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Why Why ““ higher orderhigher order”” component component 
scores?scores?

�� 15 dimensions are unwieldy for clinicians, 15 dimensions are unwieldy for clinicians, 
patients, and researcherspatients, and researchers

�� Reduces complexity of analyses (multiple endReduces complexity of analyses (multiple end--
points) and problems with multiple testingpoints) and problems with multiple testing

�� Frequent requests from usersFrequent requests from users

�� The competition is doing it!The competition is doing it!

�� Theory formation Theory formation ––relating 15 dimensions in a relating 15 dimensions in a 
meaningful waymeaningful way-- may be a way forward.may be a way forward.
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Extra Extra RequirementsRequirements::
GeneralizableGeneralizableResultsResults

�� Measurement Equivalence over (patient and Measurement Equivalence over (patient and 
language) groups: identical item thresholds, language) groups: identical item thresholds, 
factor structures, and factor loadingsfactor structures, and factor loadings
……essential in order to make comparisons over groups: if essential in order to make comparisons over groups: if 
equivalence (partially) fails,then some comparisons between grouequivalence (partially) fails,then some comparisons between groups ps 
may not be justifiablemay not be justifiable……

�� Cross ValidationCross Validation

�� Predictive ValidityPredictive Validity
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DataData

The CCA project has gathered QLQThe CCA project has gathered QLQ--C30 data C30 data 
from  38,000 patients in 100+ studies from from  38,000 patients in 100+ studies from 
various:various:

–– countries,  countries,  

–– primary disease sites, primary disease sites, 

–– disease stages, and disease stages, and 

–– treatment phases.treatment phases.



55

DataData

Split into 4 analysis groups:Split into 4 analysis groups:

–– a 10% sample for exploratory purposesa 10% sample for exploratory purposes

–– a 30% sample for model fittinga 30% sample for model fitting

–– a 30% sample for cross validationa 30% sample for cross validation

andand

–– a 30% sample for testing of measurement a 30% sample for testing of measurement 
equivalence.equivalence.
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DataData

However, only those cancer patients using the However, only those cancer patients using the 
QLQQLQ--C30 version 3.0  at C30 version 3.0  at ““ prepre--treatmenttreatment”” were were 
utilized, leaving:utilized, leaving:

2500 patients for model fitting.2500 patients for model fitting.

Sufficient sample size, even  for Sufficient sample size, even  for ““ robustrobust””
estimation methods!estimation methods!
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MethodsMethods

Confirmatory Factor Analysis (CFA)/ Confirmatory Factor Analysis (CFA)/ 
Structural Equation Modeling(SEM)Structural Equation Modeling(SEM)

what is that?what is that?
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Methods (1)Methods (1)
�� CFA/SEM is a general statistical method to CFA/SEM is a general statistical method to 

model relationships between Observable model relationships between Observable 
variables and Nonvariables and Non--observable (latent) variables.observable (latent) variables.

�� Latent variables are measured/defined by Latent variables are measured/defined by 
observables, and may incorporate (estimates of) observables, and may incorporate (estimates of) 
measurement error.measurement error.

�� Latent variables may correlate with, predict or be Latent variables may correlate with, predict or be 
predicted by other predicted by other latentslatentsor observables.or observables.
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Methods (2)Methods (2)
�� One posits a theoretical model (of One posits a theoretical model (of latentslatentsand and 

observables, and their relationships), which observables, and their relationships), which 
results in fixing some model parameters results in fixing some model parameters 
(possibly to zero) and freeing others.  ((possibly to zero) and freeing others.  (““ model model 
architecturearchitecture”” ))

�� Values of the  free parameters are estimated (on Values of the  free parameters are estimated (on 
the basis of the observed data), minimizing the the basis of the observed data), minimizing the 
difference between the model predictions (given difference between the model predictions (given 
a set of specific estimates) and the data.  (a set of specific estimates) and the data.  (““ model model 
estimationestimation”” ) ) 
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Methods (3)Methods (3)
�� The model fit (as measured by various The model fit (as measured by various 

indices/tests) is evaluated, and indices/tests) is evaluated, and ““ problemsproblems””
examined.examined.

�� The model may be rejected as insufficient. It The model may be rejected as insufficient. It 
may be modified, or it may be accepted as may be modified, or it may be accepted as 
adequate/good.adequate/good.

�� If the model is accepted, one may proceed with If the model is accepted, one may proceed with 
the model and its parameter estimates.the model and its parameter estimates.
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ExamplesExamples
�� Simple CFA modelsSimple CFA models

�� HigherHigherOrder & BiOrder & Bi--Factor ModelsFactor Models

�� ReflectiveReflectiveand and FormativeFormativeModelsModels

�� Multiple IndicatorsMultiple Indicators--Multiple Multiple CausesCauses(MIMIC) (MIMIC) 
ModelsModels

�� HybridHybrid ModelModel
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SimpleSimple CFA ModelsCFA Models
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HigherHigher Order & BiOrder & Bi --Factor ModelsFactor Models
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ReflectiveReflectiveand and FormativeFormative ModelsModels



1515

Multiple IndicatorsMultiple Indicators --Multiple Multiple CausesCauses
(MIMIC) (SEM) Models(MIMIC) (SEM) Models
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HybridHybrid ModelModel
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Modeling Issues (1)Modeling Issues (1)

�� QLQQLQ--C30 C30 versionversion3.0 3.0 onlyonly

�� PrePre--treatmenttreatment/ baseline (/ baseline (initiallyinitially ))

�� IncludeInclude//excludeexcludehealthyhealthySS’’ s?s?

�� EstimatesEstimatesforfor singlesingle--item item scalescaleerrorerrorvariancevariance
((testtest--retestretestcorrelationscorrelations))

�� ExcludeExcludeFI (and QL?) FI (and QL?) scalesscales

�� Standard QLQStandard QLQ--C30 model C30 model architecturearchitecture
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Modeling Issues (2)Modeling Issues (2)

�� ““ RobustRobustWLSMVWLSMV”” (ADF) (ADF) estimatorsestimators((alsoalsoMLR MLR ifif
possiblepossible, , forfor comparingcomparingnonnon--nestednestedmodels)models)

�� TreatmentTreatmentof missing data (of missing data (pairpair--wisewise, FIML) , FIML) 

�� OrdinalOrdinal items (items (polychoricpolychoriccorrelationscorrelations))

�� CorrectionCorrectionforfor clusteringclustering

�� FormativeFormative--reflectivereflectivesymptomsymptommodelingmodeling

�� WhichWhich ((theoreticaltheoretical) models?) models?
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TheoreticalTheoretical QLQQLQ --C30 Factor Models (1)C30 Factor Models (1)

�� ““ standardstandard”” QLQ 14D 1st order modelQLQ 14D 1st order model

�� 1D 2nd order model (e.g., 1D 2nd order model (e.g., PaganoPagano& & GotayGotay))

�� 2D 2nd order model 2D 2nd order model SymptomSymptom& & FunctionFunction
((formativeformativeand/and/oror reflectivereflectivesymptomssymptoms) ) 
(e.g., Sousa et al., (e.g., Sousa et al., BoehmerBoehmer& & LuszczynskaLuszczynska))

�� 2D 2nd order 2D 2nd order BurdenBurden--MentalMentalModel Model 
((pers.commpers.comm. NKA). NKA)
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TheoreticalTheoretical QLQQLQ --C30 Factor Models (2)C30 Factor Models (2)

�� 2D 2nd order 2D 2nd order PhysicalPhysical--MentalMentalModel Model 
((pers.commpers.comm. MS). MS)

�� Multiple IndicatorsMultiple Indicators--Multiple Multiple CausesCauses(MIMIC) (MIMIC) 
ModelsModels

� Bi-Factor models (relaxed or completely 
orthogonal)
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RESULTSRESULTS
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Simple 1D First Order HRQoL (e.g., Pagano & Gotay, 2006)

Exploratory “Simple” 1D 
1st order  Model 
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““ExplainedExplained”” VarianceVariance
((eigenvalueseigenvalues) per factor in EFA) per factor in EFA

forfor 29 QLQ29 QLQ--C30 items (C30 items (““screescree plotplot””))
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1D HRQoL (inspired by Pagano & Gotay, 2006)

1D 2nd order Model 
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Burden-Function (inspired by Sousa & Kwok, 2006, Putting Wilson and Cleary to the test)

2D 2nd order Burden & 
Function Model 
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Burden-Mental hypothesis N.Aaronson 09/09/08



2828

i1 I2 i4i3 i5 i6 i7 i20 i25 i21 i22 i23 i24 i26 i27 i29

i11 i13 i16

i10
i12
i18

i14
i15

i28i17i8

Fi

PF RF CF

FA

NV

DiCoApSlDy

i9
i19 PA

EF SF

Mental

Physical

2D 2nd order Physical
and Mental Model 

i28

Fi

i29 i30

QL

Mental

Physical-Mental hypothesis M. Sprangers 25/09/08
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Free MIMIC  ( inspired by Boehmer & Luszczynska, 2006)

1D 2nd order Model :
Free “MIMIC” model
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Bi-Factor Model (inspired by Chen, West, and Sousa, 2006)
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….

Bi-factor Model



Fit Indices/Tests for Various Models*Fit Indices/Tests for Various Models*

Correlation  “Bi-factor” and  
other factors set to zero

0.0320.96/0.99168310) 1D (relaxed) Bi-factor

Correlation B&F=0.90.0600.89/0.97132049)   2D formative Burden,Function fixed

Correlation B&F=0.970.0570.90/0.97131878)   2D formative Burden,Function free

no  solution could be found------npd7)   1D MIMIC  (fixed)

Correlation  FA&HRQoL=0.950.0570.90/0.97131906)   1D MIMIC  (free)

Correlation B&M=0.920.0550.90/0.97141925)   2D Burden & Mental (NKA)

Correlation P&M=0.720.0490.91/0.98151674)   2D Physical & Mental (MS)

Correlation B&F= 0.970.0580.89/0.97142083)   2D Burden & Function

0.0580.89/0.97142082)   1D Burden

OrdinalOrdinal items; 1items; 1--item item scalescaleerrorerror
variancesvariancesbasedbasedonon testtest--retestretest
correlationscorrelations

0.0470.93/0.98121091)   Basic Model with 14 Latents

RemarksRMSE
A

CFI/TLIdfχ2Model

*WLSMV estimator
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DiscussionDiscussion//ConclusionsConclusions

�� ExploratoryExploratoryFactor Factor AnalysisAnalysisshow important 1st show important 1st 
dimensiondimension, , yetyet requiresrequiresextra extra dimensionsdimensionsforfor
““ goodgood”” fit.fit.

�� ““ BasicBasicModelModel”” has has ““ adequateadequate--goodgood”” fit.fit.

�� Model fit Model fit forfor all all ““ higherhigherorderorder”” models is models is 
““ adequateadequate”” , , yetyet clearlyclearlypoorerpoorerthanthanbasicbasicmodel.model.
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DiscussionDiscussion//ConclusionsConclusions

�� None of the None of the higherhigherorder models is order models is substantiallysubstantially
superior, superior, wrtwrt ““ fitfit ”” . Multiple . Multiple dimensionsdimensionstendtendto to 
correlatecorrelatequitequitehighlyhighly!!

�� (Relaxed) (Relaxed) bibi--factorfactormodel has best fit of all!model has best fit of all!

�� HoweverHowever, , statisticsstatisticsare are notnot the the onlyonly criterium criterium forfor
model model selectionselection. (e.g., . (e.g., parisimonyparisimony, , usabilityusability, , 
compabitibilitycompabitibilitywithwith otherotherschemesschemes, , ……))
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AlternativesAlternatives

�� 1D 2nd order Model1D 2nd order Model:  :  parsimoniousparsimonious, fit is , fit is 
““ adequateadequate”” , , ““ summarizessummarizes”” QLQQLQ--C30 C30 dimensionsdimensions

�� 2D 2nd order 2D 2nd order MentalMental--PhysicalPhysicalModelModel: : 
relativelyrelativelysimplesimple, , ““ summarizessummarizes”” QLQQLQ--C30, fit is C30, fit is 
somewhatsomewhatbetterbetterthanthanotherother2nd order models, 2nd order models, 
dimensionsdimensionsare more are more distinctdistinct, , similarsimilar rationalerationaleto to 
SFSF--36 36 higherhigherorder modelorder model
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AlternativesAlternatives

�� (relaxed) Bi(relaxed) Bi--Factor Model:Factor Model: ““ goodgoodfitfit ”” , , 
parsimoniousparsimonious(latents) , (latents) , ““ in in additonadditontoto”” QLQQLQ--
C30 C30 dimensionsdimensions, , skirtsskirts reflectivereflective--formativeformative
problemproblem..

�� MIMIC ModelMIMIC Model : adequate fit, : adequate fit, parsimoniousparsimonious, , 
combines combines relefectiverelefectiveand and formativeformativemodels; has models; has 
((somesome) support in ) support in literatureliterature..
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RequestRequest

�� Data set Data set withwith externalexternalcriteria (e.g. in trial criteria (e.g. in trial oror
longitudinallongitudinalstudystudy))

andand

�� QLQQLQ--C30C30

forfor validationvalidationstudystudy..
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SuggestionsSuggestions??

RemarksRemarks??


