HSCI 410 · Instructor Lesson Plans
SFU  ·  FACULTY OF HEALTH SCIENCES  ·  INSTRUCTOR LESSON PLANS
HSCI 410: Exploratory Data Analysis
3 units  ·  400-level (upper division)
Fully-scripted weekly three-hour session plans for the flipped-classroom delivery of this course. Written so a colleague can teach any session cold.
How to use this guide
Each weekly plan is a teaching script. It gives the session's objectives, the pre-class preparation, a timed agenda, and then five fully-detailed blocks: a retrieval warm-up, co-construction review activities, a question-and-answer clinic, an applied exercise, and a capstone studio. Shaded boxes carry the content you need to run the room without preparation: what to surface in the warm-up, the facilitator talking points behind each activity, model answers to the likely questions, and an answer key for the applied exercise.
The capstone studio points to the term-project document for that week's milestone rather than copying it, so the plans stay correct if the project is revised. Always open the term-project document to the relevant week before the studio block.
The term runs as twelve lesson sessions, a midterm after the first six lessons (term week 7), and a final examination in the examination period. The midterm week shifts Lessons 7 to 12 into term weeks 8 to 13.
	Reading the shaded boxes:
Teal-edged green box: facilitator notes, talking points, model answers, and studio source. This is what you say and check.
Amber box: the answer key for the applied exercise, or what strong student work looks like.




Lesson 1 · A Structured Approach to Data Analysis
Term week 1  ·  Three-hour session
Set up a disciplined, reproducible analytic workflow before any modelling: question, plan, data, and record-keeping. The R lab is hands-on; a substitute comfortable with RStudio can run it from the cues.
Learning objectives
1. Construct a causal diagram before beginning data analysis
1. Establish a system for managing data-collection sheets, files, and variables
1. Apply best practices for data coding, entry, and verification
1. Process outcome and predictor variables appropriately for analysis
1. Evaluate unconditional associations between variables
1. Set up a systematic approach for keeping track of analyses
Before class (flipped preparation)
Students complete the Lesson 1 module and its narrated walkthrough, attempt the in-module checks and reflection prompts, and bring their notes and term-project materials. No pre-reading beyond the module is required to follow this plan.
Session at a glance
	Time
	Block
	Focus

	0:00 – 0:12
	Arrival and retrieval warm-up
	Low-stakes retrieval on the pre-class module

	0:12 – 0:46
	Co-construction review
	Rebuild the week's key ideas (scripted activities below)

	0:46 – 0:58
	Question-and-answer clinic
	Field the anticipated questions below

	0:58 – 1:08
	Break
	

	1:08 – 1:48
	Applied exercise
	Hands-on task with an answer key below

	1:48 – 2:38
	Capstone studio
	Supervised term-project work (see term-project document)

	2:38 – 2:43
	Exit ticket and preview
	Capture a takeaway; preview next module


1 · Retrieval warm-up — What gets decided before the first model? (12 min)
Set-up. Board or shared doc. No data needed.
Run it:
1. Students brainstorm everything that must be decided before fitting a single model (three minutes).
1. Cluster the list into question, data, and analysis-plan decisions.
1. Use the notes to fill gaps.
	What to surface (facilitator notes):
1. Before modelling: the causal question and estimand, the variables and their roles, the adjustment set, the handling of missing data, and the primary analysis.
1. Deciding these after seeing results invites data-dredging and false positives.
1. Reproducibility means a stranger could rerun your work and get your numbers.


2 · Co-construction review (34 min)
Activity 1: Build the project skeleton
Group set-up  ·  18 min
Materials. A projector showing RStudio; a sample messy folder of files.
Run it:
1. Groups propose a project folder and file-naming scheme (raw data read-only, scripts, outputs, an RMarkdown report).
1. Groups state one rule that makes the project reproducible by someone else.
1. Demonstrate an RStudio Project and here::here() or relative paths.
	Prompt to pose (read aloud):
Lay out a project folder and naming scheme, then defend why a stranger could rerun it.


	Facilitator talking points (the content you need):
1. Keep raw data read-only and never edit it by hand; all changes happen in code.
1. Use relative paths and an RStudio Project so the code runs on another machine.
1. One script or RMarkdown that runs end to end beats a pile of ad hoc steps.


Close. Students set up the project they will use for the term capstone.
Activity 2: Causal diagram first
DAG to adjustment set, pairs  ·  16 min
Materials. A worked DAG and a candidate question.
Run it:
1. Pairs draw the DAG their analysis will serve and mark the minimal adjustment set (six minutes).
1. Pairs state which variables they will not adjust for (mediators, colliders).
1. Correct with the notes.
	Prompt to pose (read aloud):
Draw the DAG your analysis serves and mark exactly which variables you will and will not adjust for.


	Facilitator talking points (the content you need):
1. The adjustment set follows from the DAG: adjust for confounders, not mediators or colliders.
1. Deciding the adjustment set before modelling prevents fishing for a 'nice' result.
1. This connects the analysis to a causal question rather than a blind regression.


Close. Students keep the DAG and adjustment set for their pre-registered plan.
3 · Question-and-answer clinic (12 min)
Invite the points students flagged in their pre-class prep. The questions below are the ones most likely to come up; model answers follow each so you can field them cold.
Q.  Why write the plan before touching the data?
A.  Because once you have seen the data, every modelling choice can be (unconsciously) steered toward a desired result. A pre-specified plan separates confirmatory from exploratory analysis and protects against false positives. Exploratory work is fine, but it must be labelled as such.
Q.  What makes an analysis reproducible in practice?
A.  Code, not clicks; raw data left untouched; relative paths; a single document (RMarkdown) that runs from raw data to results; and recorded package versions. The test is whether a colleague can clone the folder and reproduce your numbers.
Q.  Isn't pre-registration overkill for a course project?
A.  It is scaled here, but the habit matters: stating your question, outcome, and primary model in advance is what separates a credible analysis from a story fitted after the fact. It also makes your write-up far easier.
4 · Applied exercise — R lab: build a reproducible variable inventory (40 min)
Materials. RStudio on each machine. No file to download or search for: the dataset MASS::birthwt ships with base R via the MASS package, which is already installed. Each pair needs one machine running and an open R script or RMarkdown file.
Task (for students). Treat birthwt as if it were your own raw capstone file. Load it, build a one-row-per-variable inventory (name, type, missingness, a sample value), and flag every categorical code that R has read as a number. Then check two unconditional associations against the outcome.
Student instructions:
1. Run library(MASS); data(birthwt) and confirm the data with str(birthwt). Note that it has 189 rows and 10 columns and that EVERY column is stored as int.
1. Read the coding from ?birthwt. Identify which columns are really categorical despite being numeric: low (0/1 birth weight < 2.5 kg), race (1 white, 2 black, 3 other), smoke (0/1), ht (0/1), ui (0/1). The genuinely numeric ones are age, lwt, ptl, ftv, bwt.
1. Build an inventory programmatically. Run sapply(birthwt, class) for the type of each variable and colSums(is.na(birthwt)) for missingness per variable, then sapply(birthwt, function(x) x[1]) for a sample value. Do not type the table by hand.
1. Decide the intended type for each variable and write it next to the read-in type. Where they differ (a 0/1 or 1/2/3 code read as int), that is a variable to recode later with factor().
1. Check one unconditional association for a categorical predictor: table(birthwt$smoke, birthwt$low) and then prop.table(table(birthwt$smoke, birthwt$low), margin = 1) to read the row proportions of low birth weight by smoking status.
1. Check one unconditional association for a numeric predictor: tapply(birthwt$lwt, birthwt$low, mean) to compare mean maternal weight between the low and not-low groups.
1. Write two or three sentences stating which variables need recoding and what the two associations suggest, so the inventory could hand off to someone else unchanged.
Worked example — present to students
Given. After library(MASS); data(birthwt), running str(birthwt) prints: 'data.frame': 189 obs. of 10 variables, and lists every column as int, including low, race, smoke, ht, and ui. Running colSums(is.na(birthwt)) returns 0 for all ten columns. The first row of race is 2 and of smoke is 0.
Solution (walk through on the board):
1. Read the structure: 189 observations, 10 variables, all typed int. R cannot know which integers are codes and which are real measurements, so it defaults everything to numeric.
1. Cross-check str() against ?birthwt. low, smoke, ht, ui are 0/1 indicators and race is a 1/2/3 code, so five columns are categorical variables wearing a numeric disguise; only age, lwt, ptl, ftv, bwt are genuinely quantitative.
1. Read missingness from colSums(is.na(birthwt)): every column returns 0, so there are no missing values to handle here. In a real raw file this is exactly where you would catch blanks coded as 99 or -1.
1. Decide the fix: race should become factor(race, labels = c('white','black','other')) and the four 0/1 columns should become factors before any modelling, otherwise R will treat race = 2 as twice race = 1.
1. Record the inventory as one row per variable: name, read-in type (int), intended type (factor or numeric), missing count (0), and a sample value. This is the deliverable, and it is reproducible because every cell came from a command, not from eyeballing.
	Answer:
All 10 columns import as int with no missing values; five of them (low, race, smoke, ht, ui) are categorical codes that must be converted to factors, while age, lwt, ptl, ftv, and bwt stay numeric.


Assignment practice — hand out
Practice 1: ftv is not really continuous.  A classmate keeps ftv (number of first-trimester physician visits) as numeric and reports its mean as about 0.79. Running table(birthwt$ftv) shows the values are 0, 1, 2, 3, 4, and 6, with most mothers at 0 or 1 and only a handful above 2.
Task.  State whether reporting a mean of 0.79 visits is the right unconditional summary here, and give the one command you would run instead to describe ftv honestly.
	Solution (answer key):
A mean of 0.79 visits is close to meaningless for a small count that piles up at 0 and 1: nobody makes 0.79 visits, and the few values of 4 and 6 drag a mean around. The honest unconditional summary is the frequency distribution itself, table(birthwt$ftv) (optionally prop.table(table(birthwt$ftv)) for proportions). For analysis it is usually collapsed into a factor such as 0, 1, 2+ rather than treated as continuous. The deciding point: a sparse count variable is described by its distribution, not by a single mean.


Practice 2: smoking and low birth weight.  Running prop.table(table(birthwt$smoke, birthwt$low), margin = 1) returns approximately: among non-smokers (smoke = 0), 0.75 not-low and 0.25 low; among smokers (smoke = 1), 0.59 not-low and 0.41 low.
Task.  In one or two sentences, state the unconditional association between smoking and low birth weight that these row proportions show, and note one reason this is not yet evidence of a causal effect.
	Solution (answer key):
Unconditionally, low birth weight is more common among smokers (about 41 percent) than non-smokers (about 25 percent), so the two are positively associated in this sample. This is only an unconditional association: it ignores confounders such as race, maternal weight (lwt), or hypertension, any of which could differ between smokers and non-smokers, so the gap is not yet a causal effect. The whole point of the structured workflow is that this univariate check comes before, not instead of, adjusted analysis.


	What good work looks like:
The lab succeeds when the inventory is generated by commands (sapply for class, colSums(is.na()) for missingness) rather than typed by hand, and when students correctly separate the five categorical codes (low, race, smoke, ht, ui) from the five genuine numerics (age, lwt, ptl, ftv, bwt). The signature insight is that R reading a column as int does not make it quantitative: race = 1/2/3 is a label, not a quantity, and treating it as numeric is a real analytic error. For the associations, accept any correct reading of the row proportions and the lwt means; reward students who note that table() and tapply() give unconditional associations only and that confounders are not yet controlled. Common errors to correct: typing the inventory by hand instead of computing it; reporting a mean for a 0/1 or sparse-count variable; calling the smoking-low association causal. There is no missing data in birthwt, so a student who reports missingness must report 0, which is itself a useful reproducibility check.


Debrief. Land the rule in one line: the data type R assigns is a starting guess, not the truth, so the first job in any analysis is a variable inventory that records read-in type, intended type, and missingness for every column. Everything students did here on birthwt is exactly the first commit they will make on their own capstone dataset, except that the capstone file will have missing values and messier codes to catch.
5 · Capstone studio (50 min)
Run it:
1. Open the term-project document to Part 2, Week 1 and read the milestone aloud.
1. Students draft the data-source proposal and pre-registered plan, reusing today's DAG and project skeleton.
1. Circulate and check that each planned analysis maps to a variable in the chosen dataset.
1. Mini-conference prompt: 'What is your estimand, and which variables are confounders versus mediators?'
	Source (do not reproduce here):
Use the term-project document (Part 2, Week 1) as the source of truth for the brief and rubric.


Exit ticket and preview
Name your dataset and your primary outcome and exposure. Complete the Lesson 2 module before next class.
Instructor preparation
1. Projector with RStudio; confirm R, RStudio, and packages on lab machines.
1. A raw CSV dataset and a worked DAG on Canvas.
1. Open the term-project document to Week 1.


Lesson 2 · Data Cleaning and Descriptive Analyses
Term week 2  ·  Three-hour session
Clean data defensibly, reason about missingness, and describe data honestly before modelling. The R lab produces a documented cleaning log.
Learning objectives
1. Identify common types of data errors and their sources in the data pipeline
1. Distinguish between missing data mechanisms (MCAR, MAR, MNAR) and their analytic implications
1. Apply systematic data cleaning strategies including range checks, outlier detection, and consistency verification
1. Select and implement appropriate methods for handling missing data
1. Calculate and interpret measures of central tendency, spread, and shape
1. Construct and interpret descriptive summaries appropriate for epidemiologic research
1. Assess distributional assumptions and select appropriate visualization techniques
Before class (flipped preparation)
Students complete the Lesson 2 module and its narrated walkthrough, attempt the in-module checks and reflection prompts, and bring their notes and term-project materials. No pre-reading beyond the module is required to follow this plan.
Session at a glance
	Time
	Block
	Focus

	0:00 – 0:10
	Arrival and retrieval warm-up
	Low-stakes retrieval on the pre-class module

	0:10 – 0:42
	Co-construction review
	Rebuild the week's key ideas (scripted activities below)

	0:42 – 0:54
	Question-and-answer clinic
	Field the anticipated questions below

	0:54 – 1:04
	Break
	

	1:04 – 1:46
	Applied exercise
	Hands-on task with an answer key below

	1:46 – 2:34
	Capstone studio
	Supervised term-project work (see term-project document)

	2:34 – 2:39
	Exit ticket and preview
	Capture a takeaway; preview next module


1 · Retrieval warm-up — MCAR, MAR, or MNAR? (10 min)
Set-up. Slide with three short missing-data stories.
Run it:
1. Students classify each as MCAR, MAR, or MNAR and say what each allows (three minutes).
1. Surface with the notes.
	What to surface (facilitator notes):
1. MCAR (missing completely at random): missingness unrelated to anything; complete-case analysis is unbiased but wasteful.
1. MAR (missing at random given observed data): missingness depends on observed variables; multiple imputation can recover validity.
1. MNAR (missing not at random): missingness depends on the unobserved value itself; no method fully fixes it, so reason about direction.


2 · Co-construction review (32 min)
Activity 1: Map the error sources
Pipeline mapping, groups  ·  16 min
Materials. A diagram of a data pipeline (collection, entry, merging, coding, export).
Run it:
1. Groups mark where errors enter and which check would catch each (six minutes).
1. Groups name the single highest-yield check.
1. Correct with the notes.
	Prompt to pose (read aloud):
Mark where errors enter this pipeline and which check would catch each.


	Facilitator talking points (the content you need):
1. Entry errors (typos, transposed digits) are caught by range and logic checks.
1. Merging errors (duplicated or dropped rows) are caught by row counts and key checks.
1. Coding errors (impossible categories, mismatched units) are caught by cross-tabulation and consistency checks.


Close. Students note the checks they will run on their own dataset.
Activity 2: Pick the right summary
Matching, pairs  ·  16 min
Materials. A list of variables (skewed cost, symmetric height, a count, a category) and summary options.
Run it:
1. Pairs match each variable to an appropriate summary and plot (six minutes).
1. Pairs flag a misleading default (mean for skewed cost).
1. Correct with the notes.
	Prompt to pose (read aloud):
Match each variable to the right summary and plot, and flag one misleading default.


	Facilitator talking points (the content you need):
1. Skewed continuous data: median and interquartile range, not mean and standard deviation; a histogram or boxplot reveals the shape.
1. Symmetric continuous: mean and standard deviation are fine.
1. Counts and categories: frequencies and proportions; bar charts, not means.


Close. Students note which of their variables are skewed and need robust summaries.
3 · Question-and-answer clinic (12 min)
Invite the points students flagged in their pre-class prep. The questions below are the ones most likely to come up; model answers follow each so you can field them cold.
Q.  Complete-case analysis or imputation?
A.  Complete-case is valid under MCAR but loses power and can bias under MAR. Multiple imputation is appropriate under MAR and uses the observed data to fill gaps with proper uncertainty. Under MNAR, neither is fully valid, so you report sensitivity analyses and reason about direction. Always report how much is missing and how you handled it.
Q.  How do I decide if an outlier is an error or real?
A.  Check it against logic and source: an age of 200 is an error; a genuinely high cost may be real. Never delete outliers silently. Investigate, document the decision, and consider a sensitivity analysis with and without them.
Q.  Why not just use the mean for everything?
A.  Because the mean is misleading for skewed data and meaningless for categories. The summary must match the variable's type and distribution, or your 'description' distorts the data before any model runs.
4 · Applied exercise — R lab: clean and describe airquality (42 min)
Materials. R or RStudio (any recent version). The dataset is datasets::airquality, which ships with base R, so there is nothing to download or search for. Packages used are all base R (summary, colSums, is.na, median, IQR, hist, boxplot); no tidyverse is required.
Task (for students). Working only with R's built-in airquality dataset (New York air quality, May to September 1973), audit its data quality, decide and defend a missing-data approach, and produce a small, type-appropriate descriptive summary. Treat every cleaning decision as an analytic decision you must justify.
Student instructions:
1. Load and inspect the data: run data(airquality); str(airquality); summary(airquality). Note that there are 153 rows and 6 columns (Ozone, Solar.R, Wind, Temp, Month, Day).
1. Quantify missingness per column with colSums(is.na(airquality)). Record which variables have NAs and how many.
1. Run a range and logic check on Ozone and Wind: confirm values are non-negative and within plausible physical ranges (Ozone in ppb, Wind in mph). Flag the maximum Ozone value as a candidate outlier and decide whether it is a true reading or an error.
1. Assess shape for Ozone: compare the mean and median from summary(), then run hist(airquality$Ozone) and boxplot(airquality$Ozone). State whether Ozone is symmetric or skewed, and in which direction.
1. For each variable with missing data, name the most plausible missing-data mechanism (MCAR, MAR, or MNAR) and give a one-line reason tied to how the measurement was collected.
1. Choose a missing-data approach (for this lab, a complete-case analysis on Ozone using na.rm = TRUE) and report the central tendency and spread you will use for the skewed variable, justifying the choice.
1. Write a short cleaning log as code comments recording what you found, what you changed, the assumed mechanism, and why; nothing should be deleted silently.
Worked example — present to students
Given. You run the following in R:

> dim(airquality)
[1] 153   6
> colSums(is.na(airquality))
   Ozone  Solar.R     Wind     Temp    Month      Day
      37        7        0        0        0        0
> summary(airquality$Ozone)
   Min. 1st Qu.  Median    Mean 3rd Qu.    Max.    NA's
   1.00   18.00   31.50   42.13   63.25  168.00      37
Solution (walk through on the board):
1. Missingness: Ozone has 37 missing values out of 153 (about 24 percent) and Solar.R has 7; Wind, Temp, Month, and Day are complete. So the missing-data problem is concentrated in Ozone.
1. Shape from the five-number summary: the mean (42.13) sits well above the median (31.50), and the maximum (168) is far above the third quartile (63.25). A long right tail pulling the mean above the median is the signature of right skew.
1. Outlier check: the max of 168 ppb is high but physically plausible for a summer ozone peak in 1973 New York, so it is treated as a real reading, not a data-entry error, and is kept.
1. Mechanism for Ozone: this is plausibly MAR rather than MCAR, because ozone monitor dropouts can track conditions that are themselves recorded (for example weather or month), so missingness is related to observed variables. It would be MNAR only if missingness depended on the unrecorded ozone level itself.
1. Summary choice: because Ozone is right-skewed, report the median and interquartile range rather than the mean and standard deviation. IQR(airquality$Ozone, na.rm = TRUE) returns 45.25 (that is 63.25 minus 18.00), and median(airquality$Ozone, na.rm = TRUE) returns 31.5.
	Answer:
Ozone is right-skewed with 37 of 153 values missing (likely MAR); describe it with a median of 31.5 ppb and an IQR of 45.25 ppb, not the mean, and document the complete-case decision in the cleaning log.


Assignment practice — hand out
Practice 1: describe Wind correctly.  Wind has no missing values. You run:

> summary(airquality$Wind)
   Min. 1st Qu.  Median    Mean 3rd Qu.    Max.
   1.70    7.40    9.70    9.96   11.50   20.70
> sd(airquality$Wind)
[1] 3.523
Task.  Decide whether Wind is roughly symmetric or skewed, state which pair of summary statistics you would report for it, and give the values. In one sentence, contrast this with how you summarised Ozone in the worked example and say why the choice differs.
	Solution (answer key):
Wind is roughly symmetric: the mean (9.96) and median (9.70) are very close and the distance from the median to each quartile is similar, with no extreme tail. For a symmetric variable report the mean and standard deviation, here mean = 9.96 mph and sd = 3.52 mph. This differs from Ozone, where the mean sat far above the median (right skew), so Ozone required the median and IQR instead; the rule is that the summary statistic should match the shape of the distribution, not be applied by habit.


Practice 2: classify the missing-data mechanism.  Recall colSums(is.na(airquality)) showed Ozone = 37 and Solar.R = 7 missing. Suppose a colleague proposes simply dropping every row with any NA (na.omit), which would reduce the 153 rows to 111 complete cases, and assumes this is safe because the data are 'missing completely at random'.
Task.  State the definitions of MCAR, MAR, and MNAR in one line each, then judge whether the colleague's MCAR assumption is safe here and what bias could arise if Ozone missingness is actually MAR or MNAR. Recommend what to report alongside any complete-case result.
	Solution (answer key):
MCAR: the probability of being missing is unrelated to any data, observed or unobserved. MAR: missingness depends only on observed variables (for example Month or Temp), not on the missing value itself once those are accounted for. MNAR: missingness depends on the unobserved value itself (for example the highest ozone days are the ones that fail to record). The MCAR assumption is not safe by default: if Ozone missingness is MAR (monitor dropouts cluster in certain weeks or weather) then na.omit can bias the estimated central tendency, and if it is MNAR (high-pollution days disproportionately missing) the bias is worse and not fixable by listwise deletion. The student should report the amount and pattern of missingness, state the assumed mechanism explicitly, and present the complete-case estimate as conditional on that assumption rather than as unbiased fact.


	What good work looks like:
Strong work produces an auditable cleaning log (what was found, what was changed, the assumed mechanism, and why), uses the median and IQR for the right-skewed Ozone variable while using the mean and sd for the roughly symmetric Wind variable, reports missingness per variable from colSums(is.na()), and states the assumed mechanism explicitly. Verifiable anchors: airquality has 153 rows and 6 columns; colSums(is.na(airquality)) gives Ozone = 37 and Solar.R = 7 with the rest complete; summary(airquality$Ozone) gives median 31.5 and mean 42.13 (mean above median, hence right skew); IQR of Ozone is 45.25. Common errors to correct: deleting rows silently with na.omit and calling it safe; using the mean for skewed Ozone; assuming MCAR by default when MAR is more defensible for monitor dropouts; treating the Ozone maximum of 168 as an error when it is a plausible real reading.


Debrief. Land the rule in one line: every cleaning decision is an analytic decision, and the log plus the stated missing-data mechanism are what let a reader trust the descriptive table. The skew-versus-summary choice (median and IQR for Ozone, mean and sd for Wind) and the MCAR-versus-MAR judgement carry straight into the Table 1 and codebook for the capstone.
5 · Capstone studio (48 min)
Run it:
1. Open the term-project document to Part 2, Week 2 and read the milestone aloud.
1. Students produce a documented cleaning log and first descriptives for their dataset.
1. Circulate and ask each student their dataset's worst missingness and assumed mechanism.
1. Mini-conference prompt: 'Which variables are skewed, and how will you summarise them honestly?'
	Source (do not reproduce here):
Refer to the term-project document (Part 2, Week 2) for the brief and rubric.


Exit ticket and preview
Name your dataset's biggest data-quality issue and your fix. Complete the Lesson 3 module before next class.
Instructor preparation
1. Three missing-data stories on a slide; a pipeline diagram.
1. Variable list for the summary-matching activity.
1. The dataset and a cleaning-log template on Canvas; confirm R packages.
1. Open the term-project document to Week 2.


Lesson 3 · Linear Regression
Term week 3  ·  Three-hour session
Fit and interpret linear regression with control of confounding, interaction, and a check on assumptions, in R.
Learning objectives
1. Identify when least squares regression is an appropriate analytical tool
1. Construct a linear model with control of confounding and identification of interaction
1. Interpret regression coefficients from both technical and causal perspectives
1. Convert nominal, ordinal, or continuous predictors into indicator variables
1. Assess model assumptions including linearity, homoscedasticity, and normality of residuals
1. Detect and address collinearity among predictor variables
1. Identify study designs that require a time-series approach to analysis
Before class (flipped preparation)
Students complete the Lesson 3 module and its narrated walkthrough, attempt the in-module checks and reflection prompts, and bring their notes and term-project materials. No pre-reading beyond the module is required to follow this plan.
Session at a glance
	Time
	Block
	Focus

	0:00 – 0:10
	Arrival and retrieval warm-up
	Low-stakes retrieval on the pre-class module

	0:10 – 0:44
	Co-construction review
	Rebuild the week's key ideas (scripted activities below)

	0:44 – 0:56
	Question-and-answer clinic
	Field the anticipated questions below

	0:56 – 1:06
	Break
	

	1:06 – 1:46
	Applied exercise
	Hands-on task with an answer key below

	1:46 – 2:34
	Capstone studio
	Supervised term-project work (see term-project document)

	2:34 – 2:39
	Exit ticket and preview
	Capture a takeaway; preview next module


1 · Retrieval warm-up — Interpret the slope twice (10 min)
Set-up. Slide with one regression output line (a coefficient with a confidence interval).
Run it:
1. Students write the interpretation in technical terms and in plain causal language (three minutes).
1. Compare and refine with the notes.
	What to surface (facilitator notes):
1. Technical: a one-unit increase in X is associated with a beta change in the mean of Y, holding other covariates constant.
1. Plain causal (only if the design supports it): the estimated effect of X on Y, adjusting for the listed confounders.
1. The 'holding constant' clause is doing heavy lifting and depends on the adjustment set being right.


2 · Co-construction review (34 min)
Activity 1: Coefficient-interpretation clinic
Read output, pairs  ·  18 min
Materials. A supplied lm() summary including a categorical predictor and an interaction term.
Run it:
1. Pairs interpret each coefficient, including the reference level and the interaction (eight minutes).
1. Pairs state what the interaction means in plain language.
1. Correct with the notes.
	Prompt to pose (read aloud):
Interpret every term in this lm output, including the reference category and the interaction.


	Facilitator talking points (the content you need):
1. A categorical predictor's coefficients are differences from the reference level; changing the reference changes the numbers but not the model.
1. An interaction means the effect of one variable depends on another; interpret the main effects only at the interacting variable's reference value.
1. Always pair an estimate with its confidence interval, not just a p-value.


Close. Students keep an annotated output as an interpretation template.
Activity 2: Assumption check
Diagnose, groups  ·  16 min
Materials. Residual plots (residuals vs fitted, QQ plot) and a VIF table on a slide.
Run it:
1. Groups diagnose linearity, homoscedasticity, normality, and collinearity from the plots and VIFs (six minutes).
1. Groups propose a fix for the worst violation.
1. Correct with the notes.
	Prompt to pose (read aloud):
From these diagnostics, which assumptions hold, which fail, and what would you do about it?


	Facilitator talking points (the content you need):
1. A funnel shape in residuals vs fitted signals heteroscedasticity; a curved pattern signals nonlinearity.
1. Heavy tails in the QQ plot signal non-normal residuals; transformations or robust standard errors can help.
1. A variance inflation factor above about 5 to 10 flags collinearity, which inflates standard errors.


Close. Students note which diagnostic they will run on their own model.
3 · Question-and-answer clinic (12 min)
Invite the points students flagged in their pre-class prep. The questions below are the ones most likely to come up; model answers follow each so you can field them cold.
Q.  Confounding or interaction: how do I tell them apart in a model?
A.  Confounding shows up when adding a variable changes the exposure's coefficient (the estimate moves). Interaction (effect modification) shows up when the effect of the exposure differs across levels of another variable, captured by a product term. They are different questions: confounding is about bias, interaction is about how the effect varies.
Q.  What does collinearity do, and when should I worry?
A.  It inflates standard errors and destabilises individual coefficients, making them hard to interpret, though it does not bias prediction. Worry when variance inflation factors are high and you care about individual coefficients. Options: drop or combine redundant predictors, or accept it if you only need prediction.
Q.  How do I choose the reference category?
A.  Pick a meaningful, common baseline (often the largest or the clinically 'normal' group) so the comparisons are interpretable. In R, relevel the factor with forcats::fct_relevel or relevel(). The choice changes the displayed numbers, not the underlying model.
4 · Applied exercise — R lab: a multivariable model for fuel economy (40 min)
Materials. R or RStudio. Everything is built in: the mtcars data frame ships with base R (data(mtcars)), and the only add-on package is car for the VIF function (install.packages("car") once, then library(car)). Nothing to download or import.
Task (for students). Using the built-in mtcars data, fit a multivariable linear model for fuel economy, add an interaction, and check the model with residual plots and collinearity diagnostics. Interpret each coefficient in plain language with its confidence interval, not just its p-value.
Student instructions:
1. Load the data with data(mtcars) and look at it: str(mtcars) and ?mtcars. The outcome is mpg (miles per gallon); your two predictors are wt (weight in 1000 lbs) and hp (gross horsepower).
1. Fit the additive model: m1 <- lm(mpg ~ wt + hp, data = mtcars). Read summary(m1) and confint(m1). Write one sentence for each slope that states the change in mpg per unit of the predictor, holding the other constant, with its 95 percent interval.
1. Check collinearity in m1 with library(car); vif(m1), and look at cor(mtcars$wt, mtcars$hp). Decide whether the two predictors are too correlated to trust the separate slopes (a common rule of thumb flags VIF above 5).
1. Check assumptions with par(mfrow = c(2,2)); plot(m1). Read the Residuals vs Fitted panel for curvature or a funnel shape (non-constant variance) and the Q-Q panel for departures from normality.
1. Fit the interaction model: m2 <- lm(mpg ~ wt * hp, data = mtcars). In summary(m2), interpret the wt:hp coefficient: does the effect of weight on mpg depend on horsepower? Note its sign and significance.
1. Run vif(m2) and explain why the VIFs jump compared with m1, even though the data have not changed. Connect this to the fact that a product term is built from its own components.
1. Write a short results paragraph: report the slopes you trust from m1 with intervals, state what the interaction in m2 adds, and say what the diagnostics told you to check or fix.
Worked example — present to students
Given. data(mtcars); m1 <- lm(mpg ~ wt + hp, data = mtcars); summary(m1) gives:
  (Intercept)  37.227  (SE 1.599)  t = 23.29
  wt           -3.878  (SE 0.633)  t = -6.13  p = 1.1e-06
  hp           -0.032  (SE 0.009)  t = -3.52  p = 0.0015
  Residual SE 2.59 on 29 df; Multiple R-squared 0.827, Adjusted 0.815; F = 69.2.
confint(m1): wt [-5.17, -2.58], hp [-0.050, -0.013].
vif(m1): wt 1.77, hp 1.77; cor(wt, hp) = 0.66.
Solution (walk through on the board):
1. Read the wt slope holding hp fixed: each extra 1000 lbs is associated with about 3.88 fewer mpg. The 95 percent interval [-5.17, -2.58] excludes zero, so the weight penalty is clearly estimated, not a coin toss.
1. Read the hp slope holding wt fixed: each extra unit of horsepower costs about 0.032 mpg, so 100 more hp predicts roughly 3.2 fewer mpg. Interval [-0.050, -0.013] also excludes zero.
1. Judge collinearity before trusting those separate slopes: VIF is 1.77 for both (correlation 0.66), well under the usual cutoff of 5, so wt and hp carry enough independent information to estimate distinct effects.
1. Read the fit: adjusted R-squared 0.815 means the two predictors account for most of the spread in mpg, and the overall F (69.2) is far from what chance would produce.
1. Sanity-check the diagnostics from plot(m1): the Residuals vs Fitted panel bows slightly and the largest cars sit a little high, hinting at mild curvature, which is the cue to consider the interaction model next rather than declaring victory.
	Answer:
Heavier cars and more powerful cars both burn more fuel: about 3.9 mpg lost per 1000 lbs and 3.2 mpg lost per 100 hp, both with intervals away from zero, and with low VIFs the two slopes can be read separately.


Assignment practice — hand out
Practice 1: read the interaction.  m2 <- lm(mpg ~ wt * hp, data = mtcars); summary(m2) gives:
  (Intercept)  49.81
  wt           -8.22   (SE 1.27)
  hp           -0.120  (SE 0.025)
  wt:hp        +0.0278 (SE 0.0074)  t = 3.75  p = 0.0008
  Residual SE 2.15 on 28 df; Adjusted R-squared 0.872.
The slope of mpg on wt works out to about -5.4 at hp = 100 and about -2.6 at hp = 200.
Task.  Is the wt:hp interaction statistically meaningful, and what does its positive sign say about how the weight penalty changes as horsepower rises? State it in one or two plain sentences.
	Solution (answer key):
Yes, the interaction is meaningful: t = 3.75, p = 0.0008, interval roughly [0.013, 0.043], excluding zero, and adjusted R-squared rises from 0.815 to 0.872. The positive sign means the negative weight slope gets less steep as hp increases: weight costs about 5.4 mpg per 1000 lbs in a 100 hp car but only about 2.6 mpg per 1000 lbs in a 200 hp car. Practically, the fuel penalty for being heavy is largest in low-power cars. Students must NOT read the wt main effect of -8.22 as the weight effect on its own, because once an interaction is in the model that coefficient is the slope only at hp = 0, which is outside the data.


Practice 2: VIF and a fix.  vif(m1) for mpg ~ wt + hp returns wt 1.77, hp 1.77. vif(m2) for mpg ~ wt * hp returns wt 10.3, hp 19.2, and wt:hp 43.1. The underlying data are identical; only the model formula changed.
Task.  Explain why the VIFs explode in m2 even though the data did not change, and name one thing you could do so the interaction model's VIFs look less alarming without altering the fit of the model.
	Solution (answer key):
The product term wt:hp is, by construction, strongly correlated with both wt and hp it is built from, so the main effects and the product compete to explain overlapping variance and their VIFs inflate. This is structural (or non-essential) collinearity that comes from the parameterisation, not from a defect in the data, so it does not by itself invalidate m2; the interaction test and predictions remain valid. The standard remedy is to mean-center wt and hp before forming the product (e.g. wt_c <- scale(mtcars$wt, scale = FALSE); fit mpg ~ wt_c * hp_c). Centering leaves R-squared, the fitted values, and the interaction coefficient and its p-value unchanged, but it removes most of the artificial correlation, so the VIFs for the main effects drop back toward small values and the lower-order coefficients become interpretable at the average car.


	What good work looks like:
Strong work interprets every coefficient as a conditional effect with its confidence interval rather than reciting p-values, and treats 'holding the other variable constant' as the whole point of a multivariable model. For m1: wt about -3.88 (CI [-5.17, -2.58]), hp about -0.032 (CI [-0.050, -0.013]), adjusted R-squared 0.815, VIF 1.77, so the slopes are trustworthy. For m2 the wt:hp term is positive and significant (p = 0.0008), so the weight penalty shrinks as horsepower rises; the most common error is interpreting the wt main effect (-8.22) as 'the' effect of weight while ignoring that, with the interaction present, it is the slope at hp = 0. On diagnostics, accept any reasonable reading of plot(m1): mild curvature or a slight funnel in Residuals vs Fitted, heavy cars (Chrysler Imperial, Maserati Bora) showing up as high-leverage or high-residual points. The VIF jump in m2 should be explained as structural collinearity from the product term, with mean-centering as the fix that leaves the fit unchanged. Deliverable: a knitted results paragraph with the trusted slopes, the interaction interpretation, and a sentence on what the diagnostics flagged.


Debrief. Land three points. First, a coefficient in a multivariable model is an adjusted, conditional effect, so the interpretation must always say what is held fixed. Second, a main effect that is part of an interaction is no longer a standalone effect; report the conditional slopes (weight costs more mpg in low-power cars) instead. Third, a model is only as trustworthy as its diagnostics: high VIFs from an interaction are usually a parameterisation artifact fixed by centering, whereas curvature or a funnel in the residual plot is a real signal to transform or rethink the model. Tell students to report what they checked, not just the coefficients, which is exactly the habit their capstone first linear model will be graded on.
5 · Capstone studio (48 min)
Run it:
1. Open the term-project document to Part 2, Week 3 and read the milestone aloud.
1. Students fit and interpret a linear model on their dataset where appropriate.
1. Circulate and ask each student whether they are testing for confounding or interaction, and how.
1. Mini-conference prompt: 'Which diagnostic worries you most for this model, and what will you do?'
	Source (do not reproduce here):
Refer to the term-project document (Part 2, Week 3) for the brief and rubric.


Exit ticket and preview
Name your model's outcome and one diagnostic you will run. Complete the Lesson 4 module before next class.
Instructor preparation
1. A regression-output slide; an lm summary with an interaction; residual plots and a VIF table.
1. The dataset and the car package on Canvas; confirm R.
1. Open the term-project document to Week 3.


Lesson 4 · Model Building Strategies
Term week 4  ·  Three-hour session
Move from a single model to a model-building strategy that balances science and statistics, in R.
Learning objectives
1. Develop a full (maximal) model incorporating biological understanding of the system under study
1. Carry out procedures to reduce a large number of predictors to a manageable subset
1. Address issues related to the functional form of continuous predictors and missing values
1. Build regression-type models using both statistical and non-statistical criteria
1. Evaluate the reliability of a regression-type model
1. Present the results from an analysis in a meaningful way
Before class (flipped preparation)
Students complete the Lesson 4 module and its narrated walkthrough, attempt the in-module checks and reflection prompts, and bring their notes and term-project materials. No pre-reading beyond the module is required to follow this plan.
Session at a glance
	Time
	Block
	Focus

	0:00 – 0:10
	Arrival and retrieval warm-up
	Low-stakes retrieval on the pre-class module

	0:10 – 0:42
	Co-construction review
	Rebuild the week's key ideas (scripted activities below)

	0:42 – 0:54
	Question-and-answer clinic
	Field the anticipated questions below

	0:54 – 1:04
	Break
	

	1:04 – 1:44
	Applied exercise
	Hands-on task with an answer key below

	1:44 – 2:32
	Capstone studio
	Supervised term-project work (see term-project document)

	2:32 – 2:37
	Exit ticket and preview
	Capture a takeaway; preview next module


1 · Retrieval warm-up — Two reasons to keep a predictor (10 min)
Set-up. Ask for one statistical and one non-statistical reason to keep a variable in a model.
Run it:
1. Students offer reasons (two minutes).
1. Sort into statistical and substantive with the notes.
	What to surface (facilitator notes):
1. Statistical reasons: it improves fit, it confounds the exposure, or removing it changes the estimate.
1. Substantive reasons: it is a known confounder from the DAG, or the field expects it regardless of significance.
1. Keeping a confounder is justified even if it is not statistically significant.


2 · Co-construction review (32 min)
Activity 1: Build the full model
Group design  ·  16 min
Materials. A candidate question and a variable list.
Run it:
1. Groups specify a maximal model from subject-matter knowledge and the DAG (six minutes).
1. Groups justify each predictor's inclusion.
1. Correct with the notes.
	Prompt to pose (read aloud):
Specify a full model from the science, and justify why each predictor belongs.


	Facilitator talking points (the content you need):
1. A pre-specified full model based on the DAG and prior knowledge is more defensible than letting an algorithm pick variables.
1. Confounders go in because the causal structure demands it, not because they are significant.
1. The estimand (the effect you want) determines which variables are confounders versus mediators.


Close. Students draft the full model for their capstone.
Activity 2: Critique a stepwise result
Critique, pairs  ·  16 min
Materials. Output from an automated stepwise selection (with a surprising variable kept or dropped).
Run it:
1. Pairs critique the stepwise result and propose a more defensible reduction (six minutes).
1. Pairs name two dangers of automated selection.
1. Correct with the notes.
	Prompt to pose (read aloud):
Critique this stepwise model and propose a more principled reduction.


	Facilitator talking points (the content you need):
1. Automated selection capitalises on chance, produces unstable models, and biases p-values and confidence intervals.
1. It can drop a true confounder (because it is not significant) and keep noise.
1. A principled reduction is driven by the causal question and prior knowledge, with statistics as a supporting check.


Close. Students note how they will reduce their own model defensibly.
3 · Question-and-answer clinic (12 min)
Invite the points students flagged in their pre-class prep. The questions below are the ones most likely to come up; model answers follow each so you can field them cold.
Q.  Why is stepwise selection so criticised?
A.  Because it makes many comparisons and keeps whatever fits the sample, capitalising on chance. The resulting p-values and intervals are too optimistic, the model is unstable across samples, and it can drop genuine confounders. Prefer a pre-specified model driven by the science.
Q.  How should I handle missing values during model building?
A.  Decide before modelling, based on the mechanism: complete-case under MCAR, multiple imputation under MAR, and sensitivity analysis under MNAR. Do not let listwise deletion silently shrink and bias your sample as you add variables; that changes the analysis population at every step.
Q.  When does a continuous predictor need a spline or transformation?
A.  When its relationship with the outcome is nonlinear, which you check with residual plots or by comparing a linear term to a flexible (spline) term. Forcing a curved relationship to be linear biases the estimate; a restricted cubic spline is a common flexible option.
4 · Applied exercise — R lab: full model to defensible final model on birthwt (40 min)
Materials. RStudio with the MASS package installed (run install.packages("MASS") once if needed). The MASS::birthwt data frame loads with the package, so there is nothing to download or search for. Pen and paper or a text file for your decision log.
Task (for students). Working from the built-in MASS::birthwt data, fit a full linear model justified by subject knowledge, then reduce it using both statistical and substantive criteria. Keep a short decision log that records every change and the reason for it.
Student instructions:
1. Load the data and recode it the standard way: run library(MASS), then build a working frame with race as a factor (white/black/other), smoke/ht/ui as logicals, and ptd <- factor(ptl > 0) collapsing previous premature labours into any-vs-none. Use bwt (birth weight in grams) as your outcome so you fit a linear model and read coefficients directly in grams.
1. Specify the FULL model from knowledge before looking at any p-values: fit full <- lm(bwt ~ age + lwt + race + smoke + ht + ui + ptd, data = bwt). Write down which predictors you would defend on subject-matter grounds (smoking, hypertension, uterine irritability, race as a marker for social determinants) regardless of significance.
1. Inspect the full model with summary(full). Note the sign and size of each coefficient in grams and which terms are individually significant, but do NOT delete anything yet.
1. Check the functional form of the two continuous predictors. Plot residuals against fitted values (plot(full$fitted, resid(full))) and inspect each continuous term with termplot(full, terms = "lwt", partial.resid = TRUE) and the same for age. Decide whether either looks nonlinear enough to need a quadratic term or a spline.
1. Reduce the model on principled grounds, not by feeding it to step(). Drop a predictor only if it is both non-significant AND not a confounder you committed to keeping; record each decision in your log with one sentence of reasoning.
1. Demonstrate the missing-data trap: set three lwt values to NA (bwt$lwt[c(1,2,3)] <- NA), refit, and compare nobs(full) before and after. Explain in your log why two models fit on different row counts cannot be compared by AIC or by anova().
1. Produce a final reduced model object and a decision log of five to eight lines: what you kept, what you dropped, what you did about functional form, and how you handled the missing values.
Worked example — present to students
Given. After library(MASS) and the standard recode, you fit:
full <- lm(bwt ~ age + lwt + race + smoke + ht + ui + ptd, data = bwt)
summary(full) gives (rounded) coefficients in grams:
  (Intercept)  2932
  age            -3   (p = 0.86)
  lwt            +4.2 (p = 0.01)
  raceblack    -476  (p = 0.01)
  raceother    -349  (p = 0.02)
  smokeTRUE    -356  (p = 0.01)
  htTRUE       -586  (p = 0.02)
  uiTRUE       -526  (p = 0.01)
  ptdTRUE      -312  (p = 0.06)
Residual SE about 645 g; Adjusted R-squared about 0.23.
Solution (walk through on the board):
1. Read the full model on substance first. Smoking (-356 g), hypertension (-586 g), and uterine irritability (-526 g) all push birth weight down with plausible size and the expected sign, so they stay on subject-matter grounds.
1. Treat race as a block, not term by term. raceblack and raceother are a single factor standing in for social determinants; both levels are sizeable and significant, so the whole factor stays. You do not drop one level of a factor to tidy a p-value.
1. age has a tiny coefficient (about -3 g) and p = 0.86. A termplot or residual plot against age shows no curve, so there is no nonlinear signal to rescue. It is neither significant nor a confounder you committed to keeping, so it is a defensible drop. lwt is roughly linear and significant, so keep it as a linear term rather than adding a quadratic.
1. ptd sits at p = 0.06. Previous premature labour is a clinically meaningful risk marker, so the principled call is to keep it despite missing the 0.05 line, rather than letting an arbitrary cutoff decide.
1. Refit the reduced model: red <- lm(bwt ~ lwt + race + smoke + ht + ui + ptd, data = bwt). Because both models were fit on the same 189 complete rows, anova(red, full) is legitimate; it returns a non-significant F (dropping age does not hurt fit), confirming the substantive call.
1. Compare against naive stepwise: step(full) might also remove age, but it would do so with no record of WHY ht, ui, and race were protected, and it could happily drop a confounder if a p-value drifted. The decision log is what makes the reduction defensible.
	Answer:
The defensible final model is bwt ~ lwt + race + smoke + ht + ui + ptd: age dropped (non-significant, not a confounder, no nonlinearity), lwt kept linear, race kept as a whole factor, and ptd kept on clinical grounds despite p = 0.06.


Assignment practice — hand out
Practice 1: keep or drop ftv, with a functional-form check.  Restore the data so lwt has no NAs. The variable ftv counts first-trimester physician visits (0, 1, 2, 3, ...). A colleague proposes adding it as a continuous predictor:
m <- lm(bwt ~ lwt + race + smoke + ht + ui + ptd + ftv, data = bwt)
summary(m) shows the ftv coefficient near +20 g with p = 0.55, and termplot(m, terms = "ftv", partial.resid = TRUE) shows a flat-then-wiggly line driven by the handful of mothers with 3 or more visits.
Task.  Decide whether to keep ftv, and whether it belongs as a raw count or in some other form. State the deciding fact and the one log line you would write.
	Solution (answer key):
Drop ftv as a continuous predictor. It is non-significant (p = 0.55, coefficient near zero) and is not a confounder of the smoking/hypertension effects, so nothing substantive requires it. The wiggly termplot is an artifact of very few high-visit mothers, not real curvature, so adding a quadratic or spline would be fitting noise. If a student wants to retain visit information, the principled move shown in the standard Hosmer-Lemeshow recode is to collapse it into a 0 / 1 / 2+ factor rather than trusting the sparse upper counts; even then it remains non-significant here. Deciding fact: non-significant AND non-confounder, so it goes. Log line: 'Dropped ftv (p = 0.55, not a confounder; apparent curve was sparse-cell noise, not functional form).'


Practice 2: the silent missing-data trap.  A student wants to compare two nested models by AIC. They induce missingness in age and then fit:
bwt$age[c(5,10,15,20)] <- NA
fullA <- lm(bwt ~ age + lwt + race + smoke + ht + ui, data = bwt)
redA  <- lm(bwt ~       lwt + race + smoke + ht + ui, data = bwt)
They report nobs(fullA) = 185, nobs(redA) = 189, and then call AIC(fullA, redA) and pick the lower AIC.
Task.  Explain why this AIC comparison is invalid as run, and state the correct procedure in one or two sentences.
	Solution (answer key):
The comparison is invalid because the two models are fit on different data: lm() uses na.action = na.omit by default, so fullA silently drops the 4 rows with missing age (185 rows) while redA, which does not use age, keeps all 189. AIC and anova() are only meaningful across models fit on the IDENTICAL set of observations, so a lower AIC here could simply reflect 4 fewer rows rather than a better model. Correct procedure: first build a complete-case data frame containing every variable in the largest model (for example cc <- na.omit(bwt[, c('bwt','age','lwt','race','smoke','ht','ui')])) and fit BOTH models on cc, or impute the missing age before fitting; either way both models must see the same rows. This is the same na.action pitfall warned about in the lecture.


	What good work looks like:
There is no single correct final model, but the reasoning must be principled and logged. Strong work fits the full model from subject knowledge before looking at p-values, keeps committed confounders (ht, ui, smoke, race) regardless of significance, treats a factor (race) as one block rather than dropping single levels, checks the continuous predictors (age, lwt) for nonlinearity with a residual or term plot before deciding linear-vs-spline, and recognises that dropping age is defensible only because it is both non-significant and not a confounder. The missing-data step must surface the default na.action = na.omit behaviour: models on different row counts (nobs) cannot be compared by AIC or anova. Common errors to correct: running step(full) and reporting the survivors with no rationale; deleting raceblack to fix a p-value; adding a quadratic to chase a wiggly termplot driven by a few points; comparing AIC across models fit on different numbers of rows. The decision log, not the final model alone, is the deliverable that demonstrates the skill.


Debrief. Land the rule in one line: model building is a documented argument, not an algorithm's verdict, and the log is what a reviewer trusts. Tie the two failure modes together: naive step() throws away the reasoning, and silent na.omit throws away the rows, so both quietly break comparability. This feeds directly into the Model Comparison Memo capstone milestone, where students must justify a final model to a reader who never saw the data.
5 · Capstone studio (48 min)
Run it:
1. Open the term-project document to Part 2, Week 4 and read the milestone aloud.
1. Students build their capstone model from full to reduced, logging decisions.
1. Circulate and ask each student which confounder they kept despite non-significance.
1. Mini-conference prompt: 'Did the science or the statistics drive each inclusion?'
	Source (do not reproduce here):
Refer to the term-project document (Part 2, Week 4) for the brief and rubric.


Exit ticket and preview
Name one predictor you kept on substantive grounds. Complete the Lesson 5 module before next class.
Instructor preparation
1. A variable list and candidate question; a stepwise output to critique.
1. The dataset on Canvas; confirm R packages.
1. Open the term-project document to Week 4.


Lesson 5 · Logistic Regression
Term week 5  ·  Three-hour session
Fit and interpret logistic regression and place it in the generalised-linear-model family, in R.
Learning objectives
1. Understand log odds as a measure of disease and how it relates to a linear combination of predictors
1. Build and interpret logistic regression models
1. Compute and interpret odds ratios derived from a logistic regression model
1. Understand how logistic regression fits in the family of generalised linear models
1. Evaluate logistic regression models using goodness-of-fit tests, ROC curves, and residual analysis
1. Fit conditional logistic regression models for matched data
Before class (flipped preparation)
Students complete the Lesson 5 module and its narrated walkthrough, attempt the in-module checks and reflection prompts, and bring their notes and term-project materials. No pre-reading beyond the module is required to follow this plan.
Session at a glance
	Time
	Block
	Focus

	0:00 – 0:10
	Arrival and retrieval warm-up
	Low-stakes retrieval on the pre-class module

	0:10 – 0:44
	Co-construction review
	Rebuild the week's key ideas (scripted activities below)

	0:44 – 0:56
	Question-and-answer clinic
	Field the anticipated questions below

	0:56 – 1:06
	Break
	

	1:06 – 1:46
	Applied exercise
	Hands-on task with an answer key below

	1:46 – 2:34
	Capstone studio
	Supervised term-project work (see term-project document)

	2:34 – 2:39
	Exit ticket and preview
	Capture a takeaway; preview next module


1 · Retrieval warm-up — From log-odds to odds ratio (10 min)
Set-up. Slide with one logistic coefficient (a log-odds) and ask for the odds ratio and its meaning.
Run it:
1. Students exponentiate the coefficient and state the odds ratio in words (three minutes).
1. Surface with the notes.
	What to surface (facilitator notes):
1. Exponentiating a logistic coefficient gives the odds ratio for a one-unit change in the predictor.
1. An odds ratio above 1 means higher odds of the outcome; below 1 means lower.
1. Odds ratios are not risk ratios unless the outcome is rare.


2 · Co-construction review (34 min)
Activity 1: Odds-ratio clinic
Read output, pairs  ·  18 min
Materials. A glm() logistic summary with a categorical predictor and an interaction; exponentiated coefficients with intervals.
Run it:
1. Pairs interpret the odds ratios, including the categorical and interaction terms (eight minutes).
1. Pairs decide whether confounding is present by comparing crude and adjusted odds ratios.
1. Correct with the notes.
	Prompt to pose (read aloud):
Interpret these odds ratios, and decide whether adjustment changed the exposure's estimate.


	Facilitator talking points (the content you need):
1. Report exp(coef) with a confidence interval; an interval crossing 1 means not significant.
1. A meaningful crude-to-adjusted change in the exposure's odds ratio indicates confounding.
1. Interaction on the odds scale means the odds ratio for one variable differs across levels of another.


Close. Students keep an annotated logistic output.
Activity 2: Locate logistic among GLMs
Mapping, groups  ·  16 min
Materials. A small table of GLM family members (linear/Gaussian, logistic/binomial, Poisson) with their link and distribution.
Run it:
1. Groups fill in the link function and distribution for logistic regression and its neighbours (six minutes).
1. Groups state what the logit link guarantees.
1. Correct with the notes.
	Prompt to pose (read aloud):
Place logistic regression in the GLM family: what is its distribution and link, and why?


	Facilitator talking points (the content you need):
1. Logistic regression uses a binomial distribution and a logit link, which keeps predicted probabilities between 0 and 1.
1. Linear regression uses a Gaussian distribution and identity link; Poisson uses a log link.
1. Seeing them as one family makes the later count and mixed models less mysterious.


Close. Students note the family their capstone outcome belongs to.
3 · Question-and-answer clinic (12 min)
Invite the points students flagged in their pre-class prep. The questions below are the ones most likely to come up; model answers follow each so you can field them cold.
Q.  When is an odds ratio a good stand-in for a risk ratio?
A.  When the outcome is rare (roughly under 10%), the odds ratio approximates the risk ratio. For common outcomes, the odds ratio is further from 1 and overstates the risk ratio, so do not report it as a risk. If you need a risk ratio for a common outcome, consider a log-binomial or Poisson model with robust standard errors.
Q.  How do I assess a logistic model's fit?
A.  Look at discrimination (the area under the ROC curve), calibration (predicted versus observed risk, or a calibration plot), and residuals or influence measures. The Hosmer-Lemeshow test is sometimes used but is sensitive to sample size; calibration plots are more informative.
Q.  What is separation and why does it break my model?
A.  Complete or quasi-complete separation happens when a predictor perfectly (or nearly) predicts the outcome, so the maximum-likelihood estimate runs off to infinity, giving huge coefficients and standard errors. Fixes include penalised (Firth) logistic regression or collapsing sparse categories.
4 · Applied exercise — R lab: logistic regression with diagnostics (40 min)
Materials. The built-in R dataset MASS::birthwt (Hosmer and Lemeshow low-birth-weight data, 189 mothers; no download needed). It loads with library(MASS); data(birthwt). Outcome low = 1 if the infant weighed under 2500 g, else 0. Predictors include age (years), lwt (mother's weight at last period, lb), smoke (1 = smoked in pregnancy), ht (history of hypertension), ui (uterine irritability), and race (1 white, 2 black, 3 other). Packages: base R (stats) and pROC. The variable bwt is the raw birth weight in grams and must never be used as a predictor because low is computed from it.
Task (for students). You will fit a logistic regression predicting low birth weight from maternal characteristics, report the results as odds ratios with confidence intervals, then judge how well the model fits using an ROC curve and a check for influential observations.
Student instructions:
1. Load the data with library(MASS); data(birthwt), then make race a factor: birthwt$race <- factor(birthwt$race, labels = c('white','black','other')).
1. Fit the model fit <- glm(low ~ age + lwt + smoke + ht + ui + race, data = birthwt, family = binomial). Do not include bwt, since low is derived from it.
1. Read the model with summary(fit); note which coefficients are positive (raise the odds of low birth weight) and which p-values are below 0.05.
1. Convert coefficients to odds ratios and 95 percent intervals with round(exp(cbind(OR = coef(fit), confint(fit))), 2), and write one sentence interpreting the smoke odds ratio.
1. Load pROC, get predicted probabilities with p <- predict(fit, type = 'response'), then compute discrimination with r <- pROC::roc(birthwt$low, p) and read off auc(r); plot(r) to see the ROC curve.
1. Screen for influential points with plot(fit, which = 4) (Cook's distance) and note any case whose distance stands well above the rest.
1. Check for a separation warning: if R prints 'fitted probabilities numerically 0 or 1', report it, because it means a predictor perfectly splits the outcome and the affected estimate is unstable.
Worked example — present to students
Given. Using MASS::birthwt (189 mothers, outcome low), you fit glm(low ~ age + lwt + smoke + ht + ui + race, family = binomial). The summary gives a smoke coefficient of about 0.94 (p around 0.02) and an ht coefficient of about 1.86. exp() of the smoke coefficient is about 2.56. pROC::roc returns an area under the curve (AUC) of about 0.70. A Cook's distance plot shows no single point dominating.
Solution (walk through on the board):
1. The smoke coefficient is on the log-odds scale, so it is not directly a multiplier; exponentiate it: exp(0.94) is about 2.56.
1. Interpret the odds ratio: holding age, weight, hypertension, irritability, and race fixed, mothers who smoked have about 2.6 times the odds of a low-birth-weight infant, and the 95 percent interval (roughly 1.2 to 5.5 from confint) excludes 1, so the association is statistically significant.
1. Read fit, not just coefficients: an AUC of about 0.70 means that for a randomly chosen low-birth-weight and normal-weight pair, the model assigns the higher predicted probability to the low-birth-weight infant about 70 percent of the time, which is modest discrimination.
1. Check influence: the Cook's distance plot shows no observation far above the others, so no single mother is driving the estimates, and there is no separation warning, so the coefficients are stable.
1. State the limit: low birth weight is common in these data, so the odds ratio overstates the risk ratio and should be reported as an odds ratio, not a relative risk.
	Answer:
Smoking during pregnancy is associated with about 2.6 times the odds of low birth weight (95% CI roughly 1.2 to 5.5) after adjustment; the model discriminates modestly (AUC about 0.70) with no influential points or separation.


Assignment practice — hand out
Practice 1: Hypertension as a predictor.  Use the same fitted model on MASS::birthwt: glm(low ~ age + lwt + smoke + ht + ui + race, family = binomial). The ht (history of hypertension) coefficient is about 1.86 with a 95 percent confidence interval on the log-odds scale of roughly 0.32 to 3.49. There are only 12 mothers with ht = 1 in the data.
Task.  Report the odds ratio and 95 percent confidence interval for ht, interpret it in one sentence, and state in one sentence why the interval is so wide.
	Solution (answer key):
exp(1.86) is about 6.4, with a 95 percent CI of about exp(0.32) to exp(3.49), i.e. roughly 1.4 to 32.8. Interpretation: mothers with a history of hypertension have about 6.4 times the adjusted odds of low birth weight, and the interval excludes 1 so the association is significant. The interval is very wide because only 12 mothers have hypertension, so the estimate is imprecise; the point estimate should be read cautiously and not as a precise multiplier.


Practice 2: Discrimination of a reduced model.  On MASS::birthwt, fit a smaller model fit2 <- glm(low ~ smoke + ht + ui, family = binomial). Get its predicted probabilities with p2 <- predict(fit2, type = 'response') and its ROC with pROC::roc(birthwt$low, p2). Suppose its AUC is about 0.66, while the fuller model from the worked example had an AUC of about 0.70.
Task.  Report both AUC values, state which model discriminates better, and explain in one sentence what an AUC of 0.66 means and whether the drop is large.
	Solution (answer key):
The reduced model has AUC about 0.66 versus about 0.70 for the fuller model, so the fuller model discriminates slightly better. An AUC of 0.66 means that for a random low-weight and normal-weight pair the model ranks the low-weight infant higher about 66 percent of the time, which is weak-to-modest discrimination (0.5 is chance). The drop of about 0.04 is small, so dropping age, weight, and race costs only a little discrimination here; reporting both AUCs, rather than declaring one model definitively better, is the correct conclusion.


	What good work looks like:
Strong work reports odds ratios with confidence intervals (not raw log-odds coefficients), reads the AUC as a discrimination measure rather than an accuracy percentage, checks Cook's distance for influence, and flags any separation warning. The most common errors are interpreting the coefficient as an odds ratio without exponentiating, calling the odds ratio a risk ratio when low birth weight is common in these data, and using bwt as a predictor (it determines low, so the model becomes perfectly separated). The deliverable is a knitted logistic-model section with the OR table, the ROC plot, and a one-line fit verdict.


Debrief. Interpretation plus fit plus diagnostics is the full logistic story: exponentiated coefficients give the odds ratios, the ROC curve gives discrimination, and influence and separation checks tell you whether to trust the estimates.
5 · Capstone studio (48 min)
Run it:
1. Open the term-project document to Part 2, Week 5 and read the milestone aloud.
1. Students fit a logistic model on their outcome where appropriate.
1. Circulate and ask each student whether their outcome is rare enough to read the odds ratio as a risk.
1. Mini-conference prompt: 'How will you show your model fits, not just that it ran?'
	Source (do not reproduce here):
Refer to the term-project document (Part 2, Week 5) for the brief and rubric.


Exit ticket and preview
State your outcome's prevalence and whether the odds ratio approximates a risk ratio. Complete the Lesson 6 module before next class.
Instructor preparation
1. A logistic-coefficient slide; a glm summary with an interaction; a GLM-family table.
1. The dataset and pROC on Canvas; confirm R.
1. Open the term-project document to Week 5.


Lesson 6 · Ordinal and Multinomial Models
Term week 6  ·  Three-hour session
Choose and interpret a model for a multi-category outcome, in R. This week's milestone is the multi-category outcome analysis.
Learning objectives
1. Select an appropriate model (multinomial, proportional-odds, adjacent-category, or continuation-ratio) based on study objectives and data
1. Fit all of the models listed above
1. Evaluate the assumptions on which each model is based
1. Interpret OR estimates from each model
1. Compute predicted probabilities from each model
Before class (flipped preparation)
Students complete the Lesson 6 module and its narrated walkthrough, attempt the in-module checks and reflection prompts, and bring their notes and term-project materials. No pre-reading beyond the module is required to follow this plan.
Session at a glance
	Time
	Block
	Focus

	0:00 – 0:10
	Arrival and retrieval warm-up
	Low-stakes retrieval on the pre-class module

	0:10 – 0:44
	Co-construction review
	Rebuild the week's key ideas (scripted activities below)

	0:44 – 0:56
	Question-and-answer clinic
	Field the anticipated questions below

	0:56 – 1:06
	Break
	

	1:06 – 1:46
	Applied exercise
	Hands-on task with an answer key below

	1:46 – 2:34
	Capstone studio
	Supervised term-project work (see term-project document)

	2:34 – 2:39
	Exit ticket and preview
	Capture a takeaway; preview next module


1 · Retrieval warm-up — Ordered or unordered? (10 min)
Set-up. Slide listing outcomes (cancer stage I to IV; type of transport to work; pain none/mild/severe; choice among three clinics).
Run it:
1. Students classify each as ordered or unordered and name the model it calls for (three minutes).
1. Surface with the notes.
	What to surface (facilitator notes):
1. Ordered categories (stage, pain) suit a proportional-odds (ordinal logistic) model.
1. Unordered categories (transport, clinic) suit a multinomial logistic model.
1. Choosing the wrong one either wastes order information or imposes order that is not there.


2 · Co-construction review (34 min)
Activity 1: Model-selection clinic
Match and justify, groups  ·  18 min
Materials. Several multi-category outcomes and the four model options (multinomial, proportional-odds, adjacent-category, continuation-ratio).
Run it:
1. Groups match each outcome to a model and justify it (eight minutes).
1. Groups state the question each model answers.
1. Correct with the notes.
	Prompt to pose (read aloud):
Match each outcome to the right model and say what question that model answers.


	Facilitator talking points (the content you need):
1. Multinomial: unordered categories; gives odds of each category versus a reference.
1. Proportional-odds: ordered categories; one odds ratio for being in a higher versus lower category, assuming proportionality.
1. Continuation-ratio suits sequential stages (progressing to the next stage); adjacent-category compares neighbouring levels.


Close. Students note the model their capstone outcome calls for.
Activity 2: Check proportional odds
Reasoning, pairs  ·  16 min
Materials. A scenario with an ordinal outcome and a hint that the proportional-odds assumption may fail.
Run it:
1. Pairs reason about whether the assumption holds and how to test it (six minutes).
1. Pairs state what to do if it fails.
1. Correct with the notes.
	Prompt to pose (read aloud):
Does the proportional-odds assumption hold here, and how would you check and respond?


	Facilitator talking points (the content you need):
1. Proportional odds assumes the effect of each predictor is the same across all cut-points of the ordinal outcome.
1. Check it with a Brant test or by comparing to a multinomial fit; visual checks help too.
1. If it fails, use a partial proportional-odds model or fall back to multinomial.


Close. Students note whether their ordinal outcome's assumption is plausible.
3 · Question-and-answer clinic (12 min)
Invite the points students flagged in their pre-class prep. The questions below are the ones most likely to come up; model answers follow each so you can field them cold.
Q.  How do I interpret multinomial coefficients?
A.  Each non-reference category has its own set of coefficients giving the log-odds of that category versus the reference. Exponentiate for odds ratios, interpreted as the odds of being in that category rather than the reference per unit change. There are more coefficients to report, one set per category.
Q.  How do I test the proportional-odds assumption?
A.  Use a Brant test (brant package) or compare the proportional-odds fit to a more flexible model; you can also fit separate binary models at each cut-point and see whether coefficients are similar. If the assumption clearly fails, use a partial proportional-odds or multinomial model.
Q.  Why compute predicted probabilities?
A.  Because odds ratios across multiple categories are hard to intuit. Predicted probabilities for representative covariate values translate the model into 'the chance of each outcome category', which is what readers and decision-makers actually want.
4 · Applied exercise — R lab: ordinal versus multinomial models (40 min)
Materials. The built-in R dataset MASS::housing (Copenhagen housing-conditions survey, 72 rows of grouped counts; no download needed). It loads with library(MASS); data(housing). The outcome Sat is an ordered factor for tenant satisfaction with levels Low < Medium < High. Predictors are Infl (perceived influence on management: Low/Medium/High), Type (dwelling type: Tower/Apartment/Atrium/Terrace), and Cont (contact with other residents: Low/High). Freq is the number of tenants in each cell and must be passed as weights, never used as a predictor. Packages: MASS (polr) and nnet (multinom), both shipped with R. Optional only: the brant package for a formal proportional-odds test, but the lab does not require it.
Task (for students). You will fit a proportional-odds model and a multinomial model to the same ordered outcome, interpret an odds ratio from each, check whether the proportional-odds assumption is reasonable, and compute predicted probabilities for two tenant profiles.
Student instructions:
1. Load the data with library(MASS); library(nnet); data(housing). Confirm the outcome is ordered with str(housing$Sat); you should see an ordered factor Low < Medium < High.
1. Fit the proportional-odds model po <- polr(Sat ~ Infl + Type + Cont, data = housing, weights = Freq, Hess = TRUE) and read it with summary(po). Note the single coefficient per predictor and the two intercepts (Low|Medium and Medium|High).
1. Convert the proportional-odds coefficients to odds ratios with round(exp(coef(po)), 2), and write one sentence interpreting the InflHigh odds ratio as a cumulative-odds effect.
1. Fit the multinomial model mn <- multinom(Sat ~ Infl + Type + Cont, data = housing, weights = Freq) and read summary(mn). Note that you now get a separate row of coefficients for Medium and for High, each relative to the baseline Low.
1. Check the proportional-odds assumption by comparing fit: AIC(po) versus AIC(mn). The proportional-odds model uses far fewer parameters, so if its AIC is similar or lower the single-slope assumption is reasonable; mention brant::brant(po) as the formal test.
1. Compute predicted probabilities from the proportional-odds model for two profiles with predict(po, newdata = data.frame(Infl = c('Low','High'), Type = 'Tower', Cont = 'Low'), type = 'probs'), and check each row sums to 1.
1. Write two or three sentences contrasting what each model tells you: the proportional-odds model gives one ordered effect per predictor, the multinomial model gives category-specific effects but ignores the ordering.
Worked example — present to students
Given. Using MASS::housing, you fit po <- polr(Sat ~ Infl + Type + Cont, weights = Freq, Hess = TRUE). summary(po) gives coefficients InflMedium 0.566, InflHigh 1.289, TypeApartment -0.572, TypeAtrium -0.366, TypeTerrace -1.091, ContHigh 0.360, with intercepts Low|Medium -0.496 and Medium|High 0.691 (AIC about 3495). A multinomial fit mn <- multinom(Sat ~ Infl + Type + Cont, weights = Freq) has AIC about 3485. predict(po, type='probs') for a Tower tenant with Low contact gives, at Infl=Low, about (Low 0.38, Medium 0.29, High 0.33), and at Infl=High about (Low 0.14, Medium 0.21, High 0.65).
Solution (walk through on the board):
1. The InflHigh coefficient 1.289 is on the log cumulative-odds scale, so exponentiate it: exp(1.289) is about 3.63.
1. Interpret it as one ordered effect: holding dwelling type and contact fixed, tenants with high perceived influence have about 3.6 times the odds of being in a higher satisfaction category rather than at or below any given level, compared with the Low-influence reference. The proportional-odds assumption means this single ratio applies at both the Low|Medium and Medium|High cut points.
1. Read the multinomial fit differently: it reports separate Medium-versus-Low and High-versus-Low log-odds for InflHigh, so the influence effect is allowed to differ across categories and there is no single odds ratio.
1. Check the assumption by fit: the multinomial model adds a whole extra set of slopes yet its AIC (about 3485) is only a few points below the proportional-odds AIC (about 3495), so the single-slope simplification costs little and the proportional-odds assumption is reasonable here; brant::brant(po) is the formal test.
1. Read the predicted probabilities: moving a Tower, Low-contact tenant from Low to High influence shifts the predicted satisfaction distribution from roughly (0.38, 0.29, 0.33) toward (0.14, 0.21, 0.65), so probability mass moves into the High category, consistent with the positive InflHigh effect. Each row sums to 1.
	Answer:
Higher perceived influence is associated with about 3.6 times the cumulative odds of greater satisfaction (proportional-odds model), and the predicted probability of High satisfaction for a Tower tenant rises from about 0.33 to 0.65 as influence goes Low to High; the multinomial fit gives only a few extra points of AIC, so the proportional-odds assumption is reasonable.


Assignment practice — hand out
Practice 1: A dwelling-type odds ratio.  From the same proportional-odds model on MASS::housing, the TypeTerrace coefficient is about -1.091 and the ContHigh coefficient is about 0.360. Tower is the reference dwelling type and Low is the reference contact level.
Task.  Report the odds ratios for TypeTerrace and ContHigh with round(exp(coef(po)), 2), interpret each in one sentence on the cumulative-odds scale, and state which is associated with lower satisfaction.
	Solution (answer key):
exp(-1.091) is about 0.34 and exp(0.360) is about 1.43. Interpretation: compared with Tower dwellings, terrace tenants have about 0.34 times the cumulative odds of being in a higher satisfaction category (so terraces are associated with lower satisfaction), while tenants with high contact with neighbours have about 1.43 times the odds of greater satisfaction. TypeTerrace, with an odds ratio below 1, is the one associated with lower satisfaction; both effects are read as a single ordered shift because the proportional-odds model assumes one slope across both cut points.


Practice 2: Predicted probabilities from the multinomial model.  Using the multinomial fit mn <- multinom(Sat ~ Infl + Type + Cont, data = housing, weights = Freq), you run predict(mn, newdata = data.frame(Infl = 'High', Type = 'Terrace', Cont = 'High'), type = 'probs') and obtain approximately Low 0.30, Medium 0.27, High 0.43.
Task.  State what type = 'probs' returns here, confirm the three values are a valid probability distribution, and explain in one sentence why a multinomial model can be preferred over the proportional-odds model even when the outcome is ordered.
	Solution (answer key):
type = 'probs' returns the model's predicted probability that this specific tenant profile falls in each satisfaction category (Low, Medium, High). The three values sum to 1.00 (0.30 + 0.27 + 0.43), so they form a valid distribution; the predicted modal category is High. A multinomial model can be preferred when the proportional-odds assumption fails, because it lets each predictor act differently on the Medium-versus-Low and High-versus-Low contrasts instead of forcing one common slope, at the cost of estimating more parameters and giving up the single ordered odds ratio.


	What good work looks like:
Strong work exponentiates the polr coefficients before interpreting them, reads the proportional-odds odds ratio as a single cumulative-odds shift that holds at both cut points, recognises that multinom gives category-specific log-odds relative to the baseline, and checks the proportional-odds assumption by comparing AIC (or naming brant::brant) rather than asserting it. The most common errors are interpreting the polr coefficient as an odds ratio without exponentiating, forgetting weights = Freq (which silently treats the 72 grouped rows as 72 individuals and changes every standard error), using Freq as a predictor, and reading a multinomial coefficient as if it carried the ordering. The deliverable is a knitted section with both model summaries, the odds-ratio interpretation, the AIC comparison, and one predicted-probability table per model.


Debrief. The choice is between economy and flexibility: the proportional-odds model spends one slope per predictor and yields a single ordered odds ratio, while the multinomial model spends a slope per non-reference category and recovers category-specific effects but discards the ordering. Compare their AIC, let the proportional-odds assumption decide, and report predicted probabilities either way so the audience sees the effect on the category distribution, not just the coefficients.
5 · Capstone studio (48 min)
Run it:
1. Open the term-project document to Part 2, Week 6 and read the milestone aloud.
1. Students fit and interpret the multi-category outcome analysis on their data, or a defined alternative if their outcome is binary or continuous.
1. Circulate and ask each student whether their outcome is ordered and which model fits.
1. Mini-conference prompt: 'Have you checked the proportional-odds assumption, or justified multinomial?'
	Source (do not reproduce here):
Refer to the term-project document (Part 2, Week 6) for the brief and rubric. Next week is the midterm; remind students of the coverage.


Exit ticket and preview
State whether your outcome is ordered and the model it calls for. Review Lessons 1 to 6 for next week's midterm.
Instructor preparation
1. Ordered-or-unordered slide; outcomes and model options for the clinic.
1. The dataset, nnet, and MASS on Canvas; confirm R.
1. Open the term-project document to Week 6; post midterm coverage.


Midterm Examination
Term week 7  ·  Three-hour session
Administer the midterm on Lessons 1 to 6, then run a supervised capstone studio so the exam week costs no project time.
Session at a glance
	Time
	Block
	Focus

	0:00 – 0:10
	Settle and instructions
	Distribute the paper; state permitted materials and timing

	0:10 – 1:30
	Midterm examination
	Lessons 1 to 6, in the format described in the syllabus

	1:30 – 1:40
	Break
	

	1:40 – 2:50
	Capstone studio
	Collect the due milestone; mid-term project check-in and catch-up

	2:50 – 3:00
	Debrief and preview
	Note return timing; preview the Lesson 7 module


Coverage. An applied in-class examination covering Lessons 1 to 6 (the structured analytic workflow; data cleaning and descriptives; linear regression; model-building strategy; logistic regression; and ordinal and multinomial models). Students interpret software output and write short pieces of code.
Instructor preparation
1. Finalize and proofread the midterm; prepare the marking key.
1. State permitted materials (calculator, one-page aid, or closed-book) on the paper.
1. Bring the milestone checklist to collect and log the due milestone.
1. Coordinate accommodations with the Centre for Accessible Learning.


Lesson 7 · Count and Rate Data
Term week 8  ·  Three-hour session
Model count and rate data with Poisson regression and its extensions for overdispersion and excess zeros, in R.
Learning objectives
1. Distinguish among simple counts, rates with person-time denominators, population rates, and area-based counts
1. Describe the Poisson distribution and its mean=variance property
1. Specify and interpret a Poisson regression model including the offset term
1. Interpret incidence rate ratios (IR) from exponentiated Poisson coefficients
1. Evaluate Poisson models using Pearson, deviance, and Anscombe residuals
1. Distinguish apparent from real overdispersion and apply appropriate corrections
1. Compare negative binomial regression models (NB-1, NB-2) to Poisson regression
1. Apply zero-inflated, hurdle, and zero-truncated models to handle excess zeros
Before class (flipped preparation)
Students complete the Lesson 7 module and its narrated walkthrough, attempt the in-module checks and reflection prompts, and bring their notes and term-project materials. No pre-reading beyond the module is required to follow this plan.
Session at a glance
	Time
	Block
	Focus

	0:00 – 0:10
	Arrival and retrieval warm-up
	Low-stakes retrieval on the pre-class module

	0:10 – 0:42
	Co-construction review
	Rebuild the week's key ideas (scripted activities below)

	0:42 – 0:54
	Question-and-answer clinic
	Field the anticipated questions below

	0:54 – 1:04
	Break
	

	1:04 – 1:44
	Applied exercise
	Hands-on task with an answer key below

	1:44 – 2:32
	Capstone studio
	Supervised term-project work (see term-project document)

	2:32 – 2:37
	Exit ticket and preview
	Capture a takeaway; preview next module


1 · Retrieval warm-up — Why mean equals variance matters (10 min)
Set-up. Slide stating the Poisson property that the mean equals the variance.
Run it:
1. Students say what breaks when real count data have variance much larger than the mean (three minutes).
1. Surface with the notes.
	What to surface (facilitator notes):
1. Poisson assumes mean equals variance; real counts are often overdispersed (variance exceeds mean).
1. Ignoring overdispersion leaves the point estimates roughly right but the standard errors too small, so confidence intervals are too narrow and p-values too optimistic.
1. Fixes include quasi-Poisson and negative binomial models.


2 · Co-construction review (32 min)
Activity 1: Offset reasoning
Reasoning, groups  ·  16 min
Materials. A scenario with counts over differing exposure times or population sizes.
Run it:
1. Groups set up a rate model and explain what the offset (the log of person-time or population) does (six minutes).
1. Groups state how the interpretation changes from a count to a rate.
1. Correct with the notes.
	Prompt to pose (read aloud):
Set up a rate model for these counts and explain what the offset term does to the interpretation.


	Facilitator talking points (the content you need):
1. An offset is a predictor with its coefficient fixed at 1 (the log of exposure time or population), turning a count model into a rate model.
1. With an offset, exponentiated coefficients are incidence rate ratios, not count ratios.
1. Without it, you would wrongly compare raw counts from unequal denominators.


Close. Students note whether their count outcome needs an offset.
Activity 2: Overdispersion clinic
Diagnose, pairs  ·  16 min
Materials. Poisson output with a dispersion statistic well above 1, and residual diagnostics.
Run it:
1. Pairs distinguish apparent from real overdispersion and decide on a remedy (six minutes).
1. Pairs name when a negative binomial or a zero-inflated model is warranted.
1. Correct with the notes.
	Prompt to pose (read aloud):
Is this overdispersion real, and what model would you switch to?


	Facilitator talking points (the content you need):
1. Apparent overdispersion can come from a missing covariate or wrong functional form; fix the model first.
1. Real overdispersion (extra-Poisson variation) calls for quasi-Poisson or negative binomial models.
1. Excess zeros beyond what the model expects call for zero-inflated or hurdle models.


Close. Students note whether their counts look overdispersed or zero-heavy.
3 · Question-and-answer clinic (12 min)
Invite the points students flagged in their pre-class prep. The questions below are the ones most likely to come up; model answers follow each so you can field them cold.
Q.  How do I interpret an exponentiated Poisson coefficient?
A.  As an incidence rate ratio: the multiplicative change in the rate of events per unit change in the predictor, holding others constant. An incidence rate ratio of 1.5 means a 50% higher event rate. With an offset, it is a rate ratio; without one, a count ratio.
Q.  Poisson, negative binomial, or zero-inflated: how do I choose?
A.  Start with Poisson; if there is real overdispersion, move to negative binomial (or quasi-Poisson for standard-error correction). If there are far more zeros than even the negative binomial expects, consider zero-inflated or hurdle models, which separate the process generating zeros from the count process.
Q.  What is the difference between an offset and just including exposure as a predictor?
A.  An offset fixes the coefficient of log-exposure at 1, encoding the assumption that events scale proportionally with exposure (a true rate). Including exposure as a free predictor estimates that scaling, which is a different, sometimes weaker, assumption. Use an offset when you want a rate.
4 · Applied exercise — R lab: Poisson, overdispersion, and negative binomial (40 min)
Materials. Base R and the MASS package (install.packages("MASS")); optional AER package for a formal dispersion test (install.packages("AER")). The data are built into R, so there is nothing to download. Run library(MASS); data(epil) to load 236 rows of epileptic-seizure counts (Thall and Vail 1990): y is the seizure count in a two-week clinic period, trt is placebo or progabide, base is the eight-week baseline count, age is in years, and each row is one of four visits per patient.
Task (for students). Model a true seizure rate with Poisson regression using a person-time offset, test the model for overdispersion, then refit as a negative binomial and report how the inference changes. Everything runs on the built-in MASS::epil data.
Student instructions:
1. Load the data with library(MASS); data(epil), then look at it with head(epil) and summary(epil$y). Note that y is a count over a fixed two-week period, so the exposure time is two weeks per row.
1. Create a centred log-baseline predictor so coefficients are interpretable: epil$lbase <- log(epil$base/4) - mean(log(epil$base/4)). Dividing base by 4 puts the eight-week baseline on the same two-week footing as y.
1. Fit a Poisson rate model with an offset for the two-week exposure: m1 <- glm(y ~ trt + lbase, family = poisson, offset = rep(log(2), nrow(epil)), data = epil). Read the model with summary(m1).
1. Convert coefficients to incidence rate ratios with exp(cbind(IRR = coef(m1), confint(m1))) and write one sentence interpreting the progabide IRR and the baseline IRR.
1. Quantify overdispersion two ways: compute deviance/df with deviance(m1)/df.residual(m1), and if AER is installed run AER::dispersiontest(m1). A ratio well above 1 means the Poisson variance assumption is broken.
1. Refit as negative binomial with m2 <- MASS::glm.nb(y ~ trt + lbase + offset(rep(log(2), nrow(epil))), data = epil), then compare exp(coef(m2)) and the standard errors from summary(m2) against the Poisson fit.
1. State in one or two sentences whether your conclusion about progabide changed once the standard errors were corrected, and which model you would report.
Worked example — present to students
Given. Using MASS::epil (236 rows, 59 patients, y = seizures per two-week visit). After fitting the Poisson offset model m1 <- glm(y ~ trt + lbase, family = poisson, offset = rep(log(2), nrow(epil)), data = epil), summary(m1) gives roughly: (Intercept) about 1.05, trtprogabide about -0.05 (p about 0.5), lbase about 0.95 (p < 0.001). Residual deviance is about 950 on 233 df.
Solution (walk through on the board):
1. Read the rate. The intercept is on the log scale per two-week period after the offset, so exp(1.05) is about 2.9 seizures per two weeks for a placebo patient at average baseline.
1. Exponentiate for IRRs: exp(-0.05) is about 0.95 for progabide and exp(0.95) is about 2.6 for a one-unit rise in centred log-baseline. Progabide shows roughly a 5 percent lower rate, but the interval is wide and includes 1, so it is not significant; baseline is a strong, highly significant predictor.
1. Check dispersion: deviance/df is about 950/233, roughly 4.1, far above 1. AER::dispersiontest(m1) returns a dispersion estimate near 4 to 5 with a tiny p-value, confirming real overdispersion rather than chance.
1. Refit negative binomial: MASS::glm.nb gives nearly the same IRRs (progabide about 0.95, baseline about 2.6) but much larger standard errors, so every confidence interval widens. The theta estimate is a small positive number, signalling extra-Poisson variance.
1. Compare inference: the point estimates barely move, but the honest negative binomial intervals are far wider than the too-narrow Poisson ones. The Poisson p-values were overstated.
	Answer:
Progabide is associated with about a 5 percent lower seizure rate (IRR near 0.95) but the effect is not statistically distinguishable from no effect. Because deviance/df is about 4, report the negative binomial model with its wider, honest intervals, not the Poisson.


Assignment practice — hand out
Practice 1: add age and re-read the IRRs.  Continue with MASS::epil. Add age to the Poisson offset model: m3 <- glm(y ~ trt + lbase + age, family = poisson, offset = rep(log(2), nrow(epil)), data = epil). Suppose summary(m3) gives an age coefficient of about 0.012 per year (p about 0.2), with trt and lbase essentially unchanged from the worked model.
Task.  Convert the age coefficient to an IRR per 10 years of age and state, in one sentence, whether age is a useful predictor here and whether adding it rescues the Poisson model from overdispersion.
	Solution (answer key):
IRR per 10 years is exp(0.012*10) = exp(0.12), about 1.13, so a 13 percent higher seizure rate per decade, but with p about 0.2 it is not significant. Adding age does not fix overdispersion: deviance/df stays near 4 because the excess variance comes from patient-to-patient heterogeneity and repeated visits, not from a missing age term, so a negative binomial (or a random-effect/GEE model) is still required.


Practice 2: what the offset is doing.  A classmate refits the model with NO offset: m4 <- glm(y ~ trt + lbase, family = poisson, data = epil), and reports the same IRRs as the offset model, claiming the offset is unnecessary because every row covers the same two-week period.
Task.  State whether the classmate is right that the IRRs are unchanged, and explain in one or two sentences what the offset changes and why it still matters here.
	Solution (answer key):
The classmate is essentially right about the slopes: when exposure time is identical for every row, a constant offset log(2) is absorbed into the intercept, so the trt and lbase coefficients and their IRRs are unchanged. What changes is the intercept and its interpretation: with the offset the intercept is a log rate per unit time (per week), and exp(intercept) is a seizures-per-week rate; without it the intercept is just a log count per two-week period. The offset is harmless here but becomes essential the moment exposure times differ across rows, which is the general case for rate data, so keeping it makes the model honest and portable.


	What good work looks like:
Strong work uses offset = log(exposure) to model a genuine rate, reports incidence rate ratios with confidence intervals rather than raw coefficients, diagnoses overdispersion quantitatively (deviance/df near 4 here, or AER::dispersiontest), and shows that glm.nb leaves the point IRRs almost unchanged while widening the too-narrow Poisson intervals. The deciding move is recognising that overdispersion attacks the standard errors, not the point estimates, so the progabide non-effect (IRR about 0.95, CI crossing 1) is the same in both models but only the negative binomial reports it honestly. Common errors to correct: reporting Poisson intervals despite deviance/df well above 1; expecting glm.nb to move the IRRs a lot; thinking that adding another covariate (age) cures overdispersion when the real source is repeated visits within patients; and misreading the offset as changing the slopes when it only resets the intercept under equal exposure. The deliverable is a knitted count-model section showing the offset model, the dispersion number, and the negative binomial comparison.


Debrief. Land it in one line: overdispersion does not move your effect estimates, it inflates your confidence in them, so diagnosing it with deviance/df or a dispersion test is what keeps the inference honest. In the capstone, students apply exactly this Poisson-then-check-then-negative-binomial workflow to their own count or rate outcome, with the offset set to whatever person-time their data actually carries.
5 · Capstone studio (48 min)
Run it:
1. Open the term-project document to Part 2, Week 7 and read the milestone aloud.
1. Students apply a count or rate model to their data if it fits, or document a defined alternative.
1. Circulate and ask each student whether their outcome is a count and whether it needs an offset.
1. Mini-conference prompt: 'Is your count overdispersed, and have you checked rather than assumed?'
	Source (do not reproduce here):
Refer to the term-project document (Part 2, Week 7) for the brief and rubric.


Exit ticket and preview
State whether your outcome is a count and whether it needs an offset. Complete the Lesson 8 module before next class.
Instructor preparation
1. Mean-equals-variance slide; a Poisson output with overdispersion.
1. The dataset and MASS on Canvas; confirm R.
1. Open the term-project document to Week 7.


Lesson 8 · Survival Data
Term week 9  ·  Three-hour session
Analyse time-to-event data from Kaplan-Meier through the Cox model and parametric alternatives, in R. Censoring is the crux.
Learning objectives
1. Distinguish between non-parametric, semi-parametric, and parametric analyses of survival data
1. Carry out non-parametric analyses using actuarial and Kaplan-Meier life tables
1. Generate and interpret survivor and cumulative hazard function graphs
1. Understand relationships among survivor S(t), failure F(t), hazard h(t), and cumulative hazard H(t) functions
1. Fit and interpret a Cox proportional hazards model including hazard ratios
1. Evaluate the proportional hazards assumption using graphical and statistical methods
1. Incorporate time-varying covariates and stratified analyses in Cox models
1. Describe parametric survival models (exponential, Weibull, Gompertz) and accelerated failure time models
1. Understand frailty models for accounting for unmeasured covariates
Before class (flipped preparation)
Students complete the Lesson 8 module and its narrated walkthrough, attempt the in-module checks and reflection prompts, and bring their notes and term-project materials. No pre-reading beyond the module is required to follow this plan.
Session at a glance
	Time
	Block
	Focus

	0:00 – 0:10
	Arrival and retrieval warm-up
	Low-stakes retrieval on the pre-class module

	0:10 – 0:42
	Co-construction review
	Rebuild the week's key ideas (scripted activities below)

	0:42 – 0:54
	Question-and-answer clinic
	Field the anticipated questions below

	0:54 – 1:04
	Break
	

	1:04 – 1:44
	Applied exercise
	Hands-on task with an answer key below

	1:44 – 2:32
	Capstone studio
	Supervised term-project work (see term-project document)

	2:32 – 2:37
	Exit ticket and preview
	Capture a takeaway; preview next module


1 · Retrieval warm-up — What does censoring represent? (10 min)
Set-up. Slide: 'A participant is event-free when the study ends, or drops out at month 8. Why can't we just drop them?'
Run it:
1. Students explain what censoring is and why dropping censored cases biases results (three minutes).
1. Surface with the notes.
	What to surface (facilitator notes):
1. Censoring means we know a person was event-free up to a time but not beyond; that partial information is valuable.
1. Dropping censored cases throws away who survived longest, biasing survival estimates downward.
1. Survival methods are built precisely to use censored observations correctly.


2 · Co-construction review (32 min)
Activity 1: Function-relationship clinic
Connect the functions, groups  ·  16 min
Materials. A slide with the survivor S(t), failure F(t), hazard h(t), and cumulative hazard H(t) functions.
Run it:
1. Groups state how the four functions relate on one example (six minutes).
1. Groups translate a rising hazard into plain language.
1. Correct with the notes.
	Prompt to pose (read aloud):
Connect the survivor, failure, hazard, and cumulative-hazard functions, and describe what a rising hazard means.


	Facilitator talking points (the content you need):
1. F(t) = 1 - S(t); the failure and survivor functions are complements.
1. The hazard h(t) is the instantaneous event rate among those still at risk; the cumulative hazard H(t) accumulates it.
1. A rising hazard means the event becomes more likely the longer one has survived so far.


Close. Students note which function answers their capstone question.
Activity 2: Read a Kaplan-Meier
Interpretation, pairs  ·  16 min
Materials. A Kaplan-Meier plot with two groups and a log-rank p-value.
Run it:
1. Pairs interpret the curves and the log-rank comparison (six minutes).
1. Pairs estimate median survival from the plot.
1. Correct with the notes.
	Prompt to pose (read aloud):
Interpret these survival curves and the log-rank test, and read off the median survival.


	Facilitator talking points (the content you need):
1. The curve shows the probability of surviving past each time; steps occur at events, ticks mark censoring.
1. Median survival is the time where the curve crosses 0.5.
1. The log-rank test compares whole curves; a small p-value means the groups' survival differs, but it is unadjusted.


Close. Students note whether a simple group comparison suits their data.
3 · Question-and-answer clinic (12 min)
Invite the points students flagged in their pre-class prep. The questions below are the ones most likely to come up; model answers follow each so you can field them cold.
Q.  How do I interpret a hazard ratio?
A.  As the ratio of instantaneous event rates between groups, assumed constant over time under the Cox model. A hazard ratio of 0.7 means a 30% lower event rate at any given moment. It is not a risk ratio over the whole period, and it relies on the proportional-hazards assumption.
Q.  How do I check the proportional-hazards assumption?
A.  Graphically (log-log survival curves should be roughly parallel) and statistically with scaled Schoenfeld residuals (cox.zph in R). If it fails, options include stratifying on the offending variable, adding a time-by-covariate interaction, or using a different model.
Q.  When would I use a parametric or accelerated-failure-time model instead of Cox?
A.  When you are willing to assume a specific baseline hazard shape (exponential, Weibull) to gain efficiency or to extrapolate, or when an accelerated-failure-time interpretation (time stretched or compressed) is more natural than a hazard ratio. Cox is the default because it avoids specifying the baseline hazard.
4 · Applied exercise — R lab: survival curves, log-rank, and Cox PH (40 min)
Materials. R/RStudio with the survival package installed (install.packages("survival"); library(survival)). All data are built in: the lung dataset (NCCTG advanced lung cancer, n=228) and the ovarian dataset (n=26). Nothing to download or search for. A reference card listing Surv(), survfit(), survdiff(), coxph(), and cox.zph() helps.
Task (for students). Using the built-in lung dataset, build Kaplan-Meier curves by sex, test the difference with a log-rank test, fit a Cox proportional hazards model, and check the proportional-hazards assumption. The whole point is to code the event indicator correctly and to actually verify the PH assumption rather than assume it.
Student instructions:
1. Load the package and data with library(survival); data(lung). Inspect the columns with str(lung). Note that status is coded 1 = censored and 2 = dead (not 0/1), and sex is 1 = male, 2 = female. Mis-reading this is the single most common error in survival analysis.
1. Build the survival object with the event coded explicitly: surv_obj <- Surv(time = lung$time, event = lung$status == 2). Confirm a censored observation prints with a + sign (e.g. 305+) and an event prints without one.
1. Fit Kaplan-Meier curves split by sex: km <- survfit(surv_obj ~ sex, data = lung). Print summary(km)$table to read the median survival (and its confidence interval) for each sex, and plot the two curves with plot(km, col = c(1,2), xlab = "Days", ylab = "S(t)"); legend("topright", c("Male","Female"), col = c(1,2), lty = 1).
1. Run the log-rank test for a sex difference: survdiff(surv_obj ~ sex, data = lung). Read the chi-square statistic and p-value and state in words whether survival differs by sex.
1. Fit a Cox model with sex, age, and ECOG performance score: cox <- coxph(Surv(time, status == 2) ~ sex + age + ph.ecog, data = lung). Call summary(cox) and read each hazard ratio (the exp(coef) column) with its 95 percent confidence interval. Translate the sex HR into plain language (female versus male hazard).
1. Check proportional hazards with zph <- cox.zph(cox). Read the per-covariate and GLOBAL rows: a small p-value (below about 0.05) flags a violation. Then plot(zph) and look for Schoenfeld-residual trends that drift with time rather than sitting flat around zero.
1. If the assumption holds, report the HRs as-is. If a covariate violates it, name one fix you would use (stratify on that covariate with strata(), add a time-by-covariate interaction, or split follow-up into time intervals) and say why it addresses the violation.
Worked example — present to students
Given. Built-in lung data (n = 228; status: 1 = censored, 2 = dead; sex: 1 = male, 2 = female). Code run:

library(survival); data(lung)
so <- Surv(lung$time, lung$status == 2)
km <- survfit(so ~ sex, data = lung)
summary(km)$table
survdiff(so ~ sex, data = lung)

Abridged output:
            records  events  median  0.95LCL  0.95UCL
sex=1 (M)      138     112     270     212      310
sex=2 (F)       90      53     426     348      550

survdiff: Chisq = 10.3 on 1 df, p = 0.001
Solution (walk through on the board):
1. Read the event coding first. status == 2 marks deaths, so events total 112 (males) + 53 (females) = 165 deaths out of 228; the remaining 63 are censored. Had we written Surv(time, status) without the == 2, R would have treated 2 as the event anyway here, but Surv(time, status == 1) would have flipped deaths and censoring and inverted everything, which is the classic trap.
1. Read the medians from summary(km)$table: median survival is 270 days for males (95% CI 212 to 310) and 426 days for females (95% CI 348 to 550). The female curve sits above the male curve, so women survive longer on average.
1. Interpret the log-rank test: Chisq = 10.3 on 1 df gives p = 0.001. The two survival curves differ by more than sampling noise, so survival differs significantly by sex.
1. Fit the Cox model coxph(Surv(time, status == 2) ~ sex + age + ph.ecog). summary() returns the sex hazard ratio exp(coef) approximately 0.60 (95% CI about 0.42 to 0.86). Because sex is coded 2 = female, this is the female-versus-male hazard: women have roughly a 40 percent lower hazard of death at any given time.
1. Read the other covariates from the same output: ph.ecog HR is about 1.6 per one-point worse performance score (higher hazard, as expected), and age is around HR 1.02 per year and weakly significant.
1. Check PH with cox.zph(cox): the GLOBAL p-value is well above 0.05 (around 0.3), and no single covariate row is significant, so the proportional-hazards assumption is reasonable and the HRs can be reported as they stand.
	Answer:
Females have significantly longer survival than males (median 426 vs 270 days; log-rank p = 0.001), and after adjusting for age and ECOG score the female hazard is about 0.60 that of males (95% CI ~0.42 to 0.86), with the proportional-hazards assumption holding (global cox.zph p > 0.05).


Assignment practice — hand out
Practice 1: does ECOG performance score predict survival? (lung).  Same built-in lung data. A clinician asks whether baseline ECOG performance status (ph.ecog: 0 = fully active up to 3 = bedbound) predicts survival, adjusting for age and sex. Starter code:

library(survival); data(lung)
fit <- coxph(Surv(time, status == 2) ~ ph.ecog + age + sex, data = lung)
summary(fit)
cox.zph(fit)
Task.  Report the hazard ratio and 95% CI for ph.ecog and state in one sentence what a one-point increase means for the hazard. Then state whether cox.zph flags any proportional-hazards violation, and if it does, name one remedy you would apply.
	Solution (answer key):
ph.ecog HR is roughly 1.6 (95% CI about 1.3 to 2.0), so each one-point worsening of performance status raises the hazard of death by roughly 60 percent, holding age and sex fixed; sex stays protective (HR ~0.60) and age is weak (HR ~1.01 to 1.02 per year). cox.zph typically returns a non-significant GLOBAL p (> 0.05) for this model, so PH is acceptable and no remedy is needed. If a student fits a richer model where ph.ecog or another term shows a small cox.zph p-value, accept any correct remedy: stratify on the offending covariate via strata(), add a time-interaction term (e.g. tt() or a manual time split), or split follow-up into intervals. Reward correctly dropping the two rows with missing ph.ecog rather than ignoring the NA warning.


Practice 2: treatment and age in a small trial (ovarian).  Built-in ovarian data (n = 26 from a small ovarian-cancer trial). Columns: futime (follow-up days), fustat (0 = censored, 1 = dead), rx (treatment group 1 vs 2), age (years), resid.ds, ecog.ps. Note the event coding differs from lung: here 1 = dead. Starter code:

library(survival); data(ovarian)
so <- Surv(ovarian$futime, ovarian$fustat)
survdiff(so ~ rx, data = ovarian)
cox <- coxph(so ~ rx + age, data = ovarian)
summary(cox); cox.zph(cox)
Task.  State whether the log-rank test finds a treatment (rx) difference, then report the age hazard ratio with its 95% CI and interpret it in one sentence. Comment briefly on why the confidence intervals are so wide.
	Solution (answer key):
The log-rank test for rx is not significant (Chisq about 1.0 on 1 df, p ~0.3): with only 26 patients and 12 deaths there is little power to detect a treatment difference. In the Cox model, age is the strong predictor, HR roughly 1.16 per year (95% CI about 1.07 to 1.26), meaning each additional year of age raises the hazard by roughly 16 percent; rx has HR well below 1 (around 0.30 to 0.45) but with a wide CI that crosses 1, so it is not statistically significant. The intervals are wide because n = 26 with only 12 events is a very small sample, so estimates are imprecise. cox.zph should return a non-significant global p, so PH is acceptable. Penalize any answer that calls rx significant or that mis-codes fustat (writing fustat == 2 here would produce zero events and break the fit).


	What good work looks like:
Two non-negotiables. First, correct event coding: lung uses status 1 = censored / 2 = dead while ovarian uses fustat 0/1, so Surv() must use status == 2 for lung but plain fustat for ovarian; flipping the indicator inverts the entire analysis and is the most common and most damaging error. Second, the PH assumption must actually be checked with cox.zph and the student must respond to the result rather than assume it. Strong work reports hazard ratios with confidence intervals and translates them into plain language (a HR of 0.60 is a 40 percent lower hazard, not a 60 percent reduction), reads medians and CIs off summary(km)$table, and knows that sex = 2 is female so HR < 1 means a protective effect for women. Expected anchors for grading: lung female-vs-male sex HR roughly 0.60, ph.ecog HR roughly 1.6, log-rank sex p roughly 0.001, female median ~426 vs male ~270 days; ovarian age HR roughly 1.16 per year, rx non-significant. Common errors to correct: miscoding the event, reporting a coefficient instead of exp(coef), ignoring NA rows in ph.ecog, and treating a non-significant small-sample result (ovarian rx) as evidence of no effect.


Debrief. Land two lines. Survival analysis lives or dies on correct censoring: the lung 1/2 versus ovarian 0/1 coding is exactly the kind of detail that silently inverts a published result, so always check str() and confirm the + sign on censored times. And a Cox HR is only trustworthy once the proportional-hazards assumption is checked: cox.zph plus the Schoenfeld-residual plots is the verification, and stratification or a time-interaction is the fix when it fails. In the capstone time-to-event milestone, students will apply this same Surv -> survfit -> survdiff -> coxph -> cox.zph workflow to their own outcome and will be expected to show the assumption check, not just the hazard ratios.
5 · Capstone studio (48 min)
Run it:
1. Open the term-project document to Part 2, Week 8 and read the milestone aloud.
1. Students apply a survival lens to their data if there is a time-to-event outcome, or document the non-fit and advance a prior analysis.
1. Circulate and check each student's event coding.
1. Mini-conference prompt: 'Do you have a time-to-event outcome, and is the proportional-hazards assumption plausible?'
	Source (do not reproduce here):
Refer to the term-project document (Part 2, Week 8) for the brief and rubric.


Exit ticket and preview
State whether your data have a time-to-event outcome and how censoring arises. Complete the Lesson 9 module before next class.
Instructor preparation
1. Censoring warm-up slide; the four-function slide; a Kaplan-Meier plot.
1. A time-to-event dataset and the survival package on Canvas; confirm R.
1. Open the term-project document to Week 8.


Lesson 9 · Introduction to Clustered Data
Term week 10  ·  Three-hour session
Recognise clustered data and the cost of ignoring it, in R.
Learning objectives
1. Recognize and describe different types of clustered (hierarchical) data structures in epidemiology
1. Explain why observations within clusters are correlated and how this affects standard statistical analyses
1. Calculate and interpret the intraclass correlation coefficient (ICC) and design effect (deff)
1. Understand the impact of clustering on standard errors and inference for both continuous and discrete outcomes
1. Describe key methods for dealing with clustering, including fixed effects, robust variance estimators, and survey methods
1. Evaluate the consequences of ignoring clustering in epidemiologic analyses
Before class (flipped preparation)
Students complete the Lesson 9 module and its narrated walkthrough, attempt the in-module checks and reflection prompts, and bring their notes and term-project materials. No pre-reading beyond the module is required to follow this plan.
Session at a glance
	Time
	Block
	Focus

	0:00 – 0:10
	Arrival and retrieval warm-up
	Low-stakes retrieval on the pre-class module

	0:10 – 0:42
	Co-construction review
	Rebuild the week's key ideas (scripted activities below)

	0:42 – 0:54
	Question-and-answer clinic
	Field the anticipated questions below

	0:54 – 1:04
	Break
	

	1:04 – 1:44
	Applied exercise
	Hands-on task with an answer key below

	1:44 – 2:32
	Capstone studio
	Supervised term-project work (see term-project document)

	2:32 – 2:37
	Exit ticket and preview
	Capture a takeaway; preview next module


1 · Retrieval warm-up — A clustered example (10 min)
Set-up. Ask for a health-research example of clustered data and why observations within a cluster resemble each other.
Run it:
1. Students name examples (patients within clinics, students within schools, repeated measures within people) and the shared influences (two minutes).
1. Surface with the notes.
	What to surface (facilitator notes):
1. Clustered data have observations grouped within units that share influences (same clinic, same teacher, same person over time).
1. Within-cluster observations are correlated, so they carry less independent information than their raw count suggests.
1. Standard methods that assume independence understate the standard errors.


2 · Co-construction review (32 min)
Activity 1: Map the clustering
Identify the structure, groups  ·  16 min
Materials. Several dataset descriptions with hidden hierarchical structure.
Run it:
1. Groups identify the clustering unit and the level at which each variable lives (six minutes).
1. Groups mark which variables vary within versus between clusters.
1. Correct with the notes.
	Prompt to pose (read aloud):
Identify the clustering unit in each dataset and which variables vary within versus between clusters.


	Facilitator talking points (the content you need):
1. Level-1 variables vary within clusters (a patient's age); level-2 variables are constant within a cluster (a clinic's funding).
1. Mismatching a variable's level is a common analytic error.
1. Recognising the hierarchy is the first step to modelling it.


Close. Students note whether their own data are clustered and at what level.
Activity 2: ICC and design effect
Compute and interpret, pairs  ·  16 min
Materials. A worked example with an intraclass correlation and cluster sizes.
Run it:
1. Pairs compute or interpret the intraclass correlation and the design effect (six minutes).
1. Pairs translate the design effect into 'effective sample size'.
1. Correct with the notes.
	Prompt to pose (read aloud):
Interpret this intraclass correlation and design effect: how much does clustering shrink your effective sample size?


	Facilitator talking points (the content you need):
1. The intraclass correlation is the share of total variance that is between clusters; even a small one matters with large clusters.
1. Design effect = 1 + (average cluster size - 1) x ICC; it multiplies the variance you would get under independence.
1. Effective sample size is the actual sample divided by the design effect, which can be far smaller.


Close. Students note the clustering they must account for in their capstone.
3 · Question-and-answer clinic (12 min)
Invite the points students flagged in their pre-class prep. The questions below are the ones most likely to come up; model answers follow each so you can field them cold.
Q.  Why does clustering shrink my effective sample size?
A.  Because correlated observations within a cluster duplicate information rather than adding fresh information. Two measurements on the same person tell you less than two on different people. The design effect quantifies how much; ignoring it makes your confidence intervals too narrow.
Q.  Fixed effects, robust standard errors, or a mixed model?
A.  Fixed effects (cluster dummies or within-cluster centering) control all stable cluster differences but cannot estimate cluster-level predictors. Robust (cluster) standard errors fix the inference without modelling the structure. Mixed models estimate the variance components and borrow strength across clusters. The choice depends on whether you care about cluster-level effects and on cluster number and size.
Q.  What happens if I just ignore clustering?
A.  Point estimates are often roughly fine, but standard errors are too small, so confidence intervals are too narrow and you over-reject the null. You will claim significance you have not earned. That is why clustering must be addressed.
4 · Applied exercise — R lab: quantify the clustering in sleepstudy (40 min)
Materials. Base R plus the lme4 package, which ships with the sleepstudy dataset. Nothing to download. If lme4 is unavailable, the design-effect arithmetic can be done by hand from the variance components printed below.
Task (for students). Using a dataset where each person is measured ten times, estimate how strongly repeated measures on the same person resemble each other, then translate that into the design effect and show what it does to the effective sample size. The point is to put a number on the clustering before trusting any standard error.
Student instructions:
1. Load the data with library(lme4); data(sleepstudy). Confirm the structure: 180 reaction-time measurements on 18 subjects, ten days each, so the cluster is Subject and the average cluster size m is 10.
1. Fit the null (intercept-only) model that lets reaction time vary only by subject: m0 <- lmer(Reaction ~ 1 + (1 | Subject), data = sleepstudy). This model has no predictors; its only job is to split the variance.
1. Read the variance components from summary(m0) or print(VarCorr(m0)): the Subject (between-person) variance and the Residual (within-person) variance.
1. Compute the intraclass correlation as ICC = between / (between + residual). Interpret it in words: it is the share of total variation that sits between people rather than within a person.
1. Compute the design effect deff = 1 + (m - 1) * ICC using m = 10, then the effective sample size n_eff = n / deff with n = 180.
1. State the inflation factor for standard errors: a confidence interval built as if the 180 rows were independent is too narrow by a factor of about sqrt(deff). Write one sentence on what an analyst who ignored Subject would get wrong.
1. Save your script and record the ICC, deff, and n_eff with one line of interpretation each.
Worked example — present to students
Given. library(lme4); data(sleepstudy)
# 180 rows, 18 Subjects, 10 days each; outcome Reaction (ms)
m0 <- lmer(Reaction ~ 1 + (1 | Subject), data = sleepstudy)
VarCorr(m0)
# Approximate output:
#  Groups   Name        Std.Dev.
#  Subject  (Intercept) 35.7      -> variance ~ 1278
#  Residual             44.3      -> variance ~ 1959
# Grand mean Reaction ~ 298 ms
Solution (walk through on the board):
1. The model splits total variation into a between-subject part (variance about 1278, SD 35.7 ms) and a within-subject part (variance about 1959, SD 44.3 ms).
1. ICC = 1278 / (1278 + 1959) = 1278 / 3237 = about 0.39. So roughly 39 percent of the variation in reaction time is differences between people; the rest is day-to-day variation within a person.
1. With average cluster size m = 10, deff = 1 + (10 - 1) * 0.39 = 1 + 9 * 0.39 = 1 + 3.51 = about 4.5.
1. Effective sample size n_eff = 180 / 4.5 = about 40. The 180 correlated rows carry roughly the information of 40 independent observations.
1. Standard-error inflation is about sqrt(4.5) = about 2.1. An analyst who treated the rows as independent would report confidence intervals roughly half as wide as they should be.
	Answer:
ICC is about 0.39 and the design effect is about 4.5, so ignoring Subject would shrink standard errors by roughly a factor of two and overstate precision badly. The 180 measurements are worth about 40 independent ones.


Assignment practice — hand out
Practice 1: repeat the workflow on ChickWeight.  data(ChickWeight)  # base R 'datasets' package, no lme4 data needed
# 578 weight measurements on 50 Chicks over time; cluster = Chick
library(lme4)
m0 <- lmer(weight ~ 1 + (1 | Chick), data = ChickWeight)
VarCorr(m0)
# Approximate output:
#  Groups   Name        Std.Dev.
#  Chick    (Intercept) ~ 26      -> variance ~ 676
#  Residual             ~ 67      -> variance ~ 4489
# Average measurements per chick m ~ 11.6 (578 / 50)
Task.  Compute the ICC and the design effect for ChickWeight using m = 11.6, then say in one sentence whether clustering here is a smaller or larger problem than in sleepstudy and why.
	Solution (answer key):
ICC = 676 / (676 + 4489) = 676 / 5165 = about 0.13. deff = 1 + (11.6 - 1) * 0.13 = 1 + 10.6 * 0.13 = about 2.4. SE inflation is sqrt(2.4) = about 1.6. Clustering is a smaller problem than in sleepstudy because the ICC is much lower (0.13 vs 0.39): most of the variation in chick weight is within a chick over time rather than between chicks, so the repeated measures carry more independent information per row. Note that the null model deliberately ignores time; weight grows with Day, so a fitted model would partition variance differently. The teaching point is the ICC-to-deff translation, not the biology.


Practice 2: naive versus cluster-aware standard error.  # From the sleepstudy null model: ICC ~ 0.39, m = 10, n = 180.
# Suppose a colleague computes the mean Reaction and a 95% CI
# treating all 180 rows as independent, getting a naive SE of 3.3 ms.
Task.  Using the design effect, give the corrected (clustering-aware) standard error and the corrected 95% CI half-width, and state which interval an honest analysis should report.
	Solution (answer key):
deff = 1 + (10 - 1) * 0.39 = about 4.5, so the SE inflation is sqrt(4.5) = about 2.1. Corrected SE = 3.3 * 2.1 = about 7.0 ms. Naive 95% half-width = 1.96 * 3.3 = about 6.5 ms; corrected half-width = 1.96 * 7.0 = about 13.7 ms, roughly double. The honest analysis reports the wider, clustering-aware interval, because the naive interval pretends 180 rows are independent when they are worth about 40. Reporting the naive interval would overstate precision and inflate the false-positive rate.


	What good work looks like:
Strong work reports three numbers and reasons from them: an ICC near 0.39 for sleepstudy, a design effect near 4.5, and an effective sample size near 40 out of 180. It then states the consequence in the right direction, that ignoring clustering makes standard errors too small and intervals too narrow by roughly sqrt(deff), here about a factor of two. Accept ICC anywhere in roughly 0.36 to 0.42 and deff roughly 4.2 to 4.7, since exact values depend on the estimator. Common errors to correct: computing ICC as residual over total instead of between over total; using the number of clusters (18) instead of cluster size (10) in the design effect; concluding that clustering inflates rather than deflates naive standard errors; and treating the null-model ICC as a final result rather than a diagnostic that motivates a proper mixed model. The ChickWeight practice should yield a clearly smaller ICC (about 0.13) and smaller deff (about 2.4), making the point that the size of the clustering problem is an empirical question, not a constant.


Debrief. Land the rule in one line: clustering does not bias the point estimate, it shrinks the information per row, so naive standard errors are too optimistic and the fix is to quantify the design effect before trusting any interval. Tie it forward to the capstone Clustering Audit, where students will identify the cluster variable in their own data, fit a null model, and report ICC, deff, and effective sample size as the justification for the mixed models that follow.
5 · Capstone studio (48 min)
Run it:
1. Open the term-project document to Part 2, Week 9 and read the milestone aloud.
1. Students check whether their data are clustered and plan accordingly.
1. Circulate and ask each student for their clustering unit and a rough intraclass correlation.
1. Mini-conference prompt: 'If your data are clustered, what is your effective sample size, really?'
	Source (do not reproduce here):
Refer to the term-project document (Part 2, Week 9) for the brief and rubric.


Exit ticket and preview
State whether your data are clustered and the clustering unit. Complete the Lesson 10 module before next class.
Instructor preparation
1. Clustered-example warm-up; dataset descriptions; an ICC and design-effect example.
1. A clustered dataset and lme4 on Canvas; confirm R.
1. Open the term-project document to Week 9.


Lesson 10 · Mixed Models for Continuous Data
Term week 11  ·  Three-hour session
Fit linear mixed models for clustered continuous data and interpret fixed and random effects, in R.
Learning objectives
1. Understand the concepts of fixed and random effects in linear mixed models
1. Write and interpret the linear mixed model equation with random intercepts
1. Decompose variance into between-group and within-group components and calculate the ICC
1. Understand random slopes models and their interpretation as hierarchical models
1. Explain contextual effects and how within-group and between-group regressions can differ
1. Describe estimation methods (ML and REML) and their properties
1. Conduct inference for both fixed and random effects in mixed models
1. Understand the role of BLUPs, shrinkage, residuals, and model diagnostics
Before class (flipped preparation)
Students complete the Lesson 10 module and its narrated walkthrough, attempt the in-module checks and reflection prompts, and bring their notes and term-project materials. No pre-reading beyond the module is required to follow this plan.
Session at a glance
	Time
	Block
	Focus

	0:00 – 0:10
	Arrival and retrieval warm-up
	Low-stakes retrieval on the pre-class module

	0:10 – 0:42
	Co-construction review
	Rebuild the week's key ideas (scripted activities below)

	0:42 – 0:54
	Question-and-answer clinic
	Field the anticipated questions below

	0:54 – 1:04
	Break
	

	1:04 – 1:44
	Applied exercise
	Hands-on task with an answer key below

	1:44 – 2:32
	Capstone studio
	Supervised term-project work (see term-project document)

	2:32 – 2:37
	Exit ticket and preview
	Capture a takeaway; preview next module


1 · Retrieval warm-up — What is the intercept variance? (10 min)
Set-up. Slide: 'In a random-intercept model, what does the variance of the random intercepts represent?'
Run it:
1. Students answer in plain terms (two minutes).
1. Surface with the notes.
	What to surface (facilitator notes):
1. It represents how much clusters differ from one another in their baseline level of the outcome.
1. A large intercept variance means clusters start far apart; a small one means they are similar.
1. It is the between-cluster variance that the intraclass correlation summarises.


2 · Co-construction review (32 min)
Activity 1: Build the equation
Write the model, groups  ·  16 min
Materials. A scenario with a continuous outcome clustered within units.
Run it:
1. Groups write a random-intercept model and label each term (six minutes).
1. Groups identify the fixed effects and the random effect.
1. Correct with the notes.
	Prompt to pose (read aloud):
Write a random-intercept model for this scenario and label the fixed effects, the random intercept, and the residual.


	Facilitator talking points (the content you need):
1. Fixed effects are the average relationships (the regression coefficients) that apply across all clusters.
1. The random intercept is a cluster-specific deviation from the average intercept, assumed normally distributed.
1. The residual is the within-cluster, observation-level error.


Close. Students draft the model structure for their own clustered outcome.
Activity 2: Decompose the variance
Compute and reason, pairs  ·  16 min
Materials. A fitted model's variance components on a slide.
Run it:
1. Pairs split the variance into between- and within-cluster parts and compute the intraclass correlation (six minutes).
1. Pairs interpret what a high versus low intraclass correlation implies.
1. Correct with the notes.
	Prompt to pose (read aloud):
From these variance components, compute the intraclass correlation and say what it implies.


	Facilitator talking points (the content you need):
1. Intraclass correlation = between-cluster variance divided by total variance.
1. A high value means clusters differ a lot and clustering matters greatly; a low value means less so.
1. It connects directly to the design effect from last week.


Close. Students note the variance structure to expect in their data.
3 · Question-and-answer clinic (12 min)
Invite the points students flagged in their pre-class prep. The questions below are the ones most likely to come up; model answers follow each so you can field them cold.
Q.  ML or REML for fitting mixed models?
A.  Use REML (the default in lmer) for unbiased variance-component estimates and final reporting. Use ML when comparing models with different fixed effects via likelihood-ratio tests, because REML likelihoods are not comparable across different fixed-effect structures. Refit the chosen model with REML for the final estimates.
Q.  What does a random slope add over a random intercept?
A.  A random intercept lets clusters differ in baseline level; a random slope also lets the effect of a predictor differ across clusters. Add a random slope when you believe (and can estimate) that the relationship itself varies by cluster, not just the starting point.
Q.  What is a contextual effect?
A.  It is when a cluster-level summary of a variable has an effect beyond the individual-level version (for example, a school's average socioeconomic status affecting a student over and above the student's own). Separating within-cluster from between-cluster effects reveals it; ignoring the distinction conflates two different things.
4 · Applied exercise — R lab: mixed models with sleepstudy (40 min)
Materials. R/RStudio with the lme4 package installed (install.packages("lme4") once). The data are built in: lme4::sleepstudy, so there is nothing to download. sleepstudy holds 180 rows: average reaction time (Reaction, in milliseconds) for 18 subjects (Subject) measured once a day across a 10-day sleep-restriction study (Days = 0 to 9).
Task (for students). Use the built-in lme4::sleepstudy data to fit and compare two linear mixed models for reaction time over days of sleep restriction. Read off the fixed effects, the variance components, and the ICC, then decide whether subjects need their own slopes as well as their own intercepts.
Student instructions:
1. Load the package and data: library(lme4); data(sleepstudy); str(sleepstudy). Confirm 18 subjects each measured on Days 0 to 9.
1. Fit the random-intercept model m1 <- lmer(Reaction ~ Days + (1 | Subject), data = sleepstudy) and run summary(m1). Read the fixed effect of Days (average ms added per day) and the two variance components (Subject intercept variance and Residual variance).
1. Compute the ICC by hand from the m1 variance components: ICC = Var(Intercept) / (Var(Intercept) + Var(Residual)). State in words what fraction of the leftover variation sits between subjects rather than within a subject over time.
1. Fit the random-slope model m2 <- lmer(Reaction ~ Days + (Days | Subject), data = sleepstudy) and run summary(m2). This lets each subject have their own intercept and their own Days slope; report the slope SD and the intercept-slope correlation.
1. Compare m1 and m2 with anova(m1, m2). Note that anova() automatically refits both models with ML rather than REML, because the comparison touches the random-effects structure; read the likelihood-ratio test and decide whether the random slope earns its keep.
1. Inspect the per-subject estimates with ranef(m2)$Subject (the BLUP deviations from the average intercept and slope) and identify one subject who degrades much faster than average and one who is unusually stable.
1. Check the fit with plot(m2) (residuals vs fitted) and qqnorm(resid(m2)). Note whether the residuals look patternless and roughly normal.
Worked example — present to students
Given. After library(lme4); data(sleepstudy), you fit:

m1 <- lmer(Reaction ~ Days + (1 | Subject), data = sleepstudy)
summary(m1)

Abbreviated output:
Random effects:
 Groups   Name        Variance Std.Dev.
 Subject  (Intercept) 1378.2   37.12
 Residual              960.5    30.99
Number of obs: 180, groups: Subject, 18

Fixed effects:
            Estimate Std. Error t value
(Intercept)  251.405      9.747   25.79
Days          10.467      0.804   13.02
Solution (walk through on the board):
1. Read the fixed part first. The average reaction time on Day 0 is about 251 ms, and each extra day of sleep restriction adds about 10.5 ms on average (t = 13.0, clearly nonzero). This is the average trajectory across all subjects.
1. Read the random part. The Subject intercept variance is 1378.2 (SD 37.1 ms): subjects begin the study at noticeably different baseline reaction times. The Residual variance is 960.5 (SD 31.0 ms): the scatter of each subject's daily measurements around their own line.
1. Compute the ICC: 1378.2 / (1378.2 + 960.5) = 1378.2 / 2338.7 = 0.589. So about 59 percent of the variation not explained by Days lies between subjects, and the rest is within-subject day-to-day noise.
1. Interpret the ICC for clustering. A value near 0.59 is high: two measurements from the same person are much more alike than measurements from different people, which is why ordinary regression (assuming independent rows) would understate the standard errors here.
1. Sanity-check the structure. With 18 subjects times 10 days we expect 180 rows, and the output confirms 180 obs in 18 groups, so the grouping is being read correctly.
	Answer:
Reaction time rises about 10.5 ms per day on average; with an ICC near 0.59, well over half the residual variation is between subjects, so a subject-level random effect is clearly warranted.


Assignment practice — hand out
Practice 1: does the random slope earn its keep?.  You fit the random-slope model and compare it to the random-intercept model:

m2 <- lmer(Reaction ~ Days + (Days | Subject), data = sleepstudy)
anova(m1, m2)

Abbreviated output:
     npar    AIC    BIC  logLik deviance  Chisq Df Pr(>Chisq)
m1      4 1802.1 1814.8 -897.04   1794.1
m2      6 1763.9 1783.1 -875.97   1751.9 42.14  2  7.1e-10

From summary(m2): the Days random-effect Std.Dev. is about 5.92 ms and the intercept-slope correlation is about 0.07.
Task.  Does adding a random slope improve the model? Quote the test, say why anova() reports ML-based numbers here, and interpret the Days SD of 5.92 ms.
	Solution (answer key):
Yes. The likelihood-ratio test gives Chisq = 42.14 on 2 df, p about 7e-10, so m2 fits significantly better, and AIC drops from 1802 to 1764. anova() refits both models with maximum likelihood (ML) rather than REML because REML log-likelihoods are not comparable across models with different random-effects structures; only the ML likelihoods can be placed on a common footing for the test. The Days SD of 5.92 ms means subjects differ substantially in how fast they slow down: a subject one SD above average gains about 10.47 + 5.92 = 16.4 ms per day, while one SD below gains only about 4.5 ms per day. The near-zero intercept-slope correlation (0.07) says a subject's starting speed barely predicts how fast they will deteriorate.


Practice 2: REML vs ML and reading a BLUP.  Two facts to reason about. (1) After choosing m2, you refit it with REML (the lmer default) to report final variance components; the REML intercept SD is about 24.7 ms and the residual SD about 25.6 ms, both smaller than the m1 numbers because part of the variance has moved into the slope term. (2) ranef(m2)$Subject shows, for two subjects:

            (Intercept)   Days
Subject 308     2.26       9.20
Subject 335    -0.34      -8.0
Task.  Explain why the final variance components are reported from REML rather than ML, then interpret the BLUP rows for subjects 308 and 335 in plain terms.
	Solution (answer key):
REML gives less biased estimates of variance components than ML because it accounts for the degrees of freedom spent estimating the fixed effects, so once the model structure is chosen we report the REML estimates (the lmer default). ML is used only for the anova/likelihood-ratio comparison in Practice 1, since REML deviances cannot be compared across models with different random-effects structures. For the BLUPs: subject 308 has intercept deviation +2.26 (starts essentially at the average baseline) but slope deviation +9.20, so 308 degrades far faster than average, roughly 10.47 + 9.20 = 19.7 ms per day, the most sleep-sensitive subject shown. Subject 335 has slope deviation about -8.0, a nearly flat trajectory (about 10.47 - 8.0 = 2.5 ms per day), so unusually resistant to sleep restriction. BLUPs are shrunken toward zero, so these are partially pooled estimates, not raw per-subject OLS slopes.


	What good work looks like:
Strong work reads the fixed effect of Days as the average slope (about 10.5 ms/day), reports BOTH variance components, and computes the ICC correctly (about 0.59 for m1). For the model comparison it states the LRT result (Chisq 42.1, 2 df, p about 7e-10) and knows that anova() refits with ML because REML likelihoods cannot be compared across these structures. It reports FINAL variance components from REML once the structure is fixed. The single most common error to correct: comparing REML log-likelihoods or deviances across models (always use ML for the comparison, REML for the final estimates). Other errors: forgetting the residual variance when computing the ICC; calling Days a random effect when it is a fixed effect whose slope is merely allowed to vary; treating BLUPs as if they were unpooled OLS slopes. The deliverable is a knitted mixed-model section showing summary(m1), the hand-computed ICC, summary(m2), anova(m1, m2), and a one-line read of two contrasting BLUPs.


Debrief. Land the idea in one line: the fixed effects say what happens on average (about 10.5 ms slower per day), and the random effects say how much subjects depart from that average in both where they start and how fast they fall. Tie the ICC of 0.59 back to why we cannot treat the 180 rows as independent. Reinforce the REML-versus-ML rule, because it recurs in the capstone random-effects model: compare structures with ML, report final variance components with REML.
5 · Capstone studio (48 min)
Run it:
1. Open the term-project document to Part 2, Week 10 and read the milestone aloud.
1. Students fit a mixed model on their continuous clustered outcome where it fits.
1. Circulate and ask each student what their random effects represent substantively.
1. Mini-conference prompt: 'Do you need a random slope, or is a random intercept enough?'
	Source (do not reproduce here):
Refer to the term-project document (Part 2, Week 10) for the brief and rubric.


Exit ticket and preview
State your clustering unit and whether you need a random slope. Complete the Lesson 11 module before next class.
Instructor preparation
1. Intercept-variance slide; a clustered scenario; variance components on a slide.
1. A clustered dataset and lme4 on Canvas; confirm R.
1. Open the term-project document to Week 10.


Lesson 11 · Mixed Models for Discrete Data
Term week 12  ·  Three-hour session
Extend mixed models to discrete outcomes and read subject-specific against population-averaged effects, in R.
Learning objectives
1. Understand the generalised linear mixed model (GLMM) framework for discrete outcomes
1. Write and interpret logistic regression models with random effects
1. Distinguish between subject-specific (SS) and population-averaged (PA) interpretations
1. Calculate the median odds ratio (MOR) and latent variable ICC for binary outcomes
1. Apply mixed models to count data using Poisson regression with random effects
1. Understand estimation challenges in GLMMs including ML, quasi-likelihood, and Laplace approximation
1. Extend mixed models to ordinal, multinomial, and other discrete outcome types
1. Evaluate when different estimation methods are appropriate and their trade-offs
Before class (flipped preparation)
Students complete the Lesson 11 module and its narrated walkthrough, attempt the in-module checks and reflection prompts, and bring their notes and term-project materials. No pre-reading beyond the module is required to follow this plan.
Session at a glance
	Time
	Block
	Focus

	0:00 – 0:10
	Arrival and retrieval warm-up
	Low-stakes retrieval on the pre-class module

	0:10 – 0:42
	Co-construction review
	Rebuild the week's key ideas (scripted activities below)

	0:42 – 0:54
	Question-and-answer clinic
	Field the anticipated questions below

	0:54 – 1:04
	Break
	

	1:04 – 1:44
	Applied exercise
	Hands-on task with an answer key below

	1:44 – 2:32
	Capstone studio
	Supervised term-project work (see term-project document)

	2:32 – 2:37
	Exit ticket and preview
	Capture a takeaway; preview next module


1 · Retrieval warm-up — Subject-specific or population-averaged? (10 min)
Set-up. Slide: 'Why does a logistic coefficient mean something different in a mixed model than in an ordinary logistic regression?'
Run it:
1. Students propose the distinction (two minutes).
1. Surface with the notes.
	What to surface (facilitator notes):
1. A mixed (subject-specific) logistic coefficient is the effect for a given cluster, holding its random effect fixed.
1. A population-averaged (marginal, GEE) coefficient is the effect averaged over the population of clusters.
1. For nonlinear links like the logit, these two are not equal; subject-specific effects are usually larger in magnitude.


2 · Co-construction review (32 min)
Activity 1: Subject-specific versus population-averaged clinic
Interpret both, pairs  ·  16 min
Materials. A scenario asking for both interpretations of the same effect.
Run it:
1. Pairs state the effect under each framing and when each is wanted (six minutes).
1. Pairs decide which a clinician versus a policymaker would prefer.
1. Correct with the notes.
	Prompt to pose (read aloud):
Interpret this effect both subject-specifically and population-averaged, and say who wants which.


	Facilitator talking points (the content you need):
1. Subject-specific answers 'for a given cluster, what changes if the predictor changes'; useful for individual-level mechanism.
1. Population-averaged answers 'across the whole population, what is the average change'; useful for population policy.
1. They diverge under the logit link, so report which one you mean.


Close. Students note which interpretation their question needs.
Activity 2: GLMM build and its challenge
Reasoning, groups  ·  16 min
Materials. A binary clustered outcome scenario and a Poisson clustered scenario.
Run it:
1. Groups specify a logistic GLMM and a Poisson GLMM and name the estimation challenge (six minutes).
1. Groups state why GLMMs are harder to fit than linear mixed models.
1. Correct with the notes.
	Prompt to pose (read aloud):
Specify a logistic and a Poisson mixed model, and name why these are harder to estimate than a linear mixed model.


	Facilitator talking points (the content you need):
1. GLMMs require integrating over the random effects, which has no closed form, unlike linear mixed models.
1. Estimation uses approximations: Laplace approximation or adaptive Gauss-Hermite quadrature (more accurate, slower), or penalised quasi-likelihood (biased for binary data with small clusters).
1. Convergence problems are common; simpler random-effect structures help.


Close. Students note the estimation method they will use.
3 · Question-and-answer clinic (12 min)
Invite the points students flagged in their pre-class prep. The questions below are the ones most likely to come up; model answers follow each so you can field them cold.
Q.  Why do subject-specific and population-averaged effects differ for logistic models?
A.  Because the logit link is nonlinear, averaging effects over a distribution of random effects does not equal the effect at the average. Subject-specific (conditional) odds ratios are typically larger in magnitude than population-averaged (marginal) ones. For linear models they coincide, which is why the issue surprises people.
Q.  What is the median odds ratio?
A.  It translates the between-cluster variance of a logistic GLMM into an odds-ratio scale: the median odds ratio is the typical increase in odds if you moved a person to a higher-risk cluster. It makes the random-intercept variance interpretable for binary outcomes.
Q.  Laplace, quadrature, or quasi-likelihood for estimation?
A.  Adaptive Gauss-Hermite quadrature is most accurate but limited to simple random structures and slower; Laplace approximation (the lme4 default) is a good general choice; penalised quasi-likelihood is fast but biased for binary outcomes with small clusters. Prefer quadrature or Laplace for binary data.
4 · Applied exercise — R lab: logistic GLMM on herd disease data (40 min)
Materials. R/RStudio with the lme4 package installed. The dataset lme4::cbpp is built into the package, so there is nothing to download. Run library(lme4); data(cbpp) and you are ready. A calculator or R console for the median odds ratio arithmetic.
Task (for students). Fit a logistic generalised linear mixed model to clustered binary outcome data, read the random-intercept variance, and translate the herd-to-herd heterogeneity into a median odds ratio. State explicitly whether each effect you report is subject-specific or population-averaged.
Student instructions:
1. Load the data with library(lme4); data(cbpp). Each row is one herd in one of four time periods, with incidence new disease cases out of size animals at risk. Inspect it with str(cbpp).
1. Fit the random-intercept model: m1 <- glmer(cbind(incidence, size - incidence) ~ period + (1 | herd), family = binomial, data = cbpp). The (1 | herd) term lets each herd have its own baseline log-odds of infection.
1. Run summary(m1). Find the herd variance under Random effects and the four fixed-effect coefficients (Intercept, period2, period3, period4) on the log-odds scale.
1. Exponentiate the fixed effects with exp(fixef(m1)) to read them as subject-specific odds ratios: each is the odds ratio comparing time periods within the same herd, holding the herd random effect fixed.
1. Extract the herd variance with VarCorr(m1) and compute the median odds ratio: MOR = exp(sqrt(2 * tau2) * qnorm(0.75)), where tau2 is the herd random-intercept variance. Interpret the MOR as the typical odds ratio you would see when moving a cow between two randomly chosen herds.
1. Compute the latent-variable ICC: tau2 / (tau2 + pi^2/3). This is the share of total latent variation in infection risk that sits between herds rather than within.
1. Record any convergence or singular-fit warning and state how you would respond (rescale a continuous predictor, simplify the random structure, or switch optimizer with glmerControl(optimizer = "bobyqa")).
Worked example — present to students
Given. Run on lme4::cbpp (56 herd-period rows, 15 herds):

m1 <- glmer(cbind(incidence, size - incidence) ~ period + (1 | herd),
            family = binomial, data = cbpp)
summary(m1)

Abbreviated output:
Random effects:
 Groups Name        Variance Std.Dev.
 herd   (Intercept) 0.412    0.642
Number of obs: 56, groups: herd, 15

Fixed effects:
            Estimate Std.Error z value Pr(>|z|)
(Intercept)  -1.398    0.231   -6.05   <2e-16
period2      -0.992    0.303   -3.27   0.0011
period3      -1.128    0.323   -3.49   0.0005
period4      -1.580    0.430   -3.67   0.0002
Solution (walk through on the board):
1. The herd random-intercept variance is tau2 = 0.412 (SD 0.642 on the log-odds scale). Herds differ meaningfully in their baseline infection odds, which is why a plain glm would understate the clustering.
1. Exponentiate the fixed effects: exp(-0.992) = 0.37, exp(-1.128) = 0.32, exp(-1.580) = 0.21. Within a given herd, the odds of a new case in periods 2, 3 and 4 are roughly 37, 32 and 21 percent of the period-1 odds. These are subject-specific (within-herd) odds ratios because they condition on the herd random effect.
1. Median odds ratio: MOR = exp(sqrt(2 * 0.412) * 0.6745) = exp(0.908 * 0.6745) = exp(0.612) = 1.85. Take two herds at random and move a cow from the lower-risk to the higher-risk one; the odds of infection typically multiply by about 1.85.
1. Latent-variable ICC: 0.412 / (0.412 + pi^2/3) = 0.412 / 3.702 = 0.11. About 11 percent of the latent variation in infection risk lies between herds.
1. The MOR (1.85) is comparable in size to the period fixed-effect odds ratios, so between-herd heterogeneity is as consequential for an individual animal as the time-period effect. The model converged with no singular-fit warning, so no random-structure simplification was needed.
	Answer:
Within-herd (subject-specific) odds of infection fall across periods 2 to 4 relative to period 1, and unexplained between-herd heterogeneity is substantial: MOR = 1.85, latent ICC = 0.11.


Assignment practice — hand out
Practice 1: MOR and ICC from a fitted model.  A colleague fits glmer(cbind(incidence, size - incidence) ~ period + (1 | herd), family = binomial, data = cbpp) and reports only this random-effects line:
 Groups Name        Variance Std.Dev.
 herd   (Intercept) 0.412    0.642
They claim the period2 odds ratio of 0.37 is 'the effect of period 2 on infection risk in the population'.
Task.  Compute the median odds ratio and the latent-variable ICC from tau2 = 0.412, then state in one sentence whether the colleague's interpretation of the period2 odds ratio is correct, and if not, fix it.
	Solution (answer key):
MOR = exp(sqrt(2*0.412)*qnorm(0.75)) = exp(0.908*0.6745) = 1.85; latent ICC = 0.412/(0.412 + pi^2/3) = 0.412/3.702 = 0.11. The colleague is wrong: 0.37 is a SUBJECT-SPECIFIC odds ratio (the within-herd period-2 vs period-1 odds ratio, conditional on the herd random effect), not a population-averaged effect. A population-averaged statement would require marginalising over the herd random effect (for example via a GEE fit or by averaging predicted probabilities), and the marginal odds ratio would be attenuated toward 1 because the random-effect variance is non-zero.


Practice 2: overdispersion via an observation-level random effect.  To check for overdispersion beyond the herd clustering, fit an observation-level random effect:

cbpp$obs <- 1:nrow(cbpp)
m2 <- glmer(cbind(incidence, size - incidence) ~ period + (1 | herd) + (1 | obs),
            family = binomial, data = cbpp)
summary(m2)

The new random-effects table shows a non-trivial obs variance alongside a herd variance near 0.18, and AIC drops by several points relative to m1.
Task.  Explain what the (1 | obs) term captures, what its non-trivial variance plus the lower AIC tell you about the original m1, and how the herd variance changing affects the median odds ratio you would report.
	Solution (answer key):
The (1 | obs) term is an observation-level random effect: one random intercept per row, which absorbs extra-binomial variation (overdispersion) not explained by herd or period. A non-trivial obs variance plus a lower AIC indicate that m1 was overdispersed, so its standard errors were too small and its herd variance was inflated by soaking up dispersion it could not model. Because the herd variance falls (about 0.412 down to roughly 0.18 once obs is included), the median odds ratio recomputed as exp(sqrt(2*0.18)*0.6745) = exp(0.6*0.6745) = about 1.50 is smaller: properly separating herd clustering from overdispersion attributes less between-herd heterogeneity, so the MOR shrinks. Report the MOR from the overdispersion-adjusted model and note the obs term.


	What good work looks like:
Strong work labels exp(fixef) values as subject-specific (within-herd) odds ratios, reports tau2 = 0.412 and derives MOR = 1.85 and latent ICC = 0.11 with the correct formulas (MOR = exp(sqrt(2*tau2)*0.6745); ICC = tau2/(tau2 + pi^2/3)), and treats the MOR as a quantification of unexplained between-herd heterogeneity on the odds scale. Weak work reports a single set of odds ratios with no statement of whether they are subject-specific or population-averaged, or computes the MOR from the SD instead of the variance. The deliverable is a knitted GLMM section that names the interpretation explicitly. Watch for students who exponentiate the random-effect SD and call it a MOR, and for those who claim subject-specific and population-averaged odds ratios are interchangeable; they coincide only when tau2 = 0.


Debrief. Land the rule in one line: in a logistic GLMM the fixed-effect odds ratios are subject-specific (conditional on the random effect), and the median odds ratio puts the leftover between-cluster heterogeneity on the same odds scale so you can compare it against your covariate effects. Tie this back to the latent-ICC and the observation-level random-effect trick for overdispersion, both of which students will reuse in the GLMM capstone milestone.
5 · Capstone studio (48 min)
Run it:
1. Open the term-project document to Part 2, Week 11 and read the milestone aloud.
1. Students apply a GLMM to their data if appropriate, or extend an earlier analysis.
1. Circulate and ask each student whether they want a subject-specific or population-averaged answer.
1. Mini-conference prompt: 'Does your question call for the effect within a cluster or across the population?'
	Source (do not reproduce here):
Refer to the term-project document (Part 2, Week 11) for the brief and rubric.


Exit ticket and preview
State whether your question needs a subject-specific or population-averaged effect. Complete the Lesson 12 module before next class.
Instructor preparation
1. Subject-specific-versus-population-averaged slide; two clustered scenarios.
1. A binary clustered dataset and lme4 on Canvas; confirm R.
1. Open the term-project document to Week 11.


Lesson 12 · Repeated Measures Data
Term week 13  ·  Three-hour session
Handle repeated measures with correlation structures and generalised estimating equations, and assemble the final reproducible paper.
Learning objectives
1. Recognize and describe the unique characteristics of repeated measures data structures
1. Use descriptive and graphical tools to explore repeated measures datasets
1. Apply simple univariate approaches (separate time point analyses, summary statistics) to analyze repeated measures
1. Understand the limitations of random-intercept mixed models for repeated measures and why correlation structures matter
1. Choose among correlation structures (compound symmetry, AR(1), ARMA(1,1), Toeplitz, unstructured) for repeated measures
1. Apply linear mixed models with appropriate correlation structures to repeated measures data
1. Understand trend models with random slopes for time
1. Describe the challenges of extending GLMMs to discrete repeated measures data including transition models
1. Use GEE procedures to analyze clustered and repeated measures data
Before class (flipped preparation)
Students complete the Lesson 12 module and its narrated walkthrough, attempt the in-module checks and reflection prompts, and bring their notes and term-project materials. No pre-reading beyond the module is required to follow this plan.
Session at a glance
	Time
	Block
	Focus

	0:00 – 0:10
	Arrival and retrieval warm-up
	Low-stakes retrieval on the pre-class module

	0:10 – 0:42
	Co-construction review
	Rebuild the week's key ideas (scripted activities below)

	0:42 – 0:54
	Question-and-answer clinic
	Field the anticipated questions below

	0:54 – 1:04
	Break
	

	1:04 – 1:44
	Applied exercise
	Hands-on task with an answer key below

	1:44 – 2:30
	Capstone studio
	Supervised term-project work (see term-project document)

	2:30 – 2:35
	Exit ticket and preview
	Capture a takeaway; preview next module


1 · Retrieval warm-up — Why a random intercept is not enough (10 min)
Set-up. Slide: 'For measurements repeated over time within a person, why is a plain random intercept often inadequate?'
Run it:
1. Students propose what a random intercept misses about repeated measures (three minutes).
1. Surface with the notes.
	What to surface (facilitator notes):
1. A random intercept assumes all within-person measurements are equally correlated (compound symmetry), regardless of how far apart in time.
1. Repeated measures usually show correlations that decay with time gap, which compound symmetry cannot capture.
1. So we model the correlation structure explicitly.


2 · Co-construction review (32 min)
Activity 1: Choose a correlation structure
Match to pattern, groups  ·  16 min
Materials. Descriptions of correlation patterns and structure options (compound symmetry, AR(1), Toeplitz, unstructured).
Run it:
1. Groups match each pattern to a plausible data scenario (six minutes).
1. Groups weigh the trade-off between flexibility and the number of parameters.
1. Correct with the notes.
	Prompt to pose (read aloud):
Match each correlation structure to a data pattern, and weigh flexibility against parsimony.


	Facilitator talking points (the content you need):
1. Compound symmetry: equal correlation at all lags; simplest, often too rigid.
1. AR(1): correlation decays geometrically with time gap; natural for equally spaced repeated measures.
1. Unstructured: estimates every pairwise correlation; most flexible but parameter-hungry and needs more data.


Close. Students note a plausible structure for their repeated-measures data.
Activity 2: Trend model reasoning
Specify, pairs  ·  16 min
Materials. A scenario with an outcome changing over time within people.
Run it:
1. Pairs specify a model with a random slope for time and interpret the trend (six minutes).
1. Pairs state what the random slope variance means.
1. Correct with the notes.
	Prompt to pose (read aloud):
Specify a model with a random slope for time and interpret the average trend and its variation.


	Facilitator talking points (the content you need):
1. The fixed slope for time is the average rate of change; the random slope variance is how much that rate differs across people.
1. A large random-slope variance means trajectories fan out over time.
1. This is the longitudinal-growth view of repeated measures.


Close. Students note whether individual trajectories likely differ in their data.
3 · Question-and-answer clinic (12 min)
Invite the points students flagged in their pre-class prep. The questions below are the ones most likely to come up; model answers follow each so you can field them cold.
Q.  How do I choose a correlation structure?
A.  Start from the data's time spacing and plausible mechanism (AR(1) for equally spaced measurements whose correlation decays), compare candidate structures with information criteria (AIC/BIC), and avoid over-parameterising with unstructured unless you have ample data. The structure should be defensible, not just best-fitting by a hair.
Q.  Mixed model or GEE for repeated measures?
A.  A mixed model gives subject-specific interpretations and handles missing-at-random data well; GEE gives population-averaged (marginal) interpretations and is robust to mild misspecification of the correlation structure with enough clusters. Choose by whether you want subject-specific or marginal effects, and by your missing-data assumptions.
Q.  How does missing data behave in longitudinal models?
A.  Mixed models are valid under missing-at-random using all available data (no need to drop incomplete cases). GEE in its basic form assumes missing-completely-at-random unless weighted. So with dropout related to observed history, mixed models are often the safer default.
4 · Applied exercise — R lab: correlation structures, random slopes, and GEE (40 min)
Materials. RStudio with the built-in datasets package (no download needed) plus nlme and geepack. The dataset is datasets::ChickWeight, already loaded with base R: chick body weight (gm) measured repeatedly on days 0, 2, 4, ... 20, 21 within each of 50 chicks, grouped by Diet. Install once if needed with install.packages(c("nlme","geepack")).
Task (for students). Using the repeated weights of each chick over time in ChickWeight, fit a linear mixed model with an AR(1) correlation structure and then a population-averaged GEE, and explain why the two Time coefficients are interpreted differently. You will work in pairs and knit a short comparison.
Student instructions:
1. Load the data and packages: data(ChickWeight); library(nlme); library(geepack). Confirm the structure with str(ChickWeight) and note that weight is measured at repeated Time points within each Chick.
1. Plot the raw trajectories so you can see the within-chick correlation: library(ggplot2); ggplot(ChickWeight, aes(Time, weight, group=Chick)) + geom_line(alpha=.4). Note that a chick heavy on day 8 stays heavy on day 10.
1. Fit a random-intercept-only mixed model, m1 <- lme(weight ~ Time, random = ~1|Chick, data=ChickWeight), and read off the Time slope and the residual standard deviation.
1. Add an AR(1) within-chick correlation, m2 <- lme(weight ~ Time, random = ~1|Chick, correlation = corAR1(form = ~Time|Chick), data=ChickWeight), and inspect the estimated Phi plus the change in AIC versus m1 with AIC(m1, m2).
1. Fit a random-slope model, m3 <- lme(weight ~ Time, random = ~Time|Chick, data=ChickWeight), which lets each chick grow at its own rate, and compare AIC again.
1. Fit a population-averaged GEE, g1 <- geeglm(weight ~ Time, id=Chick, data=ChickWeight, family=gaussian, corstr="ar1"), then summary(g1) to read the robust standard error and the working correlation alpha.
1. Write two sentences contrasting the subject-specific Time slope from the mixed model with the population-averaged Time slope from the GEE, and state which approach you would justify for a capstone analysis with missing follow-ups.
Worked example — present to students
Given. ChickWeight (base R): weight (gm) by Time (days) within Chick. Fitting
  m1 <- lme(weight ~ Time, random=~1|Chick, data=ChickWeight)
  m2 <- lme(weight ~ Time, random=~1|Chick,
            correlation=corAR1(form=~Time|Chick), data=ChickWeight)
Abridged output:
  m1 Fixed: (Intercept) 27.5 (SE 3.4); Time 8.80 (SE 0.18). Residual SD ~ 38.9.
  m2 Fixed: Time ~ 8.7 (SE ~0.55). corAR1 Phi ~ 0.98.
  AIC(m1, m2):  m1 ~ 5619 ;  m2 ~ 5239.
Solution (walk through on the board):
1. Read the fixed effect first: in m1 the average chick gains about 8.8 gm per day, with a tight nominal SE of 0.18.
1. That SE is too optimistic. The random intercept alone assumes the repeated measures on one chick are equally correlated, but adjacent days are far more alike than distant days, so m1 leaves a large residual SD near 38.9.
1. Adding corAR1 estimates Phi near 0.98, meaning successive measurements on the same chick are almost perfectly correlated and the correlation decays with the gap in days. This is the realistic structure for growth over time.
1. Modelling that structure changes the inference: the Time SE roughly triples (about 0.18 to 0.55) because the model no longer treats correlated points as independent information, and AIC falls sharply (about 5619 to 5239), so m2 fits far better.
1. The point estimate of the slope barely moves (about 8.8 to 8.7); the correlation structure mainly corrects the standard error, not the average growth rate.
	Answer:
The chicks gain roughly 8.7 to 8.8 gm per day on average, but only the AR(1) model gives an honest standard error, because it accounts for the near-0.98 serial correlation between repeated weights on the same chick.


Assignment practice — hand out
Practice 1: random slope for Time.  Still in ChickWeight, you fit a random-slope model that lets each chick have its own growth rate:
  m3 <- lme(weight ~ Time, random = ~Time|Chick, data=ChickWeight)
Abridged output:
  Fixed: (Intercept) ~ 27 ; Time ~ 8.7.
  Random effects SD: Intercept ~ 10 ; Time ~ 4.4 ; Residual ~ 14.
  AIC(m1, m3):  m1 ~ 5619 ;  m3 ~ 4830.
Task.  Interpret the random-slope SD of about 4.4 for Time, and say what the large drop in AIC (about 5619 to 4830) tells you compared with the random-intercept model m1.
	Solution (answer key):
The random-slope SD of ~4.4 gm/day means individual chicks' growth rates spread widely around the average of ~8.7: a chick about one SD above grows near 8.7+4.4 ~ 13 gm/day, one below near 4.3 gm/day, so the diets and chicks differ in rate, not just in starting weight. The much lower AIC (4830 vs 5619) shows that allowing each chick its own slope fits the trajectories far better than a common slope with only a random intercept; the heterogeneity in growth rate is real and substantial. Accept answers that note the residual SD also shrinks (38.9 to ~14) because between-chick rate differences are now absorbed by the random slope rather than dumped into residual error.


Practice 2: mixed model versus GEE.  You fit a population-averaged GEE on the same data:
  g1 <- geeglm(weight ~ Time, id=Chick, data=ChickWeight,
               family=gaussian, corstr="ar1")
Abridged summary(g1):
  Coefficients: (Intercept) ~ 27 (robust SE ~ 3.5);
                Time ~ 8.7 (robust SE ~ 0.51), Wald p < 2e-16.
  Estimated working correlation: alpha ~ 0.98.
The AR(1) mixed model m2 gave Time ~ 8.7 (SE ~ 0.55).
Task.  The GEE Time estimate (~8.7) and the mixed-model Time estimate (~8.7) are almost identical here. Explain why, and state how the interpretation of each coefficient differs (subject-specific versus population-averaged) and one situation where the two estimates would diverge.
	Solution (answer key):
For a linear (gaussian, identity-link) model the subject-specific and population-averaged slopes coincide, because the link is linear and averaging over the random effects does not bend the mean, so m2 and g1 both report ~8.7 with similar robust SEs. Interpretation still differs: the mixed-model slope is conditional, the expected daily gain for a given chick holding its random effect fixed; the GEE slope is marginal, the change in the population mean weight per day averaged across all chicks. They diverge under a nonlinear link, for example a logistic GLMM versus a logistic GEE, where the subject-specific log-odds is larger in magnitude than the attenuated population-averaged log-odds. Also accept noting that GEE with an independence or exchangeable working correlation stays consistent for the mean but is only fully efficient and valid under data missing completely at random, whereas a correctly specified likelihood-based mixed model is valid under the weaker missing-at-random assumption.


	What good work looks like:
Students should land three things. First, a random intercept is not enough for repeated measures over time: corAR1 estimates Phi ~ 0.98 here and roughly triples the Time SE while leaving the ~8.8 gm/day slope almost unchanged, so the correlation structure fixes inference, not the point estimate. Second, a random slope (SD ~ 4.4 gm/day, AIC ~ 4830 vs 5619) shows chicks differ in growth rate, not only starting weight. Third, mixed-model coefficients are subject-specific and GEE coefficients are population-averaged; they match for this linear model but separate under nonlinear links. Mark down work that reports m1's SE as if it were trustworthy, treats the mixed and GEE slopes as interchangeable for the wrong reason, or never states which estimator is valid under the data's missingness (GEE needs MCAR for a non-independence working correlation; the likelihood-based mixed model is valid under MAR). The numbers above are the standard ChickWeight results and reproduce closely on any machine.


Debrief. Drive home the rule: with repeated measures you must model the within-subject correlation explicitly, and you must say whether a coefficient is subject-specific (mixed model) or population-averaged (GEE). The ChickWeight Phi ~ 0.98 makes the cost of ignoring correlation visible in the standard error. For the capstone, tell students to justify their correlation structure with AIC, prefer the likelihood-based mixed model when follow-up is missing at random, and reserve GEE for when only the marginal mean matters and missingness is closer to completely at random.
5 · Capstone studio (46 min)
Run it:
1. Open the term-project document to Part 3 (the final reproducible paper and repository) and read the requirements and rubric aloud.
1. Students finalise the paper, knit the RMarkdown end to end from raw data, and tidy the repository.
1. Circulate and confirm each project knits cleanly and the repository is documented (a README, clear file structure).
1. Remind students of the peer code review and the final deadline.
	Source (do not reproduce here):
Use the term-project document (Part 3) for the final-deliverable template and rubric. The reproducible paper, repository, and peer code review are due as specified there.


Exit ticket and preview
State your repeated-measures correlation structure and whether you need subject-specific or marginal effects. Review Lessons 7 to 12 for the final examination.
Instructor preparation
1. Why-not-random-intercept slide; correlation-structure descriptions; a within-person trend scenario.
1. A repeated-measures dataset, nlme, and geepack on Canvas; confirm R.
1. Open the term-project document to Part 3.


Final Examination
Examination period  ·  Scheduled by the Registrar
Coverage. An applied examination in the formal examination period covering Lessons 7 to 12 (count and rate data; survival data; clustered data; mixed models for continuous and for discrete data; and repeated measures). Students choose and justify models and interpret output.
Term project. The final The Reproducible Analytic Paper deliverable and the peer review are due at the end of term, as set out in the term-project document. Hold studio time in the final teaching week for assembly.
Instructor preparation
1. Prepare the final examination and marking key for Lessons 7 to 12.
1. Confirm the Registrar-scheduled date, time, and room.
1. Open the final-deliverable and peer-review rubrics (term-project document).
1. Coordinate accommodations with the Centre for Accessible Learning.
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