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Measurement
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Epistemology
Theory of 

knowledge
Route to knowledge
What we can learn 
beyond observation 

with our senses

Ontology
Nature of existence

Methodology
Practice of acquiring 

knowledge
Application of 

methods

Different methods 
imply/represent 

different 
epistemological 

approaches 

What is considered 
real

Different methods 
have different 

relationship with 
ontology

Definition of 
measurement



Definition of measurement
Prevalent definition of measurement in the social sciences

Scale levels
Permissible 
statistics

Measurement
by assignment

p.677
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CTT = True Score Theory

• CTT: true score T, observed score X, error score E
– Xv = Tv + Ev (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
– xiv =i + i * Fv + eiv

(item i; latent variable/factor F) – latent variable theory
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Factor analytic model / 
Reflective indicator model / Scaling

• Indicators (=manifest variables) reflect the latent variable (e.g., satisfaction)
• The latent variable causes the manifest scores
• 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)

x1 x2 x3 x4

Satisfaction

e1 e2 e3 e4
latent

Satisfaction 
becomes
manifest
in its
indicators

Satisfaction
is inferred

from its
indicators

latent

manifest (observable)

e: error score (residual)

xiv =i + i * Fv + eiv
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Scaling (example)
Homburg, C., Schwemmle, M., & Kuehnl, C. (2015). New product design: Concept, measurement, and 
consequences. Journal of Marketing, 79(3), 41-56.

Multidimensional construct
i.e. three interrelated
unidimensional domains

9
Likert, R. (1932). A technique for the measurement 
of attitudes. Archives of psychology.



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)

• Alternative to scale development (to be discussed)

Satisfaction

latent

manifest

Indicators have 
causal effect on the
latent variable
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Measurement of latent construct
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Epistemology
We can infer latent 

variables from 
observable scores 
on manifest items

Ontology
Latent construct is 

real, exists 
independently of its 

measurement

Methodology
Measurement 
theory/model
links observed 

scores and latent 
scores 

(=measurements) 

Is the model 
compatible with the 

fundamental 
epistemological 

approach?

Is the nature of 
inference compatible 
with the ontological 

claim?

Is the measurement 
theory/model 

sensitive to the 
ontological 

claim/hypothesis?



Measurement 
epistemology, ontology 
and methodology
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The concept/construct
Unobservable but real
(fallible hypothesis)

Latent variable(s)

Represent the latent
construct

Relationship?

Ontology
Epistemology

Methodology

Measurement 
theory, 

measurement 
model

Observable (operationalisation 
of the latent variable)

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

Items form a scale
(or multiple scales in case of 
multidimensional constructs)
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Conceptual theory of 
the construct

Instrument
(scale)

Co
nt

en
t v

al
id

ity

Face validity

Literature Experts
Respondents 
(qual. interviews, 

focus groups)

Instrument
(scale)

Data, scores

Fit with 
measurement 

model
Internal construct 

validity

External validity
(convergent, 
discriminant, 

criterion-related)

“Translation” (Trochim)
Operationalization

Other evidence 
(known-group val., 

invariance, etc.)

Standard error of 
measurement 
(uncertainty)

Construct validityLink?

Other sources
(a theory?)



14

Conceptual theory of 
the construct

Qualitative theory
Hierarchical

theory (order)
Quantitative

theory

…

Measurement mechanism



Scaling and indexes

• 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
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Scaling (CTT) – e.g. 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=r²XT)

• Different CTT models* (k items; i subjects):

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

Cronbach‘s  is only a lower 
bound estimate of reliability!



Scaling (CTT) – Congeneric model

CTT: X = T + E (observed score = true score + error score)
T = E(X)

CTT at the item level (item i, person v): xiv =i + i * Fv + eiv
– 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”
– i can be estimated, test of fit (confirmatory factor analysis)
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Scaling (CTT)

CTT at the item level (item i, person v): xiv =i + i * Fv + eiv

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



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

19

Average variance extracted:



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

Qualitative theory
Hierarchical

theory (order)
Quantitative

theory

…

Measurement mechanism



Index
Another branch of measurement (Trochim)
Index: Formative indicator model (items define the 
latent variable): v = i*xiv + j*xjv + ... + k* xkv
– pure operationalism (social constructivism)
– no need for item intercorrelations (multicollinearity!)
–  cannot be estimated (unless there are also reflective 

indicators available [MIMIC model] or further 
dependent latent variables with reflective indicators; 
but see also Partial Least Squares [PLS])

– measurement error?

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

property independent of our measurement
Index/formative model: latent variable is defined by the indicators
Any such definition creates a “latent“ variable
– No latent variable from a realist perspective

Incompatible with the idea of a latent variable (Borsboom, 2005)
– Index as a summary of measurements (useful for some purpose)
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Formative Model:
Theoretical foundation

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

– 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-Item-Measurement
– Revival? Rossiter’s C-OAR-SE approach (2001)

23
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Formative Model:
Theoretical foundation

• Construct defined by its measurements
(so, manifest item scores are measurements; 
the concept  is a summary of observables)
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Formative Model:
Theoretical foundation
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Formative Model
• Landmark article by Diamantopoulos & Winklhofer (2001)
• Scale development (reflective indicators)
• Alternative: index construction

– Items as formative indicators
– Indicators have causal effect on latent variable (reversed causality)



Latent (?)

manifest

Indicators have 
causal effect on the
latent variable
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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 -coefficients
– MIMIC-Model solves problem of 

identification and contributes to
validation
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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
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Key question

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

• Reflective indicator model: items 
are causally impacted by a latent 
variable that is supposed to exist 
independently of the items 
(critical realism)

• Caveat: measurement 
model/theory may not be very 
sensitive towards ontological 
claim 

• Items must be correlated
• Combining domains into one 

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

• Purpose: measurement

Scale Index

• Formative indicator model: 
items causally impact a
summary variable that does
not exist as such without
forming the index 
(constructivism)

• Combining components does 
not require components to be 
correlated

• Purpose: Summarizing 
measurements (index 
presupposes measurements)

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

• Ultimate criterion: validity
• Attempt can fail (either latent 

variable does not exist/is not 
quantitative, scale items are 
unsuitable, or context of 
measurement is unsuitable)

• Relationship of latent variable 
and item empirically estimated 
(should, in principle, be 
invariant – objective)

Scale Index

• Index is essentially a 
rule of how to combine 
measurements

• It is “correct” by 
definition

• It may or may not be 
useful for some purpose

• Problem of measurement (at the 
level of the components) can be 
evaded

• Relationship (i.e. impact 
of item on summary variable) can 
be defined arbitrarily

• Empirical estimation of path 
coefficients (from item to index 
variable) only possible for a given 
purpose (maximizing prediction 
or relationship between two 
indices in Partial least squares, 
PLS)
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Key differences between an index (formative “measure”) 
and a scale (“reflective measure”)

• Scale may not contribute to 
solving a research problem

• Scale may be of limited use 
(e.g., applicable only in a given 
context of use)

Scale Index

• Index can fail to predict what 
it was supposed to predict

• Index can be misleading 
(when issued as a 
measurement instrument)

• Index can be 
accidentally or 
deliberately
deceptive
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Misleading index

Crime statistics Austria
• Number of convicted criminals went down
• While size of population increased
• Good news?!

Index

https://www.dema-institut.at/oesterreich-zaehlt-zu-den-sichersten-laendern-der-welt/

Population 

• Index can be 
accidentally or 
deliberately
deceptive
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Misleading index

Index

https://www.dema-institut.at/oesterreich-zaehlt-zu-den-sichersten-laendern-der-welt/

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?
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Misleading index

Index

https://www.dema-institut.at/oesterreich-zaehlt-zu-den-sichersten-laendern-der-welt/

Crime statistics Austria
• Do we have a problem?
• Not necessarily for the number of suspects is, 

since 2018,  an index formed by:
– Identified suspects
– 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 
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PLS – Partial Least Squares
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Standard reflective model
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PLS – Partial Least Squares
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PLS – Partial Least Squares
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PLS – Partial Least Squares



Elements in Measurement I: CTT

41

latent variable
(measurand in 
metrology)

In CTT, discrete item scores correspond to points on the 
latent continuum (but having errors, 
i.e. error = true score – observed score).
Analysis is about item co-variation.
Maximum co-variation with identical means.

continuous
unobserved

discrete
observed



Elements in Measurement II: Index

42

latent variable?

In index formation, discrete item scores correspond to 
points on different latent continua (error?), 
or they are essentially equated to latent variables (error-free).
Analysis is about usefulness in a given context.

continuous
unobserved

discrete
observed



Elements in Measurement III: IRT/RMT
(Item response theory; Rasch measurement theory)

43

latent variable
(measurand in 
metrology)

In IRT/Rasch*, item scores are observable consequences of the 
latent variable. An item score refers to a range on the latent 
continuum for which the score is the most likely score 
(for a Guttman scale there would be deterministic certainty). 
Analysis is about expected structure in the data.
Items should not have identical means, as the items represent
different levels of the construct.

continuous
unobserved

discrete
observed

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

Qualitative theory
Hierarchical

theory (order)
Quantitative

theory

…

Measurement mechanism



Guttman model

• Two dichotomous items A and B
– Yes/mastered/agreed 1
– No/failed/disagreed 0
– Item B harder than item A 

45

Item B - 1Item B – 0

[Guttman error]Person < AItem A - 0

B < PersonA < Person < BItem A - 1

Item A Item B



Guttman scaling

less more

Guttman patterns:
N N N N  0; Y N N N  1; Y Y N N  2; Y Y Y N  3; Y Y Y Y  4
Sum score is informative! 
But there is no way to determine the distance between successive integer sum scores
Hence, ordinal scale only
all other patterns are so-called Guttman errors
e.g., N Y N N  (1); N N N Y  (1)
In practice, approx. 15% Guttman errors are tolerated

1 4

Theory-based hierarchy of items 
(from “easy” to “difficult”)
• 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)2 3 ...

46



Thurstone: Paired comparison

• Two dichotomous items A and B
– Item B harder than item A
– 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 

47

Item A Item B



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

• z30%=-0.524

48

0

0,4

-3 -2,5 -2 -1,5 -1 -0,5 0 0,5 1 1,5 2 2,5 3

0.524: distance between A and B

70%30%



Guttmann + Thurstone -> Rasch

• Guttman does not account for error
• Thurstone‘s paired comparisons disregard 

person location
• Rasch: estimates item locations and person 

locations (with parameter separation)

49

Item B - 1Item B – 0

3040Item A - 0

6070Item A - 1
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Rasch Measurement

• Cumulative normal function (normal ogive, early Item Response Theory models)
• Logistic function: ed/(1 + ed)
• Logistic with scaling constant: e1.7· d/(1 + e1.7· d)
• Guttman

50

0

1
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1
)

Dichotomous Rasch Model (Rasch 1960)

v person location, i item location



Rasch Measurement

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.)
Y Y N N is more likely than Y N Y N, but both score 2
N N Y Y is least likely (given a total score of 2), questions measurement (poor person fit)

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; 
Y N N Y N = Y Y N N N = 2; but different person fit!)

item 1 item 2 item 3 item 4
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Rasch Measurement

less more

Say, the probability of a positive response to item 1 = 0.7
for item 2 = 0.5, for item 3 = 0.4 and for item 4 = 0.1
Probability for Y N N N = 0.01, Y Y N N = 0.19, Y Y Y N = 0.13, Y Y Y Y = 0.01
Y N Y N = 0.13, N Y Y N = 0.05, Y N N Y = 0.02, N Y N Y = 0.01, N N Y Y < 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

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; 
Y N N Y N = Y Y N N N = 2 ; but different person fit!)

item 1 item 2 item 3 item 4

52



Rasch Measurement

• Specific objectivity (Rasch, 1961, 1977; invariance) – unique for Rasch model
– Item 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)

• Item 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

• Other IRT models are descriptive (aim at best describing given data)
– estimate item discrimination 53
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Polytomous Rasch model

•Partial Credit Model (Masters, 1982; Andrich, 
1988)
–Structure of threshold () distances is different for 

each item

54
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Polytomous Rasch Model

55
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Different IRT-Models

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

56
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Rasch Measurement

Literature

Focus groups
(perspective of 

consumers, patients, 
users, etc.)

Experts
Other 

theoretical 
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
57



Conclusions

• Social measurement requires a strong substantive theory of 
the construct (latent variable)
– Ideally a quantitative theory (after all, we claim to measure a 

quantitative 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]
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Example: Lexile Framework
Lexile framework

https://metametricsinc.com/parents-and-students/lexile-for-parents-and-students/lexile-for-reading/
59



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 

60



Example: Measurement 
of perceived health risk

• 18-item long version
• 9-item short version

61

Risk continuumHealth issueItem  
location

Frequently endorsedhaving lung cancer-0.49
 Higher riskan earlier death-0.29

aging faster-0.09
having mouth or throat cancer-0.01
having a cough early in the morning-0.01
having other types of cancer0.04
losing some sense of taste0.15

 Lower riskbeing physically unfit0.26
Less frequently endorsedhaving sores of the mouth or throat0.53



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 
health issue

probability of a health issue 
(because of smoking CC)

TNP-independent TNP-dependent

0
-0,6 -0,4 -0,2 0 0,2 0,4 0,6

i

i=f(negative utility; probability)

Risk as a function of 

• 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) 
2. Very slight possibility (1 in 10 chance) 
3. Slight possibility (2 in 10 chance) 
4. Some possibility (3 in 10 chance) 
5. Fair possibility (4 in 10 chance) 
6. Fairly good possibility (5 in 10 chance) 
7. Good possibility (6 in 10 chance) 
8. Probable (7 in 10 chance) 
9. Very probable (8 in 10 chance) 
10. Almost sure (9 in 10 chance) 
11. Certain, practically certain (more than 9 in 10 chance) 

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 
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Probability and negative utility
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Individual (person) measurements
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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
(Hölder, 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), 
419-425.
Hölder, O. (1901), ‘Die Axiome der Quantität und die Lehre vom Mass’, Berichte über die Verhandlungen der Königlichen Sächsischen 
Gesellschaft der Wissenschaften zu Leipzig, Mathemathische-Physische Classe, Leipzig: Hirzel, 35, pp. 1−64.
Michell, J. and C. Ernst (1996), ‘The Axioms of Quantity and the Theory of Measurement, Part I, An English Translation of Hölder (1901)’, 
Journal of MathemaƟcal Psychology, 40, 235−252. 
Michell, J. and C. Ernst (1997), ‘The Axioms of Quantity and the Theory of Measurement, Part II, An English Translation of Hölder (1901)’, 
Journal of MathemaƟcal Psychology, 41, 345−356.
Michell, J. (1999), Measurement in Psychology – a Critical History of a Methodological Concept, Cambridge: Cambridge University Press.
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