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PART  1  ·  ORIENTATION

Today’s goal is to move from raw educational data to
interpretable models.

01

Import

02

Inspect

03

Clean

04

Summarise

05

Visualise

06

Model

07

Interpret

08

Report

Import and inspect a dataset in R.01

Clean variables for analysis.02

Summarise student, course, and assessment data.03

Create clear, publication-ready graphs.04

Fit a basic random-intercept multilevel model.05

Interpret fixed effects, random intercepts, ICC, and R².06

Reuse scripts and templates for your own projects.07
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WHY  R

R makes analysis transparent, reusable, and easier to audit.

MANUAL SPREADSHEET WORKFLOW SCRIPTED R WORKFLOW

A script is not extra work — it is the work, written down once.

Edits made directly in the data file—

Choices live in memory, not on paper—

Plots regenerated by hand—

Hard to rerun, hard to audit—

A script records every analytic decision—

Cleaning, analysis, and plots can be rerun—

Easier to reproduce for papers, theses, and grants—

Strong for surveys, assessments, and longitudinal

data

—
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DATA  STRUCTURE

The first modeling decision is understanding what one
row represents.

Dataset One row means Grouping structure

Course evaluation One student response Students within classes

Assessment scores One student score record Students within tutorial groups

Weekly wellbeing One student at one week Weeks within students

Course–site data One student in one course/site Students within sites

COMMON  MISTAKE

One row is not automatically one independent observation.
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CHOOSING  A  MODEL

Use the structure of the data to choose the model.

01 · Independent rows

One response per independent participant

Start with descriptives, plots, and ordinary regression.

lm(y ~ x)

02 · Nested in classes / sites

Students grouped inside classes, courses, or sites

Course evaluations, assessment scores in tutorial groups.

lmer(y ~ x + (1 | class_id))

03 · Repeated measures

Same students measured across time

Weekly wellbeing, confidence, or workload reports.

lmer(y ~ time + (1 | student_id))

04 · Effect depends on context

The student-level effect varies by class context

Teaching clarity may work differently by class climate.

lmer(y ~ x * class_context + (1 | class_id))
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OPENING  ACTIVITY

Before using R, classify the structure of the dataset.

DATASET A

Course evaluation survey

Students rate teaching clarity and engagement

in different classes.

STRUCTURE

Students nested in classes → basic MLM.

DATASET B

Pre/post assessment

Students taught in tutorial groups complete pre-

and post-tests.

STRUCTURE

Students nested in tutorial groups → basic MLM

with pre-test adjustment.

DATASET C

Weekly wellbeing survey

The same students report wellbeing each week

during a rotation.

STRUCTURE

Repeated measures within students →
repeated-measures MLM.

YOUR  TURN

For your own dataset — what is one row?
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PART  2  ·  R  BASICS

We will use three sample datasets and one annotated
R script.
Files you receive

CSV course_evaluation.csv survey data

CSV assessment_scores.csv pre/post scores

CSV wellbeing_long.csv weekly long format

.R workshop_annotated_syntax.R runnable script

Packages we will load

tidyverse Import, clean,

summarise, plot.

lme4 Multilevel models.

lmerTest P-values for lmer(). performance ICC and R².

interactions Plotting cross-level interactions.
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STEP  01  ·  SETUP

Packages add the tools we need for cleaning, plots,
and models.

library(tidyverse)
library(lme4)
library(lmerTest)
library(performance)
library(interactions)

WHAT  THIS  CODE  DOES

tidyverse  — data import, cleaning, summaries, graphs

lme4  — multilevel models

lmerTest  — p-values for lmer()

performance  — ICC and R²

interactions  — interaction plots
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STEP  01  ·  IMPORT

Importing data creates an object that R can analyse.

survey <- read_csv("course_evaluation.csv")

course_evaluation.csv → survey (R object)

WHAT  THIS  CODE  DOES

Reads the CSV file from disk

Stores it as survey

Keeps the original file unchanged

COMMON  MISTAKE

The file must be in your working folder, or you must provide

the full file path.
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STEP  02  ·  INSPECT

Always inspect the dataset before changing it.

glimpse(survey)
summary(survey)
dim(survey)
names(survey)

> glimpse(survey) Rows: 412 Columns: 6 $ student_id <chr> "S001"
"S002" ... $ class_id <chr> "C03" "C03" ... $ teaching_clarity <dbl>
4.2 3.8 4.5 ... $ engagement <dbl> 4.0 3.6 4.4 ... $ learning_climate
<dbl> 3.9 3.9 4.1 ...

WHAT  THIS  CODE  DOES

glimpse()  — variable names and types

summary()  — quick descriptive summaries

dim()  — rows and columns

names()  — lists variables

YOUR  TURN

Which variable is the outcome? Which one identifies the class?
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STEP  03  ·  CLEAN

Cleaning makes variables usable for summaries, graphs,
and models.

survey_clean <- survey %>%
  mutate(
    class_id         = factor(class_id),
    engagement       = as.numeric(engagement),
    teaching_clarity = as.numeric(teaching_clarity),
    learning_climate = as.numeric(learning_climate)
  ) %>%
  drop_na(engagement, teaching_clarity, class_id)

WHAT  THIS  CODE  DOES

Converts class_id  into a grouping variable

Ensures engagement & clarity are numeric

Removes rows missing any required variable

COMMON  MISTAKE

Do not model IDs as numeric scores. IDs should usually

be factors.
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STEP  04  ·  SUMMARISE

Group summaries show whether classes differ before we
model them.

survey_by_class <- survey_clean %>%
  group_by(class_id) %>%
  summarise(
    n               = n(),
    mean_engagement = mean(engagement),
    sd_engagement   = sd(engagement),
    .groups = "drop"
  )

class_id n mean sd

C01 22 3.84 0.62

C02 19 4.12 0.55

C03 24 3.51 0.71

C04 21 4.05 0.49

C05 23 3.78 0.66

INTERPRETATION  PROMPT

Do some classes appear to have higher engagement

than others?
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STEP  05  ·  VISUALISE

A plot helps us see the relationship before fitting the model.

ggplot(survey_clean,
       aes(x = teaching_clarity, y = engagement)) +
  geom_point(alpha = .4) +
  geom_smooth(method = "lm", se = TRUE) +
  labs(x = "Teaching clarity",
       y = "Student engagement")

WHAT  THIS  CODE  DOES

Each point is one student

The line shows the average trend

The shaded band shows uncertainty

YOUR  TURN

Is the relationship positive, negative, or unclear?

ENGAGEMENT BY TEACHING CLARITY

Teaching clarity

En
ga
ge
me
nt
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Saving cleaned data makes the workflow reusable.

write_csv(survey_clean,
          "course_evaluation_clean.csv")

course_evaluation.csv
raw — never overwrite

→ script.R → course_evaluation_clean.csv

WHAT  THIS  CODE  DOES

Saves the cleaned dataset to disk

Preserves the raw dataset as it was

Makes later analyses easier to rerun

HARNESSING R 14 / 40



Prepared by Dr Noman B. Mendoza. EdUHK 2026
PART  3  ·  BASIC  MLM

Students in the same class often share the same teaching
context.

Students in the same class may share:

Their responses may be more similar than responses from

students in other classes.

CLASS A CLASS B

CLASS C CLASS D

the same teacher—

the same course design—

the same workload—

the same learning climate—

the same assessment schedule—
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STEP  06  ·  MODEL

The null model asks whether engagement differs across
classes.

m0 <- lmer(
  engagement ~ 1 + (1 | class_id),
  data = survey_clean
)

summary(m0)
icc(m0)

WHAT  THIS  MODEL  MEANS

One overall engagement mean

Each class deviates from that mean

ICC = share of variance between classes

INTERPRETATION  TEMPLATE

The ICC tells us what percentage of engagement differences

are attributable to between-class differences.

CLASS DEVIATIONS FROM THE OVERALL MEAN

ov
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STEP  06  ·  MODEL

The next model asks whether teaching clarity predicts
engagement.

m1 <- lmer(
  engagement ~ teaching_clarity + (1 | class_id),
  data = survey_clean
)

summary(m1)
r2_nakagawa(m1)

WHAT  THIS  MODEL  DOES

Estimates the clarity → engagement relationship

Accounts for students nested in classes

Allows each class its own baseline engagement

engagement = teaching clarity effect + class difference + residual
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STEP  07  ·  INTERPRET

The fixed effect is the average relationship across
all classes.

Term Estimate Plain-language meaning

teaching_clarity +0.42 Higher clarity is associated with higher engagement

(Intercept) 2.18 Average engagement when clarity is 0 (rescale for meaning)

EXAMPLE  INTERPRETATION

Students who report higher teaching clarity tend to report higher engagement, after accounting for class clustering.

COMMON  MISTAKE

Do not say teaching clarity causes engagement unless the study design supports causality.
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STEP  07  ·  INTERPRET

The random intercept shows that classes differ in average
engagement.

Some classes are above the overall average.—

Some classes are below the overall average.—

The model accounts for these class-level differences.—

ESTIMATED CLASS DEVIATIONS FROM THE OVERALL AVERAGE

0

class
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STEP  08  ·  REPORT

Report the model by linking the structure to the
interpretation.

“Because students were nested within classes, we fitted a random-intercept multilevel model with class as the grouping variable.

The ICC indicated that __ % of the variance in engagement was attributable to between-class differences. Teaching

clarity was positively / negatively / not  associated with engagement after accounting for class-level clustering.”

YOUR  TURN

Write one sentence interpreting the teaching clarity coefficient.
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PART  4  ·  ASSESSMENT  SCORES

Assessment data often contain students nested in tutorial
groups or sites.

Do post-test clinical reasoning scores differ across tutorial groups after controlling for pre-test scores?

PRE-TEST

score 1 →
INSTRUCTION

tutorial group →
POST-TEST

score 2

One row = one student assessment record—

Outcome = post_score—

Predictor = pre_score—

Grouping variable = group_id—

Optional predictor = intervention—
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STEPS  01–03

Import the assessment file, then clean variables before
any modelling.

assessment <- read_csv("assessment_scores.csv")

assessment_clean <- assessment %>%
  mutate(
    group_id     = factor(group_id),
    intervention = factor(intervention),
    pre_score    = as.numeric(pre_score),
    post_score   = as.numeric(post_score)
  ) %>%
  drop_na(group_id, pre_score, post_score)

WHAT  THIS  CODE  DOES

Imports the dataset

Converts group and intervention to factors

Ensures pre/post scores are numeric

Drops missing values for key variables
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STEP  04  ·  SUMMARISE

Summarise scores by group to see whether groups differ
before and after.

assessment_clean %>%
  group_by(group_id, intervention) %>%
  summarise(
    n        = n(),
    mean_pre = mean(pre_score),
    mean_post= mean(post_score),
    .groups  = "drop"
  )

group_id intervention n mean_pre mean_post

G01 control 14 62.4 68.1

G02 control 15 60.9 66.5

G03 treatment 13 61.7 74.8

G04 treatment 16 63.0 76.2

G05 treatment 14 59.8 72.4
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STEP  05  ·  VISUALISE

A scatterplot reveals the pre–post relationship at a glance.

ggplot(assessment_clean,
       aes(x = pre_score, y = post_score)) +
  geom_point(alpha = .4) +
  geom_smooth(method = "lm", se = TRUE) +
  labs(x = "Pre-test score",
       y = "Post-test score")

YOUR  TURN

Do students with higher pre-test scores tend to have higher post-test scores?

POST-TEST BY PRE-TEST

Pre-test score

Po
st
-t
es
t 
sc
or
e
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STEP  06  ·  MODEL

The adjusted model accounts for baseline performance and
group clustering.

m0 <- lmer(post_score ~ 1 + (1 | group_id),
           data = assessment_clean)
icc(m0)

m1 <- lmer(post_score ~ pre_score + (1 | group_id),
           data = assessment_clean)
summary(m1)
r2_nakagawa(m1)

WHAT  THIS  MODEL  DOES

Controls for the pre-test score

Accounts for students nested in tutorial groups

Estimates group-level differences in post-test scores

post_score = pre_score effect + group difference + residual
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STEP  06  ·  MODEL  ·  OPTIONAL

Add an intervention predictor to compare conditions.

m2 <- lmer(
  post_score ~ pre_score + intervention
               + (1 | group_id),
  data = assessment_clean
)

summary(m2)

COMMON  MISTAKE

Do not interpret intervention causally unless the intervention was assigned in

a design that supports causal inference.

INTERPRETATION

pre_score  — expected post-test difference associated with

baseline performance

intervention  — expected post-test difference between

intervention and control, adjusted for pre-score and group

clustering
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STEP  08  ·  REPORT

Reporting template for the adjusted assessment model.

“Post-test scores were modelled as a function of pre-test scores, with students nested within tutorial groups. The pre-test

coefficient indicates the expected difference in post-test score associated with a one-unit difference in baseline performance. The

random intercept accounted for between-group differences in average post-test scores.”

YOUR  TURN

Write one sentence interpreting the pre-test coefficient.
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PART  5  ·  REPEATED  MEASURES

Repeated-measures data usually need one row per person
per time point.
student_id week wellbeing

S001 1 3.8

S001 2 3.7

S001 3 3.5

S002 1 4.1

S002 2 4.0

The same student appears in multiple rows.

wk 1 wk 2 wk 3

S001

wk 1 wk 2

S002
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STEPS  01–04

Import, clean, and summarise the wellbeing data.

wellbeing <- read_csv("wellbeing_long.csv")

wellbeing_clean <- wellbeing %>%
  mutate(
    student_id = factor(student_id),
    week       = as.numeric(week),
    wellbeing  = as.numeric(wellbeing)
  ) %>%
  drop_na(student_id, week, wellbeing)

wellbeing_clean %>%
  group_by(week) %>%
  summarise(
    n              = n(),
    mean_wellbeing = mean(wellbeing),
    sd_wellbeing   = sd(wellbeing)
  )

WHAT  THIS  CODE  DOES

Imports the long-format wellbeing data

Converts student_id  to a factor

Ensures week  and wellbeing  are numeric

Removes rows missing any required variable

Summarises wellbeing by week
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STEP  05  ·  VISUALISE

Plot individual trajectories to see repeated measures
directly.

ggplot(wellbeing_clean,
       aes(x = week, y = wellbeing,
           group = student_id)) +
  geom_line(alpha = .2) +
  geom_smooth(aes(group = 1),
              method = "lm", se = TRUE) +
  labs(x = "Week", y = "Wellbeing")

WHAT  THE  PLOT  SHOWS

Thin lines — individual students

Thick line — average trend

Repeated measures — each student has multiple rows

WELLBEING OVER WEEKS — INDIVIDUAL TRAJECTORIES

Week

We
ll

be
in

g
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STEP  06  ·  MODEL

Random intercepts let students start at different baseline
levels.

m0 <- lmer(wellbeing ~ 1 + (1 | student_id),
           data = wellbeing_clean)
icc(m0)

m1 <- lmer(wellbeing ~ week + (1 | student_id),
           data = wellbeing_clean)
summary(m1)
r2_nakagawa(m1)

INTERPRETATION

Random intercept — students differ in baseline wellbeing

Week coefficient — average change in wellbeing per week

S0

S0

S0

HARNESSING R 31 / 40



Prepared by Dr Noman B. Mendoza. EdUHK 2026
OPTIONAL  PREVIEW

Random slopes let students change at different rates.

m2 <- lmer(
  wellbeing ~ week + (week | student_id),
  data = wellbeing_clean
)

IN  PLAIN  LANGUAGE

Random intercept model — students start at different levels

Random slope model — students may also change at different rates

DIFFERENT STARTING POINTS AND SLOPES
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PART  6  ·  CROSS-LEVEL  INTERACTION

A cross-level interaction asks whether a student-level
relationship changes by class context.

Does the relationship between teaching clarity and engagement depend on class learning climate?

Student-level predictor — teaching clarity → engagement—

Class-level moderator — class learning climate—

Interaction — learning climate changes the slope—

SLOPE BY CLASS CLIMATE

low climate — flatter

high climate — steeper
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BUILDING  CLASS-LEVEL  MODERATOR

Build a class-level moderator and centre the student-
level predictor.

survey_cross <- survey_clean %>%
  group_by(class_id) %>%
  mutate(
    class_climate      = mean(learning_climate, na.rm = TRUE),
    teaching_clarity_c = teaching_clarity
                         - mean(teaching_clarity, na.rm = TRUE)
  ) %>%
  ungroup()

WHAT  THIS  CODE  DOES

Creates class_climate  as the class average of learning

climate

Creates teaching_clarity_c  centred within class

Allows testing whether class climate changes the student-

level slope

CAUTION

Avoid using the same item set to define the class-level

moderator and the outcome unless theoretically justified.

HARNESSING R 34 / 40



Prepared by Dr Noman B. Mendoza. EdUHK 2026
STEP  06  ·  MODEL

Build the model in three steps: basic, context, interaction.

m_basic <- lmer(
  engagement ~ teaching_clarity_c
               + (1 | class_id),
  data = survey_cross)

m_context <- lmer(
  engagement ~ teaching_clarity_c + class_climate
               + (1 | class_id),
  data = survey_cross)

m_interaction <- lmer(
  engagement ~ teaching_clarity_c * class_climate
               + (1 | class_id),
  data = survey_cross)

summary(m_interaction)

STEP 1 · BASIC

Student-level predictor only.

STEP 2 · CONTEXT

Add class-level main effect.

STEP 3 · INTERACTION

Test whether the slope varies by climate.

WHAT  THIS  ASKS

Does the teaching-clarity → engagement relationship differ

depending on class learning climate?
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STEP  07  ·  INTERPRET

Plot the interaction, then interpret the slope by class
climate.

interact_plot(
  m_interaction,
  pred = teaching_clarity_c,
  modx = class_climate,
  plot.points = TRUE,
  x.label = "Teaching clarity",
  y.label = "Student engagement",
  legend.main = "Class learning climate"
)

IF POSITIVE

Teaching clarity is more strongly associated with engagement in classes with

stronger learning climate.

IF NEGATIVE

Teaching clarity is less strongly associated with engagement in classes with

stronger learning climate.

IF NON-SIGNIFICANT

The association between teaching clarity and engagement does not appear

to differ meaningfully by class climate.
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STEP  08  ·  REPORT

Three reporting templates: structure, predictor, grouping,
interpretation.
BASIC MLM

Because students were nested within classes, we fitted a random-intercept multilevel model with class as the grouping variable. The ICC indicated that __

% of the variance in outcome  was attributable to between-class differences. Predictor  was positively / negatively / not  associated with outcome ,

after accounting for class-level clustering.

REPEATED MEASURES

Because each student provided repeated observations over time, we fitted a random-intercept model with student as the grouping variable. The coefficient for week

indicates the average change in outcome  per week.

CROSS-LEVEL INTERACTION

The interaction tested whether the association between student-level predictor  and outcome  differed depending on class-level moderator . A positive

interaction indicates that the student-level association was stronger in classes with higher moderator .
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TAKE  IT  HOME

Use the same logic for your own dataset.

01 What is one row in my dataset? 02 What is the outcome?

03 What is the student-level predictor? 04 What is the grouping variable?

05 Is the structure nested or repeated? 06 What is the simplest null model?

07 What does the ICC mean here? 08 What predictor should I add first?

09 How would I interpret the fixed effect in one sentence? 10 What do I need to report?
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MATERIALS

The take-home materials are designed to be adapted.

.R Annotated R script runnable, well commented

CSV Three sample datasets survey · assessment · wellbeing

CSV Cleaned-data export example reproducibility check

DOC Basic MLM reporting templates for papers and theses

DOC Cross-level interaction template for moderation write-ups

PDF Participant worksheet 10 questions for your data

HARNESSING R 39 / 40



Prepared by Dr Noman B. Mendoza. EdUHK 2026



Prepared by Dr Noman B. Mendoza. EdUHK 2026

CLOSING

Start simple: clean the data, plot the pattern, then fit
the model that matches the structure.

01 R scripts make analyses transparent and reusable.

02 Always inspect and clean data before modelling.

03 Start with plots and group summaries.

04 Use MLM when students are nested in classes, sites, or repeated over time.

05 Interpret models in plain language: predictor, outcome, grouping structure, and claim.

“The goal is not to make models more complicated. The goal is to make the analysis match the data structure.”
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