismael, who discusses urban freight and parking issues.
Submissions for the Fall/Winter 2022 issue are welcomed. Contact us via email at orms_tomorrow@mail.informs.org!
We hope you enjoy this issue.
Jessica Leung and Sofia Perez-Guzman

OR/MS Tomorrow Editorial Team
This issue wouldn’t have been possible without the effort of our editorial team members:
Editorial StaffWritersSaeedeh Dehghani, Abigail Lindner, Mihir Mehta, Kimia Vahdat
Editorial Board MembersAmro El-Adle, Abtin Ijadi Maghsoodi, Yassine Yaakoubi
Production Editor (Latex)Nandan Kumar Singh
WebmasterHarsh Anand
Social Media CoordinatorsKara Combs, Armagan Ozbilge
Faculty AdvisorProf. David Czerwinski
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Foregrounding Operations Research in Modern Art
Abigail LindnerWorcester Polytechnic Institute

Nandan Kumar SinghIndian Institute of ManagementVisakhapatnam

Introduction

The mathematician does not study pure mathematics because it is useful; he studies it because he delights in it and he delights in it
because it is beautiful. - Henri Poincaré (1854-1912)

Operations research (OR) has a long history of contributing to supply chain management, transportation routing, and other busi-ness problems. Less well-known is the use of OR tools in non-technical fields. In the humanities, OR appears in the productionof pieces of modern art via reframing of the Traveling Salesman Problem and the application of linear optimization and graphpartitioning.

Traveling Salesman Problem

The Traveling Salesman Problem (TSP) is a classical question in operations research. The objective in the TSP is to identify thebest route through N cities, represented by points, that visits each city exactly once and returns to the origin city. The “best”route might be the shortest (distance), least expensive (sum of the costs of each leg of the journey), or a combination of the two.
Dr. Robert Bosch, James F. Clark Professor ofMathematics at Oberlin College &Conservatory, has gained a reputation for creating“optimization art,” which he details in his 2019 bookOptArt: FromMathematicalOptimization toVisualDesign (Bosch, 2019). Amonghis inventions is visual art made by treating classic paintings and prints as canvases on which a TSP may be overlaid.
Consider the Mona Lisa, by Leonardo da Vinci, arguably the most famous painting in the world. In place of the lines and curvesthat form the original painting, Bosch converted the Mona Lisa into a series of tens of thousands of dots representing “cities” inthe TSP (Cook, 2022). The optimal solution to the TSP is the continuous-line drawing of the original Mona Lisa that is as accurateas possible.
For small-scale routes of, say, 5 cities, an analyst could determine the optimal route by trying each of the (5−1)!

2 = 12 possiblesolutions. Dealing manually with the 100,000 “locations” that make up Bosch’s Mona Lisa problem, however, would be a feat of



Figure 1: Mona Lisa TSP challenge, From Robert Bosch, William Cook, and Yuichi Nagata 1

inhuman endurance and an impossible lifespan. Hence, mathematical optimization tools, which are often employed in OR work,are essential to this TSP art (Klotz, 2015).
These experiments in reproducingworks of traditional art throughmathematical methods are a fun exercise of optimization theory,and worth trying. In the case of the Mona Lisa, successful efforts to find a route shorter than current best solution also entail acash prize of $1,000 (Cook, 2022)! The current best TSP solution for the Mona Lisa, depicted above, was found in 2009 by YuichiNagata and has length 5,757,191, which is 107 more than the lower bound that Cook has identified for an optimal solution (Cook,2022).

Domino Mossaic

Consider a single set of dominoes, which contains 55 rectangular tiles. Ignoring some “messy details of geometry and orientation,there are more than 1073 ways of placing the 55 tiles” (Hayes, 2020). Now consider 44 sets of dominoes. There are millionsof ways to place all 2,420 tiles. What are the odds that one of these arrangements will produce a portrait of, say, former U.S.president Barack Obama?
The idea of recreating pictures and photos with dominoes - creating domino mosaics - originates with Ken Knowlton, a computergraphics pioneer and artist who worked at Bell Labs in the mid-20th century. During his tenure at Bell Labs, Knowlton experi-mented with the new capabilities of then-modern technology to create art. He made computer-assisted “mosaic art” with uncon-ventional art tools, including dominoes. (A summary of Knowlton’s work is accessible at https://www.knowltonmosaics.com/.)
Bosch drew inspiration from Knowlton to create more complex domino mosaics. As with the TSP art, Bosch aimed to producethe likeness of a monochrome image that “most closely matches the pattern of shadow and light in the original” (Hayes, 2020).His predecessor Knowlton used a two-step process: first, he generated a “pattern of empty domino holders” on a canvas; next,he assigned dominoes to the holders according to brightness, a value based on the number of pips on the domino tile (Cambazardet al., 2011). Bosch diverged by transforming the domino mosaic problem into an integer linear programming problem.
On Bosch’s Domino Artwork site, beginners can download guides to produce portraits of Abraham Lincoln and Martin LutherKing, Jr., or recreations of the Mona Lisa and the Statue of Liberty using 12 sets of dominoes. The downloads page is at http:
//www.dominoartwork.com/downloads.html.

1Source: https://www.math.uwaterloo.ca/tsp/data/ml/monalisa.htmlThe Mona Lisa TSP was commissioned by William Cook. The point set was designed by Robert Bosch and the tour was obtained by Yuichi Nagata. The imagecan also be found on page 108 of Robert Bosch’s Opt Art.

https://www.knowltonmosaics.com/.
http://www.dominoartwork.com/downloads.html.
http://www.dominoartwork.com/downloads.html.
https://www.math.uwaterloo.ca/tsp/data/ml/monalisa.html


Figure 2: From Robert Bosch, 2008 2

Graph Partitioning

Graph theory is a discipline focused on graphs, mathematical structures that model pairwise relationships between objects. Itbegan as a recreational math problem, but it has now evolved into a prominent field of mathematics with applications in chemistry,operations research, social sciences, and computer science.
Partitioning a graph is a critical step in parallelizing graph algorithms (“Graph partitioning”). It divides a complex problem intomultiple, more manageable sub-problems that may be solved in parallel. Graph partitioning algorithms are executed using eitheredge or vertex separators, depending on the algorithm. Effective partitioning can reduce the time and effort to solve the problem.
How does graph partitioning connect to art? Consider INFORM, a software company which provides digital decision makingbased on Artificial Intelligence (AI) and Operations Research. The company uses an effective algorithm for graph partitioningto solve routine projects, the results of which have surprising artistic value. One context in which an algorithm developed byINFORM was used for a routine project and transformed into art is a bill of materials structure (Keppner, 2015b).
A bill of materials (BOM) details the components and assemblies needed to construct a comprehensive network structure. OlegShilovitsky, a software developer and the CEO of OpenBOM, highlights the importance of graph theory in transforming the BOMinto a graph that will be helpful in production planning and analysis (Shilovitsky, 2020a). The network artifact that results from thesynthesis of many BOMs can serve as a model for analyzing product information and the relationships between the componentsthat comprise the graph (Shilovitsky, 2020b). Shilovitsky notes that this network can also be a source of artistic interest.
For Keppner, the BOM structure above is where he first realized the artist value of supply chain project visualizations. In this, the5,564 nodes represent a completed product or a precursor to a complete product and nodes of the same color share the sameproduction resource. Greater size indicates that the completed product consumed a higher percentage of the given resource. Thisgraph is an aggregation of 52 mappings of weekly production capacities over a single year.
Unlike the TSP art and domino mosaics, the creators of these graphs had no intention of creating art. Keppner saw this graphdisplayed on thewall behind a colleague’s desk and assumed that it was awork of abstract art. His mathematical colleague clarifiedthe content of the graph, but Keppner still thought, “This should be framed.” Unintentionally, the BOM structure mimicked featuresof modern art, and from that day forward Keppner began looking at his work through a more visual, artistic lens (Keppner, 2015b).Other supply chain projects that use graph partitioning algorithms, such as workforce planning and aircraft scheduling, exhibitsimilar features.

2Source: https://www2.oberlin.edu/math/faculty/bosch/barack-obama-domino-plans.htmlPermission to use obtained from Dr. Robert Bosch on May 2, 2022. This image can also be found on page 82 of Robert Bosch’s Opt Art.

https://www2.oberlin.edu/math/faculty/bosch/barack-obama-domino-plans.html


Figure 3: Bill of materials structure 3

Conclusion

The use of OR in producing modern art is relatively little-known, but there is an amazing store of examples to be discovered. Thepreceding discussion shares just a small fraction.
Kai Keppner, Head of CorporateMarketing at INFORM, sees two levels of beauty in optimization algorithms translated into graphs:“the visual formwhich everyone can appreciate, and the underlying aesthetics of pure numbers which is only accessible to a smaller group
of mathematicians” (Keppner, 2015a). This idea can be applied to the graph partitioning done by decision-making companies andextended to the less conventional graphs of TSP portraits and domino mosaics.

Many thanks to Dr. Robert Bosch for his corrections and inputs on the early drafts of this article.
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In the Wild: Operations Research in Ecological Studies

Abigail LindnerWorcester Polytechnic Institute

Ecology is a branch of biological science that has existed as aformal field for only about a hundred years, though its historydates much farther back. Practitioners, called ecologists, studythe relationships between living organisms and their physical en-vironments to understand the connections between plants, an-imals, and the surrounding world and illuminate the benefits ofecosystems and humans’ influence on them (The Ecological So-ciety, n.d.). Research may be focused on something as small as asingle lake teeming with microbes or as large as Earth’s species-rich, largely unexplored oceans.
The importance of ecology has been gradually realized in thepublic and in academia as findings in other branches of biologyand other scientific fields spotlight the impact of human activ-ity on modern ecosystems, both natural and man-made, and onthe interactions between the living things in them. For instance,the rapid growth of the human population in the last centuryand the demand for more oil and gas resources have altered themigratory patterns of many large mammals, including bison andelk, in North America, and these changes affect breeding pat-terns, grassland productivity, and the seasonal dietary habits ofsome animals (Wilcove, 2010). Experimenting and modeling byresearchers in ecological studies can provide insight into whatour decisions have affected and how we can respond to thechanges in our ecosystems.
Applied mathematics and operations research tools and tech-niques play an important role in modern ecological studies.In fact, many ecologists come from non-ecology backgrounds,having studied mathematics, statistics, or physics beforehand(Bolker, 2005). These quantitative fields have theories and tech-

niques that provide sufficient supplements and sometimes evensubstitutes to the empirical and large-scale field experimentsthat are difficult to replicate or attempt due to the high com-plexity of environmental conditions (Petrovskii, 2018). More-over, while the traditional empirical formulae of ecology thatuse computer simulation techniques are highly adept at fittingcurves to data and predicting specific cases, they fail to revealthe underlying ecology. Dynamical systems, often used in op-erations research logistics problems, can account for these eco-logical mechanisms (“Mathematical ecology," n.d.).

Historical Background

One of the oldest products of the fusion of appliedmathematicsand ecology are the Lotka-Voltera models (McCann, 2021). TheLotka-Volterra model, independently designed by American bio-physicist Alfred Lotka and Italian mathematician Vito Volterrain the mid-1920s, is the simplest predator-prey model, using apair of first-order, nonlinear differential equations to describethe dynamics between two species, one predator and one prey.
The “heroic age” of theoretical ecology, before which point ecol-ogy was a severely theory-poor biological field, came with thework of Princeton biologist Robert MacArthur, Harvard biolo-gist E.O.Wilson, and their colleagues (Bolker, 2005). MacArthur,in 1965, was “among the first to explore how interactions andcompetition among species support coexistence and ecosys-tems,” and in 1967 he published the seminal Theory of IslandBiogeography with Wilson (Kelly, 2020). This theory supposed



that the rates of migration and extinction in two islands that re-ceived species from a common mainland were governed by thedistance of each island from the mainland and the size of eachisland.
Experiments in the latter half of the 20th century, such as oneby E.O. Wilson and American biologist Daniel Simberloff involv-ing tiny mangrove islands off the southern coast of Florida, pro-vided ample evidence in support of the theory of island bio-geography (Wills, 2013). When physicists began pouring intothe field in the 1970s, the use of dynamical systems theory inecology dramatically increased, enabling the extension of thetwo-species models of the first half of the 20th century to manymore species (McCann, 2021). As a result of these advance-ments, in the last two or so decades biology has relied heavilyon mathematical and computer-based models.

Ecological Research in the 21st Century

Modern ecological research is addressing and exploring a widevariety of problems, including the impact of climate change onmarine ecosystems, nitrogen availability in soil affected by agri-cultural and industrial pollution, the success or failure of conser-vation efforts to protect underrepresented biomes and endan-gered species, and the adaptation of wild species to shrinkinghabitats.
A big topic in ecology is biodiversity, with increased attentionand funding being funneled toward research of this topic and in-creased coordination of biodiversity assessment initiatives (Ril-lig et al., 2015). Biodiversity refers to the diversity of life onEarth or the “measure of the distribution and abundance ofspecies” (Kelly, 2020). Mathematical models, gene sequencing,climate models, and satellites have expanded our understand-ing in the last fifty years, though a grand theory unifying all ofbiodiversity research, which is essential for continuous dialoguebetween the theoretical and empirical sides of ecology, has yetto be established (Rillig et al., 2015).
On the issue of theoretical ecology and empirical ecology dia-loguing and coordinating, a research aim in the 21st century is agreater harmonization of theory and data. Ecology runs into thetwo extremes of having, in one area, theory without data andhaving, in another area, data without theory (Kelly, 2020). Thatis, theories are developed without empirical studies or data isgathered without explicit reference to theory (Rillig et al., 2015).
Dr. Ben Bolker, a mathematical, statistical, and computationalbiologist at McMaster University and author of Ecological Mod-
els and Data in R (2008), refers to the more mature scientificfield of physics for a good example of the type of relationshiphe hopes to see in ecology: “empirical and theoretical physicistsmay distrust each other, but they manage to communicate. Em-piricists perform a new experiment, and all the theoreticians goout and try to explain it; theoreticians develop a new theory,and all the empiricists go out and try to test it" (Bolker, 2005).

Possibilities for Operations Research Prac-
titioners

There are numerous examples of operations research practition-ers participating in and contributing to ecological research or ofoperations research tools being used in the same. From model-ing invasive species that destabilize ecosystems to identifyingoptimization methods that take into account efficient resourceuse and environmental concern to developing ways to minimizethe negative impact of human activity on natural ecosystems,operations researchers are applying their quantitative and data-focused skills to address ecological concerns (Mishra, 2020;Büyüktahtakın and Haight, 2018; Dekker et al., 2012).
The skill set of an operations researcher could be easily adaptedto the modeling and data demands of modern ecological re-search. As operations research is primarily concerned withthe effectiveness and efficiency of decisions, OR professionalscould engage in research on whether and how a given proposalto, say, encourage the repopulation of an endangered speciescould be executed to maximum benefit with minimal resourceexpense. Moreover, OR professionals would likely be comfort-able poking through the rich store of increasingly publicly avail-able biodiversity data, collecting their own, andmaking sense ofall of it for the benefit of the theoretical ecologists (Rillig et al.,2015).
Opportunities exist on both sides - theoretical and empirical - ofecological research for OR practitioners to make a difference.
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A Scaffolded Project Implementation For Teaching
Undergraduate Data Analytics Course

Mihir MehtaPennsylvania State University

Mihir is a doctoral student at the Industrial and Manufacturing Engineering Department of Penn State University. His research topic is
trustworthy artificial intelligence in the public health context. He is an editorial staffwriter for the INFORMSOR/MS Tomorrowmagazine.
He will be a technical mentor for the Data Science for Social Good- UK Chapter Summer Program 2022. He will discuss this article in the
“Inclusive Pedagogy" section at the upcoming INFORMS Annual Meeting 2022.

Undergraduate students with little programming and data analytics background often face challenges in learning problem-solvingskills. To help all students become better problem-solvers, the author developed a scaffolded project that leverages publicly avail-able datasets. This article describes this scaffolded project implementation. As part of this project, the author created numerousactive learning exercises to help students apply data engineering and data visualization-based concepts to provided datasets.Through this engaging and positive learning-focused project, students developed essential data analytics skills useful for areassuch as manufacturing, retail, and finance.
This article is organized as follows. First, the project-related key terminologies are introduced. Then, an overview of the un-derlying project is provided. Subsequently, the instructional process is discussed in detail with an illustrative example, includingthe prior assessment strategies, the specifics of the scaffolded module, and post-completion activities. Afterward, a list of addi-tional strategies implemented to nurture a positive and engaging classroom experience is provided. The article concludes with asummarized description of the project.

Key Terminologies
• Instructional Process: It consists of three stages: Prior Knowledge Assessment, 3-section Scaffolded Module, and Post Com-

pletion Evaluation & Subsequent Development. This three-stage process develops the specifics to assist with the projectcompletion. It also shapes subsequent course content development. This process is continuously supported through Com-
plimentary Strategies. These strategies nurture engaging and positive learning experiences. The entire process is illustratedin figure 4.



Figure 4: Instructional Process
• ScaffoldedModule: The 3-section scaffolded module, one of the three stages in the instructional process, helps students tocomplete this large and complex project through a series of incremental active learning exercises. This module consists ofthree sections: Meta Data, Data Structure, and Exploratory Analysis. These three sections are motivated by the key learningsteps discussed in the project description.• Illustrated Example: It exemplifies the three stages of the Instructional Process and the three sections of the 3-section Scaf-

folded Module.

Project Description

This section provides a general overview of the implemented exploratory data analytics project. It describes the leveraged publiclyavailable datasets, the format of the problem statements, and the key learning stages in completing project. The next section,instructional process, provides further details illustrated with an example.
Datasets: This project uses three publicly available datasets for the Pennsylvania state:

1. County Level Population Statistics: Dataset (Source Documentation)2. County Level COVID-19 Cases: Dataset(Source Documentation)3. County Level COVID-19 Deaths: Dataset (Source Documentation)
Problem Statement: Based on problem descriptions and datasets, students are expected to complete “R" code skeletons to re-produce given set of visualizations.
Key Learning Steps: To reproduce these visualizations, students need to learn incrementally in the following steps:

1. Familiarize with provided datasets (Meta Data Section)2. Understand corresponding data structures (Data Structure Section)3. Formulate data engineering algorithms- a path starting from the provided business problem description to the desired visu-alization (Exploratory Analysis Section)

http://personal.psu.edu/mzm6664/pa_pop.csv
https://www2.census.gov/programs-surveys/popest/technical-documentation/file-layouts/2010-2020/cc-est2020-alldata6.pdf
http://personal.psu.edu/mzm6664/pa_cvd_cases.csv
https://data.pa.gov/Covid-19/COVID-19-Aggregate-Cases-Current-Daily-County-Heal/j72v-r42c
http://personal.psu.edu/mzm6664/pa_cvd_deaths.csv
https://data.pa.gov/Covid-19/COVID-19-Aggregate-Death-Data-Current-Daily-County/fbgu-sqgp


Instructional Process

This section discusses the proposed instructional process using the project example shown in figure 5, which illustrates the processof going from the project description and dataset to a desired visualization by following the 3-section Scaffolded Module.

Figure 5: Illustrative Project Example

Using the “County Level COVID-19 Cases" dataset, this example expects the students to (1) do data distribution analyses forthe Luzerne County and (2) examine distribution skewness differences between two variables: new case numbers and 7-dayaverage new cases. The project requires reproducing the two visualizations: box-plot and histogram, as shown in figure 5. The
3-section Scaffolded Module helps the students achieve the goals as follows. TheMeta Data section helps the students familiarizewith different variables in the “County Level COVID-19 Cases" dataset. The Data Structure section helps them understand theunderlying data structure of the “County Level COVID-19 Cases" dataset. The Exploratory Analysis guides them to apply thatunderstanding in reproducing desired visualizations.

Prior Knowledge Assessment

In the first stage of the instructional process, the students’ prior knowledge levels are assessed through a set of strategies. Thesestrategies help in designing specifics of the 3-section Scaffolded Module.
• Assignments and Classroom Activities: These activities focus on identifying gaps in programming concepts. Example: Fora custom-developed R-function, the effect of “print" and “return" usage on R-output was one of the identified gaps.• Multiple-Choice Quiz: Using source documentation and sample data, this quiz measures students’ familiarity with provideddatasets. Example: True or False Question “Luzerne County has a FIPS code value of 42078."• Course Interactions: Through multi-channel engagement ranging from classroom discussions and office hours to anony-mous Canvas surveys-based queries, specific hints, and references for the exploratory analytics section. Example: Class-room interactions prompted to include guidelines for referencing a variable name inside ‚‚ in “dplyr" syntax.

3-section Scaffolded Module

This module, comprised by three sections, help the students advance towards the completion of their project. Prior knowledgeassessments-based insights are used to design the details of this module.



Meta Data

The learning objectives of this section are as follows.
1. Familiarize students with underlying datasets’ dimensions and columns2. Reinforce conceptual gaps identified in the Assignments and Classroom Activities3. Create a smaller dataset to study different data engineering operations through “dplyr" verbs

Scaffolded Discussion with Example:

• By defining a simplified data structure involving dataset and information types, a custom R function was developed to createthe metadata table.
Example: The part “b" of figure 6 is a partial output snapshot of the metadata table created for the “County Level COVID-19Cases" dataset (denoted as ‘dt_type=2’).• This development applied prior covered programming concepts.
Example: The part “a" of figure 6 shows some of steps developed in the custom R-function. These incorporate applicationsof “dim"(finding data dimension) and “=="(comparison operation), prior covered concepts . Specifically, “#Step 9" is developedto reinforce a conceptual gap example discussed in the Assignments and Classroom Activities.• The custom function included multiple printing statements to follow through with the step-wise development of the finaloutput.
Example: The part “a" of figure 6 shows “print" statement with text description defined before each of the steps.

Figure 6: Meta Data Section

Data Structure

The learning objectives of this section are as follows.
1. Develop a strong understanding of all three datasets’ data structure2. Interpret underlying context captured in a row or a set of rows of the dataset3. Build self-confidence in R-programming through the practice of low-stake active learning coding exercises

Scaffolded Discussion with Example:

• This section provided a heuristic algorithmic outline for completion. By applying a series of basic “dplyr" verbs-based dataengineering operations, the outline helps understanding the data structure of a dataset irrespective of source documentationavailability. This section also included sample codes and desired outputs creating low-stake active learning opportunities.



Example: Figure 7 shows a partial output of three sub-parts, having the names “The number of FIPS Value by Date," “Thenumber of Date Values by FIPS," and “Dataset for Luzerne 04/13/2020." These results are produced for the “County LevelCOVID-19 Cases" dataset.• One sub-part in the outline asks students to understand summary statistics, such as the number of unique values in aspecific column and the total number of observations in a group. In the other sub-part, data structure comprehension isstrengthened through subsetting the provided dataset for specific values in multiple columns.
Example: The part “a" of figure 7 lists summary statistics produced at “FIPS Code" and “Date" levels for the “County LevelCOVID-19 Cases" dataset. These summary statistics-based data structure insights are strengthened by a subsetting thisdataset for the “Luzerne" county value for the “04/13/2020" date. The corresponding partial output is shown in the part“b" of figure 7.

Figure 7: Data Structure Section

Exploratory Analysis

The learning objectives of this section are as follows.
1. Apply data engineering and data visualizations concepts on provided datasets to answer a specific data analytics questionusing a visualization2. Provide exposure to the thought process of formulating multiple analytics questions using the same dataset3. Develop an understanding of the various components of a visualization4. Familiarize with different practices useful in developing easy-to-interpret visualizations5. Infer insights about the dataset from a visualization

Scaffolded Discussion with Example:

• This section provided an R-code skeleton to generate desired visualizations.
Example: The part “c" of figure 8 shows snippets of provided R-code skeleton for distribution studies.• A set of hints were included to sketch the required algorithm including themapping for visualization components to “ggplot2"specific keywords.
Example: The part “b" of figure 8 shows some provided guidelines to develop an algorithm for completing distributionstudies. The box outline highlights provided “ggplot2" mapping.• A reference HTML document with multiple R-codes and resultant outputs was arranged for illustrating varied applicationsinvolving a set of data engineering operations.
Example: The part “a" of figure 8 contains an R-code and a partial resultant output. This code is producing all the Q1-2021observations for the “Luzerne" county in the “County Level COVID-19 Deaths" dataset.



• Another reference HTML document was supplied to reinforce some specific concepts identified in the “Course Interactions"assessment.
Example: The part “d" of figure 8 demonstrates how to reference variables containing spaces in their names. This develop-ment is inspired by an interaction discussing “Including variable names inside ‚‚."

Figure 8: Exploratory Data Analysis Section

Post Completion Evaluation & Subsequent Development

This stage of the instructional process evaluates students’ post-completion comprehension levels. Project evaluations are dis-cussed individually in the 15-minute scheduled oral evaluation. Besides the project feedback, these discussions recommendstudents a set of strategies for enhancing comprehension levels and learning in the remaining course. Students are strongly en-couraged to take an active part in discussions. Students are awarded 30% project grade for participating.
Project evaluations help identify key areas for concept reinforcement. Oral discussions help in deciding content developmentrepresentation approaches to create an enhanced learning experience. Combined insights from both of these activities shape thedesign of the subsequent course modules.
Subsequent Content Development with Example:

• Evaluation: Parts “a" and “b" of figure 9 show snippets from the content developed for reinforcing data structure andengineering related concepts, respectively. These were identified while evaluating project submissions.• Discussion: The part “a" of figure 9 shows a structural thinking approach designed for learning intricacies of data structureconcepts. The part “b" of figure 9 demonstrates a structural format developed to observe and list numerous specifics duringdata engineering operation. Oral evaluations shaped both of these structural frameworks.• Content Example: Oral evaluations found the Data Structure section the most interesting for students. Also, these interestlevels were reflected throughout the project evaluation process. Students showed higher comprehension levels for theseconcepts. Hence, the data governance module and generalized analytics process-related content was designed from thea data structure perspective. The part “c" of figure 9 shows partial outputs of the simulated finance and retail datasets.Data structural similarities between these datasets were highlighted to teach generalized analytics framework and datagovernance concepts.



Figure 9: Post Completion Content Development

Complimentary Strategies

The following set of strategies nurtured continuous positive and engaging learning experiences.
• Communication: The written communication incorporated a few empathetic and light-hearted lines from time to time.
Example: “Just like in real life, group dynamics may not always work in your favor. You can still convert those lemons intolemonade. Hence, when you get an Alphonso mango, that smoothie and/or milkshake would be tastier!"• Creative Components: Multiple anonymous creative quizzes were developed on Canvas encouraging divergent thinking.
Example: Students were asked to describe their fondness for the Penn State football using ice-cream flavors.• Flexibility: Students were provided a few flexible options on submission documents. Example: One-page poster submissionprovided the flexibility for the format and content. Students were encouraged to use this poster submission to express theirlearning, experiences, and feelings while completing the project.• Peer Support: Students were encouraged to brainstorm in groups. Example: Course consisted of a similar exploratoryanalysis group assignment. A major portion of this group assignment was discussed and solved during course lectures andhomework help sessions.

Summary

Data engineering and data visualization are building blocks for solving data analytics problems. This article proposes an exploratoryanalytics project leveraging publicly available datasets. For that, a three-stage instructional process was developed. After assess-ing students’ prior knowledge levels in the first stage, a 3-section Scaffolded Module follows as the second stage. This modulecontains all students’ inclusive active learning exercises. In the third stage of the instructional process, there are post-completionassessments and individual discussions with students. Using insights derived from the third stage, a structural framework isincorporated to reinforce some of the key concepts. Also, these insights are used to decide about content representation forsubsequent course modules. Finally, the proposed process nurtures a positive and engaging learning environment by executingthe complimentary strategies.
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Introduction

Suppose you are at the doctor’s office for a general check-up. How many measures or variables do you think were measured?Certainly age, height, weight, blood pressure, and heart rate — maybe blood oxygenation or iron levels in the case of a bloodtest. The visualization of quantitative multivariate data quickly becomes difficult as the dimensionality or number of measuresincreases. The visualization of data conveys much more information than numerical summaries allow and is vital for every fieldof work. First, let us consider how we can visualize dimensions.

Traditional multivariate visualization

Consider how we visualize data. For single variables, histograms and densities are used to show the spread. Scatterplots can beused to relate information from 2 or 3 measures simultaneously. After that, we have to mix it up. Taking an exhaustive approach,we could consider an arbitrary, p histogram densities. Similarly, we could look at all pairs and triples of scatterplots. This is thecrux of scatterplot matrices (Chambers et al., 1983). As the number of dimensions increases, the number of panes produced fromthis increases exponentially. This also has another limitation; it is not able to show information from more than 2 or 3 dimensionsat a time.
Another method is to link each observation with a line and display variables horizontally. Then after normalizing or standardizingeach variable to a common scale, they can be viewed as parallel coordinate plots (Ocagne, 1885). This visual will scale linearly with



dimensions but has a few downsides. The amount of ink each observation uses is relatively high, its hard to extract informationsuch as correlation, and leads to asymmetric interpretation when the order of the variables changes.

Projections

As the dimensionality of the data increases, the analyst will want to turn to dimension reduction as projections. This involves afunction that maps the data from a larger space to a smaller space. This is separated into two categories, linear and nonlinear.The linear case spans all affine mathematical transformations, essentially any function where parallel lines stay parallel. Nonlineartransformations complement the linear case, think transformations containing exponents or interacting terms.
Intuitively, linear projections can be thought of as 2D shadows of 3D objects. Holding the light and background constant, theshape of the shadow is determined by the object and its orientation. The orientation and map of the data are defined in a matrixcalled the basis, A where Yn×d = Xn×p × Ap×d. As a sidenote, we restrict these bases to be orthonormal (columns at rightangles and of length 1). One common linear projection is that of principal component analysis that provides a reorientation basisordered by decreasing variation (found with eigenvector decomposition) (Pearson, 1901). Figure 10 shows two linear projectionsof penguins data (Gorman et al., 2014). The left frame is informative to the separation of clusters and the right is much less so.
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Figure 10: Two basis orientations of penguins data. Some orientations are more informative than others.
Nonlinear projections that can bend and distort spaces are not entirely accurate or faithful to the original variable space. There arevarious quality metrics, such as Trustworthiness, Continuity, Normalized stress, and Average local error that have been introducedto describe the distortion of the space (Espadoto et al., 2021). Unfortunately these metrics are hard to visualize and communi-cate, making the distortions introduced opaque to the analyst. The intuition of this can be demonstrated with map projections.Snyder (Snyder, 1987) lists over 200 different projections that distort the surface of the earth to display as a 2D map, each withunique properties and use cases. The added subjectivity of choosing a nonlinear method and its parameters, and the difficulty ofunderstanding how space is distorted makes it hard to interpret variable influences. These factors potentially obscure the signalin the data.
Traditionally linear projections are used to approximate the data in fewer dimensions than the original. This is well and good,but can still leave a gap in visualizing the data. That is, the data approximated down to the first d principal components must bevisualized thoroughly rather than just looking at the first 2 or 3 components, as these lower components still regularly hold signal,such as in clustered data (Donnell et al., 1994) or high-throughput genomics data.

Animated linear projections

Going back to the shadow analogy, the analyst can discern information about the shape of the unknown data object by observingthe shadow as the object is rotated. In the case of a bar stool, some profiles are relatively uninformative such as a circle from theseat, which could come from many items. However, if the object continually rotates, the legs will show in the shadow, conveyinga much better idea of the object’s shape. This is the intuition for tours. Tours are linear projections animated over small changes tothe basis. By viewing the data over differing orientations, the analyst gleans information about the data: which orientations contain



interesting features such as cluster separation or unique profile shapes. Another key aspect is the permanence of observationbetween nearby frames. That is to say, the analyst can see structure by watching small relative changes between consecutiveframes. In contrast, the typical case tries to relate two or more distant bases with no intermittent information conveyed.
There are various types of tours distinguished by the selection of their target bases (Cook et al., 2008). The grand tour animatesbetween randomly selected target frames while a guided tour performs projection pursuit, optimizing for some index function.Themanual tour allows for the analyst tomanually control the contribution of a selected variable. Themanual tour is demonstratedin Figure 11, where the contribution of one variable is being changed which explains most of the separation between the orangeand green clusters. Lee et al. (2021) does a great job of discussing recent advances and as they remain a topic of interest. Tourscan be produced in the R packages tourr (Wickham et al., 2011) and spinifex (Spyrison and Cook, 2020).
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Figure 11: A manual tour varying the contribution of one variable (bill length). As this variable is removed the orange and greenclusters overlap. Because of this, we say that this cluster separation is sensitive to this variable. The animated version can beviewed at https://vimeo.com/676723431.
In summary, visualizing quantitative multivariate data remains a difficult task as the dimensions increase. Projections must beused at some point. Traditionally spaces are approximated in fewer dimensions, though these are not often viewed sufficiently.Tours, animated linear projections, can reveal more information than static linear projections by looking any more orientations thedata as the basis changes. Recent articles and R packages further discuss and facilitate the production of tours.
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Interview with Dr. Abdelrahman Ismael
Urban Freight and Parking Issues: UsingOR to Improve the Livability
of City Centers

Sofia Perez-Guzman
Rensselaer Polytechnic Institute

After earning his B.Sc. in Civil Engineering from Alexandria University, Egypt, and his Master’s
degree in Transportation Engineering from Rensselaer Polytechnic Institute, Dr. Abdelrahman
Ismael completed his Ph.D. at Rensselaer. His main research interests lie in freight transporta-
tion and sustainable urban logistics tomake deliveries and parkingmore efficient and to study
how to assign vehicles to specific parking spots. The goal of this research is to reduce traffic
congestion, parking emissions and the effects of illegal parking.

Transportation is an activity that touches each of us in so manydifferent ways, from using public transit or driving to commuteto work and running errands to accessing goods and servicesin stores or even having them delivered to your doorstep. Re-gardless of what is transported, transportation is the mere re-flection of economic activity, and it is essential to our societies.Nonetheless, despite its vital role as a pillar of our communi-ties, the negative aspects of transportation–such as the neg-ative externalities produced by freight vehicles making urbandeliveries–usually receive the most attention. Fortunately, thetransportation community has become aware of these negativeaspects and has begun to explore alternative solutions.
We invited Dr. Abdelrahman Ismael for an interview to discusshis approach to minimizing urban freight externalities. This arti-cle features Dr. Ismael’s doctoral research on freight transporta-tion and sustainable urban logistics, conducted at the Centerfor Infrastructure, Transportation and the Environment at Rens-selaer Polytechnic Institute. Dr. Ismael aims to improve the ef-ficiency of delivery and parking activities in urban areas. Hisresearch aims not only to improve urban freight operations, butalso to significantly reduce the effects of illegal parking, such astraffic congestion and emissions.
Starting with the basics, what is urban freight, why is it impor-
tant to our society, and how does it relate to parking issues
and the livability of city centers?

Urban freight transportation deals mainly with transport-ing goods in urban areas, whether business-to-business orbusiness-to-consumer goods. The importance of urban freightstems from the congestion and pollution concerns in majorcities. Our major urban areas are densely populated, congestedand suffer from increased emissions due to many factors. A bigone of these is traffic and urban freight vehicles, i.e., trucks.Recently, urban freight issues have received increased atten-tion due to the ever-increasing population of urban areas - 55%of the world’s population and 70% projected by 2050 (The

World Bank, 2020) – and the concomitant very sharp rise ofe-commerce deliveries.
Furthermore, urban freight leads to parking issues becausetrucks need a place to park to deliver their goods. Sometimesthis parking requires additional space for loading and unloadingpurposes. Not to mention, trucks have larger dimensions, re-quiring more space per vehicle than passenger cars. Also, truck-ing activity incurs further difficulties. Truck drivers are usuallyconstrained by having to: (1) meet very tight delivery windowsthat put them under a lot of rush and pressure; and (2) park infront of their receiver due to specific loading or unloading pro-cesses. These two constraints often lead trucks to park illegally.In fact, trucks pay a tremendous amount of parking fines in largecities because they have to deliver their goods, even if they re-sort to illegal parking. For example, in New York City, two majorfreight carriers paid around $32 million in parking violations in2019 (Chang, 2020).
To have further insight, can you briefly tell us what has already
been done in this area and what did you find that was lacking?

In general, there is a lot of research on how tomanage on-streetparking. Most of this research focuses on using dynamic (reac-tive or predictive) parking pricing, increasing parking spaces tomeet demand, using parking reservation systems, and optimallydividing parking spaces among different road users.
One of the major missing factors in this area of research wasthe accounting of individual vehicles of different vehicle types.Each vehicle may have different characteristics that vary widely,even within the same vehicle type. There is also a problem oflack of information on parking availability. In cities, most vehicle-cruising (when vehicles drive around looking for an availableparking space) occurs because we simply do not know wherethe vacant parking spaces are around our destinations.



How did your work help fill this gap, and what were the main
findings from your research?

My work has focused on building optimization models thatcities can use to allocate incoming vehicles to different parkingspaces, considering their individual characteristics while tryingto reduce the overall cost in the network (i.e., achieving a socialoptimum). In this regard, I proposed two different models (staticand dynamic) to deal with the problem.
The main findings were that, generally speaking, vehicles with ahigher time value, such as those carrying more valuable goods,have an incentive to park right next to the entrance to theirdestination. Providing drivers with information about the exactparking location would eliminate cruising altogether, which pre-vious studies have shown to account for an average of 34% oftraffic in cities (Hampshire and Shoup, 2019). The net benefit ofeliminating cruising can be substantial in major cities that sufferfrom an even higher percentage of cruising vehicles. Finally, thebreakdown in the parking situation as demand exceeds supplydoes not occur right away, but rather depends on a variety offactors, including changes in demand, parking turnover, andparking duration.
Can you provide an example of how your research can be im-
plemented to have more livable smarter city centers?

The clearest example would be to use this model in a smart citywith an infrastructure connectivity system. In such a scenario,drivers would be directed by their navigation apps to a specific

parking location decided by a centralized parking allocation sys-tem. This systemwould use driver input, camera/detector infor-mation and historical data to make its allocation decisions.
Whatwould be your advice for studentswhowish to help build
smart cities and improve our transportation systems, and what
role do OR/MS tools play?

Building smart cities requires a vast amount of data, modeling,and optimization to seamlessly develop control systems thatlead to efficient and sustainable transport operations. We allneed to get well versed in the modeling aspect, even if the mod-els we produce may not be practical when scaled up. However,these mathematical models can give us good insights into whatto do and what not to do. After developing such exact models,we need to be flexible enough to try different paradigms, mod-els, and techniques that may be more practical (e.g., heuristicsor trained machine learning models) or offer entirely differentperspectives (e.g., bottom-up approaches such as agent-basedmodels). In essence, we need to be flexible in our modeling ap-proaches and perspectives because, ultimately, to quoteGeorgeBox, "all models are wrong, but some are useful."
Lastly, we need to remember that we are doing this for the wel-fare and development of humanity. We need to to ask ourselveswhether what we are proposing would be in the general interestof our society or would instead increase inequity. We took upscience to make the Earth a better place. We should thereforealways ponder on the ethical consequences of the products ofour research.
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