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Abstract 

Vieira, Clara Monteiro; Monteiro, Elisabeth Costa (Advisor). A Pilot Study 

using Anchoring Vignettes and the Rasch Probabilistic Model: a 

contribution to democracy measurements. Rio de Janeiro, 2024. 93p. 

Dissertação de Mestrado - Departamento de Metrologia, Pontifícia 

Universidade Católica do Rio de Janeiro. 

Measuring psychosocial phenomena, such as democracy, is challenging due 

to the influence of subjective perceptions and difficult-to-assess variables. It is 

crucial for democracy assessments to produce reliable and comparable results, as 

they play a vital role in analysing political realities and influencing decision-making 

at national and international levels. While essential elements of the Measurement 

Science are manifest throughout the discussions on democracy measurement, 

important aspects must be addressed to align the approaches used in this field with 

fundamental metrology precepts. Recent studies have suggested incorporating the 

psychometric approach known as the ‘Rasch model’ into the metrological system 

associated with each attribute as a potential solution to the challenges of providing 

comparable and reliable measures of psychosocial traits. However, this approach 

has yet to be explored in democracy measurement. This study applies the Rasch 

model to the democracy measuring system from the Varieties of Democracy project 

(V-Dem) and their recently incorporated anchoring vignettes database. It analyses 

coders' responses to the indicators constituting the V-Dem survey on Deliberation. 

The proposed method evaluates the system's performance, considering the coders 

as the sensing element and the indicators as the measuring system's structure. 

Sources of measurement uncertainty are discussed within the measurement model. 

The study reveals items associated with critical demands for revision based on 

multiple parameters, including differential item functioning based on coders' 

continent of origin and secondary dimensions affecting the sensor. Addressing these 

elements can contribute to enhancing the reliability of democracy assessment and 

advancing political science research.  

Keywords 

 Metrology; Measurement in Social Sciences; Rasch Measurement Theory; 

Democracy Measurement; Measurement Uncertainty; Human Sensor. 



Resumo 

Vieira, Clara Monteiro; Monteiro, Elisabeth Costa (Advisor). Um estudo 

piloto usando vinhetas de ancoragem e o modelo probabilístico de 

Rasch: uma contribuição para medições de democracia. Rio de Janeiro, 

2024. 93p. Dissertação de Mestrado - Departamento de Metrologia, 

Pontifícia Universidade Católica do Rio de Janeiro. 

 A medição de fenômenos psicossociais, como a democracia, é um desafio, 

dada a influência de percepções subjetivas e variáveis difíceis de medir. É 

fundamental que avaliações de democracia tenham resultados confiáveis e 

comparáveis, já que exercem um papel vital na análise de realidades políticas e 

influenciam a tomada de decisões a nível nacional e internacional. Embora 

elementos centrais da Ciência da Medição permeiem as discussões sobre a medição 

da democracia, aspectos importantes devem ser abordados para alinhar os métodos 

usados nesse campo com preceitos fundamentais da metrologia. Estudos recentes 

sugerem a incorporação da abordagem psicométrica conhecida como o ‘modelo 

Rasch’ no sistema metrológico associado a cada atributo, como potencial solução 

aos desafios de prover medidas comparáveis e confiáveis de grandezas 

psicossociais. Contudo, esta abordagem ainda não foi explorada na medição da 

democracia. Este estudo aplica o modelo Rasch ao sistema de medição de 

democracia do projeto 'Varieties of Democracy' (V-Dem) e à sua base de dados de 

vinhetas de ancoragem recentemente incorporada. Analisam-se as respostas dos 

codificadores aos indicadores que constituem o survey do V-Dem sobre 

Deliberação. O método proposto examina o desempenho do sistema, considerando 

os avaliadores como o elemento sensor e os indicadores como a estrutura do sistema 

de medição. As fontes de incerteza de medição são discutidas no modelo do sistema 

de medição. O estudo revela itens com questões críticas para revisão com base em 

múltiplos parâmetros, incluindo o funcionamento diferencial dos itens conforme o 

continente de origem dos avaliadores e dimensões secundárias a afetar o sensor. O 

tratamento desses elementos pode contribuir à maior confiabilidade da medição de 

democracia e ao avanço da pesquisa em ciência política.  

Palavras-chave 

 Metrologia; Medição em Ciências Sociais; Teoria de Medição de Rasch; 

Medição de Democracia; Incerteza de Medição; Sensor Humano. 
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 “Ideas come when we do not expect them, and not when we are brooding and 

searching at our desks. Yet ideas would certainly not come to mind had we not 

brooded at our desks and searched for answers with passionate devotion.” 

Max Weber  



1  

Introduction 

Fundamental precepts of Metrology apply to measurement practices across 

all fields of knowledge. An essential requirement is that of metrological traceability, 

which ensures the achievement of comparable measurement results for the same 

property, as each result “can be related to a reference through a documented 

unbroken chain of calibrations, each contributing to the measurement uncertainty” 

(JCGM 200:2012, section 2.41) [1]. While providing metrological traceability is 

naturally challenging, it becomes particularly more complex in the Human and 

Social Sciences, in which the intricate features of their measurands and 

measurement processes pose unique difficulties [2]-[15]. 

Subjective perceptions play a critical role in measuring psychosocial 

phenomena, as they can be the object of measurement or even a part of the 

measurement system [2], [5], [9], [10], [15]. The complexity of the measurement 

process is enhanced by the numerous variables that may affect it, as they are 

particularly hard to assess – an issue that is shared, to some extent, with other 

domains, such as chemistry, biology, and quantum physics [7], [16]. 

Likewise, the measured properties within the Human and Social Sciences are 

usually characterised by significant definitional uncertainty. Many concepts 

addressed in that field of science present highly abstract definitions [2], [3], [1], 

[15], which may also prove to be quite unstable, as they are primarily influenced by 

particular socio-historical contexts in which the concepts are used [2], [8]. Given 

their very abstract nature, such concepts’ definitions are also typically difficult to 

operationalise; thus, even when a certain definitional consensus is achieved, it often 

remains unclear how to empirically assess (and, therefore, measure) the concept at 

hand [3], [1], [15], [17]. 

Democracy measurement deals with those challenges. Despite many 

fluctuations in the way democracy has been defined throughout millennia [18], at 

the core of the concept, there is substantial agreement over its general meaning as 

“rule by the people” [1], [19]-[21]. Still, the definition of democracy in more 
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specific terms remains the subject of much debate, and consequently, so does its 

measurement [1], [15], [20]-[23]. 

Measuring democracy may offer valuable insights for both academic and 

decision-making activities. Moreover, given its effect on public opinion, empirical 

assessments stipulating variations on the level of democracy across space and time 

may significantly impact local, national, and international political relations. Thus, 

providing reliable and comparable measures of democracy is of utmost importance. 

For that purpose, fundamental metrological directions applicable to measurement 

in all fields of scientific knowledge should be considered [7], [13]-[16]. 

Since the second half of the twentieth century, multiple approaches have been 

proposed to measure the democratic quality of a given country at a given time [1], 

[15], [19]-[35]. The measuring system of the "Varieties of Democracy" project (V-

Dem), which had its first public data release in 2016 [24], stands out for its vast 

coverage and availability of data, as well as its extensive work on theoretical and 

methodological aspects [20], [36].  

For much of its data, V-Dem relies on country experts to code several 

difficult-to-observe variables for characterising the actual state of affairs about the 

democratic features of a country's political regime over time [20], [21]. Each expert 

codes independently, revealing possible patterns of disagreement that V-Dem 

accounts for by applying Bayesian Item Response Theory (IRT) modelling 

techniques [21], [37]. However, each expert is able to rate no more than a few 

countries, limiting the available data for cross-country comparisons [21]. To 

overcome this issue, the V-Dem project, following the approach proposed by [38], 

recently incorporated 'anchoring vignettes', which are brief descriptions of 

hypothetical cases for coders to rate irrespective of their country of expertise, aimed 

at standardising levels for the property measured by each indicator [21]. 

Despite numerous efforts undertaken to evaluate and improve democracy 

measurement practices [1], [15], [21], [22], [28], [36]-[37], [39]-[43], fundamental 

metrological principles have yet to be fully integrated into existing approaches [15]. 

These approaches cannot provide a standard scale, based on a constant unit of 

reference, to compare the results of democracy measurement across countries, 

periods, or using different measuring systems [15]. Consequently, the objectivity 

of measurement results is undermined, in that the connection between the 

measurement results and the property under measurement is not clear, and 



15 
 

intersubjectivity is also affected, in that there is no uniform interpretation of 

measurement results in different measurement contexts [8], [13]-[15], [44], [45]. 

This issue stems from the intricate nature of measuring psychosocial phenomena. 

A metrological system linking measurement standards through traceability 

chains is required to ensure reliable and comparable measurement results of a given 

trait. As a potential solution to the challenges of providing comparable and reliable 

measures of psychosocial traits, recent studies have suggested incorporating the 

psychometric approach known as the Rasch model into a metrological system 

associated with each attribute [5], [6], [8], [10], [12]-[15], [46]-[49]. This would 

leverage the Rasch model’s features to examine the objectivity and intersubjectivity 

of measurement results [8], [13], [45], enabling their comparison across different 

measurement contexts. However, the Rasch model remains unexplored in the 

literature on democracy measurement [15]. 

 

1.1 Objectives 

This work aims to contribute to implementing the Rasch measurement theory 

into the framework for the metrological characterisation of democracy measuring 

systems. Focusing on the measuring system provided by the 'Varieties of 

Democracy' (V-Dem) project, a pilot study is set up to examine the performance of 

V-Dem expert coders –representing the sensing elements of the democracy property 

transducer– to detect the level of the construct associated with a given anchoring 

vignette –serving as the measurement standard for a level of each democracy-

related property. The metrological characterisation of the detecting system is 

carried out by applying the Rasch model to a set of indicators from the V-Dem 

anchoring vignette database. In this preliminary investigation, the analysis is 

centred on vignettes anchored at the two extreme levels (minimum and maximum) 

of each indicator's measured construct. 

The study aims to achieve the following specific objectives: 

1. To review the literature on the foundations of Measurement Science and 

Measurement in the Humanities and Social Sciences. 

2. To examine the literature on the conceptualisation and measurement of 

democracy, including existing democracy measuring systems and the 

strategies conventionally used to assess the quality of their results. 
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3. To investigate the existence of essential metrological elements in the 

democracy measurement framework and highlight potential advances and 

shortcomings in providing reliable and comparable democracy 

measurement results. 

4. To survey the literature on applying the Rasch model to measure 

psychosocial properties and assess the quality of measurement results. 

5. To select a democracy measuring system from among the most widely used 

(as identified in the literature), and with a database accessible upon request, 

to be utilised in this work. 

6. To develop a model of the selected democracy measuring system and the 

strategy for its metrological characterisation, emphasising significant 

sources of measurement uncertainty. 

7. To apply the developed strategy for metrological characterisation to a 

selected sample of the measuring system's data, focusing on experts' 

responses to the anchoring vignettes. 

8. To analyse the suitability of the indicators used in the selected measuring 

system based on the analysis of testing parameters of the Rasch method, 

exploring the impacts of the information provided on knowledge of the 

measured phenomenon. 

9. To discuss the possible limitations and contributions identified and provide 

suggestions for improving the measuring instrument to ensure metrological 

rigour and enable comparability of results obtained by different democracy 

measuring systems. 

 

1.2 Master’s Dissertation Structure 

This master's dissertation comprises six chapters, including the literature 

review, the theoretical basis, and the research methods in the first chapters, while 

the final chapters present and discuss the results of the developed study and 

summarise the conclusions. 

Chapter 1 introduces the research topic, its significance, and the objectives 

of the present study. 

Chapter 2 delves into the literature on Metrology applied to psychosocial 

measurements, and investigates possible metrological aspects addressed in the early 
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days of Social Sciences. It outlines the currently proposed framework for promoting 

Metrology in psychosocial measurements, with a particular emphasis on the 

potential of the Rasch Measurement Theory for supporting metrological traceability 

in this complex field of application. 

Chapter 3 reviews the existing democracy measuring systems, and the 

strategies conventionally used to assess the validity of democracy measurement 

results, identifying possible advances or yet-to-be-tackled features for 

incorporating metrology principles in democracy measurements. 

Chapter 4 outlines the strategy developed for the metrological 

characterisation of the selected democracy measuring system –the V-Dem project– 

employing 'anchoring vignettes' as measurement standards and the Rasch 

probabilistic model. It provides a detailed description of the database, the method 

used, and the results obtained by applying the developed approach. 

Chapter 5 presents the final considerations of the research, discussing points 

of convergence and divergence in the outcomes and previous studies in the 

literature. It concludes with the main contributions, suggestions, and plans for 

future research. 

  



 

2  

Metrology in the Human and Social Sciences 

For promoting the quality of measurement aimed at properties across all fields 

of knowledge, recent studies in Measurement Science suggest object-relatedness 

(objectivity) and subject-independence (intersubjectivity) as two fundamental 

ideals that ought to be pursued [8], [13]-[15]. Object-relatedness comprises the 

extent to which the information obtained through measurement reflects only 

variations on the measured property. Enhancing objectivity thus requires a solid 

theory about the measurand and a reduced influence from other phenomena, 

minimizing definitional and instrumental uncertainties. Intersubjectivity, on the 

other hand, strives for consistent interpretation of measurement results by 

individuals across various locations and times, which depends on the metrological 

traceability of measurement results to the same reference scale [8], [13]-[15]. 

Providing metrological traceability of measurement results to the 

International System of Units (SI) is essential to ensure reliable and comparable 

quantity values in applications associated with all fields of knowledge. This aspect, 

however, has been a historical struggle since the early days, when efforts were 

directed to the elaboration of a metrological framework traditionally focused on 

promoting advances in the evolution of standards for measuring physical quantities. 

After the signing of the ‘Convention du Mètre’ (1875), the 1st ‘Conference 

General de Poids et Mesures’ (CGPM), which took place in 1889, established 

international prototypes for physical quantities of length and mass units, 

respectively, meter and kilogram, also incorporating the second as the unit of time, 

according to astronomers’ definition [50]. 

The high complexity of chemical and biological measurements, which also 

involve quantities belonging to the field of Natural Sciences, only much more 

recently received better attention and contributions to meet their metrological 

infrastructure demands [16], [51]-[54]. 

Metrological authorities’ first initiatives toward meeting demands for 

chemical measurements took place with the adoption, in 1971, of the unit mole 
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(symbol mol), for the quantity amount of substance, at the 14th CGPM, and the 

creation of the ‘Comité consultatif pour la quantité de matière’ (CCQM), in 1993 

[50]. 

In turn, measurements of biological quantities, which are particularly 

associated with even more challenging metrological demands, were addressed only 

at the 20th CGPM (1999) [16], [51]-[53]. However, unlike what happened in the 

case of chemical quantities, the metrological demands associated with 

biomeasurements did not receive specific support by creating a particular 

consultative committee for the area [16]. The responsibility for advancing the 

reliability of biomeasurements was absorbed by the CCQM, whose name was 

changed in 2014 to ‘Consultative Committee for Amount of Substance: metrology 

in chemistry and biology’ [16], [52].  

Equally required and even more challenging is the global metrological 

framework to provide trustworthiness and comparability for measurements in 

Human and Social Sciences. Nevertheless, this issue has not yet been addressed in 

CGPM resolutions [14].  

The sophistication of measurands associated with more complex areas 

involving Chemical, Biological, Human and Social Measurements requires dealing 

with the development of certified reference materials, creation of arbitrary units, 

and other alternative strategies to step forward to a metrological structure capable 

of harmonizing “nonphysical” measurements in all aspects of daily life demands 

[14], [16], [52].  

Particularly regarding Human and Social Sciences, the influence of the 

subjective perceptions of researchers and research participants on the measurement 

process [5], [14], [15], [55] and difficulties in defining concepts [10], [14], [15], 

[17] are some of the elements of the complexity in the study of social phenomena. 

Such intricacies hinder but do not prevent initiatives to ensure reliability and 

comparability of measurement results in the Social Sciences and Humanities. 

Recent studies have been endeavouring to meet the challenges associated with 

the complex characteristics of this scientific field [3]-[17], [37]-[49], [52], [56]-

[85]. Among the current academic initiatives, it is worth mentioning the successful 

incorporation of measurements in Social Sciences among investigations addressed 

by the International Measurement Confederation (IMEKO) [13]-[15], [80]-[83], 

[85], being evidenced a massive effort of this scientific community to promote 
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metrology in this field, including efforts to lead both physical and "nonphysical" 

measurement in a single, consistent concept system [8], [9], [13], [14], [52], [59], 

[80].  

Despite the apparent novelty of the actions currently emerging to incorporate 

metrology concepts in Social Sciences, which aim to contribute to robust and 

comparable measurement results in this field of application, the literature indicates 

that the founding designers of sociology as an academic discipline had already 

expressed concerns regarding social measurements more than a century ago [14].   

Section 2.1 discusses some of the first manifestations and concerns associated 

with essential elements of measurement science in the social sciences, and section 

2.2 dives into the recent initiatives and efforts to effectively implement metrological 

requirements for the highly complex measurements in this field of scientific 

knowledge. 

 

2.1 Metrology in the early days of Social Sciences 

Emerging shortly after the intergovernmental metrological structure creation 

with the signing of the Metre Convention in 1875, the early methodological 

developments in the Social Sciences reflected ideas close to metrological concepts 

to ensure comparability as much as possible [14]. 

2.1.1 Emile Durkheim 

The French sociologist Émile Durkheim (1858-1917, France) founded the 

first European department of sociology at the University of Bordeaux in 1895 [86]. 

Influenced by the positivist current of thought, Durkheim turned to the Natural 

Sciences – especially bioscience – when performing Social Science investigations 

[87], [88]. It is worth mentioning that both scientific fields share metrological 

challenges that still linger to the present time. With highly complex measurements, 

the measurement requirements framework in such fields of study is not yet 

adequately addressed or simply not at all. Interestingly, in his book from 1894 “Les 

règles de la méthode sociologique” [87], Durkheim already acknowledges such 

challenges that sociology has in common with biology, even though to a greater 

extent. As he states [87] (p.39): “Tous ces problèmes qui, déjà en biologie, sont loin 
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d'être clairement résolus, restent encore, pour le sociologue, enveloppés de 

mystère”1. 

Building Natural Sciences’ analogies with the Social Sciences, Durkheim 

thought of society as an organism, whose parts (or “organs”) need to function well 

together to ensure the whole’s healthy functioning [87], [88]. Durkheim defined 

‘social facts’ as his main object of study. ‘Social facts’ would be ways of feeling, 

acting, and thinking identifiable by three main traits such as generality, being 

applied to all members of a given society; exteriority from each individual, once 

they were not created by any particular person’s consciousness, but learned by 

people, generation after generation, and lasting much longer than the human 

lifespan; and coercivity, by which individuals are constrained into specific actions, 

not necessarily in conformity to each person’s intention [87]. Just as it is impossible 

to capture what is going on in someone’s mind by looking at each cell of their 

nervous system, Durkheim states that one wouldn’t be able to explain a social fact 

simply by looking at its manifestations in the individual level [87]. 

With a marked tendency toward an empirical approach, Durkheim used 

statistical strategies extensively. By increasing the number of cases whenever 

possible, the variable-oriented model of the comparative analysis performed by 

Durkheim aims to establish generalised connections between variables [89]. The 

general patterns pursuit guided Durkheim’s statistical approach to dealing with the 

time dimension from a transhistorical perspective [89]. Collective behaviors are, 

then, identified as an average effect of a variable by searching for statistical 

regularities of social facts [89]. Estimating the average effects of independent 

variables would allow investigating the ‘effects-of-causes’. Therefore, with the 

emphasis on generalizations over details, Durkheim establishes causality 

relationships, associating a phenomenon (social fact) to its cause or its effects 

(another social fact) [87]. 

For instance, in his famous study “Le suicide: Étude de sociologie” [90], 

performed with three religious’ communities (Protestants, Catholics, and Jews), 

Durkheim demonstrated that a social fact, the suicide rates, presented a statistical 

correlation with a macro-level variable constituted by the degrees of social 

integration, as illustrated in Figure 2.1. The statistical analysis allowed Durkheim, 

 
1 In English: “All these problems which, already in biology, are far from being clearly resolved, still 

remain, for the sociologist, shrouded in mystery”. 
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for example, to associate suicide rates to aspects of social context, whereas, contrary 

to what one might expect, there was no correlation with rates of psychopathology. 

 

 

Figure 2.1. Diagram of correlating connections between macro-level variables 

to analyse causality associations with suicide rates in diverse contexts, within 

the Durkheim study [90] 

 

Looking for statistical regularities, Durkheim pursued stable objects as a 

condition for objectivity. In this sense, according to him, the more detached the 

“social facts” from their “individual” manifestation, the more objectively 

represented as a constant, minimizing subjective interference –as he states (p. 35) 

[87]: 

“On peut poser en principe que les faits sociaux sont d'autant plus susceptibles d'être 

objectivement représentés qu'ils sont plus complètement dégagés des faits 

individuels qui les manifestent. En effet, une sensation est d'autant plus objective que 

l'objet auquel elle se rapporte a plus de fixité ; car la condition de toute objectivité, 

c'est l'existence d'un point de repère, constant et identique, auquel la représentation 

peut être rapportée et qui permet d'éliminer tout ce qu'elle a de variable, partant de 

subjectif”2. 

 
2 In English: “It can be stated as a principle that social facts are all the more likely to be objectively 

represented as they are more completely detached from the individual facts which manifest them. 

Indeed, a sensation is all the more objective as the object to which it relates has more fixity; for the 

condition of all objectivity is the existence of a point of reference, constant and identical, to which 

the representation can be related, and which allows to eliminate all that is variable, and therefore 

subjective, in it”. 
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Durkheim’s quest for objectivity can be considered analogous to a pursuit 

towards minimizing the definitional and instrumental uncertainties of social 

measurements [14]. 

2.1.2 Gabriel Tarde 

Gabriel Tarde (1843-1904, France), colleague of Durkheim and another 

influential figure in the foundation of the Social Sciences, also acknowledged the 

importance and complexity of quantification in this field of research, characterising 

this task as a new level of intellectual achievement [65].  Criticising Durkheim's 

statistical approach, which pursued general patterns, Tarde emphasised the 

significance of individual resonant effects in aggregate projections at the group 

level [65].  Recognising the intricacy of psychosocial measurements compared to 

those of the Natural Sciences, Tarde was concerned about the need for standardised 

units of measurement in the study of behaviour, cognition, and social relations [65].  

In discussing the challenge of quantification in the study of psychosocial 

phenomena, Tarde elaborated on the distinction between qualitative (nominal) 

properties and quantities, with every quantity implying a similarity between 

opposed terms [91]. Describing all psychological states as combinations of “belief”, 

“desire” and “sensation” [92], Tarde also proposed that “belief” and “desire” were 

essentially quantities, but “sensation” was not, contributing to the inherent 

complexity in quantifying psychosocial phenomena [91].  

2.1.3 Max Weber 

Max Weber (1864–1920, Germany) introduced the first sociology department 

in his country, Germany, at the Ludwig Maximilians Universität München, in 1919 

[93]. In contrast to Durkheim’s approach, Weber concentrated on grasping the 

intricacies of social phenomena from the micro-level, prioritizing subjectivity and 

meanings attributed to social actions [89], [94]-[97]. Weber's method, primarily 

qualitative in nature, sought to achieve an in-depth understanding of a complex 

unity through case-oriented comparisons, focusing on a small number of cases with 

a multitude of variables that interact within long-lasting processes [89].  

As a tool for empirical analysis, the sociological approach proposed by Max 

Weber rested upon the development of the so-called Ideal Type, consisting of 

abstract concepts that provide a simplified representation of complex social 
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realities, to be used as measurement standards for comparative analysis [89], [95], 

[98]. This strategy resembles the production of Reference Materials for chemical or 

biological measurements [14], considering the measurands for which the realization 

of SI units is still unavailable [16], [52], [54]. In these fields, it is possible to provide 

metrological traceability by developing Reference Materials with sufficient 

homogeneity and stability regarding specified properties, being established to be fit 

for their intended use in the measurement or examination of nominal properties [1]. 

Like the procedure using Certified Reference Materials as “primary reference 

standard,” Weber’s conception claims that the produced Ideal Types should be 

made available as a reference for further investigations of other cases –which would 

enable uniformity of interpretation through the intersubjectivity of measurement 

results [14]. 

Notably, Weber’s concept of “ideal type” formed the basis for later developed 

measurement models addressing psychosocial properties [14], [68].  

 

2.2 Current endeavours for incorporating Metrology into 
Psychosocial Measurements 

When assessing the quality of measurement of psychosocial quantities, a 

commonly used concept is that of measurement validity, which states whether a 

measuring instrument, such as questionnaires or indicators, effectively measures 

the property it purports to measure [15], [41], [99], [100]. 

Some studies on measurement validity bring up concerns about the scale type 

in which a given data can be interpreted, as this limits the statistical techniques and 

mathematical operations that can be meaningfully applied to it [4], [15], [22], [41], 

[84]. Stevens, in 1946, proposed to distinguish between nominal, ordinal, interval, 

and ratio types of scales [84], each corresponding to different forms of representing 

and thus interpreting observations. In a nominal scale, observed events are 

classified into types with no inherent hierarchy among them, whereas an ordinal 

scale has categories arranged in order, indicating variations in a given underlying 

property [84]. Interval scales take a step further by preserving a consistent 

measurement unit across the scale and thus providing meaningful information on 

the differences between measurand values. Ratio scales additionally present 

absolute zeros that indicate the absence of the quantity being measured. Achieving 

measurement in a ratio scale is deemed likely beyond current capabilities for 
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measuring most psychosocial phenomena [84]; therefore, efforts to enhance 

measurement in the Humanities and Social Sciences usually aim at providing 

information on the interval level. Nonetheless, the assumption that a particular 

dataset falls under an interval-level scale is often taken for granted [4]. 

A strategy for providing ordinal measurement based on nominal (qualitative) 

observations was proposed by Louis Guttman, in the 1940’s [56]. Following the 

strategy based on ‘ideal-types’ proposed by the German sociologist Max Weber [2], 

Guttman developed a model embodying the conditions of “perfect” measurement 

[14], [68], posing unidimensionality as a central requisite –i.e. the condition 

according to which changes in the measurement indication reflect changes in a 

single quantity. Accordingly, in a Guttman scale, a series of observable attributes, 

typically assessed by dichotomous indicators, is hierarchically distributed 

according to variations in a single underlying quantity [1], [15], [41], [56]. This 

arrangement follows a cumulative pattern, meaning that an individual displaying 

any of these attributes is expected to display all lower-ranked (less “difficult”) 

attributes as well.  

The Guttman scale analysis operates under a deterministic measurement 

model, establishing a direct link between the property being measured (measurand) 

and the resulting measurement outcomes [6], [1], [15]. Deterministic approaches, 

however, are often deemed less suitable in complex measurement contexts, such as 

those found in the Human and Social Sciences, prompting researchers to opt for 

probabilistic strategies instead [6], [1], [15]. Rasch Measurement models and 

certain approaches in Item Response Theory (IRT) stand out as alternative tools in 

this scenario. By modelling the output of measurement as a probability distribution 

rather than a singleton, probabilistic approaches are useful for estimating 

meaningful differences along the measurement scale [6], [15]. Thereby, while 

Guttman scale analysis is deployed for producing ordinal measures; IRT and Rasch 

probabilistic models are used to attain measurements on the interval-level [6], [1], 

[15], [41]. 

 Although the Item Response Theory and the Rasch measurement approach 

share similarities, they were developed independently from one another and have 

philosophical and methodological differences that are worth noting [101]. Primarily 

focused on describing idiosyncrasies of the data and explaining its variance, IRT 

methods used for providing interval-level data typically seek a model that best fits 
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the data, incorporating one or more parameters designed to reflect characteristics of 

the sample [4], [10], [12], [15], [102]-[106]. In contrast, the Rasch Measurement 

approach tests the extent to which the data fits the model [4], [10], [12], [15], [102]-

[106].  

The Rasch Measurement Model provides a probabilistic realization of the 

Guttman scale. Hence, following an ideal-type conception of what would 

characterise measurement [14], [15], [68], it incorporates fundamental requirements 

of measurement into probabilistic frameworks. Besides ‘unidimensionality’, 

another requirement of the Rasch model is that of 'local independence', according 

to which responses to one item should not significantly influence responses to 

another [4], [15], [68], [85], [105]-[107].  

With basic requirements built into the model, the Rasch measurement 

framework includes mechanisms to test the extent to which the data fit the model – 

a fundamentally different paradigm from that of similar approaches, such as Item 

Response Theory [4], [10], [12], [15], [85], [102]-[106]. 

The basic form of the Rasch probabilistic model, known as the dichotomous 

Rasch model, is based on two sets of parameters: one corresponding to each item 

(or indicator) in the measuring instrument and the other representing the individual 

instance of the quantity under measurement. Deriving from the Guttman scale, this 

particular model is designed for dichotomous data, where each item has two 

possible response options (e.g., correct/incorrect, present/absent), typically scored 

as 1 or 0. 

In this model, as shown in equation (1), the probability that the individual n 

scores positively on item i –denoted as P(Xni = 1), or simply 𝑃𝑛𝑖– is dependent on 

the difference between the individual’s 'ability' (θn) –the measurand– and the item’s 

'difficulty' (δi) –the instrument’s parameter [6]. 

In the Rasch model, the parameters’ estimates are expressed in logits, which 

is the natural logarithm of the odds ratio derived from the raw probabilities of 

positive versus negative responses for each respondent or item [4], [6], [10], [68], 

[85], [105], [106], [108]. This relationship is formalised in equation (2). 

𝑃𝑛𝑖 = P(Xni = 1|θn, δi) =
eθn−δi

1 + eθn−δi
 . (1) 
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Hence, each logit represents a difference in the measurand value that 

increases the odds of observing the specified event by a factor of approximately 

2.718 (the base of natural logarithms), with all logits maintaining uniform length 

relative to this change in odds [109]. In other words, this results in an interval-level 

scale, as defined by Stevens' classification [84], where a consistent unit of 

measurement is preserved, allowing for meaningful comparisons of differences 

between values across the scale. 

In the Rasch Measurement Model, overall scores are considered sufficient 

statistics for estimating the parameters’ values as long as the data fit the model [4], 

[10], [15]. Moreover, a unique feature of this approach is that it allows for parameter 

separability, meaning that item parameters can be estimated independently from the 

parameters related to the individuals under measurement and vice-versa [4], [6], 

[8], [10], [13], [15], [68], [79], [105], [106], [108], [110], [111]. This allows for 

measurement results to remain invariant, within a range of measurement 

uncertainty, across different measurement contexts, [4], [8], [13], [15], [68], [85]. 

This condition allows for intersubjectivity of measurement results [8], [15], as it 

enables comparisons of quantity values regardless of the individuals or stimuli that 

were instrumental for those comparisons. The attainment of invariant measurement 

on an interval scale is contingent upon the data meeting the measurement 

requirements set forth by the model –i.e., if the data sufficiently fit the model [4], 

[10], [15], [68], [79], [85], [105], [106], [108]. 

The family of Rasch measurement approaches includes other forms besides 

the dichotomous model depicted in equation (1), incorporating additional 

parameters, that regard, for instance, thresholds between response categories for 

polytomous response items (rating scale [112] or partial credit models [113]), or 

factors that are expected to influence measurement results in a systematic and 

measurable way (multifaceted model [114]). Even in those cases, the requirement 

of unidimensionality is maintained, since estimates for every parameter are placed 

along the same measurement scale –thus indicating magnitudes of the same 

underlying quantity– and this condition is empirically tested [4], [6], [10], [15], 

[68], [105], [111]. 

log
𝑒

(
𝑃𝑛𝑖

1 − 𝑃𝑛𝑖
) = θn − δi . (2) 
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With a measurement model that is not contingent on the specific 

characteristics of the sample to which it is applied, Rasch analysis allows for 

psychosocial measurement to meet the same requirements applied to the 

measurement of physical quantities, demanding that measurement results related to 

the same measured property be comparable independently of the measurement 

object and the measuring instrument that is used. For that reason, the Rasch 

Measurement Theory has been appointed by recent studies in the field of 

Measurement Science as an ideal infrastructure for supporting metrological 

traceability in the Social Sciences [8], [9], [14], [15], [46]-[49], [59]. As described 

in [8], this could be structured by developing item banks aiming at building 

reference scales associated with each of the properties, in combination with Rasch 

model fitting [8], [13], [14]. 

  



 

3  

The Measurement of Democracy 

Initiatives to measure democracy have emerged since the latter half of the 

twentieth century [24]. With a history stretching back thousands of years, the word 

'democracy' can be traced back to ancient Greece, from the combination of demos 

(people) and kratos (government). Despite the considerable variations in the way 

democracy has been conceived over time [18], its generic meaning of 'government 

by the people' has prevailed at the core of the concept [1], [19], [20], [24]. Its 

definition in more specific terms, however, remains the subject of much debate –as 

does its measurement [1], [20]-[23]. 

A number of systems have been developed to measure the democratic quality 

of a country at a given time [1], [15], [19]-[36], and several studies have also delved 

into the quality of these measurement approaches [1], [15], [24], [22], [24], [28], 

[36]-[37], [39]-[43]. However, challenges stemming from the inherent complexity 

of measuring psychosocial phenomena complicate these endeavours –which 

grapple with difficulties in defining concepts or assessing key variables, along with 

the significant impact of subjective perceptions on the measurement process [2]-

[15].  

Potentially providing valuable insights to describe, compare and explain 

political realities, democracy measurement is useful for informing research and 

decision-making processes. Moreover, given their impact on public opinion, 

empirical assessments stipulating variations on the level of democracy across space 

and time may significantly affect local, national, and international political 

relations. Thus, ensuring reliable and comparable results from democracy 

measurement is of utmost importance. For that purpose, fundamental metrological 

directions applicable to measurement in all fields of scientific knowledge should be 

considered [7], [13]-[16]. This chapter examines the current state of the art in 

developing and evaluating democracy measuring systems to identify potential gaps 

for incorporating metrology principles in this measurement field.  
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3.1 Democracy measuring systems 

Some of the most prominent democracy indices currently available are briefly 

examined in this section. For each index, the name, abbreviation, and relevant 

references are listed in Table 3.1. 

 

Table 3.1. Democracy indices, their abbreviation, and related references 

Democracy Index Index 

Abbreviation 

Related References 

Boix-Miller-Rosato BMR [31] 

Democracy Barometer DB [27], [30], [33] 

Democracy-Dictatorship DD [29], [32] 

Freedom House status of freedom3 FH [34] 

Lexical Index of Electoral 

Democracy 

LIED [1], [19] 

Polity 2 index Polity 2 [35]  

Unified Democracy Score UDS [28] 

Vanhanen’s index Vanhanen [26] 

Varieties of Democracy indices4 V-Dem [20], [21], [24], [115]-[117] 

 

While not an exhaustive list of democracy measuring systems, Table 3.1's 

selection of indices is sufficient to illustrate differences between their approaches. 

Table 3.2 and Table 3.3 elaborate on such differences, characterising each index 

according to a set of parameters [22], [23]. These parameters include, for Table 3.2, 

the breadth of elements addressed as observable features of democracy, which 

hinges on the way that concept is defined (concept definition), and the means used 

for data collection, which entails specific arrangements of the measuring system 

(source of data). In Table 3.2, democracy indices are characterised in terms of their 

aggregation rule –the approach used to combine the values of a set of indicators 

into a single value of an index– and the presumed type of scale of their main results. 

 

 
3 Despite focusing on "freedom" rather than democracy per se, the main index provided by the 

Freedom House organization (as part of their "Freedom in the World" annual reports) has been 

incorporated in this overview due to its widespread recognition as a measure of democracy. 

4 The V-Dem project offers five separate democracy indices (electoral, liberal, participatory, 

egalitarian, and deliberative), whereas the electoral democracy index is constitutive of all the other 

four indices. 
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Table 3.2. Characterisation of democracy measuring systems as to their 

approach to the concept of democracy  

Index 

concept definition source of data 

narrow mid. broad 
factua

l data 

in-

house 

coder

s 

consulted 

expert 

mass 

survey

s 

other 

indice

s 

BMR [23]    x    

DB  [27] 
[30] 

    x x 

DD 
[1] [20] 

[23] [29] 

[32] 

  x x    

FH   [22] [23] 

[20] 
 x x   

LIED [1] [19] [23]  x x    

Polity 2 
[20] [22] 

[118] 
 [23]  x    

UDS   [23]     x 

Vanhanen [22] [23]   x x    

V-

Dem 

electoral  [23] [32] [116] x x x   

liberal   [116] x x x   

participatory   [116] x x x   

deliberative   [116]   x   

egalitarian   [116]   x   

 

The definition of democracy’s key observable features, conditioning the 

choice of indicators, is a major point of debate [1], [20]-[23]. Previous studies on 

this matter distinguish between approaches based on ‘minimalist’ (narrow) and 

‘maximalist’ (broad) definitions of the democracy concept. Accordingly, narrow 

definitions would encompass a limited range of variables as indicators of 

democratic quality, omitting features deemed important by others, while broad 

definitions would include a larger set of observable traits as defining features of 

democracy, at the risk of lacking empirical referents or compromising the analytical 

use of measurement results [22]. Some approaches have also been characterized as 

falling between ‘maximalist’ and ‘minimalist’ conceptions, being labelled ‘mid.’ in 

Table 3.2.  

However, assessments of the ‘minimalist’ or ‘maximalist’ nature of 

democracy measuring systems’ conceptual approaches may often diverge [15], as 

they are contingent upon one’s evaluation of what is theoretically relevant to the 

democracy concept. In this respect, the incompatible classifications attributed to the 

Polity 2 index, for instance, are notable, as its conceptual framework has been 
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considered ‘minimalist’ by some [22], [118], and ‘maximalist’ by others [23] 

(Table 3.2). These conflicting interpretations illustrate the theoretical 

disagreements surrounding democracy’s defining features. 

The specific arrangements of measuring instruments used by the different 

democracy measuring systems are also outlined in Table 3.2 (source of data) [20]. 

Some of the indicators used in democracy measurement are primarily based on 

factual data, such as the share of the population with the right to vote. Others 

present ratings that are more heavily influenced by value judgments, either by 

consulted experts or by members of the measurement project (‘in-house coders’) 

[20]. Also centred on subjective data, a less frequent approach is that of mass 

surveys designed to capture citizens’ behaviours and opinions that are theorised to 

reflect democratic or non-democratic aspects in their daily life experiences [20], 

[24], [30]. Furthermore, some democracy measuring systems, like those of UDS 

and DB, use data from other indices [20], [24], [28], [33]. 

Differences in the aggregation rule used to combine data from various 

indicators into a single index of democracy are illustrated in Table 3.3. Analogous 

to a measurement model, which is defined in the International Vocabulary of 

Metrology (VIM 3) as the “mathematical relation among all quantities known to be 

involved in a measurement” (JCGM 200:2012, section 2.48) [1], an aggregation 

function relies on a theoretical understanding of the measurand and its relation with 

other properties. The literature on the aggregation strategies applied to democracy 

measurement commonly distinguishes between two theoretical approaches 

underpinning different mathematical procedures [20], [24], [23], [36], [116], [117]. 

On the one hand, additive aggregation techniques, like sums, averages, and 

weighted averages, align with the view that indicators are mutually compensating 

and, therefore, partially substitutable in democracy measurement. This means that 

one aspect or another is included among the defining features of a democratic 

regime. On the other hand, if indicators are seen as interdependent or necessary 

conditions for democracy –requiring the presence of one attribute and another–, 

multiplicative aggregation procedures are justified5. Some democracy indices rely 

on both strategies: for instance, DB applies an additive approach at lower 

 
5 The methods used by BMR, DD and LIED for scoring democracy are identified, in Table 3.3, with 

a ‘multiplicative’ approach even though multiplication is not involved, due to the fact that indicators 

are treated as necessary conditions for achieving a given score [1], [29], [31]. 
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aggregation levels and a multiplicative formula at higher levels [33], while V-Dem 

combines both techniques within a single function, obtaining their main democracy 

indices through an equally weighted average between the results from an additive 

and a multiplicative approach [21], [24]. Item Response Theory and Bayesian factor 

analysis are additionally employed in the construction of the V-Dem indices [21]. 

Likewise, UDS uses a Bayesian latent variable model to aggregate several 

democracy indices into a single index, assuming they all provide approximations of 

the same underlying quantity [28]. 

 

Table 3.3. Characterisation of democracy measuring systems as to their 

aggregation rule and results' format 

Index 
aggregation rule presumed type of scale 

ADDITIVE 
(or) 

MULTIPLICATIVE 
(and) 

OTHER 

METHODS 
ORDINAL  

(categorical) 
INTERVAL  

(continuous) 
BMR  x  Binary  

DB x x   Free scaling 

criteria 
DD  x  Binary  

FH x   Three 

categories 
 

LIED  x  Seven 

categories 
 

Polity x   Integers from -10 to 10 
UDS   Bayesian 

model 
 Standard normal 

distribution 
Vanhanen  x   Continuous: 0-

100 

V-Dem 
5 indices x x 

IRT, 

Bayesian 

factor 

analysis 
 Continuous: 0-1 

 

Table 3.3 also indicates the type of scale in which each measurement project 

explicitly or implicitly assumes to present its results. Some democracy measuring 

systems, like LIED and V-Dem, engage in notable discussions on the appropriate 

method for conveying information on specific types of scale [1], [19], [24]. The 

presumed scale type of the results from the Polity 2 index, in turn, remains 

ambiguous, as they are presented as a discrete distribution of integers ranging from 

-10 to +10 [35], but with no explicit indication on whether these numbers should be 

interpreted as categories on an ordinal scale or as equidistant values on an interval 

scale. Recent changes in the reporting methods of some democracy measurement 
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projects are also worth noting. The Democracy Barometer (DB) system has recently 

abandoned its fixed 0 to 100 scale, leaving it to researchers to decide the scaling 

criteria according to their specific purposes [33]. 

 

3.2 Measurement Science and the Validity of Democracy 
Measurement 

Although lacking explicit reference to metrology as such, fundamental 

concerns with elements from the Science of Measurement are manifest throughout 

the discussions on democracy measurement [15]. Intimately related to the matter of 

subject-independence of measurement results (intersubjectivity), concerns about 

comparability frequently arise, with different democracy measuring systems being 

said to yield conflicting empirical findings [24], [29], [119]-[121]. Likewise, 

conceptual disagreements on the way democracy is defined have been outlined [20], 

[23], [36], [118], [122], and it has been emphasised the need for democracy 

measuring systems to rely on a definition of democracy whose applicability across 

space and time is explicitly justified [24]. 

Concerns about objectivity in democracy measurement are also evidenced as 

scholars draw attention to potential bias in the way democracy has been defined, 

which is likely to echo international asymmetries of power [24], [123]-[125]. In a 

similar vein, there is a growing call to move beyond strictly institutional definitions 

and embrace more inclusive and socially oriented conceptions of democracy [24], 

[122], [126]-[128]. Researchers have also questioned the feasibility of representing 

a particular operationalised concept of democracy as a singular variable, defined 

along a single (unidimensional) measurement scale [22], [43], [118], [129]-[133]. 

Discussions regarding the impacts of methodological choices over measurement 

error [22], [130], alongside attempts to investigate and minimise those errors [20], 

[23], [28], [39], [134]-[136], are likewise noticeable in the literature on democracy 

measurement. 

Different strategies have been employed to assess the validity of democracy 

measurement results [1], [15], [28], [36], [39]-[43], [119], [120], [129], [134]-[148]. 

In investigating the approaches to measurement validity in Political Science 

research, [41] identifies four main traditions, each of which has applications in the 

field of democracy measurement: the 'case-based' tradition, the 'pragmatic' 
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tradition, the 'Structural Equation Modelling with latent variables' (SEM-L), and 

the 'Levels of Measurement' tradition (LoM). 

The case-based method, which can be predominantly qualitative, involves 

conducting in-depth case studies to gather more knowledge and evaluate whether 

scores accurately capture the realities they represent [41]. Studies that assess the 

validity of democracy measurement results through this approach include [138]-

[145]. Valuable for understanding specific cases, this method can contribute to 

relevant conceptual and methodological insights. Nevertheless, this approach alone 

does not allow for systematic comparisons across various contexts. 

The pragmatic tradition, in turn, uses straightforward statistical techniques, 

such as correlation and regression analysis, to evaluate the performance of 

indicators, based on immediate application purposes and regardless of any general 

measurement model [15], [41]. In the field of democracy measurement, methods 

aligned with this tradition have been used in [120], [137], [145]. Although fruitful 

for exploratory studies, the pragmatic tradition for assessing measurement validity 

has been criticised for its insufficient consideration of the connections between the 

measured property and the indication values [41]. Such a characteristic undermines 

object-relatedness and subject-independence of measurement results, as it limits the 

possibility of meaningful comparisons across different measurement contexts [15]. 

Structural Equation Modelling with Latent Variables (SEM-L), on the other 

hand, applies sophisticated statistical models for aggregating indicators and 

assessing measurement error [41]. SEM-L played a central role in the history of 

democracy measurement, as its extensive use in the 1980s, following the work of 

Bollen [148], has paved the way for the methodological sophistication of 

democracy measurement practice [25]. Studies applying Structural Equation 

Models for constructing and validating democracy measurement results include 

[100], [119], [134]-[136], [148]. 

Lastly, the Levels of Measurement tradition (LoM) brings up concerns about 

the scale type in which a given data can be reliably interpreted, as this limits the 

statistical techniques and mathematical operations that can be applied to the data 

[22], [41]. Studies developed under this tradition typically attempt to transform data 

for incorporating higher levels of measurement (scale types), thus broadening the 

range of applicable statistical techniques [41]. Methods used by this tradition 
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include the Guttman scale analysis, the Rasch Measurement Theory, and the Item 

Response Theory (IRT). 

In democracy measurement literature, Guttman scale analysis has been used 

to construct and validate ordinal measurement results [129], [144], [147]. 

Furthermore, a review study from 2002 on the democracy measurement literature 

underscored the relevance of the Guttman scale approach for empirically testing the 

unidimensionality hypothesis of a resultant scale [22].  

For constructing interval-level measures of democracy, methods aligned with 

Item Response Theory have been applied [21], [37], [117], [136]. In contrast, the 

use of the Rasch model –which holds the potential for overcoming metrological 

challenges in the Human and Social Sciences– is practically absent in democracy 

measurement studies [15].  

Nonetheless, an application of the Rasch model to assess measures of 

"political trust" from a widely used cross-national survey database that forms a 

specific part of the Democracy Barometer measuring system already demonstrates 

the promising features of this approach [149]. Despite not delving into metrological 

concepts, such as the potential of Rasch modelling to reach intersubjectivity by 

providing metrological traceability to measurement results, [149] evaluated 

unidimensionality, equivalence, and item hierarchy of political trust, revealing the 

lack of cross-national correspondence of political trust measurement results. These 

outcomes corroborated with predominant views on the theoretical literature 

indicating the non-unidimensionality of ‘political trust’, and contradicted the 

conventional political trust measurement practices, which typically assumed the 

unidimensionality of the construct. Hence, [149] points to the need for higher 

consistency and robustness in data analysis, and illustrates some promising features 

of the Rasch measurement approach, including its potential for investigating 

theoretical conceptions. 

  



 

4  

Metrological characterisation of the sensing elements of 

the V-Dem measuring system 

In the context of a multitude of democracy measuring systems [1], [15], [19]-

[36], the "Varieties of Democracy" project (V-Dem) was selected for this study's 

analysis. Released in 2016, V-Dem stands out due to its wide-ranging scope, 

database accessible upon request, and substantial research on theoretical and 

methodological topics [20], [36].  

This chapter presents the study aimed at analysing the performance of the V-

Dem transducer's sensing element, represented by the expert coders, in detecting 

the construct level of a given vignette, which serves as the measurement standard 

of a democracy property level. The metrological characterisation of the detecting 

system is performed by applying the Rasch model to a set of indicators from the V-

Dem anchoring vignette database.  

 

4.1 Democracy measuring system: the "Varieties of Democracy" 
project (V-Dem) 

With a multidimensional approach to the democracy concept, V-Dem 

produces five main indices covering different democratic facets of a country's 

political regime: electoral, liberal, participatory, deliberative and egalitarian [20], 

[24]. The core values of these principles are presented in Table 4.1 [24]. To assess 

these principles, V-Dem uses a large number of indicators, some of which are based 

on ordinal ratings given by consulted experts on difficult-to-observe variables [20], 

[24] –as previously highlighted in Table 3.2. 
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Table 4.1. Principles measured by V-Dem’s Democracy Indices [24] 

Principles Description 

Electoral Based on Robert Dahl’s concept of “polyarchy” [150], [151], the electoral 

principle of democracy focuses on making rulers accountable to citizens through 

periodic elections. 

Liberal The liberal principle of democracy focuses on protecting individual and 

minority rights against a “tyranny of the majority” and state oppression. It relies 

on constitutionally protected civil liberties, rule of law, and limits to the use of 

the executive power. 

Participatory 
The participatory principle of democracy emphasizes active citizen involvement 

in political processes, through elections and nonelectoral forms of 

participation. 

Deliberative 
The deliberative principle of democracy values decision-making informed by 

respectful and reason-based dialogue, prioritizing the public good over 

emotional or biased interests. 

Egalitarian 
The egalitarian principle of democracy posits that all groups should have equal 

capabilities to participate, serve, and influence policymaking, considering that 

inequalities in health, education, or income hinder the exercise of political rights. 

 

A global network of around 4000 experts currently contributes to the V-Dem 

database [21]. The indicators they assess are distributed as questions along fifteen 

surveys (questionnaires), each of which tailored to a specific area of expertise [21], 

[37]. Each expert codes independently, and at least five are usually sought to rate a 

country on a given indicator, most of whom being nationals or residents of the 

country they rate [21]. This independent coding allows for possible patterns of 

disagreement to arise, which V-Dem accounts for by the use of Bayesian Item 

Response Theory (IRT) techniques [21], [37]. However, each expert provides 

ratings for only one or a few countries, limiting the data for cross-country 

comparisons [21]. Seeking to overcome these data constraints, V-Dem has recently 

adopted the use of “anchoring vignettes”, brief descriptions of hypothetical cases 

that experts can rate irrespective of their country of expertise [21]. Analogous to 

measurement standards, these hypothetical cases are theorised to represent specific 

levels of the property measured by an indicator [38]. In the V-Dem project, 

vignettes were designed to correspond to idealised thresholds between adjacent 

categories of an indicator’s rating scale, meaning the cases they illustrate should fit 

into either of these adjacent response options [152]. 

The present study aimed to analyse the performance of the V-Dem 

transducer's sensing element, represented by the expert coders, in detecting the 
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construct level of a given vignette, which serves as the measurement standard of a 

democracy property level. Considering the evaluator as the measuring system's 

sensor and the synthetic reference texts ("anchoring vignettes") as reference 

materials for the property's level measured by each indicator, an approach was 

developed for the metrological characterisation of these sensors. This pilot study 

focused on raters' ability as the measurand for the proposed measuring instrument 

design rather than democracy levels. 

Due to limitations in the size of the database supported by the software used 

in this analysis [4], experts' responses to a limited set of V-Dem indicators were 

considered. As this preliminary research focused on evaluating the performance of 

raters in classifying the descriptions associated with predefined construct levels –

and not on measuring these construct levels themselves–, the indicators were 

selected to encompass the entire group of items from a particular V-Dem expert 

survey, even if they did not form a single index.  

Of the V-Dem indices focusing on each of the five core principles of 

democracy distinguished by the project (Table 4.1), the deliberative is the only for 

which all indicators, also the fewest in number, are comprised in a single expert 

survey –the Deliberation survey (Table 4.2) [24]. Therefore, the present study 

focused on the complete set of indicators that constitute the V-Dem Deliberation 

survey, shown in Table 4.2. Most of its questions are either centred on the quality 

of discourse from political leaders or the general nature of public policy [24]. The 

survey comprises seven indicators, five of which form the V-Dem index of the 

Deliberative Component of democracy; while the remaining two, both related to 

aspects of public policy, are included in the index of democracy’s Egalitarian 

Component [24]. As shown in Table 4.1, V-Dem defines the deliberative quality 

of democracy as stemming from the ideal that policymaking at all levels is informed 

by respectful and reasoned dialogue aimed at the common good [20]. The 

egalitarian principle, in turn, would pertain to the distribution of power and 

resources, considering material and immaterial inequalities as significant 

hindrances to the de facto exercise of formal rights and freedoms [20]. 
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Table 4.2. Constituent indicators of the V-Dem survey on Deliberation, with 

their symbols and corresponding questions [24]6  

Principle Indicators 

(Deliberation 

survey) 

Question 

Deliberative Reasoned 

justification 

v2dlreason 

When important policy changes are being considered, i.e. 

before a decision has been made, to what extent do 

political elites give public and reasoned justifications for 

their positions? 

Common good 

v2dlcommon 

When important policy changes are being considered, to 

what extent do political elites justify their positions in 

terms of the common good? 

Respect 

counterarguments 

v2dlcountr 

When important policy changes are being considered, to 

what extent do political elites acknowledge and respect 

counterarguments? 

Range of 

consultation 

v2dlconslt 

When important policy changes are being considered, 

how wide is the range of consultation at elite levels? 

Engaged society 

v2dlengage 

When important policy changes are being considered, 

how wide and how independent are public deliberations? 

Egalitarian Particularistic or 

public goods 

v2dlencmps 

Considering the profile of social and infrastructural 

spending in the national budget, how "particularistic" or 

"public goods" are most expenditures? 

Means-tested v. 

universalistic policy 

v2dlunivl 

How many welfare programs are means-tested and how 

many benefit all (or virtually all) members of the polity? 

 

From the set of anchoring vignettes representing the different levels of the 

construct assessed by each of the seven indicators examined in this study (Table 

4.2), the two vignettes relating to the minimum and maximum magnitude of the 

categorical scale for each indicator were selected. The selection was motivated not 

only by the limited size of the database supported by the software but also by the 

possibility of assessing the adequacy of the coders’ interpretation in classifying the 

level of the latent trait in the presence of significant differences in stimulus 

intensity, i.e. with high contrast in the magnitude of the rated property. 

 
6 For the complete text of the questionnaire items –including the rating options description– from 

the V-Dem Deliberation survey, see [24] (p. 169-172). 
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Three major data samples were considered: one with coders' responses to 

vignettes anchored at the minimum-level threshold of each indicator's categorical 

scale (MIN), another with the responses to vignettes at the maximum-level 

thresholds (MAX), and a third with joint responses to both sets of vignettes (MAX-

MIN). Only coders with complete response strings for each sample were included. 

Therefore, the MIN sample covered the respondents who rated all minimum-level 

vignettes but not necessarily the maximum-level ones, while the MAX sample 

corresponded to the opposite condition. The number of coders and their distribution 

in the five continental regions of their country of specialization are shown, for each 

of the three samples, in Table 4.3. The five continents of origin of the evaluators 

are anonymised and specified by letters. 

 

Table 4.3. Number of responding raters distributed according to their 

continent of origin and the coders' rating sample associated with the vignettes 

set at the lowest, the highest or both extreme construct levels, respectively 

indicated by MIN, MAX and MAX-MIN. 

Continent MIN MAX MAX-MIN total 

A 50 49 49 50 

B 22 20 20 22 

C 32 31 31 32 

D 41 39 38 42 

E 4 4 4 4 

Total 149 143 142 150 

 

In the present study, expert ratings of latent variables are considered the 

output of a measuring system consisting of different human sensors (the expert 

raters) interacting with a set of questionnaire items (the indicators). The system was 

redesigned to assess the measuring instrument performance in identifying the 

construct level represented by each anchoring vignette. Each vignette was thereby 

paired with its corresponding indicator as essential stimuli to which experts respond 

with their ratings. 

The names used in this paper for each indicator-vignette combination are 

listed in Table 4.4. The titles of the indicators and their corresponding abbreviations 

were based on V-Dem’s codebook [24]; while the vignettes were numbered 

according to the threshold they represented on the indicator's rating scale. Vignettes 
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set at the lowest threshold (minimum) were numbered 1, while those set at the 

highest threshold (maximum) were numbered 3 to 5, depending on the number of 

categories comprised in the indicator's response scale. 

 

Table 4.4. Names used for each indicator-vignette combination, including the 

five indicators from the V-Dem index of the Deliberative Component of 

democracy (Db) and two indicators from the Egalitarian Component index 

(Eg), for the vignettes depicting the lowest level of each indicator's measured 

construct (Minimum), numbered 1, and those depicting the highest level of 

construct (Maximum), which are numbered 3 to 5 depending on the indicator's 

highest response category level. 

 Indicators Minimum Maximum 

Db Reasoned justification reason 1 reason 3 

Common good common 1 common 4 

Respect counterarguments countr 1 countr 5 

Range of consultation conslt 1 conslt 5 

Engaged society engage 1 engage 5 

Eg Particularistic or public goods encmps 1 encmps 4 

Means-tested v. universalistic policy univl 1 univl 5 

 

 

4.2 Development of an approach for the metrological evaluation of 
the V-Dem's sensing elements 

For the proposed approach, the polytomous ratings assigned by coders to each 

indicator-vignette pair were converted into dichotomous scores, indicating 'correct' 

or 'incorrect' responses according to the vignette's predefined construct level. 

Considering the V-Dem vignette design [152], correct responses were allowed to 

span two adjacent response options, thus including the two categories at the top of 

the indicator's ordinal scale for maximum level vignettes and the two at the bottom 

for minimum level vignettes. In this scenario, 'incorrect' responses to minimum 

level vignettes likely indicate that coders were more lenient in assessing the latent 

constructs compared to the perception that guided the vignette's design. Conversely, 

coders with 'incorrect' responses to maximum level vignettes would likely be more 

rigorous, as they assign lower construct levels to the hypothetical cases than the 

cases were intended to represent. 
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The resulting dichotomous scores were analysed using a dichotomous Rasch 

model –shown in equation (1), in chapter 2. The analysis was conducted using 

Bond&FoxSteps3 [4] –which is a smaller version of Winsteps [153], software 

produced by Michael Linacre, one of the Rasch models’ main developers. 

Following equation (1), the performance of the V-Dem sensor system, 

represented by the probability that experts’ ratings of vignettes match the vignettes’ 

predefined construct levels, was modelled in terms of the raters’ ability to classify 

the vignettes as expected (θn) –the measurand– and the difficulty of each indicator-

vignette pair in eliciting the intended responses (δi) –the instrument’s parameter. 

Both ability and difficulty measures were produced along the same interval scale, 

relative to the degree of a presumed property with systematic influence over the 

probability of raters (the measurement sensors) identifying the construct level that 

each vignette was designed to span. 

The distribution of raters' abilities and items' difficulties along this scale was 

examined. Rasch reliability (and separation) index, which refers to the proportion 

of variance associated with the construct being measured [4], [10], [68], [105], 

[106], was analysed for both item and person parameters. The software's indication 

of "Standard Error", representing levels of random error associated to each 

individual measure [10], is also taken into account. This specific indication hinges 

on the level of information an item (measuring instrument) reveals about the person 

parameter (examinee), or vice-versa, depending on their respective positions along 

the measurement scale [10]. 

The fit of the data to the Rasch measurement model was assessed through 

examination of the model residuals, which are the differences between the observed 

and expected performances of a given item or examinee [4], [68], [105], [106]. This 

study analysed the amount and likelihood of item residuals through slightly 

different forms of fit statistics, namely, the mean-square and standardised values 

for the infit and outfit statistics. In the infit indices, greater weight is given to the 

performance of individuals whose abilities are closer to the item's difficulty. This 

assertion is based on the premise that these individuals' performance should provide 

more sensitive information regarding their true abilities on that item [4], [68], [105], 

[106], [153]-[157]. 

To evaluate the unidimensionality of the data, a principal component analysis 

of item residuals was conducted, investigating if correlations among residuals are 
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random or if they form a pattern suggesting an additional dimension that was not 

measured by the model [4], [10], [105], [106], [153]-[157]. 

The invariance of item difficulty was further assessed by testing for 

differential item functioning (DIF) across groups of coders from different 

continents. If the estimate of an item's difficulty varies more for each subsample 

than its error, this would indicate that the item does not function consistently across 

these groups of individuals [4], [68].  

Furthermore, the study investigated the potential sources of uncertainty 

affecting the various stages of the measurement process in both the proposed and 

conventional designs of the measuring system. 

 

4.3 Modelling of the measuring system 

The diagram presented in Figure 4.1 provides a simplified framework of the 

measuring system modelling [13], [158], considering the conventional approach 

employed by the V-Dem project to measure quantities associated with the quality 

of democracy (Figure 4.1a and Figure 4.1b), in parallel with the model proposed 

here to assess its sensing device (evaluators' ability) as the measurand (Figure 

4.1c). The conceivable sources of measurement uncertainty and their location in the 

measurement process are also illustrated in Figure 4.1. 
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Figure 4.1. Diagrams of the measuring instrument models associated: in (a), 

with the conventional application of the V-Dem in measuring the quality of 

democracy in a country; in (b), with V-Dem’s use of anchoring vignettes as 

quality-level references; and, in (c), with the proposed model focused on 

assessing the coders' ability to identify the degree of a country's democracy 

attribute using anchoring vignettes. 

 

The V-Dem measurement model includes a scoring element, which 

corresponds to its sensing device, that involves at least five coders. These coders 

use a set of items to assess each property feature, ultimately providing a 

comprehensive assessment of a country's democracy quality (Figure 4.1a). Each 

item in the V-Dem measurement model is designed to probe the level of a specific 

attribute of a primary construct. This process is performed by coders, whose 

expertise and judgment are crucial for the accuracy of the measurement results. 

The potential ambiguity or lack of clarity in the definition of the property to 

be measured can affect the accuracy of the measurement by contributing to 

definitional uncertainty (Figure 4.1), one of the main sources of uncertainty in 

political science research.  

Moreover, the property’s manifestation (country-specific information) or 

description (vignette) can influence the interpretation of the coders, who act as 

sensing elements, thus contributing as a source of interaction uncertainty (Figure 



46 
 

4.1a) or calibration uncertainty (Figure 4.1b). In addition to this interaction of the 

sensing elements with the information about the latent trait level in a given context, 

raters are also affected by the interaction with the text of the questionnaire items 

and their response options. These elements can be misinterpreted, affecting the 

correspondence between the level of the construct being measured and the scale 

defined in the measuring instrument [13] and contributing as a source of 

instrumental uncertainty (Figure 4.1a and Figure 4.1b). 

The result obtained is thereby influenced by these different sources of 

uncertainty, aggravated by the fact that the sensor element consists of a human rater, 

which implies the use of a new sensor for each operation in a series of repeated 

measurements. The variety of metrological characteristics of these sensor elements 

can thus contribute as a source of instrumental uncertainty (Figure 4.1a and Figure 

4.1b).  

All these influences may generate additional quantities that affect the reading 

of the construct level and the interpretation of the item, potentially compromising 

the local independence and unidimensionality of the measurement process. 

To develop a method for the metrological characterisation of the 

measurement sensor, this study used a set of V-Dem anchoring vignettes to act as a 

measurement standard, i.e. a reference material. In this case, the evaluation was 

represented by a measuring system for assessing the transducer performance, 

consisting of both the indicators (questionnaire items) and the vignettes, as shown 

in Figure 4.1c. The set of vignettes and items acted as a stimulus for the raters to 

provide responses that could be analysed using the standard values assigned to the 

vignettes (Figure 4.1c). This procedure can reveal possible biases (systematic 

errors).  

For evaluating the sensing elements, measurement error was examined based 

on the raters' success or failure in identifying the construct level represented by each 

vignette. To this end, raters' responses to the two extreme construct levels of the 

vignettes associated with each of the seven items in the V-Dem Deliberation survey 

were transformed into dichotomous scores by converting the originally polytomous 

scores. Based on the resulting scores and using the Rasch measure, the coders' 

performance was modelled in terms of the difference between the respondents' 

ability to classify the vignettes as expected and the difficulty of each indicator-

vignette combination in eliciting the intended responses. 
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Local contextual factors hindering access to reliable information about the 

assessed concept may affect the coders' ability to determine the property accurately. 

Similarly, in the context of vignettes, how coders interact with the synthetic 

reference text may affect the recognition of the underlying construct level. 

Therefore, as shown in Figure 4.1, the measurement results are affected by 

influence factors associated with definitional, interaction and instrumental 

uncertainty; these two latter components taking into account raters' attributes such 

as their ability, their severity and other elements that affect their interpretation given 

their different contexts of origin. 

In the proposed measurement instrument model (Figure 4.1c), the influence 

of the rater's interaction with the questionnaire items and related responses' options 

is no longer an element of instrumental uncertainty but constitutes an interaction 

source of uncertainty, alongside the impact of the rater's interaction with the 

description of the vignette's construct level. 

 

4.4 Results from the proposed approach 

Figure 4.2 shows the Rasch estimates (in logit) for each of the fourteen items 

(indicator-vignette combinations), considering the difficulty they impose on raters 

to adequately categorise the vignette's construct level. These results derive from the 

proposed approach (Figure 4.1c) and consider the three main sample groups 

described in section 4.1: raters' ratings of the minimum-level vignettes (MIN 

group), ratings of the maximum-level vignettes (MAX group), and ratings of both 

groups of vignettes (MAX-MIN group). 
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Figure 4.2. Difficulty measures for the fourteen indicator-vignette 

combinations across the three samples of respondents analysed (MAX-MIN, 

MAX, MIN). Indicator-vignette combinations are labelled according to Table 

4.2, and arranged from left to right in increasing order of difficulty. 

 

Based on the estimated item difficulties and considering, in particular, the 

results for the MAX-MIN sample, Table 4.5 shows the probabilities of coders 

detecting the vignettes' predefined construct level on each of the fourteen indicator-

vignette pairs, according to the measure of coders' ability (in logits). This indication 

follows the relationship formalized in equation (1), pertaining to the Rasch model. 

By displaying the probabilities of item responses as one progresses along the scale, 

Table 4.5 facilitates the interpretation of the results, suggesting potential 

explanations for the underlying variable of the resulting measurement scale. 

According to Table 4.5, for instance, coders with ability measure estimated as -

1.25 logit (i.e., 1.25 logit below the average item difficulty) are 50 % likely to rate 

‘correctly’ the vignette anchored at the lowest level of the ‘range of consultation’ 

indicator ('conslt 1', with difficulty of -1.25 logit) but are less likely to ‘correctly’ 

rate any of the other vignettes. Meanwhile, at the other end of the scale, a coder 

with ability level of +1.21 logit is 50 % likely to ‘correctly’ rate the vignette 

representing the lowest level of the ‘engaged society’ indicator ('engage 1', with 

difficulty of 1.21 logit), and even more likely to do so for any of the other vignettes. 
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Table 4.5. Probability of ‘correct’ rating to each indicator-vignette pair 

according to coder ability. 

item 
difficulty 

(logit) 
-1.25 -0.75 -0.53 -0.48 -0.37 -0.18 -0.09 0.01 0.05 0.32 0.45 0.74 0.87 1.21 

Probability of correct rating to each item according to coder ability 

Ability 
level 

conslt 

1 

encmps 

4 

countr 

1 

reason 

1 

univl 

5 

countr 

5 

conslt 

5 

engage 

5 

encmps 

1 

common 

4 

common 

1 

univl  

1 

reason 

3 

engage 

1 (logit) 

1.21 92  % 88  % 85  % 84  % 83  % 80  % 79  % 77  % 76  % 71  % 68  % 62  % 58  % 50  % 

0.87 89  % 83  % 80  % 79  % 78  % 74  % 72  % 70  % 69  % 63  % 60  % 53  % 50  % 42  % 

0.74 88  % 82  % 78  % 77  % 75  % 72  % 70  % 67  % 67  % 60  % 57  % 50  % 47  % 38  % 

0.45 85  % 77  % 73  % 72  % 69  % 65  % 63  % 61  % 60  % 53  % 50  % 43  % 40  % 32  % 

0.32 83  % 74  % 70  % 69  % 67  % 62  % 60  % 58 % 57 % 50 % 47 % 40 % 37 % 29 % 

0.05 79 % 69 % 64 % 63 % 60 % 56 % 53 % 51 % 50 % 43 % 40 % 33 % 31 % 24 % 

0.01 78 % 68 % 63 % 62 % 59 % 55 % 52 % 50 % 49 % 42 % 39 % 33 % 30 % 23 % 

-0.09 76 % 66 % 61 % 60 % 57 % 52 % 50 % 48 % 47 % 40 % 37 % 30 % 28 % 21 % 

-0.18 74 % 64 % 59 % 57 % 55 % 50 % 48 % 45 % 44 % 38 % 35 % 28 % 26 % 20 % 

-0.37 71 % 59 % 54 % 53 % 50 % 45 % 43 % 41 % 40 % 33 % 31 % 25 % 22 % 17 % 

-0.48 68 % 57 % 51 % 50 % 47 % 43 % 40 % 38 % 37 % 31 % 28 % 23 % 21 % 16 % 

-0.53 67 % 55 % 50 % 49 % 46 % 41 % 39 % 37 % 36 % 30 % 27 % 22 % 20 % 15 % 

-0.75 62 % 50 % 45 % 43 % 41 % 36 % 34 % 32 % 31 % 26 % 23 % 18 % 17 % 12 % 

-1.25 50 % 38 % 33 % 32 % 29 % 26 % 24 % 22 % 21 % 17 % 15 % 12 % 11 % 8 % 

 

It is worth noting that, when using the measuring instrument proposed in this 

study (Figure 4.1c), the difficulty level of an item is directly related to the 

performance of the coders, who are the sensing elements of the V-Dem measuring 

system. If applied to the conventional configuration of this system instead (Figure 

4.1a and Figure 4.1b), Rasch measures of item difficulty would correspond to the 

level of the construct assessed by the indicators, meaning that a greater amount of 

that construct would be needed to meet the criteria set out by the more challenging 

indicators. 

The difficulty measures reflecting raters’ performance on each indicator-

vignette combination was relatively the same for the three main samples of 

respondents analysed (Figure 4.2). The most difficult item comprised the minimum 

level of the construct assessed by the “engaged society” indicator (engage 1). Above 

the average item difficulty –fixed at 0 logit for each sample analysed–, this item 

was followed by 'reason 3', 'univl 1', 'common 1', 'common 4' and 'encmps 1' 

(Figure 4.2 and Table 4.5). This indicates that, for four of the seven items (slightly 

more than half), it was more difficult for coders to identify the constructs at their 

lowest level. Likewise, considering the estimates from the MAX-MIN sample, the 
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average difficulty of the minimum-level vignettes (0.027 logit) was slightly above 

the one for maximum-level ones (-0.027 logit), both equidistant from the average 

difficulty of the whole set of items. However, with the standard deviation of 

difficulty levels being around 0.8 logit across minimum-level vignettes and 0.5 

across maximum-level ones, the difference, in less than 0.1 logit, between the 

average difficulties of these two subgroups is not statistically significant, with p-

value=0.896 (>0.05). 

By solely assessing vignettes representing the minimum and maximum latent 

trait levels, comparisons between each pair of vignettes for every indicator can 

unveil whether coders exhibited unexpected leniency or rigidity. The findings 

indicate a tendency for coders to lean towards greater rigour in evaluating the 

construct of ‘reasoned justification’, as its highest-level vignette (‘reason 3’) 

frequently received ratings falling into lower-level categories, whereas the reverse 

was not observed. Conversely, coders displayed notable leniency in scoring the 

'engaged society' indicator, often assigning high scores to the lowest-level vignette 

(‘engage 1’) while not erroneously lowering their level indication for the maximum 

construct level vignette (‘engage 5’). 

The appropriateness of raters' responses to the vignettes was designed in 

alignment with the V-Dem method for defining thresholds to classify a latent trait 

level [152].  It should be noted, however, that items did not share the same number 

of ordinal levels as response options, varying from 4 to 6 categories. The second 

most challenging item, corresponding to the maximum-level vignette for the 

construct of 'reasoned justification' (‘reason 3’), is the only item with just four 

response categories. In this case, an inadequate response means classifying the 

description of the highest level of the vignette's construct as the lowest. The higher 

item difficulty suggests that a particular aspect of the construct expression at its 

maximum level, or an item description when interpreted in conjunction with a high 

level of the construct, impacts a larger group of raters, hindering their appropriate 

interpretation and, consequently, the adequate discrimination of the latent trait 

level.  

The difficulty measures of the fourteen items (indicator-vignette 

combinations) of the MAX-MIN sample are shown in Table 4.6, alongside their 

random error –represented by the the “Model Standard Error” ('Model S.E.')– and 

fit statistics –namely, the meansquare ('Mnsq') and standardised ('Zstd') values of 
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the outfit and infit indices. The total score, representing the sum of correct responses 

observed for each item, is also indicated. 

 

Table 4.6. Item statistics for the MAX-MIN sample, indicating the sum of 

correct responses (total score) for each of the fourteen items of the MAX-MIN 

sample, their Rasch measure of difficulty, random error (Model S.E.) and fit 

statistics –mean-square and standardised values of infit and outfit. The items 

(indicator-vignette combinations) are labelled according to Table 4.2. 

Total 

Score 

 Item 

Measure 

(logit) 

Model 

S.E. 

(logit) 

Infit Outfit items 

Mnsq Zstd Mnsq Zstd  (indicator + vignette) 

72 1.21 0.21 1.4 4 1.52 3.6 engage 1 

80 0.87 0.21 1.33 3.5 1.42 3.2 reason 3 

83 0.74 0.21 1.07 0.9 1.04 0.4 univl 1 

90 0.45 0.21 0.95 -0.5 0.96 -0.2 common 1 

93 0.32 0.21 1.34 3.5 1.34 2.3 common 4 

99 0.05 0.21 0.93 -0.7 0.92 -0.4 encmps 1 

100 0.01 0.21 0.87 -1.4 0.86 -0.9 engage 5 

102 -0.09 0.22 0.82 -2 0.77 -1.4 conslt 5 

104 -0.18 0.22 0.68 -3.8 0.54 -3.1 countr 5 

108 -0.37 0.22 0.91 -0.9 0.7 -1.6 univl 5 

110 -0.48 0.23 1.11 1 1.04 0.3 reason 1 

111 -0.53 0.23 0.84 -1.5 0.65 -1.8 countr 1 

115 -0.75 0.24 0.89 -0.9 0.9 -0.3 encmps 4 

123 -1.25 0.27 0.81 -1.2 0.64 -1.1 conslt 1 

99.3 0 0.22 1 0 0.95 -0.1  MEAN 

13.8 0.65 0.02 0.22 2.2 0.29 1.9  P. SD. 

 

Table 4.6 indicates three items with data underfitting the Rasch model: 

'engage 1', 'reason 3' and 'common 4'. These same items also exhibited the most 

underfitting response patterns when analysing the MAX and MIN samples 

separately. 'Engage 1', the most underfitting item, was the indicator-vignette 

stimulus with the highest difficulty measure (Table 4.6). Likewise, the other two 

underfitting items ('reason 3' and 'common 4') were the most difficult of the 

indicator-vignette stimuli associated with the highest construct level. The observed 

misfit suggests a random or at least non-uniform underlying basis for these three 

items with the highest difficulty level. 
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Rasch measures, random errors, and goodness of fit statistics, for persons 

(raters) and items (indicator-vignette combinations), are summarised in a single 

graph, as proposed by [4], and presented in Figure 4.3, Figure 4.4, and Figure 4.5, 

for each of the three samples of responses analysed: MAX-MIN, MIN, and MAX, 

respectively. The vertical axis indicates the Rasch measures are presented in a logit 

scale, along which person abilities and item difficulties are located, while the 

horizontal axis informs the standardised values of infit. Persons and items are 

plotted as circles, with the diameter representing the size of random error associated 

with each of their measures in the logit scale (in the vertical axis). Each individual 

person is plotted as a semi-transparent black circle, so darker circles indicate a 

higher concentration of persons with that particular measure and fit values. The 

remaining circles represent the items (indicator-vignette combinations), with pink 

circles associated with minimum-level vignettes and blue circles associated with 

maximum-level ones. 

 

 

Figure 4.3. Raters' and items' positions according to their Rasch measure and 

standardised infit value [4] for the MAX-MIN sample. The semi-transparent 

black circles represent individual coders, with darker regions indicating a 

more significant number of coders plotted in the same area. Pink circles 
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display minimum-level vignettes, while blue circles indicate maximum-level 

vignettes. The diameter of each circle indicated along the vertical axis (in logit) 

denotes the random error associated with the corresponding Rasch measure. 

 

 

Figure 4.4. Raters' and items' positions according to their Rasch measures and 

standardised infit values [4] for the MIN sample. Pink circles indicate 

minimum-level indicator-vignettes. See Figure 4.3 caption for a complete 

description of the illustrated elements. 
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Figure 4.5. Raters' and items' positions according to their Rasch measures and 

standardised infit values [4] for the MAX sample. Blue circles indicate 

maximum-level indicator-vignettes. See Figure 4.3 caption for a complete 

description of the illustrated elements.  

 

The reliability and separation indices based on the Rasch model, which refer 

to the proportion of variance that can be associated with the construct being 

measured [4], [10], [68], [105], [106],  are presented in Table 4.7, for both item and 

person parameters. 

 

Table 4.7. Rasch model reliability and separation indices for person and item 

measures, calculated from each sample of responses (MIN, MAX, MAX MIN) 

sample 
 

item person 

MIN reliability 0.94 0.49 

separation index 3.83 0.99 

MAX reliability 0.83 0.45 

separation index 2.18 0.91 

MAX-MIN reliability 0.87 0.61 

separation index 2.64 1.24 
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With item difficulty measures covering only about half the range of raters' 

abilities (Figure 4.3 and Figure 4.4) –or a third of it, in the case of the MAX sample 

(Figure 4.5)–, higher uncertainty (Figure 4.3, Figure 4.4, and Figure 4.5) and 

lower reliability estimates (Table 4.7) were observed for person measures (rater 

ability) compared to those of the items. The random error for item measures 

remained around 0.25 logit in all three samples, while, for person measures, it 

ranged from more than 0.5 to almost 2 logits. Nonetheless, given the approach 

adopted in this analysis (Figure 4.1c), the absence of items that match the full 

spectrum of raters' abilities is not inherently problematic as it does not indicate a 

flaw in the rating system.  

As evidenced in Figure 4.3, most coders' ability levels exceed the item 

difficulties set, suggesting that coders were generally successful in identifying the 

construct level represented in each anchoring vignette. However, it should be noted 

that, in the conventional application of the V-Dem measuring system (Figure 4.1a), 

each country is evaluated by a group of five experts rather than the entire set of 

raters considered in this study. Therefore, the appropriateness of the instrument, 

considering the adequacy of raters' interpretation, must be ensured for every small 

group of coders. 

Figure 4.6, Figure 4.7 and Figure 4.8, pertaining to each of the three major 

data samples (MAX-MIN, MIN, and MAX, respectively), show the item difficulty 

measures estimated from the three largest subsamples of coders grouped by 

continent –A, C, and D, each with over 30 coders, as detailed in Table 4.3. The 

items' difficulty measures based on the responses from the main data sample 

(MAX-MIN, MIN, or MAX) are also included in each figure. 
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Figure 4.6. Item difficulty measures estimated based on the three largest 

subsamples of coders by continent (A, C and D) in the MAX-MIN sample, 

compared with the item measures based on the full MAX-MIN sample (*), 

shown in Figure 4.2. 

 

 

Figure 4.7. Item difficulty measures estimated based on the three largest 

subsamples of coders by continent (A, C and D) in the MIN sample, compared 

with the item measures based on the full MIN sample (*), shown in Figure 4.2. 
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Figure 4.8. Item difficulty measures estimated based on the three largest 

subsamples of coders by continent (A, C and D) in the MAX sample, compared 

with the item measures based on the full MAX sample (*), shown in Figure 4.2. 

 

Differential item functioning (DIF) was observed to have statistical 

significance (p≤0.05) for some of the most difficult items. 'Engage 1', which was 

the most difficult indicator-vignette stimulus (Figure 4.2), and had the most 

underfitting pattern of coders' performances (Figure 4.3), is the only item that 

showed significant DIF in both samples in which it was included (MIN and MAX-

MIN). Coders of group D performed worse than expected on this item, with a DIF 

size of +0.9 logit in the MAX-MIN sample (Figure 4.6) and of +1.07 logit in the 

MIN (Figure 4.7). Group A, in contrast, performed better than expected on this 

item, with a DIF size of -0.76 logit in the MAX-MIN sample (Figure 4.6) and -1.05 

logit in the MIN sample (Figure 4.7). For this group, unlike the other subsamples 

of coders, 'engage 1' was not the most difficult item, ranking behind 'reason 3', 'univl 

1', and 'common 1' (Figure 4.6). 

When responses to maximum level vignettes are considered in isolation 

(MAX), coders from group A performed better than expected at identifying the 

highest level of 'Common good' (common 4), with the difficulty of this item being 

0.83 logit lower than when estimated considering the whole group of MAX sample 

coders –i.e., presenting a DIF size of -0.83 logit (Figure 4.8). When considering 

separately the responses to minimum-level vignettes (MIN), in turn, in addition to 

the unexpected performance in 'engage 1', 'univl 1' showed significant signs of DIF, 
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in which coders from group C performed worse than predicted by the model, with 

a DIF size of +1.17 (Figure 4.7). 

To evaluate if the responses to the instrument's stimuli have a one-

dimensional structure, a Principal Component Analysis of Rasch model residuals 

(PCAR) was conducted [4], [10], [105], [106], [153], [156], [157], [159], [160]. 

Since it is performed on the residuals and not on the original data, any factor 

identified by this analysis –constituting the PCA contrasts– pertains to a (possible) 

secondary dimension other than the one measured by the model [153]. The raw 

variance explained by measures and the unexplained variance found in the first 

PCA contrast of the residuals from the data pertaining to each of the three main 

samples analysed (MAX-MIN, MAX, and MIN) are indicated in Table 4.8.  

 

Table 4.8. The variance explained by measures and the unexplained variance 

in the first PCA contrast of residuals, for each of the three main data samples 

used in this study (MAX-MIN, MAX, and MIN) 

 MAX-MIN MAX MIN 

Variance explained by measures 

(eigenvalues) 
4.5 2.3 3.7 

Residual variance in the 1st contrast 

(eigenvalues) 
2.8 2 1.5 

 

Considering the performances of the expert coders in evaluating the minimum 

and maximum level vignettes for each of the seven selected V-Dem indicators 

(MAX-MIN sample), the residuals' variance explained by the first PCA contrast 

corresponded to approximately 2.8 eigenvalue units (Table 4.8), suggesting that the 

performances in at least two items could be related to a secondary dimension other 

than that measured by the model. Nevertheless, the variance explained by measures 

was around 4.5 eigenvalues, almost twice the amount attributed to the residuals in 

the first contrast (Table 4.8). 

When the responses to the maximum and minimum-level vignettes are 

considered separately, the residual variance in the first contrast decreases to around 

2 eigenvalues for the MAX sample and 1.5 eigenvalues for the MIN sample (Table 

4.8). In the MAX sample, the amount of residual variance in the first contrast is 
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about the same as that explained by measures (in around 2.3 eigenvalues), while, in 

the MIN sample, the model explained variance (3.7 eigenvalues) is more than twice 

the one attributed to the first contrast of item residuals (Table 4.8). Therefore, the 

possibility of a secondary dimension could be mainly associated with the indicator-

vignette maximum level pairs. 

Figure 4.9, Figure 4.10 and Figure 4.11 show each item's residual loadings 

in the first contrast of the PCAR for the data comprising the MAX, MIN, and MAX-

MIN samples, respectively. The items are distributed horizontally according to their 

difficulty and vertically according to their residual loadings in the first contrast. For 

each sample, the items are also grouped in three clusters according to their residual 

loadings in the first PCAR contrast, as shown in Table 4.9. 

 

 

Figure 4.9. Items from the MAX sample ranked according to their difficulty 

measures (horizontal axis) and their residual loadings in the first PCAR 

contrast (vertical axis). On the right side of the graph, the items are grouped 

in three clusters according to their residual loadings in the first contrast. 
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Figure 4.10. Items from the MIN sample ranked according to their difficulty 

measures (horizontal axis) and their residual loadings in the first PCAR 

contrast (vertical axis). On the right side of the graph, the items are grouped 

in three clusters according to their residual loadings in the first contrast. 

 

 

Figure 4.11. Items from the MAX-MIN sample ranked according to their 

difficulty measures (horizontal axis) and their residual loadings in the first 

PCAR contrast (vertical axis). On the right side of the graph, the items are 
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grouped in three clusters according to their residual loadings in the first 

contrast. 

 

Table 4.9. Items grouped by clusters according to their residual loadings in the 

first PCAR contrast, for each of the three main samples (MAX, MIN and 

MAX-MIN) –as shown in Figure 4.9, Figure 4.10 and Figure 4.11.  

MAX MIN 
item loading cluster item loading cluster 

countr 5 0.76 1 engage 1 0.77 1 
conslt 5 0.67 1 reason 1 0.34 2 

engage 5 0.5 1 univl 1 0.01 2 
encmps 4 -0.22 2 conslt 1 -0.12 2 

univl 5 -0.29 2 encmps 1 -0.15 2 
common 4 -0.47 3 countr 1 -0.58 3 
reason 3 -0.62 3 common 1 -0.65 3 

MAX-MIN 
item loading cluster item loading cluster 

univl 5 0.59 1 univl 1 -0.35 3 
encmps 4 0.52 1 conslt 1 -0.4 3 
reason 3 0.51 1 engage 1 -0.4 3 
conslt 5 0.45 1 reason 1 -0.44 3 

common 4 0.42 1 common 1 -0.48 3 
engage 5 0.32 2 countr 1 -0.51 3 
countr 5 0.25 2 encmps 1 -0.55 3 

 

Figure 4.11 displays a clear separation between maximum and minimum-

level vignettes, with the former exhibiting only positive residual loadings in the first 

contrast and the latter only negative ones. More specifically, five items comprising 

maximum-level vignettes were identified at the top of the plot (cluster 1), with 

contrast loadings larger than 0.4, while all seven items associated with minimum-

level vignettes were identified at the bottom (cluster 3), with contrast loadings close 

to -0.4 or lower (Table 4.9). These two clusters entail items whose residual patterns 

deviate to some extent from the patterns expected by the measurement model.  

To further examine the invariance of estimates and thereby the dimensionality 

of the responses to the measuring instrument, the correlation between each rater’s 

ability estimated by the different item clusters identified in the PCAR (Table 4.9) 

is shown in Table 4.10, for each of the three major data samples (MAX, MIN, and 
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MAX-MIN). Along with the Pearson correlation, the table includes the 

disattenuated value of the correlation, which takes into account the random error 

associated with the person measures produced by each item cluster [161]. Measures 

of raters with extreme performances –i.e., who succeeded or failed in identifying 

the construct levels of all indicator-vignettes within the selected sample (MIN, 

MAX, or MAX-MIN)–, featuring great uncertainty [4], are not included in any of 

these correlation indices. 

 

Table 4.10. correlation of rater ability measures across the three clusters of 

items grouped by their residual loadings in the 1st PCAR contrast, for each of 

the three main data samples (MIN, MAX, and MAX-MIN) 

sample Clusters Pearson correlation Disatenuated correlation 

MIN 1 - 2 -0.12 -1 

2 - 3 0.45 1 

1 - 3 -0.15 -1 

MAX 1 - 2 0.22 1 

2 - 3 0.1 1 

1 - 3 -0.27 -1 

MAX-MIN 1 - 2 0.49 1 

2 - 3 0.27 1 

1 - 3 -0.1 -0.24 

 

As shown in Table 4.10, the measures of rater ability produced by the two 

most opposing item clusters (1 and 3) from the MAX-MIN sample –contrasting 

items associated with minimum level vignettes with those related to maximum level 

vignettes (Figure 4.11)– were uncorrelated. 

On the other hand, the correlation between the ability measures derived from 

cluster 2 ('engage 5' and 'countr 5') and those derived from either of the other two 

item clusters (1 or 3) is higher than the correlation between clusters 1 and 3 (Table 

4.10). The Pearson correlation of the rater ability measures was of approximately 

0.49 for clusters 1 and 2, and 0.27 for clusters 2 and 3. The disattenuated correlation 

value is considerably elevated (Table 4.10) due to the high random error attributed 

to the person measures in item cluster 2, formed by two items only—which are too 

few to assess the performance of the 142 raters adequately. 
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Considering the item residuals in the first PCAR contrast for the MIN data 

sample, cluster 1 was represented by a single item, 'engage 1', while two items 

constituted cluster 3: 'common 1' and 'countr 1' (Figure 4.10 and Table 4.9). Hence, 

most items were grouped in cluster 2, with no significant residual loadings in the 

first contrast. This outcome may be associated with the broader range of variance 

explained by measures (3.7 eigenvalues), in the MIN sample, compared to the 

variance explained by the first contrast of the residuals (1.5 eigenvalue), as shown 

in Table 4.8.   

The item for detecting the lowest level of the ‘engaged society’ indicator 

(‘engage 1’), which was the single component of cluster 1 in the MIN sample, was 

also the item with the highest difficulty and underfit to the Rasch model (Figure 

4.3, Figure 4.4, and Table 4.6). The Pearson correlation between raters' ability 

based on item cluster 1 ('engage 1') and either of the two other item clusters was 

particularly low (around -0.12 and -0.15), compared to the correlation between 

clusters 2 and 3 (0.45). The disattenuated correlation, which compensates for the 

random error in person measures, was nevertheless considerable for all three 

combinations of item clusters (Table 4.10). Still, reflecting the values for the 

Pearson correlation, positive correlation was observed only between clusters 2 and 

3 (Table 4.10). 

When examining the MAX sample, 'reason 3' and 'common 4', both the least 

fitting and most difficult items of this sample, were observed to have the most 

negative loadings in the first contrast, forming item cluster 3 (Figure 4.9 and Table 

4.9). On the opposite side, in cluster 1, the three other indicators of the V-Dem 

Deliberation survey that were also comprised in the V-Dem index of the 

deliberative component of democracy [24] –'countr 5', 'conslt 5' and 'engage 5'– 

were the only items with positive residual loadings in the first contrast (Figure 4.9 

and Table 4.9). The correlation of person measures between either of these two 

most opposing item clusters and cluster 2 was low (Table 4.10), which could 

suggest the possibility of one or more secondary dimensions affecting the sensors 

on their responses to those items. Nevertheless, with high random errors associated 

with the measures estimated based on each of these item clusters (with clusters 2 

and 3 comprising only two items each), the disattenuated correlation for all three 

cluster combinations was considerable (Table 4.10). 
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Correlation analysis of the item residuals to identify local dependence 

between item responses shows a loss of independence only when the joint MAX-

MIN sample is used. Given that each coder makes two entries in the dataset for the 

MAX-MIN sample, the performance of the same coder on the same item in different 

situations may have led to local dependence. Local dependence between 'conslt 5' 

and 'countr 5' (standardised residual correlation of 0.39) is probably related to the 

overfit behaviour of these items, as shown in Table 4.6 (standardised infit ≤-2).  A 

slight correlation of residuals in the first contrast is also observed between the two 

items of the dataset that are associated with V-Dem’s egalitarian democracy index 

('encmps 4', 'univl 5'), possibly indicating that a common element may be needed 

for the raters to identify these constructs at their highest levels. As shown in Table 

4.2, these two items, both involving raters' assessment of aspects of public policy 

related to the egalitarian principle of democracy [24], showed similar residual 

loadings in the first PCAR contrast. 

  



 

 

5  
Discussion, Conclusions and Future Work 

The literature explored in Chapter 2, the results of which are published in 

[14], pointed to concerns regarding the application of metrological principles to the 

study of social phenomena that have emerged since sociology's early development 

as a distinct discipline. Max Weber's concept of Ideal Type, which closely 

resembles the use of 'reference materials' in chemistry and biology, is an early 

example. As noted, Weber's Ideal Types provided a foundation for later 

advancements in psychometrics –notably, Louis Guttman’s scale approach, which 

assesses the data fit to the principles of measurement invariance. Georg Rasch 

further developed this concept probabilistically.  

The Rasch analysis allows psychosocial measurement to meet the same 

requirements as physical measurement. Recent studies in Measurement Science 

have recognized the Rasch Measurement Theory as ideal for enabling metrological 

traceability in the Social Sciences [8], [9], [14], [15], [46]-[49], [59].  This would 

involve creating item banks and property reference scales combined with Rasch 

model fitting [8], [13], [14]. 

In the field of democracy measurement, there is limited explicit mention of 

metrology [15]. However, the ongoing discussions surrounding current methods 

used to measure democracy, as detailed in Chapter 3 and published in [15], 

incorporate key elements of the Science of Measurement. Numerous studies on 

democracy measurement have highlighted issues with comparability, and scholars 

have expressed concerns regarding random error and systematic bias. 

Various democracy measuring systems are available nowadays, and multiple 

approaches have been adopted to evaluate and enhance the quality of their results. 

In addition to case studies, which typically employ qualitative approaches, 

strategies for validating democracy measurements range from simple statistical 

techniques to more sophisticated models, including psychometric tools like Item 

Response Theory (IRT) and the Guttman scale analysis. However, none of these 
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approaches enables the provision of a common scale with a fixed reference unit to 

ensure the comparability of democracy measurement results. 

Hence, despite progress, there are still significant gaps in aligning the 

methods used in democracy measurement literature with fundamental metrological 

principles. Strategies linked to the Rasch measurement theory, which has shown 

promise in addressing metrological challenges in the human and social sciences, 

have been largely absent in democracy measurement [15], [85], [149]. A notable 

exception is [149], a recent study that applied the Rasch model to test the extent to 

which the underlying political trust scale is linear and hierarchical using data from 

the Democracy Barometer measuring system. Based on seven cross-national data 

sets from 161 national surveys applied in 119 countries and territories, the analysis 

performed in [149] aimed to provide a global perspective on the political trust items. 

Despite the partial scalar invariance being strongly considered in the measurement 

equivalence literature and the strong evidence for monotonous homogeneity in 

studies applying IRT scale analysis to these political trust items, [149] reported no 

evidence that the political trust items meet the demands for unidimensionality. Of 

the 161 surveys, Rasch model fitting was observed in only one, suggesting that there 

may be different dimensions associated with the various objects of trust (such as 

government, parliament, etc.), with unique meanings to the respondents, that extend 

beyond the notion of indicators on a single scale [149]: i.e., these differences were 

not mere differences in trust levels, but considered a variance structure relative to 

different political institutions. 

The final chapters of this thesis describe the development and results obtained 

from a pilot study carried out by applying the Rasch model for the metrological 

characterisation of a democracy measuring system: the “Varieties of Democracy” 

(V-Dem) project. This study focused on analysing the “sensor elements” of the 

measuring system, constituted by human evaluators (coders), to identify potential 

issues that could affect the comparability of the measurement results. 

The analysis ranged over the coders' responses to a complete V-Dem survey 

(seven indicators), the "Deliberation" survey, using "anchoring vignettes"—which 

are synthetic reference texts designed to represent specific thresholds on each 

indicator’s response scale. The study concentrated on the sharper contrast 

associated with rating vignettes describing hypothetical cases expected to lie at 

either the upper or lower extreme levels of each indicator's response scale. By 
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treating the evaluators as the "sensors" and the vignettes as reference materials, this 

approach aimed to assess the metrological properties of the V-Dem measuring 

system. Rather than focusing on the democracy characteristics evaluated by the 

indicators, the analysis centred on the evaluators' abilities to categorize the vignettes 

according to their predefined construct levels. The said evaluators' ability was then 

the measurand for the proposed measuring instrument model (Figure 4.1c). 

The coders' originally polytomous responses were converted into 

dichotomous scores, indicating success or failure in identifying the construct level 

of a given vignette. Based on these scores and using the Rasch probabilistic model 

of measurement, the coders' performance was modelled in terms of the difference 

between the respondents' ability to classify the vignettes as anticipated by the 

measuring instrument’s design and the difficulty of each indicator-vignette 

combination in eliciting the intended responses.  

For both the proposed and conventional modelling of the V-Dem measuring 

system, possible sources of measurement uncertainty and their location in the 

measurement process were discussed. These sources of uncertainty include: (1) the 

ambiguity in defining the properties to be measured, which leads to definitional 

uncertainty; (2) the interaction between coders and the questionnaire items, which 

contributes to instrumental uncertainty in the conventional model, and interaction 

uncertainty in the proposed model, (3) the interaction between coders and the 

country-specific information or the vignette description, contributing to interaction 

uncertainty or, in the case of vignettes, in the conventional configuration of the 

measuring system, as a source of calibration uncertainty; (4) the variability in 

coders’ characteristics, and their interaction with other elements of the measuring 

system, constituting potential sources of instrumental uncertainty in the 

conventional model of the measuring system. The employed computation 

procedure may also contribute as a source of instrumental uncertainty. 

By targeting raters’ ability as the measurand, the assessment based on the 

proposed approach explored the hypothesis of a single dimension underlying raters' 

success or failure in detecting the construct levels hypothetically associated with 

each measurement standard (anchoring vignette). 

Evaluations revealed that, for the lowest construct level, the single indicator-

vignette pair with responses significantly different from the expectations of the 
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Rasch measurement model was 'engage 1', which was also the most difficult for 

coders to identify correctly (Figure 4.2 and Figure 4.3).  

Dimensionality issues and underfit observed for 'engage 1' may have been 

caused by its Differential Item Functioning (DIF), with coders from group A (as 

distinguished by continent in Table 4.3) performing better than expected on this 

indicator-vignette pair and group D performing worse (Figure 4.6). Thus, group A 

coders were likely more rigorous than expected when evaluating this item, while 

group D coders were likely more lenient. The hypothesis relating the underfit in 

'engage 1' with the DIF observed is further suggested by Figure 5.1 and Figure 5.2.  

Figure 5.1 presents the distribution of rater ability for each group of coders 

by continent, taken from the MAX-MIN sample. The approximate position of 

'engage 1' along the scale, based on this item’s estimate of difficulty in the MAX-

MIN sample, is also indicated in the figure.  

 

Figure 5.1. Distribution of raters as to their ability measures, in logit 

(horizontal axis), for each group of raters distinguished by their continents of 

origin (vertical axis), in the MAX-MIN sample; and the approximate position 

of item 'engage 1' (indicated by the dashed line) in that same scale (horizontal 

axis), according to its difficulty measure in the MAX-MIN sample. 
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Figure 5.2, which was generated using the Bond&FoxSteps3 software, shows 

the expected and empirical Item Characteristic Curves (ICCs) for 'engage 1', also 

based on the MAX-MIN sample. In this figure, the red line represents the expected 

ICC, while the blue line connecting 'x' markers shows the empirical curve. The 

expected ICC (the red curve indicated in Figure 5.2), corresponds to the logistic 

curve of the Rasch model. Hence, in the case of a dichotomous Rasch model, this 

curve provides a visual representation of equation (1). In the figure, the vertical axis 

indicates the probability of 'correct' response to a given item (Pni), while the 

horizontal axis shows the measure of person ability relative to that item's difficulty 

(θn − δi). While the expected ICC is the same for every item –since they are 

characterized by the same (dichotomous) response structure–, the empirical ICC 

may vary, as it is based on the observed frequency of scores obtained on that 

specific item for each measure of ability. The boundary lines in the figure establish 

a (vertically interpreted) 95 % confidence band around the model curve. Points 

outside this band in the empirical ICC could suggest an unaccounted source of 

variance [162]. 

 

Figure 5.2. Joint display of the Expected and Empirical Item Characteristic 

Curves (ICC) for 'engage 1' in the MAX-MIN sample, indicating the 

probability of correct responses (vertical axis) given the difference of rater 

ability relative to the item's difficulty (horizontal axis), based on the Rasch 

model –the Expected ICC (represented by the red curve)– or on the observed 

data –the Empirical ICC (the blue line connecting 'x' markers). The boundary 
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lines around the Expected ICC show a (vertically interpreted) 95 % confidence 

band for the expected observations [162]. 

 

According to Figure 5.2, the responses significantly deviating from the 

expectations of the model in 'engage 1' were found for coders with ability levels a 

bit less than 0.5 logit above the item’s difficulty (fixed at 0.0 logits), with their 

performance on that particular item being worse than expected, and for coders 

whose ability levels were around 1.5 logit below the item’s difficulty, who 

presented better performance than expected on that item. Complementarily, as 

suggested by the results of the DIF analysis, coders from group A –who were 

particularly numerous at ability levels of around 1.5 logit below the difficulty 

measure for 'engage 1' (Figure 5.1)– performed better than expected on this item, 

while coders from group D –most of whom had ability levels a bit less than 0.5 logit 

above the item’s difficulty (Figure 5.1)– performed worse. 

For the highest construct level vignettes, six items presented misfit issues, 

with 'conslt 5' and 'countr 5' showing local dependence and overfit behaviour. The 

most difficult items, 'reason 3' and 'common 4', exhibited underfit and 

dimensionality problems, while indicators from V-Dem's Egalitarian principle, 

'encmps 4' and 'univl 5', also showed local dependence and dimensionality issues.  

Multidimensionality in the context of this study indicates that some items 

reveal an additional attribute of the coder. Based on the results from the principal 

component analysis of the Rasch model residuals (PCAR), one could suggest that 

recognising the highest levels of the constructs assessed by the selected group of 

indicators required different abilities than identifying the constructs at their lowest 

levels. 

On the other hand, by limiting the sample to maximum and minimum level 

vignettes and converting the polytomous ratings into dichotomous scores based on 

their alignment with each vignette’s construct level, lower ratings of minimum level 

vignettes were recorded as 1 (correct) and higher ratings, as zero (incorrect), 

whereas, for maximum level vignettes, the reverse was true: lower ratings were 

recorded as zero, and higher ratings as 1. This design might have led to an opposite 

trend between the responses to minimum and maximum level indicator-vignette 

pairs, with the dichotomous scores in the maximum level group following the same 

direction as the measurement of the construct assessed by the indicators (with 0 to 
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1 representing lower to higher construct levels), and the dichotomous scores in the 

minimum level group being inversely related to the indicators’ latent variable (with 

0 to 1 representing higher to lower construct levels). 

The analysis of the item residuals in the first contrast shows some local 

dependence between item responses for the joint MAX-MIN sample, particularly 

associated with indicator vignettes at the highest level. The behaviour observed for 

the items "Range of consultation 'conslt 5'" and "Respect counterarguments 'countr 

5'" is likely due to their overfit behaviour. A slight correlation was observed for the 

highest-level item-vignette pairs from the Egalitarian Principle, specifically 

"Particularistic or public goods 'encmps 4'" and "Means-tested v. universalistic 

policy 'univl 5'". These pairs also have the highest residual loadings in the 1st 

contrast, indicating the potential need for a common element to identify these 

constructs at their highest levels.  

When considering the samples of responses to maximum and minimum level 

vignettes in isolation (MAX and MIN), deviating response patterns were associated 

with the most difficult indicator-vignette pairs –'engage 1' in the MIN sample and, 

less significantly, 'reason 3' and 'common 4' in the MAX sample. 

The disattenuated correlation between clusters outside the limits of 

acceptance (clusters 1 and 3) and the one inside (cluster 2) raises concerns only for 

the Minimum Sample for Cluster 1 ('engage 1'). This item is the most difficult and 

underfit item-vignette pair in the survey and is associated with differential item 

functioning for raters from continents A and D. However, the residual loadings in 

the PCA first contrast suggest better responses for unidimensionality for the results 

provided by the MIN sample, with the worst presented by the MAX sample as 

shown in Table 4.8. This result is likely caused by the fact that most of the other 

item pairing low construct vignettes have better fitting behaviours, even though four 

occupy Rasch measure levels higher than zero compared to only two from the high 

construct vignettes.  

Considering the dimensionality issues indicated in Table 4.8 for the MAX 

sample and its residual cluster distribution joining the most challenging and most 

underfit items ('reason 3' and 'common 4'), these two items are considered the 

priorities for revision, followed by 'engage 1'. 

The difficulty associated with 'engage 1', 'reason 3' and 'common 4' may be 

attributed to lapses in the coders' discrimination between specific rating categories, 
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as is suggested by the frequency with which ratings were assigned to each indicator-

vignette combination, shown in Table 5.1. 

 

Table 5.1. Number of responses associating each of the fourteen indicator-

vignette pairs to each rating category of the corresponding indicator, in each 

sample of respondents (MAX-MIN, MIN and MAX).  

 sample of 
respondents 

rating categories: Total number 
of respondents  0 1 2 3 4 5 

reason 1 MAX-MIN 19 91 22 10 - - 142 
MIN 22 94 23 10 - - 149 
MAX 19 91 23 10 - - 143 

reason 3 MAX-MIN 14 48 64 16 - - 142 
MIN 14 51 64 17 - - 146 
MAX 14 48 65 16 - - 143 

common 1 MAX-MIN 8 82 17 25 10 - 142 
MIN 8 87 17 26 11 - 149 
MAX 8 82 18 25 10 - 143 

common 4 MAX-MIN 9 14 26 57 36 - 142 
MIN 9 15 28 57 38 - 147 
MAX 9 14 26 58 36 - 143 

countr 1 MAX-MIN 18 93 17 3 8 3 142 
MIN 18 99 17 3 9 3 149 
MAX 18 93 17 4 8 3 143 

countr 5 MAX-MIN 5 10 14 9 26 78 142 
MIN 5 11 14 9 26 84 149 
MAX 5 10 14 10 26 78 143 

conslt 1 MAX-MIN 46 77 7 2 5 5 142 
MIN 48 81 7 2 5 6 149 
MAX 46 77 7 3 5 5 143 

conslt 5 MAX-MIN 6 14 18 2 70 32 142 
MIN 6 14 19 2 73 34 148 
MAX 6 14 18 3 70 32 143 

engage 1 MAX-MIN 14 58 49 6 10 5 142 
MIN 15 60 53 6 10 5 149 
MAX 14 58 49 6 11 5 143 

engage 5 MAX-MIN 4 12 9 17 41 59 142 
MIN 4 12 9 18 44 61 148 
MAX 4 12 9 18 41 59 143 

encmps 1 MAX-MIN 27 72 16 18 9 - 142 
MIN 29 76 16 18 10 - 149 
MAX 27 72 16 19 9 - 143 

encmps 4 MAX-MIN 8 9 10 44 71 - 142 
MIN 8 10 10 46 75 - 149 
MAX 8 9 10 44 72 - 143 

univl 1 MAX-MIN 23 60 26 7 18 8 142 
MIN 24 63 28 8 18 8 149 
MAX 23 60 26 7 18 8 142 

univl 5 MAX-MIN 7 12 7 8 87 21 142 
MIN 7 12 9 9 88 22 147 
MAX 7 12 7 8 87 22 143 
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The difficulty encountered in recognizing the vignette depicting lowest level 

of the ‘engaged society’ indicator can be attributed to coders' lapses in 

discriminating between rating categories 1 and 2. While most respondents assigned 

the rating of 1 for the hypothetical case described in this vignette, category 2 was, 

by a narrow margin, the second most frequently selected option for this indicator-

vignette pair. 

The confusion between rating categories 1 and 2 of the 'engaged society' 

indicator could be associated with a difficulty in detecting nuances in the text of the 

vignettes7 or of the questionnaire item. When addressing “how wide and how 

independent are public deliberations” [24] (Table 4.2), the response categories 1 

and 2 of this indicator describe similar situations where public deliberation is 

allowed, but non-elite actors are typically kept out of the debate. The key difference 

between the two categories would then resume to the first two words in the 

description of category one, relating to the scope of public deliberation that is 

allowed [24] (p. 171): 

“1:  Some limited public deliberations are allowed but the public below the elite levels 

is almost always either unaware of major policy debates or unable to take part in 

them. 

2:  Public deliberation is not repressed but nevertheless infrequent and non-elite 

actors are typically controlled and/or constrained by the elites.” 

In other words, the difficulties in detecting the lowest level of the 'engaged 

society' indicator could have been influenced by difficulties in detecting —in the 

vignette’s text or in the description of the questionnaire item— the difference 

between restricted and unrepressed public deliberation.  

As observed for the most challenging item ('engage 1'), the difficulty 

associated with 'reason 3' and 'common 4' may also be attributed to lapses in the 

coders' discrimination between specific rating categories. In the indicator for 

'common good', two rating categories are remarkably similar [24] (pp. 169-170), 

 
7 The present study did not examine the vignettes' descriptions since their textual content was 

unavailable to the authors. 
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seemingly comprising, in both cases, situations in which justifications refer to 

“specific interests” almost as much as to the “common good”: 

“2:  Justifications are for the most part a mix of specific interests and the common 

good and it is impossible to say which justification is more common than the other. 

3:  Justifications are based on a mixture of references to constituency/party/group 

interests and on appeals to the common good.” 

The confusion in the wording of the questionnaire item for the 'common good' 

indicator could have had a significant impact over coders' performance in 

recognizing the highest construct level vignette ('common 4', hypothetically located 

between the two highest rating categories, 3 and 4).  

In the case of the indicator on 'reasoned justification', in turn, the significant 

difficulty in recognizing the highest construct level vignette ('reason 3'), but not the 

lowest ('reason 1'), could be related to difficulties in discriminating the quality of 

justification, as defined along the rating categories’ description for this particular 

item [24] (p. 169): 

“1:  Inferior justification. Elites tend to give reasons why someone should or should 

not be for doing or not doing something, but the reasons tend to be illogical or 

false, although they may appeal to many voters. For example, 'We must cut 

spending. The state is inefficient.' [The inference is incomplete because addressing 

inefficiencies would not necessarily reduce spending and it might undermine 

essential services.] 

2:  Qualified justification. Elites tend to offer a single simple reason justifying why 

the proposed policies contribute to or detract from an outcome. For example, 'We 

must cut spending because taxpayers cannot afford to pay for current programs.'  

3:  Sophisticated justification. Elites tend to offer more than one or more complex, 

nuanced and complete justification. For example, 'We must cut spending because 

taxpayers cannot afford to pay for current government programs. Raising taxes 

would hurt economic growth, and deficit spending would lead to inflation.'” 

In fact, when rating the vignette set at the highest level of 'reasoned 

justification' ('reason 3', hypothetically located between the categories 2 and 3), 

coders often marked it in level 1 (‘inferior justification’), almost as much as in the 

level 2 (‘qualified justification’) –as shown in Table 4.2. The difference between a 
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justification that offers a “single simple reason” (“inferior justification”, described 

in Category 1) and one in which the “inference is incomplete” (“qualified 

justification”, in Category 2) may not be so clear; and identifying the reasons that 

are “illogical are false” may likewise involve a great deal of bias. 

The significant difficulty in detecting the highest level of 'reasoned 

justification' ('reason 3') but not its lowest ('reason 1') –Figure 4.2 and Table 4.6–

suggest that coders towards more rigour when discriminating the quality of 

justifications in political discourses. 

Figure 5.3 and Figure 5.4 depict a graphical comparison between the 

distribution of coders' responses (listed in Table 5.1) for both 'reason 1' and 'reason 

3' indicator-vignette pairs (Figure 5.3) and 'engage 1' and ' engage 5' (Figure 5.4). 

 

Figure 5.3. Number of coders' responses assigning the indicator-vignette pairs 

'reason 1' and 'reason 3' to each rating category of the corresponding 

indicator, in each sample of respondents (MAX-MIN, MIN, and MAX) 
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Figure 5.4. Number of coders' responses assigning the indicator-vignette pairs 

'engage 1' and 'engage 5’ to each rating category of the corresponding 

indicator, in each sample of respondents (MAX-MIN, MIN, and MAX) 

 

For the 'reason 3' indicator-vignette pair (Figure 5.3), the responses are 

mainly divided between Category 2, which agrees with the vignette level provided, 

and Category 1, erroneously identified. In contrast, for 'reason 1', the pick of 

responses is concentrated on Category 1, which appropriately corresponds to the 

vignette construct level presented to the coders.   

In turn, for the 'engage 1' indicator-vignette pair (Figure 5.4), the responses 

are mainly divided between Category 1, which agrees to the vignette level provided, 

and Category 2, erroneously identified, while for 'engage 5', the responses are 

distributed mainly in Categories 4 and 5, both agreeing to the highest vignette level 

being analysed. 

Corroborating these results showing challenging items for respondents, the 

study described in [149], which investigates political trust surveys using Rasch, 

raised concerns about how the differences between the four answer categories were 

meaningful to the respondents. The robustness of the polytomous findings was then 

checked by dichotomising the items between categories 2 and 3. This simplification 

was shown not to affect the conclusions [149]. 
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was generally observed in all indicator-vignette pairs, except for the item associated 

0

10

20

30

40

50

60

70

0 1 2 3 4 5

rating categories:

N
u

m
b

er
 o

f 
C

o
d

er
' R

es
p

o
n

se
s

'engage 1' and 'engage 5'

engage 1 MAX-MIN engage 1 MIN engage 1 MAX

engage 5 MAX-MIN engage 5 MIN engage 5 MAX



77 
 

with ‘Respect Counterarguments’ ('countr 1' and 'countr 5'), as shown in Figure 

5.5. 

 

Figure 5.5. Number of coders' responses assigning the indicator-vignette pairs 

'countr 1' and 'countr 5' to each rating category of the corresponding 

indicator, in each sample of respondents (MAX-MIN, MIN, and MAX)  

 

For the item-vignette pair 'countr 1' (Figure 5.5), the pick of responses was 

correctly positioned in Category 1 without spreading significantly to the neighbour 

Category 2, which does not agree with the vignette level 1. In turn, for 'countr 5', 

raters massively and appropriately concentrated their responses in Category 5. 

The inhomogeneity of response behaviours when exposed to the vignette text 

stimuli, the construct level's natural context, the wording of the questions, and the 

item response options provides crucial information for further investigation. This 

information includes the measurand, the potential unknown dimensions that can be 

identified, the specificities of individual culture and idiom groups, and the 

clearness of items and response options that can impact the raters' ability to identify 

the construct under measurement. 

 

5.1 Conclusions and Future work 

This preliminary investigation focused on the "sensor elements" of the 

democracy measuring system performed by the raters. These components were 

isolated for metrological characterisation by applying the Rasch probabilistic 

approach and analysing its parameters considering the complete set of indicators 
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from the Deliberation Survey from the V-Dem measuring system and their 

anchoring vignettes database. 

The study revealed various challenges that must be addressed to improve the 

measuring system's performance, ensuring the reproducibility and comparability of 

results. Given the complexity of the concept and its impact on item development, it 

is essential to continuously improve the clarity and specificity of indicator 

definitions. The study highlights specific items requiring investigation to improve 

text interpretation across coders, address differential functioning, and explore other 

interference parameters.  

The analysis conducted using the Rasch approach allows for sample 

independence and comparability with future results provided by different groups of 

raters, as well as tracking their evaluations over time.  

Overall, the results emphasise the intricate nature of assessing democracy and 

the importance of addressing multiple sources of uncertainty to enhance the 

accuracy of measurement results and provide measurement objectivity and 

intersubjectivity. The outcomes illustrate the impact of the sources of uncertainty 

in the measurement process on the performance of the measuring instrument's 

sensors. This understanding is crucial in shaping the infrastructure necessary to 

ensure the reliability of results from measuring systems designed for democracy 

assessments. 

Efforts to integrate metrological considerations and strategies in this field of 

application can contribute to advancing research and theoretical discussions in 

political science. 

 

Future work involves: 

• Expanding the data analysis with anchoring vignettes. 

• Incorporating the complete set of items and coders from the V-Dem 

project. 

• Exploring the database with other approaches, notably the Many-

Facet Rasch Model. 

• Applying the Rasch probabilistic approach to the conventional 

measurement model of the V-Dem measuring system 
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