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Longitudinal Data Analysis

Part 1 - Primitive Approach




Mathematician mentality

One day a mathematician
decides that he is sick of
math. So, he walks down to
the fire department and
announces that he wants to
become a fireman.

The fire chief says, "Well,
you look like a good guy. I'd
be glad to hire you, but first
| have to give you a little
test.”




A problem

A The firechief takes the
mathematician to the alley
behind the fire department
which contains a dumpster,

a spigot, and a hose. The

chief then says, "OK, you're w
walking in the alley and you <
see the dumpster here is

on fire. What do you do?" ‘

The mathematician replies,

"Well, | hook up the hose to ‘
the spigot, turn the water

on, and put out the fire."

A The chief says, "That's
great... perfect.




A new problem, an old Solution

A Now | have to ask you just one
more question. What do you do |if
you're walking down the alley
and you see the dumpster is not
on fire?"

The mathematician puzzles over
the question for awhile and he
finally says, "I light the dumpster
on fire."

The chief yells, "What? That's
horrible! Why would you light the
dumpster on fire?"

The mathematician replies,
"Well, that way | reduce the
problem to one I've already
solved."

http://www.workjoke.com/projoke22.htm



http://www.workjoke.com/projoke22.htm

A lot of Data

Subject ID= 261 TXCONDA=CT




Response Features Analysis

A Primitive Methods Corresponds to a respone
feature analysis (Everitt, 1995).



General Procedure

A Step 17 Summarize the data of each subject into
one statistic, a summary statistic.

A Step 21 Analyze the summary statistics, e.g.
ANCOVA to compare groups after correcting for
Important covariates



What happens

A The LDA is reduce to the analysis of
Independent observations for which we
already know how to analyze though
standard methods:

I ANOVA

I ANCOVA

| T-test

I Non-Parametrics



Is this Wrong? NO

A But, researchers have been interested for decades
In change within individuals over time, that is, In
longitudinal data and the process of change over
time.



Ways to Summarize the Data

A Mean of the available scores
A LOCF of the Score

A Median of the Scores

A Order Statistics of the Scores
A Mean sequential change



Pros and Cons of Response Feature Analyses

BENEFITS DRAWBACKS:

A Easily done. A Throwing away a lot of

A Commonly done. information.

A Simplistic methods for A May be Underpowered.
missing endpoints A May be Overpowered.
(LOCF). A LOCF may be biased.

A Easily interpretable /
Cohenodos D effect Sl ze



A Subject specific Area Under the curve (AUC)
(Matthews et al. ,1990).

A The advantages of the AUC is its easy derivation,
does not require balanced data, and compares the
overall difference between groups.

A The disadvantages of the AUC are we lose
Information about the time process.

A Another disadvantage, to make the AUC
comparable between treatments, it requires the
AUC be measured in the same units. Thus with
dropout and the placebo group by design being half
as long as the other treatments, we will consider an
AUC per week, derived as the AUC divided by the

elapsed time.




lllustration of the derivation of AUC

Subject ID=192 TXCONDA=ADM




Estimation Method

20.0 +11.4
= 94.2

Area =6.0 x

|

altitude
6.0




NEWSFLASH: Disadvantage

A LOTS of information is lost.

A They often do not allow to draw conclusions about
the way the endpoint has been reached.

A Impact of missing data on the derivation of the
summary score.

A Do the results mean anything?



Longitudinal Data Analysis

Part 21T Hierarchical Linear Models
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DeRubels and Hollon Example: Acute Phase
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T

Un-blinding for
pill patients



PRIMARY Hypothesis:

Is there a difference in change over time
between the 3 treatment groups during
the first 8 weeks of treatment?

(COMPARATIVE GROUP IS PBO)



Study Design Concerns
KEEP THE LONGITUDINAL STRUCTURE

U TYPE and AMOUNT OF DATA

U STATISTICAL APPROACH TO ACCOUNT FOR
THE TYPE OF DATA WE HAVE.

U POWER TO CONDUCT THE ANALYSIS



Modified 17-item Hamilton Rating

Scale for Depression
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Types of Data

F Classical univariate statistics assumes that each subject gives
a single measurement, the response, on the outcome of interest.
Example: measure systolic blood pressure once on each subject.

F Multivariate statistics assumes that each subject gives rise to
measurements on each of multiple outcomes of intelegsimple:
measure systolic blood pressure, diastolic blood pressure, heart r
and temperature once on each person.

F In Longitudinal data each subject gives rise to multiple
measurements of the same outcome of interest, measured at a s
of time points.Example: measure each subjects diastolic blood
pressure at each of five successive times after administration of a
pharmacological agent.



Longitudinal Data

F Classical time series data consists of a single long series of measurement
same response on the same unit (subject).

Longitudinal data consists of a large number of short series of the same res|
the same unit.

F Longitudinal studies have ability to separate cohort and age effects while «
sectional studies do not. That is, longitudinal studies can distinguish changes
time within individuals (ageing effects) from differences among people in thei
baseline levels (cohort effects). Cross-sectional studies do not have this feat

F Longitudinal data require special statistical methods to accommodate the
correlations within a set of multiple observations on the same subject. Valid
Inferences cannot be made without consideration of this correlation structure

F Panel data is a term used by sociologists and economists to refer to longit
data.



GOOD FEATURES OF A STATISTICAL MODEL

Feature Useful Necessary

Tests study X
hypotheses

Appropriate to X
study design

Appropriate to data X
(e.g., missing,

non-normal,

adjustment

variables)

Has available, X
reliable software

Estimates effect X
sizes

Understandable X
by knowledgeable
non-statisticians



LOCF Endpoint Analysis - Results

A Clinical trials
methodologists
recommend counting
all events regardless of
adherence to protocol
and comparing
originally randomized
groups. This strict
Al ndog mteat o
Implies availability and
use of outcome
measures regardless of
adherence to treatment
protocol.

A F(2,235)=2.48, p=0.086

p O

LSMEAN
(Adjusted for
Baseline and

Site

Treatment | Differences)
-, ADM 1350
CT 14.48
Placebo 15.95




Endpoint Analysis Effect Size Issues

Effect Size
Contrast |Effect Size (d)| Descriptor®
glg cob 0.22 small
é?M Vs 0.15 small

pk .05 “From Cohen



We have Longitudinal data.

Do a Longitudinal Approach.

Benefil ts: Donot throw an
|l nf or mati on, more power,
sense



Main Hypothesis: Interested in Change.



Take a Closer Look at your data

Hamilton Means for First 8 Weeks
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In Statistics/Mathematics, we think of the
slope when we think of change.



Hierarchical Linear Model -Multiple Levels

A Within patient level (LEVEL 1) - Multiple measurements across the acute
phase of treatment

A Between patient level (LEVEL 2) - How are the group of patients in CT
doing in comparison to the group of patients in ADM, compared to the
group of patients in PBO.

A LEVEL 1 consists of n (number of subjects) individual linear regressions.
Outcome Is primary measurement (HRSD). Predictors are time and
individual time-varying subject measures.

A LEVEL 2 consists of using the individual intercept and slope estimates
from LEVEL 1 as outcomes. Predictors include treatment condition and
other time-invariance predictors (GENDER, MDD Diagnosis, etc.) .
These two outcomes (intercept and slope) makeup two linear regression
models.



Level 1:

Level 2:




AEach personds intercept
from an overall population intercept per
treatment. (By)

AEach personods sl ope is
from an overall rate of change (slope) per
treatment. (By;)

A We have population-averaged estimates and
subject-specific estimates.

A Our inferences will be on the population-
averaged estimates but accounting for the
subject specific.



HRSD

Weekly HRSD Profile
Patho =101 tx=ADM site =Penn
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HRSD

Weekly HRSD Profile
Patho =502 tx=ADM site =Vandy
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HRSD

Weekly HRSD Profile
Patno =503 tx=ADM site =Vandy
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HRSD

Weekly HRSD Profile
Patho =102 tx=Placebo site =Penn
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HRSD

Weekly HRSD Profile
Patno =103 tx=Placebo site =Penn
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HRSD

Weekly HRSD Profile
Patno =501 tx=Placebo site =Vandy
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HRSD

Weekly HRSD Profile
Patno =504 tx=CT site =Vandy
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Model Implementation Issues

A Uses all available information for a given subject;
therefore it is an intent-to-treat analysis. Ignores
missing data.

A Account for the longitudinal nature

A Easily implemented in SAS through PROC MIXED,
SPSS , HLM, MIXREG, and Mlwin.



How the Implementation works

Combined Model:

Vi = Ooo+Yor T + dog) + (v +711TX5+ 51'5')”'”1% T &




Random Effects Assumptions
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Depiction of Hierarchical Linear Model Analysis, HRSDs for the

First 8 Weeks
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Test Results

A Test of Difference in Slopes: F(2,231)=3.92, p=0.02

LSMEAN
(Adjusted for
Baseline and

Site

Treatment Differences)
ADM 1 21
CT -1.11

Placebo -0.86




Random Effects

A Random Intercept variance = 36.02
A Random Slope variance = 0.327
A Covariance = -0.327

A When the covariance is positive, it indicates
subjects with higher levels of baseline (intercept)
have larger rates of change (more positive).

A When the covariance is negative, it indicates
subjects with higher levels of baseline (intercept)
have smaller rates of change (more negative).



Longitudinal Data Analysis

Part 31T Hierarchical Linear Models

NEasy Example with S
and Contrast Using S



Data: Example of Pothoff & Roy (1964)

Girl AGE Boy AGE
3 10 12 14 3 10 12 14
1 21 20 21.5 23 1 26 25 29 31
2 21 21.5 24 23.5 2 21.5 22.5 23 26.5
3 20.5 24 24.5 20 3 23 22.5 24 27.5
4 13.5 24.5 25 26.5 4 255 7.3 26.5 27
3 21.5 23 22.5 23.5 3 20 23.5 22.5 26
0 20 21 21 22.5 0 24.5 25.5 7 28.5
7 21.5 22.5 23 25 7 22 22 24.5 26.5
3 23 23 23.5 24 3 24 21.5 24.5 23S
0 20 21 22 21.5 0 23 20.5 31 26
10 | 16.5 19 19 19.5 10 L7 28 31 31.5
11 | 24.5 25 28 28 11 23 23 23.5 25
12 21.5 23.5 24 28
13 17 24.5 26 29.5
14 22.5 25.5 25.5 26
15 23 24.5 26. 30
16 22 21.5 23.5 25




GROWTH DATA

A They considers the Average Profiles across Age
outcome measure as the
distance from the center
of the pituitary to the
maxillary fissure
recorded at ages 8, 10,
12, and 14 for 16 boys
and 11 girls. o

A Figure shows the mean X TS Boys 44 Gt
profile per sex

o
-
o
o
&
=
o
<
=

12




Hypotheses

A Rate of Growth Difference across boys and
girls.



Subject Specific Profiles




Our Level 2 Equations




Data Requirements

A For Longitudinal Data Analysis, most
programs (if not all) require your data to be
stacked.

A That means if you picture your data as an
excel spreadsheet, per row of the
spreadsheet corresponds to one record per
patient/timepoint combination.



Part of the Data

IDNR IND IV AGE SEX MEASURE
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Into SPSS -> Pull Down

*Untitled2 [DataSet1] - SPSS Statistics Data Editor
File Edit View Data Transform | 8nalyze Graphs Utiities Add-ons ‘Window  Help
EHE E & mE{  repos b Q@ ® Wi
I Name . Ty Descrigtive Statistics Label \ Values Missing Columns Measure
IDNR Numeri Compare Means None None & Scale
INDIV Numeri General Linear Model None None &> Nominal

AGE Numeri Generalized Linear Models None None &b Nominal

| SEX Numeri Mixed Models one None &> Nominal
MEASURE Numeri Correlate Mone MNone &9 Scale

Regression
Loglinear
Classify
Dimension Reduction
Scale
Nonparametric Tests
Forecasting
Survival
Multiple Response
Quality Control

ROC Curye...

Amos 17..

CH|
Data View | Variable View

Linear ... |SPSS Statistics Processor is ready

igstart,. € £ © [") Inbox - Outlook Web ... | %7 545 (43 *output1 [Document... Untitled2 [Dataset... | & Screenc ? ) 10:10 M




|- [=]X]
File Edit View Data Transform Analyze Graphs Uilties Add-ons Window  Help

CHA R 60 L6k A 14 S0F S0 %

Name Type ] Width | Decimals‘ Label | Walues Missing Columns Align | Measure
1 IDNR Numeric 2 0 None None 5] & Scale b
2 INDIV Numeric 2 0 None None 7 &> Mominal
3 AGE Numeric 2 0 Nane None 5 &5 Nominal
4 SEX Numeric 1 0 None MNone 5 &> Nominal
5 MEASURE Numeric 5 2 None None 9 & Scale
ear Mixed Models: Specify Subjects and Repeated @
Click Continue for models with uncorrelated terms.
Specify Subject variable for models with correlated random effects.
Specify both Repeated and Subject variables for models with correlated
residuals within the random effects.
Subjects:
& INDIY & DR
&b AGE
&) SEX | ¢ \
& MEASURE ——
Repeated:
'S
Repeated Covariance Type: | Dia v
Continue || ‘ Reset | | Cancel J ‘ Help
B
| [»]
Data View | Variable View |
SbSS Staﬁstics Processor is ready
—_—— - = — =
start € rY > [78) Tnbox - Outlook Web .. | %7 SAS | -3 *Qutput1 [Document. .. & *Untitled2 [DataSet1, r@_ Screenc

- .
B ° )2y 10:10 AM



File Edit View Data Transform Analyze Graphs Utiities Add-ons Window  Help
cHE B o0 Bk A g SEEH S0 %
Name Type ‘ Width | Decimals‘ Label I Walues Missing Columns Align Measure
IDNR Numeric 2 None None = Right & Scale
INDIV Numeric 2 None None Right &> Nominal
AGE Numeric 2 None None Right &b Nominal
1
5

SEX Numeric None None Right &> MNominal
MEASURE Numeric MNone MNone = Ri fScale

| Dependent Variable: Fixed...
|& measURE I —
Random...
Eactor(s):

g, SEX

&5 INDIY

Estimation...

Covariate(s): M

&b AGE

Save...

| Fendom.. |
\
‘ Statistics...
\
[ sewe. |

Residual Weight:

OK ” Paste H Reset H Cancel H

|
Data View | Variable View

[ e

SPSS Statistics Processor is ready
iy Start & re » [78) Inbox - Outlook Web ... mﬂ *Qutputi [Document...

Untitled? [Dataset1,.. | G Scresne




File Edt View Data Transform Analyze Graphs Utiities Add-ons ‘Window  Help
CHRE B 60 68k 4 14 SdE $00 %
Name Type ‘ Width ‘ Decimals ‘ Label | Values Missing Columns Align Measure
IDNR Nurmeric None None & Scale
INDIV Numeric Naone None &> Nominal
AGE Nureric None None &5 Nominal

SEX Numeric None None &> Nominal
AMEASUR’E MNumeric None None & Scale

ear Mixed Models: Fixed Effects

Fized Effects

(5) Build terms () Build nested terms
Factors and Covariates: Model:
M SEX SEX

[ ace AGE
SEX*AGE

Factorial

Factorial
Main Effects
Interaction
&1 2-vvay
A1 3-way
&I 4-vvay Remove
Al 5-wvay T

[¥] Include intercept Sum of squares: ‘Wpe n

| contive || cance ||

4]
Data View | Variable View

SPSS Statistics Processor is ready
Pgr———
iy start € re

» ['9) Inbox - Outlook Web ... ﬁ»’, SAS *Qutput! [Document. .. ntitled2 [DatasSet!... B °R Jy 10:11 &M







