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Abstract. Citizen Participation (CP) is essential for urban projects, traditionally done through
face-to-face meetings. Information Technologies (IT) have introduced electronic participation (e-
Participation), enhancing inclusivity and engagement. CPPs generate valuable data for decision-
making, but processing large volumes of unstructured data is challenging. Traditional methods are
inefficient. Al algorithms can improve data analysis, automate classification, detect patterns, and
extract relevant information, reducing the workload for decision-makers. This research explores
how AI can detect and classify patterns in CPP data, contributing to best practices in applying Al
to government operations.
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1. Introduction

Citizen Participation (CP) integrates citizens into decision-making for urban and community projects. Histor-
ically, CP was facilitated through face-to-face meetings, allowing stakeholders to share their perspectives. The
advent of Information Technologies (IT) has introduced electronic participation (e-Participation), leveraging
tools like blogs and social networks to enhance inclusivity and engagement. CPPs generate valuable data that
must be meticulously analyzed to aid decision-making and improve service delivery (Marzouki et al.,[2022b)).
However, processing large volumes of unstructured data is challenging. Traditional manual methods are inef-
ficient and limit scalability. Al algorithms can automate the classification of citizen posts, detect patterns, and
extract relevant information, reducing the workload for facilitators and edecision-makers (Bonsén et al.,2015}
Marzouki et al.,,|2022a)). This research explores how Al can enhance CPP data analysis, contributing to better
decision-making and government service delivery. By leveraging Al, governments can gain deeper insights
into citizens’ needs and preferences, ensuring that actions are aligned with community demands (Burgess-
Allen & Owen-Smith, 2010; Sanford & Rose,|2007).

2. Theoretical background
To integrate Artificial Intelligence (AI) into participatory platforms, we focus on the analysis of participation
data derived from these platforms. At the core of this conceptualization, we propose a systemic approach in

which the human aspect is represented by citizens, facilitators, and decision-makers. This model integrates
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Al techniques for faster, more efficient, and responsive interactions to citizens’ needs.

Key concepts include textual data analysis (TDA) and the semantic, spatial, and temporal contextualization
of participation data. TDA examines textual data to extract meaningful patterns using natural language pro-
cessing (NLP) techniques like Named Entity Recognition (NER) and text classification. Al models such as LDA,
CNN, LSTM, and RBFN are considered for text classification. NER identifies key entities in text, classifying re-
sults into spatial, semantic, and temporal dimensions (Marrero et al.,[2013).

The anticipated results aim to extract knowledge about citizens’ living contexts, classify this knowledge into
distinct patterns, and inform decision-makers. This approach promotes better decisions aligned with citizens’
needs, generating valuable insights to refine policies, improve services, and foster stronger engagement be-
tween decision-makers and communities. Anchoring decisions in citizen-centered data strengthens trust and

governance effectiveness.
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2.1. Textual Data Analysis (TDA)

TDA systematically examines textual data to extract meaningful patterns, isnsights, or classifications using
techniques like natural language processing (NLP), text mining, sentiment analysis, and topic modeling. In our
study, TDA allows qualitative assessment and automatic classification of citizens’ posts, reducing the workload
for facilitators and improving decision-making (Feldman & Sanger, 2007; Mohit, 2014)).

2.2. Semantic, Spatial, and Temporal Contextualization

After collecting citizens’ opinions and feedback, data analysis and information extraction processes are nec-
essary. Patterns capturing stakeholders’ living contexts are classified into three dimensions (Marzouki et al.,
2022a; Meersman,|1997)):

1. Semantic Dimension: Represents the meaning of information provided by citizens, including issues,
suggestions, lived experiences, metrics, governing entities, references, questions, compliments, links,
tags, hashtags, and emoticons (Marzouki et al.,[2022a)).

2. Spatial Dimension: Addresses the question "Where,” representing objects in geographical space,
including internal and external spatial entities, similar organizations, hypothetical and approximated
positions, cities, provinces, countries, hashtags, and location stamps (Lafrance et al.,[2019; Marzouki
et al.,|2022al).

3. Temporal Dimension: Addresses the question "When,” including past and future calendar expres-
sions, deictic and anaphoric expressions, founded calendar expressions, and temporal hashtags
(Lafrance et al.,|2019; Marzouki et al.,[2022a).
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2.3. Named Entity Recognition (NER)

NER identifies and categorizes important names and proper nouns in text, enabling information extraction of
Named Entities (NE) (Marrero et al.,2013). We will use pre-trained models due to their high accuracy:

1. Spacy: Utilizes deep learning for NLP, processing text from tokenization to annotation (Dasagrandhi,
2021} Partalidou et al.,[2019).

2. Stanford CoreNLP: Java-based tool with feature extractors for named entities, using a sequence of
annotations (Bondielli et al.,[2018)).

3. OpenNLP: Contains components for a complete NLP system, including sentence detection, tokeniza-
tion, and parsing (Mohanan & Samuel,|2016).

4. Gate: Open-source tool with multilingual support, providing reusable processing resources for NLP
tasks (Cunningham et al.,[2014; Elsherif et al.,[2019)).

5. NLTK: Python library for NLP tasks, analyzing data programmatically (Siva Rama Rao et al.,|2022).

This approach aims to extract knowledge about citizens’ living contexts, classifying this knowledge into dis-
tinct patterns, and informing decision-makers in their decision-making processes. By anchoring decisions in
citizen-centered data, this approach strengthens trust and the overall effectiveness of governance .

2.4. Large Language Models (LLMs)

LLMs are a category of deep learning models designed to understand and generate human language. These
models are built on transformer architectures, which enable them to learn complex patterns in text data by
processing input sequences in parallel and capturing long-range dependencies between words. LLMs are pre-
trained on massive corpora of text and can be fine-tuned for specific tasks such as text classification, named
entity recognition (NER), and text generation (Brown et al.,[2020)). Below, we discuss some of the most promi-
nent LLMs: GPT-4, BERT, RoBERTa, DistilBERT, and T5.

1. GPT-4 (Generative Pre-trained Transformer 4): GPT-4 is a state-of-the-art generative language
model developed by OpenAl It has been trained on a vast corpus, which enables it to perform well on
a wide range of natural language processing (NLP) tasks (Brown et al.,|2020)).

2. BERT (Bidirectional Encoder Representations from Transformers): BERT, developed by Google,
is a transformer-based model designed to understand the contextual relationships between words in
a sentence. It is primarily used for tasks like named entity recognition (NER), question answering,
and sentence classification (Devlin et al.,[2019).

3. RoBERTa (A Robustly Optimized BERT Pretraining Approach): RoBERTa is an optimized version
of BERT developed by Facebook AL The improvements result in better performance on a range of NLP
tasks, particularly for tasks that require understanding the relationship between words within large
text corpora (Liu et al.,2019)

4. DistilBERT (Distilled Version of BERT): DistilBERT is a smaller, more efficient version of BERT that
retains 97% of BERT’s language understanding while being 60% faster and using 60% less memory
(Sanh et al.,[2019)

5. T5 (Text-to-Text Transfer Transformer): T5, developed by Google Research, is a transformer-based
model that treats every NLP task as a text-to-text problem. It is highly versatile and can perform a
wide variety of NLP tasks by leveraging a unified architecture and large-scale pretraining (Raffel et
al.,[2020)

2.5. Text Classification

Text classification assigns a document to a predefined category. It can be binary or multi-class, where binary
classification can also be used for multi-label classification (Anis,|[2022)).

2.6. Artificial Intelligence Algorithms

AT algorithms, inspired by human intelligence, perform tasks like learning, reasoning, and problem-solving.
They process and analyze complex data, including natural language (Russell & Norvig,|[2016)). Effective algo-
rithms for text data analysis include:
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1. LDA: Probabilistic model for discrete data clusters, identifying hidden topics (Sayadi,[2017).

2. CNN: Network using minimal preprocessing, useful for detecting named entities (Widiastuti,2019).

3. LSTM: Extends memory of RNNSs, storing states of each cell for sequential processing (Schmidhuber
& Hochreiter,[1997)).

4. RBFN: Neural network for curve-fitting in high-dimensional space, useful for classifying participation
data into semantic, spatial, or temporal patterns (Zhang et al.,,2011).

3. Methodology

This paper explores the integration of Al models for semantic, spatial, and temporal analysis of citizen partic-
ipation data on digital platforms. The methodology involves several steps:

- Exploration of Citizen Participation Platforms: Establish foundational understanding of function-
alities and data generated.

+ Framework for CPP Data Contextualization: Analyze data based on semantic, spatial, and temporal
dimensions.

- Review of Textual Data Analysis Techniques: Identify key dimensions for analysis.

+ Search for Appropriate Al Architectures: Design Al models tailored to each dimension.

- Evaluation of AI Model Designs: Assess accuracy scores for models like Named Entity Recognition
(NER) and Entity Classification.

+ Selection and Integration of Models: Choose the best models for each dimension and analyze re-
sults to understand citizen participation patterns.

3.1. Choice of Pre-trained NER Model:

We selected a pre-trained NER model based on performance, corpus size, and integration environment. After
comparing several models, including SpaCy, Stanford Core NLP, OpenNLP, Gate, and NLTK, we excluded Java-
based models due to integration constraints. Between SpaCy and NLTK, SpaCy was preferred for its larger
corpus size and better performance. After evaluating the available SpaCy models, we chose fr-core-news-
sm for its smaller size and efficiency in identifying patterns in citizen participation texts.

4. Proposed Al Models for Semantic, spatial and temporal Analysis of citizen
participation data on digital government platforms

4.1. The proposed Semantic Dimension Model
+ Design of Solution 1 of the Semantic Model

This solution is based on the pre-trained SpaCy model with custom entity recognition. The goal is to detect and
classify semantic patterns from a given text. Semantic patterns include: Question, Governing Entity, Reference,
Number/Metric, Link or document/file, Tag, Hashtag, Emoticon.

Figure[2]shows the semantic patterns detected by Solution 1 (using the NER model) and Solution 2 (using the
LLM model) in the text.

+ Design of Solution 2 of the Semantic Model

In this solution, we will employ Large Language Models (LLMs) to enhance the detection and classification of
semantic patterns within citizen participation data. The model is pre-trained on vast amounts of textual data
and by fine-tuning it, we can detect and classify complex semantic entities which are listed in the solution 1
of the semantic model. By integrating LLMs, the model strengthens the decision-making framework by offer-
ing a comprehensive understanding of citizen engagement and by improving the data processing on digital
government platforms. The illustrative diagram for this solution is similar to Solution 1, as it shares the same
inputs and outputs; however, the model used will be different to detect specific semantic patterns.
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4.2. The proposed Spatial dimension Model

One essential dimension in data analysis is the extraction of spatial data. Two solutions are proposed: one
using the SpaCy NER model with a neural classification model, and one using the pre-trained SpaCy NER model
combined with a geolocation API and an algorithmic classification process.

- Design of Solution 1 of the Spatial Model This solution involves implementing two complementary
models:

- Spatial NER Model: Similar to the semantic dimension, input data is prepared, annotated, and divided into
training and testing corpora. This model extracts spatial patterns without classifying them. Figure |3|shows
the spatial entity that this model is designed to detect in the text. - Spatial Entity Classification Model: This

B B @

Annotated Spatial Named Entity Recognition
spatial data

Fig. 3 - Illustrative diagram of the Spa-
tial NER model

model classifies the spatial patterns detected by the first Spatial NER model, processing the annotated corpus
and outputting six class categories using a Feed Forward network. Figure [4shows the spatial patterns that
this model is designed to classify.

- Design of Solution 2 of the Spatial Model
This solution uses the pre-trained SpaCy model to identify location and organization entities (Loc,
Org), then prepares an NER model to detect classes like Cities_provinces_Countries, Spatial entity
approximated position, and Hashtag. The entity results are then classified according to logical con-
straints. Figure 5 illustrates the second solution as well as the spatial patterns that this solution is
designed to classify.

4.3. The proposed Temporal dimension Model

+ Design of Solution 1 of the Temporal Model: This solution includes two complementary models: a
Temporal NER model, similar to the semantic dimension and the first spatial solution, which detects
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temporal patterns from the annotated corpus, and a Temporal Entity Classification model that auto-
matically classifies the temporal entities detected by the Temporal NER model. Figure[6]shows the
temporal entity that this model is designed to detect in the text. Figure[7|shows the temporal patterns
that this model is designed to classify.

n = @
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Fig. 6 - Illustrative diagram of the Tem-
poral NER model

+ Design of Solution 2 of the Temporal Model: This solution uses the pre-trained SpaCy model to detect
the date from the (DATE) entity after translation, then applies the NER model trained with collected
temporal data to identify deictic expressions and temporal hashtags. The extracted information is
processed through a classification algorithm based on logical classification rules. Figure([8]illustrates
the second solution as well as the temporal patterns that this solution is designed to classify.
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5. Discussion and Conclusion

This study explores the integration of Al models for semantic, spatial, and temporal analysis in citizen partici-
pation data on digital platforms. Automating data analysis through Al enhances the ability to identify nuanced
patterns, supporting scalable and efficient decision-making processes tailored to citizen needs (Marzouki et
al,,[2022a)). Semantic analysis captures stakeholders’ experiences and concerns, spatial analysis further con-
tributes by mapping out the geographic dimensions of citizen inputs, thereby aligning community needs with
spatial strategies in urban planning (Lafrance et al.,|2019), and temporal analysis tracks changes over time
(Andrienko et al,,|2010)), fostering proactive governance (Marzouki et al.,2022b).

The integration of Al-driven methodologies represents a significant advance in the transformation of digital
citizen participation platforms. This approach addresses data scalability and complexity, improving decision-
making processes in urban governance. By bridging the gap between citizen data and actionable insights, it
fosters more inclusive and data-informed policy-making.

Our research aims at automating the analysis of large volumes of textual data, in order to provide actionable
insights for city decision-makers. Future work will include collecting real citizen participation data, testing
the proposed models, and developing a participatory platform integrated with decision support mechanisms.
Further refinement of these Al models will enhance the effectiveness of citizen participation platforms, in-
cluding the analysis of other data types, like images and videos, to provide a comprehensive understanding of
citizens’ living contexts.
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