M214: Statistical Error and Predictive Model Validation  |  Sample Portfolio Rubric

A portfolio of evidence consists of student-produced artifacts demonstrating proficiency against a badge’s Content & Practice Expectations (CPEs). Artifacts are collected from student work aligned to each badge. Students curate work, write reflections, and revise through teacher-student conferencing until their work meets badge expectations.

For each CPE, you will review the student’s work and select the category that best reflects their current level of demonstrated understanding. (Performance indicators are listed below to help clarify the expectations for each CPE, but evaluation should be made at the CPE level.)
	✓  Accept
Student work demonstrates strong understanding and fully meets expectations for this CPE.
	△  Accept with Revision
Student work shows good understanding but could be strengthened in specific areas. Targeted revision needed.
	◯  Conference & Revision Support
Student work shows emerging understanding. Schedule a student-teacher conference to plan next steps.



Note: The below rubric is intended as a starting point for assessing student work against content and practice expectations (CPEs). Feel free to incorporate it into an existing rubric or evaluation system or adapt it to suit your needs.

	CPE
	Performance Indicators
	Evaluation of Mastery (Accept, Accept with Revision, Conference & Revision Support) 

	214.a
Demonstrate understanding of the role of variability in predictive modeling
	i. use technology to calculate measures of variability commonly used in the field of Data Science, e.g., Sum of Squares, Mean Absolute Error, variance, standard deviation, etc. and interpret the meaning of these measures in the context of the data set(s) being used.
ii. demonstrate understanding that measures of variability can be used to assess predictive model fit.
iii. demonstrate understanding that predictive modeling is a way to explain variation of a response.
	

	214.b
Use Pearson’s r to evaluate predictive models
	i. interpret Pearson’s r in context and understand its purpose in quantifying the strength of a linear relationship.
ii. demonstrate understanding that a correlation coefficient close to -1 or 1 does not necessarily mean that a linear model is appropriate.
iii. anticipate the value of Pearson’s r between two variables by visually assessing scatterplots before calculating its value using technology.
iv. demonstrate understanding of the effect outliers have on the value of Pearson’s r.
v. calculate the value of R2 using technology and interpret in context.
	

	214.c
Use residuals to assess model fit and decide if changes to the predictive model or its variables are necessary
	i. use technology to produce residual summary statistics and residual plots for data sets and use them to assess model fit.
ii. recognize outliers, patterns, random scatter, or heteroskedasticity in residual plots or the standard deviation of residuals to make decisions about predictive model fit, e.g., transforming variables to improve fit.
	

	214.d
Compare predictive models using statistical techniques in order to improve these models and decide which model makes the best predictions
	i. use one or more statistical techniques to check for improved predictive model fit, e.g., F-tests, sensitivity analysis, transforming variables, adding or excluding variables, ANOVA, residual plots, normalizing variables, cross validation, etc.
ii. compare measures of variability and Pearson’s r of two or more predictive models to decide which model makes the best prediction.
iii. use an iterative process to improve a predictive model.
iv. make predictions using the improved predictive model and interpret these predictions in context.
	

	214.e
Consider the bias-variance trade-off that occurs when making a predictive model
	i. demonstrate understanding of bias-variance trade-off, namely that a model with high bias tends to have low variance and a model with high variance tends to have low bias.
ii. make decisions about the complexity of a predictive model after weighing the bias-variance trade-off within the model.
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