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Abstract
A renaissance of the scientific study of participation has fortunately taken place in recent 
years. As a consequence of the Convention on the Rights of the Child, forms of participa-
tion of children were implemented in different fields of society, especially in the com-
munity and at the school level. These programs and attempts are described by science. 
However, little attention has been paid to the measurement of participation. Therefore, this 
paper proposes and analyses a measurement instrument for the frequently cited Ladder of 
Participation by Hart (1992). His model assumes that different levels (degrees) of participa-
tion exist, whereby the extent increases with each level (stage). 
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1	 Introduction
Lewin and Lewin (1982 [1941]) demonstrated in their essay “Democracy and 
School” that practical experience of democracy is important for learning demo-
cratic attitudes. They dealt with the participation in school lessons and pointed out 
that such participation is potential in primary children. However, the participation 
task should be defined manageably. According to the authors, democracy in school 
leads to a more amiable climate in groups and improves individual academic per-
formance. 

Childhood participation became the focus of social science research in the 
1990s. At that time it was related to the emergence of childhood research (James, 
Jenks & Prout, 1998; Zinnecker, 1999; Wilk & Bacher, 1994; Bacher, Gerich, 
Lehner, Straßmair & Wilk, 1999). In this connection, scientists intensively dis-
cussed questions such as the relationship between project-based participation and 
formal democratic structures. 

In the past few years (cf. Wetzelhütter, Paseka & Bacher, 2013) the topic has 
once again been addressed, but this time from the perspective of school develop-
ment research. One such research focus was the pupil’s perspective of involvement 
or rather participation in school. In this connection, research on participation often 
refers to the Ladder of Participation developed by Hart (1992) or comparable mod-
els from Oser and Biedermann (2006) or Arnstein (2011[1969]). Regarding Hart’s 
construct, the intensity of participation is the core element, where at each “level” 
the extent of participation of children increases (see Chapter 2). The model sug-
gests a one-dimensional (degree of participation) unfolding scale, whose items are 
characterized by different intensities of participation. It is assumed that the indica-
tors neither mutually exclude each other (this means that they may occur concur-
rently) nor mutually depend on each other (this means that reaching a stage does 
not require the presence of another step – as would be the case for a Guttman scale). 

However, Hart makes no clear statement about the dimensional structure of 
his concept. Therefore, the paper addresses the following question:

�� Can participation in school be measured one-dimensionally as assumed by 
Hart? 

In part 2, the paper describes the theoretical background of Hart’s Ladder of Partic-
ipation. The methodical approach (operationalization, databases and data analysis) 
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is discussed in part 3. The results (descriptive statistics, examination of dimension-
ality, and validation of the outcome) are presented in part 4. Finally, part 5 provides 
a summary followed by conclusions.

2	 Theoretical Framework (Measurement Model): 
Hart’s “Ladder of Participation” 

Hart (1992) defines participation as a “process of sharing decisions which affect 
one’s life and the life of the community in which one lives” (p. 5). Therefore, par-
ticipation is (for him) a process of collective decision making. Based on an investi-
gation of participation projects sponsored by UNICEF (programs for street children 
or prevention programs), Hart (1992) developed an eight-stage Ladder of Participa-
tion, based on a model by Arnstein published in 1969 (Hart, 1992). This model gen-
erally differentiates between non-participation and participation (Figure 1), though 
every stage describes a different “process” of children’s involvement. Hart further 
divides non-participation into: 
1.	 “Manipulation” (pretend participation), 
2.	 “Decoration” (children are “used,” but participation is not pretend), 
3.	 “Tokenism” (token policy – e.g. when children are given a voice, but are 

badly/not prepared for the topic on which they are voting). 

Participation begins with the fourth stage – the intensity is divided into: 
4.	 “Assigned but Informed” (“just” informed participation of children), 
5.	 “Consulted but Informed” (informed participation, where the opinions of 

children are treated seriously),
6.	 “Adult Initiated, Shared Decisions with Children” (adults initiate projects but 

the decision making is shared by children and adults), 
7.	 “Child Initiated and Directed” (initiated and directed by children), and 
8.	 “Child Initiated, Shared Decisions with Adults” (projects which are initiated 

by children, but the decision making is shared by children and adults). 

“Real participation” is placed at the top position. The lower the degree of participa-
tion, the lower the scope and the involvement. At this point it has to be mentioned 
that the ladder metaphor is an unfortunate choice, since it could be assumed that 
reaching the top step implies climbing the previous stages. This would imply that 
the scale is constructed in the logic of a Guttman scale. As Hart pointed out in a 
later paper (2008), despite an increasing degree of participation for each level, the 
ladder does not stand for a developmental process: “In fact the ladder is primarily 
about the degree to which adults and institutions afford or enable children to par-
ticipate” (p. 23). This means each stage measures (as outlined above) the degree of 
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participation. Depending on the project/topic and participant, the level may be of 
different degrees of involvement. For instance, a project may directly start at level 7 
(“Child Initiated and Directed”) without passing the previous stages of 1 to 6. 

This paper examines the question of whether the degree of participation can 
be measured one-dimensionally using a simple battery of eight questions, outlined 
in more detail in the next chapter. 

Scientifically, such an instrument would be important to develop and test theo-
ries concerning the influence of participation on the individual, class and school 
level. According to Lewin (e.g. Lewin, Lippitt & White, 1939) it would be interest-
ing to analyze if participation results in higher abilities and more effectiveness as 
well as in less dissocial (aggressive) behavior of school children.

3	 Methodical Approach
3.1	 Operationalization: Degree of Participation 

In the “(Do) students develop school!?” project (Altrichter, Bacher, Langer, Gams-
jäger & Wetzelhütter, 2012), a scale was developed to measure the degree of partici-
pation in a school as indented by Hart’s Ladder of Participation. The final version 
– a rating in the form of a five-point Likert scale – can be seen in Table 1. 

 
According to: Hart (1992, p. 8)  – subsequently used definitions in brackets

Figure 1 	 Hart’s Ladder of Participation 
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Each item (every statement) represents one level of Hart’s ladder. For instance, the 
statement “When it comes to important decisions, several options are presented to 
us that we then vote on” corresponds to stage 6 (democratic vote). The five-point 
Likert scale provided the following potential responses: “fully applies,” “largely 
applies,” “uncertain,” “does not apply much,” and “does not apply at all.”

This scale belongs to the group of subject-oriented scaling procedures (see 
Likert, 1932). In our case, the subjects are schools and school classes. The scale 
consists of eight items (objects) which may be ranked on one dimension (degree 
of participation) at which each subject has an ideal point (perceived degree of par-
ticipation) as suggested in Coombs’ (1964) unfolding model (for details see Section 
3.3). 

3.2	 Data Sets and Sampling Design

The data analysis is based on two data sets (see Table 2). The first data set was 
generated as a pre-test study for calibration (calibration sample) and the second as 
a nationwide sample for validation (validation sample). The sample is representa-
tive for vocational colleges (“Berufsbildende mittlere und höhere Schulen”)1 and 
upper level grammar schools (“Allgemeinbildende höhere Schulen, Oberstufe”) 
with respect to sex and language spoken at home. In both cases, the selection of 
the pupils followed a stratified cluster sampling (see for example Bacher, 2009 or 
Sturgis, 2004). During the first stage, of the calibration sample, entire classes were 
selected per school grade. This procedure resulted in 22 (64.7%) out of 34 school 
classes, with n=382 (=86.8% return rate) surveyed pupils out of 440 selected pupils. 

During the first stage of the validation sample, 282 schools (=36.2%, including 
65 alternatively drawn schools) of several types of schools2 were selected in each 
province of Austria (see Table 2). Forty-five percent of these schools were willing 
to participate (n=127). Within these schools, two classes (altogether 254 classes) 
were randomly defined based on the Kish selection grid (see Kish 1965). This 
approach was chosen to avoid a conscious choice by headmasters, for example of 
“laptop classes” or classes with a specialization in IT topics. Ultimately, 127 Aus-
trian schools (=45% of the gross sample) with 253 classes (=99.6% of the selected 
classes) and 4,101 pupils (=67.8% of the drawn pupils) took part from all over the 
country. Due to the fact that participation in the survey was acquired exclusively via 
telephone and conducted online, the return rate is classified as good.

1	 The OeAD (2014) provides information about the Austrian educational system.
2	 AHS (upper level of grammar schools) and BMHS (vocational colleges) including A&F 

(schools and colleges for agriculture and forestry) and BAKIP (training institutions for 
kindergarten teachers), see OeAD (2014)
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Table 2 	 Total population with drawn and realized samples

Sample Stage Total 
Population  

N

Drawn Sample Realized Sample

N %(a) n %(b)

Calibration Sample 1 = classes 34 22 64.7 22 100.0

2 = pupils 698 440 63.0 382 86.8

Validation  Sample 1 = schools 779 282 36.2 127 45.0

2 = classes 1577(c) 254 16.1 253 99.6

3 = pupils 37494(d) 6045(e) 16.1 4101 67.8

Note. (a) Proportion of the drawn sample in terms of the basic population.
(b) Proportion of the realized sample in terms of the drawn sample.  
(c) Total population of classes of the drawn sample of schools (secondary education 
level).
(d) Total population of pupils of the drawn sample of classes (secondary education level).
(e) Estimated number of pupils based on the average number of pupils per class of the 
individual school.

3.3	 Data Analysis 

3.3.1	 Model Specification

As mentioned, the Hart ladder does not constitute a Guttman scale. To reach a cer-
tain degree of participation in a school, it is not necessary to pass stages with lower 
levels of participation. A school may immediately start, for example, with informed 
participation (stage 4) without passing stages 1 (pretend participation) to 3 (token-
ism). According to Coombs (1964), the suitable scaling procedure for our scale is an 
“unfolding model.” Figure 2 illustrates the idea. 

This model presumes that one dimension is measured at which the items are 
sorted according to one criterion and every person (stimulus scaling) or every object 
(object scaling) has one ideal point on the scale. The ideal point (cf. for example de 
Leeuw, 2005) represents the point of maximum preferential choice of one person or 
the point that best represents the “required” object. 

In the present study, the appropriate model may be realized as follows. In 
every school or in each class a certain degree of participation (ideal point) exists, 
which is judged by the surveyed pupils. The level that comes closest to this (per-
ceived) degree receives the highest agreement, the level that is second closest the 
second largest agreement, and so on. Based on these individual rank orders (so the 
assumption in regard to Hart’s ladder), a common solution (order of the partici-
pation items) can be determined. This solution reflects the extent of participation 
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along one dimension. Practically, an unfolding analysis can be performed within 
multidimensional scaling (MDS) procedures. Taking these considerations into 
account, and referring to the narrow definition of multidimensional scaling of Cox 
and Cox (2001), it is intended to locate the items within a one-dimensional or at least 
a low-dimensional space that best matches the original (dis)similarities and dis-
tances between the items (objects). For the present paper, PROXSCAL (Meulman 
& Heiser, 2011) was used to perform the multidimensional scaling3. This procedure 
enables the user to generate the distances and dissimilarities (cf. Borg, Groenen & 
Mair, 2013) of the items for several groups as a so-called “Three-Way Model” (cf. 
for example Kruskal & Wish, 1978). This means the analyses are based on distance 
matrices generated per “school class” (calibration sample) or per “school” (valida-
tion sample). For PROXSCAL (Meulman & Heiser, 2011; IBM-SPSS, 2011b; Borg 
et al., 2013), the following specification was chosen:
�� Proximities: Euclidean distance
�� Starting configuration: classical (Torgerson)
�� Condition: matrix (distances are exclusively comparable within one matrix)
�� Transformation: ordinal (ties: keep ties)
�� Model: Generalized Euclidean: each school or class has an individual space, 

which is a rotation of the common space with subsequent weighting of the 
dimensions 

3	 For this analysis cases were excluded with missing values and/or without variation in 
the responses.

Figure 2 	 Unfolding model according to Coombs (1964, p. 80)
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The specification follows the recommendation in the literature (IBM-SPSS, 2011b; 
Borg & Groenen, 2005; Borg et al., 2013). We selected ordinal transformation for 
ordinal data and kept ties for formal reasons, because a rating scale with a small 
number of levels may result in the same proximity values for some items (Borg 
et al., 2013). We chose Torgerson as the starting configuration because “this 
option tends to give better quality solutions” (Borg & Groenen, 2005) and defined 
“matrix” as the condition for indicating that a separate transformation has to be 
found for each matrix (ibid). We chose with “Generalized Euclidean” a dimension-
weighting model, to account for individual differences (see for example Borg & 
Groenen, 2005) between classes (calibration sample) and schools (validation sam-
ple) as implied by unfolding data. 

However, the specifications are arbitrary to a certain degree as is the case for 
all applications of MDS. Therefore, we used correspondence analysis, specifically 
CATPCA (categorical principal component analysis, see Meulman & Heiser, 2011), 
as an additional method (see below). The specification of an ordinal transforma-
tion implies a non-metric MDS. Non-metric MDS requires a specific number of 
objects (in our case items) for each dimension (Bacher, Pöge & Wenzig, 2010). In 
this regard, the ratio of 5:1 (items : dimensions) for a complete dissimilarity matrix 
(ibid) is recommended, or Kruskal and Wish’s (1978) rule of thumb of at least more 
than fourfold the number of items per dimension. 

Due to the problem of choosing an appropriate specification for MDS and due 
to the small number (eight) of analyzed items, the dimensionality is also tested by 
a correspondence analysis (CATPCA). This procedure tolerates a smaller number 
of items. Two items per dimension are sufficient. In addition, the user does not have 
to make specifications concerning starting configuration, distance measures, trans-
formation, handling of ties etc. All these decisions follow from the statistical model 
of correspondence analysis (of course with the disadvantage of being less flexible).

The correspondence analysis is similar to MDS (e.g. Borg & Groenen, 2005; 
Greenacre, 2013). It enables the interpretation of distances (Chi² and weighted 
Euclidean distances are calculated) between variables (in this context items) as well 
as objects (in this context pupils). In the literature, the similarity of these two meth-
ods is mentioned frequently (cf. Hoffman & de Leeuw 1992; Cherkassky & Mulier, 
2007; Young, 1985). The multiple correspondence analysis is applied in equivalent 
situations to the MDS (Meulman, van der Kooij & Heiser 2004) or in combination 
with MDS (e.g. Green, 2010). 

In this paper, CATPCA was performed. This procedure (cf. Blasius & Thies-
sen, 2012) is an appropriate technique for analyzing ordered categorical variables, 
and was performed with the option of optimizing the relationship between variables 
(Normalization: VPRINCIPAL). The level of analysis was pupils; the order of the 
variables was interpretable and the representation comparable with the MDS solu-
tions. The data analysis was performed with IBM SPSS Version 22 (IBM-SPSS, 
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2011b). Applying factor analysis would not be appropriate from a theoretical point 
of view because a bipolar concept often results in two interpretable but unrelated 
factors (see van Schuur & Kiers, 1994) which would not correspond to the assumed 
theoretical concept (see Chapter 2). Nonetheless, explorative factor analysis can be 
applied to our data.4

3.3.2	 Analyzing Procedure

Data analysis was being performed in three steps:
Firstly: In order to test whether our measurement instrument of Hart’s ladder is 
one-dimensional, one- and two-dimensional solutions were computed based on the 
calibration sample, using MDS (PROXSCAL) and CATPCA. 

For the decision regarding which configuration fits better, the following crite-
ria were applied (for a justification, see below):
�� MDS: stress level: Stress 1 <0.2; Stress 2<0.4; congruence coefficient: >0.9 
�� CATPCA: Eigenvalue >1 and Cronbach’s alpha >0.7
�� MDS and CATPCA: substantive interpretation

Concerning the stress level, it has to be mentioned that Borg et al. (2013) already 
emphasized that “evaluating a given Stress value is a complex matter” (p. 23). 
This means that several considerations have to be made. Stress decreases, for 
instance, with the number of dimensions but increases, for instance, with the num-
ber of items (points/objects) or proportion of error components (noise) in the data 
(Borg et al., 2013). Therefore, the frequently cited benchmark of Kruskal (1964) or 
Kruskal and Wish (1978), which states that Stress 1 has to be lower than 0.2, and 
the benchmark of Fahrmeir et al. quoted in Gediga (1998), which says that Stress 
2 should be lower than 0.4, are both applied conditionally. The congruence coef-
ficient (which, in regard to Borg et al., (2013), can be interpreted as a correlation 
coefficient) should be close to the value of 1. Concerning CATPCA, it can be noted 
that the eigenvalue(s) should be considerably higher than 1 (according to Kaiser’s 
criterion, cf. for example Hardy & Bryman, 2009) and Cronbach’s alpha should be 
higher than 0.7 (cf. for example Nunnally, 1978). Additionally, the correlation of the 
distance matrices (see CPCC below) obtained by the MDS and CATPCA, based on 
the one- and two-dimensional solution, is calculated in order to verify the findings. 

4	 In our case, two factors (Eigenvalue >1) can be extracted for each sample (validation and 
calibration). Based on the validation sample, variables representing the first four steps 
of the ladder (V1–V4) load on the first factor, the next two variables (V5, V6) on both 
factors, and the last two (V7, V8) on the second factor. The outcome for the calibration 
sample is slightly different. V3 loads on both factors, while V5 loads on the first instead 
of both factors. Neither result corresponds to the theoretical concept (Chapter 2). The 
result partially reproduces the grouping of items in three clusters (see Chapter 4).
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Lastly, substantive interpretation will be considered, which means that a solution is 
supported if the arrangement of the items is explicable.

Secondly: The validity of the scale was examined. Initially it was tested to 
which extent the results of the calibration sample are replicated in the Austria-wide 
validation sample. Afterwards, the cophenetic correlation coefficient (CPCC) was 
computed in order to judge how well the validation sample reproduces the calibra-
tion sample (see Romesberg, 2004). The CPCC is defined as (linear correlation 
coefficient): 
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( , )xd i j  = Euclidean distance between the ith and jth items of the calibration sample
( , )yd i j  = Euclidean distance between the ith and jth items of the validation sample

xd  = average of ( ( , )xd i j ; yd  = average of ( ( , )yd i j

The CPCC measures the similarity between two dissimilarity matrices – in our case 
between the computed dissimilarity matrix for the calibration and the computed 
dissimilarity matrix for the nationwide validation sample. Both matrices were cal-
culated based on representation in a one- or two-dimensional space. According to 
Romesberg (2004), a value from 0.8 upwards is acceptable, since “the distortion is 
not great” (p. 27).

Thirdly: Two content variables were included in the scaling process. Validity 
was examined by two criteria: the location of the items in the dimensional space 
and the stability of the obtained scaling model by comparison of the model with 
and without content variables. The content variables are “co-decision to decorate 
the classroom” and “co-decision of school rules.” Regarding decisions about rules 
at school, they are mostly made by laws, teachers, or school heads. Merging the 
results of the mentioned sparkling-science project (Altrichter et al., 2012) shows 
that on unique occasions or with informal participation possibilities, pupils often do 
not get enough background information or time to develop/determine their position. 
Therefore, it is reasonably assumed, if pupils are involved in decision making, that 
they become informed just before the vote is carried out in order to simplify the 
procedure. Accordingly, the hypothesis is: 

H1: 	The item “co-decision of school rules” is located next to the level “tokenism” 
(level 3, V3), and the obtained structure (without the criteria variable) doesn’t 
change. 

Furthermore, the sparkling-science project (Altrichter et al., 2012) showed that 
participation most likely takes place in “peripheral” issues. For instance, the “co-
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decision to decorate the classroom” is usually based on a joint decision of teachers 
and pupils. Accordingly, the hypothesis is:

H2: The item “co-decision to decorate the classroom” is located next to the item 
“consulted but informed” (level 5, V5), and the obtained structure of the model 
(without the criteria variable) doesn’t change.

The results of the described data analysis will now be presented in Chapter 4, with 
descriptive results provided in the appendix.

4	 Results
4.1	 Dimensionality of the scale in the calibration sample

In order to determine the dimensionality of the scale, one- and two-dimensional 
solutions were computed by MDS (PROXSCAL) and by CATPCA. Table 3 sum-
marizes the results of the calibration sample.

The one-dimensional MDS solution doesn’t fulfill the defined stress crite-
ria of 0.20 (Stress 1) or 0.40 (Stress 2), which indicates a serious proportion of 
noise (errors) in the data. As expected, a two-dimensional model decreases the 
stress level, but the stress criteria are not met. However, stress 1 is only slightly 
higher than the threshold of 0.20 and in both cases the congruence coefficient is 
close to a perfect solution (value of 1). The results of CATPCA support a one-
dimensional solution more clearly. The second eigenvalue is sufficiently smaller 
than the first eigenvalue. The consistency of the second dimension is poor (Cron-
bach’s alpha=0.206), whereas the Cronbach’s alpha of the first dimension is 0.773. 
Furthermore, the correlation between the distances (r=0.930) obtained by MDS 
(PROXSCAL) and CATPCA also supports the one-dimensional solution. The 
poor correlation (r=0.501) based on the two-dimensional models indicates that the 
respective solutions are less stable and robust. They depend on the applied method 
(see also Figure 3 A–D).

From a substantive point of view, both MDS solutions are acceptable (see 
Figure 3 A and C). In either case, the items can be divided into two groups of 
items at the zero point of the x-axis, which may be interpreted as the scope of 
action. This result is similar to Hart’s outline – only item V4 is allocated in the 
“wrong group.” The left group can be named “effective/adequate participation” and 
the right group may be identified as “ineffective/inadequate participation.” How-
ever, the two-dimensional solution is not interpretable as a “ladder of participa-
tion.” Based on Figure 3C, the scope of action is further distinguishable due to the 
initiative of involvement in the dependence of students (upper half) vs. teachers 
(lower half). Nonetheless, the rank order of the items (reading from left to right) 
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deviates in both cases from the order that Hart recommends. The levels “consulted 
but informed” (V5) and “democratic vote” (V6) depict the highest degree of par-
ticipation, while (supported) self-determination (V7 and V8) shows a slightly lower 
degree. In addition, the level “pretend participation” (V1) should depict the low-
est degree. This result contradicts the theoretical concept but is comprehensible 
in terms of “involvement” (as synonym for participation). For instance pupils are 
at least involved even if participation is pretend (V1) in contrast to simply being 
informed (V4) or not participating at all (V2). 

The one-dimensional solution of CATPCA (Figure 3B) refers to the existence 
of three clearly identifiable groups (see below): “sufficient participation” (V5, V6, 
V7, V8), “symbolic participation” (V3, pupils can vote, but are not prepared or well 
informed, it can be assumed that their votes are ignored, too) and “deficient par-
ticipation” (V1, V2, V4). The items of each group are located close together. This 
explains the poor fit of MDS (PROXSCAL), which seems to require that the objects 
are distributed in the whole space. If objects are located close together, this results 
in errors in MDS, whereas this fact improves the results of CATPCA. CATPCA 
can be seen as a factor analysis for categorical scaled items. Two or more measures 
with the same properties (the same location in the space) improve the scaling. 

Table 3 	 Summarized results for determining dimensionality using PROXSCAL 
and CATPCA (calibration sample) 

Model

PROXSCAL CATPCA

CPCC(a)Stress 1 Stress 2
Congruence 

coeff.
Eigenvalue 
(Variance)

Cronbach’s 
alpha(b)

One-dim. solution 0.316 0.616 0.95 3.1 (38.65%) 0.773 0.930 
(p=0.000)

Two-dim. solution 0.203 0.556 0.98 1.2 (15.26%) 0.206 0.501 
(p=0.007)

Note. (a) n=28 distances (=8 times 7/2); CPCC between distance matrices obtained by the 
coordinates produced by PROXSCAL and CATPCA. A correlation of 1 would imply 
that the distances between items computed by PROXSCAL perfectly fit (in a linear 
sense) with distances between items computed by CATPCA. For the one-dimensional 
solution, the value of the CPCC is near 0.930, whereas the CPCC is 0.501 for the two-
dimensional solution. Hence, the two-dimensional solution is less robust, whereas the 
one-dimensional solution is more stable and robust. 
(b) Cronbach’s alpha (see Cronbach, 1951) is based on all items. Pupils are the level of 
analysis. Cronbach’s alpha is defined as (see Meulman et al., 2004):

                         
: where the number of categories is m and the eigenvalues are λ21
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A further reason for the poor stress is the fact that PROXSCAL uses (in this 
case) individual distance measures, whereas CATPCA is applied for an aggregated 
similarity matrix. Hence, individual differences influence the overall fit of MDS 
less. The substantive reason for these differences is presumably personalized par-
ticipation (see Wetzelhütter et al., 2013), which depends on different perceptions of 
participation by pupils. 

Apart from that, the (more or less ambiguous) label “uncertain” of the mid 
response category of the five-option rating scale might have been ambiguous for 
the respondents and might have caused errors, resulting in measuring a different 
dimension (see for example Rost, Carstensen & von Davier, 1999).

As an interim conclusion, it can be noted that the results, especially those 
of CATPCA, support the one-dimensional model rather than the two-dimensional. 
Arguments for this solution are: 

Figure 3A 

 
Figure 3B 

 
Figure 3C Figure 3D 

 
 Note. V1 = pretend participation, V2 = non-participation, V3 = tokenism, V4 = informed, 

V5 = consulted but informed, V6 = democratic vote, V7 = self-responsibility, V8 = 
supported self-responsibility

Figure 3 A–D	 One- and two-dimensional solutions (PROXSCAL (3A and 3C) 
vs. CATPCA (3B and 3D)) – calibration sample
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�� The one-dimensional model is replicable by different analytical methods (MDS/
PROXSCAL and CATPCA) as can be seen, for example, by a high CPCC 
(which is not the case for the two-dimensional solution).

�� The eigenvalue and Cronbach’s alpha for the first dimension are acceptable 
(which is not the case for the second dimension).

�� The one-dimensional solution is, in accordance with Hart’s concept of a “ladder 
of participation,” substantively interpretable as a degree of participation. Hence, 
the one-dimensional solution has a theoretical basis. 

However, the assumed eight different levels of participation cannot be differenti-
ated. The findings suggest that it is only possible to distinguish three groups of 
participation. 

4.2	 Model Validation: Reproduction of Dimensional Space 
in the Validation Sample

The model validation is carried out by two approaches. First, it is tested as to what 
extent the above-described solutions are replicable using the Austria-wide data. In 
a second and final step, relevant content variables are added as criteria variables in 
order to test content related hypotheses (see below).

4.2.1	 Replication of the Model

As before, one- and two-dimensional solutions were computed using MDS (PROX-
SCAL) and CATPCA in order to determine the dimensionality of the developed 
scale. Table 4 shows that the results of the validation sample confirm the previ-
ous outcome of the calibration sample (cf. Table 3). Moreover, the stress values of 
the MDS are smaller compared with the calibration sample. Stress 1 fulfills the 
threshold in the two-dimensional case but Stress 2 still has a value higher than the 
threshold. The fact that the stress values are higher than the threshold indicates 
that the MDS approach has problems. Again the reason is that there are groups of 
items and the items of each group are located close together, which results in errors. 
CATPCA supports the one-dimensional solution. Once more, the CPCC (CPCC 
r=0.910) obtained by MDS (PROXSCAL) and CATPCA also supports the one-
dimensional solution. Hence, the one-dimensional solution is more robust against 
the method applied.

From a substantive point of view (see Figure 4A-D), as before, the one- and 
two-dimensional MDS solutions show a possible distinction at the continuum of 
the scope of action (from left to right on the x-axis). Therefore, “effective/adequate 
participation” (left) and “ineffective/inadequate participation” (right) may, regard-
ing the two-dimensional model, be further distinguishable regarding the initiative 
of involvement (y-axis). The two-dimensional model differs from the earlier one 
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Table 4 	 Summarized results for determining dimensionality using PROXSCAL 
and CATPCA (validation sample) 

Model

PROXSCAL CATPCA

CPCC(a)Stress 1 Stress 2
Congruence 

coeff.
Eigenvalue 
(Variance)

Cronbach’s 
alpha(b)

One-dim. solution 0.289 0.557 0.96 3.2 (40.1%) 0.787 0.910 
(p=0.000)

Two-dim. solution 0.174 0.440 0.98 1.3 (16.07%) 0.254 0.606 
(p=0.001)

Note. (a) n=28; Correlation between distance matrices obtained by the coordinates 
produced by PROXSCAL and CATPCA. (b) Cronbach’s alpha is based on all items 
(formula for calculation, see Table 3). Pupils are the level of analysis.

Figure 4A 

 
Figure 4B 

 

Figure 4C Figure 4D 

 
 Note. V1 = pretend participation, V2 = non-participation, V3 = tokenism, V4 = informed, 

V5 = consulted but informed, V6 = democratic vote, V7 = self-responsibility, V8 = 
supported self-responsibility

Figure 4 A–D	 one- and two-dimensional solutions (PROXSCAL (4A and 
4B) vs. CATPCA (4C and 4D)) measuring the degree of participation 
(validation sample)
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presented in two points. Firstly, the items v5 and v6 can hardly be differentiated 
concerning the scope of action. Secondly, the items v4 and v2 are switched. 

Once again, CATPCA differentiates between three groups: “sufficient partici-
pation” (V5, V6, V7, V8), “symbolic participation” (V3), and “deficient participa-
tion” (V1, V2, V4).

As described in Section 3.2.2, the CPCC was computed in order to measure the 
similarity between the calibration and the validation sample. In our case, distance 
matrices were calculated for each sample (calibration and validation) based on the 
representation in a one- and two-dimensional space. Table 5 shows that the distance 
matrix of the validation sample represents the similarity structure of the calibra-
tion sample almost perfectly (MDS: CPCC=0.978; CATPCA: CPCC=0.995) in the 
one-dimensional case. For the two-dimensional case, the CPCC is good (MDS: 
CPCC=0.838; CATPCA: CPCC=0.945), but the coefficients are smaller. Conse-
quently, this result also reinforces the one-dimensional solution.
To summarize, the one-dimensional solution is supported by: 
�� Substantive interpretation: the results suggest that three levels of participation 

can be distinguished 
�� Model robustness: the one-dimensional MDS (PROXSCAL) solution is repli-

cated by a different analytical method (CATPCA)
�� Model replication: the one-dimensional solution can be reproduced with the 

validation sample. The CPCC is nearly perfect.
Therefore, the outstanding analyses are based on the one-dimensional solution. 

Table 5 	 CPCC for one- and two-dimensional distance matrices 

Calibration with Validation Sample

Procedure Dimensionality CPCC(a) p n

PROXSCAL One-dimensional solution 0.978 0.000 28

Two-dimensional solution 0.838 0.000 28

CATPCA One-dimensional solution 0.995 0.000 28

Two-dimensional solution 0.945 0.000 28

Note. (a) Correlation between distance matrices of the calibration sample with the valida-
tion sample obtained by the coordinates produced by PROXSCAL and CATPCA
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4.2.2	 Criteria Validation

In a second and final step, relevant content variables are added as criteria vari-
ables. It is assumed that they are connected with specific levels of participation. 
It is expected that the predictors will be positioned next to those items which are 
influenced or rather determined by their occurrence. Concurrently, the basic (one-
dimensional) model should not significantly change due to this strategy. 

Figure 5 A–B shows the results for the first hypothesis. As expected, co-deci-
sion of school rules (v11_1) is located next to “Tokenism,” which means that pupils 
are allowed to vote but are badly prepared concerning the topic. This may be caused 
for example by the aim to simplify such procedures. The structure remains basi-
cally unchanged, so the grouping of the items in the three groups is not affected.

In accordance with the second hypothesis, “co-decision to decorate the class-
room” (V11_2) is placed next to the item which implies an (nearly) “equal” involve-
ment in decision making (V5). In fact, the item V11_2 is, independently of the 
position of V5, placed next to it. This result reinforces the stability of the solution 
(see Figure 6 A–B). Only the items V4 and V1 are interchanged in the validation 
sample – the structure remains basically unchanged. The grouping of the items in 
the three groups is not affected.

In addition, we computed the mean of the two criteria variables in dependence 
of the scale values (object quantifiers, obtained by CATPCA) of the pupils. If the 
scale measures different degrees of participation, a higher scale value should corre-
spond to a stronger agreement in the presence of the two criteria variables at school. 
The results are shown in Table 6. For significance testing, the multilevel structure 
was taken into account using the SPSS module MIXED (IBM-SPSS, 2011a). The 
results confirm our interpretation. A higher degree of participation on the scale cor-
responds to a more positive evaluation of presence of the two criteria.

To sum up, the structure of the model remained basically unchanged regard-
less of the used data set. The above-mentioned hypotheses were confirmed, as the 
included criteria variables are placed as expected next to related items. In addition, 
a clear correspondence exists between the derived scale values and the criteria vari-
ables.
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Figure 5A 

 
Note. Stress 1: 0.40; Stress 2: 0.76; congruence coefficient: 0.92  

Figure 5B 

 
Note. Stress 1: 0.38; Stress 2: 0.73; congruence coefficient: 0.92 

 v11_1 = co-decision of school rules, V1 = pretend participation, V2 = non-participation, 
V3 = tokenism, V4 = informed, V5 = consulted but informed, V6 = democratic vote, V7 = 
self-responsibility, V8 = supported self-responsibility

Figure 5 A–B	 One-dimensional solution (PROXSCAL) in connection with 
context variable I (calibration sample (5A) vs. validation sample (5B)) 

Figure 6A 

 
Note. Stress 1: 0.34; Stress 2: 0.65; congruence coefficient: 0.94 

Figure 6B 

  
Note. Stress 1: 0.34; Stress 2: 0.64; congruence coefficient: 0.94 

 V11_2 = co-decision to decorate the classroom, V1 = pretend participation, V2 = non-
participation, V3 = tokenism, V4 = informed, V5 = consulted but informed, V6 = 
democratic vote, V7 = self-responsibility, V8 = supported self-responsibility

Figure 6 A–B	 One-dimensional solution (PROXSCAL) in connection with 
context variable II (calibration sample (6A) vs. validation sample (6B))
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Table 6 	 Means of criteria variables in dependence of scale values of pupils 
(obtained by CATPCA)

V11_1 V11_2

Degree of participation Mean p Mean p  

low 
(scale value below -1)

4.80
(n=604)

Reference 
Group 

3.44  
(n=604)

Reference 
Group

middle 
(scale value between -1 and 1)

4.42
(n=2539) 0.000 2.85

(n=2539) 0.000

high 
(scale value larger than 1)

4.04 
(n=606) 0.000 2.37

(n=606) 0.000

Note. V11_1 = co-decision of school rules, V11_2 = co-decision to decorate the classroom, 
Scale values from 1 = always (strongly present) to 5 = never (not present), 
Significance from using multilevel model (MIXED), random effects for schools were 
assumed

5	 Summary and Conclusions 
In the past few years, a stronger scientific focus on childhood, youth, and educa-
tional research on participation has taken place, and Hart’s Ladder of Participa-
tion (1992, 2008) is frequently used in this context. Hart distinguishes eight levels 
of participation, each of which is characterized by a different degree of involve-
ment and self-responsibility of children. No developmental process where a previ-
ous level must be successfully passed before the next level can be approached is 
assumed. From a methodological point of view, Hart assumes a one-dimensional 
unfolding model.

This paper addresses the question of whether participation in school can be 
measured one-dimensionally, as assumed by Hart. In order to answer the question, 
a rating scale was developed measuring those eight steps of the ladder from a low 
(pretend participation) to a high (supported self-responsibility) degree of participa-
tion and implemented in an Austrian study on school participation. MDS procedure 
(PROXSCAL) and CATPCA were applied for data analysis.

The results suggest that participation in school can be measured with a one-
dimensional scale in accordance with Hart. The one-dimensional solution reveals 
higher robustness towards different data analysis and higher consistency as mea-
sured by Cronbach’s Alpha than a two-dimensional solution. In addition, the 
one-dimensional model is reproduced with the validation sample, and remained 
unchanged when validation criteria are included and tested hypotheses with criteria 
variables are confirmed.
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However, in contrast to Hart (1992) we have not been successful in distin-
guishing eight different levels of participation. The results reveal three groups of 
participation: “sufficient participation,” “symbolic participation,” and “deficient 
participation.” 

Two primary reasons may be considered as explanations for this outcome. 
Firstly, the result may reflect the fact that democracy in school is less evident than 
assumed (see for example Wetzelhütter et al., 2013), so that only three groups can 
be distinguished. Secondly, the measurement instrument may have been deficient 
and too insensitive, not able to differentiate the assumed different degrees of par-
ticipation. 

In addition, the content validity of several items can be placed into question. 
Hart’s ladder (2008), for example, positions “pretend participation” at the bottom 
(Level 1) and “supported self-responsibility” at the top (Level 8). Empirically, “pre-
tend participation” (Level 1) is placed above, for example, “informed participation” 
(Level 4) and “non-participation” (Level 2), while “supported self-responsibility” 
(Level 8) is placed below, for example, “democratic vote” (Level 6). This suggests 
that, from a pupil’s point of view, any form of participation, even pretense (Level 1), 
implies a higher degree of participation than just being informed (Level 4) or not 
participating at all (Level 2). 

Hence, a first conclusion of the study is to try to improve the instrument in order to 
be able to distinguish between the two mentioned explanations (only three groups 
of participation are seen by school children versus the instrument lacks sensitivity). 

With reference to data analysis, CATPCA (categorical principal component 
analysis) seems to be more appropriate than MDS. In addition, the former has the 
advantage that the user must specify fewer parameters to which no clear guidelines 
exist.

Despite the above-described weakness of the proposed instrument, it can 
already be used in order to test theories about the influence of participation in 
school on the individual, class, and school level and to improve school practice in 
order to enable the productive development of schoolchildren.
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