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Topics 3 & 5

[3] Measurement to be presented in Unit 2

= Quantitative research typically involves measurement.

= Challenge of measuring unobservable (so-called /atent)
variables

= |Levels of measurement in the social sciences (according to S.S.
Stevens’ notion of measurement)

= Quality criteria of measurement (reliability and validity)
[5] Scaling and Index Construction to be presented in Unit 3
= Selected methods of scaling and index construction

* Thurstone scaling

= Likert scaling (additional literature by Likert)

" Guttman scaling Topic 4

(Book chapter 4)

[4] Survey Research

= Very widely used method of data collection in the social
sciences

* Principles of good survey research

= Types of surveys, how to select a survey method, how to
construct a survey, what kind of questions are appropriate, how
should they be phrased, how should a response scale look like,
what are the pros and cons of survey research




Measurement

What is considered
real

Epistemology
Theory of
knowledge
Route to knowledge Definition of
What we can learn measurement
beyond observation
with our senses

Ontology

Nature of existence

Methodology

Practice of acquiring
knowledge Different methods
Application of have different
methods relationship with
ontology

Different methods
imply/represent
different
epistemological
approaches




Definition of measurement

Prevalent definition of measurement in the social sciences

SCIENCE

Vol. 103, No. 2684 Friday, June 7, 1946

On the Theory of Scales of Measurement

S. S. Stevens
Director, Psycho-Acoustic Laboratory, Harvard University

A CLASSIFICATION OF SCALES OF MEASUREMENT

Paraphrasing N. R. Campbell (Final Report, p
340), we may say that measurement, in the broadest
sense, is defined as the assignment of numerals to ob-
5.S. Stevens jects or events aecording to rules. The faet that

numerals can be assigned under different rules leads
to different kinds of seales and diferent kinds of
measurement. The problem then becomes that of
making explicit (a) the various rules for the assign-
ment of numerals, (b) the mathematical properties  Scale levels

0.677 | (or group structure). of the re:-sultmg scales, and (¢) Permissible
the statistical operations applicable to measurements
made with each type of seale.

Measurement
by assighment

statistics
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[3] Measurement

Spearman, C. (1904). The proof and
measurement of association between two things.
Am J Psychol 15: 72—101 [reprinted 1961 and 1987:

Spearman, C. (1987).

The proof and measurement

of association between
two things. The American

psychology,

Prediction, The American
ThurStone L. L. (1934) The Soldier, Vol. IV, New\m
vectors of mind. Psychological Thurstone, L. L. (1947). ;..
review, 41(1), 1. Multiple-factor analysis; a
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the Social Sciences. By The Vectors of Mind. University

Truman L. Kelley and of Chicago Press. _
A. C. Krey. (Charles X Lord, F. M., & Novick, M. R. (1968).

Scribner’s Sons, New Statistical thgories of men_tal test
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Likert, R. (1932). A technique for the measurement

of attitudes. Archives of psychology([5] Scaliry

Thurstone, L. L. (1929).757 Scaling
Fechner's law and the method

of equal appearing intervals.

Journal of Experimental

Psychology, 12(3), 214. -

Thurstone, L. L. (1929). Theory of
attitude measurement.
Psychological review, 36(3), 222.

Andrich, D. (1989). A probabilistic IRT model for
unfolding preference data. Applied
Psychological Measurement, 13(2), 193-216.

SOME MILESTONES OF SOCIAL MEASUREMENST



16(1), 64-73.

Seminal Papers in Marketing:
Churchill (1979), Peter (1979)

Measure and Construct Validity Studies

GILBERT A. CHURCHILL, JR.*
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A Paradigm for Developing Better Measures
of Marketing Constructs

In 38 artscle in the Apeil 1978 issue of the Jownal
of Marketing, Jacoby placed much of the blame for
e poor gulity of some of the markeung lcrature
00 the measures marketers use 1o assess their varishles
of interest (p. 91)

Moce ssapelymg Ban the sheet tarber of cur measures
" 1he ease with which ey arc proposcd and the
ancnitical marace m which they arc acceoted In raseat

Burleigh Gardaer, President of Social Research,
lac., makes a similar poist with respect 1o attitude
measRICIEnl in a recent issoc of the Markeieg News
(May 5, 1978, p. 1)

Teday the social scientists are enamored of numbers
sral counting - Rarely Jo hey stop and sk, “What
hcs bebind the rumberst™

Churchill Ir, G. A. (1979). A paradigm for “*

developing better measures of marketing _
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signaficant or that the ultimate in statistcal aalytical
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*Cidben A Charchil s Professcs of Marbeting. Usivemity of
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soa, Shely Mond, Joba Novin. and Michacl Rodachid hosgh
or coeurmes oo 0 drafl of Jus article sre gratefuldy shnoebedged,
3 e the may Belplud cosesents of the AnW Y Emaat (0N MwTTY

The AMA peblications policy stwcy “No k) will be
petiadod o the Awwas! of Meristng Reseasch writsen By the Eabiee
o e Vice Presidont of Pobboations. " The nchessos of thin article
was approved by the Bourd of Direcsors bocanse (1) o article
Wik babaniied before 1 2ether suol wver as Bdinor, (1) the sathad
Played ro pan in s seview, snd (5) Mchadd Ray, who sapervined
e roviewiag procen foe the special see. Larmally teqesired
b M alhread (o0 bk 1

instrument geserated invalid data st the outsat 7" (1978,
p. 90).

What acoomsats for this gap between the obvicus
need for betier measures aad the lick of such mea-
sures? The basic thesis of this article is that altdough
the desire may be there, the know-Bow is not, The
siluation in marketing seems 10 parallel the dilemma

which peychologists faced moce than 20 yOars ago,
whea Tryon (1937, p. 229) wrote:

I an investigator shoudd mvent & new paychological
tost and thes wm 10 any recest scholarly work for

Moavas! of Morkerimg Reseaech
Vel XVI (Feboaary 1979), 64.73

Reliability Studies

—

J. PAUL PETER"
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Reliability: A Review of Psychometric Basics
and Recent Marketing Practices

Valid measurement is the xine Qua mon Of sCrnce.
In a peneral sense, validity refers to the degree to
whach imstrements trualy measure the coastructs which
ey arc intended to measure. If the measures used
in & dicipline bave not Been demonstrated 1o dave
ahigh degree of validity, that dscipline s 1ot a scence

A pecessary (bat not sufTickent) condition for validity
of measures is that 1hou see saliable Bl bibe. ...

measures is the adoption-diffusion Bterature. Rysa
and Bonfichd (1975, p. 22) criticize the common use
of sirgle-item scakes and lack of concern with reliability
in the attitude-behavioral latention Becratere, asd
Kassarjian (1971, p. 415) points ost that too oftes
rescarchers are disinterestod in reliaddlity (and validity)
critera in the stwfy of personality. The probdem is

Peter, J. P. (1979). Reliability: A review of

psychometric basics and recent marketing

practices. Journal of marketing research,

1 6 1 6_ 1 kivess the reliabedity

) *neasures (Heeler and
RAY. iYL PO 1O CXAmMPIE, 18 Consummer bedavior,
which is traditicaally viewed as a marketing area,
Jacoby (1976, p. 6) reports that in the catire X0-item
brand loyalty literatere only one study has presented
a measure of test-retest relability for that comstruct.
Rogers (1976, p. 299) states that there is 3 bck of
evidence of the acsuracy and sabiley over time of

*). Pusl Peser 8 Anscciate Prodiessor of Masketing. Woshengion
Useversiy. The sudm gratef(ully winrnlndges the maty swfd
s " dad by he reviemens
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ate (lessen) e corrclation between meaveres. Thus,
if reliatdity is not assessed and the correhation between
measures of two constredts is low, marketisg re-
scarchers have no way of knowing whether there is
simply little relationship between the two constrocts
or whether the meassres are unreliable

The purpose of this article is 1o provide a resource
for marketing researchers interested ia waderstandi
reliabslity theory and asscacing the rolability of their
measures. The first section is a discussion of traditional
reliakelity theory and measurement. Though much of
the psychomeiric literature has been concersed with
amalyzing appropriate assumplion strectures, (ormu-
las, 3ad methods foe asscssing relability, the focus
here i on discussing basic coacepts and evaluating

Aowrnil of Markevig Kereasih
Vol. XV (Febtuary 1979, 6-17



o,
CTT = True Score Theory -

The Theory of Measurement

KEYTERMS

cccccccc tvalidity mono-method bias
construct validity mono-operation bias
content validity operationalization
convergent validity pattern matching
criterion-related validity predictive validity
Cronbach’s alpha reliability
discriminant validity standard deviation
external validity translation validil—
face validity true score theory
hypothesis validity

e CTT: true score T, observed score X, error score E

— X, =T, +E, (at the total score level for person v)
— No latent variable explicitly accounted for

* Apply logic of CTT at the item level but introduce a latent variable
— Xy =T+ AT F e,
(item i; latent variable/factor F) — latent variable theory



Factor analytic model /
Reflective indicator model / Scaling

* Indicators (=manifest variables) reflect the latent variable (e.g., satisfaction)
e The latent variable causes the manifest scores
e Manifest scores need to be correlated

— Item-intercorrelations allow for inferring latent variable score (factor analysis)

* Series of regression analyses (each item regressed on latent variable)

Satisfaction Satisfaction Satisfaction
latent is inf d

becomes is inferre

manifest S N from its

in its indicators

indicators

« = LFE 4o I manifest (observab

—

@@@ét

e. error score (residual)




Scaling (example)

Homburg, C., Schwemmle, M., & Kuehnl, C. (2015). New product design: Concept, measurement, and
consequences. Journal of Marketing, 79(3), 41-56.

The product is visually striking. (A3) .84*

Multidimensional construct

The product is good looking. (A4) Aesthetics @ |€—--—--

i.e. three interrelated
unidimensional domains

The product looks appealing. (A7)

.64*

The product is likely to perform well, go*
(F3) :

The product seems to be capable of

doing its job. (F4) 52"

Functionality

The product seems to be functional.
(F5)

The product would help me in
establishing a distinctive image. (54)

The product would be helpful to
distinguish myself from the mass. (S5)

Likert, R. (1932). A technique for the measurement
of attitudes. Archives of psychology. [5] Scaling

The product would accurately
symbalize my achievements. (S6)

IS N A S S S A




Formative indicators / Index formation

* Indicators (=manifest variables) form (constitute, define) the ‘latent’ variable
 The manifest scores cause the ‘latent’ variable
 Manifest scores are not required to be correlated (and in fact, should not be)

— Item-intercorrelations cannot be explained by latent latent variable score

 One multiple regression analysis (latent variable regressed on all items)

e Alternative to scale development (to be discussed)
[1] Theoretical Foundations

manifest

Indicators have

causal effect on the

latent variable B A
Satisfaction

[5] Scaling and|Index Construction 10

latent




Measurement of latent construct

Is the nature of
inference compatible
with the ontological

claim?
Epistemology Ontology
We can infer latent Latent construct is
variables from real, exists
observable scores independently of its
on manifest items measurement

Methodology

Measurement

theory/model
Is the model : v/ Is the measurement
. . links observed
compatible with the theory/model
scores and latent ..
fundamental sensitive to the
. . scores .
epistemological (=measurements) ontological
approach? claim/hypothesis?

11



Measurement
epistemology, ontology
and methodology

The concept/construct
Unobservable but real
(fallible hypothesis)

‘ Latent variable(s)
O Represent the latent

construct

Ontology

Relationsh

Epistemology

critical realism

The belief that there is an external reality
independent of a person’s thinking (real-
ism) but that we can never know that real-
ity with perfect accuracy (critical).

Observable (operationalisation
of the latent variable)

ip?

ltems (manifest variables)
(questions or statements
with response scale)

Iltems form a scale

Measurement

theory,

measurement

model

Methodology

(or multiple scales in case of
multidimensional constructs)

12



Respondents
Literature (qual. interviews,
focus groups) (scale)

Instrument

Other sources
(a theory?)

Conceptual theory of

Data, scores
the construct

>

% “Translation” (Trochim)

5 Operationalization Fit with

|3 IEWIE External validity

= Face validity measurement (convergent,

O Instrument model discriminant,

Internal construct criterion-related)

(scale) validity

Other evidence Standard error of
(known-group val., measurement

invariance, etc.) (uncertainty)

Construct validity



Conceptual theory of

the construct

Quantitative
theory

Hierarchical

Qualitative theory theory (order)

Measurement mechanism

14



Scaling and indexes

SCIENCE

Vol. 103, No. 2684 Friday, June 7, 1946

On the Theory of Scales .of Measurement

S. 8. Stevens
Director, Psycho-Acoustic Laboratory, Harvard University

Stevens’ measurement by assigning numerals allows for
various, and very different, attempts at measurement

— Scaling: reflective indicator model, common cause (latent
factor/variable) explains observed responses (correlations)

— Index formation: formative indicator model, set of indicators (items)
define/form/create a (purportedly) latent variable

Beware: some scales are called an Index, and some indices are
called scales ..., others are called inventories ...

Sometimes it is just semantics, sometimes is misspecification



Scaling (CTT) — e.q. Likert Scaling

CTT: X=T + E (observed score = true score + error score)
T = E(X)
Adding up all item scores to get the test score X (Likert)
— CTT does not explain how measurement is achieved
— No latent variable referred to in the equation above
— Error distribution theory (reliability=r?;)

e Different CTT models* (k items; i subjects):
Parallel: X;; = T; + E;

Tau-Equivalent: X = 1; 4+ Ej
Essentially Tau-Equivalent: X;; = (ag + T;) + Ei

o ‘ . Cronbach’s o is only a lower
Congeneric: Xjx = [ox + Pr(1i)] + Eik  bound estimate of reliability!

* Birney, D. P,, Beckmann, J. F.,, Beckmann, N., & Stemler, S. E. (2022). Sophisticated Statistics Cannot Compensate for 16
Method Effects If Quantifiable Structure Is Compromised. Frontiers in psychology., 13(812963).



Scaling (CTT) — Congeneric model

CTT: X=T + E (observed score = true score + error score)
T=E(X) Xix = [k + Bi(T)] + Ei
CTT at the item level (item i, person v): x,, =T, + A, * F, + e,
— Congeneric model, factor analytic model

— Maximum adaptation of model to the data
fitting the model to the data (statistical approach)

— Latent variable F, which is the common cause for item
responses

— Reflective indicator model (item responses reflect/are caused
by the latent variable), “scale”

— A, can be estimated, test of fit (confirmatory factor analysis)

Vv



Scaling (CTT)

CTT at the item level (item i, person v): x., A *F +e,

The product is visually striking. (A3) .84

The product is good looking. (A4)

The product looks appealing. (A7)

64"

The product is likely to perform well.
(F3)

The product seems to be capable of
doing its job. (F4)

The product seems to be functional.

(F5)

The product would help me in
establishing a distinctive image. (S4)

The product would be helpful to
distinguish myself from the mass. (S5)

The product would accurately
symbolize my achievements. (S8)

T S S A S S S A

Homburg, C., Schwemmle, M., & Kuehnl, C. (2015). New product design: Concept, measurement, and
consequences. Journal of Marketing, 79(3), 41-56. 18



Average variance extracted: AVE _ yoiic = 79 AVEq cional = 86; AVE, . = 83,

Homburg, C., Schwemmle, M., & Kuehnl, C. (2015). New product design: Concept,
measurement, and consequences. Journal of Marketing, 79(3), 41-56.

The product is visually striking. (A3)

The product is good looking. (A4)

The product looks appealing. (A7)

The product is likely to perform well,
(F3)

A A

The product seems to be capable of

The product would help me in
establishing a distinctive image. (54)

The product would be helpful to 92*
distinguish myself from the mass. (55)

a1

The product would accurately -

symbolize my achievements. (S6)

Symbolism

<--

The product is visually striking. (A3)

The product is good looking. (A4)

The product looks appealing. (A7)

| 52°

The product is likely to perform well,
(F3)

The product seems to be capable of
doing its job. (F4)

The product seems to be functional.

(F5) 19




Homburg, C., Schwemmle, M., & Kuehnl, C. (2015). New product design: Concept,
measurement, and consequences. Journal of Marketing, 79(3), 41-56.

]
]
TABLE 3
items, Means, and Standard Deviations (Study 1) 2 26
Iltem No. The product... M SD
A3 ...is visually striking 2.26 1.13 2 : 08
A4 ...is good looking 2.08 1.07
A7 ...looks appealing 2.10 1.07
F3 ...is likely to perform well 1.86 .88 2 1 O
F4 ...seems to be capable of doing its job 1.76 85 .
Fh ...seems to be functional 1.78 .86
5S4 ...would help me in establishing a distinctive image 3.34 1.29 1 EE
55 ...would be helpful to distinguish myself fr:l':vm the mass 3.34 1.30 a
S6 ...would accurately symbolize or express my achievements 3.35 1.29
Motes: All items assessed on a five-point scale (1 = “strongly agree,” and 5 = "sfrongly disagree”). Only items included in the final scale are 1 ?E
reported. For items F3-5 and S4-6, the questionnaire indicated to the respondent to judge the product “only from looking at it.” lem a

numbers are consistent with Web Appendix W8.

1.78
3.34

3.34
3.35

20



Conceptual theory of

the construct

Quantitative
theory

Hierarchical

Qualitative theory theory (order)

Measurement mechanism

21
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Another branch of measurement (Trochim)

Index: Formative indicator model (items define the
latent variable): n, = y;*x;, +v,*X;, + ... +7,* X, A BETTER MEASURE

— pure operationalism (social constructivism) JOB TITLE

— no need for item intercorrelations (multicollinearity!) AT SALARY

—v cannot be estimated (unless there are also reflective
indicators available [MIMIC model] or further
dependent latent variables with reflective indicators; R
but see also Partial Least Squares [PLS]) HEALTH LR AT

— measurement error?

FREE TIME

Measurement of a latent variable from a realist perspective
— Ontological claim: latent variable exists as a quantitative

property independent of our measurement pennyBorstoom
Index/formative model: latent variable is defined by the indicators Measysin
Any such definition creates a “latent” variable - eas_.“"“g
. . . the Mind
— No latent variable from a realist perspective
Incompatible with the idea of a latent variable (Borsboom, 2005) %:ﬁi;':ﬁ‘é

— Index as a summary of measurements (useful for some purpose)




Formative Model:
Theoretical foundation

Strict operationalism (concept measured is defined in terms of how we
measure it)

The origins of the formative perspective can be traced
back to the “operational definition” model. Under strict
operationalism. “a concept becomes its measure and has no
meaning beyond that measure.... [T]he entire meaning of a
theoretical concept is assigned to its measurement and any
theoretical concept has one and only one measurement”
(Bagozzi 1982, p. 15). Thus, if 1 represents the concept (i.e.,
latent variable) in question and x 1s an empirical measure
(i.e., observed or manifest variable), then

(1) n=x.

— Diamantopoulos, A., & Winklhofer, H. M. (2001). Index construction with formative indicators:
An alternative to scale development. Journal of marketing research, 38(2), 269-277.

— 1960s/1970s: Single-ltem-Measurement
— Revival? Rossiter’s C-OAR-SE approach (2001)

23



Formative Model:
Theoretical foundation

* Construct defined by its measurements
(so, manifest item scores are measurements;
the concept nis a summary of observables)

A more contemporary view, which allows the possibility
of multiple measures, x;, (1 = 1, 2, ..., n), suggests that “a
concept is assumed to be defined by, or to be a function of,
its measurements” (Bagozzi and Fornell 1982, p. 34).

24
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Formative Model:
Theoretical foundation

According to this latter definition, a formative specification
implies the following relationship:

(2) N=%%X +7aX2 + ... +YXp,

where ¥; 1s a parameter reflecting the contribution of x; to the
latent variable 1.

Another formative specification (shown in Figure 1 for
n = 3) is provided by Bollen and Lennox (1991, p. 306):

(3) N =Y1X| + YaXp + ~--+?n1n@



Formative Model

* Landmark article by Diamantopoulos & Winklhofer (2001)
* Scale development (reflective indicators)

e Alternative: index construction
— ltems as formative indicators
— Indicators have causal effect on latent variable (reversed causality)

manifest

Indicators have
causal effect on the
oS\, Y

latent variable

Latent (?)

26



Estimation of Formative Model:
MIMIC-Model

* MIMIC: Multiple Indicators Multiple Causes

— Combination of (reflective) indicators (y) and (formative) “causes” (x)

— Fit of whole model evidence of

€, €,
validity of y-coefficients ‘L ‘L
— MIMIC-Model solves problem of Y Y2
identification and contributes to . ,
validation | ’ g
/
V Ya Ys
X X3

27
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Estimation of Formative Model:

Identification via Consequential Constructs

Alternative to MIMIC-Modell

Dependent construct(s), measured by reflective indicators

— Two-indicator rule
— Theoretical justification of relationship

G2
A2y ¥i
?“2




Key question

e Do indexes measure a latent variable?
— Realism?
— Ontological claim?

* Indexes summarize multiple variables, or combine them into
one composite variable

— If this is what you want to achieve, then indexes are fine.

* Transition from latent variable to composite index variable can be fuzzy




Key differences between an index (formative “measure”)
and a scale (“reflective measure”)

Index

Scale

» Reflective indicator model: items * Formative indicator model:
_ are causally impacted by a latent items causally impact a @
ariable variable that is supposed to exist summary variable that does
independently of the items not exist as such without

(critical realism) forming the index
Caveat: measurement (constructivism)

j model/theory may not be very * Combining components does

sensitive towards ontological not require components to be

claim
correlated

* |tems must be correlated ..
* Purpose: Summarizing

measurements (index
presupposes measurements)

* Combining domains into one
overarching summary variable
requires domains to be
reasonably correlated; summary
variable/second order factor
accounts for these correlations

* Purpose: measurement

30



Key differences between an index (formative “measure”)
and a scale (“reflective measure”)

Index

Scale

* Ultimate criterion: validity

* Index is essentially a
rule of how to combine

/’/‘i » Attempt can fail (either latent measurements

‘ I\“ variable does not exist/is not e Itis “correct” by
/ quantitative, scale items are definition
unsuitable, or context of * |t may or may not be

useful for some purpose

* Problem of measurement (c
level of the components) can be
evaded

* Relationship (i.e. impact
of item on summary variable) can

measurement is unsuitable)

* Relationship of latent variable
and item empirically estimated be defined arbitrarily

(should, in principle, be  Empirical estimation of path

invariant — objective) coefficients (from item to index
variable) only possible for a given
purpose (maximizing prediction
or relationship between two

indices in Partial least squares,
PLS)

31



Key differences between an index (formative “measure”)
and a scale (“reflective measure”)

Index

Scale

« Scale may not contribute to * Index can fail to predict what

solving a research problem it was supposed to predict
e Scale may be of limited use * Index can be misleading

(e.g., applicable only in a given (when issued as a

context of use) measurement instrument)

* Index can be
accidentally or
deliberately
deceptive

32



Misleading index

Crime statistics Austria

e Number of convicted criminals went down
* Index can be

accidentally or
deliberately
deceptive

* While size of population increased
* Good news?!

70.000
9.177.915

65.000 /
o Population T

55.000
50.000
8.042.293 45.691 /

45.000

40.000 38.763

35.000

30.000

25.000

20000 = = N N H H S S| S| | =E = =

id Of COnV

icti
tions 27.717

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024

demalnsiitut

33 #Demokratie flir alle  https://www.dema-institut.at/oesterreich-zaehlt-zu-den-sichersten-laendern-der-welt/



Misleading index

Crime statistics Austria

Since 2018, the number of suspects increased
* So, more crimes, fewer convictions?

Suggests lower rate of cases solved

Do we have a problem?
100,0

90,0
80,0
70,0

60,0 52,5 52,5 542 993 55 5 523529

50,1

e 43,4 42,6 43,1 43,1 44,0 2
40,8 35 5 3¢ 1 30,6 38,0 30,4 353 39,9 414 __ ) )
400  —

30,0
20,0
10,0

0,0
200220032004 200520062007 20082009201020112012201320142015201620172018201920202021 202220232024
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Misleading index

Index

Crime statistics Austria
* Do we have a problem? 4

* Not necessarily for the number of suspects is, did
since 2018, an index formed by: /" WITH

— Identified suspects CAUTION
— Number of criminal acts — repeated offenses count multiple times

— Number of different crimes committed (at the same time) — one act
may contribute multiple times to the index

— Number of victims — serial burglaries (cars, basements) count
multiple times

* Number of conviction cannot even come close to number of suspects as
defined above

* In Vienna, only three offenders account for 9% of the suspects; three
juvenile offenders even account for 32% of all young suspects

demalhsiitut
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PLS — Partial Least Squares

A miracle of measurement or
accidental constructivism? How
PLS subverts the realist search

for truth

John W, Cadogan
School of Bustness and Economics, Loughborough University, Loughborough, UK and
School of Bustness and Management, LUT Usiversity, Finland and Busiess School,
University of Eastern Finland, Kuopio, Finland, and

Nick Lee
Warwick Business School, Warwick University, Coventry, UK

Abstract

Purpose — Thisstudy aims to determine whether partial least squares path modeling (PLS) is fit for purpose
for scholars holding scientific realist views,

Designfmethodology/approach — The authors present the philosophical foundations of scientific
realism and constroctiviam and examine the extent to which PLS aligns with them.,

Findings — PLS does not align with scientific realism but aligns well with constructivism,

Research limitations/implications — Research is nesded to assess PLS's fit with instrumentalism and
pragmatism.

Practical implications — PLS has no utility as a realist scentific tool but may be of interest to
oonstructivists.

Originality/value — To the best of the authors” knowledge this study is the first to assess PLSs
alignments and mismatches with constructivist and scientific realist perspectives.

Keywords Composites, PLS partial least squares, Structural equation models, Antirealism, instrue
mentalism, and pragmatism, Unobservable conceptual variables, Latent variables, Theory, Scentific
realism, Constructivism, Causality, Truth and facts

Paper type Research paper

This paper examines partial least squares path modeling (PLS) for its alignments with two
ontological stances: scientific realism [1] and constructivism [2]. Realism and constructivism
are at odds with each other, built on fundamentally diverging beliefs about the nature of
knowledge and how it is generated and justified. This conflict is seen clearly when one looks
at the “science wars,” which began in the early 1980k, and are the disagreements between
constructivists, who argue that it makes little sense to claim that there is objective truth,
since all facts are constructed by humans, not discovered (Collin, 2017), and scientific
realists, the self-styled “defenders of the ‘objective truth’' derived from scientific
investigation[. . .][and] of rationality and realism” (Linker, 2001, p. 59).

Thanks to the two anonymous reviewers for ther insights, and to Mikko Rinkkd and Cameron Melntosh

for commenting on an early version of the manusaipt.
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PLS subverts the realist search
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» First, in iteration # = 0, PLS creates X,, a composite [5] of ¢l, @2 and 23 using unit
weights.

Xo=al +a2 +a3 (1)

Similarly, PLS creates Y, a composite of f1, /2 and /3 using unit weights.

e Initeration n = 1, PLS calculates the relationships between al, @2, a3 and Y, [6],
either using correlations (called Mode A) or using regression coefficients (called
Mode B). These relationships become the weights that are used to create a new X
variable (X;). For instance, if the relationship between al and Y 1s 0.90, between @2
and Yg1s 0.20 and between @3 and Y 1s 0.01, X 1s calculated as:

X1 = 090%e1 + 0.20%a2 + 0.01%a3 (3)

Smularly, PLS calculates the relationships between f1, /2, 13 and X; and these relationships
become the weights that are used to create a new Y variable (Y,). For instance, if the relationship
between f1 and X, 1s 0.80, between /2 and X, 1s 0.15 and between /3 and X,,1s 0.02, Y, 18 calculated
as:

¥7.=0.80%F1 4-0.15%2 4 0.02%3 (4)
39
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PLS then examines the change in the scores produced by the new and old X (A,X)
and the new and old Y (A,Y) and asks “do the new X and Y variables have the same
empirical meanings as the old X and Y scores?”

If the answer is no, PLS goes through a second iteration (n = 2). It calculates the
relationships between al, a2, a3 and Y, and creates a new X variable (X2) using the
new relationships between the as and Y, as weighting values. Likewise, 1t calculates
the relationships between f1, /2, /3 and X, and creates a new Y variable (Y») using
the new relationships between the fs and X; as weighting values.

The process of repeating iterations continues until the empirical meanings of
the new versions of X and Y do not change from iteration n-1 to iteration n. At
this stage, the final empirical meanings of X and Y are Xn and Yn,
respectively.

Realist search
for truth
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Elements in Measurement I: CTT

latent variable
»  (measurand in

continuous metrology)
unobserved
O @@ > In CTT, discrete item scores correspond to points on the
] latent continuum (but having errors,
discrete g o ® ® -® | ( g
observed i.e. error = true score — observed score).
00000 Analysis is about item co-variation.

Maximum co-variation with identical means.
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Elements in Measurement Il: Index

< : » |atent variable?
continuous

unobserved

< -
-0 0 O @- In index formation, discrete item scores correspond to
' < > oints on different latent continua (error?),
discrete 90 @ © @ p . ( ) |
observed « or they are essentially equated to latent variables (error-free).

>
0000 Analysis is about usefulness in a given context.
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Elements in Measurement Ill; IRT/RMT

(Item response theory; Rasch measurement theory)

latent variable
(measurand in
metrology)

tinuous
unobserved

@ @-@- In IRT/Rasch*, item scores are observable consequences of the
discrete 00000 Iaten-t variable. An- item score rgfers toa range on the latent
observed continuum for which the score is the most likely score
0000 (for a Guttman scale there would be deterministic certainty).
Analysis is about expected structure in the data.
ltems should not have identical means, as the items represent
different levels of the construct.

* From a Rasch point of view, the Rasch model is not an IRT model, from an IRT perspective, it is. .



Conceptual theory of

the construct

Quantitative
theory

Hierarchical
theory (order)

Qualitative theory

Measurement mechanism
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Guttman model

e Two dichotomous items A and B

— Yes/mastered/agreed 1
— No/failed/disagreed O

ltem A ltem B

— [tem B harder than item A

ltem A-0 Person < A [Guttman error]

ltem A-1 A < Person < B B < Person

45



Guttman scaling

Theory-based hierarchy of items

(from “easy” to “difficult”)

e Each item requires a particular level
of the latent variable to agree

* A positive response to a given item
implies a positive response to all easier items
(cumulative, deterministic)

* (The rating of items suggested by Trochim is no
part of traditional Guttman scaling but could,

in principle, be used to define the item hierarchy)
less more

Guttman patterns:

NNNN-—->OYNNN->LYYNN—>2YYYN—>3YYYY >4

Sum score is informative!

But there is no way to determine the distance between successive integer sum scores

When sorled by row and column, it will show

Hence, ordinal scale only wheter el 3 cumive s

Flnpunﬂﬂ| tem2 [Mem7 Item5 Item3 Hem8& [ltem..

all other patterns are so-called Guttman errors .
e.g2, NYNN—->(1); NNNY — (1) s
In practice, approx. 15% Guttman errors are tolerated 2

¥ b Y Y i

I <= <= < < <= < < < =<
I < < < < < < <




Thurstone: Paired comparison

e Two dichotomous items A and B

— [tem B harder than item A temA  ItemB
— Which item is harder (has more of the property)?

— In a Guttman scale, every person would say item
B; except for some “Guttman errors”

— However, the closer items A and B are located to
each other, the more likely “errors” occur

— Thurstone: errors allow for estimation of distance
between items A and B based on normally
distributed perception errors



Thurstone: Paired comparison

Thurstone: errors allow for estimation of distance between items A and B

— 70 persons perceive item A< item B
— 30 persons perceive item A > item B
Z3O%='O.524

0,4

30%

0

/“

7/

0.524: distance between A and B

0%

-3 -25-2-15-1-05005 1 15 2 25 3
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Guttmann + Thurstone -> Rasch

* Guttman does not account for error

* Thurstone’s paired comparisons disregard
oerson location

* Rasch: estimates item locations and person
ocations (with parameter separation)

_______ iemB-0 femB-1

ltem A-0 40 30
ltem A-1 70 60

49



Rasch Measurement

e Cumulative normal function (normal ogive, early Item Response Theory models)
* Logistic function: ed/(1 + e9)

* Logistic with scaling constant: el-7¢/(1 + e17"9)

* Guttman

—

Dichotomous Rasch Model (Rasch 1960)

Expected score X, = P(X,; =1)

50 B, person location, o, item location so



Rasch Measurement

Hierarchy of items (from “easy” to “difficult”)
Locations of items and persons are placed on

the same latent continuum

(Think of weights and weightlifters)

Sum score (score across items, yes =1, no = 0) is

a sufficient statistic (there is no additional
information in the pattern;

YNNYN=YYNN N =2; but different person fit!)

item 1 item 2 item 3 item 4
less more

Probability of positive response depends on “item difficulty” and “person ability”
(how much of the property the item represents and how much the person possesses)
Probabilistic version of the Guttman model

Guttman patterns have highest likelihood

Non-Guttman patterns have smaller likelihood but are possible (non-zero prob.)

YY N N is more likely than Y N Y N, but both score 2

N NYYis least likely (given a total score of 2), questions measurement (poor person fit)

51



Rasch Measurement

Hierarchy of items (from “easy” to “difficult”)
Locations of items and persons are placed on

the same latent continuum

(Think of weights and weightlifters)

Sum score (score across items, yes =1, no = 0) is

a sufficient statistic (there is no additional
information in the pattern;

YNNYN=YYNNN =2; but different person fit!)

item 1 item 2 item 3 item 4
less more

Say, the probability of a positive response to item 1 =0.7

for item 2 = 0.5, foritem 3 =0.4 and foritem 4 =0.1

Probability for YNNN=0.01,YYNN=0.19,YYYN=0.13,YYYY=0.01
YNYN=0.13,NYYN=0.05 YNNY=0.02,NYNY=0.0,NNYY<0.01

Modelling the probability of a positive response as a function of the item location and
the person location (both are unknown and estimated from the data)
Non-linear link function between item response (bound between 0 and 1, or 0 and k for

polytomous items) and person measure
52



Rasch Measurement

Specific objectivity (Rasch, 1961, 1977; invariance) — unique for Rasch model
— ltem properties are independent of persons used to estimate them
— Person properties are independent of items used
— Rasch model is, in principle, sample-independent

Raw score sufficiency
— requires equal discrimination of all items

— otherwise there are no sufficient statistics (score for persons would depend on item
discrimination, the estimation of which requires distributional assumptions of persons, hence
item properties would not be independent of persons)

ltem score is a count of thresholds passed
— Non-linear transformation of raw score to linear measurement
Broad range of tests and criteria of fit
— item fit, person fit, unidimensionality, invariance, local independence
Applicable to dichotomous and polytomous items
Rasch model is prescriptive (requires structure in the data)
— compatible with axioms of quantity

e Other IRT models are descriptive (aim at best describing given data)
— estimate item discrimination



Polytomous Rasch model

* Partial Credit Model (Masters, 1982; Andrich,
1988)

—Structure of threshold (1) distances is different for
each item
e(Zf=1 —Tij) +x-(B,—8)

P(avL':XlBU,Tij,j=1...m,0<x§m): y

m
y =1+ Z o(Ze1—7y) + k- (B, — )
k=1



Polytomous Rasch Model

/
N\

0.5

P(avi




Different IRT-Models

*Rasch model (in blue), called 1pl in iRT
*Birnbaum model, 2pl (in red) B8

= — _ e
// e !

ai'(BV - 81)
C

ar (B, —0.)
[ +o Vo1

P(avi =1) =
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Rasch Measurement

Focus groups Other
(perspective of

consumers, patients, theoretical

users, etc.) considerations

Conceptual
theory/framework
qualitative/ordinal

Rasch model
estimates item
hierarchy

Empirically derived
structure of the
construct

Quantitative
conceptual theory

(measurement mechanism)

Rasch model
dis/confirms item
hierarchy

Empirically
supported structure
of the construct
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Conclusions

* Social measurement requires a strong substantive theory of
the construct (latent variable)

— ldeally a quantitative theory (after all, we claim to measure a
guantitative variable!) that exposes a measurement mechanism,
which tells us why a given item has a particular location

Concept-driven measurement

Quaglia, M., Pendrill, L., Melin, J., Cano, S., & 15HLT04 NeuroMET Consortium. (2016-2019). Innovative measurements for
improved diagnosis and management of neurodegenerative diseases (EMPIR NeuroMET). Teddington, Middlesex, UK:.
EURAMET. https://www.lgcgroup.com/our-programmes/empir-neuromet/neuromet-landing-page/ (36 pp.)

Quaglia, M., Pendrill, L., Melin, J., Cano, S., & 18HLT09 NeuroMET2 Consortium. (2019-2022). Publishable Summary for
18HLT09 NeuroMET2: Metrology and innovation for early diagnosis and accurate stratification of patients with
neurodegenerative diseases (EMPIR NeuroMET). Teddington, Middlesex, UK:. EURAMET. https://www.lgcgroup.com/our-
programmes/empir-neuromet/neuromet-landing-page/ (5 pp.)

Measurement mechanism (Causal Rasch Models)

Stenner, A. J. (1996). Measuring Reading Comprehension with the Lexile Framework.
[https://files.eric.ed.gov/fulltext/ED435977.pdf]

Stenner, A. J., Burdick, H., Sanford, E. E., & Burdick, D. S. (2006). How accurate are Lexile text measures?. Journal of Applied
Measurement, 7(3), 307.

Stenner, A. J., Fisher Jr, W. P,, Stone, M., & Burdick, D. (2013). Causal Rasch models. Frontiers in psychology, 4, 536.

A. Jackson Stenner, Mark H. Stone, Donald S. Burdick: The concept of a measurement mechanism Rasch Measureent
Transactions [http://www.rasch.org/rmt/rmt232b.htm]




Example: Lexile Framework

Lexile framework
Matching Readers
With Text

Rally for
Recycling 480L
Lexile reader

measure Ron’s Big Mission
540L

Judy Moody Saves

the World 570L

https://metametricsinc.com/parents-and-students/lexile-for-parents-and-students/lexile-for-reading/
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Example: Measurement
of perceived risk

* Scale to measure perceived risks when using
various tobacco and nicotine-containing products
(such as combustible cigarettes, e-cigarettes,
smokeless tobacco, etc.)

* Multiple dimensions (health risk, addiction risk,
social risk, practical risk)

 Comparability
— Across user groups

— Across products
— Across nationalities



Example: Measurement
of perceived health risk

e 18-item long version

e O-item short version

ltem

location

-0.49
-0.29

-0.09
-0.01
-0.01

0.04
0.15
0.26

0.53

Health issue

having lung cancer

an earlier death

aging faster

having mouth or throat cancer
having a cough early in the morning

having other types of cancer

losing some sense of taste

being physically unfit

having sores of the mouth or throat

Risk continuum

Frequently endorsed
— Higher risk

— Lower risk
Less frequently endorsed



Perceived risk

* Various risk definitions (depending on the field of enquiry) all of which
include the same two components:

— outcome (typically negative) of some intensity/magnitude

— has a probability of occurrence

(negative) utility of a probability of a health issue
health issue (because of smoking CC)
TNP-independent TNP-dependent

\/

0,=f(negative utility; probability)

Risk as a function of e — 0 —o—¢ . ~——
-0,6 -0,4 -0,2 0 0,2 0,4 0,6

* the sum of probability and negative utility (additive model; Kaplan and Garrick, 1981)

* or probability times negative utility (multiplicative model; Daniel et al., 2009)

Kaplan, S. and B.J. Garrick, On the quantitative definition of risk. Risk analysis, 1981. 1(1): p. 11-27.
Daniel, S., Daniel, P., David, M., & Mark, T. (2009). Probability and Consequence. Mechanical Engineering, 131(03), 38-41.



Measurement of probability
(smoking CC)

Probability

This section asks about your views on cigarette smoking and health problems. Please imagine a
cigarette smoker, who smokes one pack of cigarettes a day, starting at age 18.

Please select the answer that best reflects your view, keeping in mind that there are no right or
wrong answers. Please answer all questions (emphasis added)

What do you think are the chances that this cigarette smoker gets the following health
problems sometime during their lifetime...?

<short form items>

Response scale
1. No chance, almost no chance (less than 1 in 10 chance)
. Very slight possibility (1 in 10 chance)
. Slight possibility (2 in 10 chance)
. Some possibility (3 in 10 chance)
. Fair possibility (4 in 10 chance)
. Fairly good possibility (5 in 10 chance)
. Good possibility (6 in 10 chance)
. Probable (7 in 10 chance)
. Very probable (8 in 10 chance)
10. Almost sure (9 in 10 chance)
11. Certain, practically certain (more than 9 in 10 chance)

O 00 N O UL A WN

Juster, F. T. (1966). Consumer buying intentions and purchase probability: An experiment in survey design. Journal of
the American Statistical Association, 61(315), 658-696.



Measurement of negative utility

Negative utility

This section asks you how bad it would be to get various health problems during your lifetime. It
does not matter how or why you would get the health problem. All of the health problems
listed are certainly bad to get. Please select the answer that best reflects your view, keeping in

mind that there are no right or wrong answers. Please answer all questions.

(emphasis added)
How bad would it be if you got each of the following, sometime during your lifetime ...

<short form items>
Response scale
1. Slightly bad
2. Moderately bad
3. Very bad
4. Extremely bad
5. The worst imaginable



Scale development and validation study
— US

— Comparable measurement in Italy and Japan
— One common set of item locations
Subsequent study

— UK

— Slight deviations but original item locations remain
broadly valid

Original item locations US scale development
UK-specific item locations



Probability and negative utility

Accustomed cluster
Rather likely to very
. . 7,250
likely, minor to moderate

consequences
~ moderate risk ~ "*
S
2L

Trivial cluster .

Unlikely, rather
Minor consequences

Strong threat cluster

Rather likely,
severe consequences

Losing some
sense of taste

~ moderate to high risk

Sores of the mouth

Cancer cluster
Unlikely, but severe
consequences

~ lower risk

T
N .

T
3,000

Negative utility
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Predicted item

Regression analysis

Nosations Model (predictors) ] 2 p (F)
l 1] Probability x Negative utility 0.799  0.62 0.01
US scale (multiplicative model)
development 21 Probability = Negative utili
calibration 2] Probability + Negative utility 0.83 0.69 0.03

(aélditive model)

UK calibration
all available
data

3] Probability x Negative utility
(multiplicative model)
4] Probability + Negative utility

0.81 0.65 0.01

0.93 0.87 <0.01

(additive model)
: : ! Standardized . :
Pr edlcte:d item Predictor Regression regression Collinearity ANOVA
locations coefficient b . (tolerance)
coefficient
Probability
rescaled 0-to- —3.67 —.53 0.85
US scale ( 100) F(2,6)=6.58
development Negative p=0.031
T — 5 — y —
calibration utility 0.32 0.88 0.85 2=0.69
Intercept 2.90
Probability
rescaled 0-to- —7.05 —{.75 0.85
UK calibration ( 100) F(2,6)=20.41
all available Negative p=0.002
— = 2 -
data utility 0.48 0.92 0.85 2=0.87

Tntarrant



loc_UK_allSFdata
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0,500
|
|
——
0,250 o
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-0,500- °
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Unstandardized Predicted Value
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Individual (person) measurements

Predicted Regression analysis
participant Model (predictors) .
locations r I p (F)
T : -
| [1] Pr.ob.abll.lty Negative utility 0.65 0.43 <0.01
Exclusive use  (multiplicative model)
of cigarettes 3] Probability + Negative utili
g B3] » v = v 0.70 0.49  <0.01
(additive model)
Predicted Recression Standardized Collineari
participant Predictor 8res regression ty ANOVA
locations coefficient b coefficient f (tolerance)
N Plr\Iobal:flfty 7.06 0.63 0.78 F(2,404)=197.48
RETHSIVE USE ceatve 0.36 0.14 0.78 p<0.01
of cigarettes utility 540
r2=0.

Intercept —2.81
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location_health UK_anchoredUS
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Conclusions

* Without a strong substantive theory of the construct ...
* ... measurement could just be a statistical exercise

— Risk of treating measurement models as a technology to produce measurements
(Michell, 2017)

— Traditional content validity is insufficient (confirmation bias, post hoc?)

« Measurement model must incorporate principles (axioms) of quantity that

have to be present in the data
(Holder, 1901; Michell and Ernst, 1996, 1997; Michell, 1999).

* Psychometrics rather than (only) statistics
— Psychometric paradigm: prescriptive

— Statistical paradigm: descriptive
Michell, J. (2017). On substandard substantive theory and axing axioms of measurement: A response to Humphry. Theory & Psychology, 27(3),
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