HSCI 410 · Lesson 2 · Data Cleaning and Descriptive Analyses
SFU · FACULTY OF HEALTH SCIENCES · INSTRUCTOR LESSON PLAN   ·   HSCI 410: Exploratory Data Analysis
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.
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