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Abstract:

In recent years, artificial intelligence (Al), particularly its generative forms (GenAl), has rapidly advanced, gaining
popularity across fields such as data analysis and visualization (Yilin et al., 2024). Currently, researchers are exploring
how AI and Computer Vision can interpret visual data representations and extract information from graphical content
(Kommisetty et al., 2024). In the context of cartography, extraction of information for map content has been formulated
in three map use types: map reading, which involves identifying elements and decoding data (Buckley & Kimerling,
2021); map analysis, which is recognizing relationships between map elements and their real-life counterparts
(Kimerling et. al., 2016); and map interpretation, which is a process requiring advanced reasoning and knowledge of
the context (Kang et. al., 2024). In geoscience, Al has been applied to, among others, satellite image analysis, map
description generation, and map-type classification (Logar et al., 2020; Robinson & Griffin, 2024; Wen et al., 2024), as
well as to autonomous map creation via frameworks like MapGPT (Zhang et al.,, 2024). Nevertheless, many
possibilities of using Al in geoscience remain unexplored, this also applies to statistical maps, which are the main
subject of this study.

The study reported here aims to evaluate the ability
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models were selected: GPT-40 by OpenAl, Gemini 1.5 Pro by Google, and Claude Sonnet 3.5 v2 by Anthropic. The
statistical maps applied for the models’ evaluation were selected using the following criteria: uniform area presented
(Europe), two levels of enumeration units (NUTS-0, NUTS-2), two map types (choropleth, and proportional symbols),
and consistency in terms of timeliness, file type (PNG), map language (English). The maps came from reliable sources:
statistical offices (e.g., Eurostat) and statistical atlases. Four statistical maps were selected: two choropleth maps and
two proportional symbols maps (with either NUTS-0 or NUTS-2 per each map type).

Figure 1. Workflow of the study.

Each model was asked six questions for each of the four statistical maps (24 questions in total), using the same starter
prompt defining the rules for answering. The set of questions covered described above map use tasks, with two
questions dedicated to each task type: map reading (e.g., What symbols or additional elements are shown on the graphic
outside the main statistical map?), analysis (e.g., What spatial patterns can be discerned in the distribution of regions
with high and low Human Resources in Science and Technology (HRST)?), and interpretation (e.g., How can regional
differences in HRST participation affect the economic development of the country's regions? Give specific three
examples of countries where such regional differences are noticeable.). The responses to all six questions for each map
were scored according to a developed 6-point scale covering the following weighted evaluation criteria: correctness
(30%), completeness and clarity (20%), support of answers with specific data (25%), justification and inference (25%).
Consequently, each model could achieve a maximum score of 24 points for answers across all maps.

The collected results demonstrated fairly good and similar performance of GenAl models in retrieving information from
statistical maps, with a slight advantage of Claude Sonnet 3.5 v2 (19.36 points out of 24) over GPT-40 (19.13 points)
and Gemini 1.5 Pro (17.57 points). Claude Sonnet led in map reading and interpretation tasks, while GPT scored
highest in map analysis questions, suggesting differentiated strengths that warrant deeper qualitative investigation in the
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Figure 2. Performance of models across map use task types. Figure 3. Performance of models across map types and

enumeration unit levels.

future study. Gemini consistently performed the worst across all kinds of map usage (Fig. 2). However, the differences
between the collected scores in each map use type did not exceed 2.5 points (out of 24).

For choropleth maps, models performed comparably (with scores ranging from 4.50 to 4.91), with GPT showing a
modest edge (4.91 points out of 6). For proportional symbol maps, the scores diverged more considerably (from 4.28 to
5.12) than for choropleth maps, with Claude Sonnet emerging as the clear leader (5.12 points out of 6 points) and
Gemini receiving the lowest score (4.28). At the level of countries (NUTS-0), the highest scores went to Claude Sonnet
(4.95 points out of 6 points), while at the more detailed level of NUTS-2 units, GPT (4.91 points) was marginally better,
ahead of Claude Sonnet (4.73 points) (Fig. 3). These collected results suggest that the effectiveness of the models may
be affected by a type of map, an enumeration unit level, and complexity of a task. However, due to the limited number
of maps and questions used in this exploratory stage, the generalizability of the findings remains constrained and will be
addressed in the subsequent study.

The exploratory study reported here was a foundation for designing a full-scale study scheduled for spring 2025. It
enabled the development and validation of the evaluation criteria, including scoring dimensions and the starter prompt
structure. The main study will cover 12 generative Al models and 16 statistically diverse maps, selected to ensure
proportional variation in cartographic methods, sources, and enumeration units. Each map will include 9 questions
representing three levels of map use (reading, analysis, interpretation) and distinct cognitive operations (e.g.,
identifying, locating, associating, predicting). It will also feature expert evaluation of model responses, enabling a more
comprehensive analysis of LLM-based generative Al models. This assessment will comprise both quantitative scoring
and qualitative interpretation, supported by inferential statistics, to get insight into the capabilities of genAl models in
extracting information from different kinds of thematic maps.
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