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Abstract 

Public participation processes enable the inclusion of diverse perspectives and allow 

people to engage in various real-life areas. These processes involve a wide range of 

data, with a major component being individual contributions that consist primarily of 

natural language text. Due to the complexity of public participation process data, ex-

ploring and analyzing it is highly challenging. To address this challenge, we propose 

two different approaches for facilitating the exploration and analysis of contributions. 

Specifically, we revisit the ranking of contributions to support their assessment, and we 

consider the clustering of contributions. We also describe two approaches that identify 

cluster representatives for explaining a clustering. Throughout our work, we take into 

account the perspectives of both public administrations and citizens. 

1. Introduction 

Public participation processes in the e-participation domain offer opportunities for peo-

ple to engage in various aspects of real-life. This paper specifically focuses on public 

participation processes in local urban land-use planning and decision processes, such 

as planning new public green spaces in cities. These processes can be categorized 

broadly as formal and informal planning and decision processes. Formal processes are 

institutionalized activities that are carried out to achieve social objectives (Briassoulis, 

1997). The primary planning instruments and results in these processes are mandatory 

plans that outline the desired future state of the planned area (Blotevogel et al., 2014). 

Informal processes, on the other hand, are not institutionalized and are not bound to 

pre-defined procedures or specific instruments. They focus on both public and private 

interests (Briassoulis, 1997). The primary goal of public participation processes is to 

ensure that the perspectives and needs of all affected individuals are taken into account 

when making decisions that could affect them. This approach can lead to more equita-

ble and effective decision-making and can help build trust in the decisions made. 

Public participation processes involve a diverse range of participants, including citizens, 

planners, moderators, public administrations, and IT service providers. In this work, we 

focus primarily on two major groups: public administrations and citizens. Each group 

has distinct tasks, such as citizens submitting their ideas and complaints, while public 

administrations assess these contributions, commonly accepting or rejecting them. An 

exemplary contribution is shown in Figure 1. However, both groups also share common 
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tasks at least on an abstract level, such as exploring and analyzing public participation 

process data. 

 

Figure 1: An excerpt of an exemplary contribution 

In the e-participation domain, public participation process data is characterized by het-

erogeneity in terms of data types, measurement levels, dimensions, and structural as-

pects. This data can include various types such as natural language text data (e. g., plan 

documents, forum posts, comments or text references), time-oriented data (e. g., 

timestamp information), spatial data (e. g., marker positions on geographic maps), im-

ages (e. g., email-attached camera photos) and popularity information (e. g., like status 

or ratings). Moreover, these data types can be interrelated, with one piece of data re-

ferring to multiple others, as in the case of a comment that refers to both a text docu-

ment and a specific location on a map. This leads to the creation of a complex and 

constantly evolving network of interconnected data, which requires the consideration 

of structured, semi-structured, and unstructured data, as well as possible relationships 

between them. To illustrate this, we present exemplary public participation process data 

and some interconnections in Figure 2. 

 

Figure 2: Exemplary planning process data. Contributions/comments (speech balloon), geographic maps, 
map markers, ratings (heart), images, and texts might relate to each other. 

The complexity and diversity of public participation data present challenges for both 

public administrations and citizens in exploring and analyzing the data. For public ad-

ministrations, maintaining consistency in their decisions when assessing contributions 

is crucial, i. e., similar contributions should be assessed similarly while contradicting 

contributions might lead to opposing decisions. This can be a time-consuming and la-

borious task, and grouping together contributions that address similar issues could be 

beneficial. The exploration of public participation process data is equally important, es-

pecially for citizens, who may want to know if their concerns have already been ex-

pressed. To address these challenges, we propose using rankings and clusterings to 

support the exploration and analysis of public participation process data. Both methods 
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can lead to different perceptions and interactions for public administrations and citi-

zens. Therefore, it is crucial to ensure the interpretability of these methods to establish 

trust. We suggest that the proposed methods be designed to address the specific 

needs of both public administrations and citizens. 

In this work, we first review related work (Section 2). Subsequently, we explore two ap-

proaches that support the exploration and analysis of public participation process data: 

the ranking of contributions (Section 3) and the clustering of contributions (Section 4). 

Finally, we present our conclusions and we discuss potential directions for future re-

search in this area (Section 5). 

2. Related work 

Generally, the need for better tools and sophisticated methods for working with public 

participation process data has long been recognized (Schütz et al., 2015). Especially 

the practitioners confirm that advanced tools for the assessment of contributions would 

be helpful (Helbig et al., 2016). There is work that conceptualizes graphical user inter-

faces for working with public participation process data (Schütz et al., 2016). It consid-

ers a graph-based data structure for representing the relationships. This allows a guided 

exploration of the relationships when the graph’s edges are followed. However, there is 

no description of special methods for the analysis of contributions. There is also an 

explanation of using the visual analytics (Wong & Thomas, 2004) approach for public 

participation process data (Schütz, Raabe, et al., 2017). Visual analytics simultaneously 

considers data analysis and information visualization methods for gaining insight into 

data. However, it is more or less a general view or framework. That is why we focus on 

explicit approaches in the remainder of this work. We also revisit previous work related 

to the ranking of contributions (Schütz & Bade, 2019). 

3. Ranking of contributions 

Ranking draws inspiration from the field of information retrieval, which refers to the pro-

cess of ordering search results based on their relevance to a given query (Manning et 

al., 2008). For example, in the context of Internet search engines, a query typically con-

sists of a sequence of terms in a specific natural language. Search results are then 

determined that match this query, and these results are ranked according to their simi-

larities to the given query. When it comes to public participation processes, the ultimate 

goal of ranking contributions is to present the most relevant contributions to public ad-

ministrations or citizens in order of relevance to a reference contribution that they can 

select. In this context, the reference contribution serves as the query. From the per-

spective of public administrations, this helps to ensure consistency in decision-making 

during the assessment process, which is crucial. A public administration worker can 

begin by selecting a contribution for assessment and then query a ranking of semanti-

cally similar contributions so that the most similar contributions can be assessed in a 

similar, if not exact, manner. 

We developed and evaluated a contribution assessment system designed for use by 

public administrations (Schütz & Bade, 2019). The system includes a user interface with 

a two-column layout as shown in Figure 3. The first column contains contributions that 

still need to be assessed, while the second column presents a ranked list of contribu-

tions that are similar to a reference contribution selected in the first column. This allows 

public administration workers to assess similar contributions in one go, starting with a 
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selected reference contribution in the left column and continuing with the similar con-

tributions in the second column. The system has been designed to promote consistency 

in decision-making, which we hypothesize will be achieved through this user interface. 

 

Figure 3: Schematic view of the assessment user interface. On the left hand side, there is a list of contribu-
tions. It shows a selected contribution (filled background color). On the right hand side, there is a list of 
ranked contributions for the selected contribution. These ranked contributions are sorted by semantic sim-
ilarity. 

We conducted a user study with 21 participants for evaluating the proposed assess-

ment user interface. We exclusively focused on public administration workers. They had 

to complete a task that is related to the task of assessing contributions. They needed 

to find all contributions that are similar to a specific contribution. We opted for this proxy 

task due to time constraints for a single experiment. Overall, we tested two system 

configurations: one with the assessment user interface (system 1) and one without (sys-

tem 2). System 2 only employed a one-column layout with the raw lists of not yet as-

sessed contributions. The evaluation followed a within-subject design. We used differ-

ent data sets of contributions so that the participants did not become too familiar with 

the contributions. Furthermore, we manually created the rankings for every contribution 

of the data set to ensure perfect rankings were used avoiding any negative impact on 

the participants due to bad quality rankings. 

We found that participants who used the system 1 performed the task with higher ac-

curacy, recall, and precision scores compared to those who used system 2, and only 

needed an extra 18 seconds to complete the task. Additionally, the majority of partici-

pants (16 out of 21) preferred using system 1 over system 2, and 17 participants found 

the ranking of contributions useful at all. However, there were also critical findings from 

the user study. Specifically, public administration workers did not fully understand the 

ranking of contributions, including the position of a contribution in the ranking. Only six 

participants understood that the higher a contribution is in the ranking, the more similar 

it is to the reference contribution. Furthermore, there were general concerns about the 

method used to compute the rankings, with some participants asking how the system 

ranked the contributions. Some participants assumed that the rankings were likely 
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based on the textual content of the contributions. Perhaps most significantly, the ma-

jority of participants (16 out of 21) stated that they generally do not trust the proposed 

rankings. We suggest that this lack of trust may be because no explanation was pro-

vided for the rankings, such as why a contribution in the ranking is similar to the refer-

ence contribution. Additionally, the participants did not know that we had manually cre-

ated the similarities between the contributions. As a result, we argue for the need for 

interpretable ranking methods that provide more information and transparency to users. 

4. Clustering of contributions 

Clustering is a powerful method utilized in data analysis and machine learning to group 

data instances that exhibit similar characteristics. The primary objective of clustering is 

to segregate a dataset into different clusters or groups in such a way that the data 

instances within a cluster are more similar to each other than they are to instances in 

other clusters (Jain et al., 1999). When used for contributions, clustering automatically 

groups together contributions with similar concepts and ideas. This enables public ad-

ministrations to assess similar contributions consistently and efficiently. It can lead to a 

more streamlined and efficient process of assessing contributions and improving the 

quality of decision-making. Citizens can also benefit from clustering as pre-computed 

groups of similar contributions can be easily explored. 

To enable the clustering of contributions, it is necessary to first transform them into a 

structure that can be processed by clustering algorithms. These algorithms typically 

operate on vectors in a vector space, requiring that contributions be converted into 

vectors of the same vector space. In this paper, we focus on the main contents of the 

contributions that consist solely of textual data, and we describe a two-part transfor-

mation process that includes (1) text pre-processing and (2) embedding. Text pre-pro-

cessing involves mandatory steps, such as tokenization, followed by optional steps, 

such as stop word removal or word stemming, that further refine the resulting tokens. 

The result is a list of tokens for each contribution. Embedding these pre-processed 

contributions into a vector space involves selecting from a range of methods that vary 

in complexity and sophistication, including term frequency–inverse document fre-

quency, (averaged) word embeddings (Bojanowski et al., 2017; Mikolov, Chen, et al., 

2013; Mikolov, Sutskever, et al., 2013), and (pooled) transformer-based embed-

dings (Brown et al., 2020; Devlin et al., 2019). Depending on the chosen method, addi-

tional information may be gathered during text pre-processing, such as recording the 

sentence to which a token belongs. Once the contributions have been embedded, they 

can be clustered. Figure 4 provides an overview of the transformation pipeline including 

the clustering step. 
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Figure 4: General transformation pipeline and final clustering 

Although clustering contributions can help group similar contributions together, it also 

brings new challenges, such as the difficulty in interpreting clusters due to the vague 

definition of a cluster (Estivill-Castro, 2002). To mitigate this issue, we investigate ex-

ample-based explanations (Miller, 2019) to provide clearer understanding of the clus-

terings. To this end, we propose two distinct methods for identifying prototypical in-

stances of a clustering. 

The first method is about using the maximum mean discrepancy (MMD). It describes 

the distance between two distributions by considering the distance between the mean 

embeddings of the data features. Regarding our specific domain, we need to consider 

the distribution of contributions  , the distribution of  prototypes !, and a kernel func-

tion ", e. g., the radial basis function kernel or the polynomial kernel. Then we can esti-

mate the MMD empirically as noted in the following equation: 

##$( , !) = %& 1'* + "-./, .02 3%4
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In order to select prototypical instances of a clustering, we can utilize a variety of ap-

proaches that incorporate the MMD. While random selection is a simple and valid ap-

proach, it is not reliable. As an alternative, a greedy algorithm exists for selecting pro-

totypes (Kim et al., 2016). This algorithm utilizes the MMD and iteratively computes the 

next best prototype until the desired number of prototypes have been found. This 

method is flexible and can be applied to any clustering algorithm. In our work, we focus 

explicitly on the clustering of contributions and apply the method to each cluster indi-

vidually, allowing for a different number of prototypes for each cluster. This method can 

even be used on non-clustered contributions to identify the specified number of proto-

types within the entire raw data set. However, we did not investigate this method further 

for non-clustered contributions due to our specific research focus. 

The second method we propose is based on the "-medoids clustering algorithm (Kauf-

man & Rousseeuw, 1987). This algorithm is used to cluster contributions into distinct 

groups, and crucially, it outputs one medoid for each cluster. We can directly use a 
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medoid as the prototype for the corresponding cluster. However, this approach is lim-

ited in its flexibility, as it only allows for one prototype per cluster and requires the use 

of the "-medoids algorithm for clustering the contributions. Alternatively, we can modify 

the approach by using the idea of relying on medoids with any clustering algorithm. 

Then this involves clustering the contributions using any desired algorithm first, and 

subsequently computing the medoid for each cluster of the resulting clustering. This 

approach affords greater flexibility in terms of the clustering algorithm used, and it en-

ables the identification of multiple prototypes per cluster. 

5. Conclusion and future work 

Public participation processes involve complex data, with contributions being a crucial 

component. However, analyzing and exploring such data can be challenging, requiring 

sophisticated methods to support these tasks. In this context, we have described two 

such methods, namely ranking and clustering, that can benefit both public administra-

tions and citizens. 

However, while these methods offer promising results, there is still much work to be 

done in terms of interpretability. Specifically, we need to develop new, more interpreta-

ble methods that are targeted towards laypersons, such as public administrations and 

citizens. Additionally, it is important to conduct user studies to evaluate the effective-

ness of these new methods. This area of research presents a significant opportunity for 

future work, with the potential to make public participation processes more transparent 

and accessible to all. 
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