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Motivation: Say we have a
continuous outcome that's
changing over time...

e Should we use regression or ANOVA?

e |s simple linear regression appropriate?
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@ Realize that repeated measures ANOVA should RIP.

® Learn about a flexible, powerful alternative:
linear mixed effects models.
(a) Write down the regression equation
(b) Fit and plot the regression in R.
(c) Interpret the regression output.
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Repeated measures ANOVA:
an "Historical Approach”

®WILEY | s

76 OVERVIEW OF LINEAR MODELS FOR LONGITUDINAL DATA

among the repeated measures that are somewhat less restrictive. In addition, these |

models permit the variance to change over time in a smooth fashion. Indeed, random

4 effects models provide both very flexible and parsimonious models for the covariance
1 | and are particularly well suited to handling longitudinal data that are irregularly timed
| I'hese models are discussed at length in Chapter 8
I ¢ (} o
(] relatively simple methods have been developed for the analysis of repeated measures
data. Some. but not all, of these happen to be special cases of the regression models
for longitudinal data that are the focus of later chapters of this book. As a result, in

this section we provide only a brief historical survey of some of these approaches,

We conclude this chapter with a brief survey of some of the earliest developments

in methods for analyzing longitudinal and clustered data. Historically, a variety of

highlighting their relation to more general models, and noting some of their potential
limitations. Many of the shortcomings of these methods alluded to here will be more

readily apparent when the methods are viewed as special cases of the ression

models considered in later chapters

From a historical perspective, three methods for the analysis of repeated mea
sures data can be distinguished: (1) univariate repeated measures analysis of variance
(ANOVA), (2) multivariate repeated measures analysis of variance (MANOVA), and
(3) methods based on summary measures. All three of these approaches have en
joyed varying degrees of popularity, and some are still in widespread use, in different
areas of application. Many of these approaches are unnecessarily restrictive in their
assumptions and their analytic goals. For example. ANOVA and MANOVA focus
on comparing groups in terms of their mean response trend over time but provide
little information about how individuals change over time. Also, as we will see later,
ANOVA and MANOVA have numerous features that limit their usefulness for the
analysis of longitudinal data. In contrast, the regression models that are discussed
throughout the remainder of this book make more realistic assumptions and can ad
dress the major scientific questions of interest in a longitudinal study. For all of the
reasons that were outlined in Section 1.4, we view the regression paradigm as be

ing the most useful, general, and versatile approach for analyzing longitudinal data

arising from the health sciences

Garrett M. Fitzmaurice | 7
Nan M Laird One of the earliest proposals for .'m.’m zing correlated responses was the repeated

measures analysis of variance (ANOVA), sometimes referred to as the “univariate”

or “mixed-model” analysis of variance. The analysis of variance paradigm was de
James H. Ware :

veloped in the early part of the twentieth century by R. AL Fisher. Although many of

the early applications of ANOVA were to designed experiments in agriculture. since

then it has found widespread application in many other disciplines. In the repeated
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) Download full text

Repeated measures ANOVA: "RIP”

First page preview

Should we quit using repeated measures analysis of

variance?

Repeated Measures

ANOVA, R.I.P.2

Charles E. McCulloch

I| is a difficult experiment to run and to analyze: What are
the effects of alcohol on sleepiness and does a hormone,
pregnenolone, which has been shown to enhance memory in
rat experiments, help alleviate the sleepiness? Each person is
tested under each of four conditions on four different visits
inrandom order: a placebo for the drug and for the hormone,
alcohol alone, hormone alone, and the combination. Each
subject is also queried multiple times within a visit in the
minutes after alcohol (or placebo) ingestion. Some subjects
drop out of the protocol without completingall the conditions
and some of the sleepiness scores are not recorded within a
visit because of difficulties executing the protocol. How should
the data be analyzed?

T'his is an opportunity for the professional statistician to
pull out any of a number of impressive and more recent tools
of the trade: generalized estimating equations, mixed model
analyses, imputation, and inverse probability weighting. Gone
are the Huynh-Feldt or Geisser-Greenhouse corrections,
expected mean squares, figuring out the “comect” ervor term,
and filling in missing data. Or are they? The investigator, after
being led through the results of a SAS Proc MIXED analysis
bemaans, “Can't you run a repeated measures analysis of vari-
hat is all [ can really understand.” Are the new methods
overkill, or do they offer significant advantages

ance

Analysis of Variance

Analysis of variance (ANOVA) has a long history dating back
to RA. Fisher (1925). The key idea is to divide up the vari-

Qe

-

L
ANOV

Yo=p+a+ Boraf, +p+e,

where jt is the overall mean, @, represents the alcohol effect,
B the pregnenolone effect, or[)l the interaction effect, p, is
the person effect, and €4 isan error term. This model hypoth-
esizes simple person effects that raise or lower (if the effect is
negative) the average sleepiness inall four conditions. Interest
focuses on the interaction, because the scientific question is
whether pregnenolone helps to reduce the sleep-inducing
effect of alcohol

With a mean, error termand four explanatory factors in the
model, the analy i ility i
¥,z into four sources: person, alcohol, pregnenolone, and the
mu raction. An ANOVA would generat e as outlined in
able 1. A typical assumption is that the £,
dmx and follow a N(0, ) distribution and that the rest of the
terms in (1) are fixed. If these assumptions are correct
F-statistic of interest, namely F(Int)= MS(Int)/MS(
anexact F-distribution with Tand 3(n - 1) degrees of freedom.
So this forms a strightforward significance test of (hc null
hypothesis of no interaction, with pvalue o)) 2
F(Int)}, with F representing an F-distributed random variable
with the given degrees of freedom.

When every subject is tested under each of the conditions
and thereare no missing data, the calculations leadingto Table
1, though somewhat tedious, can be performed with a hand
calculator. There is a certain tidiness in showing how all the
variability in the data is divided up into pieces, no matter what
nnklfklnl\.m' entered into the model, the additional amount
to the model upon entering a new explanatory

ability in a data set into interpretable Consider
a simplification of the above scenario We record Y,
average sleepiness score between 60 and 120 minutes after
administration of alcohol or placebo for subjecti(= 1
under alcohol condition j(= 1, 2) and pregnenolone condition
k(= 1, 2). One of the simplest models we might enter
such a situation would be

r.-ﬂm is given by the sum of squares (SS) in Table 1 for that
factor. Also, the sums of squares for the various factors add
up to SS(Tot), the “total” sum of squares.

When there is unbalancedness to the data in the sense
that not every subject has data for each condition, then the
calculations are much more difficult and essentially require

cuanee 29

Click to decrease image size
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Measures

ANOVA, RIP Repeated measures ANOVA makes
Marie the following assumptions (which
likely don't hold in your dataset):

RMANOVA,

RIP e Discrete covariates.

e Common measurement occasions for all subjects.
e Complete data, i.e. no missing observations.
S e ‘Sphericity’, i.e. the correlation between repeated
and Slopes measurements must be the same no matter how close or
far apart in time the measurements are taken.

Random
Intercepts
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Mixed effects models are a flexible,
powerful alternative

Mixed effects models, a.k.a.:
o (Linear) mixed (effects) models
e Hierarchical models
e Multilevel models

Accommodate continuous and discrete covariates.
Accommodate any degree of ‘imbalance’, i.e. do not
require the same number of observations on each subject
nor that the measurements be taken at the same set of
measurement occasions.

Accommodate data at all levels of a ‘hierarchy’.

Don’t make the untenable ‘sphericity’ assumption.
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Mixed = fixed + random

o Fixed effects (a, B)

Population characteristics

Shared by all individuals

Describe the mean response trajectory in the population
Useful to epidemiologists

e Random effects (a, b)

Subject-specific effects

Vary from one individual to another
Describe individuals’ response trajectories
Useful to clinicians
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The simplest case:
a random intercept model

y=a+px+a+c¢
=(a+a)+Bx+e

a is the fixed, population-level intercept

3 is the fixed, population-level time slope

a is the random, subject-specific intercept:

By how much does each individual deviate from the
population average?

e is the error term

9/22
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P~

Random intercept model

A=Time

~r
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The more common scenario:
a random intercept and slope model

y=a+Bx+a+bx—+e
=(a+a)+(B+b)x+e

a is the fixed, population-level intercept

3 is the fixed, population-level time slope

a is the random, subject-specific intercept:

By how much does each individual deviate from the
population average?

b is the random, subject-specific time slope:

By how much does the effect of time on each individual
deviate from the population-average effect?

e is the error term
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Random intercept and slope model

X =TmE i
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> wé/f\i packages('arm')
> library(arm)
> head(sleepstudy)

i,

Reaction Days Subject

1 249.6 0 308
2 258.7 1 308
3 250.8 2 308
4 321.4 3 308
5 356.9 4 308
6 414.7 5 308
> atta@W

Let's look at some data

INSTAWL AND (038D g “*Pe’jcKage”T
CaUED “arm” THAT CONTAINS
THE DRTAa GND Spgne CF THE
FONCTIONS NEYL BRE LAWNG .

SHOW ME THE “heod’ OF THE
DATESET CAUED “g\eepsﬂd\i ;

GINE iE accESY 1D THE NGR -~
BBRLES N tRe DAdlase v
CaULED “ﬂeeps{udj7
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L FOR E@C\'\

> ont (Rea:m

Let's look at some data

Days (|) Subject)

[DKB\N 3 “(A8TTICE” PLoT OF 4 NS, X FOR €3CH (ND\\HDU@L]

Reaction

L
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Days
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Mariel

xyplot (Reaction ~ Days | Subject,

Goals + \ lab = "Days of sleep deprivation”,

RMANOVA + 1lab = "Reaction time (ms)")
RIP
Linear Mixed
Effects 0246 8 0246 8 0246 8
Models AN T TN T N T T YN N N T M T Y A TN T T N Y AN AN A M
Ratiden 351 352 369 370 371 372
Intercepts 450 —
Rand 400 o L
In::r:en;;ts 350 — OO 0000000 00 Ooo lo) OOO o© o 00000,_.
ariE Sipes 320 10°000%%0 | © 0000 © 0 9 |000000,° [50°% N
; : o 0000
Let's do it! o 200 -
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'g B 0090° oooo ” o© o°° oc’o ~ ggg
c oo o —
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388 L 000000000°,,0°00° ° 00 N
N N B O N I N B B N BN N N B B BN B A N B N NN BN BN N B N B
0246 8 0246 8 0246 8

Days of sleep deprivation
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> xyplot (Reaction

+
+

xlab =
ylab =

" Day

Let's look at some data

'Reaction time (ms)"

| Subject,

of sleep deprivation"

leCLUPE %OTH_]

*‘PlonTs (Tae
DEFZLLT) 8ND

Reaction time (ms)

Days of sleep deprivation

b}
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Fitting a mixed effects model

([ceeaﬂ? BN ORTECT (3 Luso‘mode\’f]
> < ] ~ + + + .
% ik O l@(Reactlon 1 + Days + (1 + Days| Subject))

| /S

y=a+px+a+bx+c¢

\/
{aND PUT INTO \T]

[a "UINEBR MUk “E'FFECTS “R'EGRESSION. |



SHOW ME THE
| 1 (e0 eFFECTS _ _
ANOVA. RIP | ccom ‘model” | Extracting fixed /random effects

Goals

RMANOVA, (Intercept) Days . .
5 251.41 10.47 SHOW ME THE “head’ OF
Linear Mixed ™ME SURTECT- SPECIFIC
Effects m > " DX "
Models > head(ranef (model) $Subject) FonDOqn Befocts
e Jird : "

Ramlom - FrROM “model”
ﬁgﬁ;ﬁs (Intercept) Days
- 308 2.257 9.1993
Letaa 1 309 -40.398 -8.6211

310 -38.961 -5.4502

330 23.692 -4.8137 _

331 22.261 -3.0693 CEREBRTE ORjECTS cauEO’]

332 9.040 -0.2719

*aipha, ‘betg’ '@, 3mD

\> N 14} -—
> Hipha ¢ fixef(model) [1] 2 e
P \E' RE(ENANT EFFECTS
S(beta < fivef(model)[2] { o .
>\a <- ranef (model)$Subject[,1]

> b - ranef (model) $Subject[,2]



&ee'ﬁ?frii > xyplot(Reaction ~ Days | Subject, PlOttmg the

A + xlab = "Days of sleep deprivation", fitted model
Mariel + ylab = "Reaction time (ms)",

, * panel = function(x, y) {

i + panel .xyplot(x, y, type=c('p', 'r'))

iy + panel.curve(alpha + beta * x, col="Red")

“ + i <- panel.number ()

G + panel.curve(alpha+a[i] + (beta+b[i]) * x,

* col="Black")})

Raoionn >

[y-ecrpx ] [y- e pxrorox]

=l Slopes BT AR RS ANE S Sk TN Lo

Let's do it! 351 352 /| 369 370 371 18Iz

)
\
|
iy

I

N
° 350
300
L 250
200

Reaction time (ms)
%%
%:io
2
[

\
|
|
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Summarizing the fitted model

> display(model)

X

lmer (formula =éﬁg:;tion " 1.» Days + (1 + Days | Subiject))
f

co

(Intercept) 25::41

D

ays

0.47

g

Error terms:

Groups
Subject

Residual

Name

Days

e

(Intercept) 24.

2

6

o

.est coef.se
.82

[ST@ND@@D DEVIATION OF GIS]

0.07

[STSND@&D PENBOT\ON OF b’S]

number of obs: 180, groups: Subject, 18

AIC = 1766.6, DIC = 1760

deviance

1752.0



Repeated
Measures

ANOVA, RIP Interpreting the R output

HE e For your Methods section:

e “We fit a linear mixed effects model of reaction time on
the number of days of sleep deprivation, including random
intercepts and slopes for each subject.

e For your Results section:
e “For each additional day of sleep deprivation, there's a 10.5

Random

e ms increase in reaction time.”

andom 'y " " - 'y - - -
ﬁtderclepts e “There is substantial variability across subjects in their
and Slopes

baseline reaction time (SD=24.7) and in their response to
sleep deprivation (SD=5.9).”

Let's do it!
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