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Abstract
The rapid expansion of data centres around the world is putting
strain on various Sustainable Development Goals (SDGs) linked to
energy, water, land, and labour, but sustainability information in
this sector is fragmented and heterogeneous. Individual data centres
have very different environmental impacts and risks based on their
size, operations, and where they are located. However, manually
collecting and reviewing these data points is a time-consuming task.
In this work, we present an end-to-end AI pipeline for generating
a comprehensive, structured dataset of individual data centre at-
tributes from publicly available technical specification documents.
This pipeline utilizes a Retrieval-Augmented Generation (RAG)
architecture combined with open-source Large Language Models
(LLMs). We conducted a comparative analysis of several benchmark
large languagemodels (LLMs), includingMistral, DeepSeek, LLaMA,
and GPT-3.5, to assess their performance within our end-to-end
pipeline. The extracted results are validated using RAG Assessment
Suite (RAGAS) metrics and human validation. Furthermore, we
illustrate how the extracted data can be used to analyse environ-
mental impacts for individual facilities and companies, focusing
on water and carbon footprint. Ultimately, we aim to deploy this
approach globally to build an open database which enables NGOs,
regulators, policymakers, investors, etc. to track the sector’s en-
vironmental footprint and hold operators to account. Our code is
available at 1.
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1 Introduction
Accelerating growth in digital services, including cloud storage,
blockchain and artificial intelligence is driving a rapid expansion
in data centre construction and development all around the world.
Overall data centre capacity is estimated to increase from 59GW in
2024 to 122 GW by 2030, which will have significant implications
for the sector’s environmental footprint [12]. Two major environ-
mental pressures from operating data centres include greenhouse
gas emissions, from energy used, and water used directly or indi-
rectly for cooling [22, 29] In 2022, electricity consumption from
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data centres globally was estimated to be within 350-450 TWh
or around 1.4-1.7% of global electricity demand. While emissions
for data centres and transmission networks were estimated to be
around 330 mega tonnes CO2 equivalent in 2020, equivalent to 0.6%
of global greenhouse gas emissions [26]. The water withdrawal
needed for the processing of AI models alone is estimated to be
between 4.2 and 6.6 billion cubic meters of water in 2027, more
than the total annual water withdrawal of Denmark today [18].

As the infrastructure backbone for digital services, data centres
can contribute positively to numerous Sustainable Development
Goals (SDG), particularly when designed sustainably and deployed
responsibly with equitable access in mind (SDG 9, targets 9.1 and
9.c). However, unabated growth of data centres globally could sig-
nificantly impede progress on SDGs too. Direct operations of data
centres will compete with other demands for scarce freshwater
(SDG 6, targets 6.1, 6.4 and 6.5) and affordable and clean energy
(SDG 7, targets 7.1, 7.2 and 7.3) sources or generate significant vol-
umes of electronic waste from rapidly obsolete servers (SDG, target
12.2, 12.4 and 12.5). While impacts across supply could include re-
source depletion, critical raw materials extraction and unethical
labour practices, (SDG 8 and 15) [24].

These developments and pressures are raising concerns from
different national and international stakeholders. Non-profits are
calling out the disproportionate consumption of water by data
centres in Virginia, United States [14] while the Irish government
has effectively banned the construction of new data centres due
to disproportionate pressures on its electricity infrastructure [21].
Globally, investors are concerned about the financial environmental
risks associated with their investments linked to their water and
carbon footprint [4, 35], or are actively pursuing investments in so
called ‘sustainable’, more resource efficient, data centres [5].

The extent and impact of those environmental pressures is con-
text specific [29]. The location of a data centre will determine to
what extent the power it consumes is generated from fossil fuels,
based on the grid’s fuel mix or access to renewable energy sources.
Additionally the impact of its water consumption will be signifi-
cantly higher in areas with higher water stress [18]. This means that
granular information about individual data centres, tied to their ex-
act location, is essential for local, national and global stakeholders
to understand the environmental risks, opportunities and impacts
associated with the building and operating of these facilities. With
60% of current data centre capacity operated by either large tech
companies or third-party wholesale operators and a remaining
chunk operated by telecom and traditional companies, corporate
sustainability reports should provide information about data cen-
tres’ environmental performance [12]. Unfortunately, transparency
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and adequate sustainability reporting from data centre operators is
often lacking [10, 22].

Where companies do report environmental information, it is
typically aggregated at the company level without location infor-
mation or indicators for individual facilities. Additionally, corporate
sustainability reports are unstructured and inconsistent sources of
information due to a fragmented global landscape of mandatory
and voluntary reporting [6]. Stakeholders, such as investors or fi-
nancial regulators, who rely primarily on corporate reports, will
struggle to assess the environmental risks of their counterparties
in a meaningful way [7].
Information about asset-specific operational indicators and environ-
mental pressures is available from alternative data sources such as
commercial portals, news articles, investor reports, industry bodies,
environmental licensing documentation, or technical specification
sheets [20]. While they may provide more granular or up-to-date
information, the information available is scattered, unstructured
and hard to collect. Language models have been used to analyse
climate risk disclosures at the corporate level [3, 6], but their poten-
tial for extracting and/or analysing asset-level information remains
under researched.

The objective of this study is to develop an automated approach
for extracting asset-level information from readily available data
centre specification sheets. The approach should be scalable across
countries and different types of data sources. Ultimately this will
allow us to build an open, global asset location database integrating
operational, location and ownership features of individual data
centres. Such open data mapping efforts have the potential to bring
transparency and concerted environmental action to the sector,
similar to efforts in the power, cement, or agricultural commodity
sectors [11, 31, 32]. It can reduce information asymmetry between
third party stakeholders and data centre operators about the local
and global environmental implications of data centre developments.
For instance, it would allow policymakers to provide more informed
planning permissions for new data centres, allow civil society and
researchers to identify the most appropriate decarbonisation path-
ways for the sector, or allow investors to mitigate their financial
risks and support their investees in reducing their environmental
impacts.

Previous work by [1, 2, 10] assessed the environmental impacts
of data centres based on spatially agnostic methods and data points
such as lifecycle assessments or country specific averages. While
this offers some comparable insights and gives an indication of the
industry’s potential impacts as a whole, these are insufficient to
capture context or company-specific risk profiles. Environmental
impact analyses by [18, 20, 28, 29] were based on asset specific infor-
mation, where the underlying asset-level data was either retrieved
from commercial sources or collected manually. These impede the
replicability of the analysis due to access constraints and the time
it takes to manually collect information, in such a rapidly evolv-
ing sector. These gaps create a need for a faster, more automated
approach based on openly available data sources.

To automate the creation of such a dataset, we leverage LLMs to
automatically extract key data centre attributes from unstructured
documents. Despite their capabilities, LLMs continue to struggle
with knowledge-intensive tasks, such as open-domain question an-
swering (QA). They often encounter challenges such as dependency

on data or knowledge (which may be outdated); inability to easily
expand or revise their memory; or the tendency to hallucinate by
generating false information [16, 19]. To address these issues, RAG
provides LLMs with potentially relevant documents as the external
knowledge through retrieval, enhancing its accuracy and reliability.
This reduces reliance on the LLM’s internal knowledge. Despite
the widespread use of LLMs for downstream tasks, relatively lit-
tle work has been done on domain-specific tasks. In finance, Wu
et al. [37] proposed BloombergGPT to improve domain-specific
knowledge of LLMs. Based on performance, it is observed that the
proposed BloombergGPT outperforms other LLMs in downstream
finance-related tasks. Similarly, BioBert [17] is a pre-trained LLM
to extract valuable information from the biomedical literature. In
this work, we implement an end-to-end RAG approach with an
LLM. These tools support manual efforts to build an asset-level data
centre database. This paper has the following contributions:

• We propose an end-to-end pipeline for extracting data cen-
tre–specific information fromunstructured specification PDF
documents, with the goal of enabling the construction of
structured, integrated dataset. This pipeline is based on a
RAG framework for information extraction, combining an
open-source retriever with a LLM to enhance factual accu-
racy and contextual relevance.

• We evaluate the performance of our RAG-based system using
the RAGAS framework, and further validate the extracted
outputs through expert review to ensure quality, reliability,
and faithfulness of the results.

• In the study, we illustrate how the extracted data can be
leveraged to analyse environmental impacts for individual
facilities and companies.

2 Methodology
We developed a comprehensive end-to-end pipeline that integrates
manual metadata collection, web-based document retrieval, and
LLMs. To retrieve specific data centre related documents from
Google and Yahoo search engines, we generated search keywords
based on data centre names, providers, and addresses. Information
about individual data centre characteristics was then extracted us-
ing a RAG question-answering system, based on a predefined set
of questions and prompt templates. The workflow is illustrated in
Figure 1. The subsections below provide a detailed description of
each component of the methodology.

2.1 Document Collection and Preprocessing
First we manually gather key details from a publicly available data
centre directory for a given country [8], including the data centre
name, operator and the physical address for each listed facility. We
then combine these three attributes into search keywords that are
both specific and contextually rich (for example, “Digital Realty
Singapore Data Center + Digital Realty + 3 Loyang Way”). We use
these keywords to automatically download PDF documents, such
as technical specification sheets used for marketing purposes. To
streamline this process, we implement a Selenium-based crawler
to search and download PDFs using web searches via Google and
Yahoo.
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Figure 1: Retrieval Augmented Generation pipeline for data centre related information extraction

2.2 PDF Preprocessing
After downloading the PDFs we need to accurately extract text
data from for an effective RAG pipeline - retriever and generation.
For this purpose, we utilise tools and libraries like pdfplumber
[30] and PyMuPDF [15] (also known as fitz). These libraries are
capable of handling most common PDF structures and formats
while preserving the layout and structure of the text as much as
possible. Additionally, we store the extracted text with associated
metadata.

2.3 Retrieval-Augmented Generation (RAG)
System

As part of our information extraction pipeline, we employ a RAG-
based question answering (QA) system to extract structured infor-
mation from these PDFs. Specific questions related to data centres
are generated using predefined prompt templates. A set of manually
defined questions of key data centre attributes is integrated into
prompt templates that include both explicit task instructions and
relevant document context. These prompts are then passed to the
RAG system to generate accurate, context-aware responses.

The Query-based RAG system consists of two core components:
the retriever and the generator. The retriever receives the input
query from the user and searches for similar documents stored
in the vector database, selecting the top 𝑘 chunks or documents
based on similarity or distance functions. This entire process is
divided into two steps. First each object is encoded using some
representation. Second, an index is created to organise the data
source for efficient search. In RAG, indexing is a crucial phase as
it facilitates the retriever by enabling similarity searches based on
queries. Indexing begins with a text document, which is segmented
into smaller chunks using various criteria such as character splitting,
recursive splitting, or semantic splitting, depending on the specific
problem statement. These smaller chunks are then transformed into
vector embedding using an embedding model and stored in vector
databases to speed up retrieval. The generator takes the original
query and the retrieved context as input, using specific augmented
techniques. It then generates the answer to the input query based
on the provided context.

3 Results and Discussion
In this section we provide a brief discussion on data centre at-
tributes, summary of PDF retrieval, parameters setup, prompting
LLM, qualitative evaluation and quantitative evaluation using RA-
GAS framework.

3.1 Selected Data Centre Attributes
Our end-to-end pipeline is capable of extracting various attributes
from data centre documents. For this implementation, we focus on a
selected subset of key attributes, as listed in Table 1. The remaining
attributes to be included in the final dataset are detailed in Table A1.

3.2 PDF Retrieval Summary
This subsection presents a summary of PDF retrieval based on key-
word searches. The statistics indicate the total number of generated
keywords, successful downloads, and the overall retrieval success
rate, as shown in Table 2.

3.3 Model Parameter Settings
We used the LangChain framework to build our Retrieval-RAG
system. To evaluate performance across different model architec-
tures, we implemented the system with various language models,
including Mistral, DeepSeek, LLaMA[36], and GPT-3.5. Both the
query and document chunks are encoded into vector embeddings
using the Sentence-BERT model[25]. We employed the Chroma
DB [33] vector database for indexing the document chunks. This
is a popular technique for handling domain-specific question-and-
answer tasks. The parameter settings for all models are presented
in Table 3.

3.3.1 Experimental Setup. Experiments were conducted on the
Google Cloud Platform (GCP) using a virtual machine with two
NVIDIA A100 GPUs. Open-source models, such as LLaMA 3.3, Mis-
tral (7B), GPT-3.5, and DeepSeek, were executed using the Ollama
[34] framework in the GCP instance for efficient inference.
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Table 1: Key data centre attributes and their descriptions.

Attribute Description
Data Centre Name Name of the data centre
Address Physical location of the data centre
Operator Company responsible for managing or operating the data centre
ISO 27001 Certified Indicates whether the data centre is certified under ISO 27001 information

security standards
ISO 14001 Certified Indicates whether the data centre is certified under ISO 14001 information

security standards
Colocation Space Total space allocated for customer equipment (e.g., server racks)
Building Total Whitespace Total area available for IT infrastructure deployment
Total Critical Power Total power capacity dedicated to critical IT systems
Security Systems in Use Security measures implemented in the data centre (e.g., CCTV, biometric access)

Table 2: Keyword-Based PDF Retrieval Summary

Retrieval Statistic Value
Total keywords generated 63
Successful PDF downloads 45
Document retrieval success rate 71.43%

3.4 Prompting LLM
Effective prompt engineering is essential for enabling language
models such as Mistral, DeepSeek, LLaMA-3.3, and GPT-3.5 to gen-
erate accurate and structured outputs. This process involves design-
ing clear, specific instructions and embedding relevant contextual
information within the prompts to effectively guide the model’s
behaviour [23]. We adopted an iterative refinement approach, ad-
justing the prompts based on the quality and consistency of the
generated responses. To keep the evaluation fair and consistent,
the same set of prompts was used for all four models during evalu-
ation. Each prompt consists of an instruction, a question, and the
corresponding document context used by the RAG system to gener-
ate answers. The specific questions applied for extracting the data
centre attributes are listed in Table 4. The structure of the prompt
template used to produce structured outputs is illustrated in Figure
2.

3.5 Evaluation Metric: RAGAS
The RAGAS framework [9] is used to assess the performance of
the RAG system, with higher metric scores indicating improved
performance. The evaluation focuses on the following key metrics:

• Faithfulness Score: Faithfulness measures how well the
generated output aligns with the retrieved evidence. It as-
sesses whether the response contains any hallucinations, or
information not found in the retrieved context.

• Answer Relevance Score: Answer relevance evaluates se-
mantic alignment between the query and the generated re-
sponse.

• Answer Correctness Score: Answer correctness verifies
factual consistency with the ground truth data points.

• Context Recall/Precision Score: Context recall and pre-
cision assesses the efficiency and coverage of the retrieval

component, ensuring relevant and comprehensive context is
supplied to the generation module.

3.5.1 Radar Chart Visualization. Figure A1 provides detailed radar
chart visualizations highlighting the comparative performance pro-
files of all evaluated models per data centre attribute. The metrics
assessed include faithfulness, answer relevance, answer correct-
ness, context precision, and context recall. Each axis in the radar
chart corresponds to one metric, and the polygonal area enclosed
by each model indicates its overall performance profile. Mistral
demonstrates the most balanced and comprehensive performance,
particularly excelling in faithfulness, answer relevance and answer
correctness. GPT-3.5 shows strength in context precision and con-
text recall but falls short on other dimensions. Deepseek performs
relatively well in recall but struggles with faithfulness while LLaMA
does not outperform the other models on any individual metric.

3.5.2 Qualitative Evaluation by Domain Experts. Domain experts
conducted a qualitative evaluation of the generated outputs, as-
signing scores based on answer relevance using a three-point scale.
This rating indicates the degree to which the generated answer is
relevant and accurate given the context. A score of 1 is given if the
answer is highly accurate and directly responds to the query or
prompt. A score of 0.5 is assigned when there is a partial match,
while a score of 0 is used if there is no match at all.

The human evaluation results for key data centre attributes are
presented in Table 5. LLaMA 3.3 achieved the strongest overall per-
formance, demonstrating higher consistency and accuracy across
most attributes evaluated. GPT-3.5 also performed well, particularly
on sustainability and certification-related attributes. Mistral and
DeepSeek showed less consistent and lower overall accuracy. In
contrast, LLaMA 3.3 and GPT-3.5 proved more effective at produc-
ing reliable, structured information from unstructured data centre
documents. While our human evaluation directly measures cor-
rectness against ground truth, RAGAS focuses on consistency with
retrieved context. As a result, RAGAS may give higher scores even
when answers are only partially correct, highlighting the value of
using both approaches for a more comprehensive assessment.
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Table 3: Model Parameter Settings

Parameter Mistral DeepSeek LLaMA (2) GPT-3.5
Chunk Size 600 600 600 600

Chunk Overlap 20 20 20 20
Top K Retrieval 6 6 6 6

Embedding Model mistral:7b deepseek-llm:67b llama3.3 text-embedding-ada-002
Model Variant Mistral-7B DeepSeek-67B llama3.3:70b GPT-3.5-turbo

Table 4: Questions for extracting key data center attributes.

Attribute Question
Data Centre Name Provide only the data centre name exactly as mentioned in the text. If none is available, respond with

‘not available’.
Address Extract only the full address of the data centre as stated in the text. If not mentioned, respond with

‘not available’.
Operator Extract only the name of the data centre operator as stated in the text. If not mentioned, respond with

‘not available’.
ISO 27001 Certified Is the data centre ISO 27001 certified? Respond with ‘Yes’ or ‘No’. Do not provide additional explanation.
ISO 14001 Certified Is the data centre ISO 14001 certified? Respond with ‘Yes’ or ‘No’. Do not provide additional explanation.
Colocation Space Provide only the size of colocation, technical, or IT space as stated in the text (e.g., 153,000 m2). If not

mentioned, respond with ‘not available’.
Total Whitespace Provide only the building total whitespace as stated in the text (e.g., 153,000 m2). If not mentioned,

respond with ‘not available’.
Total Critical Power Provide only the total critical power value. If not mentioned, respond with ‘not available’.
Security Systems in Use List all security measures mentioned in the document, exactly as stated. If none are mentioned, respond

with ‘not available’.

Template="""You are assigned the role of an AI assistant. Using only the given context on the data
centre which is exacted from technical specification sheets. Ensure that your answers are precise and
strictly based on the provided text. Do not include any external information or assumptions. If no
information is available in the text, do not make up an answer. Please provide only the final JSON
output without any explanations, reasoning, or additional text.

Question: {question}
Text: ``` {context} ''' """

Figure 2: Template instructions for extracting data centres specification information in JSON format

Table 5: Human evaluation results for key data centre attributes across models

Key attributes GPT-3.5 DeepSeek LLaMA 3.3 Mistral
Data centre name 0.464 0.446 0.607 0.600
Address 0.580 0.482 0.813 0.473
Operator 0.571 0.564 0.609 0.636
Total Critical Power 0.839 0.768 0.821 0.554
Colocation space 0.655 0.382 0.709 0.491
Building Total Whitespace 0.545 0.327 0.400 0.382
ISO27001 Certified 0.691 0.418 0.709 0.782
ISO14001 Certified 0.893 0.804 0.821 0.732
Security system in use 0.429 0.250 0.348 0.573
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4 Environmental Impact Estimation Using
Extracted Data

Environmental impacts of individual data centres can be estimated
by combining data centre specific features, such as overall power
capacity, power and water utilization efficiency performance and
location information with water consumption or carbon emission
intensity factors based on sectoral or geographical averages. For
instance, both direct carbon and water footprint can be estimated
based on an individual data centre’s energy usage. The total en-
ergy consumption (equation 1) can be calculated in several ways,
depending on the data available [13, 29]:

DC𝐸𝑖 = Total power capacity𝑖 × 8, 760 × Uptime (1)
where,
• DC𝐸𝑖= Total energy use (kWh/year) for facility i.
• uptime: The proportion of time where the data centre is
running at full capacity. This is a value between 0 and 1.

In cases where the total power capacity is not available, total
critical power capacity can be estimated using equation 2

Total power capacity𝑖 = IT𝑠 × 𝑃𝑈𝐸𝑖 ×𝐴𝑖 (2)
where,
• 𝐼𝑇𝑠 : Load intensity (W/ft2 or W/m2) for data centre size 𝑠 .
• 𝑃𝑈𝐸𝑖 =

Total power supplied to the data centre
Power consumed by IT equipment .

• 𝐴𝑖 : Floor area of the data centre (ft2 or m2).
Once the energy use is estimated, direct and indirect water and

emission footprint can be calculated based on intensity metrics
shown in equation 3 and 4 respectively.

DC𝐶 = DC𝐸𝑖 × CI𝑗 , (3)

DC𝑊 = DC𝐸𝑖 ×WI𝑗 . (4)
where,
• DC𝐸𝑖 : Electricity consumption of data centre 𝑖 (MWh) (equa-
tion 5).

• DC𝐶 : Carbon emissions of data centre 𝑖 (tonnes CO2-eq)
(equation 6).

• DC𝑊 : Water consumption of data centre 𝑖 (m3) (equation 7).
• CI𝑗 : Direct and indirect carbon intensity for data centre type

𝑗 (tonnes CO2-eq/MWh).
• WI𝑗 : Direct and indirect water intensity for data centre type

𝑗 (m3/MWh).
We take IT load intensity values from [27], uptime value used

by [13] and intensity values for colocation data centres from [29]
to calculate the indirect emission and water footprint for NTT’s
Ashburn VA4 colocation data centre in Virginia, United States.

𝐷𝐶𝐸 = 32 MW×8,760 hours/year×0.75 = 210,240 MWh/year (5)

𝐷𝐶𝐶 = 210,240MWh/year × 0.42 tonne CO2-eq/MWh

= 88.3 tonne CO2-𝑒𝑞/𝑦𝑒𝑎𝑟 .
(6)

𝐷𝐶𝑊 = 210,240 MWh/year×7.00 m3/MWh = 1.5 million m3/year
(7)

Additionally, information about the exact location of the data
centre can be used for analysing environmental risks using geospa-
tial datasets. Given the significant water footprint of data centres,
different aspects of ‘water risk’ are important for data centre oper-
ators and stakholders. Here we have entered the address of NTT
VA4 into the WWF Water Risk Filter, an open risk screening tool
with global geospatial datasets covering 12 water risk categories
and 42 indicators [38], and we receive the following scores.

Basin physical risk score = 2.53 (low). This score takes into ac-
count current water availability, drought, flooding, water quality
and ecosystem service status in the basin where the facility is lo-
cated (Middle Potomac / Catoctin). Basin regulatory risk score =
1.38 (very low). This score takes into account the current enabling
(regulatory) environment, institutions & governance, (water) man-
agement instruments and infrastructure for water, sanitation and
hygiene services within the basin where the facility is located.
Basin reputational risk score = 2.44 (low). This score takes into
account current environmental, socioeconomic and additional repu-
tational factors in the basin where the facility is located. Combining
both water risk metrics, this analysis indicates that even though
1.5 million m3/year water consumption is a significant pressure on
water resources, this is unlikely to cause operational or reputational
issues in its current location and context, today. In the future the
risk profile can change due to growing pressures on water resources
from industry or changes in climate, impacting water availability
for that basin.

5 Limitations
While the results show that an end-to-end RAG pipeline is a useful
process to automatically extract facility-level information, chal-
lenges remain which need to be addressed:

• Irrelevant or missing PDF results from keyword searches: In
most cases, we were unable to successfully extract or down-
load PDFs using keyword-based searches. Sometimes, the
retrieved pdf did not correspond to the keyword search (the
downloaded pdf differs from what we searched). This incon-
sistency creates gaps in our automatic extraction pipeline
for building the dataset. To address this issue we used the
LLM as a classifier to categorise the PDF as a specification
sheet (or not) which helped us remove irrelevant PDFs.

• PDF text extraction: Accurate text extraction from PDFs is
essential for effective retrieval and generation in RAG ap-
plications. However, there are challenges in converting text
from PDFs as often the layout of the PDF is too complex,
including multi-column formats, embedded images, footers,
headers, and tables. A lack of standardisation in PDF creation
means that different encoding methods and embedded fonts
are used, leading to inconsistencies in the extracted text and
hindering RAG performance. Additionally, many PDFs are
scanned documents that require Optical Character Recogni-
tion (OCR) to convert images to text, further complicating
the text extraction.
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• Wrong answers: Human evaluation of the answers shows
that some models are likely to make mistakes, for instance
quoting results from other PDF sources. Additionally, the
RAG generated answers are not always relevant to the con-
text, even when external knowledge is incorporated by pro-
viding the context along with the query to the generator.
This shows that a further manual verification process is re-
quired to ensure a more robust output specific to the data
centre.

In our current study, we focus on data centre specification sheets,
specifically examining third-party colocation data centre providers
that sell or lease services to various clients. This does not include
’hyperscale’ data centres owned and operated by large tech compa-
nies such as Google, Amazon, Microsoft, or Meta.

6 Conclusion
An open, global database of accurate asset specific data centre at-
tributes can become a critical foundation for increased transparency
in the sector. Ultimately such a database will create a level playing
field between communities, non-profits, governments, businesses
and investors to hold data centre operators to account on their
negative externalities.

In this paper, we present an AI approach for creating a structured
dataset of data centre attributes. By leveraging an existing RAG
framework, we automate the extraction of critical data points from
diverse and unstructured sources, starting with data centre spec-
ification sheets. We use predefined questions, carefully designed
prompts, and multiple language models, such as Mistral, DeepSeek,
LLaMA-2, and GPT-3.5. The automatic and human evaluation scores
show that the LLMs with RAG approach offer a helpful starting
point to extract asset-level data at scale, but human intervention
and validation remains needed. From our analysis, we find that no
single LLM outperforms the other models. Deepseeks the poorest in
our analysis, while LLaMA3.3 and GPT-3.5 produce a more consis-
tent, accurate, and context-aware output, although the differences
are limited. This higlights the need for further detailed evaluation
and careful application of the right model for the right type of
question, on the right type of PDF input.

To address the limitations, our future work will focus on refin-
ing the architecture of the retriever, refining prompt designs, and
fine-tuning end-to-end RAG with data centre-specific data to im-
prove the effective use of retrieved documents by LLMs, thereby
enhancing data quality and comprehensiveness. Additionally, we
aim to explore additional sources of input text, such as company
sustainability and financial reports or specialist news articles to
expand the type of information we can integrate into a global open
database.
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(a) Data Centre Name (b) Security System in use (c) Address

(d) Building Total Whitespace (e) Colocation Space (f) Total Critical Power

(g) ISO 27001 Certified (h) ISO 14001 Certified (i) Operator

Figure A1: Radar charts comparing model performance across five RAGAS metrics for each attribute.
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Table A1: Attributes in the Structured Data Centre Dataset

Attribute Description
Data centre Name Name of the asset
city The city where the asset is located
state The state where the asset is located
country The country where the asset is located
region Region in which the asset is located
latitude Latitude for the geolocation of the asset (based on WGS84 (EPSG:4326))
longitude Longitude for the geolocation of the asset (based on WGS84 (EPSG:4326))
status The operating status of the asset
year Year the facility started operations or is planning to start operations
facility_type The type of data centre (bare metal, colocation, enterprise, hyperscaler)
floor_space Floor space of the facility (sq ft)
power_system Power system in use
renewables_onsite Renewawble energy power generation capacity available on site
renewables_certificates Renewable power generation certifications procured for the facility
incoming_power Total incoming power
IT_power Total IT power
PUE Power usage efficiency
lower_carbon_innovations Low carbon technology innovations
cooling_technologies Cooling system in use
annual_water Annual water usage (liters)
equipment_water IT equipment energy usage (kWh)
WUE Water usage efficiency/effectiveness (L/kWh)
tier_design Uptime certification (Tier I, Tier II, Tier III)
certifications Any certifications in place for this facility
clients Reported clients of the facility/company
sustainability_policy Does the operator have any sustainability policies in place (yes/no)
green_building_standards Green building standards in place if any
energy_standards Energy standards in place if any
water_efficiency_standards Water efficiency standards in place if any
security_standards Security standards in place if any
security_system Security system in use
owner_name Name of the owner/operator of the facility
owner_country Country where the owner/operator headquarters are located
owner_city City where the owner/operator headquarters are located
owner_source Source reporting the ownership link between the facility and owner
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