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Overview of Presentation 
•  Measurement in the physical sciences  

•  History of measurement in the social and behavioral 
sciences  

•  S.S. Stevens on levels of measurement  
•  The role of classical test score theory in current 
measurement  

•  Item response theory (IRT) and Rasch models  
•  Index construc@on   
•  Examples using standards to build common metrics 

•  Conclude with some “takeaways” 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Learning from Measurement in the 
Physical Sciences  

•  Metrology and the scien@fic study of 
measurement 

•  The role of governments in common metrics 

•  The role of science in common metrics 

•  Conclusions, standardiza@on: 
– Very much a social process  
– Driven by strong commercial and poli@cal interests 

– Depends heavily on a strong role from science 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Measurement in the Physical 
Sciences 

•  Characterized by standards based on strong theory and 
experimenta@on are key to measurement 
– Meter as a standard for length 
–  Seconds as a standard for @me  

•  Typically read‐outs are used as displays (e.g., 
thermometer, meters) that are closely calibrated to 
standards 

•  The role of Na@onal Bureau of Standards (NBS), now 
Na@onal Ins@tute of Standards and Technology (NIST), 
in maintaining and upda@ng measures 

4 



Seven Base Units Maintained by 
NIST  

Base Quan)ty        Unit         Symbol 

Length        meter   m 
Mass          kilogram  kg   
Time          second  s 

Electrical Current      ampere  A 
Thermodynamic Temperature  Kelvin   K 
Amount of Substance    mole    mole 

Luminous Intensity     candela  cd 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Derived Measures  
Examples of derived measures: 

 Area = m2 
 Velocity = m/s 
 Accelera@on = m/s2 
 Luminance = cd/m2 

An example of derived measures derived from other derived measures: 

 Force = mass*accelera@on 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Do Phenomena Have a Reality 
beyond Their Measurement? 

“I think that a par@cle must have a separate reality independent of the 
measurements. That is an electron has spin, loca@on and so forth even 
when it is not being measured.”  (Einstein)  

•  Cannot see or touch weight or length, for example  (although we can sense 
both), but  both are calibrated against tangible standards 

•  We do have some  clear tangible measures in the social sciences, e.g.,  
birth, age, marital status, number of children, date of death 

•  The picture becomes much murkier when one thinks of cogni@ve 
concepts, including a^tudes, values, and beliefs 

•  Addi@onal examples include organiza@onal concepts such as school 
climate and organiza@onal learning, as well as societal level concepts such 
as anomie, social disorganiza@on 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Latent Constructs in the Physical 
and Social Sciences 

•  In the social sciences, most of our constructs are 
similar to what Northrop called “concepts of 
intui@on” – concepts we perceive  

•  By contrast the physical sciences have what  
Northrop calls “concepts of postula@on” –
concepts derived from axioma@c, deduc@ve 
theory 

•   In the social sciences we oaen can only observe 
”reality”  for many concepts by examining the 
covaria@on between observed indicators 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The Interplay between Theory and 
Measurement 

•  In the physical sciences, where we have good 
theory, measurements can oaen be used to 
confirm, reject, or refine theories 

•  In the social sciences, oaen not clear whether it is 
the theory that is faulty, or the measures, or both 

•  In the physical sciences, theory is oaen viewed as 
a necessary precursor for measurement  

•  Lack of strong theory in the social sciences likely 
plays into the lack of well‐accepted common 
metrics 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What Are the Takeaways From 
This Review? 

•  We have not discovered or figured out how to define 
the kind of fundamental quan@@es in the social 
sciences that exist in the physical sciences 

•  Our concepts are large in number, “fuzzy,”  and do not 
have a simple rela@onship to one another as is true in 
the physical sciences (“Ballungen” concepts) 

•  Lack strong axioma@c theories against which to 
evaluate and inform our measures 

•  Unclear if these criteria drawn from the physical 
sciences are sine qua non for the development of 
beher measures within the social sciences or not 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Measurement in the Social 
Sciences – Sociology 

•  LePlay in the mid‐1850s is credited with  
establishing what has become  modern day 
survey – s@ll the most popular method for 
collec@ng data in sociology 

•  Most measurement in sociology is what 
Torgerson called subject‐centered – where 
persons are placed on a con@nuum 

•  Likert scales and  the seman@c differen@al are 
two examples of subject‐centered measures 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Measurement in Sociology 
(cont.) 

•  Can contrast subject‐centered with s)mulus‐
centered measurement, where one orders 
s@muli from high to low on a scale 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Sociology – Guttman Scales 
•  Guhman scales had some popularity in the 
1950s and 60s.  It was both subject‐ and 
s@mulus‐centered measurement in that it 
ordered both items and persons on the scale 

•  An example is the Bogardus social distance 
scale, with a series of ques@ons such as: 
– Are you willing to permit immigrants to live in 
your community? 

– Are you willing to have immigrants live next door? 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Sociology – Guttman Scales 
(cont.) 

•  Guhman scaling is a determinis@c model that 
has fallen out of use but is an important 
precursor to Item Response Theory (IRT) 
scaling 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Psychology – Psychophysics – 
Thurstone 

•  L.L. Thurstone took Fechner’s psychophysical 
work on sensa@on and percep@on and applied 
it to a^tude and value measurement using 
the method of paired comparisons 

•  Separated the scaling of items from the scaling 
of persons 

•  The scaling of a^tude items lead him to 
develop the compara)ve law of judgment 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Psychology – Psychophysics – 
Thurstone (cont.) 

•  Thurstone’s work in a^tudes was also important because he 

–  Developed the no@on of invariance in measurement:  
•  Items have the same meanings for all respondents and 
therefore subgroups of respondents 

• With the addi@on of  items to the scale, the ordering 
and distance between any two respondents remains 
unchanged 

–   Scaled both items and persons  

–  Plohed cumula@ve probability distribu@ons for each item 
as a way to show how well each discriminated in the 
measurement of the a^tudes 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Psychology – Psychophysics – 
S.S. Stevens 

•  S.S. Stevens’ work is very closely associated 
with classical psychophysics – scaling 
sensa@ons 

•  Subjects would make judgments (e.g., 
loudness) using ra@os 

•  He plohed perceptual values against actual 
s@mulus values across various s@muli and 
no@ced a regularity in the resul@ng pahern 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Psychology – Psychophysics – 
S.S. Stevens (cont.) 

•  Led him to posit a general psychophysical law 
stated as:   

Ψ = αφβ 

where  
ψ is the perceived magnitude,  

φ  is the actual magnitude of the s@mulus intensity, 
α is a constant that varies depending upon the units of 

measurement, and  
β is the parameter to be es@mated 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Psychology – Psychophysics – 
S.S. Stevens (cont.) 

When put in logarithmic form the equa@on 
becomes linear in the logs: 

logψ  = log α + βlogφ  

•  Steven’s “law” is an empirically, not 
theore@cally, derived law 

•  He did lihle to apply his work to social 
phenomena, but Shinn, Hamblin, and 
Rainwater have in poli@cal science and 
sociology 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Psychology – the Measurement 
of Intelligence 

•  Galton’s early work led to Spearman posi@ng a g‐ or 
general factor to explain intelligence.  Laid the 
groundwork for the earliest work in factor analysis. 

•  That led to work in bi‐factor analysis and then to 
Thurstone’s mul@ple factor analysis in which he 
posited a set of primary mental abili)es 

•  Mul@ple factor analysis has since become known as 
exploratory factor analysis, because it is used to 
explore the dimensionality of a set of items 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Psychology – the Measurement 
of Intelligence (cont.) 

•  In early 1960s, Karl Jöreskog developed 
confirmatory factor analysis (CFA), which 
allows one to test rigorously dimensionality of 
items as well as hypotheses about which 
factors the various items measure   

•   EFA and CFA have played important roles in 
measurement in the social sciences as we shall 
see in a later sec@on of the talk 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S.S. Stevens and Levels of 
Measurement 

•  Stevens is beher known in the social sciences 
for his work on levels of measurement than 
his work in psychophysics, although the 
former grew out of the laher 

•  He defines four levels or types of measures – 
nominal (N), ordinal (O), interval (I), and ra@o 
(R) 

•  Each has permissible as well as non‐
permissible transforma@ons 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Levels of Measurement (cont.) 
Scale  Permissible Transforma)ons    Examples 

 N    Subs@tute any number with another  Football jersey numbers 

 O    Any change that preserves rank order  Hardness of minerals 

  I    Mul@plica@on by or addi@on of a constant  F and C temp. scales 

  R    Mul@plica@on by a constant    Length, weight 

For Stevens,  “true” measurement in the sense of 
what is found in the base units in the physical 
sciences requires ra@o‐level measurement. 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Levels of Measurement (cont.) 

•  Nominal level measurement – mode, 
con@ngency coefficient 

•  Ordinal – median, rank order correla@on 

•  Interval – mean, SD, correla@on, regression 

•  Ra@o – geometric mean, coefficient of 
varia@on 

Note the cumula@veness to the permissible 
opera@ons as one moves up the measurement 
hierarchy. 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Critiques of Steven’s Dicta 
Lord (1953) – Choice of sta@s@cs depends upon the 
meaningfulness of the analysis undertaken, not the level of 
measurement 

Tukey (1961) – Argues that just because scale types are 
absolute doesn’t mean that sta@s@cal methods employed 
must be absolute as well 

Others – the power of sta@s@cal analysis is lost when one 
uses rank‐order as opposed to parametric analyses.  Also, 
when the underlying variable is con@nuous in nature, 
parametric sta@s@cs are appropriate – one is just 
measuring with error. 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Critiques of Steven’s Dicta 
(cont.) 

Duncan (1984) is especially harsh on Steven’s 
dicta about the use of nominal variables 
– Argues that he confuses classifica@on with 
measurement 

– Dichotomous variables play an especially 
important role in the social sciences (i.e., presence 
versus absence, on versus off) 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Critiques of Steven’s Dicta 
(cont.) 

•  Also takes issue with Steven’s very defini@on of 
measurement, which is the assignment of numbers 
to outcomes 

•  Argues that instead, measurement is the assignment 
of numbers that correspond to different degrees of a 
quality or property of some object or event.   That is,  
measurement involves the magnitude of the concept 
being measured. 

•  Much damage done by Steven’s dicta in that it was 
rou@nely picked up in social science sta@s@cs texts. 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Factor Analysis and the Use of Linear 
Composites in the Social Sciences 

•  Typical to use Likert items surveys to measure 
concepts of interest 

•  One then uses EFA to check on dimensionality 
of the items 

•  The models are based on classical true score 
theory (CTST) where xi = τ + εi 

•  The results are used to build linear 
composites, which are checked for internal 
consistency reliability 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Criticisms of the EFA Approach 

•  Ad hoc – what Duncan called “ a correla@onal science 
of inexact constructs”    

•  Rarely is the replicability of the dimensionality 
checked for relevant subgroups or in new or holdout 
samples 

•  This approach will never lead to the kinds of 
fundamental measures found in the physical sciences 

•  Privileges reliability over validity 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The Use of Confirmatory Factor 
Analytic Methods to Build Composites 
Jöreskog (1969) define congeneric measurement 
as: 

xi = µi + βi τ + εi   

That is, an item is a linear func@on of a weighted 
true score, a constant to take into account the 
unit of a measure and random measurement 
error.     
Diagramma@cally this is what congeneric 
measurement looks like for 4 items: 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A Plot of a Confirmatory Factor Analytic 
Model 
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Confirmatory Factor Analytic Methods 
to Build Composites (cont.) 

•  CFA can be es@mated by ML methods, which 
provide standard errors and chi‐square tests 
for goodness of fit (absent from most EFAs) 

•  Allows one to test  the assump@on that 
measures are congeneric 

•  Generalizes to the mul@ple factor model 

•  Allows one to test for methods factors, 
correlated errors, equal loadings, etc. 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Limitations of CTST for Scale 
Construction in the Social Sciences 
•  Even when using CFA, one of the limita@ons is that 
there is no explicit concern with how well the items 
measure the en@re range of the latent variable 

•  One of the virtues of Thurstone and Guhman was an 
explicit recogni@on of where on the latent dimension 
one’s items are measuring as well as how well the 
items discriminate 

•  But both of their models suffered from a lack of 
strong sta@s@cal es@ma@on methods, as do most 
exploratory factor analysis methods 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IRT Methods for Scale Construction 
in the Social Sciences 

•  Item Response Theory was developed in the in 
the early 1960s primarily to measure latent 
ability and achievement  

•  It is worth no@ng that Paul Lazarsfeld, a 
sociologist interested in survey research, had 
worked out much of the mathema@cs for it in 
what he called latent trait theory.  However, 
he did not have the computa@onal machinery 
to es@mate the models efficiently. 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IRT Methods for Scale Construction 
in the Social Sciences (cont.) 

•  While there were a few early applica@ons of IRT to 
social measurement (e.g., Reiser, 1980), it has been 
David Thissen and his student Lyn Steinberg who 
have done more than any others to make this 
transi@on 

•  But there is increasing interest in IRT applica@ons for 
the measurement of social and psychological latent 
concepts (e.g., the measurement of health‐related 
quality with the Pa@ent‐Reported Outcomes Related 
Informa@on System, or PROMIS) 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The One Parameter IRT Model 
(1PL) 

•  Simplest  IRT model is for dichotomous items 
where the probability of person p ge^ng item 
i right or agreeing with the item is given by 
 Pr (xi =1|θp’ βi ) =  e(θp 

– β
i  ) / (1 + e(θp – βi ) )  

 where θp  is a person p’s true score (e.g., 
“true” a[tude) and  

 βi  is the “difficulty” of item i.  

36 



The One Parameter IRT Model 
(1PL) (cont.) 

•  Difficulty parameter indicates where the item is 
opera@ng along the latent scale 

•  The model is probabilis@c in that the value for βi  is 
that point on the latent dimension where the 
probability of ge^ng it right or agreeing with it is .50.   

•  If one holds a strong a^tude or value, then the 
probability of agreeing will be higher than .5; if one 
holds a weak a^tude, then the probability of 
agreement will be less than .5. 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The One Parameter IRT Model 
(1PL) (cont.) 

•  The plot of the probability of agreement (or 
ge^ng an item correct) as one moves from 
the nega@ve end of the latent con@nuum to 
the posi@ve end is called an item characteris)c 
curve (ICC) 

•  There is one ICC for each item 

•  By conven@on, the metric of most 1PLs is 
standardized around a mean of zero and SD of 
1.0 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A Plot of the ICCs for 4 Items Fit 
to a 1PL Model 
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The Rasch Model 

•  A Rasch Model is a par@cular type of 1‐
parameter latent trait model 

•  While the trait measured can be standardized 
as was true for the 1PL, it can also be used in 
the na@ve “right‐wrong” or agree‐disagree 
metric, which is appealing 

•  The model has some very appealing 
measurement characteris@cs 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The Rasch Model (cont.) 

–  Es@mates both item and person parameters 

–  The distance between points are of equal intervals 
–  Unlike CTST‐constructed scales, the items can range across the latent 

variable 

–  It meets the invariance criterion men@oned when referring to 
Thurstone’s a^tude measurement work above, namely: 

•  The rela@onship between the items does not depend upon the 
persons who responded to them, and if other items are added the 
comparison between any two items remains invariant 

•  The distance between any two individuals is invariant regardless of 
which items they are compared on 

•  The difficulty is in finding more than a small number of items 
to fit a Rasch model 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The Two Parameter (2PL) IRT 
Model 

•  Because it is so difficult to find items to fit 1‐
paramenter models,  many psychometric 
applica@ons use 2 or 3 parameter models 

•  In the 2PL,  the first parameter es@mates the 
difficulty of the item (as in the 1PL model) and the 
second parameter es@mates how well it 
discriminates along the theta scale 

•  An item that discriminates well will have a steep 
slope centered around its difficulty.  A poorly 
discrimina@ng item will have a flaher slope. 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A Hypothetical Example of a 
Four Item 2PL IRT Model 
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Graded Response Model 

•  The IRT models considered thus far are only for 
dichotomous items 

•  There are several IRT models that will accommodate 
mul@ple response categories where one does not 
have to assume more than ordinality, including the 
Graded Response Model (GRM) 

•  The problem with both the 2PL and the GRM is that 
one loses the nice measurement characteris@cs 
associated with the Rasch model 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Steps for Constructing “Good Measures” 
Where Items Reflect Constructs 

1.  Define the concept as carefully as possible, 
specifying the domain of meaning 

2.  Use factor analysis to explore the dimensionality of 
the concept 

3.  Aaer determining what appears to be 
dimensionality, do a confirmatory factor analysis 

4.  Es@mate the internal consistency reliability of the 
measures constructed based on the CFA 

5.  Fit the items for each dimension to a Rasch model 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Steps for Constructing “Good Measures” 
Where Items Reflect Constructs (cont.) 
6.  If the items will not fit a 1PL or Rasch model, 

fit them to a 2PL model 

7.  Ensure that parameter es@mates are 
invariant for various subpopula@ons 

8.  Develop new items to bolster sparse areas on 
the latent dimensions 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Index Construction When Items Determine 
Rather than Reflect a Construct 

•  In sociology, economics, and policy research there 
are cases where the assump@on is that the indicators 
define the construct rather than the other way 
around 

•  This is some@mes called a “forma@ve” as opposed to 
a “reflec@ve” model for index construc@on 

•  Examples include an SES index composed of 
educa@on, income, and occupa@on, and the 
Consumer Price Index based on a market basket of 
goods and services 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A Schematic of a Concept 
Determined by Four Indicators 
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Index Construction Where Indicators 
Determine the Concept 

•  Typically, the indicators are simply unit 
weighted 

•  But there could be cases where they are 
weighted based on theory, differen@al u@li@es, 
or other preferences (e.g., rela@ve importance 
based on a community survey) 

•  One can es@mate the weights of the indicators 
if there are mul@ple indicators and mul@ple 
causes (the MIMIC model) 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A Schematic Representation of a 
Multiple Indicator-Multiple Cause 

(MIMIC) Model 
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MIMIC Models 

•  Allow one to es@mate the βi as well as the 
coefficients on the causal (right) side of the model 

•  Different specifica@ons on the causal side of the 
model allow one to check for the stability of the βi      

•  Note that one does not actually construct on index 
with MIMIC models 

•  Bob Hauser showed the general u@lity of MIMIC 
models in a series of papers he did in the 1970s and 
1980s 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The Role of Standards in 
Developing Common Metrics 

•  In the area of educa@onal assessment, the 
Na@onal Assessment Governing Board set 
standards, called achievement levels, in 
various subject areas measured by NAEP 

•  These are set as cutpoints on the NAEP scale 
(0‐500) for each grade and subject by a set of 
experts as what a student should know and be 
able to do if one is basic, proficient, or 
advanced 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The Role of Standards in Developing 
Common Metrics (cont.)  

•  In addi@on, states were required to set 
proficiency standards on their own 
assessments as part of NCLB 

•  These are used to see if states are making 
adequate yearly progress toward their goals 

•  A natural ques@on is whether the states’ 
standards for proficiency are the same as or 
even similar to one another’s 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The Role of Standards in Developing 
Common Metrics (cont.)  

•  Comparing the states requires a common 
standard against which to compare the states 

•  States required to take NAEP as a requirement 
to receive Title I funds   

•  One is able to use the data to map state 
standards onto the NAEP scale  

•  There is tremendous varia@on in states’ 
standards for grade 4 and 8 mathema@cs 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Examining Variation in States’ Proficiency 
Standards in Mathematics: 2007 
 Grade 4    Grade 8 
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The Role of Standards in Developing 
Common Metrics (cont.)  

•  Gary Phillips has taken these results and used 
them to benchmark how well the states’ 
standards match interna@onal standards 

•  Five levels of performance on the Trends in 
Interna@onal Science and Mathema@cs Study 
(TIMMS) 

•  They seem to comport well with grades of “A,” 
“B,” “C,” etc. 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Using TIMMS Standards to 
Benchmark States’ Standards 

•  Phillips took the NAEP mapping results shown 
in the figure above and projected them onto 
the TIMMS performance measures 

•  Clearly there is linking error in both the NAEP 
and the TIMMS projec@ons, but the results 
seem informa@ve nonetheless 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An Example of Benchmarking States’ 
Standards against TIMSS Standards 
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Using TIMMS Standards to Benchmark 
State’s Standards (cont.) 

•  The states with the highest standards are on the lea 
side of the graph.  Note that about half a dozen 
states set their standards at the B or B‐ level, but 
most are in the C range and about half a dozen are in 
the D range.  

•  The upper array in the figure is states’ percent 
proficient on their state assessments.  The data show 
clearly that those states that set the lowest standards 
had the highest percentage of students who were 
labeled as performing at the “proficient” level 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Mapping onto Common 
Standards 

•  Illustrates that even in the absence of perfect 
measures,  there may be cases when arbitrary 
standards can be set against which judgments 
of performance can be made 

•  Worth exploring if there are other areas where 
such common metrics might have u@lity (e.g., 
risk of re‐incarcera@on of prisoners eligible for 
parole) 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In Summary 

1.  Measures are social constructs and the 
process of gaining standardiza@on around 
measures is very much a social process 
involving nego@a@ons among social actors. 

2.  Standardiza@on is impelled along when there 
are strong commercial, poli@cal, or scien@fic 
reasons for doing so. 

3.  Science has a strong and central role to play 
in the development of standards. 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In Summary (cont.) 

4. We have not figured out how to define the 
kind of fundamental quan@@es in the social 
sciences that exist in the physical sciences. 

5. Our concepts are large in number and for the 
most part do not bear the kind of simple 
rela@onships to one another as is true in the 
physical sciences. 

6. Our concepts lack strong axioma@c theories 
against which to evaluate our measurements 
and with which to generate good measures. 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In Summary (cont.) 

7.  Rasch and IRT models could be one answer. 
8.  Another might be using standards to 

generate common metrics, which, while not 
mee@ng the standards for real measurement, 
have u@lity nonetheless. 

9.  I hope I have generated some thoughts we 
might kick around in our various discussion 
periods as we seek to understand if and 
when common metrics are warranted. 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