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Abstract. This case illustrates teaching online optimization algorithms for sequential deci
sion making using generative artificial intelligence (GenAI) as an assistant, making com
plex concepts in algorithm design, implementation, and evaluation accessible even to 
nontechnical student audiences. Students are asked to translate an unfamiliar healthcare 
setting into the Google AdWords problem. The well-known structure of the Google 
AdWords problem both facilitates students’ conceptual learning and makes it easier for 
GenAI tools to assist with algorithm implementation. However, the complexity of the 
healthcare environment makes the mapping difficult, requires discussions with “experts” 
with domain knowledge and various stakeholders in the process, and raises ethical ques
tions. The case is based on an actual process improvement project aimed at maximizing the 
use of a hospital’s capacity. The main character, Dr. Kelly, heads an observation unit and 
had tried a predictive model for patient assignments to her unit versus the hospital wards, 
which, however, can sometimes lead to inefficient bed capacity management. She is look
ing to improve patient allocation decisions made in real time. The case empowers students 
to (1) identify situations in which sequential decision-making models and online algo
rithms are appropriate and preferable to predictive models, (2) discover the concept of 
inventory balancing, (3) map its application in an unfamiliar setting (healthcare) to a well- 
studied setting (advertising) through inquiry and stakeholder analysis, and (4) embrace 
GenAI as a partner in algorithm implementation and testing. Realistic data, code, and mod
els are provided. The rich context of the case makes it appropriate for use in courses in 
operations management, business analytics, marketing, machine learning, and operations 
research, both at the advanced undergraduate level and at the masters/MBA level.

Supplemental Material: The Teaching Note is available at https://www.informs.org/Publications/ 
Subscribe/Access-Restricted-Materials.

Keywords: online algorithms • inventory balancing • prescriptive analytics • healthcare • artificial intelligence • generative AI •
AI-assisted coding • ethics • stakeholder engagement

1. Introduction: Case Learning Goals
Online (also referred to as “real-time”) optimization 
algorithms are algorithms that respond to new informa
tion as it arrives. A classic example is the Google 
AdWords problem (Mehta et al. 2007). The goal in the 
classical Google AdWords problem is for an online 
advertising platform to allocate a sequence of advertis
ing spaces associated with continuously arriving search 
queries to budget-constrained advertisers in a way that 
maximizes the platform’s expected revenue. The BAL
ANCE algorithm, developed by Kalyanasundaram and 
Pruhs (2000), provides an elegant solution to the general 
online matching problem that the Google AdWords 
problem represents.

Online optimization algorithms have been developed 
for different contexts in operations management, sup
ply chain management, and, more generally, analytics- 
driven decision making, such as inventory balancing 
for real-time optimization of personalized assortments 
(Golrezaei et al. 2014), order fulfillment optimization 
(Acimovic and Graves 2015, Acimovic and Farias 2019), 
shadow routing for flexible multiserver pools (Stolyar 
and Tezcan 2011), appointment scheduling (Liu et al. 
2019), and hospital bed allocation (Dwyer-Matzky et al. 
2021). These applications represent substantial and 
important areas of business practice, which, however, 
are challenging to teach to a business audience. A 
hands-on approach to learning quantitative concepts is 
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particularly successful with business students (Xu and 
Babaian 2021); however, teaching advanced sequential 
decision-making algorithms typically requires imple
mentation through coding. A coding background and 
strong quantitative skills are not generally taken for 
granted with audiences with non-STEM backgrounds 
(Weathers and Aragón 2019). At the same time, tremen
dous advances in technology and generative artificial 
intelligence (GenAI) in recent years provide tools to make 
STEM concepts accessible to these different audiences 
and represent a natural next step in business education.

The default modeling environment for business 
school cases is typically Microsoft Excel—a familiar and 
widely used spreadsheet tool (Seal et al. 2020, Diamant 
2024). Programming has generally been considered 
time-consuming and challenging to teach to the busi
ness school audience (Murray 2014). However, in our 
recent experience, business school students are inter
ested in learning more about coding despite feeling 
some trepidation about it—and learning more makes 
them feel empowered. The case we present in this arti
cle combines Microsoft Excel and Python, an open- 
source programming language. Students can test their 
approach in Excel through guided exercises, but then 
use the insights to generate Python code so that their 
algorithmic approach can be generalized and imple
mented on a larger scale.

The case guides students to generate the code using 
GenAI tools, thus providing an introduction to AI- 
assisted programming (sometimes referred to as “vibe 
programming” or “vibe coding”). AI-assisted program
ming describes the process of a human providing 
instructions to an AI system in natural language, which 
the AI system interprets to generate, refine, and debug 
code to implement the instructions. Instead of manually 
writing and inspecting each line of code, the human 
guides the AI through iterative prompts and feedback 
cycles. Although there is an ongoing debate on ap
proaches, effectiveness, and consequences of using AI- 
assisted programming, it has been making steady 
inroads into software development in practice (Meske 
2025, Ray 2025) as well as into computer science educa
tion (Kusper and Szabó 2025, Geng et al. 2026).

The case is presented from the point of view of Dr. 
Kelly, the medical director of an observation unit (OU) 
at a midsize hospital in the United States. Dr. Kelly had 
been using a predictive model to determine which 
observation status patients are more likely to “flip,” or 
switch to inpatient status, and have to be transferred 
from the OU to the hospital wards. If observation status 
patients are predicted to flip, they would be sent to the 
hospital wards directly instead of being assigned to the 
OU first. However, Dr. Kelly observed that this policy 
tended to result in an imbalance of occupancy of the 
beds in her OU and the hospital wards. The case asks 
students to implement an online budget-balancing 

algorithm designed for the classical Google AdWords 
problem using Microsoft Excel and Python (with the 
help of GenAI), evaluate performance, and then map 
the inputs of this online optimization algorithm to the 
OU context to address Dr. Kelly’s problem. To make 
the student experience realistic and comprehensive, the 
case further provides an opportunity for instructors to 
review predictive analytics concepts if they wish, as the 
predictive model is provided in the case. This case is 
based on a real project, described in Dwyer-Matzky et al. 
(2021), and instructors may find it helpful to read the 
paper to understand the rich context in which the deci
sions in the case need to be made in practice.

The case has several primary learning objectives and 
emphasizes critical thinking skills: 

1. Problem framing. To recognize when a situation 
merits designing algorithms for online optimization.

2. Algorithm design. To understand the main idea 
behind online optimization algorithms and important 
concepts for their performance evaluation, such as the 
“clairvoyant” algorithm and competitive ratio.

3. Algorithm inputs. To determine inputs for the algo
rithm that make sense in the context addressed by the 
algorithm.

4. Assessment relative to status quo. To understand 
how to demonstrate the value of an algorithm to 
important stakeholders.

The case also imparts valuable and timely experience 
with GenAI tools, including experience with: 

1. Human-AI interface. Discovering metrics of impor
tance to stakeholders and specifics of the possible oper
ationalization of an algorithm is paramount, even if 
one can rely on AI help in coding the actual algorithm.

2. Prompt engineering. Designing good prompts to 
guide GenAI toward a desired solution can save time 
and reduce implementation error.

3. Debugging. When coding an algorithm with Gen
AI’s help, it is important to have created simple exam
ples beforehand, in which the answers are known, so 
that the output of the code can be tested.

We emphasize that developing students’ coding skills 
with GenAI tools is not the primary objective of the case. 
The case already has an ambitious scope; it exposes stu
dents to the process of learning about a problem in an 
unfamiliar context, identifying whether a particular algo
rithmic approach is appropriate, researching how the 
algorithmic approach can be implemented in that con
text, and learning how the success of the algorithmic 
approach can be tested and evaluated. However, GenAI 
tools are an important component, as they support stu
dents on their learning journey by making the core 
ideas—online optimization algorithms and algorithmic 
thinking more broadly—accessible and less intimidating 
even to students without a STEM background.

The rest of this case article summarizes existing litera
ture on pedagogical approaches to online algorithms 
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and GenAI use in the classroom (Section 2), outlines the 
case in more detail (Section 3), and shares our classroom 
experience teaching it (Sections 4 and 5). The case article 
ends with concluding remarks and an appendix con
taining a list of the resources provided with the case.

2. Literature Review
Although familiar in computer science, to the best of 
our knowledge, online algorithms such as BALANCE 
have not been incorporated in published cases in the 
fields of operations research and decision sciences. 
However, closely related areas—revenue management, 
demand management, markdown management, inven
tory management—often deploy algorithms that share 
common characteristics (Phillips 2003, Dhumal et al. 
2008, Shumsky 2009, Liu et al. 2013, Drake and Atkins 
2021). Teaching cases on optimization algorithm concepts 
targeted at non-STEM students typically introduce algo
rithms through classroom games, high-level discussions, 
and Excel spreadsheet implementation (Vliegen and Zon
derland 2017, Kong 2019, Iranpoor 2021, Harris and For
bes 2023, Beliën et al. 2025, DiMichele and Forbes 2025, 
Van den Broeke and Mlinar 2025). Visualization tools 
have also been suggested to facilitate the process of 
teaching algorithms (Kress and Dornseifer 2015).

Our search revealed a significant gap in the literature 
when it comes to articles that specifically address using 
GenAI to teach algorithms to business audiences. This 
case contributes to the literature by addressing this gap.

Although GenAI tools such as ChatGPT have been 
around since late 2022, many instructors are wary of 
their use (Ross 2023). Multiple disciplines, for example, 
computer science, have had to rethink their approaches 
to accomplishing course goals given the ease with 
which GenAI tools complete assignments and exams of 
foundational concepts (Ellis et al. 2024). However, there 
is also widespread recognition that GenAI tools signifi
cantly enhance the students’ experience. When using 
GenAI tools in computer science classes, students can 
be provided with support in code generation (Abolneja
dian et al. 2024), timely and personalized feedback 
(Nguyen and Allan 2024), enhanced error messaging 
and debugging tips (MacNeil et al. 2024), and code 
explanations (MacNeil et al. 2022, Leinonen et al. 2023, 
Taylor et al. 2024). Students also register higher levels of 
engagement with the material (Liu and M’hiri 2024).

General classroom practices to take full advantage of 
GenAI tools have been suggested but are still nascent 
(Ting and Hong 2024). In particular, there is a lack of 
understanding of how to guide GenAI tools effectively 
to generate better code (Chen and Liang 2024) and how 
to assess learning outcomes when students utilize 
GenAI tools (Freire et al. 2023, Agbo et al. 2025).

It is known that GenAI tools foster learning auton
omy while reducing student cognitive load (Prather 

et al. 2023), but studies advocate for balanced integration 
of GenAI in the classroom, where GenAI “complements 
rather than replaces” (Agbo et al. 2025). In line with such 
studies, this case takes the view of GenAI tools as instruc
tor assistants to help business students understand online 
optimization algorithm concepts while becoming aware 
of the power and limitations of GenAI tools.

3. Flow of the Case
The case described in this case article allows for intro
ducing a wide range of important concepts in opera
tions research, operations management, management 
science, marketing, computer science, and modeling 
more generally. Topics include using predictive models, 
transitioning from a predictive to a prescriptive setting 
and eventually dynamic decision making, testing a 
model, as well as ethical implications of employing a 
model in a particular setting (healthcare). We explain 
the flow of the case in more detail in this section. The 
appendix of this case article lists the extensive addi
tional resources we provide for instructors and stu
dents, including a detailed teaching note, Excel model 
files, and scaffolded Python notebooks. Each subsection 
in this section maps to a corresponding subsection in 
the teaching note (starting with “TN.”) that provides 
more detail and specific answers.

3.1. Setting Up the Case Background
Section TN.2.1 of the teaching note contains a set of 
introductory questions and answers to help an instruc
tor start the class discussion. If the background of the 
students allows, the instructor could also discuss the 
decision tree predictive model provided in Appendix A 
of the case. (However, we note that this is not necessary. 
The instructor can skip the interpretation of the predic
tive model. In our experience, to proceed with the case, 
it suffices to explain to students that the predictive 
model would simply recommend whether a patient 
should be assigned to the OU or the wards.) If the 
instructor has time to spend on introducing predictive 
models or if students in the class have previously cov
ered such models, the teaching note lists a number of 
interesting questions that could be asked, including 
questions about model interpretation, the reason for 
developing this particular type of model, and the ethics 
of using a predictive model in the healthcare context.

3.2. Testing the Recommendations of a 
Predictive Model on Real Data

The concepts of testing the recommendations of an 
algorithm and the appropriate process for doing so are 
often unfamiliar to business students, even if they are 
obvious to most instructors with an analytics back
ground. We provide an Excel file ModelTesting_Stu
dent.xlsx that contains a generated scenario (which can 
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be thought of as historical data) for patient arrivals in a 
day. The file can be used in class to demonstrate the bed 
inventory in the OU and the hospital wards if various 
decision-making rules are used. This can also provide 
context and an easy explanation of the concept of an 
“all-knowing” algorithm for students, who might have 
read the case in advance but feel intimidated by a term 
such as “clairvoyant.” The file ModelTesting_Instruc
tor.xlsx contains the answers. See Section TN.2.2 in the 
teaching note for further discussion.

3.3. From Predictive to Prescriptive Analytics
The central theoretical concept in the case is online opti
mization algorithms. The case explains the main con
cept and provides examples in Appendix B. Good 
references for the original Google AdWords problem 
are Mehta et al. (2007) and Mehta (2013).

In our experience, business students are often intimi
dated by mathematical notations such as the descrip
tion of the “clairvoyant” problem and the definition of 
the function Ψ x( ) for calculating the reward penalty 
given the remaining budget of each advertiser. We have 
included some explanation in the case, but the key to 
explaining this concept is utilizing the Excel file Onli
neAlgorithmsIllustration_Student.xlsx we provide in 
class.

The file OnlineAlgorithmsIllustration_Student.xlsx 
begins to set up the implementation of the online algo
rithms in Python by defining the inputs to the Google 
AdWords problem in separate worksheets (Bidders
Budgets, QueryTypesBidsClickThroughRates, and 
QueriesSequence). Students will be asked to map these 
inputs to the healthcare setting in the next step of the 
case. At the current stage, outlining the inputs to the 
familiar Google AdWords online algorithm and then 
illustrating the algorithm in a separate spreadsheet 
helps students delineate the algorithm part from the 
inputs, helping the instructor make the point later that 
many algorithms can be very similar despite different 
contexts if the inputs are correctly mapped.

The worksheets AlgLinear and AlgExp contain an 
implementation of the simple example of online optimi
zation algorithm from Appendix B in the case. The 
worksheet AlgLinear allows the instructor to explain 
the intuition for various aspects of an online algorithm, 
including how the rewards are calculated and the role 
of the function Ψ x( ), how the decisions are made, and 
how the budgets are updated. Business students are 
usually familiar with Excel, and illustrating the example 
in Excel first before the upcoming implementation with 
Python ensures that students can visualize and under
stand the algorithm itself. Worksheet AlgExp is set up 
so that the instructor can assign it to students in break
out groups. It enables students to understand how the 
algorithm is modified by using an exponential function 
Ψ x( ). (For many business students, the concept of an 

exponential is unfamiliar (or not revisited since high 
school), so even the action of typing it up in a spread
sheet helps them understand what the role of the func
tion Ψ x( ) is in the algorithm’s recommendations.)

The file OnlineAlgorithmsIllustration_Instructor.xlsx, 
provided with the instructor materials, contains the 
answers to the student group exercise. In addition to the 
inputs of the algorithm in the first three worksheets (Bid
dersBudgets, QueryTypesBidsClickThroughRates, and 
QueriesSequence) and the actual algorithm implementa
tions in worksheets AlgLinear and AlgExp, the instructor 
could discuss with the class what outputs could be of 
interest to the decision maker. For more information, see 
Section TN.2.3 in the teaching note.

3.4. Developing Code with the Help of AI Tools
Having seen the flow of the online algorithm in the 
Excel file OnlineAlgorithmsIllustration_Student.xlsx, 
the students understand the algorithm better and feel 
more comfortable +with the idea of trying to code it. 
We distribute the input file AdWordsOnlineAlgorith
mInput.xlsx and provide students with instructions on 
how to approach writing effective prompts for AI tools. 
Section TN.2.4 in the teaching note describes the 
prompts we provided. Students can use any AI coding 
assistant capable of generating, explaining, and de
bugging Python code. Examples at the time of writ
ing included ChatGPT, Claude, Gemini, and GitHub 
Copilot.

A helpful review of these tools is available at https:// 
clickup.com/blog/microsoft-copilot-alternatives/.

If the instructor has some margin in terms of class 
time, a fun assignment for students is to ask a GenAI 
tool to summarize research principles for writing good 
prompts for programming with GenAI tools before get
ting started with the assignment. These tips can some
times be a bit generic and unintelligible, so we created a 
more specific version for the context of the case (see also 
Hamilton 2025): 

1. Think about the user interface. What would you like 
the format for the inputs and the outputs to the pro
gram to look like? The more generalizable it is (e.g., 
passing in an input file instead of typing in entries), the 
easier it is to extend to other versions of the algorithm 
and to other contexts.

2. Think about the core algorithm. What do you want 
the code to do? Describe each step of the algorithm 
unambiguously.

3. Think about how to check whether the code is doing the 
correct thing. A good approach is to develop several 
simple scenarios where the answers are known so that 
the outcome of the algorithm can be tested in those 
scenarios.

4. Test and iterate. Have a process by which you gen
erate additional prompts to correct issues with the 
algorithm you have implemented with the help of 
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GenAI tools. Do this often to catch errors early, ideally 
at each logical step in the implementation.

Section TN.2.4 in the teaching note provides a step-by- 
step approach to implementing an online optimization 
algorithm with GenAI that results in code that takes in an 
input file, runs the algorithm, and produces the outputs 
of interest. We use the AdwordsOnlineAlgorithmIn
put.xlsx file (which contains the first three worksheets of 
the OnlineAlgorithmsIllustration_Student.xlsx file that 
the students had already seen) as input. The Python note
book IterativeOnlineAlgorithmCoding_Student.ipynb 
contains step-by-step instructions of the exploration one 
would do with GenAI, including backup code students 
can run in case they cannot get their code to work. The full 
code (with answers and generated output) is provided 
with this case’s supplemental materials in the Python note
book IterativeOnlineAlgorithmCoding_Instructor.ipynb.

Some instructors may be interested in closing the gap 
between giving students a full prompt and having them 
write it themselves from scratch. Our suggestion, based 
on review of the computer science literature and on our 
own experience as educators, is to provide intermediate 
versions of the Python notebook to students at the end 
of each stage of the case. This ensures that students have 
the opportunity to experiment with prompt writing, but 
then all students can proceed to the next stage of the 
case. To facilitate this “scaffolding” strategy for instruc
tors, we provide four Python notebooks (all starting 
with IterativeOnlineAlgorithmCoding … ) that contain 
various degrees of detail; please see a detailed descrip
tion of the content of the notebooks in the appendix to 
this case article. Instructors can use these notebooks 
to structure a prompt writing exercise if they wish, as 
the level of information across the four notebooks 
graduates from only instructions (IterativeOnlineAl
gorithmCoding_Student_Shell.ipynb) to sample code 
(IterativeOnlineAlgorithmCoding_Student.ipynb) 
to answer code for the AdWords algorithm imple
mentation but not the OU implementation (IterativeOn
lineAlgorithmCoding_Student_AdWordsAnswers.ipynb) 
and, finally, to complete answers for the instructor, 
including the OU mapping exercise implementation 
(IterativeOnlineAlgorithmCoding_Instructor.ipynb). 
We have found it especially useful to start with Iterati
veOnlineAlgorithmCoding_Student_ Shell.ipynb, 
which allows students to try to generate prompts 
themselves, and then distribute IterativeOnline 
AlgorithmCoding_Student_AdWordsAnswers.ipynb 
at the end of the exercise to ensure that students who 
were not successful in generating correct code for the 
AdWords algorithm can be included in the remaining 
case activities and complete the portion of the case that 
deals with mapping the AdWords algorithm to the 
upcoming OU part of the case assignment (described in 
Section 3.5 of this case article and Section TN.2.5 of the 
teaching note.)

3.5. Mapping a Known Algorithmic Setting to a 
New Context

A very important part of the case is translating a new 
context into a familiar context. This helps students 
understand the generalizability and cross-domain 
transferability of what they are learning. After develop
ing code that takes as input the file AdWordsOnlineAl
gorithmInput.xlsx, students are asked to analyze the 
context of the OU problem and decide whether there is 
a mapping between the Google AdWords problem 
inputs and the OU context. Section TN.2.5 in the teach
ing note lists possible questions, exercises, and answers.

Having mapped the inputs to the Google Adwords 
problem to the OU patient placement problem, students 
can fill out an Excel input file (OUAlgorithmInput_Stu
dent.xlsx) and modify their AdWords code to obtain 
recommended patient placement for a simulated se
quence of patient arrivals. Possible answers are pro
vided in the file OUAlgorithmInput_Instructor.xlsx. 
There are several tricky parts to the implementation, 
described in detail in Section TN.2.5 in the teaching 
note. The last code section in the file, IterativeOnli
neAlgorithmCoding_Student_AdWordsAnswers.ipynb, 
provides instructions for students on how to trouble
shoot these implementation issues, and the file Iterati
veOnlineAlgorithmCoding_Instructor.ipynb contains 
the answers for instructors.

3.6. Wrap-Up
This case empowers students to (1) identify situations 
in which sequential decision-making models and online 
algorithms are appropriate and preferable to predictive 
models, (2) discover the concept of inventory balancing, 
(3) map its application in an unfamiliar setting (health
care) to a well-studied setting (advertising) through 
inquiry and stakeholder analysis, and (4) embrace GenAI 
as an assistant in algorithm implementation and testing. 
A final wrap-up allows an instructor to point out to stu
dents the multifaceted nature of what they have just 
learned and accomplished.

4. Student Background, Reactions, and 
Learning Outcomes

This case has been used twice in a master’s-level elective 
course on sequential decision making and reinforcement 
learning taken by a mix of part-time MBA, full-time 
MBA, MS in business analytics, and MS in finance stu
dents. Students typically come to the course with basic 
knowledge of MS Excel, exploratory data analysis, 
regression modeling, and simulation (covered in the 
core courses in our institutions’ master’s programs), 
although some students may have also taken more 
advanced electives such as machine learning and opti
mization. We use the case in the third class of the semes
ter, after students have reviewed exploratory data 
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analysis and regression models, and have been intro
duced to writing simple scripts for GenAI that would 
produce Python code for basic exploratory data analysis 
and predictive models. The case combines well with the 
topics covered in Pachamanova et al. (2022a, b), and the 
latter can be used to review descriptive and predictive 
analytics before the case described in this article is intro
duced to students. However, this case is completely self- 
contained and can be used independently as well. Other 
potential courses where this case could be a good fit 
would be at the end of core MBA business analytics 
courses (to help students understand the transition from 
static to dynamic models), computer science courses (to 
teach core algorithmic concepts), or marketing courses 
(to illustrate algorithms for online advertising). We 
cover the case in a three-hour session, but the case can 
be expanded to 4.5 hours or split into two sessions; see 
the teaching plan in Section TN.3 of the teaching note 
and Section 5 in this case article. Students have access to 
Excel and use their own laptops during class.

Student reactions to the case have been very positive. 
We present below summaries of student opinion survey 
results for one section of the master’s-level sequential 
decision making elective. Institutional review board 
(IRB) approval was obtained for this project.

Students were given brief online surveys that were 
anonymous and voluntary in accordance with IRB 
guidelines. The survey questions are shown in Table 1.

Although students were told that participation in 
the survey was optional, the response rate was high. 
There were 29 responses out of 32 attendees (a 91% 
response rate). Figure 1 summarizes the students’ 
answers to question 1 from Table 1. The students 
ranked the first learning competency, “mapping a 
business situation to a problem definition so that algo
rithms developed for a different application can be 
used to address the current situation” as their top 
takeaway from the case, followed by “learning about 
the concept of an online algorithm.”

Table 1. Wording of Questions from the Student Survey

Q1. Please rank, in order of importance to you, the following learning competencies from the Online Optimization for Hospital Observation Unit 
Patient Placement exercise, with 1 being most important: 

• Mapping a business situation to a problem definition so that algorithms developed for a different application can be used to address the current 
situation. 
• Translating the policy recommended by an algorithm into operational recommendations for a business/organization. 
• Learning about the concept of an online algorithm. 
• Other (please specify) 

Q2. Please rank your learning in the observation unit case: 
1. Learned a surprising amount 2. Learned a good deal 3. Neutral 4. Did not learn much 5. Did not learn at all 
Q3. Please rank your experience with the case: 
1. Very Satisfied 2. Satisfied 3. Neutral 4. Dissatisfied 5. Strongly Dissatisfied 
Q4. Please use this space for any additional comments you would like to make about the Online Optimization for Hospital Observation Unit Patient 
Placement case exercise.

Overall, students were very satisfied with their learn
ing and experience with the case. 100% respondents 

answered “1” or “2” to questions 2 and 3 in Table 1, 
respectively. A sample of comments from the anony
mous student evaluations is provided below:

“A great learning experience.”

“Overall the case was well structured and the group 
exercises were helpful in discussing difficult topics in a 
group setting. Reinforced my understanding of what is 
important in problem solving.”

“Well, compared with the previous [ … ] class I took 
last semester, this approach is much better! I can imag
ine the usage of the case in the real life business. Using 
healthcare context also enlightened me with new 
knowledge about the landscape of the industry.”

“Difficult material but great and well organized.”

“Very interesting and engaging case.”

“Loved it, thank you.”

“I loved it. I can’t believe I learned this much in one 
afternoon. I appreciated understanding moving from 
descriptive, to predictive to prescriptive analytics keep
ing into consideration dynamic decision making. The 
application of online optimization is all around us, and 
it’s great to see how this magic comes to life.”

Some students felt the mathematics was a bit complex, 
especially in calculating the rewards in the online algo
rithm, but overall, they felt that the concepts got clarified 
through the in-class exercises and group discussions.

5. Lessons Learned
This section summarizes observations from teaching 
this case that might be helpful to other instructors. Sec
tions TN.4 and TN.5 in the teaching note contain addi
tional detail, as well as information about student 
assessment.

First, business students might find some notations in 
the case intimidating (e.g., the summation sign 

P
and 

the Greek letter Ψ that represents the penalty function). 
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It may therefore be helpful for instructors to prepare the 
students by explaining a few aspects of the case before 
assigning it. We note that the prework assignment (see 
Section TN.3 in the teaching note) does not rely on stu
dents being able to read the mathematical notation. 
Thus, students can be encouraged to skim through the 
case without worrying about not understanding the 
mathematical notation and then read the appendix of 
the case, which clarifies the concepts introduced in the 
case through simple examples. We also tell our students 
that it is helpful for them to have some experience read
ing academic writing.

Figure 1. Distribution of Student Answers for Survey Question 1 

Notes. The vertical axis shows the ranking given to each option. Tabulated as percentage of responders who gave a particular ranking.

Second, although the case is modular and instructors 
can select to teach only parts that are most relevant for 
their audience, we strongly recommend not skipping 
the Excel implementation of the online optimization 
algorithm in file OnlineAlgorithmsIllustration.xlsx 
and going over it in class (see Section 3.3 in this case arti
cle and Section TN.2.3 in the teaching note). It is very 
important for the success of the case. The spreadsheet 
model clarifies the mechanics of the online optimization 
algorithm for students before tackling the more com
plex implementation using coding with GenAI. The 
student comments we collected indicate that the algo
rithm implementation was very helpful for clarifying 
notations they did not understand from the case. Ulti
mately, our students were satisfied to have struggled 
a bit with reading the case and then navigated the 
challenge because they enjoyed the approach to teach
ing the subject as a whole.

Third, although GenAI tools have been constantly 
improving, prompting GenAI to generate code may 
result in errors. We have flagged two instances of such 
errors in the Python notebook included with the case 

(IterativeOnlineAlgorithmCoding_Instructor.ipynb) 
and explained them in Section TN.2.4 in the teaching 
note. However, given the probabilistic nature of 
GenAI, it is not possible to anticipate all coding errors 
that could occur. It is therefore very important to have 
test cases. In class, we emphasize the need to under
stand and double check whether the simple examples 
in the appendix of the case work for the code gener
ated with AI. GenAI can be prompted to explain how 
the code can be debugged or make changes to the code 
directly, and its capabilities are getting better over 
time. We also recommend that instructors take advan
tage of the scaffolded versions of the file IterativeOnli
neAlgorithmCoding_Student.ipynb we provide to 
allow students who cannot get their GenAI-assisted 
code to work to catch up with the rest of the class at 
important stages of the case discussion.

Fourth, when teaching the case, we assumed that stu
dents did not have experience with prompts, and we 
provided full prompts as a way for them to learn. We 
also provided backup code if they could not ultimately 
obtain correct code. This worked very well with our stu
dent audience, and no student felt left behind in class. 
We note that our course taught online optimization con
cepts, and our students’ ability to use GenAI tools was 
not the focus of the course. However, the case could 
potentially be used in computer science classes to teach 
scaffolding prompts to optimize code writing. There is 
a growing literature in computer science and engineer
ing education on iterative prompt generation; see, for 
example, Denny et al. (2023, 2024) and Pădurean et al. 
(2025).

Effective prompt generation is still an evolving field, 
and no consensus appears to have been reached among 
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educators on the most effective way to do it (Agbo et al. 
2025). Therefore, we are wary of providing specific 
instructions that may become outdated by the time this 
case is published. For example, many contemporary 
GenAI systems can generate, execute, and iteratively 
refine code within integrated development or analysis 
environments. Instructors can easily find resources to 
help students write better prompts, including by prompt
ing GenAI to suggest ways to improve. That said, our stu
dents were quickly able to transition from being given a 
prompt to writing good prompts themselves.

Finally, we acknowledge that this case might be 
intimidating to business school instructors who teach 
primarily using Excel. We note that the case can be 
taught entirely using Excel — an instructor could cover 
the material in Sections 3.1–3.3 in this case article (Sec
tions TN.2.1–TN.2.3 in the teaching note) and then 
move directly to Section 3.5 in this case article (Section 
TN.2.5 in the teaching note). In other words, students 
can be asked to do the mapping of the OU context to the 
AdWords context without implementing the algorithm 
in Python.

However, in our experience, students enjoy interact
ing with GenAI tools to implement the online optimiza
tion algorithm. It may be helpful for instructors to know 
that although some experience with Python (or another 
programming language) is recommended, instructors 
do not need to be proficient programmers to teach the 
coding part of the case successfully. Helpful references 
on using Python in the OR classroom include Alderson 
(2022) and Isken (2025). GenAI tools can also advise 
instructors on platforms within which Python can be 
effectively used in class. We encourage instructors who 
are not as familiar with Python simply to follow the out
line of the Python notebook we provide with the case 
(IterativeOnlineAlgorithmCoding_Instructor.ipynb) 
and to enter the prompts in the notebook to recreate a 
similar experience for their students.

6. Conclusions
Taking advantage of GenAI as a translator of human 
instructions to computer instructions is one of the most 
impactful and useful applications of GenAI in educa
tion. The case described in this article presents an 
opportunity to illustrate complex sequential decision- 
making algorithms through GenAI’s support as an 
implementation assistant. The main pedagogical value 
of the case is in mapping a healthcare context to a well- 
studied problem (Google AdWords) so students can 
leverage existing research, understand algorithmic 
transferability across domains, and use AI to translate 
their understanding into executable code. However, the 
process of creating the appropriate inputs for the algo
rithm very much requires human input, simulating 
how a real industry project might work. Student 

feedback on the case has been overwhelmingly positive, 
and we hope that other instructors will find the context, 
approach, and outcomes from the case useful for their 
courses’ learning goals.
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Appendix. List of Resources Provided with 
the Case

A.1. Data Files
OUSummaryData_Student.xlsx: Contains the data from 
Table 1 of the case.

A.2. Teaching Note
Contains discussion of the topics introduced in this case arti
cle, including a teaching plan.

A.3. Model Files
ModelTesting_Student.xlsx: A spreadsheet template with a 
generated scenario (can be thought of as historical data) for 
patient arrivals in a day that can be used to observe the bed 
inventory in the OU and the hospital wards if different 
decision-making rules are used.

ModelTesting_Instructor.xlsx: Answers to ModelTesting_ 
Student.xlsx.

OnlineAlgorithmsIllustration_Student.xlsx: A spread
sheet template with the setup for the simple example from 
Appendix B of the case that can be distributed to students 
so they can practice implementing the online algorithm with 
an exponential (instead of linear) function in worksheet 
AlgExp. (see Section TN.2.3.)

OnlineAlgorithmsIllustration_Instructor.xlsx: Complete 
file, with answers to the student exercise in worksheet AlgExp 
from file OnlineAlgorithmsIllustration_Student.xlsx.

AdWordsOnlineAlgorithmInput.xlsx: An Excel file that 
can be used as input to the Google AdWords implementation 
with Python. (See Section TN.2.4.)

OUOnlineAlgorithmInput_Student.xlsx: An incomplete 
Excel file that students are asked to fill out as part of a group 
exercise in class and can be used as input to the online algorithm 
implementation with Python. (See Sections TN.2.4–TN.2.5.)

OUOnlineAlgorithmInput_Instructor.xlsx: Completed 
Excel file that students are asked to complete as part of a group 
exercise in class and can be used as input to the online algorithm 
implementation with Python. (See Sections TN.2.4–TN.2.5.)

IterativeOnlineAlgorithmCoding_Student_Shell.ipynb: 
Python notebook with step-by-step instructions for students 
to implement the algorithm; can be distributed to students for 
work during the class. No code provided, only instructions.

IterativeOnlineAlgorithmCoding_Student_AdWordsAns
wers.ipynb: Python notebook that is the same as IterativeOn
lineAlgorithmCoding_Student_Shell.ipynb; however, the 
final code for the AdWords algorithm is provided. Can be 
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distributed by instructors if students are not successful in gen
erating correct code for the AdWords algorithm so that all 
students can complete the algorithm for the OU part of the 
assignment.

IterativeOnlineAlgorithmCoding_Student.ipynb: Python 
notebook that is the same as IterativeOnlineAlgorithmCo
ding_Student_AdWordsAnswers.ipynb but also contains 
code generated with step-by-step instructions for students to 
implement the algorithm; can be distributed to students for 
work during the class. The questions also contain answer 
code for students to use if they cannot get the correct code on 
their own. Appropriate if the student audience is not familiar 
with writing prompts at all. Does not contain answers to the 
OU portion of the case.

IterativeOnlineAlgorithmCoding_Instructor.ipynb: Com
plete Python notebook with step-by-step instructions for stu
dents and corresponding answers for instructors, including the 
full implementation of the OU exercise.
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