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Abstract

The Bundesbank’s statistics department provides high-quality company data by consolidating in-

formation frommultiple, often inconsistent sources. Therefore, a significant challenge lies in resolv-

ing contradictions and imputing missing data in sectoral and regional metadata for large volumes

of company data, a process that is partially automated but still heavily reliant on resource-intensive

manual checks. This study explores the use of multimodal Large Language Models (MLLMs) to

automate data validation by integrating unstructured text (such as company websites and com-

mercial register entries) with geospatial and image data (e.g., satellite and overflight imagery,

cartographic data, and 3D building models) related to company real estate. By proposing a sys-

tem architecture for combining and processing geospatial data from images, texts, and digital

twin data within a multimodal fact-checking approach, we aim to demonstrate the potential of

multimodal fact-checking to enhance data quality and integrity. We conduct several experiments

by alternating between different input sources, MLLMs used, and implementing multiple iterations

to check for robustness of MLLM responses. The established pipeline can also be used for other

cases such as missing data imputation or the extraction of company building features.
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1 Introduction

The Statistics Department of the Bundesbank provides high-quality company data to analysts,

researchers, government institutions, and the public. To achieve this, the Bundesbank collects and

processes data from multiple sources for statistical purposes. A significant portion of this data is

secondary, meaning it was not originally collected for the final statistical objective. Although the

data is available in a structured format, it exhibits inconsistencies and disorganization, particularly

regarding contextual metadata such as sectoral and regional information.

A critical step in data processing is the consolidation of information pertaining to the same entity

from multiple sources, which often contain contradictory information (Christen, 2012). This pro-

cess is partially automated through the application of majority voting (adopting the information

confirmed by most sources) or prioritizing data sources (assigning the highest credibility to inform-

ation from the most authoritative source). Nevertheless, a substantial proportion of contradictions

require extensive manual verification, which is both resource-intensive and time-consuming (Batini

and Scannapieco, 2016; Christen, 2012).

Given the extensive scope of the company master data, which may encompass millions of entities

at the national level, the volume of data makes manual quality checks both costly and challenging

to implement. This issue is relevant for any data source, public or private, that integrates informa-

tion from multiple origins. Consequently, this challenge is common to all producers of high-quality

data that inform policy decisions, such as environmental monitoring agencies, statistical bureaus,

public health organizations, and economic research institutes (Redman, 1998).

The integration of multimodal large language models (MLLMs) with geospatial data, as well as

semi-structured and unstructured textual data from companies, offers a sustainable long-term

solution to replace manual checks (Y. Zheng, Lin, Chen, et al., 2023). MLLMs enable efficient

processing of information from images in combination with textual company data (Li, Li, Xie, et al.,

2023). Therefore, the primary objective of this study is to design a system architecture for a proof of

concept demonstrating howMLLMs can be used to validate contextual company information using

high-resolution satellite imagery, cartographic data, and digital twin data (i.e., 3D representations

of the company buildings). The findings of this study are generalizable to other contexts that

utilize geospatial data as input for MLLMs, particularly in applications involving spatial reasoning,

where the integration of diverse data modalities is essential for informed decision-making and

analysis. Given the multitude of attributes in the company master data, this study focuses on

the fact-checking of those company attributes that contribute to the aggregated macroeconomic

indicators published by the Bundesbank.

For statistics depicting the economic structure, the economic sector and the location of the com-

panies are the two primary grouping variables for aggregation. The accuracy of the sectoral and

regional classification is crucial for meaningful analyses and valid conclusions (Eurostat, 2013).

Analyses based on the economic sector or region illustrate the development of markets, the indus-

trial structure, regional strength and regional disparities. An incorrect sector codemay also indicate

other incorrect company data (e.g., address, number of employees, etc.). Sector validation serves

as our starting point for further validation of the company master data.
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The validation of company information is a routine task in official statistics involving company data

(UNECE, 2015). Therefore, the potential solutions developed in this study are also applicable to

company master data in contexts beyond the Bundesbank.
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2 Research Question

Considering the notable effort required to process and validate the data, there is a significant need

for more efficient and universally applicable solutions.

Visual information about companies is currently ubiquitous and easy to access. For example,

companies place images of their products, production facilities or headquarters buildings on their

webpages and social media profiles. Furthermore, satellite images with high resolution are avail-

able from space agencies, such as NASA or ESA or from public authorities such as U.S. Geological

Survey (USGS) or the European Environment Agency (EEA). It is possible to combine this visual in-

formation with classifications and descriptions of buildings (e.g., whether it is an industrial facility

or an office building, volume, number of floors, surface area) from digital twin data or mapping

platforms such as OpenStreetMap. These data offer a new possibility for gaining knowledge about

a company’s economic activity.

By combining data from different formats containing several representations of a company’s activ-

ities, which might include text descriptions and images about its products, production facilities and

office locations, we expect to learn valuable information to determine its economic sector more

accurately. Therefore, the goal of this study is to assess the potential and feasibility of leveraging

images and state-of-the-art multimodal learning methods by designing a system architecture to ex-

tract information about companies’ activities and validate or impute their economic sectors using

geospatial data.

From the perspective of NLP research, we can frame the problem as multimodal fact verification.

However, unlike existing attempts to fact or claim verification in news, politics, or social media

domains (Yao, Shah, Sun, Cho, and Huang, 2023), the nature of semi-structured textual data

in this specialized business-related domain poses unique challenges. We will thus explore (1) to

which extent canwe employ transfer learning from text-based fact verification datasets (Nakamura,

Levy, and Wang, 2019), (2) whether it is beneficial to combine images and text in large pre-

trained generative transformers like T5 and assess their adaptability to this problem (Pradeep, Ma,

Nogueira, and Lin, 2020), and (3) explore the new task of generating explainable fact verification

for multimodal data (Atanasova, 2024). Furthermore, as reproducibility of results is a major pillar

for scientific analyses, we conduct robustness checks to analyse the variability in the prediction

results of the MLLMs (Perkins and Roe, 2024). The findings of this study can potentially be applied

to similar use cases in other public institutions, leveraging multimodal data such as satellite images

and textual information to validate company details.



Automating Company Data Validation with Multimodal Large Language Models: Integrating
Text, Geospatial, and Image Data for Sector Classification

Technical Report 2026-02

7

3 State of the Art

Past studies have relied on advanced methods to identify urban areas, buildings, forests, and other

natural resources from satellite images (Sirko et al., 2021; Tam, Toan, Cong, and Hung, 2022; Yang,

Qin, Grussenmeyer, and Koehl, 2018). Gebru et al. (Gebru et al., 2017) have used Google Street

View to estimate the electoral behavior based on the demographic makeup of voters’ neighbor-

hoods. Popular methods include U-Net (Ronneberger, Fischer, and Brox, 2015) and related adapt-

ations for semantic segmentation. However, many applications involve only a single data modality,

such as text or images. More recent studies build on multiple modalities to improve the results

of data analysis, enhance accuracy, and provide a more comprehensive understanding. Common

applications include the combined usage of images and text, video, and audio, among others

(Bernardi et al., 2016; Hu and Flaxman, 2018; Kiela, Bhooshan, Firooz, Perez, and Testuggine,

2019; Miller, Howard, Adams, Schwan, and Slater, 2020; Uzkent et al., 2019).

Multimodal fact verification has mostly been focused on social media or politics (Akhtar et al.,

2023; Geng, Kementchedjhieva, Nakov, and Gurevych, 2024; Kotonya and Toni, 2020a; Yao et

al., 2023; Zlatkova, Nakov, and Koychev, 2019). The recent COVID crisis has also brought atten-

tion to the verification of health-related claims (Kotonya and Toni, 2020b), however, the domain

source remains news or fact-checking websites (Nakov et al., 2021). Very recent research on LLMs

for fact-checking has expanded beyond fake news detection to include data validation, such as

verifying large structured datasets (Theologitis, Dammu, Shah, and Suciu, 2026), scientific know-

ledge (Vladika and Matthes, 2023), and time-series data (Strong and Vlachos, 2025). Moreover,

researchers have recently published studies that investigate the application of MLLM in conjunction

with geospatial data (Mai et al., 2022, 2023; e.g., Roberts, Lüddecke, Sheikh, Han, and Albanie,

2024). These include vision papers that explore the promises and challenges of developing a

foundation model for geospatial artificial intelligence (GeoAI) (Mai et al., 2022, 2023). But also,

initial studies solve various specific geo-based tasks using MLLMs, such as predicting a country

based on an image and text input (Roberts et al., 2024). Overall, research in this area is still in its

infancy, but is attracting increasing interest in different fields, offering the potential for substantial

improvements in processing geospatial data (J. Wu, Gan, Chao, and Philip, 2024). Regarding the

quality of verification, other recent studies (Berk Atıl et al., 2025; Yuan et al., 2025) have also fo-

cused on analysing the consistency and reproducibility of MLLM responses across several complex

tasks with constant configuration. Dependent on the task, they find a high variability in model

responses, while logical deduction belongs to the task that shows the lowest variability (especially

for GPT4o) (Berk Atıl et al., 2025).
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4 Potential Solution and Challenges

Since the research question comprises manifold heterogeneous sub-questions, various solutions

are conceivable. One relevant aspect of sector validation is related to companies in the manufac-

turing industry. Depending on the specialization of the company (whether small industry inputs

are produced or large labor and capital-intensive goods), a company must maintain respective pro-

duction facilities. The non-existence of a production facility (that represents the economic activity

described by the company’s economic sector classification) raises doubts about the correctness of

the sector classification or other information (like company address, etc.). To bring together all

the necessary information about a focal company it is necessary to combine the description of the

economic sector of a company (e.g., from financial reports, commercial register entries or other

sources), with geoinformation about the company’s location, digital twin data, and satellite images

(Goldblatt, Heilmann, and Vaizman, 2020; Kyriakos and Vavalis, 2023) (e.g., from Sentinel-21) or

Landsat2)).

Given the heterogeneity and volume of these data sources, the first step—extracting, linking and

consolidating all relevant information from thementioned sources— represents one of the greatest

challenges (Fusco and Aversano, 2020; Koukaras, 2025), particularly as it involves not only identi-

fying the exact location of a company but also determining the spatial extent of its premises.

Furthermore, it is highly unlikely that big production companies with many employees share the

same production facility. A production facility rarely consists of a single building; instead, it often

comprises several facilities with distinct functions, each of which can provide valuable information

about the economic activity of the company.

This is one of the main challenges that our architecture must address in order to contribute to our

overarching goal and reduce the need for manual verification of an entity’s master data.

Moreover, it is important to consider that not all companies provide the address of their production

facility. Instead, they often list their administrative address or the address of their tax attorney,

which may be located in a residential or commercial area and not necessarily near the production

site. To reduce this uncertainty, we must consider the geolocation of the company’s local unit

(the establishment where employees are registered) and, if necessary, verify multiple addresses to

accurately identify the economic sector (U.S. Census Bureau, 2026).

1 https://www.esa.int/Applications/Observing_the_Earth/Copernicus/Sentinel-2
2 https://science.nasa.gov/mission/landsat/

https://www.esa.int/Applications/Observing_the_Earth/Copernicus/Sentinel-2
https://science.nasa.gov/mission/landsat/
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5 Data Sources

The table below lists the data we use to evaluate the architecture presented in this study. In

general, our architecture is capable of integrating satellite/overflight imagery with digital twin

data stored in spatial formats such as CityGML (Kutzner, Chaturvedi, and Kolbe, 2020), along

with semi-structured and unstructured text data extracted from descriptions of company activity

from commercial registers, or similar sources. The table 1 below provides an overview of the data

we use, where these data come from, and the multimodality of the data source.

Table 1: Data Sources and Format

Data Source Data Name Format

Deutsche Bundesbank RIAD (Company Master Data to

be validated)a
Table

Federal Agency for Cartography

and Geodesy

(GeoBasis-DE-BKG2024)

Building Function Data from

digital twin (3D-Building

models, LoD1/LoD2)b

CityGML (XML-based vector

data)

Federal Agency for Cartography

and Geodesy

Digital Orthophotos (DOP20),

high resolution overflight

imagesc

Geotiff (raster data)

OpenStreetMap Nominatim, Larger polygons

around the company property

Various formats available (e.g.,

shapefiles, XML)

Handelsregister Portal Company Register Datad Table (containing unstructured

strings for the company activity

description)

German statistical offices Handbook for NACE/ WZ2008

sectors including descriptionse
pdf (unstructured text)

a https://www.verwaltungsdaten-informationsplattform.de/register/24#Allgemeines
b https://gdz.bkg.bund.de/index.php/default/3d-gebaudemodelle-lod1-deutschland-lod1-de.html
c https://gdz.bkg.bund.de/index.php/default/digitale-orthophotos-bodenauflosung-20-cm-dop20.html
d https://www.handelsregister.de/rp_web/welcome.xhtml
e https://www.destatis.de/DE/Methoden/Klassifikationen/Gueter-Wirtschaftsklassifikationen/Downloads/klassifikation-wz-2008-

3100100089004-aktuell.pdf?__blob=publicationFile

The dataset to be quality-checked is the central company master data in the Bundesbank: The

German part of Register of Institutions and Affiliates Database (RIAD). RIAD is an internal database

that serves as the single source of truth for company master data. It is fed by various administrative

and commercial data sources, each of which contains its own truth on the companies’ economic

activities and must be consolidated into one truth. This data is enriched with geospatial data, such

as public satellite and overflight images, digital twin data containing building characteristics, map

data from OpenStreetMap (OSM) (Haklay and Weber, 2008), as well as plain text extracted from

unstructured textual resources such as descriptions of economic activity from commercial register

entries.

To obtain instructions on how to interpret the extracted information and decide on an economic

sector (WZ2008/ NACE) allocation, we also extract the guidelines from the official handbook of

WZ2008.



Deutsche Bundesbank
Research Data and Service Centre
TU Darmstadt
UKP

10

For the proof of concept with a smaller sample, the training data is generated by manually verifying

a random sample of integrated company data across different modalities (e.g., linked satellite

images with company master data, digital twin data, OSM and unstructured texts from commercial

register entries).
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6 Model Architecture

To address the presented problem, we developed a potential system model architecture to en-

compass and link all data sources relevant to us. Drawing on recent advancements in this field

(Wang, Zhuang, and Wu, 2024; S. Wu, Fei, Qu, Ji, and Chua, 2023), we present our architectural

approach in Figure 1.

The processing of multimodal data within an LLM necessitates the preparation of data to align

with the specifications of its input layer (Song et al., 2025). Based on the company master data

to be analyzed, the company’s address is first transferred to a Geo-Feature-Extraction Engine. This

engine is designed to extract the required information from various datasets and integrate the

geospatial data with the company-specific information.

Within the Geo-Feature Extraction Engine, a geocoder is first used to convert the company ad-

dresses provided into geographical coordinates (longitude and latitude). However, the output of

the geocoder only describes a single point in a coordinate system, which could, for example, rep-

resent a building at this point. As the coordinates only represent a point, but we are interested

in an area and the objects located on it - such as a company property and the facilities on it -

the coordinates determined must first be compared with the property boundaries. Based on these

property boundaries, which are represented by geographical polygons, data can be extracted from

other sources and assigned to the respective address.

By integrating company data, such as company registration information, with geographic data

sourced from various platforms, the input data is generated. To maximize the potential of MLLMs

in this specific domain and task (Rostam, R., and Kertész, 2025), additional economic sector de-

scriptions are also incorporated into the model.

The predictions generated by the MLLMs, utilizing prompt engineering (Liu et al., 2026; Schulhoff

et al., 2024) and economic sector descriptions, will be compared against observed economic sector

data and validated economic sector classifications. This comparative analysis aims to assess the

accuracy and reliability of the model’s predictions.

Figure 2 illustrates this procedure using an address as an example. First, the geo-coder is used to

derive a point from the address (represented by the arrow in the image), which describes the actual

administrative building of the company. In the next step, data is extracted from various sources

based on the property boundaries associated with the extracted point. This includes data from

the crowdsourced mapping platform OpenStreetMap, which mainly contains objects with meta

information such as features and categories. This meta information is semi-structured and consists

of both standardized tags and descriptive, unstructured continuous text. In addition, 3D objects

are extracted from the digital twin data that are located on the property and describe facilities like

buildings on it. Finally, the company premises are also extracted from the overflight images based

on the property markings and prepared for the next steps.

The data obtained from the geo-feature extraction engine, which is presented in the form of text,

vector data and images, is transferred to the next processing layers. The different modalities are

first harmonized in the multimodal encoding layer. This layer is responsible for converting hetero-

geneous input formats into a standardized, model-compatible structure. After harmonization, the
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Figure 1: Proposed model architecture

Figure 2: Extraction of geo-features based on the address
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data is further transformed and processed in the input projector layer to optimally adapt it to the

requirements of the underlying Large Language Model (Song et al., 2025).

By combining company data (e.g., economic sector classification and other metadata) with geo-

graphic information from various sources, a multimodal understanding of the context is estab-

lished. This approach can be applied not only to our specific use case but also to other scenarios

where information can be validated using geospatial data (S. Du et al., 2025; Skaug and Nojou-

mian, 2025).
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7 Experimental Setup

Sample

As we aim to evaluate the potential of MLLMs to support human experts in data validation tasks,

we need to find a configuration that offers the highest accuracy (compared to a human annotator)

(Huang and Zhang, 2024; Wang, Kim, Rahman, Mitra, and Miao, 2024). Therefore, we run several

experimental designs and compare the accuracy of all approaches. Specifically, this setup helps

evaluate the effectiveness of various input configurations for classifying economic sectors (“Klas-

sifikation der Wirtschaftszweige, Ausgabe 20083)”– referred to as WZ) using an MLLM. Insights

from our initial experiments highlighted two key findings: (1) WZ verification is challenging when

relying solely on overflight images, indicating the necessity for additional information sources; and

(2) incorporating WZ descriptions from the official handbook into the system prompt provides

valuable context that improves model predictions. The experiment utilized internal company data

from 2021, which included company names, and installation coordinates. Additionally, DOP20

aerial images from 2020 and LOD1 CityGML data containing polygons (with installation coordin-

ates) and building function information were employed. Finally, company information taken from

the Commercial Register was also used as an input signal (when available – 373 data points). In

our setup, only the higher-level WZ groups (1-digit) are considered, each corresponding to a let-

ter code [A-U]. The sample was restricted to data points with validated addresses to ensure data

quality (so we could infer that any data mistake is related to a sector misclassification). A legal

form filter was applied to remove personally identifiable information. The final sample consisted

of a balanced set of 835 data points, with approximately 50 data points per available WZ code

in the Master Data. We use this evenly distributed sample over WZ codes to understand the

sector-specific performance of the model prediction.

Prompt Design and Model Interaction

To facilitate accurate predictions of economic activity, the experiment employed a structured

prompt system consisting of a system prompt, a user prompt, and the subsequent MLLM re-

sponse. The prompts were designed to provide the model with relevant context and instructions

(Liu et al., 2026; Schulhoff et al., 2024), ensuring consistency and interpretability in the outputs.

■ System Prompt:

The system prompt establishes the model’s role and provides essential background information

(Liu et al., 2026), including the list of possible economic activities (WZ 2008) and their descriptions

from the handbook. The prompt is as follows:

“You are an expert in analyzing company data who can precisely predict the economic activity

of companies based on an overflight image. You have a list (WZ 2008) of economic activities in

Germany to choose from. Here is the list of activities with their descriptions: <WZ 2008 list>. No

economic activity outside of this list can be predicted. You are given an overflight image and

3 The WZ is the harmonized and standardized economic classification scheme for the German Official Statistics and
administrative data (https://www.klassifikationsserver.de/klassService/thyme/variant/wz2008?lang=EN)

https://www.klassifikationsserver.de/klassService/thyme/variant/wz2008?lang=EN
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a company name so you can predict which economic activity from the list is MOST LIKELY to

correspond to the image and name. Here is your task:”

■ User Prompt:

The user prompt provides the specific input for each prediction, including the company name and

instructions regarding the interpretation of the image and polygon. The prompt is as follows:

“The company name is {company_name}. What economic activity do you think could correspond

to this company? Consider the red polygon in the image to be a building where the company

is located. Also consider the surroundings as clues if needed. Remember to only choose from

the WZ 2008 list. If you are unsure, answer with your most likely prediction. ALWAYS start your

answer with one of the possible upper case letter codes for the activities. Remember to not

start with any special formatting so we can parse the first char. After that, ALWAYS provide your

reasoning step by step.”

■ MLLM Response:

The model’s response consists of a prediction and a step-by-step explanation. An example re-

sponse is provided below:

Prediction: E, Water supply; sewerage, waste management and remediation activities

Reasoning: *E The most likely economic activity corresponding to the company “company_name”

is “E Water supply; sewerage, waste management and remediation activities.” The reasoning is as

follows:

1. Company Name: The name “company_name” directly translates to “Wastewater Association,”

which strongly suggests involvement in wastewater management or treatment.

2. Overflight Image: The image shows infrastructure typical of a wastewater treatment plant,

including circular clarifiers, sedimentation tanks, and other facilities associated with water treat-

ment processes.

3. Red Polygon Location: The building within the red polygon is part of a larger complex that

appears to be dedicated to wastewater treatment, as evidenced by the surrounding tanks and

equipment.

4. Surroundings: The facility is located in a relatively open area, which is common for wastewater

treatment plants due to the need for space and environmental considerations.*

This prompt structure ensures that the model’s predictions are both interpretable and traceable,

allowing for systematic evaluation of its reasoning and accuracy (Huang and Zhang, 2024). When

evaluating other input modalities such as information from the Commercial Register, the structure

remains the same, with a few small changes indicating the new input configuration.
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Model and Experimental Configuration

The large language models used for this experiment were GPT-4o, GPT-5 from OpenAI4), and the

open-weighted models Mistral Large 35) and Qwen3-VL-8B-Instruct6) (Bai et al., 2025; Hurst et

al., 2024; Mistral AI, 2026; A. Singh et al., 2025).

Four distinct setups were tested to assess the impact of different input combinations:

• Setup 1: Company name only.

• Setup 2: Company name, aerial image, and building polygon.

• Setup 3: Company name and description from the commercial register.

• Setup 4: Company name, description from the commercial register, aerial image, and building

polygon.

This structured approach enabled a systematic comparison of model performance across varying

levels of input complexity and information richness.

Evaluation

■ Accuracy

Accuracy of the MLLM response is evaluated by comparing the manually assigned sector classific-

ation to the predicted sector classification by the MLLM. The accuracy metrics can be read as the

percentage of correctly classified economic sectors by the MLLM.

■ Confidence

When evaluating the quality of the MLLM response, we are also extracting the logarithmic prob-

ability (logprob) of the first response token (which is due to our prompt design always the letter

of the WZ2008-section). We can interpret these logprobs as the confidence of the model in its

decision and final response Z. Zheng, Feng, Li, Knoll, and Feng (2025). This confidence measure,

as defined, can be compared with the accuracy of the response and yields an indication of how

trustworthy the WZ-predictions of the models are. In doing so, we can assess whether there is a

rule to follow (an optimal confidence threshold) to detect high quality predictions. If the model

confidence shows a high correlation with accuracy, our pipeline might also generate reliable res-

ults for the imputation of missing data, where confidence of the response can replace accuracy as

a quality metric. Furthermore, high confidence could be used as a quality flag for the predicted

WZ.WZ predictions exceeding a sufficient confidence score could directly substitute human quality

checks.

■ Consistency

After the assessment of the optimal experiment setup, we have run four iterations with the best

4 https://openai.com/
5 https://huggingface.co/mistralai/Mistral-Large-3-675B-Instruct-2512
6 https://huggingface.co/Qwen/Qwen3-VL-8B-Instruct

https://openai.com/
https://huggingface.co/mistralai/Mistral-Large-3-675B-Instruct-2512
https://huggingface.co/Qwen/Qwen3-VL-8B-Instruct
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performing configuration (Setup 3) with stable input sources and prompt configuration to analyze

the consistency of the MLLM response (Liang et al., 2022). In detail, we assess the variability in

the accuracy of the MLLM response.
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8 Results

The accuracy of the classification model varied across the different experimental setups and lan-

guage models. In particular, GPT-4o, Mistral Large 3 and Qwen3-VL achieved their highest accur-

acy values in Setup 3 (Company name and commercial register description), with 65.7%, 67.9%

and 61.2% respectively. However, when utilizing GPT-5, Setup 4 (including geospatial data) yiel-

ded the highest accuracy, reaching 72%. These results indicate that the inclusion of both the

commercial register description, aerial image, and building polygon as input features enhances

the model’s predictive performance, especially when leveraging the more advanced GPT-5 model.

However, the company name alone as sole input source already yielded a minimum accuracy of

almost 60 %. We interpret this predictive power of the company name as the richness of inform-

ation that is already contained in the training data of the MLLM. These findings are in line with

(Yüksel et al., 2026), who ran the same experiments with similar public data and open and closed

source models.

The comparison between the different models further demonstrates the impact of model size,

architecture and input complexity on classification accuracy, similarly to (Wei et al., 2022). While

GPT-4o and Mistral Large 3 performed best with textual information from the commercial register,

GPT-5 benefited from the combination of multiple data sources, achieving superior results in the

most comprehensive setup. Due to computational constraints, Qwen3-VL was only evaluated on

the textual setups (1 and 3). It achieved the worst results in the model comparison but is still

competitive, especially considering its much smaller parameter count.

It is important to note that Mistral Large 3, also an open-weight model, achieves comparable

results with both commercial models, pointing to the general robustness of the method regardless

of MLLM architecture.

After comparing specific models, we were interested in the heterogeneity of the model response

with respect to different economic sectors. The input source might yield stronger clues depending

on the underlying economic activity of the company. We also wanted to elaborate on whether

our design exhibits consistent performance across several economic activities. Figure 4 presents

the accuracy of the WZ-prediction by the MLLM over the individual economic sectors (WZ2008,

Figure 3: Comparison of model performance comparing proprietary with open models and varying
input data
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1-digit). Furthermore, it contains the results from the consistency checks of the four iterations.

The bars represent the accuracy of the WZ prediction for each WZ section for experiment setup

3. Clear differences can be seen between the individual sections, with the model using the WZ

manual, the company name, and the business purpose from the commercial register as input. For

example, for “S: Other service activities” (Sonstige DL), only 44% of the WZ codes are predicted

correctly, whereas for “D:Electricity, gas, steam and air conditioning supply,” it is almost 90% (the

largest bar). The distributions at the top indicate the variance of the results. Here, we tested how

reproducible the results are across four test runs. It is clear that, depending on the section, the

results are relatively robust and thus reproducible (e.g., “D: Electricity, gas, steam and air con-

ditioning supply” and also “B: Mining and quarrying”), but for other sections, such as “S: Other

service activities”, the results fluctuate significantly, indicating a lack of confidence in the model

predictions (Geng, Cai, et al., 2024; Lee et al., 2024). This is not surprising as these are also the

sectors with the lowest accuracy. However, accuracy and consistency do not seem to necessarily

be correlated, as sectors with high accuracy in prediction do not always have the lowest variability

in model responses.

To further understand the erroneous predictions, we were interested in the misclassification pat-

tern as compared to the true economic sector validated by the human expert. Figure 5 provides

an overview of this misclassification in the confusion matrix. We ran experiment setup 4 here as it

yields the best overall results. The confusion matrix illustrates the performance across various eco-

nomic sectors. The columns contain the WZ predicted by the MLLM, the rows contain the true WZ

assigned by the human expert. In particular, the manufacturing sector (“C”), energy supply (“D”),

water supply (“E”), human health and social work activities (“Q”), and arts, entertainment, and

recreation (“R”) exhibit the highest number of true positives. However, in some cases the model

falsely predicted manufacturing (“C”) while the true economic activity was in “G” – Wholesale

and retail or “F”-Construction. This phenomenon can also be observed when classifications are

performed manually as trade and manufacturing are often closely related and are both conducted

in the same company. Conversely, other service activities (“S”), education (“P”), and administrative

and support service activities (“N”) demonstrate the lowest number of true positives which is also

reflected in their low overall accuracy.

Another topic of our study was the potential of the MLLMs to decrease the amount of costly

manual data quality checks. Therefore, we need an indication of the quality of the MLLMs predic-

tion. Besides the accuracy over all predictions, we analysed the confidence in the model response

for the single prediction and compared it with the accuracy of the prediction. If accuracy and

confidence go hand in hand, MLLM predictions with high confidence can be seen as trustworthy

and can substitute manual checkups, otherwise, some other form of AI driven solution is needed,

such as human-AI collaboration (Vats et al., 2024). Figure 6 contains GPT-4o results and illus-

trates the relationship between the model’s confidence (derived from the first predicted token’s

log probability, since it represents the class prediction) and its corresponding accuracy across differ-

ent categories. Contrary to common expectations, the data reveals that increasing the confidence

threshold does not consistently lead to higher accuracy, which was also shown by (A. K. Singh,

Devkota, Lamichhane, Dhakal, and Dhakal, 2023). In fact, for two specific categories namely,

“Professional, scientific and technical activities” - M and “Administrative and support service activ-

ities“ - N. There is a clear trend where accuracy decreases as the model’s confidence increases. It

raises the important question of whether there exists an optimal level of model uncertainty or con-
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Figure 4: Accuracy over different WZ codes (1-digit) and variability of responses across multiple
iterations (Experiment Setup 3, GPT-5)
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Figure 5: Confusion Matrix (for Experiment Setup 4, GPT-5) across WZ sections (1-digit)
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Figure 6: Accuracy of prediction against model confidence (Experiment Setup 2, GPT-4o) for se-
lected WZ sections (1-digit)

fidence at which predictions should be reviewed by a human expert. Identifying such a threshold

could enhance decision-making processes by ensuring that only predictions with an appropriate

balance of confidence and accuracy are automated, while more ambiguous cases are subjected

to human oversight. It is important to note that the output token log probabilities are not avail-

able for newer reasoning models such as GPT-5, so there is no direct way to derive the model’s

confidence from its response.
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9 Conclusion and Outlook

The aim of our study was to evaluate the potential of MLLMs to support human experts in resource-

intensive manual data quality checks. We propose a pipeline in which a multitude of information

types, including novel unstructured geospatial data, is fed into a MLLM, which in turn proposes

the economic sector of a company (WZ2008/ NACE) based on this information.

Our current findings indicate that MLLMs perform notably well in classifying companies whose

economic activities are externally observable, such as those with factories, refineries, or water

treatment facilities – because their physical infrastructure provides strong visual in-formation. In

contrast, human validation remains necessary for complex cases involving heavily diversified com-

panies or companies in the service sector. In such complex scenarios, the model often provides

plausible reasoning that supports the decisions of human experts. Moreover, the WZ2008/NACE

codes predicted by the MLLM can help resolve uncertainties faced by human experts when de-

cisions are ambiguous and may even help reconcile inconsistencies between differing expert opin-

ions. Furthermore, as the genAI models continue to improve and evolve to become more adept

at utilizing geospatial information derived from images of company facilities, we find that the

performance for the cases with strong visual information has improved (with GPT5).

With respect to the consistency of the responses, we find that predictions are not robust across

several iterations with fixed prompts, depending on the predicted economic sector.

Additionally, when looking at the confidence scores, our results do not support the assumption of

a relationship between accuracy of the prediction and confidence of the models as measured by

token probabilities.

The pipeline we developed can be generalized to other use cases, such as the classification of

company buildings (e.g., factories, multi-family residences) and the extraction of additional build-

ing features (e.g., sustainable building characteristics, installation of solar panels, and other ad-

aptations in buildings over time). In a nutshell, geospatial data from satellites and spatial and city

planning (e.g., digital twin data) offer a fruitful novel data source to enrich company data for data

producers in several contexts, whether it be data quality management or new research questions

such as sustainability when assessing the value of the real estate endangered by physical risks

(floods or wildfires).

Our study is subject to several limitations, which provide paths for further research endeavours.

First, the use of OpenAI’s closed-source models entails significant costs and restricts transpar-

ency. A test with larger open models would benefit the generalizability and practical utility of our

results. Second, reproducibility and model confidence are affected by the inherent variability in

GPT-5’s predictions. Novel concepts for a more objective confidence score for MLLM responses

would support the evaluation of the trustworthiness of the predictions (Z. Zheng et al., 2025) and

the potential of their practical usage. Approaches that use a “LLM-as-a-judge” (L. Zheng et al.,

2023) or competition of different MLLMs (Y. Du, Li, Torralba, Tenenbaum, and Mordatch, 2023)

are promising in this research field. Finally, limited access to external data sources, such as the

Company Register Data, constrains the scope and robustness of our analysis.
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