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Enhancing Analytics Education through Artificial Intelligence and Automated Learning Tools

 Abstract
This research aims to enhance analytics education by leveraging artificial intelligence and automated learning tools, focusing on four primary objectives. First, it generates automated problem prompts using AI to create diverse and realistic learning scenarios. Second, it provides animated, real-time visualizations of descriptive and inferential statistics—including sample means, population means, sampling distributions, and hypothesis testing distributions with clear rejection and fail-to-reject regions—to deepen students' conceptual understanding. Third, it implements automated, real-time grading of assignments to offer immediate feedback and improve learning efficiency. Lastly, it integrates analytics instruction with software, specifically Microsoft Excel, to perform calculations, utilizing a familiar platform to facilitate learning before transitioning to more advanced tools.
 Introduction
In the rapidly evolving field of data analytics, achieving a deep conceptual understanding of advanced topics poses a significant challenge. Traditional educational tools often limit students' ability to illustrate these concepts through visual representations. Consequently, we've observed that some students who perform well in analytics courses still emerge with a limited grasp of the underlying concepts. They can apply formulas mechanically but struggle to internalize and articulate key statistical ideas. This is concerning because students may believe they understand the material when they actually do not.

Our research aims to revolutionize analytics education by integrating artificial intelligence (AI) and automated learning tools to enhance both learning and assessment. By employing AI to generate diverse problem cases and automating tasks such as visualization and grading, we create an interactive and efficient learning environment. While advanced tools like Python, R, or Tableau are invaluable, starting with a familiar platform like Microsoft Excel—chosen in part for its compatibility with our automated grading system—provides an accessible foundation for students before they transition to more complex software. (Mansour, Aly, & Gheith).
 Objective 1: Case Generation Using Artificial Intelligence
Engagement is crucial for students to develop a conceptual understanding of statistics. To foster this engagement, artificial intelligence plays a pivotal role in modernizing analytics education by generating diverse problem cases (Rhem, 2023). By leveraging AI algorithms, we create a wide array of problems that adapt to the students’ proficiency level, ensuring a tailored learning experience that keeps students involved and covers a broader spectrum of analytical scenarios (Dankar & Ibrahim, 2021).
AI systems, such as ChatGPT, can utilize known population parameters to generate synthetic datasets that mirror real-world situations. By employing statistical parameters—such as means, variances, and distributions—from real populations, the AI engine creates datasets for hypothesis testing. This approach ensures the synthetic data preserves the inherent properties of real-world data, making the learning experience more authentic and practical. For instance, using a known population mean and standard deviation, the AI can produce multiple datasets that require students to perform hypothesis testing on data that could reasonably have originated from these populations (Dankar & Ibrahim, 2021).

To further enhance the learning experience, our automated grading software safeguards academic integrity. Each student receives a slightly different version of the workbook. By making subtle adjustments to the data that maintain the overall statistical conclusions and population parameters, we ensure that while all students are assessed on identical concepts, they work with distinct datasets. This strategy promotes independent work and upholds academic integrity without compromising the educational value or intended learning outcomes. 
 Objective 2: Real-Time Visualization of Statistical Data
Visualization is a cornerstone in comprehending statistical concepts (Liu, Salvendry, & Kuczek, 1999). However, with the shift towards digital learning software in many introductory courses (e.g., McGraw Hill Connect), the practice of drawing graphs and distributions has diminished. To bridge the gap between abstract theory and practical understanding, we introduce tools that automatically generate real-time visualizations of both descriptive and inferential statistics. As students input their calculations, dynamic and interactive graphs are constructed, providing immediate visual feedback on concepts such as sample means, population means, sampling distributions, and hypothesis testing regions. This visualization process resembles an animation, with each data point and curve appearing successively as students complete their calculations.
These real-time visualizations empower students to explore "what-if" scenarios by manipulating key variables like standard deviations or sample sizes and observing the resulting effects on the graphs (Liu et al., 1999). For example, when conducting a two-sample t-test, students can adjust the means and variances of the samples and instantly see how these changes affect the t-distribution, p-values, and whether the calculated value falls within the rejection region. This interactive approach enhances conceptual understanding by making the consequences of statistical decisions immediately visible (Marasinghe, Meeker, Cook, & Shin, 1996).
Furthermore, integrating visualization with automated grading provides students with confirmation that their graphs are correct, reinforcing learning and building confidence. According to the Guidelines for Assessment and Instruction in Statistics Education (GAISE), technology should not merely generate statistical output but should serve as a medium to explore and internalize conceptual ideas through visualization and simulation (Franklin et al., 2007). By incorporating conceptual questions into worksheets with visualizations, we encourage students to interact with the "what-if" scenarios. These questions shift the focus from merely obtaining the right answer to understanding the conceptual impact of value changes, leading to a deeper overall understanding. Our approach aligns with this philosophy, utilizing automated real-time visualization to deepen students' grasp of complex statistical concepts.

Moreover, real-time visualization offers significant benefits for educators. It enables instructors to present "what-if" scenarios that challenge students to think critically about statistical concepts. By manipulating key variables such as standard deviations or sample sizes during live demonstrations, educators can illustrate the direct impact these changes have on outcomes like t-distributions and p-values. This dynamic approach fosters deeper engagement, allowing instructors to guide students through complex decision-making processes while reinforcing theoretical concepts with immediate, tangible feedback. Additionally, it enables educators to assess student comprehension in real-time, adapting their instruction as needed to address misunderstandings.
 Objective 3: Real-Time Grading of Assignments
Timely feedback is crucial in the learning process, particularly in subjects that require iterative problem-solving like analytics (Bajaj, Kaur, Arora, & Singh, 2018). Recognizing this need, we have developed an automated grading system known as Scoreboard (*citation suppressed to obscure the identity of authors). Scoreboard provides real-time assessments of student assignments, evaluating various aspects of their work—including the accuracy of calculations, the correctness of formula usage, and the interpretation of data.
By offering immediate feedback, Scoreboard enables students to quickly identify and rectify mistakes, leading to a deeper understanding of the material. This immediate correction loop enhances learning efficiency and helps prevent the reinforcement of misconceptions (Bajaj et al., 2018). Additionally, the system reduces the grading burden on faculty, allowing them to focus more on instructional activities rather than administrative tasks.

Moreover, Scoreboard incorporates integrity controls to uphold academic honesty. It assigns unique problem sets to each student to minimize opportunities for cheating and can detect patterns indicative of dishonest practices, such as copying solutions. The widespread adoption of Scoreboard by over two dozen universities worldwide attests to its effectiveness in enhancing both the learning experience and the administrative efficiency of analytics education.
 Objective 4: Teaching Analytics Using Microsoft Excel
Teaching analytics using Excel offers multiple advantages, including leveraging a familiar platform, scaffolding complex formulas, dynamically updating templates, and integrating with automated grading systems.
According to the Guidelines for Assessment and Instruction in Statistics Education (GAISE), educators should avoid teaching both the tool and the statistical concepts simultaneously (Franklin et al., 2007). Excel's widespread use in industry makes it a practical choice for introductory courses, allowing students to focus on understanding statistical concepts without the added complexity of learning new software (Warner & Meehan, 2001). By utilizing a familiar environment, students can build confidence and reinforce their theoretical knowledge and problem-solving skills before transitioning to more advanced tools like Python, R, or Tableau.
Faculty can scaffold complex formulas within Excel to support student learning. For example, while Excel provides functions like `NORM.S.DIST` to calculate the probability of a Z-score, it may lack built-in functions for calculations such as pooled variance. In these cases, instructors can embed the necessary formulas into the worksheet early in the learning cycle. As students' comprehension increases, they can be required to perform these calculations independently.
Conceptual understanding is further enhanced when templates specifically reference data values. Using descriptive labels like "East Division mean" instead of "x̄₁" in calculations and graphs helps bridge gaps in student comprehension. This specificity makes statistical concepts more relatable and easier to grasp.
Students often face challenges transitioning from raw data to standardized values and back in statistical tests. While statistical tests are performed on standardized values, conclusions—including confidence intervals for the population mean—relate back to the raw data. To address this disconnect, we include two graphs of the sampling distribution of sample mean differences that mirror each other: one displaying raw data values on the x-axis and the other showing standardized values. By creating conceptual links between the graphs, such as plotting standard errors on the raw data graph, students can more easily make connections between the two representations.
Updating templates for each new problem can be tedious and error-prone for faculty. However, by leveraging Excel's text and logic functions, we can automate prompts, calculations, and dropdown lists to generate automatically as values change with each new problem. This dynamic updating allows for quick creation of new assignments with minimal customization effort. 
During our presentation, we will demonstrate how to create new problems rapidly and will distribute sample exercises to participants. Scoreboard is free for academic use, and we will show interested parties how to customize their own exercises.

Excel is strategically utilized because it seamlessly integrates with our automated grading system, Scoreboard. This system provides real-time feedback as students enter their solutions in the worksheet's cells. Consequently, students receive immediate confirmation that their values are correct while simultaneously seeing those values visualized in graphs. This immediate feedback enhances understanding and builds confidence in the material.
 Conclusion
By integrating these four objectives—AI-generated problem prompts, animated real-time visualization, automated real-time grading, and the strategic use of Excel—we aim to revolutionize analytics education. The combination of artificial intelligence and automated learning tools creates an interactive and efficient learning environment that enhances student engagement, reinforces conceptual understanding, and upholds academic integrity. This comprehensive approach not only equips students with the necessary skills and knowledge to succeed in the dynamic field of data analytics but also prepares them to utilize more advanced analytical tools in their future careers.

Example Assignment
To illustrate our system in action, we include an example assignment below. While the screenshots encompass both calculations and graphs on the same worksheet, we've separated them here for clarity.
We begin with the prompt and the calculations. Students are instructed to use Excel formulas or functions to compute every cell containing a number. The example shown represents a perfectly completed assignment. If students make a mistake during the assignment, the corresponding cell turns pink and provides feedback—such as indicating whether the value is too high or too low, if a reference is missing, or if the format is incorrect—to guide them toward the correct answer. For cells requiring text input, we incorporate dropdown lists with distractors that are automatically customized to include relevant subjects from the prompt.
The first two graphs provide a highly stylized representation of what it means to reject or fail to reject the null hypothesis. These are static images because dynamically rendering them consumes excessive Excel resources. We include these graphs because students often struggle to understand that while the test's inference is based on the difference in sample means, the conclusion pertains to the population, not just the sample.
The next two graphs are dynamic and update in real time as students progress through their calculations. Each time a new step is completed, the graphs redraw accordingly. This functionality allows students to explore "what-if" scenarios by varying key variables and observing the resulting effects. 

For example, problems with small sample sizes may yield insignificant results due to limited data. If students artificially increase the sample size within the spreadsheet, they can observe how the downstream calculations and graphs update to yield significant results. This hands-on manipulation emphasizes the importance of sample size more effectively than theoretical explanations alone. It also illustrates that with a sufficiently large sample, even trivial differences can become statistically significant. Both points are critical for business students to understand as consumers of statistical information.
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Use of ChatGPT to Generate a Similar Prompt
Role: You are a teacher designing a prompt for your students. Make a prompt similar to the one below subject to the following constraints:
Context: Business
Type of test: Two sample T with unequal variances
Conclusion: Fail to reject the null
Data: Include test data in MS Excel format
Original prompt: A software development company wants to determine if a new user interface (UI) design reduces the average time it takes users to complete a specific task compared to the old UI design. To investigate, the company randomly selected users and presented them with new and old UI's. Their completion times were recorded. At the 0.05 significance level, can the company conclude that the new UI design reduces the average task completion time? Assume that the population variances are unknown and unequal.

Response from ChatGPT
A retail company wants to determine if a new marketing strategy leads to a higher average weekly sales increase compared to the old marketing strategy. To investigate, the company randomly selected stores and applied either the new or old strategy. Their weekly sales increases were recorded. At the 0.05 significance level, can the company conclude that the new strategy leads to a higher average sales increase? Assume that the population variances are unknown and unequal.

Sales Data from ChatGPT
	Old Strategy
	New Strategy

	5.2
	6.4

	4.8
	6.8

	5.5
	6.1

	6
	7

	4.9
	6.9

	5.3
	7.2

	5.7
	6.5

	6.2
	7.1

	5
	6.7

	5.4
	6.6





Use of ChatGPT to Generate a Real World Prompt
Role: You are a teacher designing a prompt for your students. You want the prompt to use synthetic data that matches real world publically available population parameters
Context: Business
Type of test: Two sample T with unequal variances
Conclusion: Reject the null
Data: Include test data in MS Excel format

Response from ChatGPT
A transportation company wants to determine if its newly implemented delivery optimization software significantly reduces average delivery times compared to its previous system. The company has collected data on delivery times before and after the software implementation from multiple delivery routes. Using the provided data, perform a two-sample T-test assuming unequal variances. At the 0.05 significance level, can the company conclude that the new software significantly reduces average delivery times?

Synthetic Sales Data from ChatGPT
I have generated synthetic data that mimics real-world delivery times, which you can use for the analysis. 

	Old Times (hrs)
	New Times (hrs)

	6.897371
	5.278805

	6.389389
	6.996595

	7.018151
	5.690552

	7.718424
	4.959602

	6.312677
	6.275781

	6.31269
	4.845409

	7.76337
	5.846205

	7.113948
	4.328231

	6.12442
	4.77027

	6.934048
	5.837803

	6.129266
	6.216927

	6.127416
	5.819958

	6.69357
	5.619046

	4.969376
	5.489227

	5.120066
	4.665035

	6.05017
	5.196109

	5.689735
	5.377553

	6.751398
	6.439986

	5.773581
	5.940533

	5.370157
	4.465872

	7.672519
	5.926859

	6.319379
	5.430442

	6.554023
	5.226155

	5.360201
	6.128173

	6.064494
	6.4217

	6.588738
	6.351896

	5.579205
	5.112548

	6.800558
	5.483551

	6.019489
	5.931884

	6.266645
	6.382882
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case One-tailed LEFT



distribution T



Descriptive statistics
Old UI New UI



Observed Difference
xbar New UI - xbar Old UI



sample size    n 12 10



Mean    xbar 55.17 46.70 -8.47



Expected Variability    s 1.64 1.89



null hypothesis
There is NO SIGNIFICANT DIFFERENCE 
between NEW UI μ and OLD UI μ



alternative hypothesis NEW UI μ is SIGNIFICANTLY < OLD UI μ



Standard Error - used to form the sampling distribution of sample means (SDSM)



Expected Mean Difference μ 0.00
SDSM



Expected Variability
(Standard Error)



sqrt( (s₁²/n₁) + (s₂²/n₂) ) 0.76 │IIIII│IIIII│IIIII│IIIII│IIIII│



How many standard errors until we reach the boundary?
alpha 5%



dof 18



Two-tailed One-tailed LEFT
CV lower bound rejection region lower bound -2.10 -1.73



CV upper bound rejection region upper bound 2.10 n/a



How many standard errors do we actually have?
T = observed difference /



expected variability
observed difference /



standard error
-11.10



P(T)
Probability of observing T if POPULATION 



means are the SAME
0.00%



Results
Conclusion Reject the null



Reason
0.00% means samples probably come 
from DIFFERENT populations



Interpretation NEW UI μ is SIGNIFICANTLY < OLD UI μ



You are REJECTING the null. if you are 
wrong this would be which error type?



Type I error: Rejecting the null hypothesis 
when it is actually true



Confidence Interval (CI) - If we reject the null then the CI will show the true difference between population means
If we don't reject then the orignal null hypothesis will appear inside the CI



alpha
lower bound 



subtract CV (two-Tailed) * SE
xbar New UI
 - xbar Old UI



upper bound 
add CV (two-Tailed) * SE



95% -10.07 -8.47 -6.86



A software development company wants to determine if a new user interface (UI) design reduces the average time it takes users
to complete a specific task compared to the old UI design. To investigate, the company randomly selected users and presented 
them with new and old UI's. Their completion times were recorded. At the 0.05 significance level, can the company conclude 
that the new UI design reduces the average task completion time? Assume that the population variances are unknown and 
unequal.
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Obs. Diff = -8.47
p = 0.00%
T =  -11.10



alpha = 5.0%
T Crit = -1.73



New UI µ = Old UI µ



-16 -14 -12 -10 -8 -6 -4 -2 0 2 4 6



T Scores = # of Standard Errors (SE)



Sample Mean Differences Standardized



Your job is to determine which picture applies. Sample means from the same population should be close together. Their closeness 
depends on sample size (larger samples yield closer means) and standard deviation (smaller deviations yield closer means).



-1 SE



-2 SE



-3 SE



+1 SE = 0.76



+2 SE



+3 SE



Obs. Diff = -8.47
-11.10 SE



CI lower
-10.07



CI upper
-6.86



New UI µ = Old UI µ



-12 -10 -8 -6 -4 -2 0 2 4



Difference between sample means



Sample Mean Differences (SDSM)
Standard Errors (SE) and Confidence Interval (CI) of the Population Mean










Obs. Diff = -8.47

p = 0.00%

T =  -11.10

alpha = 5.0%

T Crit = -1.73

New UI µ = Old UI µ

-16 -14 -12 -10 -8 -6 -4 -2 0 2 4 6

T Scores = # of Standard Errors (SE)

Sample Mean Differences Standardized

Your job is to determine which picture applies. Sample means from the same population should be close together. Their closeness 

depends on sample size (larger samples yield closer means) and standard deviation (smaller deviations yield closer means).

-1 SE

-2 SE

-3 SE

+1 SE = 0.76

+2 SE

+3 SE

Obs. Diff = -8.47

-11.10 SE

CI lower

-10.07

CI upper

-6.86

New UI µ = Old UI µ

-12 -10 -8 -6 -4 -2 0 2 4

Difference between sample means

Sample Mean Differences (SDSM)

Standard Errors (SE) and Confidence Interval (CI) of the Population Mean


