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Abstract: This paper deals with the measurement quality of two-dimensional spatial maps in voting 
advice applications (VAAs). Currently most VAA designers define the underlying political dimensions a 
priori. Yet, even when drawing on established conceptions of political dimensionality the ex-ante defined 
political value dimensions often do not meet basic psychometric properties needed for meaningful 
measurement. We propose dynamic scale validation as a pragmatic method by which the measurement 
quality of VAA spatial maps can be improved. The basic rationale of our suggestion is to draw on data 
generated by users accessing the VAA soon after its launch and then apply tests of desired psychometric 
properties. We illustrate our argument drawing on data from three VAAs: the Swiss smartvote, the 
Romanian votulmeu, and the Cypriot choose4cyprus. Focusing on the concepts of unidimensionality and 
reliability, we find that the ex-ante defined maps were invariably deficient and could have been 
significantly improved by way of dynamic validation. Dynamic validation is not simply another 
methodological quirk. We find that up to 66% of users would have received a different implicit voting 
advice had our suggestion been followed. 
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Introduction 

In this paper, we address a particular aspect of VAA design: the way VAAs represent political 

preferences in low-dimensional space. These graphs place VAA users along with parties/candidates in a 

political map typically consisting of an economic and a cultural dimension. Two functions are therefore 

performed. On the one hand, they give users an indication of where they stand in the ideological space. 

On the other hand, they provide a relational indication of the user’s nearness to political 

parties/candidates and therefore a form of an implicit voting advice (Louwerse & Rosema, 2011). Most 

VAAs make use of such ideological maps even if they are most often only a secondary means of 

conveying ideological congruence with political elites in addition to high-dimensional matching 

techniques (see Louwerse & Rosema, 2011). However, in some VAAs, notably those from the 

Kieskompas family, two-dimensional spatial maps are even the primary mode of representing the voting 

advice.  

Coming up with a methodologically viable low-dimensional depiction of political preferences is 

not an easy exercise. Recent studies indicate that fundamental psychometric properties needed for 

meaningful measuring of ideological positions have not been met in one of the most prominent VAAs, 

the EU Profiler (Gemenis, 2013; Louwerse & Otjes, 2012). While these two studies rightly point to the 

problematique, they offer little practical advice for VAA designers on how to ameliorate the two-

dimensional maps. Taking up on this point, Germann et al. (forthcoming) have suggested a relatively 

easily applicable procedure by which VAA designers can test and (potentially) revise the dimensions 

underlying the spatial maps: dynamic scale validation. The basic rationale of dynamic validation is to 

draw on data generated by users accessing the VAA soon after its launch and then apply tests of desired 

psychometric properties – in particular unidimensionality and reliability – on the a priori defined scales, 

which may also give rise to scale adjustments. Drawing on data stemming from one of the most 

institutionalized VAAs, the Swiss smartvote, Germann et al. (forthcoming) showed that dynamic 

validation provides an effective way of ascertaining crucial psychometric properties in VAA spatial maps.  

In this paper, we follow-up and extend the analysis of our earlier paper. Our primary goal is to 

counter one of the most obvious critiques, namely that of picking too easy a case for the demonstration of 

the usefulness of the method we propose. For their 2007 version, the smartvote team based the two-
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dimensional map on a relatively unusual conceptualization of political dimensionality (see Hermann & 

Leuthold, 2003), which is rather different from the internationally established one (e.g., Marks et al., 

2006; Kriesi et al., 2006). This may give rise to the (wrong) perception that better specified ex-ante 

dimensions will not face the same problems. To counter this, we analyze two other VAAs where the ex-

ante definition of the political space matches international standards: the Romanian votulmeu and the 

Cypriot choose4cyprus. At the same time, we apply a broader set of psychometric techniques, now 

including (exploratory as well as confirmatory) factor analysis, Mokken Scaling Analysis (MSA), and 

several reliability estimators. We find that measurement quality of the ‘more conventional’ ex-ante scales 

is not sufficient also in these cases. Critically, the dynamic validation we propose would have been able to 

detect measurement problems, and substantially improve measurement quality of the spatial map at an 

early stage of the VAA being online. 

Our suggestion for dynamic validation is not a mere technicality, yet another methods quirk 

without practical consequences. We find that in all of our examples, the placement of users in the political 

space systematically changes upon scale adjustment. Maybe even more relevant, we find that also the 

implicit voting advice carried by these maps changes systematically; depending on the case, up to 66% of 

users would have received a different implicit voting advice had our suggestion been followed.  

The paper is structured as follows. In the first section, we explain in greater detail what we mean 

by dynamic scale validation as well as the rationale for it. In addition, we make some more general points 

relevant for valid and reliable measuring of ideological positions. Next we demonstrate our argument 

empirically. We begin by replicating our analysis of the Swiss case and thereby make it accessible to a 

wider public for the first time. We then extend our analysis to the Romanian votulmeu and the Cypriot 

choose4cyprus. In the third section we address the practical effects of dynamic validation. We will gauge 

the effect on placements in the ideological space as well as the extent to which the implicit voting advice 

changes. Finally, we conclude by summing up and highlighting some more general points. 

The Rationale for Dynamic Scale Validation 

Political discourse is strongly linked to notions of space (Benoit & Laver, 2012). For instance, we often 

speak of parties’ relative positions on the left-right axis and by this we are – wittingly or unwittingly – 

employing the language of space. However, even if spatial thinking of political competition is deeply 
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ingrained in society, concepts such as the left-right dichotomy cannot be considered ‘real’ in the sense 

that they are not directly observable. Fundamentally, they represent spatial metaphors that facilitate 

political discussions (Benoit & Laver, 2012). The implicit idea behind this spatial conceptualization is 

that an individual’s position on, say, abortion and gay adoption is an outflow of (i.e., is caused by) her 

position on an underlying (latent) construct, in this case social liberalism. As a result, what VAA 

designers are engaged in when plotting user, candidate, and party positions in the political space is the 

measurement of individual positions on latent traits. 

Almost by definition, measuring something that is not really there but solely exists in our heads is 

difficult and prone to error. However, over the years psychometricians have come up with a vast arsenal 

of criterions and methods by which we can evaluate the quality of a measure of a latent construct, i.e., 

whether a measure of a latent trait is valid and reliable. In this paper, we are primarily concerned with two 

of the most fundamental ones: unidimensionality and reliability. Unidimensionality, on the one hand, 

demands that a set of items all measure the same latent trait (a property called internal consistency), and 

only this latent trait (a property called external consistency) (Gerbing & Anderson, 1988). 

Unidimensionality is a critical and basic assumption of measurement theory (Hattie, 1985) because if a 

scale is not unidimensional, it is not clear what a particular value on this scale would imply. Imagine a 

measurement instrument that measures both temperature and air pressure. What would an increase on this 

instrument mean? It is impossible to know because it could mean both that it has become hotter or that air 

pressure has gone up. In sum, if a scale does not reflect a single latent trait and is therefore not 

unidimensional, it is impossible to know what the aggregate score actually implies. On the other hand, 

reliability refers to the measurement precision of a scale; in technical terms it is defined as the share of the 

error-free true score variance to the total observed score variance (Lord & Novick, 1968). While 

completely error-free measurement is impossible to achieve, we should strive for measures which are 

maximally precise (Carmines & Zeller, 1979). Imagine a perfectly valid measurement instrument which 

is, however, very unreliable. Despite perfect validity, this instrument will still prove relatively useless 

because even if on average we are correct, we hardly ever measure the correct position of a particular 

individual. 
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Evidently, both unidimensionality and reliability are also of fundamental importance for VAA 

spatial maps , and in particular for the quality of the implicit voting advice conveyed. If the underlying 

measures of political values are not unidimensional, their interpretation becomes ambiguous and the maps 

will thereby be of little use for VAA users or (worse) even misleading. It is equally problematic if the 

underlying dimensions do not constitute reliable measures, because this would imply that in most cases, 

the positionings are plainly wrong.  

From this perspective, the fact that recent studies indicate that the scales used in VAAs are 

deficient in terms of both unidimensionality and reliability should worry us (Gemenis, 2013; Louwerse & 

Otjes, 2012). However, these studies do not offer practical advice for VAA designers on how the latent 

political dimensions underlying the spatial maps could be fixed so that they meet psychometric standards. 

Both Gemenis (2013) and Louwerse & Otjes (2012) focus on the political supply side, i.e., they analyze 

the quality of the placement of parties in the ideological space. They can do this because they draw on the 

unique case of the the EU Profiler, an international VAA including coded positions of 274 political 

parties in 30 European countries. The problem is that in more common-place single-country VAAs, the 

supply side may consist of a mere 5 to 10 parties. With such a small number of observations, 

psychometric evaluations of either unidimensionality or reliability are hardly possible. Thus, the typical 

VAA designer cannot – like Gemenis and Louwerse & Otjes did – make use of coded party/candidate 

positions to evaluate and improve the scaling properties of the spatial maps. 

There is yet another problem associated with supply-side scaling analysis: voter and elite political 

spaces need not be identical (e.g., Kriesi et al., 2006: 923). Thus even in the rare cases where supply-side 

scaling analysis is possible, focusing on the elites may well not be enough. The primary aim of a VAA is 

to provide voters with adequate placements (for a similar argument see Louwerse & Otjes, 2012). We 

cannot secure this by drawing exclusively on the political supply side. Rather, we need to factor in how 

well the scales work with voters as well. 

An obvious fix to this problem would be to pre-administer the questionnaire to a test sample 

before the launch of a VAA, and then use this data to define the spatial map. While in principle a viable 

strategy, the substantial financial resources needed for such an undertaking renders this as less practical 

advice for VAA designers. Instead we suggest that VAA designers dynamically validate their political 
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value scales against actual user data. By this we mean that VAA designers draw on data generated by 

those users who access the site soon after its launch and use this data to conduct psychometric tests. If it 

then turns out that the scales fare well (e.g., are unidimensional and reliable), all the better. If it however 

turns out that the scales are problematic, VAA designers can then adjust their scales so that they better 

hold up to fundamental measurement properties. 

(Figure 1 about here) 

To illustrate our suggestion of dynamic scale validation, we embed it in the broader process of 

scale development. We will also quickly address issues other than unidimensionality and reliability, given 

that these are not the only criterions to be taken into account when developing a scale (Clark & Watson, 

1995). Figure 1 shows the process of scale development adapted specifically for VAA spatial maps 

(figure 1 bases loosely on figure 1 in O’Leary-Kelly & Vokurka, 1998).1 We divided the process in two 

subsequent steps. The first step refers to the pre-launch phase and the second to the post-launch phase. 

The primary task in the first, pre-launch step is the setting-up of the questionnaire. The aim is to identify a 

set of items which are theoretically related to the construct at hand. For the specific case of political value 

dimensions, these may be items on individual attitudes towards immigration, environmentalism, and so 

forth. Already at this early stage, a whole series of validity issues creep in, but a particularly important 

one is content validity. Content validity demands that items are selected such that the resulting scale 

adequately reflects the construct at hand (Carmines & Zeller, 1979). For instance, a social liberalism scale 

would not be content valid if it contains only items on immigration and if it is believed that social 

liberalism also pertains to European integration, cultural liberalism, and environmentalism. In addition to 

content validity, item wording is another fundamental issue relevant in the first stage of scale 

development (Clark & Watson, 1995; for the VAA context see Gemenis, 2013). However, in the usual 

VAA setting where users are compared to the pre-coded positions of a small set of political parties or 

candidates2, further-reaching psychometric tests are largely precluded at this early stage, assuming VAA 

1 We do not provide a conclusive list of all criterions relevant for scale development, but instead focus on what we deem most important for the 
VAA context. 
2 Of course, the situation is different for those few VAAs, like the Swiss smartvote, where all candidates running for a parliamentary seat are 
surveyed. This leads to massive datasets consisting of individual candidates’ political preferences, which can of course be used for scaling 
analyses. However, the argument for dynamic validation of user data still holds because voter and elite spaces need not be identical. 
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designers do not have the resources to pre-administer the questionnaire to a test sample before the 

launch.3  

However, once the tool is launched and people have started using it, VAA designers can 

dynamically evaluate their scales against more rigid criterions (see figure 1). The basic aim of this step is 

to empirically establish the degree to which an item set defined to measure a latent construct in fact 

measures this construct. The empirical evaluation is post-launch and therefore dynamic in that it draws on 

early user data. If it turns out that a scale fares badly, it is often possible to identify and remove 

problematic items from a scale and thereby increase its quality. Unidimensionality and reliability are of 

primary relevance at this stage. Thus we will focus on these concepts in the empirical demonstration. 

However, dynamic scale validation need not be limited to these criterions. For instance, dynamic 

validation would also allow for an assessment whether different groups of users (e.g., with different 

degrees of political sophistication) perceive the scales in the same way, i.e., whether the measures are 

equivalent across groups (Horn & McArdle, 1992).  

Empirical Demonstration 

In the next sections, we demonstrate the effectiveness of dynamic validation empirically, focusing on the 

criterions of unidimensionality and reliability. We start off replicating our earlier analysis (see Germann 

et al., forthcoming) of the 2007 version of the Swiss VAA smartvote. We will then move on to examine 

two new cases, namely two VAAs conducted recently in Romania (votulmeu) and Cyprus 

(choose4cyprus), respectively. One comment is in order before we delve into the analysis. Whenever we 

are suggesting new scales based on early user data, we base our decision on commonly cited cut-off 

criterions. This may at times appear overly rigid, and in practice, a VAA designer may deem an 

underperforming item too important from a substantive perspective to exclude. In recognition of the fact 

that cut-off criterions are to a certain extent arbitrary, we would not in principle oppose this if the extent 

of underperformance is not too dramatic. 

3 A feasible additional strategy is to compare  the ex-ante defined estimates of party positions in the political space with those based on 
established measures (e.g., the Chapel Hill expert coding, see Bakker et al., 2012), or in technical terms establish the extent of criterion (or to be 
more precise, concurrent) validity (Carmines & Zeller, 1979). Severe distortions may give rise to second thoughts on the composition of the 
scales already at this stage. 
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Examining smartvote 2007 

Smartvote is one of the most institutionalized VAAs. It has repeatedly attracted hundreds of thousands of 

users (Fivaz & Nadig, 2010). Smartvote makes use of a variety of techniques to convey results, one of 

which is a two-dimensional spatial map. For the ex-ante item assignment to the two scales underlying the 

spatial map, the smartvote team drew on earlier work by Swiss political researchers (Hermann & 

Leuthold, 2003). Due to this, the resulting scales appear quite unusual from an international perspective. 

In particular, the 30-item left-right axis includes not only socio-economic aspects, but also items on law 

and order and military defense. The 31-item cultural scale, on the other hand, mixes up cultural matters 

and matters relating to economic liberalism. We will now examine these ex-ante defined scales.4 

Dynamic Validation of the Ex-ante Scales: Unidimensionality 

We begin by examining the two ex-ante defined scales in an early user sample (all users who filled in the 

VAA more than one month prior to the election of October 21, 2007). We thereby establish the extent to 

which these two scales measure a single latent trait and are precise measures of this trait.  

When evaluating unidimensionality and reliability, it usually makes sense to begin with the 

assessment of unidimensionality. A main reason for this is that one of the most commonly used reliability 

coefficients (Cronbach’s alpha) assumes unidimensionality (Gerbing & Anderson, 1988). Given that we 

aim to test two already defined scales, the unidimensionality assessment is confirmatory in nature, i.e., we 

seek to (dis-)confirm the pre-defined scales. One of the most powerful and widely used confirmatory 

techniques for testing unidimensionality is confirmatory factor analysis (CFA) (Gerbing & Anderson, 

1988; Floyd & Widaman, 1995; for an accessible introduction see Brown, 2006).  CFA is a type of 

structural equation modeling (SEM) which deals specifically with the quality of latent trait measurement 

models. CFA requires the researcher to specify the measurement model before analysis. Basically this 

means that it is necessary to in advance specify the number of latent traits as well as which items are 

4 Two comments are in order. First, analyzing VAA data presupposes that the data is ‘clean’. This is not as trivial as it may appear, essentially 
because VAA data sets tend to be inflated with users who used the tool more than once and users who have just been experimenting with the tool. 
For scaling analysis, multiple entries and random click-throughs need be avoided. In principle there are two ways how VAA designers can go 
about this. The first is preferable and implies the saving of IP addresses (or cookies) and implementation of item-specific time stamps so that 
‘bogus’ entries can be filtered out (see Andreadis, 2012). The second is to restrict the analysis to those users who filled in the opt-in survey after 
the generation of their matches. While drawing on the opt-in with high certainty leaves us with valid entries, it is sub-optimal because those who 
do not fill in the opt-in may be very different from those who do, which implies that we overfit the political dimensions to a particular group. 
Given that smartvote did not make use of cleaning techniques, we draw on the opt-in data. For the analyses involving votulmeu and 
choose4cyprus, we can however draw on ‘cleaned’ data. Second, we restrict our analysis to policy items and leave out the ten spending items (see 
Germann et al., forthcoming). This still leaves us with 63 items. 
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associated with what latent trait. Unidimensionality can be concluded if the resulting model fits well and 

factor loadings of individual items are reasonably strong (i.e., standardized factor loadings > |.4|) (Brown, 

2006; O’Leary-Kelly & Vokurka, 1998). Well-behaved goodness-of-fit indices are the root mean square 

error of approximation (RMSEA), the comparative fit index (CFI), and the Tucker-Lewis index (TLI). 

While there is a hot debate among methodologists on the cut-off criterions indicating acceptable model 

fit, more moderate suggestions are that model fit is adequate and thus unidimensionality supported if 

RMSEA < .1, CFI ≥ .9, and TLI ≥ .9 (Brown, 2006: 87). Concerning model estimation, an important 

consideration is that what is typically the default in statistical packages – using a Pearson correlation 

matrix as input matrix followed by maximum likelihood (ML) estimation of the structural model – is 

inappropriate for ordinal-level items. Instead, polychoric correlations should be used in combination with 

robust weighted least squares (WLSMV; Flora & Curran, 2004; Brown, 2006). 

The upper left part of table 1 provides the summary fit indices of a CFA-model of the ex-ante 

defined two-dimensional solution, using polychoric correlations in conjunction with WLSMV 

estimation.5 The summary statistics cast significant doubt on the unidimensionality of the ex-ante scales: 

two of the three fit indices are clearly below the desired levels (CFI of .7 and TLI of .69). A closer 

inspection of the model (see the CFA columns in table A1 in the appendix) confirms this interpretation. 

Several of the factor loadings are weak (i.e., < |.4|), and some are even non-significant. On top of this, 

some items do not even load in the theoretically expected direction. That is, the relation between these 

items and the latent constructs turns out to be the opposite of the ex-ante expectations. If we constrain 

them to load in the expected direction, model fit decreases even more. The unambiguous conclusion 

suggested by CFA is therefore that the ex-ante scales are not unidimensional. 

However, a heavyweight drawback of CFA – even if the guidelines for ordinal outcomes are 

followed – is that it imposes rigid distributional assumptions in the sense that items should have the same 

means and frequency distributions (van Schuur, 2003). In many settings, including the VAA context, this 

assumption is prone to be violated. Not only this, it also hardly makes theoretical sense. For instance, we 

5 In this as well as in all further CFA analyses, we specify a two-factor model where the items are assigned to the two respective factors in line 
with the measurement model. Each item is attributed a freely estimated error variance and these error variances are specified as uncorrelated. The 
covariation of the latent constructs is freely estimated. For identification purposes, the factor variances are fixed to one. We always use listwise 
deletion, in this case on the 55 items comprising the two ex-ante scales. 
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would hardly expect that the number of respondents endorsing abortion and gay adoption is the same. 

VAA items tend to be ordered in terms of difficulty, meaning that some items are more easily endorsed 

than others. Varying item difficulties will always violate CFA’s distributional assumption. In these 

contexts, item response theory (IRT) provides a methodologically more viable alternative to CFA. While 

there are many different IRT models available, Mokken’s (1971) monotone homogeneity model (MHM) 

is particularly suited for VAA data given that it is a less assumption-laden, non-parametric variant of IRT 

and therefore often fits data better compared to its parametric counterparts (Hemker et al., 1995). Whether 

a scale conforms to the Mokken model can be evaluated via two confirmatory tests. The test of 

homogeneity, on the one hand, relies on Loevinger’s H coefficient and demands that a scale’s overall H-

coefficient must pass .3 (with scales with overall scores ≥ .3 usually considered weak, ≥ .4 of moderate 

strength, and ≥ .5 strong) as well as that each item-specific H-coefficient is ≥ .3. The second test, the test 

of monotonicity, checks whether each item in a scale has a monotonically non-decreasing relation with 

the latent trait (evaluation is assisted by the diagnostic crit value which should come to lie below 80; see 

van Schuur, 2003). If a scale passes both tests, it can be considered unidimensional. 

Mokken scale analysis confirms the results suggested by CFA.6 The upper left part of table 1 

contains the overall H-scores of the two ex-ante scales: .25 for the left-right and .12 for the cultural scale. 

Given that both come to lie below .3, these values indicate that the scales do not conform to the Mokken 

model. Inspection of individual items’ H-scores as well as crit values provide further evidence of model 

violations and in particular confirm the very bad fit of the cultural scale (e.g., not a single item-H above 

the cut-off of .3; see the MHM columns in table A1).  

(Table 1 about here) 

Coming Up with Unidimensional Scales 

Having seen that the ex-ante scales are problematic in terms of unidimensionality, the question becomes 

whether these scales could have been corrected. For this, we again draw on the early user sample, but turn 

to exploratory techniques designed to help with the selection of items into unidimensional scales. These 

techniques are data-driven and thus quasi-inductive (but not fully inductive in the sense that the nature of 

6 Mokken scale analysis requires that items point in the same direction. Thus, in this as well all other Mokken-based analyses, we recoded all 
items so that higher values consistently indicate an economically right-wing (for left-right) or a socially liberal (for the cultural scale) position. 
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the identified dimensions inevitably depends on the nature and quantity of the items; see Benoit & Laver, 

2012).  

Exploratory factor analysis (EFA) is probably the most well-known technique for the exploratory 

development of unidimensional scales. EFA draws on the correlation or covariance matrix among 

variables to identify latent constructs that explain the covariances among the items (Floyd & Widaman, 

1995). By way of the resulting factor loadings, EFA can thus help with the selection of items into scales: 

items that are substantively related to one trait, and only this trait (i.e., no considerable cross-loadings), 

can be used for measuring this particular trait (Costello & Osborne, 2005).  

The first two rows in table A2 in the appendix provide the results of an EFA of all 63 smartvote 

items, whereby we again looked only at early users as defined above.7 To account for the fact that the 

smartvote constitute ordinal-level measures, we used polychoric correlations as our input matrix and 

estimated the model via the principal factor (PF) method (see Brown, 2006).8 The scree test suggested the 

extraction of two factors9, and we used an oblique promax rotation to foster the interpretability of the 

results. 10 As opposed to the ex-ante defined scales, the two extracted factors more closely resemble 

traditional conceptions of the ideological space. Items with strong loadings on the first factor all relate to 

the socio-economic cleavage, including items on the welfare state, economic liberalism, as well as budget 

and taxes. On the other hand, items with strong loadings on the second factor exclusively relate to social 

liberalism vs. conservatism, with questions on immigration, cultural liberalism and traditionalism, law 

and order, the army, and political openness.  

However, a problem of EFA is that it often suggests scales which do not meet more rigid tests of 

unidimensionality (Brown, 2006; O’Leary-Kelly & Vokurka, 1998). We thus subjected the EFA-scales to 

7 We use listwise deletion on all 63 items.  
8 The estimation method that is still most commonly used, principal components analysis (PCA), contrary to common beliefs is not suited for the 
purpose of identifying latent constructs because it is a pure data-reduction technique which therefore neglects all variance that is unique to the 
items (Brown, 2006; Costello & Osborne, 2005). Of the manifold alternatives to PCA, principal factor (PF) estimation is best suited for ordinal 
items because it does not rest on the rigid assumption of multivariate normality. 
9 The scree test involves an examination of the eigenvalues against their serial order. The number of factors above the break point after which the 
curve flattens out is the number of factors to keep (see Brown, 2006: 27). We did not draw on the often-employed Kaiser criterion (i.e., extract all 
factors with an eigenvalue of more than one) because it often leads to the extraction of too many factors (Costello & Osborne, 2005). The 
eigenvalues of the first five factors are 15.29, 4.89, 2.22, 1.66, and 1.09. 
10 In contrast to the more often employed varimax rotation techniques which assume factors to be orthogonal, oblique rotations allow for factor 
correlations. The latter often makes more sense from both a theoretical and empirical point of view. 
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further scrutiny by way of a CFA and Mokken scale analysis.11 The result is that indeed, the EFA solution 

cannot, strictly speaking, be considered unidimensional (RMSEA: .07, CFI: .84, TLI: .83; overall H-

scores of .32 and .34, but several item-specific H < .3), even if it constitutes a clear improvement over the 

ex-ante scales. 

Yet another problem of EFA is that just like CFA, EFA assumes parallel items and is thus 

problematic when items are hierarchically ordered (van Schuur, 2003). For VAA-type items, it thus often 

makes more sense to draw on exploratory techniques which factor in item difficulties. In response to this, 

we make use of two quasi-inductive techniques which are both based on Mokken’s MHM. The first 

algorithm we use is the automated item selection procedure (AISP). The AISP starts off by identifying a 

pair of items satisfying the MHM and then consecutively selects items into scales as long as both the 

overall and the item-specific H-scores satisfy the MHM. This procedure is repeated until there are no 

more items in the pool that satisfy the criterions for inclusion (for more details see Hemker et al., 1995). 

However, a crucial disadvantage of the AISP algorithm is that by its very construction, it may not always 

produce the optimal partitioning, meaning in practice that it may be possible to construct alternative, 

longer scales out of an item pool which still conform to the MHM. Longer scales are often preferable both 

for substantive reasons and in terms of reliability. Straat et al. (2013) proposed an alternative genetic 

algorithm (GA) which addresses the problem of sub-optimal partitioning. The GA simultaneously 

evaluates all possible partitionings and selects those which lead to the longest scales.12 Each algorithm, 

however, has its own deficiencies (van Abswoude et al., 2004; Smits et al., 2012), and therefore it is best 

to run them both (Straat et al., 2013: 92).  

The remaining columns in table A2 provide the results of the Mokken-based search algorithms.13 

Both the AISP and the GA algorithm yielded three scales.14 The first scale pertains mainly to cultural 

11 We attributed an item to a scale if its loading on a factor ≥ |.4| and if  it does not load with ≥ .|32| on the other factor. We drew on the same 
sample wherein we also derived the scales via EFA. To avoid over-fitting to a particular sample, it may however be preferable to cross-validate 
the quasi-inductively-derived scales in a different sample (Anderson & Gerbing, 1988: 412). 
12 Given that both algorithms draw exclusively on the H-statistic, it should be manually assessed whether the resulting scales also meet the test of 
monotonicity – even though in practice, this will most often be the case. 
13We set the cut-off for inclusion in scales at .3 (see van Schuur, 2003). The two algorithms can only associate items which point in the same 
direction (e.g., economically right). Thus, we included the items in both original and reversed order. This has the implication that each scale 
comes out twice. We only report those which where high values indicate an economically right-wing (for the left-right scale) and socially liberal 
(for the cultural scale) position. 
14In these as well as in all following exploratory Mokken analyses, the algorithms suggest more than the reported number of dimensions. 
However, we do not report a scale if it lacks substantive meaning. That is, we do not report scales which consist of a small number (two or three) 
of similarly worded items or scales which represent very narrow constructs, constructs that are moreover also reflected in the longer scales. To 
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issues, but also includes a few economic ones (e.g., income-based health insurance premiums), while the 

second exclusively contains issues pertaining to the left-right dimension and the third exclusively issues 

pertaining to the cultural dimension. Given that the first dimension is essentially a mix of the two other 

dimensions, this outcome is difficult to make sense of substantively. We suspect the reason for this 

outcome has rather to do with the methods themselves. That is, it is most likely due to method artifacts, 

namely the presence of cross-loading items. Simulation studies have shown that both the AISP and (even 

more so) the GA algorithms can lead the generation of multidimensional scales if latent dimensions are 

correlated or if single items correlate with more than one factor (van Abswoude et al., 2004; Smits et al., 

2012). CFA supports the conclusion that we are dealing with method artifacts given that it yields clearly 

unacceptable fit indices (see table A2). We thus re-ran the analysis excluding six strongly cross-loading 

items.15 In the case of the GA algorithm, again three main scales emerged whereby the first constitutes a 

mix of economic and cultural issues. However, upon exclusion of strongly cross-loading items, the AISP 

algorithm yields two main scales. The first consists of 11 items all of which are related to the socio-

economic cleavage (i.e., welfare state, taxation, and economic liberalism), while the second includes 16 

items all related to cultural matters (i.e., political openness, immigration, cultural liberalism, army, 

institutional reform, and law and order). The two resulting scales fulfill all the criterions associated with 

the Mokken model, and represent scales of weak (left-right has an H-score of .36) and moderate (cultural 

has an H-score of .4) strength, respectively. Moreover, a further test using CFA confirms that this two-

dimensional solution is marginally acceptable with a RMSEA of .08 and both CFI and TLI of .89 (see 

table 1). In short, upon exclusion of the most strongly cross-loading items, AISP yielded a set of two 

unidimensional scales. Notably, and in contrast to the ex-ante defined scales, they reflect common 

conceptions of the Western European political space. 

Assessing Reliability 

The exclusive focus so far was on the criterion of unidimensionality. Now we will also consider 

reliability. The reliability estimate still most often reported in empirical studies is Cronbach’s alpha. 

give a tangible example, in the present example, we do not report a two-item scale suggested by the AISP algorithm consisting of item 8 
(replacing grants by repayable loans) and item 32 (replacing federal taxes with higher VAT rates). 
15 In particular, we exluded items 6, 13, 15, 43, 44, and 45. 
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However, the alpha coefficient has several deficiencies. As a start, alpha presumes continuous data and 

therefore bias emerges if alpha is estimated for VAA-type, ordinal items. In addition, alpha rests on the 

rigid assumptions of tau-equivalence (which can be thought as a factor model wherein all factor loadings 

associated with a factor are constrained to equality) and parallel item distributions (i.e., items are not 

ordered in terms of difficulty). In many circumstances, in particular in the VAA context, these rigid 

assumptions render the alpha coefficient one of the least accurate reliability estimators (Cortina, 1993; 

Sijtsma, 2009). We thus report three additional reliability estimates. First, we calculate the ordinal version 

of the alpha coefficient, which bases on polychoric instead of Pearson correlations and therefore does 

justice to the ordinal nature of VAA items (Gadermann et al., 2012). However, the ordinal alpha 

continues to assume tau-equivalence as well as parallel distributions. Thus, we also report the ordinal 

version of the omega coefficient, a structural equation-based reliability estimate which relaxes the 

assumption of tau-equivalence (McDonald, 1978). Finally, we also provide the latent class reliability 

coefficient (LCRC), a recently developed estimator (van der Ark et al., 2011) which factors in varying 

item difficulties. Because it also neither assumes metric-level data nor tau-equivalence, the LCRC 

estimate should come closest to the ‘true’ reliability. The interpretation of all four estimators is the same; 

they all range from 0 to 1 whereby higher values indicate higher reliability (technically speaking, they 

give an estimate of the share of true score variance in total variance). In most research contexts, values 

above .7 are considered adequate. However, standards should be higher if we want to know about the 

position of individuals on the latent trait. This is the case for VAAs, where the aim is to match individual 

voters with parties or individual candidates. Sijtsma (2009) suggests that for individual-level diagnosis 

reliability should exceed .9. 

The top two quadrants in table 1 give the reliability estimates of the ex-ante and the quasi-

inductive scales in the early user sample, but we restrict the discussion to the quasi-inductive scales which 

satisfy unidimensionality.16 Estimates range from 84 to .88 for the left-right scale and from .89 to .93 for 

cultural dimension. Hence, at least for the left-right scale, measurement precision tends to be slightly 

16Note that in case of the ex-ante scales, the estimates based on the alpha coefficient have to be taken with care because alpha in addition to the 
previously mentioned assumptions also presumes unidimensionality (Gerbing & Anderson, 1988). 
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below the desired .9 level, even though the extent of this underperformance does not seem dramatic. 

Further tests revealed that reliability cannot be improved by removing any item. 

Gauging the Effectiveness of Dynamic Scale Validation 

The analysis thus far has focused on users who visited the smartvote VAA up until one month prior to the 

election of October 21, 2007. We have found that the ex-ante defined scales underlying the spatial map 

are deficient in terms of unidimensionality and identified a set of two improve scales that meet common 

standards of unidimensionality and come relatively close to acceptable standards of reliability. The 

argument of dynamic scale validation is that VAA designers should now adapt the scales underlying the 

spatial map because this will improve measurement quality for the remaining period the VAA is online. 

The bottom two quadrants in table 1 give this argument empirical support (also see table A3). We 

repeated the scaling analysis for what we will call late users – users who accessed the site after our cut-off 

for dynamic validation. Overall the same patterns we found for early users persist in the late user sample. 

On the one hand, the ex-ante scales remain very problematic; both CFA (with two fit indices far below 

acceptable levels, namely a CFI of .64 and a TLI of .63) and Mokken scale analysis (with H-scores of .21 

and .12, respectively) clearly reject unidimensionality. The quasi-inductive scales, on the other hand, fare 

much better. While a strict interpretation would lead to the rejection of unidimensionality, the quasi-

inductive scales are relatively close to acceptable levels in both CFA (with RMSEA of .07, CFI of .88, 

and TLI of .87) and Mokken analysis (the overall H-scores of .31 and .36 are acceptable, but some 

individual items fail to meet the requirements of the MHM). The situation is similar for reliability, where 

the estimates range from .8 to .85 for the left-right and from .87 to .92 for the cultural dimension (which 

is strictly speaking too low for individual-level diagnosis). Taken altogether, the quasi-inductive scales 

outperform the deficient ex-ante scales the former do not perform perfectly, especially in terms of 

reliability. Nonetheless, dynamic scale validation would have led to a considerable improvement of the 

quality of the spatial map. 

Extending the Analysis 

Given the unorthodox understanding of political dimensionality used for smartvote’s 2007 version, the 

fact that their ex-ante defined spatial map yielded unsatisfactory psychometric performance may not come 
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as too big a surprise. One could therefore argue that the 2007 version of smartvote represents too easy a 

case for our argument. Moreover, some may argue that our argument only concerns VAAs with severely 

misspecified ex-ante dimensions. In the next few pages, we set out to show that this is not the case. We 

will do so by analyzing two recently conducted VAAs where the ex-ante item attribution followed 

common conceptions: the Romanian votulmeu and the Cypriot choose4cyprus. 

Examining the Romanian VAA votulmeu  

The Romanian VAA votulmeu was conducted for the 2012 parliamentary elections. Similar to smartvote 

it provided its users with a two-dimensional spatial map. Ex-ante eight (out of totally 30) items were 

attributed to the x-axis. Most of these items are unambiguously related to the socio-economic cleavage 

(items 1 and 4 address the nature of the welfare state, item 22 deals with the free market, item 3 with tax 

progressiveness, and item 7 with the public sector). The inclusion of items related to the involvement of 

foreign investors (items 2 and 6) and of the IMF (item 5) in the economic dimension may seem less 

obvious, but in Romania issues related to global capitalism generally tend to be interpreted in terms of 

privatization and deregulation. The ex-ante defined y-axis, on the other hand, contained eleven items all 

with a reference to socio-cultural matters. In particular, it includes a series of items related to ethnic 

minorities issues (items 26, 28, 29, and 30), civil rights (items 19, 20, and 22), nationalism (items 12 and 

16), secularism (item 18), and finally, outside intervention (item 17). 

(Table 2 about here) 

 

Again mimicking the situation of VAA designers, we begin by evaluating the ex-ante scales in an 

early user sample.17 The top left quadrant of table 2 provides the summary statistics of a CFA-model as 

well as confirmatory Mokken tests of the two ex-ante scales (for more details see table A4). Already a 

cursory look suggests that problems persist, even if they are slightly less accentuated compared to the 

case of smartvote. The CFA-model indicates bad fit (RMSEA of .11, CFI of .75 and TLI of .71), but at 

least the loadings all point in the hypothesized direction. However, the cultural dimension appears 

deficient given that several items have very weak loadings on this dimension. The Mokken-based tests 

17 The first 3000 users are defined as early users. We used cleaned datasets for both the analysis of votulmeu and choose4cyprus. 
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lead to a similar conclusion. On the one hand, the economic dimension yields relatively decent fit with an 

overall H-score of .33 (however, item 2 with an H-score of .29 and item 21 with a crit value of 86 are 

slightly problematic). On the other hand, the cultural dimension with a total H-score of .2 clearly does not 

conform to the MHM.  

Having seen that the ex-ante scales, particularly the cultural one, are problematic, we again resort 

to quasi-inductive techniques for the selection of items into unidimensional scales (see the top right 

quadrant of table 2 and table A5). We first conduct an EFA, which suggests a two-dimensional solution 

with a 13-item left-right and a 9-item cultural scale.18 However, just as in the case of smartvote, both 

CFA and Mokken-based tests reject the EFA-solution. Thus we again draw on the two MHM-based AISP 

and GA algorithms. Both algorithms suggest two dimensions, and both suggest the same eight-item left-

right scale. This scale combines five items which have been attributed also to the ex-ante scale (1, 2, 5, 6, 

and 7) with an item on health policy (24) and two items on outside intervention in national economic 

politics (14 and 17).19 However, the two algorithms differ with regard to the composition of the cultural 

dimension. The AISP algorithm suggests a five-item scale pertaining exclusively to ethnic minority 

issues. The GA algorithm comes up with an eight-item scale which in addition includes issues related to 

cultural liberalism more generally. The latter scale combines six items attributed also to the ex-ante scale 

(18, 20, 26, 28, 29, and 30) with two additional items (11 and 27), both related to minority issues. Given 

its broader scope, the GA cultural scale appears more convincing from the point of view of content 

validity. And while weaker in terms of unidimensionality, the eight-item scale still passes as a Mokken 

scale with an overall H-score of .36; moreover, a CFA-model of the two scales found by the GA 

algorithm yields fit indices only marginally below acceptable cut-offs (RMSEA of .09, CFI of .9, and TLI 

of .88). Taking these arguments together, the solution suggested by the GA algorithm appears more 

appropriate. Turning to the precision of the quasi-inductively derived instruments, reliability is estimated 

between .79 and .83 for the economic and between .79 and .85 for the cultural dimension (see the top 

right quadrant in table 2). While improving upon the ex-ante defined scales, reliability of the instruments 

18 The eigenvalues of the first five factors are 5.16, 2.72, 1.17, .86, and .55. 
19 The fact that items on the involvement of the EU and the IMF in national politics associate with the economic dimension seems to support the 
ex-ante reasoning that these issues tend to be associated with policies such as privatization and deregulation. 
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remains thus too low for individual-level diagnosis. However, it is not possible to increase reliability by 

item removals.  

The bottom two quadrants in table 2 compare the measurement quality of the ex-ante and the 

quasi-inductive scales in the late user sample (also see table A6). Unidimensionality is again rejected for 

the two ex-ante scales, and again the cultural scale is singled out as the more problematic of the two: CFA 

indicates bad fit (RMSEA of .11, CFI of .72, and TLI of .69) and the MHM-based tests suggest the same 

(the overall H-scores come to lie at .3 and .15, respectively, but also in case of the left-right scale some 

items do not meet up to the requirements). Compared to the ex-ante solution, the quasi-inductive scales 

fare much better. The CFA-model yields a marginally acceptable fit (RMSEA of .08, CFI of .9, and TLI 

of .88), and the left-right scale can be considered a Mokken scale with an H-score of .33. Having said 

this, the cultural scale is not without problems with its total H-score of .29 and given that some items 

come to lie below the .3 cut-off. However, the deviations are not dramatic; no item falls below .25. 

Meanwhile, reliability estimates range from .78 to .82 and from .73 to .8 for the refined scales, and thus 

just like in the early user sample remain below the desired level but are superior to the ex-ante scales.  

Summing up the analysis of the Romanian votulmeu, we have seen that problems with the 

psychometric properties of ex-ante scales can persist even if item attribution follows standard 

conventions. Critically, these problems could have been detected at a very early stage of the VAA by way 

of dynamic validation. Moreover, we showed that it would again have been possible to come up with 

improved, quasi-inductively derived scales based on early user data. These may not be perfect. In 

particular, precision remains too low, as was the case with smartvote. Still, the dynamically revised scales 

would have nonetheless considerably improved measurement quality over the remaining course of the 

VAA. 

Examining the Cypriot VAA choose4cyprus 

The Cypriot VAA choose4cyprus was designed for the presidential elections in 2013. Among other 

matching techniques, it provided users with a spatial map based on two ex-ante defined dimensions. The 

ex-ante setup draws on common understandings of the political space: the economic dimension contains 

12 items (out of a total of 30) dealing with welfare (items 2, 5, 7, 27, and 30), the public sector (items 8, 

10, and 11), issues related to state intervention and taxation (items 1, 26, and 29) as well as one item on 
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the role of banks in the financial crisis (item 4). The 13-item cultural dimension, on the other hand, deals 

with nationalism and the Turkish Cyprus question (items 9, 13, 14, 15, and 16), immigration (items 17, 

18, 19, and 25), civil rights (items 22 and 23) as well as military service (item 20) and secularism (item 

21).  

(Table 3 about here) 

The top left quadrant of table 3 gives the summary statistics for the assessment of the ex-ante 

scales in the early user sample (also see table A7).20 It turns out that despite the fact that the scales 

perform better compared to our previous examples, unidimensionality has again to be rejected for the ex-

ante solution. The CFA-model misses acceptable thresholds (RMSEA of .1, CFI of .81 and TLI of .79). A 

quick glance at the overall H-scores reveals that this misfit is mainly due to the left-right scale with its H-

score of .25.21  

Having identified the ex-ante scales as problematic, we again resort to quasi-inductive techniques 

in order to develop unidimensional scales (see table A8). EFA suggests a two-dimensional solution22, 

which however similar to the Swiss and the Romanian cases does not meet the stronger tests of 

unidimensionality. Thus, we again turn to the two MHM-based algorithms. Like EFA, they both suggest a 

two-dimensional solution. Both come up with the same 10-item cultural dimension (see the top right 

quadrant in table 3). This scale has moderate strength (H-score of .45) and its precision is estimated 

between .87 and .91. Critically, all substantive areas represented in the ex-ante cultural scale remain 

represented also in this quasi-inductive version of it (effectively it just removes items 15, 20, and 22 from 

the ex-ante scale). However, the outcomes are less clear-cut for the economic dimension, given that the 

two algorithms suggest two different scales. The AISP method, on the one hand, suggests a 5-item scale, 

while the GA method suggests a 7-item scale.23 The strength of the two scales is rather similar, with the 

20 Again, the first 3000 users are defined as early users. 
21  Meanwhile, the cultural dimension yields significantly better fit (overall H-score of .35), but still some items seem problematic (i.e., items 15, 
20, and 22). 
22 The eigenvalues of the first five factors are 5.98, 3.58, .93, .69, and .41. 
23  The GA algorithm yields an economic 8-item scale, which in addition to the above-mentioned 7-item scale includes item 4 on the 
responsibility of banks for the financial crisis. However, further analyses suggest that item 4 lacks external consistency, i.e., measures both 
economic and cultural attitudes. A CFA-model of the GA solution quite clearly rejects unidimensionality (RMSEA of .11, CFI of .87, and TLI of 
.85; see table A8). Modification indices indicate that model fit would improve considerably if the loading of item 4 on the cultural dimension is 
freely estimated. This suggests that item 4 lacks external consistency and that it should therefore be removed. The Mokken-based tests support 
this conclusion: item 4 only very closely misses criterions for inclusion in the cultural scale. We thus chose to exclude item 4. If we repeat the 
exploratory analysis with the GA algorithm without item 4, the same 7-item economic scale results. 
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shorter scale yielding an H-score of .39 and the longer scale an H-score of .35. However, the longer scale 

yields slightly higher reliability (estimates range from .76 to .81) and it covers more substantive ground. 

All in all, it contains a fairer selection of issues typically attributed to the economic axis (items 1, 26, and 

29 relate to state intervention, items 7 and 30 to welfare, and item 11 to the public sector) along with an 

item on abandoning the Euro (item 6). Taking together its higher reliability and content validity, the 

longer scale appears superior, and we will thus opt for this one. 

Lastly, we will again assess the performance of the ex-ante and the quasi-inductively derived 

scales in the late user sample. Table 3 shows the results without (bottom left quadrant) and with (bottom 

right quadrant) dynamic validation (also see table A9). Again, the patterns we find in the late user sample 

are similar to the ones we found in the early user sample. A CFA-model of the ex-ante solution yields two 

fit indices far below acceptable levels (CFI of .74, TLI of .718); and the Mokken-based tests of the ex-

ante scales yield overall H-scores of .21 and .27, respectively. As with the early sample, 

unidimensionality has to be clearly rejected for the ex-ante solution, with the left-right scale singled out as 

the weak performer. Critically, the quasi-inductively derive scales improve upon the ex-ante scales. The 

quasi-inductive solution is not without problems though. On the one hand, the quasi-inductively derived 

cultural scale with its H-score of .35 appears to perform reasonably well in terms of unidimensionality.24 

Its reliability likewise seems fairly reasonable, even if it is not exactly where we would like it to have 

(estimates range from .82 to .86). But on the other hand, the economic scale yields only an H-score of .29 

and at least the item on leaving the Eurozone clearly violates the MHM. 25  Moreover, the revised 

economic scale’s reliability continues to be clearly insufficient for individual placements (estimates range 

from .71 to .76). Assessing the two scales jointly, the CFA-model suggests unidimensionality should be 

rejected, even if it comes closer to acceptable levels compared to the ex-ante solution (CFI is .86 and TLI 

.83).  

We can sum up the analysis of the choose4cyprus VAA as follows. Similar to the Romanian case, 

the choose4cyprus ex-ante scales followed conventional understanding of political dimensionality yet still 

proved deficient when dynamically validated. However, the extent of this underperformance is smaller 

24 Two items (21 and 23) have H-scores slightly below .3, but pass the test of monotonicity. 
25 Item 6 yields an H-score of only .23. Also items 1 and 30 yield H-scores below the .3 threshold. 
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compared to the Romanian and, in particular, the Swiss case. Quasi-inductive analyses based on early 

user data again suggested an alternative pair of scales. The gains achieved by dynamic analyses are 

clearly most modest for choose4cyprus. In particular, the economic scale continues to be deficient – not 

only in terms of reliability (which is a problem we encountered in other cases as well) but also with 

regards to unidimensionality. Nonetheless the quasi-inductive solution still improves considerably over 

the ex-ante map. 

Practical Implications of Scale Revisions 

We have now analyzed data from three VAA settings. In each, dynamic validation would have suggested 

that the ex-ante defined scales underlying the spatial maps should be revised in order to safeguard 

desirable psychometric properties – reliability and, in particular, unidimensionality. Naturally, revising 

the scales underlying VAA spatial map will have consequences in terms of the placements of both users 

and political parties/candidates, and by implication the relative distance between the two. We will now 

examine the extent to which the message conveyed by the revised maps is different from the message 

conveyed by the (actually used) ex-ante maps. 

In a first step, we want to know about the degree to which the ex-ante and the quasi-inductive 

maps ‘agree’ in their placements along the two political dimensions. We will evaluate the agreement 

separately for each dimension, for which we will draw on Lin’s concordance correlation coefficient ρc 

(Lin, 1989). The logic of ρc is easiest understood by thinking of a square scatterplot of two measures. If 

the two measures are exactly the same, i.e., have perfect concordance, the scatterplot would look like a 

45° line falling through the origin. The ρc evaluates the degree to which pairs of observations fall on this 

45° line. In essence, it does this by combining a measure of dispersion (Pearson’s r) with a measure of the 

deviations from the 45° line (denoted as Cb). Practically speaking, a low r represents random 

measurement error and a low Cb systematic measurement error. Lin (1989) suggested that ρc > .9 

represents good concordance. 

(Table 4 about here) 
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Our assessment of the differences in placements focuses on the user side, or to be more precise, 

on late users. Focusing on late users appears reasonable because these are the users which would actually 

be affected by dynamic validation.26 For the comparisons, we added up all respective items belonging to a 

given scale (in its respective direction) and normalized the resulting measures so that they always range 

from 0 to 1. Table 4 gives the results. Two observations can be made (with regards to the users). First, the 

differences between the ex-ante and the quasi-inductive measures are generally very substantial. The only 

pair of scales yielding good concordance is the one consisting of the two cultural scales from 

choose4cyprus. All other pairs yield a ρc below the cut-off of .9. Second, concordance tends to be the 

lowest for those ex-ante scales identified as particularly problematic in the scaling analysis. Smartvote‘s 

cultural scale (ρc of .65), votulmeu’s (ρc of .72) cultural and choose4cyprus’ economic (ρc of .85) scale all 

yield very low concordance with their quasi-inductive counterpart. This may not be surprising given that 

the more problematic ex-ante scales evidently need more significant revisions. However, it is still worth 

pointing out that in contrast to the other pairs, the differences we find for these three pairs of scales are to 

a good part due to systematic bias (as indicated by the low Cb-values). Figure 2 gives an indication of the 

distribution of these biases. The deviation (in grey) from the line of perfect concordance (in black) 

suggests that in comparison to the quasi-inductive version, smartvote’s ex-ante cultural scale places 

conservatives systematically more to the liberal end and liberals systematically to the conservative end (a 

similar pattern emerges for choose4cyprus’ ex-ante left-right scale, though to a much lesser extent). On 

the other hand, votulmeu’s ex-ante scale tends to place all but the most liberal more at the liberal end. 

The eye-catching element of VAA spatial maps is less the absolute placements in the political 

map, but rather the implicit voting advice in terms of the nearness to political parties/candidates. In a 

second step we gauge the implications of dynamic validation on the relative distance to parties. To get a 

first impression, we assess how often the party/candidate closest to each user in the ex-ante defined two-

dimensional space differs from the one in the quasi-inductively derived map. We measure ideological 

congruence by way of the Euclidean distance between a user and a party/candidate. In order to make the 

figures comparable, our calculations are based on the aggregated positions of the 7 biggest parties in case 

26 We also calculated the concordance for the political parties/candidates (see table 4). But with the exception of smartvote these are merely 
informative: the very low number of observations on the political supply side leads to huge standard errors. We will thus also not interpret them. 
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of smartvote, and not (as it is the default in this VAA) on individual candidates.27  Table 5 gives the rather 

impressive results. It turns out that the revised map suggests a different party/candidate in case of a 

staggering 66.13% of users for votulmeu. 41.2% for smartvote, and only slightly less dramatic 30.7% for 

choose4cyprus. 

(Table 5 about here) 

However, a significant drawback of this cursory analysis is that it may overestimate the extent to 

which the message conveyed to a user actually differs. This is because it also counts fluctuations which 

are hardly visible. To give a more detailed account of changes in the implicit voting advice proffered, we 

will thus consider the ideological congruence between users and each party/candidate separately. That is, 

we will compare to which extent the measures of ideological congruence of users with each 

party/candidate are the same in the ex-ante versus the quasi-inductive map. For this we will draw once 

more on Lin’s concordance correlation coefficient (see above; Lin, 1989). The Euclidean distance 

between a user and a party/candidate again serves as our measure of ideological congruence. Table 6 

gives the results. It shows that concordance of the ex-ante versus the quasi-inductively derived measures 

of ideological congruence is low for both smartvote and votulmeu, as indicated by the fact that all ρc come 

to lie below .9. Moreover, the Cb-values indicate that these biases are to a good part systematic. This is 

true in particular for smartvote – the case with the most seriously misspecified ex-ante dimensions. But 

also for votulmeu, the differences are systematic for two of the five parties (PNL and the ethnic 

Hungarian party UDMR). Concordance is slightly higher for choose4cyprus, but also here concordance of 

the two relative distances is low for at least 3 of the 6 candidates. These differences are systematic for two 

of the three, namely Anastasiades (the current president) and Ioannou (a right-conservative).  

(Table 6 about here) 

The conclusion emerging from our assessment of practical consequences is unambiguous: 

dynamic scale validation is not merely a technicality. Leaving ex-ante dimensions unchecked can 

drastically affect the message conveyed to its users. Unsurprisingly, the extent to which the message 

differs depends on the degree to which the ex-ante map is misspecified. We saw that differences were 

27 To do justice to the electoral setting in Switzerland where there is no single electoral district, we considered only candidates from the canton of 
Zurich when calculating the party positions. 
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most considerable for smartvote, which made use of rather oddly defined ex-ante dimensions. Differences 

were a bit less marked for votulmeu and in particular the VAA in our sample with the best ex-ante 

dimensions, choose4cyprus. However, even for the latter, a redefinition of the political space based on a 

dynamic scaling analysis would have systematically affected the output given to its users. 

Conclusion 

This paper dealt with the measurement quality of two-dimensional spatial maps in VAAs. Evidently, in 

the absence of a pre-test on a VAA questionnaire, VAA designers will always need to a priori define the 

scales used in two dimensional political maps. Yet, even when drawing on established conceptions of 

political dimensionality the ex-ante defined political value dimensions may not meet basic psychometric 

properties. We proposed dynamic scale validation as a pragmatic method by which the measurement 

quality of VAA spatial maps can be improved. 

The dynamic validation process involves analyzing the data generated by early VAA users with a 

view to evaluating and, if necessary, refining the ex-ante spatial map. We illustrated the principles of 

dynamic scale validation by drawing on datasets from three rather distinct contexts (Switzerland, 

Romania, and Cyprus). A number of important conclusions emerge from our analysis. First, dynamic 

validation of early user data provided a reliable indicator of the quality of the ex-ante defined scales. That 

is, in all three cases an analysis of early users would have allowed for the identification of scaling 

problems that actually persist across the entire dataset of users. Second, whether VAA designers followed 

established conceptions of dimensionality or not, problems arose with misspecified dimensions. This 

suggests that no matter how sophisticated the ex-ante deductive theorizing, some scale adjustment 

appears inevitable in a real world trial. Third, scale adjustment based on the application of quasi-inductive 

techniques to an early users sample would have led to significant improvements that hold across the entire 

dataset of users. Our exploratory analysis suggests that dynamic scale validation on early user data 

constitutes a viable strategy for improving measurement quality of spatial maps. In all three cases, our 

quasi-inductively derived scales by far outperform the ex-ante assigned scales.  

To be sure, our suggestion of dynamic scale validation is no panacea. In particular, we found in 

most cases that even the dynamically refined scales are not, strictly speaking, suited for reliable 

placement of individuals on a political dimension. This of course has implications for the quality of the 
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voting advice, which VAA designers should not only be aware of but also consider actively 

acknowledging on their sites. 

Another, very basic concern is that dynamic scale validation rests on the assumption that the 

psychometric properties of the scales remain constant over time. This assumption may not always hold if 

early users differ on relevant aspects from later users. Thus it is quite reasonable to expect that early 

users, for instance, tend to have higher political interest or knowledge compared to later users. This could 

cause scales derived in the early user to perform significantly worse for late users. In line with this 

argument, we found that the performance of scales derived from early user samples tended to drop for 

later users, particularly in terms of unidimensionality. This suggests that late users are less consistent in 

their ideological views than early users, potentially due to lower political interest and knowledge. 

However, notwithstanding this effect, dynamic scale validation was still immeasurably preferable to 

relying solely on ex-ante assigned scales. Still, if VAA designers really worry about the 

representativeness of the early user sample, a relatively straightforward answer would be to retest the 

scales at later points in time – and if necessary implement further adjustments. On the other hand, if VAA 

designers have clear hypotheses about how the average early user differs from the average late user, it 

could be tested in early user samples whether the derived scales are equivalent across these traits. For 

instance, it could be checked whether the scales are invariant across users with different levels of political 

interest.  

An equally valid concern that could be voiced is that the method of validating scales based on 

user data entails super-imposing the voter political space on the elite political space. A fully valid citizen-

elite comparison of political preferences in spatial maps would presuppose that it is based on a common 

ideological space. However, user-based validation is in many cases the only way of ascertaining 

measurement quality. Given that many VAAs are party based, and that typically they include a dozen 

parties at most, data on the elite is way too sparse for establishing equivalence across voters and elites. 

From a pragmatic point of view, therefore, it makes sense to draw on voter data. Having said this, in the 

few cases where the elite side consists of a substantial number of data points – be it because there are 

hundreds of parties, as is the case for the EU Profiler, or because VAA teams survey hundreds if not 

thousands of parliamentary candidates, as is the case for smartvote – it is certainly not only possible but 
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also recommendable for VAA designers to assess whether the political space is common to both users and 

voters, and in case they are not, to refine scales so that they become equivalent.  

Taken together, we believe dynamic validation is a useful method by which the quality of VAAs 

can be effectively and cheaply improved. Moreover, while our focus in this paper was on the two-

dimensional spatial representations of political preferences, the argument translates to other forms of low-

dimensional mapping, such as the use of radar (spider) charts. It is not, however, directly applicable to the 

most wide-spread, high-dimensional matching techniques. High-dimensional techniques treat each item 

as its own issue dimension. Evidently, if each dimension is measured by a single item, it is not possible to 

assess their psychometric properties. However, and this has to be emphasized, the implication of this is 

not that concepts such as unidimensionality and reliability are irrelevant for high-dimensional matching. 

Essentially, each item represents a measure of a latent trait – a single issue dimension. Each issue 

dimension could theoretically be measured via multiple items, in which case we could evaluate 

psychometric properties. The fact that VAAs measure each issue with a single item invariably implies 

that we cannot test for their quality, and not that they are not affected by the same problems. 
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Table 1: Scaling Analysis Summary Statistics (smartvote) 
 
 Ex-ante Best Quasi-inductive 

 Left-right 
(30 items) 

Cultural 
(31 items) 

Left-right 
(11 items) 

Cultural 
(16 items) 

  RMSEA: .084   RMSEA: .076  

  CFI: .703   CFI: .894  

  TLI: .691   TLI: .885  

Early User Analysis H: .252 H: .123 H: .356 H: .403 

(N = 1773/1717) α: .895 α: .787 α: .838 α: .891 

 o. α: .803 o. α: .751 o. α: .877 o. α: .924 

 o.ω: .807 o.ω: .771 o.ω: .879 o.ω: .928 

 LCRC: .898 (6) LCRC: .822 (7) LCRC: .839 (5) LCRC: .892 (5) 

  RMSEA: .086   RMSEA: .073  

  CFI: .644   CFI: .883  

  TLI: .628   TLI: .873  

Late User Analysis H: .209 H: .119 H: .305 H: .361 

(N = 6418/8017) α: .871 α: .779 α: .802 α: .874 

 o. α: .898 o. α: .749 o. α: .846 o. α: .91 

 o.ω: .906 o.ω: .626 o.ω: .848 o.ω: .915 

 LCRC: .879 (10) LCRC: .815 (11) LCRC: .807 (7) LCRC: .882 (10) 
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Table 2: Scaling Analysis Summary Statistics (votulmeu) 
 

  
 Ex-ante Best Quasi-inductive 

 Left-right 
(8 items) 

Cultural 
(11 items) 

Left-right 
(8 items) 

Cultural 
(8 items) 

  RMSEA: .11   RMSEA: .09  

  CFI: .745   CFI: .899  

  TLI: .711   TLI: .883  

Early User Analysis H: .325 H: .197 H: .355 H: .36 

(N = 2441/2203) α: .771 α: .715 α: .796 α: .788 

 o. α: .803 o. α: .751 o. α: .826 o. α: .839 

 o.ω: .807 o.ω: .771 o.ω: .83 o.ω: .848 

 LCRC: .763 (4) LCRC: .719 (6) LCRC: .79 (4) LCRC: .802 (6) 

  RMSEA: .106   RMSEA: .081  

  CFI: .722   CFI: .9  

  TLI: .685   TLI: .884  

Late User Analysis H: .297 H: .145 H: .332 H: .294 

(N = 10346/10961) α: .745 α: .618 α: .778 α: .733 

 o. α: .778 o. α: .673 o. α: .81 o. α: .792 

 o.ω: .787 o.ω: .693 o.ω: .815 o.ω: .801 

 LCRC: .766 (10) LCRC: .655 (11) LCRC: .791 (9) LCRC: .756 (10) 
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Table 3: Scaling Analysis Summary Statistics (choose4cyprus) 
 
 
 
 

 
 
  

 Ex-ante Best Quasi-inductive 

 Left-right 
(12 items) 

Cultural 
(13 items) 

Left-right 
(7 items) 

Cultural 
(10 items) 

  RMSEA: .099   RMSEA: .097  

  CFI: .812   CFI: .903  

  TLI: .794   TLI: .889  

Early User Analysis H: .247 H: .346 H: .348 H: .453 

(N = 2116/2012) α: .774 α: .855 α: .768 α: .872 

 o. α: .798 o. α: .891 o. α: .807 o. α: .899 

 o.ω: .813 o.ω: .866 o.ω: .809 o.ω: .906 

 LCRC: .784 (5) LCRC: .866 (7) LCRC: .764 (4) LCRC: .877 (6) 

     
  RMSEA: .095   RMSEA: .093  

  CFI: .742   CFI: .855  

  TLI: .718   TLI: .833  

Late User Analysis H: .208 H: .268 H: .285 H: .348 

(N = 8223/8696) α: .733 α: .801 α: .714 α: .815 

 o. α: .758 o. α: .837 o. α: .754 o. α: .852 

 o.ω: .779 o.ω: .85 o.ω: .759 o.ω: .863 

 LCRC: .759 (11) LCRC: .819 (12) LCRC: .719 (7) LCRC: .833 (12) 
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Table 4: Concordance of Ex-ante and Refined Placements 
 
  N ρc 95% CI r Cb 

smartvote 

Late Users 
Left-right 7045 .817 [.81, .824] .842 .971 

Cultural 6983 .647 [.636, .658] .724 .894 

Candidates 
Left-right 2694 .923 [.918, .928] .939 .983 

Cultural 2694 .566 [.548. .583] .71 .797 

        
votulmeu 

Late Users 
Left-right 11087 .848 [.843, .853] .86 .986 

Cultural 11355 .716 [.709, .724] .855 .838 

Parties 
Left-right 5 .985 [.874, .998] .988 .997 

Cultural 5 .924 [.783, .975] .98 .943 

        
choose4cyprus 

Late Users 
Left-right 9208 .852 [.847, .857] .905 .941 

Cultural 9157 .957 [.956, .959] .967 .99 

Candidates 
Left-right 6 .943 [.679, .991] .948 .995 

Cultural 6 .972 [862, .995] .98 .992 
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Table 5: Changes in Nearest Party or Candidate (Late Users) 
 
VAA NU NP/C Changes 
smartvote 6411 7 41.21% 

votulmeu 10147 5 66.13% 

choose4cyprus 8187 6 30.71% 

Note: NU gives the number of users and NP/C the number 
of parties/candidates. 
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Table 6: Concordance of Distance to Parties/Candidates in Ex-ante vs Refined Spatial Maps (Late Users) 
 
Party/Candidate N ρc 95% CI r Cb 

smartvote 
CVP 6411 .609 [.598, .621] .803 .759 

FDP 6411 .64 [.63, .65] .871 .735 

SVP 6411 .497 [.487, .506] .925 .537 

SP 6411 .701 [.693, .71] .94 .746 

GPS 6411 .753 [.745, .76] .93 .81 

GLP 6411 .485 [.473, .497] .768 .632 

EVP 6411 .645 [.634, .656] .78 .827 

       
votulmeu 

PDL 10147 .81 [.804, .817] .846 .958 

PSD 10147 .694 [.684, .704] .7 .992 

PNL 10147 .566 [.554, .577] .66 .857 

UDMR 10147 .516 [.508, .525] .862 .599 

PPDD 10147 .889 [.885, .893] .899 .989 

       
choose4cyprus 

Stylianou 8187 .895 [.891, .898] .927 .965 

Lilikas 8187 .887 [.882, .891] .901 .984 

Anastasiades 8187 .714 [.706, .722] .883 .808 

Ioannou 8187 .701 [.693, .709] .908 .772 

Malas 8187 .912 [.909, .916] .93 .981 

Stavrou 8187 .933 [.931, .936] .94 .994 

 
  

 

 



Germann & Mendez Dynamic Scale Validation Reloaded 34 

 

VAA designers identify items that 
measure the (two) latent traits. 

 
 

To be considered: 
- Statement formulation 
- Content validity 
- Criterion (concurrent) validity tests of 

party/candidates coding 
- Etc. 

 

Figure 1: Suggested Process of Scale Development for VAA Spatial Maps 
 

Pre-launch Phase:  
Questionnaire Design & Party Coding 

Post-launch Phase: 
Dynamic Scale Validation 

 

 

 
 
 

 
 
 
  

Drawing on early user data, VAA 
designers assess the psychometric 
properties of the ex-ante defined scales 
and (potentially) adjust them.  

 
To be considered: 
- Unidimensionality 
- Reliability 
- Equivalence across groups (e.g., 

sophisticated vs. unsophisticated voters) 
- Further criterion validity tests 
- Etc. 
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Figure 2: Concordance of Ex-ante and Refined Placements (Late Users) 

 smartvote 
Users Candidates 

    
 

votulmeu 
Users Parties 
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