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Measuring PROs in diverse populations

• Introduction: Is it defensible to believe that all people interpret and respond to 
questions for measuring PROs in the same way? Why is this of concern?

• Possible solution: How can latent variable mixture models (LVMMs) be used to 
measure PROs in diverse populations?

• Example applications of LVMMs: 
1. Explain heterogeneous responses to PRO measurement items
2. Identify invariant PRO measurement items
3. Adjust scoring and selection of items in computerized adaptive tests
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Introduction

• Is it defensible to believe that all people interpret and 
respond to questions for measuring PROs in the same way?

• Why is this of concern?



Measuring PROs in heterogeneous populations

• Do questions for measuring physical activity have the same meaning 
for different people?

Vigorous activity



Measuring PROs in heterogeneous populations

• Are the same health domains equally important
for different people?

Social

Physical

SymptomsSymptoms

Physical

Social



Measuring PROs in heterogeneous populations

• Are different dimensions of health relevant for some people 
and not for others?

Social

Physical

Symptoms
Symptoms

Physical

Social

Emotional
well-being



Measuring PROs in heterogeneous populations

• Does a change in PRO scores have the same meaning 
for different people?

TIME 1 TIME 2



Measuring PROs in heterogeneous populations

• Social determinants of health
• Health history
• Healthcare experiences
• Personality

There are many factors that may influence 
how people interpret and respond to 
questions for measuring PROs



Measuring PROs in diverse populations

Ignoring individual differences in how people 
interpret and respond to questions for 
measuring their health could lead to 
measurement biases that reinforce inequities 
by hiding or misrepresenting health 
outcomes of some people.



Kwon, J.-Y., Russell, L., Coles, T., Klaassen, R. J., Schick-
Makaroff, K., Sibley, K. M., Mitchell, S. A., & Sawatzky, R. 
(2022). Patient-Reported Outcomes Measurement in 
Radiation Oncology: Interpretation of Individual Scores and 
Change over Time in Clinical Practice. Current Oncology, 
29(5), 3093-3103. 
https://doi.org/10.3390/curroncol29050251 

Independent online learning module

Includes a basic introduction with expository analyses and syntax for:
• Differential item functioning methods to compare different people
• Response shift methods to assess change over time

Whiteboard Video introducing:
1. Use of PRO measures
2. Response shift
3. Differential item functioning

ISOQOL Webinar on 
interpretation of PROs in clinical 
practice: Solutions for assessing 
change and diverse people

Recorded webinar and slides are freely to 
everyone

• Practical implications
• Theoretical foundations
• Analytical methods

CONTACT      info@healthyqol.comThis research was undertaken, in part, thanks to funding from the Canadian Institutes of Health Research, the Michael Smith 
Foundation for Health Research, and the Canada Research Chairs Program in support of Dr. Richard Sawatzky’s Research 
Chair in Person-Centred Outcomes at Trinity Western University.

Kwon, J.-Y., Russell, L., Coles, T., Klaassen, 
R. J., Schick-Makaroff, K., Sibley, K. M., 
Mitchell, S. A., & Sawatzky, R. (2022). 
Patient-Reported Outcomes 
Measurement in Radiation Oncology: 
Interpretation of Individual Scores and 
Change over Time in Clinical Practice. 
Current Oncology, 29(5), 3093-3103.
10.3390/curroncol29050251

https://youtu.be/LZrgSRU-psQ?list=PLjT52aYcW_rRlBtjsPXNOsGS83-5f_UUV
https://www.isoqol.org/interpretation-of-pros-in-clinical-practice-solutions-for-assessing-change-and-diverse-people/
mailto:info@healthyqol.com
https://doi.org/10.3390/curroncol29050251


Possible solutions

• How can latent variable mixture models (LVMMs) be 
used to investigate population heterogeneity with 
respect to the measurement of PROs?



Measurement biases within PROMs have 
been extensively investigated under the 
headings of ‘Differential Item Functioning’ 
and ‘Measurement Invariance’ 

Investigating measurement bias

MEASUREMENT INVARIANCE (MI)
measurement properties are equivalent for all 
people

DIFFERENTIAL ITEM FUNCTIONING (DIF)
the same item may not equivalently reflect the 
outcome being measured when it is applied to 
different people 

DIFFERENTIAL TEST FUNCTIONING
the same PROM summary scores are not equivalently 
representative of the measured health outcome for 
different people

PSYCHOMETRIC TOOLBOX

Multi-group confirmatory factor analysis

Multi-group item response theory / RASCH

Logistic regression differential item 
functioning analysis

Multiple Indicators Multiple Causes 
(MIMIC) analysis



Investigating measurement invariance
Examine heterogeneity using latent variable mixture models (LVMMs)

Measurement model 
parameters pertaining to the 
associations between items 
and the latent variable are 
moderated by other variables 

PRO measurement items PRO

Other 
variable(s) that 
influence item 

responses

Item

Item



Previous research

Measurement invariance research

Moving forward

Focus on a prior identified sources of 
measurement biases
• Socio-demographic differences: 

age, sex, gender, education, language, 
culture, ethnicity, employment status, 
socio-economic status

• Health status indicators: 
multimorbidity, social deprivation, 
body weight, and clinical vs. non-
clinical status

• Emphasis on intersectionality of 
individual differences within 
heterogeneous populations

• Identify individual differences, and 
interactions among them, that are 
not identified a priori 



We will not 
discuss the 

mathematic details 
today!

Sawatzky, R., Ratner, P. A., 
Kopec, J. A., & Zumbo, B. D. 
(2012). Latent variable mixture 
models: A promising approach 
for the validation of patient 
reported outcomes. Quality of 
Life Research, 21(4), 637-650.

► The cumulative probability of an item response at or above category j within a latent class can be computed as follows:  
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► The cumulative probability of an item response at or above category j within a latent class can be computed as follows: 



.

► Each class has a unique set of parameters that are estimated simultaneously in the latent variable mixture model:





, where f is the mixture of the class-specific distributions, and is the mixing proportion.

► The cumulative probability of an item response at or above category j within a latent class can be computed as follows: 



.

► The cumulative probability of an item response at or above category j within a heterogeneous population is obtained by:



, where Xk is the posterior probability of an individual being in class k.
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Investigating measurement invariance
Examine heterogeneity using latent variable mixture models (LVMMs)

Measurement model 
parameters pertaining to the 
associations between items 
and the PRO are moderated by 
latent classes.

PRO measurement items PRO

Latent classes

Item

Item



Using LVMMs to investigate measurement biases in heterogeneous populations

Analytical approach

• Use multidimensional item response theory (IRT) 
to specify the baseline measurement model

Establish measurement 
model

• Specify a latent variable mixture model (LVMM) by 
adding latent classes to the measurement model.Examine heterogeneity

• Compare scores of a 1-class model (assuming no 
heterogeneity) and a multi-class model 
(accommodating heterogeneity)  

Assess measurement 
bias

• Identify individual differences that predict latent 
class membership

Explain sources of 
heterogeneity

Sawatzky, R., Ratner, P. A., Kopec, J. A., & Zumbo, B. D. (2012). Latent variable mixture models: A promising approach for the validation of patient 
reported outcomes. Quality of Life Research, 21(4), 637-650.



Three example applications of LVMMs

1
• Describe individual differences associated with differential 

interpretations and responses to PRO measurement items

2
• Identify PRO measurement items that are most likely to be invariant 

within heterogeneous populations

3
• Adjust PRO item selection and scoring in computerized adaptive 

tests (CATs): introducing “mixture-CAT”
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Explain heterogeneous responses to PRO 
measurement items

Richard Sawatzky1, Lara Russell2, Tolulope Sajobi3, Anne Gadermann4, 
Juxin Liu5, Bruno Zumbo4, Lisa Lix6

1Trinity Western University & Centre for Health Evaluation and Outcome Sciences,
2Centre for Health Evaluation and Outcome Sciences, 3University of Calgary,
4University of British Columbia, 5University of Saskatchewan, 6University of Manitoba
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Sample

Random sample (N = 10,000) from the 
2012-2014 cohort (n=296,320) of the US 
Medicare Health Outcomes Survey

Variables %

Age
<65 14.9
65-74 51.0
75+ 34.0

Race
White 80.9
African American 12.0
Other 7.1

Gender (female) 42.5
High blood pressure 33.5
Cancer history 14.6
Stroke history 9.1
Health comparison* 69.1

*good/very good/excellent
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Baseline measurement model
Analytical approach

GH: rating general health

Physical 
Health

Mental 
Health

Latent FactorsVR-12 Items

PF: moderate activities 
PF: bathing and dressing yourself

RE: worked less carefully
RE: accomplish less

RP: accomplished less

MH: calm and peaceful

BP: pain interference
RP: limited in kind

VR: energy

MH: downhearted and blue
SF: interference with activities

MULTIDIMENSIONAL GRADED RESPONSE MODEL
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Examine heterogeneity using latent variable mixture models (LVMMs)
Analytical approach

Items
Physical 
Health

Mental 
HealthItems

Latent classes: 
Sources of 

heterogeneity 

MIXTURE OF THE GRADED RESPONSE MODEL

Discrimination + 
difficulty parameters 

vary across latent 
classes that represent 
heterogeneity in the 

population.
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Identify sources of heterogeneity
Analytical approach

• Logistic regression using the 3-step approach in MPlus software

Explain latent class membership

• DEMOGRAPHIC VARIABLES: 
Age, sex, marital status, race

• HEALTH-RELATED VARIABLES: 
Cancer Hx, Stroke Hx, Falls, Shortness of breath, Back pain, Urinary 
incontinence, Difficulty reading, Difficulties with activities of daily living, 
Mental health compared to one year ago, Physical health compared to 
one year ago, Health compared to others

Explanatory variables
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Examine heterogeneity
Results

Model fit 

Model P BIC Entropy
Class proportions

Class 1 Class 2

1 class 60 242334

2 classes 121 234750 .68 .66 .34

• Relative to a 1-class model (assuming no heterogeneity), improved model fit was obtained 
when 2 classes were specified.

• The sample is heterogeneous with respect to the original VR-12 measurement structure.
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Evaluate bias in physical health scores
Results

Difference in standardized 
factor scores of 1- and 2-class models:

10% >=.43 

10% <=-.55 

2
1

Classes

-3 -2 -1 0 1 2 3
Physical Health: 1-class model
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Evaluate bias in mental health scores
Results

Difference in standardized 
factor scores of 1- and 2-class models:

10% >=.31 

10% <=-.19 

2
1

Classes

-3 -2 -1 0 1 2 3
Mental Health: 1-class model
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Identify sources of heterogeneity
Results

0 0.5 1 1.5 2

Age 65-74 years (ref: < 65)
Age 75+ years (ref: < 65)

Marital status (ref: married)
Max education = HS/GED  (ref: <HS/GED)

Max education greater than HS/GED (ref: < HS/GED)
Race = Black or African American (ref: White)

Race = Other (ref: White)
History of cancer (ref: no)

History of high blood pressure (ref: no)
History of stroke (ref: no)
Fell in past year (ref: no)

Shortness of breath while walking (higher=less)
Interference from back pain (higher=less)

Urinary incontience (ref: no)
Difficulty reading (ref: no difficulty)

Difficulties with Activities of Daily Living (ref: no difficulties)
Depressed in past week (higher=less)

Mental health compared to 1 year ago (higher=better)
Physical health compared to 1 year ago (higher=better)

Health compared to others (higher=better)
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Conclusions

• Analyses were based on 2-class models. Further improvement may 
be obtained when specifying additional classes.

Limitations

• Models with more than 2 latent classes are being examined
• Different baseline measurement models are being compared
• Simulations studies are being conducted to evaluate the use of 

LVMMs for examining population heterogeneity

Ongoing research
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Use of LVMMs to identify invariant items

Sawatzky, R., Russell, L. B., Sajobi, T. T., Lix, L. M., 
Kopec, J., & Zumbo, B. D. (2018). The use of latent 
variable mixture models to identify invariant items in 
test construction [journal article]. Quality of Life 
Research, 27(7), 1745-1755. 
https://doi.org/10.1007/s11136-017-1680-8

https://doi.org/10.1007/s11136-017-1680-8
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Approach
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Sample

Methods

Measure
1,666 adults living in British Columbia, 
Canada. 

• Mean age = 56.7 years (SD=15.9) 

• 60.7% female 

• 28.3% treated for rheumatoid arthritis 

• 38.2% treated for osteoarthritis 

• 74.0% had another health condition 

• 24.0% reported “fair” or “poor” health 

Daily Activities item bank (39 items) of the 
CAT-5D-QOL (Kopec et al. 2006) 

Measures limitations and need for 
assistance in ability to perform usual 
activities, using 3-, 4- and 5-point Likert 
type response scales. 
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Results
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Conclusions

• 9 invariant items 

• Need for replication in 
other diverse populations 

• Other considerations 
pertaining to item content 
and construct validity need 
to be considered.

Item content (# response options)
• Difficulty preparing one’s own meals (5) 
• Difficulty grooming oneself (5) 
• Difficulty performing light household chores (5) 
• Difficulty bathing oneself without help (5) 
• Difficulty dressing and undressing oneself (5) 
• Need for help with getting around the house (5) 
• Ability to take care of oneself (3)
• Difficulty using the toilet (5)
• Need for help with using the toilet (5)
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Use of LVMMs to adjust scoring + selection 
of items in computerized adaptive tests

Sawatzky, R., Ratner, P. A., Kopec, J. A., Wu, A. D., & Zumbo, B. D. 
(2016). The accuracy of computerized adaptive testing in 
heterogeneous populations: A mixture item-response theory analysis. 
PLoS One, 11(3), e0150563. 
https://doi.org/10.1371/journal.pone.0150563

OBJECTIVES

• To examine the potential of using latent variable 
mixture models (LVMMs) to estimate 
heterogeneity-adjusted “mixture CAT” scores

• To compare mixture CAT and non-mixture CAT 
scores to true scores.

https://doi.org/10.1371/journal.pone.0150563


Conventional “nomothetic” health measurement CAT
‘one size fits all’

Health 
measurement 

questions
Healthcare

Homogeneous 
measurement model

Nomothetic 
measurementData

selection of questions based on 
answers to previous questions



Equitable people-centred health measurement CAT
‘one size does not fit all’

Health 
measurement 

questions

Integrated 
people-centred 

healthcare

Latent variable mixture 
model

Personalized 
scores

Mixed 
Data

Personalized selection and scoring 
of health-related questions

Individual 
differences



► The cumulative probability of an item response at or above category j  
      within a latent class can be computed as follows:  
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“Mixture” measurement model
‘one size does not fit all’


► The cumulative probability of an item response at or above category j 
      within a latent class can be computed as follows: 



.

► Each class has a unique set of parameters that are estimated simultaneously 
     in the latent variable mixture model:





, where f is the mixture of the class-specific distributions, 
                                             and is the mixing proportion.

► The cumulative probability of an item response at or above category j 
     within a latent class can be computed as follows: 



.

► The cumulative probability of an item response at or above category j 
      within a heterogeneous population is obtained by:



, where Xk is the posterior probability 
                                                                                           of an individual being in class k.
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“Mixture” measurement model
‘one size does not fit all’

PRO

Measurement items

“Latent 
classes”

Latent classes represent different 
ways in which people interpret and 
respond to questions

Health-related
Cultural
Psychological
Demographic

Heterogeneity



Methods
IRT mixture model simulation study based on item parameters obtained from real data.

Compare non-mixture and mixture CAT scores to true scores

Apply non-mixture and mixture CATs to the generated data 

Fit a one-class unidimensional IRT model to the generated data

Use LVMM to generate heterogeneous datasets

Fit a LVMM to original data



Fit a LVMM to original data

Item bank measuring pain or discomfort

• 36 items measuring the severity and frequency of pain or discomfort & the impact of 
pain on activities of daily living and leisure  

• One of the item banks of the CAT-5D-QOL (Kopec et al., 2006)

Sample 

• Adults from two rheumatology clinics (N = 340)
• Adults on a joint replacement surgery waiting list (N = 331) 
• Stratified random community sample (N = 995)

Statistical model

• A 2-class mixture of Samejima’s 2-parameter Graded Response Model (GRM)



Fit a LVMM to original data



Generate heterogeneous data

Fit a one-class IRT model to the generated data

100 datasets (of N=1,000 each) were generated using 
• Parameters based on the LVMM 
• Randomly sampled PRO scores (“true scores”) based on the distribution 

of LVMM-predicted scores

• 2-parameter GRM (ignores sample heterogeneity)
• Parameter estimates and predicted scores were saved.



Fit a one-class IRT model to the generated data

θ1
Latent 

variable

β1

αc,1

αc,i

βi

εi yi

ε1 y1

Items yi = 1 . . .i

β = slopes 
(a.k.a. discrimination parameters)

α = thresholds 
(a.k.a. difficulty parameters)



Apply and compare non-mixture and mixture CAT

β1

• Mixture CAT (based on LVMM parameters)
• Conventional CAT (based on 1-class GRM parameters)

Apply CAT to the 
generated data

• Standard error <= 0.20
• Maximum number of items: 10CAT stopping rules

• The items that were applied
• The CAT-predicted theta scores for each individual
• The CAT-predicted information for each individual

Saved data

• Comparison of mixture and non-mixture CAT scores to true 
scoresResults



RESULTS



Global fit of the LVMM model

• A relative improvement in model fit was obtained when 3 classes were specified.

• The sample is not homogeneous with respect to the pain item bank.

N = 1,662. P = number of model parameters. BIC = Bayesian Information Criterion. LL = log likelihood
1 Likelihood ratio of k and k-1 class models. Statistical significance was confirmed using a bootstrapped likelihood 
ratio test with simulated data. 2 Based on posterior probabilities.

Model P BIC LL ratio1 Entropy
Class proportions2

Class 1 Class 2 Class 3

1 class 177 87884

2 classes 354 86056 3141 0.86 0.59 0.41

3 classes 531 85654 1713 0.83 0.25 0.30 0.43



Description of latent classes

Notes. OR = odds ratio. N = 1,660 a Prevalence computed based on posterior-probability based multiple imputations using the Mplus software. Proportions of latent class 
membership are .27, 30 and .43 for classes 1, 2 and 3, respectively. b Odds ratios based on the multinomial logistic regression using pseudo-class draws. c For each 10-year 
(decade) increase in age.



Description of latent classes
Ignoring heterogeneity (based on 1-class GRM)

“True” pain 
scores

“True” pain 
scores
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Mixture CAT-predicted scores
Adjusting for heterogeneity (based on 3-class LVMM)

“True” pain scores “True” pain scores

CA
T 
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D
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re

90th percentile
10th percentile



Discussion

• People may not interpret and respond to questions about their 
health and quality of life in the same way.

• Unaccounted for heterogeneity could result in measurement 
biases that could negatively affect some people.

The challenge of population heterogeneity

• Need to account for individual differences in health measurement
• Person-centred, versus variable-centred, statistical methods offer 

a potential solution by using LVMMs to measure and analyze PROs

Further research



Current research on mixture-CAT

Health 
measurement 

questions

Integrated 
people-centred 

healthcare

Latent variable mixture 
model

Personalized 
scores

Mixed 
Data

Social determinants 
of health 

questionnaire

Personalized selection of questions

Individual 
differences

Clinical 
information

Methods for equitable people-centred health measurement



Current research on mixture-CAT
Methods for equitable people-centred health measurement

Develop

• Further develop mixture-CAT for measuring pain and emotional 
wellbeing by integrating SDOH and health-related predictors of 
measurement bias. 

Evaluate

• Evaluate mixture-CAT by comparing the predictive performance of 
PRO trajectories over 6 months across 4 modalities: 1) mixture-CAT, 
2) CAT, 3) fixed-form PROMs, and 4) single-item PROMs.

Implement

• Determine knowledge users’ perspectives about the use of mixture-
CAT results using an integrated knowledge translation approach 

Aim: To further develop and evaluate our equitable people-centred health 
measurement (EPHM) methodology that tailors PRO measurements by integrating 
information about SDOH in diverse populations into a “mixture-CAT”.



Mixture-CAT prototype
Demo

https://www.cambian.com/mixture-cat-demo/



THANK YOU!
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