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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. ldentify invariant PRO measurement items
3. Adjust scoring and selection of items in computerized adaptive tests
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Introduction

- |s 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?

Symptoms Symptoms

Social
Social




Measuring PROs in heterogeneous populations

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

Symptoms

Emotional
well-being

Social




Measuring PROs in heterogeneous populations

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




Measuring PROs in heterogeneous populations

There are many factors that may influence
how people interpret and respond to

guestions for measuring PROs

¢ Social determinants of health
e Health history

e Healthcare experiences

e Personality




Measuring PROs in diverse populations

lgnoring 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.
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Possible solutions

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




Investigating measurement bias

Measurement biases within PROMs have
been extensively investigated under the

headings of ‘Differential ltem Functioning’
and ‘Measurement Invariance’

MEASUREMENT INVARIANCE (M)

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)

PRO measurement items —

Other
variable(s) that
influence item
responses

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




Measurement invariance research

Previous research Moving forward

Focus on a prior identified sources of e Emphasis on intersectionality of

measurement biases individual differences within

e Socio-demographic differences: heterogeneous populations
age, sex, gender, education, language, e |dentify individual differences, and
culture, ethnicity, employment status, interactions among them, that are
socio-economic status not identified a priori

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

PRO measurement items —

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

Latent classes




Analytical approach

Using LVMMs to investigate measurement biases in heterogeneous populations

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

e Specify a latent variable mixture model (LVMM) by

Examine heterogeneity adding latent classes to the measurement model.

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

Assess measurement
bias

Explain sources of o |dentify individual differences that predict latent
heterogeneity class membership

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

e Describe individual differences associated with differential
interpretations and responses to PRO measurement items

e |dentify PRO measurement items that are most likely to be invariant
within heterogeneous populations

e Adjust PRO item selection and scoring in computerized adaptive
tests (CATs): introducing “mixture-CAT”




Explain heterogeneous responses to PRO
measurement items

Richard Sawatzky', Lara Russell?, Tolulope Sajobi3, Anne Gadermann?,
Juxin Liu®, Bruno Zumbo?, Lisa Lix®

"Trinity Western University & Centre for Health Evaluation and Outcome Sciences,
2Centre for Health Evaluation and Outcome Sciences, 3University of Calgary,
4University of British Columbia, °University of Saskatchewan, University of Manitoba




Sample e
Age
<65 14.9
65-74 51.0
75+ 34.0
Race
Random sample (N = 10,000) from the White 30.9
2012.-2014 cohort (n=296,320) of the US African American 12.0
Medicare Health Outcomes Survey
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




Analytical approach

Baseline measurement model

VR-12 Items Latent Factors

Health

PF: bathing and dressing yourself - Physical

RE: accomplish less

RE: worked less carefully Mental
enta

VR: energy Health

MH: calm and peaceful
MH: downhearted and blue
SF: interference with activities

MULTIDIMENSIONAL GRADED RESPONSE MODEL




Analytical approach

Examine heterogeneity using latent variable mixture models (LVMMs)

Discrimination + Items
difficulty parameters
vary across latent
classes that represent
heterogeneity in the
population.

ltems

MIXTURE OF THE GRADED RESPONSE MODEL

Physical
Health

Latent classes:
Sources of
heterogeneity

Mental
Health




Analytical approach

ldentify sources of heterogeneity

Explain latent class membership

e |Logistic regression using the 3-step approach in MPlus software

Explanatory variables

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

e 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
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Results

Examine heterogeneity

Model fit
Class proportions
Model P BIC Entropy
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

N
|
I

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

—_—

10% >=.43

10% <=-.55

Classes

° 1
X 2

Difference 1- and 2-class models

3 1 1 1 1 1
-3 2 -1 0 1 2 3

Physical Health: 1-class model
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Evaluate bias in mental health scores

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

10% >=.31

10% <=-.19

I I I I I

i

LN
o

2 N 0 1 2
Mental Health: 1-class model

Classes

° 1
X 2
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Results

ldentify sources of heterogeneity

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) - : O
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) - il
Interference from back pain (higher=less) - HEH
Urinary incontience (ref: no) - —
Difficulty reading (ref: no difficulty) - F—
Difficulties with Activities of Daily Living (ref: no difficulties) - #—
Depressed in past week (higher=less) - il
Mental health compared to 1 year ago (higher=better) - —
Physical health compared to 1 year ago (higher=better) - ——
Health compared to others (higher=better) - ——




Conclusions

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

Ongoing research

e Models with more than 2 latent classes are being examined
e Different baseline measurement models are being compared

e Simulations studies are being conducted to evaluate the use of
LVMMs for examining population heterogeneity
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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.orq/10.1007/s11136-017-1680-8

Qual Life Res (2018) 27:1745-1755
Hitps:fidoi org/10. 1007/ 11136-017- 16805
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Abstract

Purpose Patient-reported outcome measures (PROMs) are
frequently used in heterogeneous patient populations.
PROM scores may lead (o biased inferences when sources
of heterogeneity (e.g., gender, ethnicity, and social factors)
are ignored. Latent variable mixture models (LVMMs) can
be used to examine measurement invariance (MI) when
sources of heterogeneity in the population are not known a
priori. The goal of this article is to discuss the use of
LVMMs to identify invariant items within the context of
fest construction.

Methads The Draper-Lindely-de Finetti (DLD) framework
for the measurement of latent variables provides o theo-
retical context for the use of LVMMS to identify the most
invariant items in test construction. In an expository anal-
using 39 items measuring daily activitics, LVMMs

64 Richand Sawatrky
tick sawaizky@ twuca

School of Nursing, Trinity Western University, 7600 Glover
Rd. Langley, BC V2YIY1. Canada

Centre for Health Evaluation and Outcome Sciences.
Providence Health Care, Vancouver, BC, Canada

Health Sciences & O'Brien
University of Calgary, Calgary,

Department of Comm
Tnstitute for Public He:
AB, Canada.

Department of Community Health Sciences, University of
Manitoba, Winnipeg, MB, Canada
Sehool of Population und Public Health, University of British
Columbia, Vancouver, BC, Canada

Anthritis Research Canada, Vancouver, BC, Canada

Measurement, Evaluation & Research Methadology
Program, University of British Columbia, Vancouver, BC,
anada

were conducted to compare 1- and 2-class item response
theory madels (IRT). If the 2-class model had beter fit,
item-level logistic regression differential item functioning
(DIF) analyses were conducted 1o identify items that were
not invariant, These items were removed and LVMMSs and
DIF testing repeated until all remaining items showed MI.
Results The 39 items had an essentially unidimensional
measarement structure, However, a 1-class IRT model
resulted in many statistically signifieant bivariate residuals,
indicating suboptimal fit due to remaining local depen-
dence. A 2-class LVMM had better fit. Through subsequent
rounds of LVMMs and DIF testing. nine items were
identified as being most invariant.

Conclusions The DLD framework and the use of LVMMs
have significant potential for advancing theoretical devel-
opments and rescarch on item selection and the develop-
ment of PROMs for heterogencous populations.

Keywords Measurement invariance - Latent variable
mixture models - Test construction -+ Differential item
fanctioning

Introduction

Factor analysis and item response theory (IRT) methods
are estblished methods for item selection in test con-
struction for quality of life and patient-reported outcomes
measures (PROMs) [1]. These methods focus on the
dimensionality of a set of candidate items, where the goal
is 1o identify those items that conform o a hypothesized
and theoretically defensible dimensional structure, Mea-
surement invariance is anether imporiant psychometric
criterion that pertains to the equivalence of measurement
maodel parameters across different subgroups of people in
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Methods

Sample Measure

1,666 adults living in British Columbia, Daily Activities item bank (39 items) of the
Canada. CAT-5D-QOL (Kopec et al. 2006)
- Mean age = 56.7 years (SD=15.9) Measures limitations and need for
o assistance in ability to perform usual
+ 60.7% female activities, using 3-, 4- and 5-point Likert

- 28.3% treated for rheumatoid arthritis type response scales.

- 38.2% treated for osteoarthritis
- 74.0% had another health condition

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

W
LLl
—
al
>
<
>
Lil
Z
O
<
O
1
al
al
<




Results

1 Exploratory (EFA) and confirmatory (CFA) factor Essential uni-dimensionality was supported:
analyses or Item Response Theory (IRT) to
establish unidimensionality.

+ EFA: Ratio of 1st to 2nd eigenvalue was 16.
+ CFA: Acceptable fit of a unidimensional model
(RMSEA = 0.082 and the CFI = 0.986).
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Results




‘ Results



Conclusions

- 9invariant items ‘ Item content (# response options)

- Need for replication in
other diverse populations

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

- 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

OBJECTIVES GPLOS o

RESEARCH ARATICLE

- To examine the potential of using latent variable The Accuracy of Computerzed Adaptive

Testing in Heterogeneous Populations: A

mixture models (LVMMs) to estimate e oo st
heterogeneity-adjusted “mixture CAT” scores ® SE

- To compare mixture CAT and non-mixture CAT Sm——

) o018, 00 13 el e 01959 Background

S C O re S t O t r u e S C O re S [ adapiive testing (CAT) uliizes latent variable measurement model parame-
L] T ters that assumed fo b varn-
Pt Agih 2, 2016 able scores may b i i respect 10 a speciiedd
sample ity with respect
scores for pel
Crasthg Cor . Which g A i i gL i i
u iy " from aheterogenea iple of peopie in British Columbia, Canada, wha were adminis-
Sawatzky, R., Ratner, P. A., Kopeg, J. A., Wu, A. D., & Zumbo, B. D. e e AT 0 e e e
on 3COTES of the LVMM s predicied by a convantional” CAT (ignoring heteroge-
Pl dure” CAT i

(2016). The accuracy of computerized adaptive testing in
heterogeneous populations: A mixture item-response theory analysis.
PLoS One, 11(3), e0150563.
https://doi.orq/10.1371/journal.pone.0150563

was T
PRO scores and the PRO scores produced
Network by the: "CAT. The “mixture” CAT produced PRO scores that were nearly
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Conventional “nomothetic” health measurement CAT

‘one size fits all’

v
o °
A"
(I o 2 Homogeneous
O
\ LJ[H] ) measurement model
Health / \ \ -
measurement OmOthetic Healthcare
questions measurement
T selection of questions based on

answers to previous questions




Equitable people-centred health measurement CAT

‘one size does not fit all’

[IF ) s Latent variable mixture

Individual model
differences

/ Personalized Ty e
measurement

people-centred
scores
healthcare

guestions

T— Personalized selection and scoring

of health-related questions




“Mixture” measurement model

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

> =K|= ; l
Pl.jk (Y >j|6,C k) 1+exp(—T,-jk +/1ik9)

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

K
S(x)= Zﬂkfk(x)
k=1 , Where fis the mixture of the class-specific distributions,

T
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:

| exp(—T..k +ﬂ.k9)
> =k|= T T
B, (Y 2j10,C=k ) I+exp(=7;;, +4,0)

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

K
Bi(Y210)=3 (X, * B (V2]10)

, Where X is the posterior probability
of an individual being in class k.

‘one size does not fit all’

O
Latent
factor

Items y, 3 \

conditioned on latent class vanable C, k=1, . K.
——* Thresholds (7) for j — 1 response categortes per ttemn conditioned
on latent class variable O, k=1, . K
==+ Vanance of the latent factor (#) conditioned on latent class
vanable Cp, k=1, . K.




► 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’
Health-related
Cultural
Psychological
Demographic

Heterogeneity

v

“Latent
classes”

PRO

Latent classes represent different
ways in which people interpret and

Measurement items respond to questions




Methods

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

Fit a LVMM to original data

Use LVMM to generate heterogeneous datasets

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

Apply non-mixture and mixture CATs to the generated data

Compare non-mixture and mixture CAT scores to true scores




Fit a LVMM to original data

Item bank measuring pain or discomfort

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

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

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

Statistical model

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




Fit a LVMM to original data

Example items

Usual level of
pain/discomfort ] Y1 B K

Need for help in
dressing or bathing L Ttemsy,_, ; \
due to pain o

el,k
Latent
PRO

Interference with
social activities

Yi

.6
Latent

---=» Loadings (f) for items y,_; ; conditioned on classes

latent class variable X\, k=1, ..., K.
— = Thresholds (a) for ¢ — 1 response categories per item
conditioned on latent class variable X, k=1, ..., K.




Generate heterogeneous 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

Fit a one-class IRT model to the generated data

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




Fit a one-class IRT model to the generated data

€,
ltemsy;_,
B = slopes
(a.k.a. discrimination parameters) €

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

61
Y,
191
Latent
variable
Yi C,i




Apply and compare non-mixture and mixture CAT

Apply CAT to the
generated data

CAT stopping rules

Saved data

Results

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

e Standard error <=0.20
e Maximum number of items: 10

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

e Comparison of mixture and non-mixture CAT scores to true
scores




RESULTS




Global fit of the LVMM model

Class proportions?

Model P BIC LL ratio!  Entropy
Class1  Class 2 Class 3
1 class 177 87884
2 classes 354 86056 3141 0.86 0.59 0.41
3classes 531 85654 1713 0.83 0.25 0.30 0.43

N =1,662. P = number of model parameters. BIC = Bayesian Information Criterion. LL = log likelihood
! 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.

- 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.




Description of latent classes

Prevalence Multivariate logistic regression®
Variables Full Class Class Class OR (95% CI) OR (95% CI) OR (95% CI)
sample 1@ 2° 32 classes 1 versus classes 2 versus classes 2 versus
3 3 1
Sex (referent = male) 60.6 "63.3 63.2 57.1 1.1(0.8;1.4) 1.0(0.8;1.5) 1.1(0.8;1.4)
Age (mean (sd))° 57(15.9) 58.3 56.9 55.3 1.0(0.9;1.1) 0.9(0.8;1.0) 0.9(0.8;1.0)
(17.5) (16.0) (17.3)

Taking medications 77.9 85.8 84.2 67.9 1.8(1.2;2.7) 1.8(1.3;2.7) 1.0(0.6;1.7)
Hospitalized during past year 20.5 27.2 19.2 17.3 1.2(0.9;1.7) 0.8(0.6;1.2) 0.7(0.5;1.0)
Has rheumatoid arthritis 28.0 37.4 27.9 21.9 1.2(0.7;2.0) 1.4(0.9;2.3) 1.2(0.7;2.1)
Has osteoarthritis 36.6 40.7 45.5 27.9 1.5(1.0;2.0) 2.1(1.4;3.0) 1.4(1.0;2.1)
Has another health condition 77.3 81.1 83.6 70.6 1.3(0.9;1.8) 1.5(1.1;2.2) 1.2(0.8;1.9)
Self-reported health is fair or poor 24.0 32.7 27.0 16.5 1.6(1.1;2.3) 1.5(1.1;2.1) 0.9(0.7;1.3)
(referent = good, very good or excellent)
Sampling groups

Community-dwelling (referent) 59.8 48.7 55.8 67.5 1.0 1.0 1.0

Rheumatology clinic sample 20.4 29.7 16.7 15.7 1.4(0.8;2.5) 0.6(0.3;1.0) 0.4(0.2;0.7)

Awaiting joint replacement surgery 19.8 21.6 24.5 16.8 0.9(0.6;1.5) 0.8(0.5;1.2) 0.8(0.5;1.4)

sample

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. ¢ For each 10-year

(decade) increase in age.




Description of latent classes
lgnoring heterogeneity (based on 1-class GRM)
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Mixture CAT-predicted scores
Adjusting for heterogeneity (based on 3-class LVMM)
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Discussion

The challenge of population heterogeneity

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

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

Further research

e 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




Current research on mixture-CAT

Methods for equitable people-centred health measurement
Clinical
information

Social determinants \ '
of health o L
guestionnaire c:][n}[l 0o
— . .
o O ,l 5 Latent variable mixture
[IF . model
©® \ [IJ Individual
© differences

Health Personalized Integrated
measurement ccores people-centred
guestions healthcare

T— Personalized selection of questions




Current research on mixture-CAT

Methods for equitable people-centred health measurement

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”.

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

e 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 PROM:s.

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




Mixture-CAT prototype

<L Cambian
C Quicklaunch

Mixture CAT Demo

Instructions
This questionnaire consists of questions from the PAIN and DISCOMFORT domain of the CAT-5D-QOL Health Questionnaire plus some

adaltional questions for determining latent class membership.

Latent class membership questions will be presented first followed by CAT items. Please select a response for each question presented.

There are no right or wrong answers.
Continue »

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




THANK YOU!
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