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A Plug and Play Guide to Efficient Oral Assessments in 
 Mid to Large Sized Manufacturing Courses  

 
Introduction 
Authentic assessment, an assessment method designed to simulate real-world engineering 
problems, is a tool many university instructors use to help students develop professional 
engineering practices and prepare them for their future careers [1], [2], [3], [4]. While traditional 
assessment features well-defined single-solution problems and rewards algorithmic 
memorization, authentic assessment centers conceptual understanding, multifaceted 
problem-solving, and design thinking to reward a deep, functional understanding of course 
content [5], [6], [7], [8], [9], [10]. These practices are even more important now that AI systems 
can solve most university engineering exam problems [11].  
 
Short oral assessments are one way to conduct authentic assessment. This form of assessment 
can resemble design reviews, consulting sessions, a workplace brainstorming session, or a 
technical interview. It emphasizes the types of engineering communication and real-time 
problem solving that engineers could expect in their day-to-day work. Despite its merits, many 
university instructors hesitate to conduct short, authentic oral assessments in their classes. This is 
in part due to a lack of training and the perception that authentic oral assessments cost significant 
time and are difficult to standardize across students [12], [13].  
 
In this paper, we attempt to alleviate these limitations by presenting a guide to short authentic 
oral assessments for university manufacturing courses. We outline two 7-minute oral 
assessments, a Design for Manufacture assessment and a Data Interpretation and 
Troubleshooting assessment. These assessments, originally described in detail in Reflections on 
the implementation of short, authentic oral assessments in a university manufacturing course[4], 
[14], each align with a four-competency five-point rubric that allows instructors to quickly grade 
assessments and have transparent, standardized grading across all students. Rubrics can be found 
in Appendix A and Appendix B. Additionally, we describe a process for using AI to generate 
datasets for the second assessment, and discuss the merits and shortcomings of this approach. 
These time-saving tools have made oral assessments a more sustainable assessment tool for these 
instructors. Although they do not believe it feasible to reduce the total time commitment 
(including grading) below 10 minutes per student plus 2-3 hours for brainstorming, calibrations, 
and revisions, they find the time commitment reasonable and sustainable. 
 
In implementing these short authentic oral assessments, the teaching team has centered authentic 
engineering practice in the classroom component of their course, developed better relationships 
with students, and helped students achieve their own goals. Students reported a positive 
experience taking the assessments, and appeared to understand the merits of authentic orals. In 
the past year, current and former students have reported that the oral assessments helped them 
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prepare for and navigate technical interviews. The short, authentic, oral assessments provide a 
clear benefit to the teaching team, and they plan to continue to conduct them in their class in 
years to come.  
 
“Mad-Libs” “Plug-and-Play” Assessment Format  
Over the past two years (4 assessments) the teaching team has worked to find their rhythm in the 
creation and implementation of the oral assessments. We have developed a “Mad-Libs” or 
“Plug-and-Play” format for two common manufacturing topics: Design for Manufacture and 
Data Interpretation and Troubleshooting to save time creating future assessments, making them 
more sustainable from a time commitment and effort invested standpoint. We share this system 
here for any instructor hoping to conduct oral assessments, but worried about the time 
commitment.  
 
We encourage instructors to build off of this template as they see fit; as you become more 
comfortable with oral assessments, you may use this more as a brainstorming tool than a guide. 
These scripts are designed to fit a wide range of products in the teaching team’s manufacturing 
course. They align with the specific content of the course. Questions should be altered or 
adjusted to fit different curriculums. Instructors found it productive to generate more questions 
than needed. These extra questions gave opportunities to vary the assessment between students, 
and helped instructors imagine a range of student responses. For some questions, additional 
branches to scripts were created. This was helpful for when students went in unexpected 
directions or moved faster than expected.  
 
One essential element of these oral assessments is the inclusion of a storyline. Picking a storyline 
helps contextualize the oral assessment in an engineering setting. When both the instructor and 
student are playing a role, it is more likely that students will engage with the problem, rather than 
looking for the instructor’s approval. This makes the assessment more authentic and helps 
students practice giving engineering advice as an engineer rather than as a student.  
 
Note: the script makes reference to all rubric lines except Communication. Engineering 
communication — the ability to communicate clearly, articulating precise concepts with 
appropriate field specific language and to articulate gaps in understanding and navigate a logical 
path forward when stuck —  is an essential engineering practice and a skill that can be developed 
by all students. The teaching team believes that an emphasis on engineering communication (as 
defined above) is one of the key strengths of these assessments.  
 
Assessment 1: Design for Manufacture 
The first assessment is oriented towards design for manufacturing. This assessment focuses on a 
product: how it is made, what tradeoffs may be needed to make adjustments, and the mechanics 
of manufacturing parts at scale. Students are asked to analyse a product in the context of a 

 



 

fictionalized storyline and answer questions as a “consultant,” giving manufacturing advice to 
the instructor’s fictionalized role.  
 

Step 1: Choose a Product 
These are typically cheap, easy to access products such as small metal/plastic toys, food 
containers, or desktop organizers. Visible signs of manufacturing method such as ejector pin 
marks, flash, or gate marks will help generate conversation during the assessment. Having 
many slightly different versions of the product and choosing a couple for each student at 
random helps vary the assessments. This variation helps keep assessments distinct for 
instructors, making grading easier while ensuring integrity among students attempting to share 
information about the assessments.    
 
Step 2: Create a Storyline  
Help pull students into an authentic engineering situation with a story. Be ready to introduce 
yourself “as” a toy designer asking for support, a CEO ready to scale up your small company, 
a skeptical inspector, or a confused line engineer. It may be a role you’ve held before or one 
you’ve only imagined, just be ready to explain a few sentences about the situation and why 
you’re asking help from the student.  
 
Step 3: Fill in the Script  
Regardless of the product or storyline, the assessment follows the same path, and matches the 
grading rubric, which can be found in Appendix A. Adapt this script to fit your tone, story, 
and content preferences, and ask follow-up questions where relevant.  

●​ Invite the student in and introduce the storyline (about 30 seconds)  
●​ {Warm-Up} How was this made? How do you know that?/Show me what you’re 

looking at. (about 30 seconds)  
●​ {CRQFS} (about 1 minute) Pick 1: 

○​ To be able to [INSERT: goal from story], I really need to bring the cost down. 
How would I do that while maintaining [CHOOSE: quality, rate of production, 
this material, etc]? 

○​ I want to have a variety of [INSERT: product name] so that I can [INSERT: goal 
from story]. What sort of flexibility does this process allow for?  

○​ I love this [product name], but I want to make it more sustainable. How might I 
do that? What sort of tradeoffs do I need to make?  

○​ I want to make [INTERT: product subpart] [CHOOSE: stiffer, smaller, larger, 
smoother, squishier, more durable, etc], how would I do that? Would that effect 
the [INSERT ONE: CRQRS]  

●​ {DFM} (about 1.5 minutes) Pick 1:  
○​ Could I instead [INSERT: another manufacturing process] this part? (if not) What 

would I need to change about the design to do that?  

 



 

○​ I want to [INSERT: some change that makes the product harder to manufacture 
OR changes the way it could be manufactured]. How will this affect the 
manufacturing process?  

■​ Is there something else I could do to [INSERT: goal of change] that would 
make [INSERT: manufacturing method] more possible? OR  

■​ Is there a manufacturing method more suited to this change?  
●​ {Process Parameters} (about 2.5 minutes)  

○​ Can you please create a very quick/rough sketch of the tool (mold) used to make 
this part? 

○​ Choose one or more depending on time:  
■​ What is the rate limiting step for this process? 
■​ What dimension or parameter has the biggest effect on cooling time [or 

other parameter]? 
■​ Draw or indicate how plastic flows. 
■​ If I want to estimate the pressure drop, what is the characteristic length I 

would use? 
■​ Did the [buck/form] contact the outer or inner surface of the part? How 

can you tell? 
●​ {Bonus/optional} for students who finish quickly or might need a challenge; could be 

any relevant challenge question, and is generally more contextualised and open-ended 
answers to this question can only help a student’s grade, not harm it. Or, go back to a 
previous question where the student did not earn full points to give them a chance to 
improve.  

 
Step 4: Rubric-Question Alignment 
Review the questions and rubric together to check if they are in alignment. If they are not, 
make adjustments where necessary. Note: Instructors have found that changing the order of 
rubric line items to match the order you ask questions in the quiz is helpful for quick and 
straightforward grading.  
 
Step 5: Practice 
Practice with teaching assistants, students from previous semesters, and anyone else you have 
access to. Have some participants take the assessment genuinely. Invite others to come up 
with absurd or slightly off-kilter answers to throw off instructors. Practice test takers, 
especially former students, often needed reassurance that it was okay to provide these types of 
answers. Instructors found these “mistake” answers most helpful in their practice, and made 
that known to practice test takers as clearly as possible. Practice using the rubric during all 
practice assessments. All practice is good practice.  

 

 



 

Assessment 2: Data Interpretation and Troubleshooting 
The second assessment is oriented towards data interpretation and troubleshooting, but may 
contain other manufacturing content. This assessment focuses on data: identifying characteristics 
of data, speculating on the connection between the data and potential sources of process 
variation, troubleshooting and problem-solving potential issues, and making plans for how to 
confirm hypotheses and resolve problems. Students are asked to analyse one or more datasets in 
the context of a fictionalized storyline and answer questions as a “consultant,” giving advice to 
the instructor’s fictionalized role.  
 

Step 1: Choose a Product and Dataset 
The product for this assessment can be more complex or novel; only one or two objects are 
needed because the variation of this assessment is in the datasets. In the following section, The 
Creation and Use of AI-Generated Datasets for Authentic Assessment, we describe the process 
of generating fabricated numerical datasets using ChatGPT. Any numerical datasets that show 
a change over time or difference between two scenarios (plants, machines, seasons, runs, etc) 
can work well. Having several different datasets and choosing one for each student helps vary 
the assessments.  
 
Additionally, you may choose to incorporate other types of data. For instance, you may be 
interested in student response to a toolpath drawing, profilometry scans, or defective parts or 
molds. While these are exciting data elements, they may not be feasible for every instructor 
due to instructor capacity and material availability.  
 
Step 2: Create a Storyline  
This assessment involves data, so the storyline should incorporate a plausible explanation of 
why raw data exists and is important. Maybe something went wrong on the plant floor. Maybe 
this is test data from a newly installed machine. Maybe we are trying to choose between plants 
and have data from each. Maybe we are scaling up a product and want to see if a new method 
produces appropriate results. Regardless of the situation, set a plausible role for both you and 
the students to play during the assessment as a way to get them out of an exam mindset and 
into one of authentic engineering problem solving. 
 
Step 3: Fill in the Script  
This script is more flexible than that of the Design for Manufacture assessment because 
different types of data and/or artifacts may be used. We recommend between one and three 
data sources for a short oral assessment, with fewer leading to more comfortable timing. For 
example, in our most recent assessment, we used injection molding molds and CAM paths 
from an old student project for our first data source, and AI generated datasets for the second 
data source. We spent about half the time on each data source.   

 



 

●​ Invite the student in and introduce the storyline and artifact. Describe the problem you are 
(your character is) having. Then, present a data source or artifact. This could be the 
product, a defective part, a mold, graphs, or something else (30 seconds)  

For each data set, choose questions from the following categories, with optional follow-ups. 
These categories are aligned with the rubric, which can be found in Appendix B. While it is 
not necessary to cover every category for each dataset, all categories should be covered by the 
end of the oral assessment. This should, in total, take the rest of the oral assessment (6 
minutes, 30 seconds)  
●​ {Data Interpretation} Pick 1:  

Note: the follow-up options shown under the first question can be applied to any  
○​ What are you noticing about the [data set OR artifact]? 

■​ (for physical artifact) Can you point to what's causing [the problem 
described in the introduction]? 

■​ (for physical artifact or image) Do you see anything that could explain 
[the problem described in the introduction]? 

■​ (for graphed data) Can you point to when the part stops being in spec?  
■​ (for graphed data) What is happening to the [CHOOSE: average, standard 

deviation, spread, ect] over time?  
■​ (for multiple distinct graphed data sets) What is the main difference 

between the two sets of data?  
○​ Do you see anything surprising or notable?  
○​ (for graphed data)Talk to me through what you’re seeing in this data set. 

●​ {Process Variation} Pick 1with in-depth follow-ups:  
Note: For our oral assessments, we spent the most time in this section as instructors 
believe it to be the cornerstone of course content. Follow-ups were based on the details of 
specific student responses.  

○​ What do you think could be happening with the process to bring about this 
change? 

○​ What do you think is happening and why?  
●​ {Process Error and Problem Solving} Pick 1 with follow-ups as needed 

○​ How could you test your hypothesis? 
○​ What information would you need to confirm that [INSERT: student’s idea] is the 

problem? How would you get that information?  
○​ What recommendation would you make to fix this problem? 

■​ If you made those changes, what tradeoffs are you making?  
■​ And/or what new challenges might arise (CRQFS, variation, aesthetics, 

tooling, etc.)? 

 



 

 
Step 4: Rubric-Question Alignment + Step 5: Practice 
Just as in the Design for Manufacture assessment, make sure to check the rubric and script for 
alignment, and practice as much as possible.  

 
The Creation and Use of AI-Generated Datasets for Authentic Assessment 
The first time these assessments were conducted, fictional datasets were created. These datasets 
took the form of very processed data; they were normal curves with shading and labels. 
Examples of these data sets are shown in Figure 1.  
 

 
Figure 1: Example graphs from the first year of the Data Interpretation and Troubleshooting oral assessment 

 
These datasets worked well for the assessment, but the teaching team hoped to get data more 
representative of something an engineer might encounter if they were troubleshooting a 
manufacturing problem. In their job, an engineer would likely be asked to make sense of raw 
data, so the inclusion of such data helps make the assessments more authentic. The team 
hypothesized that this less processed data could lead to interesting conversations around 
ambiguity and atypical data components. While it was possible to adapt old project data, this 
process was deemed too time-intensive for the assessment. The team decided to investigate if AI 
could be used as a time-saving tool to produce authentic-looking datasets. After a few attempts, 
successful datasets were created using ChatGPT. Appendix C shows a complete transcript of the 
conversation.  
 
The initial prompt was important for setting the scope and starting in the right direction. Here, 
we break down the initial prompt. The prompt begins with a short description of the assessment: 
“Hello- I am working on creating assessments for a university manufacturing class and would 
like help generating fabricated data sets. The students are going to be analyzing a production 
run of an injection molded yo-yo. Specifically, I would like them to analyze a scatter plot of 
diameters from a run (50-100 parts) of yo-yo rings. I would like several data sets for variety. In 
each data set, there should be a change over time. The students will be asked to troubleshoot 
what might have happened in the manufacturing process to cause this change.” While this 
description was short and vague, it gave enough context to keep the chatbot in scope. Then, the 
prompt moves to the request, “I want to go back and forth with you to make sure everything is 
how I imagine it. Please ask if you have any clarifying questions, otherwise, please start with 3 
scatter plots.” ChatGPT will try to give an output with incomplete information. Explicitly asking 

 



 

for follow-up questions can help avoid unnecessary back and forth later in the query. ChatGPT 
did come back with several follow-up questions that led to reasonable datasets. Although its 
ideas about what the datasets represented were not always perfectly reasonable, it was able to 
come up with scatter plots that could easily be used in an assessment. Additionally, it was easy to 
go back and forth to make changes. For instance, if the way the data changed over time was too 
obvious or not obvious enough, it could be fixed in one exchange. One set of ChatGPT-generated 
datasets can be seen in Figure 2.  

 

 

 
Figure 2: Example data sets generated by ChatGPT for the second year of the Data Interpretation and 

Troubleshooting oral assessment 
 

While the datasets could be used directly (with titles cropped out), the instructor creating the 
assessment wanted to customize the charts. ChatGPT was able to provide code for the 

 



 

scatterplots, which made this possible. The code was not perfect; it took the instructor about 1.5 
hours to familiarize themselves with the code, debug it, and make custom graphs. The final code 
can be found in Appendix D. The instructor estimates this process would take about half that 
time (45 min) if they were to do it again in the future.  
 
Overall, the teaching team benefited from using ChatGPT to fabricate datasets. Because datasets 
could be created and adjusted quickly, the teaching team was able to discuss different options 
and adapt the graphs to build consensus. They believe that the ability to rapidly iterate through 
ideas — and the conversations between colleagues elicited by these iterations —  was a major 
advantage of the AI generated code. While ChatGPT occasionally created datasets that were not 
representative of reality and therefore couldn’t be used in the assessment, it did create datasets 
that looked legitimate, helping to make the assessment more authentic to engineering practice. If 
an instructor is looking for a fast and easy way to create datasets and does not need control of the 
exact details, then this could be the perfect tool. However, if an instructor does want more 
control over all of the elements of the datasets, has a vision for exactly what they want 
beforehand, and is comfortable coding, it may be more reasonable to start with a python script.  
 
Conclusion:  
Here, we present two tools used by instructors in 2.008: Design and Manufacturing II at MIT to 
create efficient oral assessments in a mid-sized university manufacturing course: “Plug and Play” 
Style Assessment scripts and AI-generated datasets. We present these tools as well as additional 
notes to encourage others to implement short authentic oral assessments in their classes. Our goal 
is to help make this assessment method manageable for instructors with busy schedules and no 
formal training in alternative assessment.  
 
Through the process of creating and implementing these oral assessments, the teaching team has 
formed stronger connections with students, built new skills, and had invaluable discussions about 
the connections between course components and engineering applications, and the tradeoffs 
surrounding authenticity and ambiguity in their class. We hope that by sharing our insights, we 
will inspire others to benefit similarly.  
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Appendix A: Rubric for Oral Assessment 1: Design for Manufacture  

 



 

Appendix B: Rubric for Oral Assessment 2: Data Interpretation and Troubleshooting 
 

 



 

Appendix C: Complete ChatGPT Conversation  

 

 



 

 

 



 

 
 

 



 

 

 



 

 

 



 

 

 



 

 

 



 

 

 



 

 

 



 

 
import numpy as np 
import matplotlib.pyplot as plt 
 
# 
========================================================== 
# General parameters 
# 
========================================================== 
target = 2.4 
base_sd = 0.003 
 
# 
========================================================== 
# Helper functions to generate datasets 
# 
========================================================== 
 
def drift_up(n=50, target=2.4, sd=0.003, 
drift_amount=0.008): 

 



 

    """Gradual upward drift (e.g., heat buildup or tool 
wear).""" 
    drift = np.linspace(0, drift_amount, n) 
    return np.arange(1, n+1), np.random.normal(target, sd, 
n) + drift 
 
def drift_down(n=50, target=2.4, sd=0.003, 
drift_amount=0.008): 
    """Gradual downward drift (e.g., cooling issues).""" 
    drift = np.linspace(0, -drift_amount, n) 
    return np.arange(1, n+1), np.random.normal(target, sd, 
n) + drift 
 
def increased_variability(n=50, target=2.4, sd=0.003, 
factor=2.0): 
    """Process grows more variable halfway through.""" 
    data = np.random.normal(target, sd, n) 
    for i in range(n//2, n): 
        data[i] = np.random.normal(target, sd * factor) 
    return np.arange(1, n+1), data 
 
def decreased_variability(n=50, target=2.4, sd=0.003, 
factor=0.5): 
    """Process becomes more stable halfway through.""" 
    data = np.random.normal(target, sd * factor, n) 
    for i in range(n//2): 
        data[i] = np.random.normal(target, sd) 
    return np.arange(1, n+1), data 
 
def step_up(n=50, target=2.4, sd=0.003, step_size=0.007): 
    """Sudden step increase halfway through.""" 
    data = np.random.normal(target, sd, n) 
    data[n//2:] += step_size 
    return np.arange(1, n+1), data 
 
def step_down(n=50, target=2.4, sd=0.003, step_size=0.007): 
    """Sudden step decrease halfway through.""" 
    data = np.random.normal(target, sd, n) 
    data[n//2:] -= step_size 
    return np.arange(1, n+1), data 
 

 



 

def cyclic_variation(n=50, target=2.4, sd=0.003, 
amplitude=0.004, cycles=3): 
    """Cyclic pattern (e.g., unstable cooling or 
pressure).""" 
    pattern = amplitude * np.sin(np.linspace(0, cycles * 
np.pi, n)) 
    return np.arange(1, n+1), np.random.normal(target, sd, 
n) + pattern 
 
def two_machine_comparison(n=50, target=2.4, sd=0.003, 
num_machines=2, issues=None): 
    """ 
    Generate data for multiple machines. 
    'issues' can be a list of strings like ['drift_down', 
'step_up'] to apply to each machine. 
    """ 
    if issues is None: 
        issues = ['normal'] * num_machines 
 
    time = np.arange(1, n+1) 
    datasets = [] 
 
    for i, issue in enumerate(issues): 
        if issue == 'drift_up': 
            _, data = drift_up(n, target, sd) 
        elif issue == 'drift_down': 
            _, data = drift_down(n, target, sd) 
        elif issue == 'step_up': 
            _, data = step_up(n, target, sd) 
        elif issue == 'step_down': 
            _, data = step_down(n, target, sd) 
        elif issue == 'cyclic': 
            _, data = cyclic_variation(n, target, sd) 
        else: 
            data = np.random.normal(target, sd, n) 
        datasets.append((f"Machine {i+1} ({issue})", data)) 
 
    return time, datasets 
 
# 
========================================================== 

 



 

# Plotting function 
# 
========================================================== 
 
def plot_data(x, y, title="Dataset", target=2.4): 
    plt.figure(figsize=(8, 4)) 
    plt.scatter(x, y, alpha=0.8) 
    plt.axhline(target, linestyle='--', linewidth=1, 
color='black') 
    plt.title(title) 
    plt.xlabel("Part Number (Time)") 
    plt.ylabel("Diameter (inches)") 
    plt.grid(True, linestyle='--', alpha=0.4) 
    plt.tight_layout() 
    plt.show() 
 
def plot_two_machine(time, datasets, target=2.4): 
    plt.figure(figsize=(9, 5)) 
    markers = ['o', 's', '^', 'x', 'D', 'v'] 
    for i, (label, data) in enumerate(datasets): 
        plt.scatter(time, data, alpha=0.8, marker=markers[i 
% len(markers)], label=label) 
    plt.axhline(target, linestyle='--', linewidth=1, 
color='black') 
    plt.title("Two (or More) Machine Comparison") 
    plt.xlabel("Part Number (Time)") 
    plt.ylabel("Diameter (inches)") 
    plt.legend() 
    plt.grid(True, linestyle='--', alpha=0.4) 
    plt.tight_layout() 
    plt.show() 
 
# 
========================================================== 
# Example usage 
# 
========================================================== 
if __name__ == "__main__": 
    # Example 1: Step Up 
    x, y = step_up(n=100) 
    plot_data(x, y, "Step Change Up (Example)") 

 



 

 
    # Example 2: Cyclic Variation 
    x, y = cyclic_variation(n=100) 
    plot_data(x, y, "Cyclic Variation (Example)") 
 
    # Example 3: Two Machine Comparison with Issues 
    time, machines = two_machine_comparison(n=100, 
num_machines=3, issues=['normal', 'drift_down', 'step_up']) 
    plot_two_machine(time, machines) 

 

 
 

import numpy as np 
import matplotlib.pyplot as plt 
 
# 
========================================================== 
# General parameters 

 



 

# 
========================================================== 
target = 2.4 
base_sd = 0.003 
 
# 
========================================================== 
# Helper functions to generate datasets 
# 
========================================================== 
 
def drift_up(n=50, target=2.4, sd=0.003, 
drift_amount=0.008): 
    drift = np.linspace(0, drift_amount, n) 
    return np.arange(1, n+1), np.random.normal(target, sd, 
n) + drift 
 
def drift_down(n=50, target=2.4, sd=0.003, 
drift_amount=0.008): 
    drift = np.linspace(0, -drift_amount, n) 
    return np.arange(1, n+1), np.random.normal(target, sd, 
n) + drift 
 
def increased_variability(n=50, target=2.4, sd=0.003, 
factor=2.0): 
    data = np.random.normal(target, sd, n) 
    for i in range(n//2, n): 
        data[i] = np.random.normal(target, sd * factor) 
    return np.arange(1, n+1), data 
 
def decreased_variability(n=50, target=2.4, sd=0.003, 
factor=0.5): 
    data = np.random.normal(target, sd * factor, n) 
    for i in range(n//2): 
        data[i] = np.random.normal(target, sd) 
    return np.arange(1, n+1), data 
 
def step_up(n=50, target=2.4, sd=0.003, step_size=0.007): 
    data = np.random.normal(target, sd, n) 
    data[n//2:] += step_size 
    return np.arange(1, n+1), data 

 



 

 
def step_down(n=50, target=2.4, sd=0.003, step_size=0.007): 
    data = np.random.normal(target, sd, n) 
    data[n//2:] -= step_size 
    return np.arange(1, n+1), data 
 
def cyclic_variation(n=50, target=2.4, sd=0.003, 
amplitude=0.004, cycles=3): 
    pattern = amplitude * np.sin(np.linspace(0, cycles * 
np.pi, n)) 
    return np.arange(1, n+1), np.random.normal(target, sd, 
n) + pattern 
 
def two_machine_comparison(n=50, target=2.4, sd=0.003, 
num_machines=2, issues=None): 
    if issues is None: 
        issues = ['normal'] * num_machines 
    time = np.arange(1, n+1) 
    datasets = [] 
    for i, issue in enumerate(issues): 
        if issue == 'drift_up': 
            _, data = drift_up(n, target, sd) 
        elif issue == 'drift_down': 
            _, data = drift_down(n, target, sd) 
        elif issue == 'step_up': 
            _, data = step_up(n, target, sd) 
        elif issue == 'step_down': 
            _, data = step_down(n, target, sd) 
        elif issue == 'cyclic': 
            _, data = cyclic_variation(n, target, sd) 
        else: 
            data = np.random.normal(target, sd, n) 
        datasets.append((f"Machine {i+1} ({issue})", data)) 
    return time, datasets 
 
# 
========================================================== 
# Plotting functions 
# 
========================================================== 
 

 



 

def plot_data(x, y, title="Dataset", target=2.4, 
show_spec=False, spec_tol=0.005): 
    plt.figure(figsize=(8, 4)) 
    plt.scatter(x, y, alpha=0.8) 
    plt.axhline(target, linestyle='--', linewidth=1, 
color='black', label="Target") 
    if show_spec: 
        plt.axhline(target + spec_tol, color='red', 
linestyle='--', linewidth=1, label="+ Spec Limit") 
        plt.axhline(target - spec_tol, color='red', 
linestyle='--', linewidth=1, label="- Spec Limit") 
    plt.title(title) 
    plt.xlabel("Part Number (Time)") 
    plt.ylabel("Diameter (inches)") 
    plt.grid(True, linestyle='--', alpha=0.4) 
    if show_spec: 
        plt.legend() 
    plt.tight_layout() 
    plt.show() 
 
def plot_two_machine(time, datasets, target=2.4, 
show_spec=False, spec_tol=0.005): 
    plt.figure(figsize=(9, 5)) 
    markers = ['o', 's', '^', 'x', 'D', 'v'] 
    for i, (label, data) in enumerate(datasets): 
        plt.scatter(time, data, alpha=0.8, marker=markers[i 
% len(markers)], label=label) 
    plt.axhline(target, linestyle='--', linewidth=1, 
color='black') 
    if show_spec: 
        plt.axhline(target + spec_tol, color='red', 
linestyle='--', linewidth=1) 
        plt.axhline(target - spec_tol, color='red', 
linestyle='--', linewidth=1) 
    plt.title("Two (or More) Machine Comparison") 
    plt.xlabel("Part Number (Time)") 
    plt.ylabel("Diameter (inches)") 
    plt.legend() 
    plt.grid(True, linestyle='--', alpha=0.4) 
    plt.tight_layout() 
    plt.show() 

 



 

 
# 
========================================================== 
# Example usage 
# 
========================================================== 
if __name__ == "__main__": 
    # Example 1: Step Up with spec limits 
    x, y = step_up(n=100) 
    plot_data(x, y, "Step Change Up (Example)", 
show_spec=True, spec_tol=0.005) 
 
    # Example 2: Cyclic Variation without spec limits 
    x, y = cyclic_variation(n=100) 
    plot_data(x, y, "Cyclic Variation (Example)", 
show_spec=False) 
 
    # Example 3: Multi-machine comparison with spec limits 
    time, machines = two_machine_comparison( 
        n=100, 
        num_machines=3, 
        issues=['normal', 'drift_down', 'step_up'] 
    ) 
    plot_two_machine(time, machines, show_spec=True, 
spec_tol=0.005) 

 
 

 



 

Appendix D: Finalized Dataset Generation Code 
import numpy as np 

import matplotlib.pyplot as plt 

 

# ========================================================== 

# Defaults (tweak here or per-call) 

# ========================================================== 

DEFAULT_TARGET = 2.4 

DEFAULT_SD = 0.003   # base process sigma 

 

# Optional: set a seed for reproducibility from your script/notebook. 

def set_seed(seed: int | None = None): 

    np.random.seed(seed) 

 

# ========================================================== 

# Plotting helper (with easy spec-limit toggle) 

# ========================================================== 

def plot_data(x, y, title="Dataset", target=DEFAULT_TARGET, show_spec=False, 

spec_tol=0.005): 

    plt.figure(figsize=(8, 4)) 

    plt.scatter(x, y, alpha=0.85) 

    plt.axhline(target, linestyle='--', linewidth=1, color='black', 

label="Target") 

    if show_spec: 

        plt.axhline(target + spec_tol, color='red', linestyle='--', 

linewidth=1, label="+ Spec") 

        plt.axhline(target - spec_tol, color='red', linestyle='--', 

linewidth=1, label="- Spec") 

        plt.legend() 

    plt.title(title) 

    plt.xlabel("Part Number (Time)") 

    plt.ylabel("Diameter (inches)") 

    plt.grid(True, linestyle='--', alpha=0.35) 

    plt.tight_layout() 

    plt.show() 

 

# ========================================================== 

# Core generators (all include `factor` to scale variability) 

# x always = np.arange(1, n+1) 

# ========================================================== 

 

def drift_up( 

 



 

    n=50, 

    target=DEFAULT_TARGET, 

    sd=DEFAULT_SD, 

    factor=1.0, 

    drift_amount=0.008 

): 

    """ 

    Gradual upward drift across the run. 

    factor: multiplies the base sd for all points. 

    drift_amount: total change from first to last point (inches). 

    """ 

    x = np.arange(1, n+1) 

    noise = np.random.normal(loc=0.0, scale=sd * factor, size=n) 

    drift = np.linspace(0.0, drift_amount, n) 

    y = target + noise + drift 

    return x, y 

 

def drift_down( 

    n=50, 

    target=DEFAULT_TARGET, 

    sd=DEFAULT_SD, 

    factor=1.0, 

    drift_amount=0.008 

): 

    """ 

    Gradual downward drift across the run. 

    """ 

    x = np.arange(1, n+1) 

    noise = np.random.normal(loc=0.0, scale=sd * factor, size=n) 

    drift = np.linspace(0.0, -drift_amount, n) 

    y = target + noise + drift 

    return x, y 

 

def increased_variability( 

    n=50, 

    target=DEFAULT_TARGET, 

    sd=DEFAULT_SD, 

    factor=1.0, 

    change_factor=2.0, 

    change_at: int | None = None 

): 

    """ 

 



 

    Variability increases mid-run. 

    factor: base variability multiplier before the change. 

    change_factor: additional multiplier applied AFTER change point. 

    change_at: index (1-based in plot; 0-based internally) where variability 

increases. 

               Defaults to halfway (n//2). 

    """ 

    if change_at is None: 

        change_at = n // 2 

    x = np.arange(1, n+1) 

    y = np.empty(n, dtype=float) 

    # First segment 

    y[:change_at] = np.random.normal(loc=target, scale=sd * factor, 

size=change_at) 

    # Second segment 

    y[change_at:] = np.random.normal(loc=target, scale=sd * factor * 

change_factor, size=n - change_at) 

    return x, y 

 

def decreased_variability( 

    n=50, 

    target=DEFAULT_TARGET, 

    sd=DEFAULT_SD, 

    factor=1.0, 

    change_factor=0.5, 

    change_at: int | None = None 

): 

    """ 

    Variability decreases mid-run. 

    factor: base variability multiplier before the change. 

    change_factor: multiplier AFTER change point (e.g., 0.5 halves 

variability). 

    """ 

    if change_at is None: 

        change_at = n // 2 

    x = np.arange(1, n+1) 

    y = np.empty(n, dtype=float) 

    y[:change_at] = np.random.normal(loc=target, scale=sd * factor, 

size=change_at) 

    y[change_at:] = np.random.normal(loc=target, scale=sd * factor * 

change_factor, size=n - change_at) 

    return x, y 

 



 

 

def step_up( 

    n=50, 

    target=DEFAULT_TARGET, 

    sd=DEFAULT_SD, 

    factor=1.0, 

    step_size=0.007, 

    step_at: int | None = None 

): 

    """ 

    Sudden upward shift mid-run. 

    factor: scales noise both before and after the step. 

    step_at: index where step happens (default halfway). 

    """ 

    if step_at is None: 

        step_at = n // 2 

    x = np.arange(1, n+1) 

    y = np.random.normal(loc=target, scale=sd * factor, size=n) 

    y[step_at:] += step_size 

    return x, y 

 

def step_down( 

    n=50, 

    target=DEFAULT_TARGET, 

    sd=DEFAULT_SD, 

    factor=1.0, 

    step_size=0.007, 

    step_at: int | None = None 

): 

    """ 

    Sudden downward shift mid-run. 

    """ 

    if step_at is None: 

        step_at = n // 2 

    x = np.arange(1, n+1) 

    y = np.random.normal(loc=target, scale=sd * factor, size=n) 

    y[step_at:] -= step_size 

    return x, y 

 

def cyclic_variation( 

    n=50, 

    target=DEFAULT_TARGET, 

 



 

    sd=DEFAULT_SD, 

    factor=1.0, 

    amplitude=0.004, 

    cycles=3.0, 

    phase=0.0 

): 

    """ 

    Repeating sine-wave pattern superimposed on noise. 

    factor: scales overall noise. 

    amplitude: sine amplitude in inches. 

    cycles: number of half-cycles of π (i.e., sin goes 0..cycles*π). 

            If you prefer full cycles across n, pass cycles=2*np.pi*k and set 

linspace accordingly. 

    phase: radians phase offset (useful for generating variants). 

    """ 

    x = np.arange(1, n+1) 

    theta = np.linspace(0.0 + phase, cycles * np.pi + phase, n) 

    pattern = amplitude * np.sin(theta) 

    noise = np.random.normal(loc=0.0, scale=sd * factor, size=n) 

    y = target + pattern + noise 

    return x, y 

 

# ========================================================== 

# Quick examples (delete or adapt in your notebook/script) 

# ========================================================== 

if __name__ == "__main__": 

    set_seed(2027) 

 

    # Step up 

    x1, y1 = step_up(n=100, factor=1.0, step_size=0.02) 

    plot_data(x1, y1, "", show_spec=True, spec_tol=0.01) 

 

    # Cyclic 

    x2, y2 = cyclic_variation(n=500, factor=1.5, amplitude=0.008, cycles=4) 

    plot_data(x2, y2, "", show_spec=True, spec_tol=0.01) 

 

    # Increased variability 

    x3, y3 = increased_variability(n=100, factor=1.0, change_factor=5.0) 

    plot_data(x3, y3, "", show_spec=True, spec_tol=0.01) 

 

    # Drift up 

    x4, y4 = drift_up(n=100, factor=1.0, drift_amount=0.02) 

 



 

    plot_data(x4, y4, "", show_spec=True, spec_tol=0.01) 

 

    # Drift down 

    x5, y5 = drift_down(n=100, factor=1.0, drift_amount=0.02) 

    plot_data(x5, y5, "", show_spec=True, spec_tol=0.01) 

 

    # Step down 

    x6, y6 = step_down(n=100, factor=1.0, step_size=0.02) 

    plot_data(x6, y6, "", show_spec=True, spec_tol=0.01) 
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