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Abstract. Citizen contributions from online participatory
mapping platforms surface local knowledge and lived
experiences that can inform urban decision-making.
However, as these initiatives scale, practitioners
increasingly struggle to extract meaningful information.
While frameworks and methods to analyse the spatial
dimension of these contributions exist, there is a lack of
approaches leveraging their free-text content. This paper
investigates whether small local Large Language Models
(LLMs) can help in structuring this data via (i) sentiment
polarity analysis and (ii) thematic classification. Our case
study is based on an openly available dataset from 2021
for the city of Prague (N=30000), where residents’
emotional and perceptual relationships to the city were
collected. We evaluated the performance of three models
across two languages (Czech and translated English text)
on 732 randomly sampled and manually annotated citizen
comments, using five repeated runs to account for output
variability. Our results revealed that OpenEuroLLM-
Czech:12b achieved the highest weighted F1 score for
sentiment analysis and Gemma3:12b for thematic
classification (85.2% and 70.4%, respectively). All LLMs
also exceeded a RoBERTa sentiment -classification
baseline (weighted F1 score 72.1%) on the sentiment task.
Overall, this study suggests a potential for using LLMs in
participatory mapping, with implications for more
engaging and inclusive participation. We also call for the
development of ethical guardrails for the responsible use
of LLMs in participatory mapping.
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1 Introduction

Advances in Information and Communications
Technologies (ICT) have enabled citizens to share
spatially referenced data through web platforms (ranging
from social media to participatory mapping platforms),
making public voices heard in impactful ways
(Atzmanstorfer et al., 2014). This democratisation
produces large volumes of citizen-generated data that
contains rich, unstructured, multicultural textual
information. Gathering and processing such feedback has
become increasingly valuable in urban planning because
it offers insights into the public's needs (Gholamnia et al.,
2025). In participatory mapping, citizens’ contributions
take the shape of simple geographical entities, mainly
points, less frequently lines, and polygons (Vallejo-
Velazquez et al., 2025; Ramirez Aranda et al., 2021). The
analysis of these geometries encompasses numerous
spatial methods, which are grouped into three categories:
“Explore”, “Explain”, and “Predict/Model” (Fagerholm
et al., 2021). However, a critical issue of current practices
is that the text-based narratives present in citizens’ spatial
contributions are rarely interpreted (Brown and Kytta,
2014), leaving the underlying context and emotions
undocumented. These narratives are traditionally browsed
manually, but this method quickly becomes impractical
when processing successful online participatory mapping
initiatives with thousands of contributions. Additionally,
the widespread nature of online participation means
citizen contributions are increasingly multilingual,
mirroring the cultural and linguistic diversity of cities.
However, these multilingual comments, are difficult to
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interpret (Gracia et al., 2012). This represents a significant
gap: while having rich participatory data with both spatial
and potentially multilingual textual components, we lack
approaches to process the data and assess the qualitative
dimensions embedded in these written contributions.

Recent advancements in Artificial Intelligence and LLMs
have enabled the analysis of unstructured text into
structured insights, leading to potential applications in
participatory urban planning. Examples are multilingual
processing, sentiment analysis, and information
extraction from citizen contributions. LLMs are
increasingly employed for numerous tasks such as
synthesising data from social platforms and reports,
supporting individual travel-related queries through fine-
tuned conversational interfaces, and analysing proximity
perceptions of spatial attributes from user-generated data
sources (Han et al., 2024; Wang et al., 2024; Shingleton
and Basiri, 2025). These studies highlight the utility of
LLMs, including their various uses, opportunities, and
inherent risks (Liu et al., 2025; Raymond et al., 2025), in
interpreting public comments for providing deeper
insights and complementing traditional social survey
methods.

This paper introduces an exploratory benchmark method
of participatory data analysis using LLMs. We first
describe the open dataset (N=30000) from Prague, which
we mobilise for our analysis, our sampling strategy
(N=732), and the reference labels used as ground truth.
We then detail the two tasks, namely (i) sentiment and (ii)
thematic classification, defined to evaluate three LLMs.
Next, we report model performance using F1 score and
confusion matrices. Finally, we discuss the opportunity to
responsibly include LLMs in participatory mapping
practices.

2 Data and Method

2.1 Dataset overview

The dataset used in this research documents residents’
emotional and perceptual relationships to the city of
Prague (Czech Republic), collected through a large-scale
participatory mapping initiative (Panek et al., 2021). Data
were gathered between April and September 2021 using
the web platform EmotionalMaps.eu, which enabled
participants to indicate specific locations on an interactive
map and attach short textual comments in response to a
set of existing participatory mapping categories. In total,
the dataset comprises responses from 5,973 participants,
who collectively contributed 98,364 spatial points and
30,941 associated textual comments (only the latter are
considered in this study). Respondents were able to mark
more than one location per question, and the additional

comments were voluntary, therefore, only approximately
1/3 of all points have comments. Each respondent started
with a blank map to avoid clustering of answers. This also
meant, that respondents could not comment on others'
responses. The participatory mapping categories focused
on subjective evaluations of urban space, such as positive
and negative emotions, perceptions of safety, and places
of personal significance, with a core set of categories
applied city-wide. Table 1 shows the eight participatory
mapping categories.

The survey was originally conducted in Czech, and the
respondents' comments were translated via a paid version
of DeepL right after the end of the survey. The columns
used for further analysis are those written in the original
Czech and the automatically generated English ones.

.. Total Sampled
Participatory
Category . comments comments
mapping
1D . per per
categories
category category
1 This is wherg I spend my 4274 76
free time.
2 I would shoyv_thls placeto a 2746 78
visitor.
This place is neglected and
3 needs to be renovated. 3330 %
I don’t feel safe here
4 (suspicious people, 4051 9%
neglected environment,
etc.).
There is a traffic hazard here
(for walking, cycling, motor
S vehicle, lack of pedestrian 3361 %
crossing etc.).
There are parking problems
6 (not enough Vparkmg spaces, 2917 08
cars parked inappropriately,
etc.).
7 I would like more green 2357 04
space here.
There is often an
overflowing waste bin or 1387 9%
8 collection point for
municipal/sorted waste.

Table 1. Common participatory mapping categories for
all Prague districts.

2.2 Data filtering and preprocessing

A subset of 800 randomised comments was created from
the initial dataset, with 100 comments per participatory
mapping category. This sample size was chosen to
balance resource limitations for manual annotation and
the random selection aimed to capture a broad range of
linguistic and thematic variability from the complete
dataset. The length of the comments varied from 2 to 254
characters, averaging at 56 symbols (including spaces) per
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comment. The resulting selection was manually annotated
as negative, neutral, or positive for each comment. The
annotation was conducted by three independent native
Czech speakers, who encountered difficulties in
identifying the sentiment due to sarcasm and ironic tone.
To establish a reliable ground truth for LLM evaluation,
their individual labels were then unified through a
majority vote. The translated comment “I guess it's better
than I remember, but it still seems borderline sometimes
:~( “, is an example that shows the challenge in labelling
participatory mapping data, as all three annotators
provided different labels. This comment was considered
ambiguous and excluded from the analysis. To reduce
noise, we filtered out 67 comments, because they
contained only a place reference (e.g. street label) without
any narrative. For instance, a comment where the text only
referred to "Baronak", which is the name of a hill located
in the Horni Pocernice district of Prague, was removed
(see table 1). The remaining 732 comments were then
processed. The density of these comments per district is
shown in Fig. 1.
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Figure 1. Density of comments in Prague districts.

2.3 Models used

For the analysis, we used small local LLMs to make
comparisons between the models' performances based on:
(i) 3-class sentiment polarity; (ii) 8-class category
assignment. For both tasks, we employed: (1)
Gemma3:12b model (Kamath et al., 2025), selected for its
broad multilingual coverage (140+ languages); (2)
OpenEuroLLM-Czech:12b model, a fine-tuned version of
Gemma3 optimised for Czech language responses,
included for a Czech-specialised baseline against general
multilingual models; and (3) DeepSeek-R1-0528-OQwen3-
8B model, a minor version upgrade of DeepSeek-R1 (Guo
et al., 2025), selected for its advanced reasoning despite
its size. We ran all models locally using Ollama (version
0.16.2). To establish a reproducible baseline during this
exploratory phase, all LLMs were deployed with their

default settings. Specifically, we kept the temperature for
DeepSeek-R1-0528-Qwen3-8B:0.6, for OpenEuroLLM-
Czech:0.7, and for Gemma3:0.1. Other parameters,
including Top-k and Top-p, were similarly held at default
values. As reference point for sentiment polarity, we
include a transformer baseline, namely Cardiffnlp/twitter-
roberta-base-sentiment-latest, a RoBERTa base model
(Liu et al., 2019). Our selection of this baseline model
followed a preliminary comparative study that
demonstrated greater predictive accuracy on our sampled
dataset over the Distilbert/distilbert-base-uncased-
finetuned-sst-2-english model (Sanh et al., 2020). The
model’s training on ~124M tweets and fine-tuned for
sentiment analysis aligns closely with the nature of our
citizen comment data.

2.4 Sentiment analysis, thematic
reasoning

analysis and

We employed LLMs to analyse the emotional tone within
participants' comments. We kept punctuation and emojis,
which can offer meaningful insights. For each comment,
the LLM was prompted to provide three distinct outputs:
the comment’s polarity (-1 for negative, 0 for neutral, and
+1 for positive), its reasoning explaining the /ogic behind
its classification, and a confidence score from 0 to 1
indicating the model's confidence in the prediction. For
the thematic analysis task, our objective was to evaluate
the LLM’s capacity to categorise unstructured citizen
comments into the existing eight participatory mapping
categories (which were used as ground truth) in the
original survey. By instructing the model to assign each
comment to a category (without providing the link to
them) and its supporting reasoning, we tested whether the
LLM could infer the underlying urban planning context
inherent in citizen feedback. This task validates the
model’s understanding in a participatory mapping setting
and establishes the groundwork for future iterations where
LLMs might move beyond predefined schemas to
generate new thematic categories directly from the
context of the public’s feedback.

All runs were conducted within Jupyter Notebook
environments and repeated five times to account for
stochastic decoding of the models (temperature > 0). For
the tasks involving Czech comments (CZ), we utilised the
OpenEuroLLM-Czech and Gemma3 models, while the
DeepSeek-R1-0528-Owen3-8B and Gemma3 models
were employed for translated English comments (EN).
Two distinct prompts were developed, tailored for each
specific task and language (a representative example can
be found in the Appendix). To enhance processing
efficiency and speed, LLM inputs were provided in
batches of 10 comments. Moreover, we ensured the
structured outputs by using the Ollama Python library in
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conjunction with Pydantic, which facilitates the definition
and serialisation of the required JSON schema.

Hereafter, when we refer to sentiment analysis and
thematic analysis, we will be referring to the comments’
classification task into three categories (negative, neutral,
positive), and to the assignment of comments to specific
participatory mapping categories, respectively.

2.5 Data and Software Availability Section

The textual data and the analysis scripts used in this study
are openly accessible at: https://osf.io/3wb6v/. The
repository includes the raw data, the ground truth labels,
and the LLM prompts used for inference.

3 Results

After running the models five times to quantify the
model’s variability, we calculated for each model/tasks
the weighted F1 scores per run, overall mean weighted F1
score, standard deviation, and average number of not
processed comments. Table 2 summarises a comparative
model performance per task.

Sentiment analysis (Fig.2). Classifying comments in the
original Czech demonstrated the highest mean weighted
F1 scores, with Gemma3 and OpenEuroLLM-Czech
reaching above 85%. The Gemma3 model also performed
with high accuracy on the English translations, by
showing a decrease of 2.5%, which could be justified by
the automatic translation quality using DeepL. The
standard deviation and average of not processed
comments of all models, except from the DeepSeek-R1-
0528-Owen3-8B, stay at low levels, highlighting very
consistent performance across their five runs. All LLMs
achieved higher sentiment-classification accuracy than
the RoOBERTa baseline (~72% accuracy).

Thematic analysis (Fig.2). We notice a significant drop
in all mean weighted F1 scores (ranging from 70.4% to
55.8% for all models). This task, compared to sentiment

Weighted F1 score

analysis, is more complex as it requires classification into
eight participatory mapping categories.

The OpenEuroLLM-Czech model showed the lowest
standard deviation (0.003), indicating highly consistent
performance across the five runs, even though its F1 score
was lower than Gemma3 run on the Czech comments.
This suggests a stable, albeit not leading, performance for
the localised LLM compared to the more general-purpose
multilingual models in this specific task.

Sentiment Analysis Thematic Analysis
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Figure 2. Accuracy comparisons of different LLMs.

The detailed predictions of the models are represented by
the confusion matrices in Fig.3, which depicts the results
from the run that achieved the highest weighted F1 scores
for each model and task.

Weighted | Weighted | Weighted | Weighted | Weighted | ©Yer!
mean Std. Avg. not
Task Model F1 score F1 score F1 score F1 score F1 score .
weighted Dev. Processed N
run 1 run 2 run 3 run 4 run S
F1 score
OpenEuroLLM-
Sentiment Czech:12b (CZ) 0.851 0.857 0.847 0.857 0.849 0.852 0.004 0.6
:I‘:a‘lm:i‘s‘ Gemma3:12b (CZ) 0.855 0.847 0.851 0.854 0.847 0.851 0.003 2.6
¥ Gemma3:12b (EN) 0.825 0.827 0.827 0.827 0.822 0.826 0.001 1.2
DeepSeek-R1-0528-
Qwen3-8B (EN) 0.750 0.767 0.752 0.788 0.776 0.767 0.014 32.8
OpenEuroLLM-
Czech:12b (CZ) 0.667 0.672 0.667 0.668 0.661 0.667 0.003 24
Thematic Gemma3:12b (CZ) 0.696 0.704 0.704 0.711 0.703 0.704 0.004 1.4
analysis Gemma3:12b (EN) 0.681 0.681 0.696 0.689 0.689 0.687 0.005 1.2
DeepSeek-R1-0528-
Qwen3-8B (EN) 0.553 0.560 0.582 0.545 0.551 0.558 0.012 19.6
Table 2. Comparative model performance.
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Ground Truth

negative

neutral

positive

Ground Truth

OpenEuroLLM-Czech:12b

Sentiment analysis (Fig.3). OpenEuroLLM-Czech,
Gemma3 (CZ), and Gemma3 (EN) models consistently
demonstrate robust performance in identifying negative
sentiments in the citizens comments. For instance,
Gemma3 (CZ) model correctly classified 411 comments
as negative. While these models generally show strong
diagonal concentrations across all sentiment classes, there
are some notable misclassifications. There is a tendency
to misclassify ground truth negative sentiments as neutral.
Despite their overall strength in identifying a large
volume of negative sentiments, all three models reveal
this error pattern. OpenEuroLLM-Czech 44 instances,
Gemma3 (CZ) 38 instances, Gemma3 (EN) 51 instances
and DeepSeek-R1-0528-Owen3-8B 79. This indicates a
challenge not with detecting strong negativity, but rather
with interpreting more subtle expressions of negative
situations. An example of this is the comment: “Probably
a housing estate classic...but driving through in the
morning is quite an adrenaline rush”. While human
labellers identified this as negative, likely due to the
implied stressful or unpleasant experience, the first two
models classified it as neutral. The models reasoning
elaborated: “While 'adrenaline rush' can sometimes be
positive, in the context of 'driving through' a 'housing
estate', it implies a stressful or potentially unsafe
situation, but isn't explicitly positive or negative.
Therefore, neutral.” This case demonstrates both models'
difficulty with irony, which can be easily identified by a
human. Another area of confusion for the models lies
between neutral and positive sentiments. For instance, the
OpenEuroLLM-Czech model misclassified 25 ground
truth neutral comments as positive and 21 ground truth
positive comments as neutral.

This shows a challenge in sentiment analysis where
language can be ambiguous. For the comment “More
trees-and let them grow”, which human labellers
annotated as neutral, all models classified it as positive
with their reasoning mentioning “7he comment expresses
a desire for more trees and asks for them to 'grow’, which
is a positive suggestion.”

Thematic analysis (Fig.3). A notable success across all
models, is the relatively high accuracy in classifying
comments related to category 8, i.e., “there is often an
overflowing waste bin or collection point for
municipal/sorted waste”. This is represented by the
diagonal entries for ground truth 8, with 83 instances
correctly classified by OpenEuroLLM-Czech, Gemma3
(EN), and DeepSeek-R1-0528-Owen3-8B, and 85 by
Gemma3 (CZ). On the other hand, the models struggled in
classifying category 1, i.e., "free time", and category 2,
'places  for visitors". OpenEuroLLM-Czech
misclassified 19 comments, while Gemma3 (CZ) and
Gemma3 (EN) showed similar patterns with 13 and 32
such misclassifications, respectively. This overlap is
plausible, as a location where one spends free time is often
the kind of place one would consider showing to a visitor.
An example of this confusion is the comment: “This is
where we'll go jogging tonight.” Human labellers
assigned this to category 2; however, the model assigned
it to category 1, with the reasoning: “The comment
describes an activity that would be done for 'free time'
purposes.” This demonstrates the models' difficulty in
distinguishing these closely related thematic categories
and is a limitation of the initial participatory mapping
design.

i.e.,
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Figure 3. Confusion matrices.
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Discussion and conclusion

This study shows how LLMs can support the analysis of
citizen-generated comments from participatory mapping
initiatives, mobilising free-text feedback that has often
remained untapped. Our approach is valuable for
practitioners who process large participatory data, as it
offers a first outlook on a scalable method for drawing
meaningful information based on textual contributions.

Models like Gemma3 have strong built-in multilingual
capabilities and our results indicate that comment
classification across languages, specifically between
original Czech and the automatically translated English
version, achieved stable performance, even comparable to
the Czech-tuned model. We acknowledge that the English
data in our study comprises machine translations, not
independently authored native English comments, thus
providing a controlled comparison. These findings
therefore demonstrate the model’s linguistic capabilities
when applied to translated textual content. This could
create an outlook for using such models to effectively
process naturally multilingual input, presenting new
opportunities in designing participatory platforms that
offer citizens a choice of language, and therefore,
potentially broaden the inclusivity of these initiatives.

Performing sentiment analysis on citizens’ comments
could support the identification of sentiment and
disagreement hotspots that could be used to prioritise
topics and locations in follow-up engagement. Regarding
the thematic analysis, the accuracy of the models appears
capped at 70%, suggesting that fully automated
classification is not yet reliable but indicates some
potential. We tested a confidence thresholding as a
filtering mechanism (dropping out low confidence
outputs), but the resulting accuracy gains were modest
relative to the number of comments discarded (Fig.4).

If thematic analysis accuracy increases, it means that
participatory platforms could accept more spontaneous
contribution moving beyond predefined thematic
participatory mapping categories. This new direction
would allow a better experience for the citizens but also

enable the emergence of bottom-up thematics.

However, the use of these models raises concerns about
consent, governance and ethical implications. Even with
locally run small LLMs, questions persist regarding

participant consent for Al processing of their
contributions.  Furthermore,  establishing  strong
governance framework is important to ensure

accountability for insights from LLMs. This is especially
true when these insights inform sensitive urban planning
decisions that affect real communities. This ethical
obligation is closely tied to addressing practical issues like
bias, inconsistencies, and hallucinated content (Jiang et

AGILE: GlIScience Series, 7, 45, 2026 | https://doi.org/10.5194/agile-giss-7-45-2026

al., 2024; Zheng et al., 2025). LLMs trained on large
datasets, can accidentally reinforce societal biases. They
might misinterpret subtle language from various citizen
groups, leading to an inaccurate portrayal of public
opinion. Without careful human validation, they could
also show inconsistent classifications. Future research
should assess model limitations in real participatory
settings and create strong ethical recommendations for
responsible LLM integration.

Sentiment Analysis

0.6 0.65 0.70 0.75 0.80 0.35 09 0.95
Confidence Threshold

Thematic Analysis

0.6 0.65 0.70 0.75 0.80 0.85 09 0.95
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Figure 4. Confidence threshold and comments dropped per task

and model.
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Appendix

The figure that follows, is the example of the prompt used
for sentiment analysis task in English comments. The
prompt in Czech for sentiment analysis and the prompts
in English and Czech for thematic analysis task can be
found in the provided repository.

Prompt in English for sentiment analysis task

system_prompt ="""

You are a sentiment analyser system of Public Participation Geo-
graphic Information Systems (PPGIS) data.

The data is extracted from citizen comments about the city of Pra-
gue, translated from Czech to English.

Your task is to analyse and predict the sentiment of the comments,
as well as provide a confidence score of the prediction and your
reasoning for it.

#it# 1. SENTIMENT FORMATTING RULES

- If a comment expresses no clear sentiment, assign a neutral senti-
ment score.

- Do not invent or lie if you do not know the answer; say None if
you do not know.

- Note that the comments may have street names and variability of
PPGIS data.

### 2. OUTPUT FORMAT

The output should be a list of sentiment objects, where each input
comment is given a sentiment analysis. The fields of a sentiment
object are:

- comment id: The ID of the input comment to analyse.

- sentiment _score: The numerical sentiment score is -1 for negative
sentiment, 1 for positive sentiment, 0 for neutral sentiment, or None
if no sentiment can be assigned.

- confidence score: The confidence score of your prediction.

- reasoning: A reasoning of why you assigned this sentiment to this
comment.

### 3. FEW-SHOT EXAMPLES (Do not confuse these with
your real task)
Input: [

{"comment id": 1, "comment": "The new pedestrian zone is ab-
solutely wonderful, such a joy to walk through!"},

{"comment id": 2, "comment": "The old bus routes were much
better, this new schedule is a complete disaster for commuters."},

{"comment id": 3, "comment": "They are planning to build a
new roundabout."}

]

Output: {
"sentiments": [
{

"comment id": 1,

"sentiment_score": 1,

"confidence score": 0.9,

"reasoning": "The words 'absolutely’ and 'wonderful' indicate a
strong positive sentiment, so the comment is considered to be posi-
tive."

o
{

"comment_id": 2,

"sentiment score": -1,

"confidence score": 0.9,

"reasoning": "Phrases 'old bus routes were much better' and a
‘complete disaster' clearly point to strong negative sentiment re-
garding the new bus schedule."

£
{

"comment id": 3,

"sentiment_score": 0,

"confidence score": 0.8,

"reasoning": "The comment simply states a factual plan without
expressing any opinion or emotion."

}
1
}

#it# END OF EXAMPLES
Now, analyze the following comments based strictly on the text
provided below:

nn
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