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Letter from the Lead Editors
Dear OR/MS Community Members,
We are pleased to share with you the Fall/Winter 2020 edition of OR/MS Tomorrow!
Congratulations to the winners of our first ever mini-poster competition! We have received very high-quality submissions globallyon a wide variety of topics, ranging from evaluation planning for alternative fuel vehicles to parking assignment problems. Thefirst place winning mini-posters in each group (PhD, master and undergraduate) are published in this issue.
In this issue, we discuss a myriad of topics in different areas, including a system dynamic analysis on declining college enrollments,simulation-based optimization, a brief survey on well-known algorithms that changed the world, wind farm layout optimizationand the urban planning concept of a 20-minutes neighborhood.
Special thanks to Prof. Michael Bell for sharing his view on green urban logistics. We would also like to thank Mr. Mayank Batrafor his time to discuss with us the supply chain strategies of Mint pharmaceutical during COVID-19.
We also spotlight the INFORMS student chapter at Massachusetts Institute of Technology (MIT). Last but not least, don’t missout on the information about competitions held by the Consortium for Mathematics and Its Applications (COMAP)!
Submissions for the Spring/Summer 2021 issue are welcomed. Contact us via email at orms_tomorrow@mail.informs.org!
We hope you enjoy the content.
Jessica Leung and Amira Hijazi

OR/MS Tomorrow Family
This issue wouldn’t have been possible without the effort of our family members:
Editorial StaffWritersSrinivasan Balan, Egbe-Etu Etu, Abigail Lindner, Sepehr Ramyar, Piyal Sarkar, Elham Taghizadeh
Editorial Board MembersBukola Bakare, Zulqarnain Haider, Kirby Ledvina, Breanna Swan
WebmastersXinglong Ju, Alyssa Maquiling
Social Media CoordinatorYue Wang
Faculty AdvisorProf. David Czerwinski

mailto:orms_tomorrow@mail.informs.org


INFORMS Student Chapter Highlight:
Massachusetts Institute of Technology (MIT)

Kirby LedvinaDepartment of Civil and Environmental EngineeringMassachusetts Institute of Technology

INFORMS student chapters around the United States have been forced to adapt to a “new normal”
of remote social interaction amidst the COVID-19 pandemic. We spoke with the leadership team of
theMIT INFORMS student chapter to see how one organization is navigating this change. In a Zoom
interview at the beginning of the fall semester, Leann Thayaparan (President), Léonard Boussioux
(Vice President), and Dan Killian (Treasurer) shared their team’s challenges and new approaches to
foster a sense of community during the pandemic.

Q: Tell us a bit about the MIT INFORMS student chapter.

Leann: Most of our membership comes from Ph.D. and Mas-ters students in the MIT Operations Research Center (ORC). Iwould say we have around 100 members though there is noformal membership process. Largely, we just try to create asmuch community as possible within the people who are doingoperations research at MIT. We also try to foster relationshipswith the alumni group and provide opportunities for the alumnito connect with students.
Léonard: We could describe our roles as social officers becausewe have to create links and bonds in the community, and weplan several events to do that.
Dan: I would agree. Our organization tries to encourage peopleto mingle, whether it’s across cultural lines or across researchinterests. Getting people to break out of their comfort zone,especially at a place like MIT, is really important.
Q:What are some activities that your chapter used to organize
pre-pandemic?

Léonard: Traditionally, the INFORMS officers organize lunchesor afternoon snacks, and often we have a theme. For exam-ple, around Christmas, we organized an event where we askedpeople to build a gingerbread house. I never knew about gin-gerbread houses before coming here, but I heard it’s a veryAmerican thing, so we organized a group competition to buildthe nicest house. A lot of us international students actuallyloved building this house!
Dan: My personal favorite was a French pastry event whereseveral of the French students introduced us American studentsto the classic French breakfast. I will say they have it right inFrancewith thewaffles. I mean, it was like dessert for breakfast.
Leann: We also planned a bunch of activity-based events. Dur-ing the MIT open house for admitted students, we would havean event for current and new students to meet each other.Then in the fall, we used to host a retreat where we’d take ev-erybody to Maine and go camping and canoeing and just give

people a chance away from school to bond with each other.And even though these events didn’t have immediate academicimplications, people would form connections and then be ableto approach each other later on.
Léonard: And to build on this, we can now see how importantthese events were at the time. With the pandemic, we cannotorganize in-person activities for the new students, so they ac-tually have had a lot of difficulty making friends and forminggroups to work together.

Gingerbread houses from a pre-pandemic chapter event.

Q: So how did you shift your activities in response to the pan-
demic?

Léonard: We had to change everything. The first thing we wit-nessed back in the spring was that we no longer had a physicalplace where we could just interact and say hi to people. So wedecided to create times, especially Friday night after 5 p.m., toprovide opportunities for people to meet over Zoom. Duringthese meetings, we make breakout rooms to separate peopleinto groups of seven or eight, and then every 15 minutes wechange the breakout rooms so that you can meet other peo-ple. However, after two of these events, people wanted todo something new, and we needed to provide something thatwould attract those who don’t like Zoom events. Dan, do youwant to describe what we did for the open house, for example?
Dan: Yeah, so normally for the open house for admitted stu-dents in the spring, we would host a dinner and happy hour atone of the local restaurants. It’s just a very informal way forpeople to ask your student opinion of the program. But with



all on-campus events canceled, we needed some other way togive people a sense of the ORC community.
So instead we organized a virtual scavenger hunt where theINFORMS officers compiled a list of different group tasks thatcould be completed remotely and assigned points to these tasks.It was things as simple as, take a Zoom picture with everyonewearing their favorite hat, or videotape someone on your teameating an entire banana peel, stem included. Another one was,take your favorite book title and try to write it in emojis. We as-signed teams of about six to seven people with a mix of currentand potential ORC students, and teams uploaded everything toawebsite so that everybody could see each other’s submissions.
At the end, the INFORMSofficers picked out the highlights fromthe event, and we had an awards ceremony to reflect on every-thing that was done. That got a ton of really positive feedback.People enjoyed being able to kind of act silly with some of theirclassmates, and I think it gave the potential students hope thatwhen things are back on campus, there is a supportive, engagedcommunity of students that are willing to help them on theirjourney through MIT.
Leann: Then this fall, since we didn’t have the student retreat,we were very concerned that people would start the schoolyear more or less alone, especially the first years. So we or-ganized a tournament similar to what Dan just described butwith a focus on sparking conversation and extended over twoweeks. Example tasks were things like, recommend a book tosomebody, and if they took the time to read it and you guyshad a conversation about it, you would get a certain amount ofpoints. Or figure out where every first year is located right nowin the world. Things that would encourage people to reach outto each other and find out how they’re doing.
Another thing we’re organizing is a buddy system for our firstyears. We’re forming small groups of about four first years andthen one or two second years who are essentially mentors andin charge of getting the group together every month or so foran hour to just chat. We’re really hoping that people will findstudy partners and bond in a way that would have happenednaturally if we were all physically in the same location.
Q. Have you had any trouble keeping people engaged despite
these virtual events?

Dan: I would say definitely. Some people enjoy being in aZoom meeting or breakout room with new people, but plentyof people in our department don’t have a desire to do that. Ourapproach has been to try to create events that are welcoming,and we try to highlight the importance of networking and get-ting to know your fellow students.
Leann: A big challenge in the pandemic is that it’s very hardto have variety when your only way of connecting with peopleis over Zoom, which is why we’ve been focusing on differenttypes of events, like events with different numbers of people,activity-based things, or maybe tasks where instead of callingsomeone over the phone, you can just text them.

Group picture from a virtual tournament at the beginning of the fall
semester. The two-week long event included individual and team
challenges to help students meet and reconnect.

Q. Has it been challenging to navigate newly instituted COVID
policies?

Dan: A big challenge has been figuring out funding. There wasa lot of uncertainty about how to justify funding or manage re-imbursements for remote events, and early on, we did not knowwhether we would be on campus in the fall and if we could planin-person events.
Leann: Right, a major challenge we faced in the spring was plan-ning long term. For example, we had to reserve our fall retreatlocation in February, and there were a lot of contract negotia-tions in the spring and summer as we were figuring out plansfor the fall. But in July or August, the hammer basically camedown that we’re not going to be in-person, and things becamea lot easier to plan.
Q. Have you made any changes that you hope future officers
will keep once in-person activities resume?

Léonard: I think the buddy program at the beginning of theyear since it helps first years make connections earlier in thesemester.
Dan: And I like the idea of continuing Zoom calls in the summer,when you have students doing internships around the world,and being able to make sure that they’re included in events. Inthe past, I think all of the summer events were in-person events.
Leann: I agree that Zoom can enhance some interactions, soI’m excited to see how the balance will be struck between theaccessibility of remote events and the opportunity to meet in-person when we have that option.
Q. Any final thoughts that you would like to share with other
student chapters?

Léonard: Take advantage of the remote connection. Peopleacross the world can access Zoom, and especially with thebreakout rooms, it’s easier to meet and interact with differ-ent people. Also, keeping the sense of community is importantwhether we are remote or on campus. It feels good to see peo-ple happy to reconnect after maybe they felt alone in the firstfew months of the pandemic. So don’t abandon the community,and always try to reach out!
Note: Interview has been edited for clarity and length.



The Consortium for Mathematics and Its Applications
Contests Information
The Consortium for Mathematics and Its Applications (COMAP) sponsors and administers a number
of mathematical modeling contests open to college and high school students. Here are some infor-
mation about this year’s contests!

Mathematical Contest in Modelling (MCM) and
Interdisciplinary Contest in Modelling (ICM)
COMAP’S Mathematical Contest in Modeling (MCM) is an international contest open to undergraduate students of all disciplines.The contest provides students the opportunity to engage in and improve their math modeling, problem solving, and writing skills.During the contest student teams build and analyze a model to address a problem, and then write a paper to showcase theirwork. In 2020, students formed over 13,700 teams to address one of three open-ended problems (A-Continuous, B-Discrete,C-Data Insights). The Interdisciplinary Contest in Modeling (ICM) runs parallel to the MCM with the same requirements. In 2020,students formed over 7200 teams to address one of three open-ended problems (D-Operations Research/Network Science, E-Environmental Science, F-Policy). Each team can have up to three students, and there is no limit on the number of teams a schoolcan register for the contest. Scholarship prizes are awarded to top teams.
NEW for 2021: Team members may work virtually! Let our contests be part of your in-person, hybrid, or virtual classroom. Reg-istration required by Thurs. Feb. 4, 2021. Follow us on Twitter @COMAPMath.
Contest Flier and Registration: https://www.comap.com/undergraduate/contests/
High School Mathematical Contest in Modeling (HiMCM)
COMAP’s High School Mathematical Contest in Modeling (HiMCM) was held on November 4-17, 2020! HiMCM is an internationalcontest designed to provide students with the opportunity to work as team members to engage in and improve their modeling,problem solving, and writing skills. Teams from your school apply mathematics to model and develop a solution to a real-worldproblem. Each team can have up to four students from the same school, and there is no limit on the number of teams a schoolcan register for the contest. Seewww.himcmcontest.comFollowus on Twitter@COMAPMath for up-to-date contest information.
Formore information and to viewpast problems and results visit: https://www.comap.com/highschool/contests/himcm/about.html



Declining College Enrollments:
A System Dynamics Approach

Abigail Lindner
Regent University

Through the 20th century, a university education was laudedas the pathway for success in adulthood for American students.However, in the past decade this view has shifted. College en-rollment peaked in 2011, and has since been in decline mostyears for all but fifteen states, and even there the increasesweren’t more than 2% in 2019; in contrast, the states with de-clines experienced drops of 4% or more (Nietzel, 2019).
In the United States, a shrinking pool of college-bound highschool graduates - a trend related to a stronger economy, lowerbirth rates in the last generation, and lower state contribution toeducation - endangers the vitality of the higher education land-scape (Nadworny, 2019). In their recent publication, Pavlov &Katsamakas (2020) of Worcester Polytechnic Institute in Mas-sachusetts and Fordham University in New York investigatedthe effects of college-level responses to these declining enroll-ments.
Drawing on system theory, Pavlov & Katsamakas (2020) framedthe collegiate ecosystem as a system dynamics computationalmodel involving the four interconnected sectors of Students,Faculty, Facilities, and Financials. The causal structure of themodel is drawn below, where the elements in squares are thestocks and the other elements are the influencing variables.
The directed arrows of this model indicate the positive or neg-ative impact of a cause X on an effect Y. For example, an in-crease in Students would increase Facilities shortage - that is,there would be an even greater shortage - while an increase inFacilities would decrease Facilities shortage.

Simulated scenario analysis measures the impact, based on theabove causality understanding, on the student body, facultyload, net revenue, endowment, and debt of three strategies:
• The “do nothing” strategy, the base case, wherein the col-lege “does not actively mitigate the declining applications”
• The cost strategy, wherein the college reduces faculty tooffset revenue losses from lower enrollment
• The revenue strategy, wherein the college develops cam-pus facilities, such as dorms, to attract students and thusincrease revenue

Using the enrollment drop for Massachusetts of 15%, Pavlov& Katsamakas (2020) suppose receipt of 6,500 applications toa generic college in 2010 and a decline starting in 2015 andrunning to 2025, at which point the college expects only 5,525applications per year.
As expected, the “do nothing” strategy has adverse effects onall but faculty load. As applications decline, student enrollmentdeclines, so the college has less revenue from tuition, board, andother mandatory university costs that provide the majority offunding. The causal structure indicates this: Student enrollmentis proportional to revenue (increase desired) and to faculty load(increase not desired). Therefore, declining enrollment harmsrevenue but helps faculty load. Moreover, expenditures perstudent increase as the university must spread fixed expenses,such as facilities and faculty, over fewer students.



Figure 1: Causal structure of the college model (Adapted from Pavlov & Katsamakas, 2020)
For a few years, the simulation predicts that the revenue, lesserthough it is, will be sufficient to cover expenses. Come 2018,the university must draw from their endowment to stay out ofthe red. Endowments, often employed during emergencies, arefit for the task of bridging the revenue-expense gap, but onlyfor so long. Within five years, the university will fall back onloans, which add to operating expenses through interest pay-ments. This, of course, won’t support the university long-termsince no new revenue is coming to pay off the new debt.
Without increasing tuition, the “do nothing” strategy is self-destructive. Instead, some universities try cutting costs. Simu-lations for the cost strategy have four levels: 100%. 75%, 50%,and 25% faculty retention. The first is basically the “do noth-ing” strategy. It maintains a zero net revenue for about 5 yearsbefore the college begins to experience negative net revenuesfrom which it never recovers.
Under 75%, 50%, and 25% faculty retention, the college seessurpluses despite lower enrollment, ergo lower revenue, be-cause the staff reduction provides sufficient expenditure cutsfor a few years. The causal structure models this in the propor-

tionality between faculty hiring, salaries, and expenses. Cuttingfaculty eliminates salaries needing to be paid, so the universitycan spend less on instruction.
Eventually, net revenue declines whether 25% or 100% of thefaculty positions are filled, but the cost strategy creates a prob-lem particularly when too low a level of faculty retention isattempted. The more faculty that the university lets go, thegreater the instruction pressure is on the remainder; fewerfaculty translates to greater faculty load. Consequently, fac-ulty academic experience declines, as foreseen by the inverseproportionality between faculty load and faculty academic ex-perience. The ultimate impact on student enrollment is lowerstudent satisfaction, worsened reputation, and declining appli-cation yield.
Altogether, the cost strategy entails numerous unintended con-sequences that make the university less attractive to students,which cuts student application and enrollment even further.
The most common strategy to combat declining student enroll-ment is to compete with other colleges over facility quality. To



determine the impact of this revenue strategy on student en-rollment, the simulation assumes a per student classroom spaceexpansion of 10% and analyzed five scenarios: 1) the do noth-ing strategy, as a control, 2) no change in enrollment despiteexpansion, 3) 5% increase in enrollment in response to the ex-pansion, 4) 10% increase, and 5) 20% increase.
That the expansions will entail significant construction costs is agiven; the chart shows that new constructions will demand thetaking on of debt that contributes to operational expenses. Thequestion is, will the revenue from increased student enrollmentbe enough to offset these costs? The simulations suggest not.
From the causal model we see that facility growth benefits,directly or indirectly, faculty academic experience, student sat-isfaction, school reputation, and student enrollment. However,as the on-campus growth attracts more students and the uni-versity spends to maintain the per student classroom expansionof 10%, by 2023, in all four of the non-base scenarios, the debt-inflated expenses overwhelm whatever revenue the universitygains from increased enrollment. It stumbles into negative netrevenue again.
From a competition standpoint, the university that pursues arevenue strategy will have a significant advantage over a uni-versity that does not, but as with the cost strategy there areunintended consequences. In this case, operating costs, andexpenditures per student, grow beyond what the set tuition ofa slimmer student body can fund. The “solution” would be toadjust tuition accordingly, but experience tells us that a bigger

price tag will only deter more students from enrolling.
Barring regular tuition hikes, in all these strategies the collegewill, in the long-term, run with an operational deficit. This doesnot bode well for colleges that must keep tuition affordable toattract a shrinking pool of economics-conscious college appli-cants while also generating enough revenue to maintain anddevelop academic and campus quality.
The character of this generation’s high school graduates ischanging. The opportunities afforded by a changing economyand society have enabled many to circumvent the college routelong-travelled before, pursuing families and careers withoutdiplomas.
The simulations from Pavlov Katsamakas (2020) suggest thatcolleges, to survive declining enrollments and attract studentsback to their campuses, must do more than tweak the numberof professors, the size of classrooms, or the quality of the fa-cilities. The truth of the matter is that colleges are businesses,and businesses must adapt to satisfy the changing preferencesof their target audience (Kasperkevic, 2014). It may be thatwhat rescues higher education is a complete re-engineering ofcollege as it is now.
What would you, as a student or educator, recommend thatcolleges implement or transform?

References:Kasperkevic, Jana. (2014). The harsh truth: US colleges are businesses, and student loans pay the bills. The Guardian,https://www.theguardian.com/money/us-money-blog/2014/oct/07/colleges-ceos-cooper-union-ivory-tower-tuition-student-loan-debt.Nadworny, Elissa. (2019). Fewer students are going to college. Here’s why that matters. NPR,https://www.npr.org/2019/12/16/787909495/fewer-students-are-going-to-college-heres-why-that-mattersNietzel, Michael. (2019). College enrollment declines again. It’s down more than two million students in this decade. Forbes,https://www.forbes.com/sites/michaeltnietzel/2019/12/16/college-enrollment-declines-again-its-down-more-than-two-million-students-in-this-decadePavlov, Oleg & Katsamakas, Evangelos. (2020). Will colleges survive the storm of declining enrollments? A computational mode. PloS One 15(8): e0236872.https://doi.org/10.1371/journal.pone.0236872

https://www.theguardian.com/money/us-money-blog/2014/oct/07/colleges-ceos-cooper-union-ivory-tower-tuition-student-loan-debt
https://www.npr.org/2019/12/16/787909495/fewer-students-are-going-to-college-heres-why-that-matters
https://www.forbes.com/sites/michaeltnietzel/2019/12/16/college-enrollment-declines-again-its-down-more-than-two-million-students-in-this-decade
https://doi.org/10.1371/journal.pone.0236872


Cleaner and Greener Urban Logistics:
The Future is Electric

Prof. Michael G. H. BellInstitute of Transport and Logistics StudiesThe University of Sydney, Australia
The pandemic is offering planners and politicians an op-portunity to rethink city logistics. Before the pandemic, therehad been growing public concern about urban air quality andthe contribution made to emissions (and noise) by trucks usedin city logistics. This spans trucks used for deliveries to retailoutlets, offices, and homes as well as trucks used in the con-struction industry and refuse collection. The culprit is generallyseen to be the diesel engine, because of the greenhouse gases(GHG), nitrogen oxide (NOx), and particulates they emit, alongwith the noise they produce.
Progress is being made in designing cleaner diesel enginesand the Euro standards are providing a lever to help phase outthe use of older, more polluting diesel engines in urban areas.The Euro 1 standard of 1992 limited NOx emissions to 9 gramsper kilowatt-hour (kWh) and particulates to 0.4 grams per kWh.By 2014, the Euro 6 standard limited NOx emissions to 2 gramsper kWh and particulates to 0.02 grams per kWh (National In-frastructure Commission, 2019). In the UK, London introduceda Low Emission Zone in 2008 followed by anUltra Low EmissionZone (ULEZ) in 2019. All vehicles entering the ULEZ not meet-ing the Euro 6 emissions standard pay a penalty of GBP100 perday for trucks and GBP12.50 per day for vans and cars.
While cleaner diesel engines clearly help, electric vehiclesare seen as the ultimate solution. Electric vehicles have manyadvantages for city logistics. Firstly, they produce zero emis-sions at the point of use. Secondly, they are relatively quiet.Thirdly, small electric vans can be operated safely and unobtru-sively in shared and pedestrianized spaces.
The use of electric vehicles in city logistics is by no meansnew. In 1930 the first electric milk float (a small open-sided electric van) was introduced and for 70 years deliv-ered milk in UK cities. Due to changes in cost, diesel ve-hicles replaced the electric milk floats in 2000. However,StreetScooters (electric vans produced for DHL by Ford of Eu-rope) entered into service in 2016, reflecting improvementsin electric vehicles, in particular, battery technology (seehttps://www.milkandmore.co.uk/electric-pioneers, accessed6/4/20).
One problem with the use of trucks in city centers is thedifficulty in finding free parking spaces or loading zones thatare close to the cargo destination. In this respect, cargo bikesare attractive as they can use bike lanes, enter pedestrianizedareas and, if parked on street, need less space. A wide range ofcargo bikes are available. The Armadillo electric cargo bike from

Velove, Sweden, together with the ‘city container’ (sometimesreferred to as the ‘meter cube box’) is proving to be a popularalternative in Europe (Erlandsson, 2019).
In some cities, specialized electric vehicles are allowed tooperate in pedestrianized areas, which are otherwise closedto vans and trucks. For example, the Cargohopper found inUtrecht, Holland, consists of an electric tractor pulling a seriesof trailers and is designed for narrow streets and cobbled sur-faces (Eltis, 2015).
Many vehicle manufacturers are now active in the elec-tric vehicle market offering a range of vehicle types and sizes,attracted by improvements in battery technology (McKinsey,2017). Since 1990, battery energy density measured in kWhper kg has more than doubled while the cost measured in US$per kWh has fallen by more than factor six. Energy density maycontinue to improve linearly, but cost reductions seem to beleveling out (National Infrastructure Commission, 2019).
Electric propulsion is not only attractive for small goods ve-hicles. Volvo Trucks has been developing electric trucks with apayload of 12.4 tonnes (Pink, 2019). These vehicles, which areparticularly suited to the construction industry and waste col-lection, are nearly silent with near-zero emissions at the pointof use. Battery capacity can be chosen to suit the applicationand charging opportunities.
One issue with electric vans is their limited range and thetime it takes to recharge their batteries. To increase the rangeof electric vehicles, they can be equipped with hydrogen tanksand fuel cells to convert the hydrogen to electricity. In this way,the range of electric vehicles can be at least doubled and refuel-ing can be performed quickly. However, hydrogen as a fuel forvehicles is not energy efficient. Where hydrogen is generatedby electrolysis, the energy consumed by electrolysis, compres-sion of the hydrogen, the fuel cell, the inverter, and the electricmotor is such that only about a quarter is left for transportingcargo. Batteries are much more energy efficient. The energyconsumed by the charger, the inverter, and the motor leavesabout three quarters for transporting cargo. There are tech-nologies other than electrolysis for producing hydrogen, butthese are neither energy-efficient nor green as they generateGHG emissions (Baxter, 2020).
In summary, the pandemic is offering an opportunity tochange the way city logistics is delivered. Electric vehicles of-fer a cleaner and greener solution.

References:Baxter, T (2020)Hydrogen carswon’t overtake electric vehicles because they’re hampered by the laws of science, TheConversation (downloaded fromhttps://theconversation.com/hydrogen-cars-wont-overtake-electric-vehicles-because-theyre-hampered-by-the-laws-of-science-139899, 9/6/20).Eltis (2015) Utrecht’s sustainable freight transport (The Netherlands). https://www.eltis.org/discover/case-studies/utrechts-sustainable-freight-transport-netherlands, accessed 6/4/20.Erlandsson, J (2019) Why is the Velove CEO out delivering each Friday? https://www.velove.se/news/why-is-the-velove-ceo-out-delivering-each-friday, accessed 6/4/20.National Infrastructure Commission (2019) Better Delivery: The challenge for freight. https://www.nic.org.uk/publications/better-delivery-the-challenge-for-freight/, accessed 6/4/20.Pink, H (2019) Volvo to showcase FE-Electric 6×2 hook-lift rigid at Freight in the City Expo on 6 November. https://motortransport.co.uk/blog/2019/10/29/volvo-to-showcase-fe-electric-6x2-hook-lift-rigid-at-freight-in-the-city-expo-on-6-november/, accessed 6/4/20.



An Interview with Mint Pharmaceuticals on Supply Chain
Strategies during COVID-19

Piyal SarkarRyerson University, Canada

The COVID-19 pandemic has posed new challenges across diverse in-
dustries. In this article we highlight the challenges facing the supply
chain of a leading pharmaceutical company. Mint Pharmaceuticals is
a Canadian pharmaceutical company located in Mississauga, Ontario
that delivers high quality and affordable generic pharmaceuticals and
healthcare solutions to the Canadian market. Mayank Batra, the direc-
tor of supply chain at Mint Pharmaceuticals, has experience concep-
tualizing, implementing, and anchoring initiatives to improve business
outcomes with exposure to major international markets. Mr. Batra
spoke with OR/MS Tomorrow to share his insights on the challenges
and supply chain recovery strategies during the pandemic.

Mr. Mayank BatraDirector of Supply ChainMint Pharmaceuticals
Q: How has COVID-19 impacted your company?

The COVID-19 pandemic is a global crisis with unprecedentedimpact on supply chains all over theworld. It has created uniqueopportunities and challenges for our organization. Mint Phar-maceuticals has helped avert 15 national drug shortages on 10different molecules since 2014.
Sales of hydroxychloroquine doubled in Canada during March-April as various preliminary reports touted it as an effectivetreatment for COVID-19. This anti-malaria drug is mainly pre-scribed to treat auto-immune diseases such as lupus or rheuma-toid arthritis. We provided a unique solution by collaboratingwith the Government of Canada for supplying and storing 7.5

million doses of this product, which has helped secure safetystocks for Canadians in need. Similarly, we have contributedimmensely by creating sufficient supply and unique distribu-tion solutions for all our other products, managing the ups anddowns of the demand curve during the pandemic.
There have been disruptions at every node and touchpoint ofour supply chain. Starting from running operations of our man-ufacturing plants, availability of raw materials (RM), increasedRM prices, caused local shutdowns, disrupted manufacturingschedules, reduced air shipment capacities, increased freightcosts, curtailed workforce availability and so on. We have beenchallenged on all the fronts in the supply chain. However, so farwe have been able to ensure sufficient supply for all products,



navigating through all these challenges.
Q:What are the strategies that your organization has taken to
tackle this situation?

To deal with the present situation, we have done intense coor-dination and collaboration across the front end and back endof our supply chain. We have worked very closely with ourcustomers, plants, vendors, suppliers of our vendors, logisticsservice providers, transportation companies, and so on.
For example, in one case wewent beyond pre-pay and arrangedRM for our supplier so that she could supply on time to meetour increased requirements. In another case, we loosened thecontract of one supplier so that he could take on increasedplant sanitation expenses. There are so many examples of ourcollaboration with stakeholders in navigating these tough times.In my opinion, when the whole ecosystem must win, the indi-vidual wins are less important.
Q:What are some of the planning challenges your team faces?

Demand forecasting has been a significant challenge for plan-ners. Regulations on prescriptions have changed twice this yearwhich has significantly impacted demand and order patterns.Competitors are also facing significant supply challenges whichhave led to a disruption of their products and contributed toexponential surge in demand for our portfolio. Supply plan-ners have faced huge issues around supply timelines becauseof disrupted manufacturing schedules and raw material andworkforce availability. Planners are continuously collaboratingwith suppliers on innovative solutions to clear backorders andmaintain safety stocks.
Q:Howhave you enhanced your supply chain resilience amidst
COVID lockdowns?

We are working towards quick turnarounds on contracts to cre-ate alternate vendors and logistics service providers. We haveidentified suppliers and materials that pose high levels of sup-ply chain risk in both our direct supplier base and the extendedback-end supply network and have started working on alter-

nate supply sources and solutions. We have started looking forlogistics solutions that help us track our shipments and alarmus in case of possible disruptions and delays. We are revisitinginventory guidelines for our portfolio to create the right balanceof working capital and availability. With consideration towardsmanufacturing plant constraints, we are conducting multiplescenario planning exercises, mapping different demand, supplyand commercial levers to prepare ourselves for different casesand create resilience in our supply chain.
Q: How have COVID lockdowns and the shift to a work-from-
home model impacted the workforce within your company’s
supply chain?

Lockdown has impacted the supply chain workforce signifi-cantly. Our manufacturing operations have faced many chal-lenges to maintain an adequate workforce to run plants anddistribution centers smoothly. This challenge has impacted sup-ply planning, logistics planning, and allocation activities. Lock-down has also shifted customer behavior and buying patternsdrastically. We responded by increasing scenario planning ac-tivities, which has become an important part of the sales andoperations planning (S&OP) process. Work-from-home has alsobrought more focus on the ongoing digital transformation ofsupply chain management (SCM) processes and systems sothat we are prepared to provide infrastructure for collaborationand smooth SCM operations if required to work remotely infuture, too.
Q: What skill sets would be useful for budding supply chain
managers in the post-COVID era?

Looking at every challenge from the lens of how an action willimpact the whole system is very important. Network collabo-ration, scenario planning, working capital impact analysis, pe-riodic inventory policy reviews, S&OP, alternate suppliers map-ping, andmany other tools equip supply chainmanagers to bringresilience to the supply chain. There is a fine balance betweenservice level, working capital, and availability. With the flexibil-ity to review and rebalance, SCMmanagers can better navigatethese situations.



Simulation-based Optimization:
Stimulate to Test Potential Scenarios
and Optimize for Best Performance

Elham TaghizadehWayne State University

Simulation is a primary tool to model complex systems, es-pecially when the typical analytical techniques are not avail-able due to modeling assumption complexity. Simulation helpsdecision-makers to define various scenarios to test the influ-ence of alternative pre-specified decisions on system perfor-mance. Because simulation cannot find and suggest optimaldecisions for a complex system, it is integrated with optimiza-tion techniques such as exact, heuristic, and metaheuristicmethods. This combination, a developing area of research inoperations research, is called "simulation-based optimization"or "simulation-optimization". Decision-makers are facing un-precedented challenges with increasing complexity and fasterinnovation cycles in the industry. On the other hand, advancedsimulation techniques and high computational power have ex-panded simulation-based optimization methodologies as a pow-erful tool. Simulation-based optimization techniques have beenutilized to optimize environmental systems, communication net-works, complex supply chain networks, healthcare systems, andenergy systems. The first step in a simulation-based optimiza-tion algorithm includes system analysis, parameter setting, anddata collection. The second step consists of selecting and ap-plying a suitable optimization algorithm to find the optimal de-cisions.
Three areas in simulation-based optimization have demon-strated vast developments and still need improvement. The firstdevelopment uses dynamic simulation and optimization tech-niques to run real-world case studies. In dynamic simulation-based optimization, a varying behavior of systemparameters fordifferent time or scenarios is defined. Then, in the optimizationsection, time-dependent decision variables will be added to the

model with analytical dynamics. Advancement in modeling andhigh-speed computational power has enabled engineering, andbusiness research to involve dynamic simulation optimizationin various operation research and management science topicssuch as supply chain, logistics, healthcare system, and trans-portation [1,3]. Dynamic simulation-based optimization hasbeen addressed on large scale urban transportation and supplynetworks with time-dependent continuous decision variablesto provide more practical scenarios that require high accuracyof solution [3]. For instance, a decision support system hasbeen developed by performing a dynamic simulation to modelwater distribution system contamination and dynamic optimiza-tion to track time-varying optimal response protocols [12]. Thedynamic simulation has been utilized to develop model com-plexity and enriches the optimization solution’s accuracy byproviding time-dependent variables. In healthcare research, dy-namic simulation-based optimization has been used to optimizestaff reallocation at an emergency medical center with arbitrarystructures located in Austria. The results demonstrate a 7%system performance improvement [13].
Another enhancement is applying metaheuristic optimiza-tion algorithms. Various metaheuristics such as local search,random search, and simulated annealing, have been deployedto solve large-scale dynamic problems and find the local ornear-global optimum solution within a reasonable time. Meta-heuristics are also required when decision-makers or managersare willing to run simulations to optimize a complex multi-objective system. These objectives usually involve trade offs(e.g., increase service level by reducing cost), and their solutionis not unique. For instance, multi-objective simulation-based



optimization with an efficient heuristic algorithm has been em-ployed in a residential area in the Italian city of Naples. Theresults show up to 56% cost reduction and around 20% energytransition improvement [4]. In a real case study, the decisiontree and tabu search have been proposed for dispatching rulesfor shopping by Shahzad and Mebarki (2016). They representmetamodels that can generate similar results to the real sim-ulation within a very reasonable time [5]. Integrating meta-heuristic algorithms with simulation-based optimization hasalso been proposed for scheduling and production problemsbecause decision-makers are dealing with two opposite objec-tives, which reduce cost and increase outputs [16]. Therefore,this integration can turn into a practical tool for managers anddecision-makers.
The final development is employing machine learning toenrich simulation-optimization related techniques. Operationresearchers’ attention has been driven to employing modernmethodologies, such as data mining, artificial intelligence, andmachine learning, that can offer more tactical techniques totackle complexity and challenges. A combination of Artificial In-telligence / Machine Learning (AI/ML), simulation and optimiza-tion helps industries enhance understanding of problems andmake smarter and faster decisions. Especially, using AI/ML is acritical opportunity in simulation-based optimization to createmetamodels that can deliver valuable insights into large scale

and complex systems, such as using artificial intelligence in ama-terial handling system [6]. Growing trends in Industry 4.0 makemachine learning an appropriate tool to solve various manu-facturing prediction problems [7]. The world’s most innovativecompanies and industrial consultants bring up AI/ML to findthe best optimal solutions for complex systems [8,9]. The mostwidely-known simulation-based optimization commercial tools,such as AnyLogic, are spearheading these changes and creatinga new generation of simulationmodels by addingmachine learn-ing technology [10]. Many optimal models are computationallyexpensive due to system complexity, while the current AI/MLcan solve such a problem efficiently to achieve better results.For instance, IBM combines the AI/ML with simulation-basedoptimization techniques and a new platform to overcome thelack of transaction and inventory visibility, which creates a lotof challenges and costs for industries [14].

To conclude, future simulation-based optimization studiesshould endeavor to investigate these developments and op-tional improvements. Simulation-based optimization is now rec-ognized as a powerful tool for academics and industry to obtainthe best solutions to challenging problems. Therefore, applyingmachine learning methods and heuristic algorithms to optimizesolutions and improving the simulation phase by introducing dy-namic parameters is particularly critical.
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Algorithms that Changed the World
Srinivasan BalanNorth Carolina State University

With the advancement of technology and computing capabili-ties, computer science and optimization have come a long wayin solving complex, large-scale real-world problems. How arethese challenging problems solved? Algorithms. Algorithmswork hard to systematically search the solution space for thedesired goal. Many different algorithms could be used to searchthe solution space, but it is critical we use the ’best’ algorithmin this fast-paced, outcome-based world. Deciding on the ’best’algorithm depends on key performance indicators (KPI) likespeed, efficiency, run time, and space complexity. KPI’s changebased on the type of problem and the objective of the algo-rithm. Some methods demand a quick solution with reasonablequality, while others search for optimal solutions like a globalmaximum or minimum.
This article was inspired by an analytics webinar series con-ducted by Opex Analytics titled "Five algorithms that changedthe world", presented by Dr. Larry Snyder. I borrowed excerptsfrom that webinar and added my own flavor to present the topfive algorithms that have changed the world of problem-solving,optimization, and operations research.
Our first algorithm is Gradient Descent (GD), proposed byCauchy in the early 1850s to find the minimum of any function.Consider a convex function shaped like a bowl (Figure 2). If theobjective is to minimize the convex function, then the GD al-gorithm guarantees a global optimum. The idea is to start thesearch direction from the top of the surface and reach the feasi-ble bowl-shaped region’s lowest point. The pseudo-code of GDis shown below in Algorithm 1. GD starts with an initial guess ofthe minimum point,X0. The traversing direction (slope) is givenby the negative gradient (∇f(Xn)) while the step length, or theincremental distance which moves the minimum point from X0to X1, is determined by the learning rate αn. This process ofdeciding on a direction to move and taking a step in that direc-tion continues until the gradient becomes zero or the algorithmreaches the desired epsilon (10-8) change in the value of thefunction value at subsequent iterations.

Figure 2: Gradient Descent algorithm

Many machine learning models utilize the GD algorithm to se-lect and tune parameters. For instance, regression models useGD to find the best fit intercept and slope for each predictorvariable. Similarly, the back-propagation algorithm uses GD inartificial neural networks and deep learning models. Updates tothe GD algorithm have adapted it to today’s complex problemslike learning from big data and fast computation requirements.Big data demands mini-batch gradient descent, a version of GDwhich uses a sample batch of data as the starting points. Thismini-batch GD uses a predefined set of batches in each epoch,which helps the back-propagation algorithm converge to findthe best weights and reach the best possible minimum value.Stochastic gradient descent (SGD) is used in fast computationrequirements. The training set is randomized and in every itera-tion only one training data point is used to find the gradient ofthe cost function. Thus, SGD might not achieve accuracy butwanders around the region close to the global minimum.
Algorithm 1 Gradient Descent Algorithm [4]
1: Choose an initial guess X02: repeat .Main loop
3: new point = current point - step size * gradient direction
4: i← i+ 1
5: until Xn and Xn+1 are sufficiently close

Second, wemove on to the randomnumber generator proposedby Lehmer in 1951 and known as Linear Congruential Genera-
tor (LCG). LCG is used to generate independent and uniformlydistributed random numbers in a long sequence without repeti-tion. The pseudo algorithm is shown below in the Algorithm 2.The algorithm works with the residues of successive powers ofthe random number generated in each iteration with good ran-domness properties. This algorithm requires only a few initialconditions to decide the parameters a, c, and m.
Algorithm2Mixed Linear Congruential Generator Algorithm [1]
1: Choose an initial number (seed) X02: Initialize a, c and m . m=large number, c=nonzero
3: repeat .Main loop
4: Xn+1 ← (aXn + c) mod m
5: until done

LCG is faster than other random number generators and re-quires less memory to store state space. As such, LCG is of-ten used in cryptography to secure pseudo-random numbergenerators. The fields of computing and random processesuse advanced versions of LCG, such as the Mersenne twister(M31). This version of the LCG, developed by Matsumoto andNishimura in 1997, generates one of themost extended randomnumber sequences, (219937−1) numbers before repeating. Manymachine learning applications use the latest versions of LCG topredict the future state of random processes in the technology



space and genetic engineering and biomedical engineering.
Third, we discuss one of the most important contributions inmathematical optimization and computer programming: the re-cursive algorithm known as Dynamic Programming (DP), pro-posed by Richard Bellman in the late 1950s. This algorithmworks to decompose a master problem into smaller, easier-to-solve sub-problems, which are sequentially solved until it worksback to the master problem’s solution. The sub-problems arenested recursively to find the solutions which give optimal sub-structure to the master problem. Thus, the sub-problems’ so-lutions compose the solution to the master problem. Some ap-plications of this classic sequential decision-making algorithminclude inventory management, database access, flight control,routing, and RNA structure prediction. For example, the Bell-man equation, used for a general recursive minimization prob-lems, is shown in Equation 1.

Θt(X) = min
a∈A(s)

{
C(X, a) + γt E

[
Θt+1(X ′/X, a)

]} (1)
where C is the immediate reward or cost for state-action pair(X, a), Θt(X) is the optimal expected cost with the starting stateX and calculated as the sum of the immediate cost for (X, a) andthe future expected cost for all X’ with the given (X, a) state. γis the discounting factor such that the value of $1 in period t+1is equal to γ in period t.
There are many DP extensions in optimization applications;value iterations used in the Markov Decision processes, Hamil-ton Jacobi Bellman equation for solving partial differential equa-tions, and optimal control theory. In supply chain theory, DP hasbeen applied in both the Bellman-Ford algorithm for finding theshortest distance between two nodes and in backward induc-tion for finite horizon discrete multi-stage or multi-period prob-lems. Many stochastic optimization problems demand DP asa benchmark solution method because DP assumes full knowl-edge of the random variable’s underlying distributions. Forinstance, Clark and Scarf used DP to prove the optimality ofbase-stock policies for serial supply chain systems, which ledto significant breakthroughs in finding the optimal global solu-tions to various supply chain topologies. The stochastic versionof DP gives an exact optimum for stochastic problems, unlikestochastic programming, chance-constrained linear programs,and robust optimization techniques. However, due to the curseof dimensionality, if the number of state spaces grows expo-nentially then DP fails to solve the large problem in reasonablerun time. Hence, faster algorithms imitating the DP concepthave been developed. Computer scientists use algorithms likereinforcement learning, while operations researchers use ap-proximate dynamic programming (ADP), an algorithm widelyused in stochastic optimization, deep reinforcement learning,and artificial intelligence applications.
Fourth in our list is the Fast Fourier Transform (FFT). Tukey andCooley proposed FFT in 1965 as an advancement of JosephFourier’s Fourier Transform (FT) developed in the early 1800s.In essence, FT is used to reconstruct the sine waves from a com-binedwave format. Joseph Fourier showed that some functionscould be expressed as an infinite sum of harmonics. Since theFourier series represents signals in terms of sines and cosinesbased on the frequency and phase-type, the oscillating wave

structure can be decomposed to select the signals of choice.In other words, any signal can be decomposed into sine wavesbased on their frequency (pitch) and amplitude (volume). Thebasic FT equation for function f(x) is given here
f̂(ψ) =

∫ ∞
−∞

f(x)e−2πixψdx (2)
where e2πix = cos(2πx) + i sin(2πx) is based on Euler’s formula.Unfortunately, FT fails to process signals in a reasonable time.For instance, if a signal has 1,000,000 data points, FT takes 20hours, not practically feasible for real-world applications. In or-der to speed up computation time, John Tukey and James Coo-ley invented a faster version of FT in order to detect nucleartests by the USSR during the ColdWar. If a signal has 1,000,000data points, FFT solves it in 0.05 seconds, an impressive im-provement from 20 hours. The pseudo-code for FFT is shownbelow in Algorithm 3. Today, FFTs are widely used in engineer-ing, music, science, and mathematics and was included in ’Top10 Algorithms of 20th Century’ by the IEEE magazine Comput-ing in Science & Engineering.

Figure 3: FFT algorithm
To illustrate FFT algorithm, the discrete version of the FFT isadded below. The discrete Fourier transform (DFT) of f at fre-quency k is given by

f̂(k) =

N−1∑
j=0

f(j)e2πij
k
N (3)

where i =
√
−1. The basic idea is to divide and conquer re-cursively by breaking down the DFT into smaller DFT’s for anycomposite number N=pq. The smaller DFT’s are multiplied bytwiddle factors (complex roots of unity). If N has prime factor-ization N = p1, p2...pm, then FFT requires only N ∗∑i pi oper-ations.

Algorithm 3 Discrete Fast Fourier Transform [2]
1: Choose N=pq . N is a composite number
2: Initialize variables N1, N2 . as shown in Figure 3
3: f̂(k1, k2) is calculated using Equation 3
4: repeat .Main loop
5: f̂(k) is computed in two stages
6: perform N1 FTs of size N27: multiply FTs using complex numbers . twiddle factors
8: perform N2 FTs of size N19: until done

10: return f̂(k) ∀k



The final algorithm topping our list has revolutionized opera-tions research: the Simplex Algorithm developed by GeorgeB. Dantzig during World War II. Formulating linear inequalitieswas first presented by Motzkin in his Ph.D. thesis in 1936, laterby Kantorovich in 1939 in economic analysis, and finally byHitchcock in 1941. However, Dantzig was the first person tocollectively solve a linear program (LP) with linear constraintsand a linear objective function [3]. Both Koopman and Dantzigformulated the initial LP problem as a maximization objectiveand named the algorithm as "climbing up the bean pole" [3].Initially, the US military used the Simplex Algorithm for plan-ning and transportation problems. However, now the algorithmis used in the vast majority of optimization problems, includ-ing airline scheduling, production planning, vehicle routing, andsupply chain network design.

Linear inequalities are defined as half-spaces of the hyperplanes,thus, form a convex polyhedron (Figure 4). This way, the optimalsolution will be a corner point or one of the extreme points ofthe polyhedron. Therefore, an effective algorithm is to quicklytraverse extreme points in the polyhedral hyperspace to satisfythe objective type. For two variables, the LP problem can beeasily solved using a graphical method.

Figure 4: Corner points of the polyhedron

The linear programming objective is to find z = min cTx suchthat Ax = b, for all x ≥ 0, where x = (x1, ....xn), A is an m xn matrix and b and c are column vectors. The pseudo code forthe simplex algorithm is shown in Algorithm 4.

Algorithm 4 Simplex Algorithm [4]
1: Initialize A, c, b . A= m x n matrix, c is a row vector, b iscolumn vector
2: Choose an initial solution vertex p
3: if there is a better neighboring solution .Main loop for

each equation through p do4:
endRelax equation to get a better performing edge

5: Update cost vector, objective, and the basic solution if edge
improves objective then6:

endreplace p by neighbouring vertex
7: go to 4 if no improvement then8:

endreturn p
Several extensions of the simplex solution method, such asWolfe decomposition and Benders decomposition, have beendeveloped to reduce the run time and solve large scale LP prob-lems. High performing cutting plane algorithms and branch& bound algorithms were developed to find integer solutions,essential for real-life applications. Solving integer programs re-quires a fast computing LP algorithm. In 1972, Klee and Mintypresented an LP problem using a corner point search to eval-uate all extreme points and proved the Simplex algorithm hasa worst-case exponential runtime. Several authors tried devel-oping algorithms to solve LP problems in polynomial run time.Leonid Khachiyan theoretically proved that the proposed Ellip-soidal method is a polynomial-time algorithm. At the same time,Karmarkar’s breakthrough was an interior point algorithm usedto solve large LP’s in polynomial run time. As a result of all theseimprovements, today, complex mixed-integer linear programs(MIP) with millions of variables and constraints are solved usingcommercial software in reasonable run times. For example, IBMILOG Cplex shortened its runtime by a factor of 30,000 from1991 to 2007. In addition, Gurobi claims that their solver is theworld’s fastest for solving LP and MIP problems.
The discovery and improvement of algorithms is a continuousprocess. Several commercial software companies are pushingtheir R&D scientists to implement advanced machine learningtechniques like neural networks, deep learning coupled withcloud computing, and parallel computing approaches in ad-vanced hardware and computer architecture. We cannot waitto see what algorithms are being created by such researchers tochange the world. In short, we can expect some breakthroughalgorithms are coming in the future, which will solve the mostcomplicated and complex problems in shorter run times.
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Everything Within 20 Minutes:
Travel Infrastructure & the 20-Minute Neighborhood

Abigail Lindner
Regent University

The 20-minute neighborhood is an urban planning concept thathas gained public policy attention in the last decade. The citiesof Melbourne in Australia and Portland, Oregon in the UnitedStates have set multi-year action plans to transform most if notall of their neighborhoods to fit this model. In 2016 Detroit,Michigan proposed its own 20-minute neighborhood plan.
The idea is that every home will be within 20 minutes, by foot,bike, or public transport, of daily facilities and services like gro-cery stores, parks, and schools. The creators of PlanMelbourne,launched in 2017, anticipate that the 20-minute neighborhoodwill fulfill two of the United Nations’ Sustainable DevelopmentGoals: 1) good health and well-being and 2) sustainable citiesand communities (Victoria State Government, 2012).
Three pieces must come together to create a 20-minute neigh-borhood: residential density to accommodate local retail, goodlocal transport, and an adequate supply of expected facilitiesand services (Stanley & Stanley, 2014). Summarized anotherway, a neighborhood must answer the three D’s:

• Density: How many houses are there per acre?
• Distance: How far can people go in 20 minutes, and how?
• Destination: What is in that 20-minute radius?

Each of these goals has its difficulties. This article will focus onthe second: the ability of a city to build travel infrastructure forpublic and active transport.
For Melbourne, Stanley & Hansen (2020) calculate that achiev-ing the 20-minute neighborhood will require local public trans-port services to run every 20 minutes or from 5 am to 11 pm,with “a minimum of 55 services per stop per day per direction.”In any urban planning scheme the various transportation modesmust coordinate to provide a complete, quality system thatbrings citizens easily around the city. In a 20-minute neighbor-hood, the fine integration of this system is evenmore important.Moreover, to support more walking and cycling, city plannersneed to, among other measures, create distinct bike lanes onthe road, widen footpaths, design bridges that accommodatevehicles and pedestrians, and make travel easier by adding ap-propriate light and shade along routes. The logistical demandsof this model are considerable.
Stanley & Stanley (2014) identify local buses as the public trans-portation option best suited to meet the heavy, high-frequencytravel demands of a 20-minute neighborhood, and echo theprevious emphasis on trip frequency and duration, as well asspeed of service, to make travel by bus convenient and attrac-tive for passengers. According to Plan Melbourne 2017-2050,



the city’s transport network will need to increase its services byover 80%, amounting to 10 million more trips per day, by 2050to support this growth and integration (Wynne, 2017)! Stanley& Hansen (2020) estimate that increasing bus service to thisscale would cost $250 million per year over sixteen years, or $4billion total, which is a modest sum compared to Melbourne’s$30-40 billion budgetary commitment to rail.
Planners often use heat maps of residential density, area walk-ability, access to mixed-use centers (MUCs), also called neigh-borhood activity centers (NACs), and other topographical fea-tures to judge where transportation services should expandand where they are achieving or have achieved the 20-minuteneighborhood. Data on existing travel patterns and commu-nity input will further help in determining infrastructure needs(Wung, 2014). Melbourne’s Principle Public Transport Networkprovides state and local governments and communities data ofthis ilk, outlining the presence of public transport services andcandidates for future routes (Wynne, 2017).
A top priority is building a transportation network that grows‘without gaps or circuitous routing’, connecting newer devel-opments with older ones and promoting land use initiativesthat accord with the 20-minute goals (Stanley & Stanley, 2014).Tempe, Arizona, provides a good example of a transportationenvironment supporting this accessibility: Tempe boasts an av-erage commute time of 20 minutes, border-to-border light rail,and an extensive neighborhood circulator, or bus system thathas enabled it to develop with less reliance on private automo-biles (Graves, 2017; Silva, King & Lemar, 2019).
The previous discussion concerns public transport. The activetransport aspect of infrastructure planning focuses on the bike-ability and walkability of neighborhoods. One consideration formaking a city more bikeable and walkable is plain practicality:In an interview, Mark Mitchell, the recent mayor of Tempe, AZ,noted that the desert climate of the state added shade avail-ability to the list of needs presented to urban planners (Graves,2017).
The suitability of a city to accommodate active transport, andthe consequent evaluation of places in which a city can im-prove, may be assessed in a manner similar to Silva, King &

Lemar (2019). They analyzed the performance of five networkscenarios in relation to 12 non-work destinations and travelsheds and coverage at each destination. The scenarios wereall-roads bicycle network, low-stress bicycle network, all-roadspedestrian network, sidewalk-only pedestrian network, andtransit network. The metrics for network compliance to 20-minute city guidelines were the “number of residential unitsthat could reach at least one point of the destination groupsand the number of destinations that each parcel could reach"(Silva, King & Lemar, 2019). In Tempe, all networks except thesidewalk-only pedestrian network accommodated an averageof over 75% of residential units per the 20-minute neighbor-hood goal. Heat maps further indicated the exact areas wherecity planners could channel more attention and investment toimprove accessibility.
In a 2017 study in Melbourne, Gunn et al. employed a differ-ent technique to determine the walkability of NACs: clusteranalysis. Using data for 534 NACs, including adult travel pat-terns and activity center data like supermarket availability, theresearchers identified walkability cluster types, finding only 9%of NACs in Melbourne had high walkability, 50% had mediumwalkability, and about 41% had low walkability. Comparison ofthe sociodemographic profiles, community designs, movementnetwork, and lot layout could informpolicy decisions to increasewalkability and travel patterns in medium and low walkabilityareas.
Though urban planners have developed better methods to re-alize these concepts in cities like Melbourne and Tempe, un-derstandable skepticism about the viability and impact of 20-minute cities has been voiced. The editor of aMelbourne-basedconsultancy, for instance, questions whether these urban plansare more “good politics than good policy" or whether reductionof walking times will necessarily lead to reduction of car use(Davies, 2013).
Regardless, greater consciousness of sustainable transportationdemands and growing appeal toward connected urban and sub-urban living will continue to place the 20-minute neighborhoodon the policy and planning horizon of city design and networkdecision-makers.
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Optimization of Wind Farm Layout

Xinglong JuUniversity of Texas Southwestern Medical Center

Jessica LeungThe University of Sydney

Wind energy is a vast potential source of renewable energy aswind supply is inexhaustible. Wind energy is generated usingwind turbines. When the wind blows past a wind turbine, itsblades capture the kinetic energy of the wind currents to spinan electric generator, which produces electricity.
For a given piece of land (wind farm), it is crucial to find theoptimal positions of the wind turbines as the electricity poweroutput of each turbine depends heavily on their locations andrelative positioning with other turbines. Sub-optimal wind farmlayout design often leads to lower net wind power yield andincreased maintenance costs.
The process of determining the locations to maximized powerproduction is called Wind Farm Layout Optimization (WFLO).While it may seem attractive to simply build a larger number ofturbines in order to capture more kinetic energy from the windcurrent, densely packed turbines may lead to reduced energyproduction due to wake effects, an aerodynamic phenomenonthat occurs between upwind and downwind turbines.

Figure 5: A wind farm layout optimization illustration

Modeling Wake effects

When the wind passes a wind turbine (denoted as Turbine 1), apart of the wind kinetic energy would be absorbed by Turbine1 and transformed into electricity, leaving the wind velocity re-duced in the downwind direction. The downwind turbinewouldproduce less power than Turbine 1, and this phenomenon iscalled the wake effect.

WFLO aims to optimize the trade-off between energy genera-tion and wake effects. Yet, a wind turbine can be affected bymultiple wake effects generated by other turbines nearby in awind farm. The resulting wake interference adds an extra layerof complexity to the optimization model. In 6, we provide anillustration of the multiple wake effects. We display a singlewind wake effect on the upper panel and multiple wake effectson the bottom. The x- and y-axis are the standardized distancesfrom the turbine blade center along and perpendicular to thewind direction, respectively. The color represents the rate of re-duction of wind velocity. From the right panel, we can see thatthe multiple wake effects affect the wind velocity significantlyand therefore must be taken into account in theWFLO problemformulation.

Awide range of wakemodeling approaches has been developedto capture the wake effects, for instance, the Ainslie model, theG. C. Larsen model (see [8][9]), and the Gaussian 3D model[2].Yet, the Jensen model[1] remains the most popular analyticalmodel due to its simplicity and accuracy.



Figure 6: Wind wake effect illustration: one wake effect andmultiple wake effects

Solving WFLO with the advancement in Artificial Intelligence
and Machine Learning

Amyriad of optimization algorithms are used to solve theWFLOproblem, andmany of them are heuristic algorithms, such as Ge-netic [3], Particle Swarm Optimization [4], and Ant Colony [5].With the recent development in artificial intelligence and ma-chine learning, various powerful methods such as support vec-tor machine [6] and deep learning [7], were used to guide theheuristic algorithm and developed into new optimization strate-gies with insights into the characteristic of the wind powerdistribution and computations of wind velocity.

Representation of wind farm layouts

The wind farm layout can be encoded as discrete or continuousvariables. In a discrete representation, the farmland is dividedinto small grids as shown in 7. The width of each grid is at leastthe diameter of the turbine blades such that two turbines areat least one diameter apart as long as wind turbines are placedin distinct grids.

Figure 7: Discretize the wind farm into grids
In a continuous setting, the wind farm layouts can be encodedusing real-valued representations such as coordinates of tur-bines. Yet, the high precision often comes with computationalcost. Given the same number of variables and the same inher-ent underlying problem complexity, the computational burdenin continuous problems is typically greater than that of discreteproblems in light of the larger variable-domain size of continu-ous variables [10].
Future Research

Designing wind farm layouts requires insights in managing thetrade-offs between energy generation, operational costs, andcapital investments. To gain insight in optimizing these trade-offs, the WFLO can be formulated as a multi-objective opti-mization problem. Given some of the constraints and complexi-ties mentioned above, the best way to formulate and solve theWFLO problem remains largely an open question. It will be ex-citing to find awind farm layout that achieves a global maximumpower output in a continuous space with new strategies and al-gorithms, and we are looking forward to it.
References:Jensen, N.O., 1983. A note on wind generator interaction.Bastankhah, M. and Porté-Agel, F., 2014. A new analytical model for wind-turbine wakes. Renewable Energy, 70, pp.116-123.
Ju, X. and Liu, F., 2019. Wind farm layout optimization using self-informed genetic algorithm with information guided exploitation. Applied Energy, 248, pp.429-445.
Chowdhury, S., Zhang, J., Messac, A. and Castillo, L., 2013. Optimizing the arrangement and the selection of turbines for wind farms subject to varying wind conditions. RenewableEnergy, 52, pp.273-282.
Eroğlu, Y. and Seçkiner, S.U., 2012. Design of wind farm layout using ant colony algorithm. Renewable Energy, 44, pp.53-62.
Liu, F., Ju, X., Wang, N., Wang, L. and Lee, W.J., 2020. Wind farmmacro-siting optimization with insightful bi-criteria identification and relocation mechanism in genetic algorithm. EnergyConversion and Management, 217, p.112964.
Ju, X., Liu, F., Wang, L. and Lee, W.J., 2019. Wind farm layout optimization based on support vector regression guided genetic algorithm with consideration of participation amonglandowners. Energy Conversion and Management, 196, pp.1267-1281.
Thørgersen M, Sørensen T, Nielsen P (2005) WindPRO/PARK: introduction wind turbine wake modelling and wake generated turbulence. EMD International A/S, Aalborg
Hou, P., Zhu, J., MA, K. et al. A review of offshore wind farm layout optimization and electrical system design methods. J. Mod. Power Syst. Clean Energy 7, 975–986 (2019).
https://doi.org/10.1007/s40565-019-0550-5

Rodrigues, S., Bauer, P. and Bosman, P.A., 2016. Multi-objective optimization of wind farm layouts–Complexity, constraint handling and scalability. Renewable and Sustainable EnergyReviews, 65, pp.587-609.



• The characteristics of the vehicle (driving range and fuel 
capacity) are important in determining the evacuation route

• Each evacuation route for each vehicle type is unique and 
not feasible for other types

• Even though there may exist shorter routes to safety, each 
alternative fuel vehicle type will detour to recharge before 
reaching safety

determine evacuation routes, considering the 
vulnerabilities and needs of alternative fuel vehicles due 

to limited driving range and recharging needs

EVACUATION PLANNING FOR ALTERNATIVE FUEL VEHICLES

B AC K GROU N D RE SU L TS

REFEREN CES

OB JECTIVE

M E TH OD OLOGY

Despite of the economic and environmental benefits1,2,3, 
alternative fuel vehicles are vulnerable during emergency 
states due to limited driving range and lack of charging 
infrastructure4,5.
2 possible vulnerability scenarios during evacuation:
 Evacuation distance exceeds the driving range limit
 Traffic congestion that forces vehicle to recharge

1 US Energy Information Administration, "Annual Energy Outlook 2020 with Projections to 2050”
[ONLINE]; 2 N. Lutsey, "California’s Continued Electric Vehicle Market Development," ICCT briefing
[ONLINE]; 3 U.S. Department of Energy (DOE), "State Laws and Incentives” [ONLINE]; 4 S. A.
Adderly, D. Manukian, T. D. Sullivanc and M. Son, "Electric vehicles and natural disaster policy
implications" Energy Policy, vol. 112, pp. 437-448, 2018; 5 K. Feng, N. Lin, S. Xian and M. V. Chester,
"Can we evacuate from hurricanes with electric vehicles?" Transportation Research Part D, vol. 86, p.
102458, 2020.

C ON CL U SION S

The formulation considers 5 attributes of evacuation routes

Route should enable reaching shelters fast
Objective #1 : Minimize total travel time

Fas t

The route should have at least one clear path 
to avoid confusion
Constraints Set #2 : Tree Problems
 All evacuees are headed to the shelters

Seamless

The route is safe for evacuees to move, e.g.,
no road blockage/damage and no traffic conflict
Constraints Set #1 : No Traffic Conflict
 Links have only one direction

Safe

Evacuees should have access to a recharging 
station if needed before reaching the shelter
Constrain Set #3 : Hop Constraint Problem
 If distance of evacuees to shelter, 𝐿 ℎ𝑜𝑝𝑠 ≥

driving range limit, 𝜏 ℎ𝑜𝑝𝑠 → recharge

Capture  Recharg ing  Needs

Objective #2 : Minimize total charging delays

Account  fo r  Charg ing De lays

charging
delay

charging
rate, 𝑟

distance of evacuees to 
shelter, 𝐿 ℎ𝑜𝑝𝑠

= ×

Figure 1. Evacuation Route of (i) Conventional Fuel Vehicles (e.g., Gasoline Vehicles); 
(ii) Alternative Fuel Vehicles (e.g., Electric Vehicles, EV) with driving range, 𝜏 = 3 hops

(i) Obj = 235635.501 (ii) Obj = 236409.595

 The total evacuation time increases due to recharging
 Each evacuation route for each vehicle type is unique 

and not feasible for the other type
 See Node 4. In gasoline case, vehicles from node 

4 can evacuate directly without recharging. In EV 
case, vehicles from node 4 need to recharge

OB SERVATION  #1

 As the driving range limit is relaxed (𝜏 increased), 
there are more opportunities for vehicles to choose the 
shortest route without recharging

Figure 2. Effect of increasing driving limit, 𝜏, to the evacuation route length of Node 18

OB SERVATION  #2

Denissa Purba | Collaborators: Eleftheria Kontou PhD (Advisor), Chrysafis Vogiatzis PhD
Department of Civil and Environmental Engineering, University of Illinois at Urbana-Champaign | dpurba2@illinois.edu
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Practicing What We Preach: Applying ORMS to 
Curriculum Decisions to Improve Student Outcomes  

ABSTRACT 
We develop models to predict key performance 
metrics (i.e., placement rate, starting salary) of  
master’s in business analytics and data science 
programs based on curriculum offerings. The 
motivation for this study is that students and 
program administrators want to know which 
courses among potentially many offerings best 
help students get where they want to go 
professionally. We reviewed and collected data 
from all 250+ programs and have developed a 
predictive model that we are working to integrate 
into an optimization model to help students 
identify which courses to take based on which 
have the most impact on them getting placed and 
possibly improving their starting salary. 

INTRODUCTION 
As the number of  data science and analytics 
programs rise, also comes a diverse set of  
curricula available to students (Mamonov, et al., 
2015). 

Research questions 
RQ1: What courses are being offered? 
RQ2: How well can we predict success metrics 
based on course offerings? 
RQ3: Which courses should a student take? 

LITERATURE REVIEW 
The literature has many articles that discussed 
BA/DS curriculum (Turel & Kapoor, 2016; Parks, 
Ceccucci, & McCarthy, 2018). Particularly, they 
looked at what courses were offered and whether 
those courses were sufficient in preparing students 
for industry. Beyond that, we did not find any 
research that attempted to predict and program 
success metrics and prescribe an optimal set of 
courses to take to maximize these important 
performance measures.  

METHODOLOGY 

We found mostly new programs did not report too much on their 
programs success or were vague in their course descriptions. Our 
methodology is detailed in the figure below. Our predictive models 
current reveal that ~40% of  the variation in placement rate and starting 
salary can be explained by the variation in the course curriculum. 

 

RESULTS AND DECISION-SUPPORT TOOL  

CONCLUSIONS 
Data mining and Data Visualization were the most offered courses in 
programs. Our predictive models suggest the most important courses for 
starting salary and placement are Predictive Analytics and Data 
Visualization, respectively. We believe course offerings do play a critical 
role in successful program outcomes. We are currently developing an IP 
model to add to our shiny app to recommend the optimal set of  courses to 
take given a student’s curriculum constraints. 
 

     

Stefanie Walsh, Matthew A. Lanham 
Purdue University, Krannert School of  Management 

walsh88@purdue.edu; lanham@purdue.edu 

 

 

RQ1 

RQ2 

RQ3 
𝑚𝑎𝑥 𝑌̂𝑃𝑙𝑎𝑐𝑒𝑚𝑒𝑛𝑡  

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜: ∑ 𝑥𝑖 ≤ 𝑁𝑖     
                            𝑥𝑖𝜖{0,1} 
 
 

To explore and discuss our current we have provided an R shiny app that 
program managers and students can use to see what courses are available at 
a program and predict their placement and salary:  

https://hsu230.shinyapps.io/MasterProgram/ 
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