	
	
	



Missing Data Assignment  

Information for Instructors 
Missing Data Assignment   
Overview 
This problem set will address the outcome: Apply mathematical methods to problems in other fields of study.  

For each of the problems in this assignment, students will need to identify the additional data needed to solve the problem. Students will practice analyzing mathematical approaches and results, identifying needed information, and communicating their reasoning clearly.


Information for Students
Missing Data Assignment
Overview
For the problems in this assignment, you are given a list of data.  However, the problem cannot be solved without additional data. You will identify the data you need to solve each problem and provide a justification for your choices.

Problem 1: Predicting Student Success 
A university is interested in predicting whether incoming students will graduate within four years. You are provided with a dataset for 1,000 students who enrolled five years ago, the data includes: 
High school GPA 
Intended major at enrollment 
Number of extracurricular activities listed on the application 
Zip code of permanent residence 
Whether they lived on-campus during their first year (yes/no) 
[bookmark: _Int_GAfLXwxg][bookmark: _Int_B6d1aioV][bookmark: _Int_tPsWx1PP]You are asked to build a logistic regression model to predict the likelihood of a new incoming student graduating in four years based on this data. However, when you open the dataset, you notice that it does not include whether each student actually graduated within four years. This problem cannot be solved with the current dataset. Identify at least three pieces of additional data or information you would need to build a valid predictive model and explain why each is necessary. 

Problem 2-Part 1: Evaluating the Impact of Minimum Wage Increases 
A state government has recently raised its minimum wage from $10 to $13 per hour. As an economic analyst, you are tasked with evaluating the effect of this policy change on employment levels in the state. 
You are provided with the following data for the year before and the year after the policy was implemented: 
Statewide minimum wage level
Total number of employed individuals in the state (aggregated) 
State population
Average hourly wage across all sectors
Median household income
You are asked to determine the causal impact of the minimum wage increase on employment in the state. This problem cannot be solved with the given data. Identify at least three additional types of data or information you would need to reasonably estimate the causal impact of the minimum wage increase on employment. Explain why each is necessary and how it would contribute to your analysis. 
Problem 2-Part 2: Sketch a Research Design 
You will now use the additional data you identified. Propose a research design to estimate the causal effect of the minimum wage increase on employment using a difference-in-differences (DiD) approach. Include the following elements in your research design: 
· What would be your treatment group and control group? 
· What time periods would you compare? 
· What assumptions does the DiD method rely on in this context? 
· How would you test for the validity of those assumptions (e.g., parallel trends)? 
As you work through this assignment you will:
· Select a problem from the choices provided.
· Determine the information needed to solve the problem.
· Provide a rationale for the data you need to solve the problem.

Assignment Format & Guidelines
Your submission will:
Include the original problem and the proposed solutions.
Identify the solution you believe is most reasonable.
Use estimation and logic to support your choice.
Include a short-written paragraph (3–7 sentences) explaining your reasoning.

Assessment Criteria 
Your missing data problem situations will be graded on:
[bookmark: _Int_lJcnfth0]The identification of missing data.
[bookmark: _Int_VWj0ecDT]Your justification for why the data is needed. 
[bookmark: _Int_Wi7yYpkq]The assumptions associated with the data.
 

 
	Missing Data Assignment Grading Rubric

	Criteria
	Exceeds Expectations
	Meets Expectations
	Approaches Expectations
	Developing

	Identification of Missing Data 
(50 points)
	Identifies more than three relevant, specific missing variables 
(40–50 points)
	Identifies one to two relevant variables. 
(26–39 points)
	Identifies one variable 
(13–25 points)
	No variables identified or variables are identified that are not relevant. 
 (0–12 points)

	Justification for Each Variable 
(30 points)
	Clearly explains why each variable is necessary and how it would influence analysis.
 (25–30 points)
	Explanation is somewhat clear, or incomplete for a few of the variables. 
(20–24 points)
	Explanation is general or incomplete. (10–19 points)
	No explanation included or explanation has numerous errors.
(0–9 points)

	Understanding of Causality Challenges 
(20 points)
	Shows insight into why the current data does not allow causal inference. 
(17–20 points)
	Mentions causality but lacks detail. (14–16 points)
	Mentions causality only superficially or inaccurately. (7–13 points)
	No discussion of causality. (0–6 points)



 
	Missing Data Assignment: Design Using Difference-in-Differences (DiD) Grading Rubric

	Criteria
	Exceeds Expectations
	Meets Expectations
	Approaches Expectations
	Developing

	Definition of Treatment and Control Groups 
(30 points)
	Clearly identifies treatment and control groups. (25–30 points)
	Treatment/control groups are not well justified. 
(20–24 points)
	Groups are identified but seem not completely appropriate or well justified. vague. 
(10–19 points)
	Fails to identify appropriate treatment and control groups.
 (0–9 points)

	Time Period Selection 
(20 points)
	Appropriately selects and explains time periods. 
(17–20 points)
	Explanation of time periods is mostly appropriate. 
(14–16 points)
	Time periods are mentioned but are only somewhat appropriate.  
(6–13 points)
	No time periods selected.
 (0–5 points)

	Explanation of DiD Assumptions (30 points)
	Correctly explains key assumptions, especially parallel trends. (25–30 points)
	Mentions assumptions but not clearly explained. 
(20–24 points)
	Assumptions are not clearly mentioned and are vague. 
(10–19 points)
	No mention of assumptions. 
(0–9 points)

	Testing for Validity
 (20 points)
	Suggests more than three strategies to check validity. (17–20 points)
	Suggests two to three reasonable strategies to check validity. 
(14–16 points)
	Suggests one strategy.  
(6–13 points)
	No mention of validity testing.
 (0–5 points)

	Clarity and Organization (10 points)
	Argument is well-structured, clear, and supported. 
(8–10 points)
	Generally clear and argument is supported.
 (6–7 points)
	Argument is present but unclear or weakly supported. 
(3–5 points)
	Argument is not clear and not supported. (0–2 points)


 
 
Sample Student Submission

Jeremiah Point
Missing Data Assignment 
Statistics 

Problem 1: Identifying Missing Data 
The goal is to build a logistic regression model to predict whether a student will graduate within four years. However, the dataset does not include graduation outcomes, making it impossible to complete this task as described. To build a meaningful predictive model, we would need the following additional data: 
Four-Year Graduation Outcome (Target Variable) 
Why It's Needed: This is the outcome variable we are trying to predict in a logistic regression model. Without knowing whether each student graduated or not, we cannot train or evaluate the model. 
Use in Model: This would serve as the binary dependent variable (1 = graduated within 4 years, 0 = did not). 

 Academic Performance During College (e.g., first-year GPA, credit accumulation) 
Why It's Needed: High school GPA may not fully predict college success. Academic performance in the first year is often a strong indicator of eventual graduation. 
Use in Model: These variables can improve model accuracy by capturing early college momentum. 

 Socioeconomic Status (e.g., Pell Grant eligibility, family income) 
Why It's Needed: Financial constraints can impact retention and time to graduation. Including socioeconomic factors helps account for external pressures students face. 
Use in Model: These features would help explain variability in graduation outcomes not captured by academic indicators. 

Institutional Data (e.g., advisor assignment, participation in support programs) 
Why It's Needed: Institutional support can influence success. Students with access to mentors or support services may have better outcomes. 
Use in Model: This helps explain institutional effects that impact student persistence. 

Part 2: Implications for Model Building 
[bookmark: _Int_4JKBijyk]Because the dataset is missing the target variable, any predictive modeling is impossible at this stage. Even if graduation status were added, failing to include key variables like college GPA or financial stressors would limit the model's predictive power and potentially introduce bias. 
Moreover, relying only on pre-enrollment data could produce misleading results and lead to unfair predictions, especially for students from underrepresented or lower-income backgrounds. 
Conclusion 
Before attempting to model 4-year graduation, it is essential to collect: 
· The actual graduation outcome, 
· Data reflecting student performance during college, 
· Socioeconomic factors, and 
· Institutional support data. 
Only with this more complete dataset could we reasonably train a logistic regression model to predict student success—and do so in a way that is both statistically valid and ethically responsible. 
 
 Sample Student Response: Evaluating the Impact of a Minimum Wage Increase 

Problem 2: Identifying Missing Data 
The current dataset is insufficient for assessing the causal impact of the minimum wage increase on employment. To conduct a valid analysis, I would need at least the following three additional data elements: 
Employment Data by Sector or Demographic Group 
Why Needed: Minimum wage increases are more likely to affect low-wage sectors like retail, food service, and hospitality. Aggregate employment data may mask important changes within these sectors. 
Use: Disaggregated data would allow me to isolate the sectors most affected by the policy and examine whether employment declined specifically in those areas. 

Comparable Data from a Control Group (e.g., a neighboring state or similar counties without a minimum wage increase) 
Why Needed: Without a control group, I cannot separate the effects of the minimum wage policy from other macroeconomic trends (e.g., national job growth or recession). 
Use: I would use this control group in a difference-in-differences (DiD) model to estimate the counterfactual—what would have happened in the treatment state had the policy not changed. 

Pre-policy Employment Trends (e.g., multiple years of employment data before the policy) 
Why Needed: To verify the parallel trends assumption of the DiD model and ensure that any observed post-policy difference is due to the minimum wage change—not a pre-existing trend. 
Use: I would compare trends over time to check for convergence or divergence before the policy change. 
 
Problem 2-Part 2: Research Design Using Difference-in-Differences 
To estimate the causal impact of the $3 minimum wage, increase on employment, I would use a difference-in-differences (DiD) design. 
Treatment and Control Groups 
Treatment Group: Workers in the state that implemented the $13 minimum wage. 
Control Group: Workers in a neighboring state that did not change their minimum wage during the same period (e.g., remained at $10/hour). Ideally, the control state should be economically and demographically similar. 

Time Periods 
Pre-Policy Period: Two years prior to the increase (e.g., 2021–2022). 
Post-Policy Period: Two years after the increase (e.g., 2023–2024). 
This gives enough time to observe employment trends and smooth out short-term fluctuations. 

Difference-in-Differences Model 
The DiD model would compare the change in employment in the treatment group before and after the policy with the change in employment in the control group over the same period. The formula is: 
(Ytreatment,post−Ytreatment,pre)−(Ycontrol,post−Ycontrol,pre)(Y_{treatment, post} - Y_{treatment, pre}) - (Y_{control, post} - Y_{control, pre})(Ytreatment,post​−Ytreatment,pre​)−(Ycontrol,post​−Ycontrol,pre​)  
Where YYY represents employment in the targeted sectors. 

Key Assumptions and Testing 
Parallel Trends Assumption: Employment trends in the treatment and control groups must be parallel before the policy. 
Test: I would graph employment rates over time and run placebo tests using pre-policy years to ensure no pre-existing differences. 

No Spillover Effects: The policy in the treatment state must not affect the control state. 
Test: Select control regions far enough away to avoid labor market crossover. 

No Concurrent Confounding Policies: No other major economic policies should affect employment in either group during the analysis period. 
Test: Review policy records and economic reports. 

Conclusion 
With the additional data and this research design, I could estimate the causal effect of the minimum wage increase on employment with reasonable confidence, while testing the validity of my assumptions. 
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