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Repeated Measures



Behavior Therapy for Children

With Tourette Disorder
A Randomized Controlled Trial

Table 2. Baseline, Week 5, and Week 10 Scores on Key Outcome Measures®

Mean (95% CI)
I 1 Group
Behavioral Difference
Intervention Control at Week 10 Effect
(n=61) (n = 65) (95% CIl) Sizeb
Yale Global Tic Severity Scale
Total tic score
Baseline 24.7(23.1-26.3) 246(23.2-26.0)
Week 5 197 (176-21.7) 228(20.7-249) 33(1.2-54) 0.54
Week 10 17.1(151-19.1)  21.1(19.2-23.0) 4.1 (2.06.2) 0.68
Total motor
Baseline 146 (135-157) 146(138-154)
Week 5 122 (108-136) 136(124-147) 1.3(01-27) 0.34
Week 10 10.7 (9.53-121) 125115135 19(04-3.3) 0.49
Total vocal
Baseline 10.1 (9.0-11.2) 10.0 (8.9-11.1)
Week 5 74[6.2-86) 9.3 (7.9-10.5) 20(0.7-33) 0.43
Week 10 6.5 (5.4-7.6) 8.6 (7.4-98) 2.2 (09-36) 0.580
Impairment
Baseline 250(226-274) 234(216-252)
Week 5 16.8 (14.0-195) 201 (17.6-22.7) 38B(0.768) 0.47
Week 10 12.2 (9.8-14.6) 16.4(13.8-19.0) 4.7 (1.6-78) 0.57
Parent Tic Ciuestionnaire total score
Baseline 34.2(295-389) 36.7(30.3-41.1)
Week 5 258(21.5-301) 337(278-306) T3(1.5131) 028
Week 10 200(16.3-23.7) 276(23.0-322) 78(1.9138 030
Children's Global Assessment Scale®
Baseline 500 (571-6089) 59.3(57.3-61.3)
Week 10 694 (66.9-711.9) 641 (595-68.7) 58(28-88) 0.64

Abbreviation: Cl, confidence interval.

8[ata are presented as keast square mean values and 05% Cls and standard deviations for each assessment point. Group

differences with 5% Cl= are alzo presented.

bERect sizes were caleulated as follows: change from baseline in behawvior therapy minus change in the control group di-
vided by the pooled standard dewviation for the entire study sample at basefine.
CChildren's Global Assessment Scale administered only at baselne and wesk 10,

JAMA, May 19, 2010—Vol 303, No. 19



Repeated Measures

A. Longitudinal — assess an outcome at different
timepoints 1n a study with follow-up

— Example: Measure tic severity in RCT at baseline 5 and 10
weeks

B. Testing multiple conditions on same experimental unit

— Example: Assess craving to several different foods

C. Assessing response to a stimulus

— Example: OGTT - Measure glucose every 30 minutes following
a consumption of 75 g glucose drink



Assumption of Independence

 The value of one observed outcome does not
affect the value of another observed outcome

— Not met 1n repeated measures studies

« Example: In a weight loss study with multiple weight
assessments per individual, those with higher baseline
weights tend to have higher follow-up weights



Weight Loss Example

Subject  No Diet Diet Difference
1 168 @ 163 @ -5
2 140 @ 134 @ 6
3 175 & 169 © -6
4 194 6) 189 (6) -5
5 203 ® 200 (75) -3
6 201 ) 200 (75 -1
7 165 3 160 @) -5
8 134 @ 130 o -4
X 172.5 168.13 -4.38
s 26.3 27.2 1.69 r=0.999

*Pooled SD from Independent Sample T-test = 26.7



Weight Loss Example

HO : /’Ibefore = Il’lafter or /’lbefore o Il’laﬁer = O

HCZ : lubefore > luafter or lubefore o luafter > O

* This problem becomes a one-sample t-test

¢ = fdiﬂ_o . —438—0 -

s 169 B
R

*Denominator from Independent Sample T-test = 13.4
t-statistic from Independent T-test = 0.33 (14 df)

7.4




Weight Loss Example

 Compare ftot

crit

to.o%J =-2.365  Excel: tinv(.05,7)

I —

-7.4 -2.365 t

— -7.4<-2.365 so Reject the Null



Assumptions for Paired t-test

* The population of differences from which the
sample arose are distributed approximately normal

» The difference observations are independent



Standard Deviation for the
Difference in Two Measures

2 2 2 _
9 airr =9 pre TO post 2P0preTpost

2 9201 _
adiff—Za (1—p)

s° dl.ff=26.3/\2 + 27.27"2 —2%0.999%26.3%27.2 =2.84

Sdiff: 2.84 = 1.69



Advantage of the Paired Design
(One Group Pre-test/Post-test Design)

e Often permits the easier detection of change by
omitting extraneous between subject variation

— Numerator of the paired t-statistic 1s the same as the two-
sample t-statistic (same mean difference)

— The difference 1s 1n the denominator which 1s reduced
when pre and post measurements are correlated



Disadvantages of the Pre-test/
Post-test Design

* Individuals may change without treatment
— History
— Maturation
— Testing

* Change occurs because of measurement error
— Regression to the mean
— Instrumentation



Regression to the Mean

Individual
distribution

e Population
A~ - - distribution
Individual A;
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Figure: Schematic distributions of serum cholesterol in
populations and in individuals

Lancet 1996; 347: 241-43



Extending the Paired Design

» Paired design can compare two dependent
samples. How can we draw inference when
greater than 27



Food Intake Example

Animal studies have demonstrated that compression and distension of the stomach trigger nerves that signal
the brain to turn off the desire to eat. To test this investigators limited expansion of the stomach by placing
a large inflatable cuff around the abdomen of 7 experimental subjects and inflating it to 3 incremental
pressures. At each specified pressure, the subjects food intake was measured.

Subject Food Intake (ml) at abdominal pressure
0 mm Hg 10 mm Hg 20 mm Hg
1 448 470 292
2 472 424 390
3 631 538 508
4 634 496 560
5 734 547 602
6 820 578 508
7 643 711 724




Randomized Block Design
(Repeated Measures ANOVA)

» Extension of the paired t-test

Treatments

Blocks 1 2 L p
1 X11 X12 . . . le
2 X71 X2 . . . sz
3 X31 X32 . . . X3p

b Xb] Xb2 . . . X3b




Randomized Block Design

TSS
Total Sum of Squares

SST

Sum of Squares Treatment

SSE

Sum of Squares Error

SSB

Between Blocks

SSE
Within Blocks

78S = SST + SSB+ SSE




Randomized Block Design

e Sources of Variation

15S=3Y (v, %y  Where

i=1 j=1

X, = the mean for the j" block
X, = the mean for the i" treatment

b
SSB=Y p(x,—X)’

j=1

p J—
SST = b(x, —X)’
i=1



ANOVA Table for Randomized
Block Design

Source d.f. SS MS F
Treatment k-1 SST _SST MST
MST=SST/ | D isE
Blocks b-1 SSB _SSB MSB
MSB=S5B/ | B isE

Error  (k-)(b-) SSE  \gp=SSE/ |\,




Food Intake Example

Te sts of Between-Subje cts Effe cts

Dependent Variable: INTAKE

Type Il Sum

Source of Squares df Mean Square F Sig.

Corrected Model | 258988.8572 8 32373.607 5.904 .003

Intercept 6552042.857 1 | 6552042.857 | 1194.896 .000

SUBJECT 208935.143 6 34822.524 6.351 .003

HG 50053.714 2 25026.857 4.564 .034

Error 65800.286 12 5483.357

Total 6876832.000 21 INTAKE

Corrected Total 324789.143 20 ab
Student-Newman-Keuls

a. R Squared = .797 (Adjusted R Squared = .662) Subset

HG N 1 2
20.00 7 | 512.0000
10.00 7 | 537.7143
.00 7 626.0000
Sig. 528 1,000

Means for groups in homogeneous subsets are displayed.
Based on Type Il Sum of Squares
The error term is Mean Square(Error) =5483.357.

a. Uses Harmonic Mean Sample Size = 7.000.
b. Alpha = .05.




Assumptions for Randomized

Block Design
* Normality

* Independence of Subjects

* Sphericity — similar to homogeneity of variance
assumption

> 22
So-10 = S0-20 = 310-20



* Crossover factor — all subjects are measured at
each level

* Nested factor — each subject 1s assessed at one
factor level




Two Group (or more) Repeated
Measures

Subject Timel Time2 Time3

A | Outcome
1 X X X -
2 2 o X . No
3 X X X outcome
Subjects
' ) : Meeting
. . Entry Criteria
b A X X X Outcome
Trt B
: 2 x A No
2 X X X outcome
3 X X X | X— XX %X .
. . Onset of Study Intervention

(=3
S
>
>




Possible Analytic Strategies

Endpoint Analysis — use only the last (or most important
timepoint) — compare using a ttest, ANCOVA (adjusting
for baseline) or multiple regression

Summary statistics — estimate a summary for each subject
(e.g. mean, slope) compare using simple methods

Repeated Measures Mixed Model — uses all available data

Repeated Measures ANOVA — uses all subjects that have a
complete set of data



Summary Statistics

« (Can generate summary outcomes from repeated measures and
compare using simple inferential procedures

— change, mean, peak, slope, area under the curve

Follow Up

P=0.02

Plasma Glu

0 20 40 60 80 100 120 140



Repeated Measures Analysis

Data collected from the same participants over
multiple time points.



Mixed-Eftects Models

* Linear Mixed-Effects Models: Analyzes data
with both fixed and random effects.

e Generalized Mixed-Effects Models: Extends
mixed-effects models to non-normal outcomes.

Fixed effect: e.g. treatment assignment

Random effect: e.g. baseline values



Example

Assessing the effect of a treatment (A or B) on blood
pressure over time

Measurements are taken at three different time points:
— Baseline (T1)
~ Week 4 (T2)
— Week 8 (T3)

How does time and treatment influence blood pressure?



The SAS System

The Mixed Procedure
Model Information

WORK.BP_LONG
Dependent Variable BP

Data Set

Covariance Structure
Subject Effect D

Estimation Method REML
Residual Variance Method Profile
Fixed Effects SE Method Kenward-Roger

Degrees of Freedom Method | Kenward-Roger

Class Level Information

Class Levels | Values

ID 6 123456
Treatment 2 | GroupA GroupB
Timepoint 3. T1T2T3

Type 3 Tests of Fixed Effects

Effect Num DF | Den DF | F Value
Treatment 1 4 57.65
Timepoint 2 8| 31215

Treatment*Timepoint 2 8 0.46

Compound Symmetry

Pr>F
0.0016
<.0001
0.6461

Mean Blood Pressure

135

130

™

Mean BP over Time by Treatment Group

T2
Timepoint

Treatment @ GrOUPA =i GroupB



Two Group Repeated Measures
ANOVA Example

* Trial comparing multiple daily msulin mnjections (MDI)
to insulin pump infusion (pump) in children with type I
diabetes

— Two factors
* Group — 2 levels — MDI vs Pump

 Time — 5 levels -0, 4, 8, 12, 16 weeks

— Response Variable
 HbAlc



Two Group Repeated Measures
ANOVA Example

Te sts of Within-S ubje cts Effe cts

Measure: MEASURE 1

Type Il Sum
Source of Squares df Mean Square F Sig.
TIME Sphericity Assumed 8.565 4 2.141 7.905 .000
Greenhouse-Geisser 8.565 2.067 4.143 7.905 .001
Huynh-Feldt 8.565 2.389 3.585 7.905 .001
Lower-bound 8.565 1.000 8.565 7.905 .010
TIME * GROUP Sphericity Assumed 2.002 4 .500 1.847 27
Greenhouse-Geisser 2.002 2.067 .968 1.847 .168
Huynh-Feldt 2.002 2.389 .838 1.847 .161
Lower-bound 2.002 1.000 2.002 1.847 .188
Error(TIME) Sphericity Assumed 23.839 88 .271
Greenhouse-Geisser 23.839 45.482 .524
Huynh-Feldt 23.839 52.556 454
Lower-bound 23.839 22.000 1.084

Tests of Between-Subjects Effects

Measure: MEASURE 1
Transformed Variable: Average

Type Il Sum
Source of Squares df Mean Square F Sig.
Intercept 6966.966 1 6966.966 | 1973.625 .000
GROUP 10.355 1 10.355 2933 101
Error 77.661 22 3.530




Copyright 2003 by Randy Glasbargen.
weanw.glasborgen. com

Assumptions

° NOI‘m allty “I'm the consultant they brought in to

create some new statistical buzzwords.”

e Independence of subjects

e Multisample sphericity — not a problem 1if group sizes
are equal (1.e. only check sphericity)

Mauchly's Test of Sphericify

Measure: MEASURE 1

Epsilon”
Approx. Greenhous
Within Subjects Effect|Mauchly's W | Chi-Square df Sig. e-Geisser Huynh-Feldt | Lower-bound
TIME .187 34.266 9 .000 517 .597 .250

Tests the null hypothesis that the error covariance matrix of the orthonormalized transformed dependent variables is
proportional to an identity matrix.

a. May be used to adjust the degrees of freedom for the averaged tests of significance. Corrected tests are displayed in
Tests of Within-Subjects Effects table.
b

Design: Intercept+GROUP
Within Subjects Design: TIME



MAYBE AN R EXAMPLE
HERE REPEATED MEASURES
Mixed model



Missing Data

Substantial instances of missing data are a seri-
ous problem that undermines the scientific cred- . — — n
A major source of missing data in clinical trials

ibility of causal conclusions from clinical trials. . .. . . .
. rEporlis participants who discontinue the assigned

treatment because of adverse events, lack of toler-
ability, lack of efficacy, or simple inconvenience.

JOURNAL of MEDICINE

The assumption that analysis methods can com-
pensate for such missing data are not justified,

so aspects of trial design that limit the likelihood Jt of Missin; Too many investigators incorrectly equate treat-

1581 1 P 1 1.D., Michael L. g . . . .
ﬂf S datﬂ ShM]d hE an Inlpﬂrtﬂﬂt Db_[f":tl‘r’f. rrar, M.D., Ph.D. JIMENT discontinuation with ST.'l.lli:l}r dmpﬂut; that

Joseph W. Hogan, Sc.D., Geert Molenberghs, Ph.D., i i
James D. Neaton, Ph.D., Andrea Rotnitzky, Ph.D., Is, outcomes are not recorded for Pﬂrt[':lpaﬂts-

Weichung J. Shih, Ph.D., Jay P. Siegel, M.D., affwwho discontinue treatment. However, enrollees
R ———. some medicAcommitted to participating in the study, not just
entific rigor Bty receiving the assigned treatment. When a study

Missing data have seriously compromised infer- study-group

ences from clinical trials, vet the topic has re- studies, sincfIFeéatiment i.5 diﬁfﬂﬂtiHUEd, 'E'fl'_ﬂ['tS E-hﬂl.lld b'E'
ived little attention in the clinical-trial - bility of f i s
O Brepis e o P> Bmade to obtain the participant’s consent for the

nity.® Existing regulatory guidances** on the of causation.

design, conduct, and analysis of clinical trials dations are $rollection of data on treatments and outcomes.

have little specific advice on how to address the ized trials a

Re-  Missing W hen such efforts are successtul, gathering these

proflel) O 171 (13
limit the extent of missing data. Finally, pecks not wailableldata after treatment discontinuation preserves

ies with missing data, analysis methods that are fends- measures of §the ability to analyze end points for all partici-

. . . . rticle ingful for p: . a
based on plausible scientific assumptions should f.  would not bPants who underwent randomization and thus
to make possible intention-to-treat inferences,

- . . this definitig
be used. For example, this consideration often § . . vere, 20 ‘ eat
rules out simple fixes, such as imputation by the o;‘wls beeg;‘deve;op hich are grounded in randomization. It also
. . ave auxiliary dat
last observation carried forward.'® Although there
. — D 1101 - KEY FINDINGS
rect inferences about drug safety.” High rates of

missing data that can affect conclusions occur in - Substantial instances of missing data are a seri-
trials of treatments for many diseases.®*?* Since ous problem that undermines the scientific cred-

aviotime vamslataee maidancae2d lasls cmani Baiby Thilime AF casal camalisiame Foame Alimiaal feials




Table 5. Approaches to handling and preventing missing data during trial
design, planning, conduct and analysis.

Design Stage

AnBoipals Expacied Missing
Diala

Meathods io Encourage
Partcipant Retention

1. Eslimale the expected amount of missing dala and kely reasons for il

2_ Account for missing data in the sample sire calculaions and develop a suil-
able pre-apecified analylic plan.

3. Limit burden 1o paricipant by reducing required visits and amount of data
collaciad.

4_Adopt data colaclion methods at don require tace 1o Tace visite.

5. Utilize run-in pencds, ascertainable reabment oulcomes, shorter follow-up
periods, randomized withdrawal designs where appropriate.

6. Budgel for monetary incentives for paricipants that ane waighled bowsarnd
sludy completion.

Flanning Stage

Study Dascumenlation

Informead Consent

Spudy Sites

Training Study Persormel

Filat Study

7. Develop detaded sudy documentabon in the form of manual of operabons
addresaing all aspects of the shiudy including screaning procaedunes, IFRining re-
quirements, methods of communication, delivery of treatment, schadule and
windows for assessments, and data colaction/eniry/ediling procadunes.

8. Devwaslop an informed consant hal distinguishes the diffarence babsesn with-
drawing from the raatrment and withdrawing from the study.

9. Sebact shudy sites with strong rack records for enrolling, following, and com-
plating parbcipants.

10. Adopl & reimbursemeant mechanism thal encourages sbudy oomplation.

11. Trainfcertty study personned for partcipant anroliment, data collection, data
anbry, delivery of reatment, ebc. prior 1o enrclment with re-certficaion through-
out trial ¥ necassary.

12. Highlight the continuad collaction of data in parScipants that ane not adher-
anl o restrmant bul remain n the sudy.

13. Tast operational aspects of Be trial (e.g., enrolimeant, retenbon, carty of
sludy manuals and data collection instruments, study burdan on parscipants,
randomizabon, reatment deliveny).

Conduct Stage

Craals Monitofing Repons

Enhance Parcipant Contact

Data Entry and Managameant

Comrmunication

14. Dwwedop monfloring reports o regulary rack amounts of messing data at
the levals of the sludy site and shudy personmel_

15 Keep track of reasons for withdrawal Trom the sludy of inbarventbon_

16, Liilize approaches 1o keep the sludy parbcipants engaged in Bwe abudy in-
cluding incentives, visil reminders, newsletters, and insmittent phone calls Lo
monflor status.

17. Oulline procadures fof contacting individuala with missed vigits & manusl of
oparations. kenbfy and inlarvans in paricipants thal ans Bely 1o drop oul

18 Timaly data anbry allows earier detection of problems with missing data.
19 bmplement a verification process requiring fields 1o be checked for accuracy
and all dscrepancies resolved belore daka eniry.

20. Devise an efficiant method of commurscation with study personnel for iden-
Nifyimg and resolving unanticipated sues that arse during the study.

Analytic Stage

Explore Missing Data
Usa All Available Data

Parform senstivity analysis

21. The armount of missing data, missing data patterns and variables associ-
abed with misssngnass will help o infonm e primary and ssnsitivity analyses.
22. For primary analysis, use mathods that make use of all available data such
as muliple mputation or Belhood-based approaches. These methods make
weaker assumplions about the méssing data compansd o complate case analy-
Sis.

23. For primary analtysis, avosd the use of ad-hoc solutions {e.g.. last obsarva-
ticn camied forward) s Bwey make urfeasonable assumplions abaout e mech-
anigm at produced the missing data.

24 Use methods such &s patlern mixiure or selection modals 1o examine ro-
business of conclugions 1o reasonable MMNAR mechanisms.

YALE JOURNAL OF BIOLOGY AND MEDICINE 86 (2013), pp.343-358.



Table 1. Common examples of the three missing data mechanisms in clini-
cal trials.

Missing Mechanism Examples

MCAR Administrative censoring: follow-up is terminated because the
study has ended.
Migration-study participants move and are unable to complete vis-
its.
Random failure of the experimental instrument (e.g. test tube
break, equipment failure)

MAR Missing data caused by features of the study design such as par-
ticipants being removed from the trial if their conditions are not
controlled sufficiently well according to protocol criteria.

Dropout based on recorded side-effects.
Dropout based on known baseline characteristics.

MNAR Dropout based on the unobserved response (e.g., a person not
responding to treatment is more likely not to provide an observa-
tion).

Participants miss a visit because they've had an outcome.

FALE JOURNAL OF BIOLOGY AND MEDICIME 86 {201 3), pp.343-358.



3 Approaches to Dealing with
Missing Data

« Complete Case Analysis — only subjects with all
assessments — assumes MCAR

e Imputation
— Crude — LOCF — assumes no change after dropout
— Multiple Imputation — assumes MAR

e Analysis of Incomplete Data
— Mixed model — assumes MAR
— Pattern Mixture Model — for MNAR
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