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Abstract

Practitioners across industries increasingly use
large language models to extract information
from unstructured documents such as financial
filings, legal contracts, and sustainability re-
ports, yet typically rely on generic online rec-
ommendations for prompt design that lack em-
pirical grounding in their target setting. We
address this gap with a practical methodology
for systematically varying individual prompt
components (prompt structure, contextual in-
formation, and model selection) and measur-
ing their effect on extraction quality. We use
greenhouse gas emissions extraction from cor-
porate sustainability reports as a case study of
fixed numeric extraction from high-stakes PDF
documents that vary widely in structure and
presentation and are dispersed across company
websites. Instantiated in a retrieval-augmented
generation pipeline, our evaluation shows that
best practices from industry-facing prompt-
ing guides do not always hold: a structured
prompt incorporating roles, definitions, extrac-
tion rules, and JSON formatting unexpectedly
underperforms a simpler question-style prompt,
while the benefit of adding tabular context
proves both prompt- and model-specific. We
condense our evaluation procedure and findings
into a practitioner’s decision guide for system-
atically testing design choices on task-specific
data rather than adopting generic recommenda-
tions by default.

1 Introduction

Across industries, organisations are increasingly
using large language models to automate infor-
mation extraction from unstructured documents
from financial filings and legal contracts to medical
records and sustainability reports, often building
production pipelines with limited internal exper-
tise in prompt engineering. When designing such
pipelines, practitioners typically turn to publicly
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available recommendations to inform their prompt
design. According to the top search results for
"prompt elements"1, a typical prompt includes a
role, a task, a context, and a format, with examples
sometimes provided as a separate component.

However, these recommendations are rarely
backed by systematic empirical evaluation in the
practitioner’s target setting. Most research papers
either only report the best-performing prompt for
a specific application, such as the extraction of
business process model information (see e.g. Neu-
berger et al., 2025) without describing the prompt
development process, or they evaluate a particular
prompting technique, like prompt chaining, focus-
ing on a single component of the prompt (Kwak
et al., 2024). This reflects a broader gap in the field:
while a recent analysis of nearly 300 papers from
top software engineering conferences found that
69.58% report the exact prompt used, only 46.5%
mention that they refined or tuned their prompts
during the research process, and only 44.1% com-
pare different prompt variations and report their
performance (Korn et al., 2026).

This paper presents a practical guide for practi-
tioners seeking to systematically evaluate prompt
design choices for their own use case. We use
climate data extraction as a running example of a
common practitioner task: extracting standardized
numerical information from long, heterogeneous
documents, as is also common in financial and reg-
ulatory reporting. Consistent and reliable data on
company-level greenhouse gas (GHG) emissions
is essential for effective governance of the climate
crisis (Network for Greening the Financial System,
2024). In practice, however, companies report their
GHG emissions in non-standardized, lengthy PDF
documents that vary in size and structure due to the
lack of a mandatory reporting format, and publish

1Example websites: Prompting Guide from DAIR.AI;
Learn Prompting
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them on their individual websites rather than to a
centralized repository.

Concretely, we provide a methodology for sys-
tematically varying individual prompt components
(prompt structure, contextual information, and
model selection) and measuring their effect on ex-
traction quality. We instantiate this in a retrieval-
augmented generation (RAG) pipeline (see Figure
1), similar to Mankour et al. (2025) and Forster
et al. (2026), but focused on the generative com-
ponent. While the specific performance effects we
estimate are tied to our GHG extraction setting,
the evaluation procedure is designed to transfer to
other extraction tasks by testing these choices on
task-specific data. Our findings illustrate why sys-
tematic evaluation matters: performance does not
improve monotonically across model generations,
open-source models lag behind closed-source ones,
a structured prompt with common best practices
(roles, definitions, extraction rules, JSON format-
ting) unexpectedly looses in performance to a sim-
ple question-styled prompt. The benefit of tabular
context is narrow: it improves only the question
prompt in one model setting. Established best prac-
tices thus do not always hold under systematic eval-
uation.

To make these insights actionable, we condense
our learnings into a practitioner’s handbook with
concrete recommendations and release our pipeline
as a Python package2.

2 Related Work

We discuss related work along three lines: prompt
engineering in practice, prompting for information
extraction (IE), and tabular context in IE.

Prompt engineering in practice. Prompt engi-
neering is extensively discussed in industry-facing
resources such as vendor documentation, online
tutorials, and prompt engineering guides, which
typically converge on a set of recommended compo-
nents: role descriptions, task instructions, context,
examples, and output formats. These recommen-
dations are widely adopted by practitioners, but
are rarely subjected to systematic empirical eval-
uation in specific deployment settings. The aca-
demic literature partly contradicts such guidance:
Zheng et al. (2024), for example, find that mention-
ing personas in prompts is of questionable value,
and Tam et al. (2024) suggest that output format

2https://github.com/gist-sustainability/
climatextract/releases/tag/v0.3.3

restrictions have detrimental performance in rea-
soning tasks. More generally speaking, systematic
empirical studies of LLM prompt design choices
remain scarce. The most relevant analogues to
our work are Atreja et al. (2025) and Guo et al.
(2024), who systematically vary model selection
and design features and consolidate their findings
into evidence-based recommendations. Atreja et al.
(2025) study LLM annotation compliance in a clas-
sification setting, varying definitions, output type,
and prompt length, whereas Guo et al. (2024) ex-
amine input, output, and reasoning design when
constructing samples for fine-tuning. In contrast,
we study inference-time prompting for structured
numeric information extraction from long, unstruc-
tured documents using non-fine-tuned models in a
high-stakes practitioner setting. While both studies
document substantial variation in the effectiveness
of design choices across models and tasks, we com-
plement this work by systematically quantifying
these effects and their statistical uncertainty in the
information-extraction setting.

A substantial literature has explored automatic
prompt optimization techniques (Ramnath et al.,
2025). Such techniques may plausibly outperform
manually designed prompts, but require labelled
training data, a resource often not available to prac-
titioners and therefore not further considered in this
guide.

Prompting for IE. In most research papers, the
prompt design for information extraction follows
the web guidelines by building a prompt up from
instructions or a task description, a role or persona,
relevant context, and desired output format. The
specific design of each of the prompt components
can be based on so-called prompt patterns (White
et al., 2023). While the relevant context is usu-
ally the document passage containing the target
information, it can also refer to restrictions guid-
ing the LLM to distinguish relevant from irrelevant
data (Neuberger et al., 2025). In the emerging
ClimateNLP literature, a common pattern to avoid
hallucinations is to rely on retrieval-augmented gen-
eration (RAG) pipelines and reformulate extraction
tasks as question-answering problems (Schimanski
et al., 2024). A recurring finding is that retrieval
quality critically shapes extraction accuracy, while
attempts to preserve document or tabular structure
in embeddings often reduce performance (Mank-
our et al., 2025). However, most work offers only
limited transparency on prompt design, often invok-
ing general "best practices" rather than empirically
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Figure 1: Pipeline for extracting firm-level CO2 emissions showing embedding step, retrieval with optional table
extraction, prompting under varying templates, contexts, and model choices, output parsing and evaluating against
benchmark dataset. The boxes with dashed contours visualize the variations in the respective processing step.

testing prompt components (Forster et al., 2026).
Tabular context and IE. Companies often re-

port their emissions data in tables within their cor-
porate sustainability reports. The challenge for
LLMs when extracting tabular information con-
sists of correctly attributing a value in a raw text
embedding to the respective column and row with-
out structural information. To address this issue,
a common approach is to rephrase tabular infor-
mation into a natural language description either
to pass as context (Sui et al., 2024) or to generate
a question-answer pair (Ali et al., 2025). Hegsel-
mann et al. (2023) study various approaches to ver-
balize tabular information. In contrast, we process
text and table in parallel and follow the recom-
mendation of Yue et al. (2025) for a format which
preserves "complete semantic information without
excessive structural details" by transforming the
table from raw text into a Markdown table with
Docling (Auer et al., 2024), keeping the tabular
structure intact. There also have been examples of
open-weight models fine-tuned for table question-
answering (Zhu et al., 2024). In these experiments,
the goal is a complex table-reasoning task rather
than a simple information extraction task. Conse-
quently, we focus on the prompting component.

3 Method

3.1 Target information: Emission scopes
We seek to extract the respective company’s green-
house gas emission values from their unstructured
corporate sustainability and annual reports, pro-
vided for 4 different operational boundaries, called
Scopes, as specified by the reporting guidelines
of the Greenhouse Gas Protocol (GHGP) (WRI
and WBCSD, 2011). Scope 1 emissions refer to

direct GHG emissions from company-owned or
-controlled sources. Scope 2 covers indirect GHG
emissions from the purchase and use of electricity,
disclosed according to either location- or market-
based methods (Scope 2 lb and Scope 2 mb, re-
spectively). Finally, Scope 3 emissions include 15
diverse categories of residual up- and downstream
value-chain emissions. The standard unit for all
disclosed emissions is CO2 equivalents (CO2e).

3.2 Pipeline
We use a RAG-based pipeline which proceeds in
5 steps as displayed by Figure 1. In the first step,
we embed the entire document using OpenAI’s
text-embedding-ada-002 (Greene et al., 2022)
and then identify relevant context by semantically
searching for pages most relevant to the query
"What are the total CO2 emissions in different
years? Include Scope 1, Scope 2, and Scope 3
emissions if available." We then consider the top 7
pages in terms of cosine similarity to the query as
relevant context for the prompting step3. In Step
3, we pass a task-tailored prompt to a large lan-
guage model where we vary the prompt structure
and context type (dark purple boxes with dashed
borders) as well as the model (light-purple box).
Post-processing in Step 4 involves parsing of the
LLM output, unit normalization using a unit dictio-
nary and removal of duplicates according to cus-
tom prioritization rules (see Appendix A.2 for de-
tails). For evaluation in the last step 5, we rely on a
benchmark, expert-annotated dataset of sustainabil-
ity information from a sample of 139 sustainability

3Prior empirical evaluations (see Appendix A.1) indicated
that the number of retrieved pages set to 7 represents the best
trade-off between accuracy and computational cost for our use
case.
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and annual reports covering the year range 2017 to
2022, where each entry represents a combination
of report, year and scope. Beck et al. (2025) doc-
ument the benchmark’s construction and describe
the annotation protocol. The sector- and region-
diverse set of companies authoring the reports are
a random selection of around 4000 companies fea-
tured in two major indices (international "MSCI
World Small Cap" and German "DAX"). Compar-
ing the extracted values to the ground truth values
from the benchmark dataset, we compute report-
level precision, recall and F1-score. To assess the
statistical significance of the performance differ-
ences between the experiments and the baseline,
we perform fixed-effect regressions and compute
one-sided p-values (more details in Appendix A.5).

4 Experimental setup

When deploying an extraction pipeline, practition-
ers are rarely in a position to redesign the under-
lying architecture; instead, they work with a small
number of configurable components that are ex-
posed by most off-the-shelf or plug-and-play sys-
tems. We therefore structure our investigation
around the three levers most readily available in
such settings: the choice of model, the design of
the prompt, and the provision of contextual infor-
mation. We evaluate how each component affects
extraction quality for sustainability information ex-
traction. Like most real-world extraction tasks,
our use case involves specific constraints on what
counts as a valid value. Following the benchmark’s
annotation schema, we extract disclosed values
only if they (i) refer to the whole company, (ii)
are reported according to the operational bound-
aries of the scopes, (iii) are reported in absolute
terms as CO2 or CO2e, and (iv) represent a total
value rather than subcategories.

4.1 Baseline

For our baseline, we prompt a large language model
with a question-answering inspired prompt, called
question prompt (see Figure A1 in the appendix),
and the relevant text context from the previous re-
trieval step. The prompt states the task at the be-
ginning, includes an instruction for the case of no
values found and then lists all combinations of 4
metrics (Scope 1, 2mb, 2lb and 3) and 11 years of
interest as questions. The resulting 44 questions
are followed by the context and an example of the
preferred response format, constructed by reiterat-

ing the first 3 questions and using placeholders. To
extract the numerical values from the string output,
we use regular expressions in pipeline Step 4.

4.2 Model experiments

Practitioners commonly assume that newer and
larger models deliver better extraction quality, and
often default to the latest closed-source release.
To test this assumption and assess the underly-
ing cost-performance trade-off, we evaluate the
latest closed-source models (GPT-4o (OpenAI,
2024), GPT-4.1 (OpenAI, 2025b), GPT-5 (Singh
et al., 2025) and GPT-5.2 (OpenAI, 2025c) against
two open-weight models, gpt-oss-120b (OpenAI,
2025a) and Llama 4 (Meta AI, 2025). We focus
on OpenAI models due to their deployment preva-
lence at the time of our experiments (May 2026).
OpenAI models accounted for roughly two thirds
of the AI assistant market, well ahead of Gemini
and Claude (Pohrebniyak, 2026). We consider de-
ployment prevalence particularly relevant given our
focus on practitioners building applications with
widely adopted APIs. Since the task is pure infor-
mation extraction and does not require extensive
reasoning, we focus on the non-reasoning variants
of GPT-5 and GPT-5.2 and do not consider dedi-
cated reasoning models. The exception is gpt-oss-
120b, OpenAI’s first open-weight model, which we
include to enable an open- versus closed-weight
comparison within the OpenAI model family. Al-
though gpt-oss-120b is classified as a reasoning
model, we do not include it as representative of
dedicated reasoning models, and its results should
therefore not be interpreted as a comparison be-
tween reasoning and non-reasoning models. Ex-
trapolating from previously published model sizes
(GPT-3:175B params), we assume that the closed-
source models are increasing in parameter size and
capabilities and surpassing at least the gpt-oss-120b
(117B params). Thus, we expect newer models to
outperform older ones and larger models to perform
better than smaller ones (Hypotheses Hmodel

1,j where
j ∈ {gpt-4o, gpt-4.1, gpt-5, gpt-oss, Llama-4}).

4.3 Prompt experiments

A widely recommended prompt structure includes
role descriptions, explicit instructions, definitions,
extraction rules, and an output schema. To test
whether this structure improves extraction quality,
we create the structured prompt (see Figure A2
in appendix) by defining a role for the LLM, pro-
viding clear instructions, generating one-sentence
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long definitions of the scopes and listing the extrac-
tion rules reflecting the relevance criteria described
above. For instance, the model is supposed to ex-
tract only absolute values, not percentage increases
or emission intensities. Furthermore, to enable
structured parsing, we include an explicit output
schema in the prompt, defined as a Pydantic model.
Although LLMs have strong in-context learning
capabilities (Brown et al., 2020; Dong et al., 2024),
we deliberately exclude few-shot examples. In our
setting, a meaningful example would require pro-
viding both the relevant context from another report
and its correct extraction, substantially increasing
the length of an already extensive prompt. More-
over, given the substantial structural and formatting
heterogeneity across reports, no single example is
representative of the corpus, while a fixed example
may anchor extraction to a particular report format.
We therefore focus on instruction-based prompting
and expect the structured prompt to outperform the
question prompt thanks to the provided extraction
rules (Hprompt

1 ). Moreover, we perform ablation
studies to evaluate the individual component’s con-
tribution and influence of structured parsing.

4.4 Tabular context experiments

Preserving table structure during preprocessing is
a common design choice when documents con-
tain critical information in tables. The raw text
extracted from PDF documents often does not cap-
ture the structure of tables, leading to potential
misattribution of values to incorrect years (e.g., a
value for 2015 might be linked to 2016). Given
that 85% of our ground-truth values are entered
in tables, we follow Ali et al. (2025) to process
these separately by checking if relevant pages con-
tain tables, converting them to markdown format
to preserve structure, and then providing this as
additional context to the LLM. We hypothesize this
approach will enhance our pipeline’s performance
by resolving year misalignments (Hcontext

1 ).

5 Results

5.1 Model experiments

Table 1 shows that GPT-5.2 achieves the strongest
performance overall, with statistically significant
gains over GPT-5, Llama-4, and gpt-oss (leading
us to reject the null only for those models; see
Table A3 for details). Differences between the non-
reasoning GPT models are smaller and not consis-
tently significant, indicating that newer generations

Model Created Precision Recall F1 Score

gpt-4o 11/24 0.656 (0.007) 0.929 (0.005) 0.769 (0.006)
[0.646, 0.662] [0.922, 0.935] [0.761, 0.775]

gpt-4.1 04/25 0.658 (0.017) 0.944 (0.017) 0.775 (0.009)
[0.642, 0.684] [0.916, 0.958] [0.764, 0.783]

gpt-5 08/25 0.644 (0.009) 0.950 (0.008) 0.768 (0.007)
[0.633, 0.654] [0.942, 0.960] [0.759, 0.775]

gpt-5.2 12/25 0.779 (0.015) 0.878 (0.084) 0.823 (0.039)
[0.763, 0.800] [0.731, 0.936] [0.754, 0.850]

Llama-4 04/25 0.182 (0.034) 0.817 (0.159) 0.293 (0.043)
[0.129, 0.217] [0.543, 0.927] [0.223, 0.329]

gpt-oss 08/25 0.812 (0.040) 0.281 (0.042) 0.416 (0.047)
[0.760, 0.868] [0.238, 0.341] [0.370, 0.479]

Table 1: Averaged results of 5 runs of model experi-
ments, accompanied by standard deviation and range.
The closed-source models show a nonmonotonic in-
crease in performance (gpt-4.1 better than newer gpt-5,
newest gpt-5.2 leaping ahead). The open-weight models
lag behind the closed-source models.

of these models do not uniformly outperform older
ones: GPT-4.1 outperforms GPT-4o on all three
metrics, but GPT-5 falls behind GPT-4.1 on pre-
cision and F1 despite achieving the highest recall.
The two open-weight models also lag behind the
closed-source GPT models in our end-to-end evalu-
ation, although gpt-oss-120b is not strictly compa-
rable because it is classified as a reasoning model.
Moreover, an error decomposition reveals different
underlying causes of the observed gaps. For gpt-
oss-120b, 85.8% of errors are parsing failures, indi-
cating that its measured underperformance largely
reflects incompatibility with our parsing pipeline.
In contrast, Llama-4’s errors predominantly reflect
incorrect extractions (72.9%). Despite having more
than twice as many parameters as gpt-oss-120b
(400B vs. 117B), Llama-4 exhibits highly unsta-
ble recall and overall performs worse than gpt-oss-
120b.

Takeaway. The performance of the open-weight
models in our setting depends partly on their com-
patibility with the downstream parsing pipeline.
Among the non-reasoning GPT models, model ver-
sion is an imperfect proxy for extraction quality.
Benchmarking candidate models together with the
intended parsing approach on a representative sub-
set of the specific extraction task is therefore advis-
able before committing to a default choice.

5.2 Prompt experiments

We run the prompt experiments with our preferred
model GPT-5.2. The results are given in Table 2.
Comparing only the two prompts (row 1 and 3),
the question prompt surprisingly outperforms the
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Prompt Type Input Mode Precision Recall F1 Score

question text 0.779 (0.015) 0.878 (0.084) 0.823 (0.039)
[0.763, 0.800] [0.731, 0.936] [0.754, 0.850]

question text+table 0.777 (0.021) 0.903 (0.014) 0.835 (0.017)
[0.742, 0.792] [0.887, 0.922] [0.808, 0.852]

structured text 0.760 (0.008) 0.860 (0.011) 0.807 (0.006)
[0.752, 0.771] [0.850, 0.878] [0.801, 0.815]

structured text+table 0.755 (0.020) 0.830 (0.105) 0.787 (0.049)
[0.722, 0.776] [0.643, 0.894] [0.703, 0.822]

Table 2: Averaged results of 5 runs of prompt and con-
text experiments with gpt-5.2, accompanied by standard
deviation and range. A simple question-style prompt
outperforms the structured prompt. Adding tabular con-
text improves results for question prompt slightly, but
not consistently for structured prompt.

Prompt Precision Recall F1 ∆F1

Full structured 0.760 (0.008) 0.860 (0.011) 0.807 (0.006) —
– role 0.823 (0.008) 0.819 (0.013) 0.821 (0.006) +0.014
– definitions 0.790 (0.031) 0.827 (0.013) 0.808 (0.017) +0.001
– rules 0.634 (0.045) 0.726 (0.026) 0.676 (0.030) –0.131

Table 3: Averages and standard deviations of 5 runs
of ablations of structured prompt components, ordered
by effect on F1. Removing extraction rules causes a
substantial performance drop, while removing the role
slightly improves performance and removing definitions
has no measurable effect.

structured prompt in both precision and recall and
thus also F1-score. The negative coefficient on
the prompt dummy is statistically significant (p <
0.05; see Table A3), so H

prompt
1 is not supported.

To better understand which elements of the struc-
tured prompt drive this outcome, we ablate its in-
dividual components (Table 3). The contributions
are notably uneven: removing the role description
slightly increases F1 from 0.807 to 0.821, remov-
ing the scope definitions leaves performance es-
sentially unchanged (0.808), and removing the ex-
traction rules causes a substantial drop to 0.676.
In other words, the extraction rules carry almost
all of the structured prompt’s value, while the role
description appears mildly counterproductive and
the definitions have no impact. The positive im-
pact of extraction rules is particularly interesting,
since qualitative analysis of extracted values re-
veals that some extraction rules are still ignored in
some instances4. Notably, even the best perform-
ing ablation variant has an F1 score just as good
as the question prompt. A naive adaption of the
recommended full structured prompt bundle would
underperform. Only with the extra work of the
ablation higher performance was recovered.

4For instance, the pipeline extracts a value for a subcate-
gory of Scope 3 instead of the total.

To rule out that the prompt comparison is con-
founded by output format, we additionally test the
question prompt with JSON output (Table A2 in
Appendix). Its F1 of 0.794 sits slightly below both
the original question prompt (0.823) and the struc-
tured prompt (0.807), indicating that the output
format does not explain the observed performance
gap and, if anything, modestly hurts the question
prompt.

Takeaway. Best-practice prompt components
do not contribute uniformly, and adding more struc-
ture, whether through additional instruction com-
ponents or stricter output formats such as JSON,
does not reliably improve performance. Inspecting
each component’s individual contribution rather
than adopting recommended templates as a bun-
dle can reveal which elements are doing the work
and which are inert or counterproductive in a given
setting.

5.3 Tabular context experiments
A common assumption is that preserving table
structure during preprocessing improves extraction
quality for documents with table-heavy content.
Comparing rows 1 and 2 in Table 2 shows that
adding the Markdown table as context leads to a
slight improvement in F1 for the question prompt,
driven by better recall. This difference is statisti-
cally significant at the 1% level (see Table A3). For
the structured prompt, however, adding the tabu-
lar context decreases overall performance through
both lower precision and lower recall. As a ro-
bustness check, we repeat the experiments with the
second-best model, GPT-4.1 (see Table A4 in the
appendix), where adding tabular context decreases
performance for both prompts. The effect of tabular
context is thus both model- and prompt-dependent.
We note that the Markdown conversion process
is identical across both prompt conditions, so any
conversion errors should affect them equally and
cannot explain the divergent results.

To better understand when tabular context helps,
we manually inspect the 28 reports with values in
tables that had erroneous extractions in the text-
only setting. Only 6 of these contain misalignment
between extracted values and their attributed years
or scopes. In the text+table setting, the additional
context resolves such errors for 2 of these 6 re-
ports. The remaining 22 reports exhibit other error
patterns, such as irrelevant extractions or footnote
misinterpretations, which adding tabular structure
cannot fix. Given the limited prevalence of mis-
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alignment errors and the dominance of other failure
modes, we cannot conclude that providing tabular
context is universally beneficial.

Takeaway. The benefit of providing tabular con-
text is not universal but depends on the interaction
between model, prompt, and the dominant error
patterns in the data. Before investing in table pre-
processing, it is worth diagnosing whether year or
scope misalignment is the main source of errors;
if other failure modes dominate, structural prepro-
cessing is unlikely to improve results.

5.4 Cost-benefit analysis

Beyond accuracy, token usage is a meaningful
factor in practitioner deployment decisions, as
it affects both computational requirements and,
conditional on provider-specific pricing, monetary
costs5.

To assess the advantage of the newest model,
we fix the question prompt and text-only context
and compare gpt-5.2 against gpt-4.1 in Table A5.
The F1 improvement requires essentially no ad-
ditional tokens: both models use approximately
1.47 million prompt tokens and 0.81 million output
tokens. The 46% increase in monetary cost there-
fore reflects differences in provider pricing rather
than greater token usage, while the improvement
itself is not statistically significant (Hmodel

1,gpt-4.1, see
Table A3).

Comparing the two prompt types with text-only
context, the question prompt uses about 36% more
tokens overall than the structured prompt, despite
using about 9% fewer prompt tokens. This addi-
tional token usage yields an estimated F1 advan-
tage of only 0.0085 (p < 0.05, see Table A3). De-
spite being statistically significant, this effect size
is small enough that the more token-efficient struc-
tured prompt may be preferable in cost-sensitive
deployments. The difference in token usage stems
almost entirely from output length: the question
prompt reiterates all 44 scope-year combinations
in its response, producing roughly 15 times more
output tokens than the structured prompt’s JSON
format. Adding tabular context increases total to-
ken usage only moderately (by about 2% for the
question prompt and 5% for the structured prompt)
and changes F1 in opposite directions, improving
the question prompt and reducing the structured
prompt’s performance.

5The figures reported refer to averages over five runs of
139 reports per setting.

Takeaway. Token usage across design choices
can differ substantially and can be disproportionate
to the corresponding performance gains. When the
expected gain is small or uncertain, the more token-
efficient configuration is often the more rational
choice.

6 Conclusion

We present a practical methodology for system-
atically evaluating prompt design choices in in-
formation extraction pipelines, using greenhouse
gas emissions extraction from corporate sustain-
ability reports as a running example. By varying
model selection, prompt structure, and context pro-
vision in a controlled RAG pipeline, we find that
several commonly recommended practices do not
consistently improve performance in our setting:
improvements between adjacent GPT generations
are small and not always statistically significant, a
structured prompt incorporating role descriptions,
definitions, and extraction rules underperforms a
simpler question-style prompt, and adding tabular
context helps only in specific model-prompt combi-
nations. A cost-benefit analysis further reveals that
performance gains and token usage are not always
proportional. These findings apply directly to our
setting of fixed-schema numeric extraction from
heterogeneous corporate reports and should not be
interpreted as universal effects across IE tasks. The
transfer to other tasks and domains is untested and
should be verified.

Our broader contribution is the evaluation pro-
cedure rather than a universally optimal configura-
tion. We consolidate this procedure into a practi-
tioner’s decision guide (Figure A3), emphasizing
that model, prompt and context choices should be
tested empirically on representative task-specific
data rather than adopted by default. We expect this
procedure to be particularly applicable to similarly
structured tasks, such as extracting standardized
numeric indicators from financial or regulatory doc-
uments, even where the optimal configuration itself
may differ.

Limitations

We briefly discuss some limitations of this work.
The benchmark chosen is intentionally curated
for quality and focuses on English-language data,
which may limit direct generalization to larger or
multilingual settings. Only numeric extraction was
considered. Corporate GHG emissions are often
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reported as unstructured tables or even as diagrams
embedded inside PDF files. While other IE tasks
have separate challenges, the selected extraction
method will always depend on the source format.
At the same time, the dataset spans a wide range of
document structures and report lengths, reflecting
the heterogeneity commonly found in real-world
corporate reporting. Nevertheless, the transferabil-
ity of our empirical findings to other information
extraction tasks remains to be established.

More generally, the space of possible design
choices for LLM-based information extraction, in-
cluding prompt design, context type, and model
selection, is inherently large. Our experiments
therefore focus on a principled but necessarily se-
lective subset of this space, and results may not
directly transfer to all alternative configurations. In
particular, future research could examine whether
few-shot examples improve extraction performance
despite the associated prompt-length costs and risk
of anchoring to specific document formats. Au-
tomatic prompt optimization techniques promise
a solution to optimize over larger subspaces itera-
tively, though this would increase cost.

This study makes use of tabular context by con-
verting it to Markdown format. Future research
could examine if tables should be verbalized as an
additional step, where each cell is represented as a
self-contained statement with entity, metric, year,
value, and unit.

Finally, our model selection is intentionally nar-
row: we evaluate the closed-source GPT fam-
ily because of its industry dominance6, and the
open-weight gpt-oss and Llama-4 models as well-
established representatives of the open-weight land-
scape at the time of writing. Other models may ex-
hibit different performance characteristics, further
reinforcing the need to validate model choices on
representative task-specific data.

Use of AI Assistants

The authors used large language model assistants
(Claude) to support the writing and revision pro-
cess. Specifically, AI assistants were used to sug-
gest alternative phrasings, improve sentence-level
clarity and explore structural options for the presen-
tation of results. All conceptual contributions, ex-
perimental design, data analysis, and final wording
decisions were made by the authors. The authors

660.6% market share compared to 15.1% for Gemini and
5% for Claude as of May 2026 (Pohrebniyak, 2026)

reviewed and verified all AI-assisted output before
incorporation into the paper.
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A Appendix

A.1 Retrieval experiments

Similarity k Precision Recall F1 Score True Positives Cost (C) Retrieval Failures

3 0.431 0.530 0.475 262 0.274 14
4 0.432 0.568 0.491 284 0.363 10
5 0.432 0.581 0.495 287 0.451 6
6 0.424 0.583 0.491 299 0.541 2
7 0.431 0.608 0.502 310 0.631 2
8 0.433 0.612 0.507 318 0.719 2
9 0.407 0.601 0.485 300 0.807 2

Table A1: Retrival experiments, varying the parameter
k, the retrieved number of pages most similar to the
query.

Through systematic experimentation across 12+
configurations using all 139 files in our dataset
and varying number of retrieved pages k and the
context window size, retrieving the 7 most similar
pages (w.r.t. our query) with a context window of
0 emerged as the optimal parameter combination
for retrieval. These experiments were conducted at
an earlier point in time and used gpt-4o-mini for
consistent LLM performance evaluation. The best
configuration achieved the highest recall (60.8%),
maintained competitive precision (43.1%), min-
imised retrieval failures (2 reports), and delivered
superior cost-efficiency (C0.631) compared to all
tested alternatives. We display the results from the
experiments varying only the parameter k in Table
A1.

A.2 Pipeline Step 4: Parsing

For the question prompt, we employ a schema
of regular expressions to extract the values and
units from the string output of the LLM. This strict
procedure proved stable until the introduction of
gpt-5.2 whose output now includes markdown el-
ements. Thus, an adaptation of the prompt was
necessary (see A.3 for more details). For the struc-
tured prompt, the LLM output consistently contains
a JSON-formatted string output which is directly
parsed into a JSON object in Python.

For both prompt types, we then normalise the
units to allow for more flexible matching with
the benchmark dataset values as well as between-
companies comparisons. Since companies use dif-
ferent unit variants for the same unit, e.g. "1,000
t CO2" and "metric kilotons CO2e", we have col-
lected all distinct unit variants in the dataset and
normalised them to either "t CO2e", "kt CO2e",
"Mt CO2e" or "Other" if the unit is unknown. Dur-
ing parsing, we map the extracted unit to its nor-
malised variant using this dictionary. Additionally,
we have saved a factor for each known unit allow-
ing us to standardise all values to "t CO2e", making
comparisons in downstream tasks easier.

We need to process multiple extractions for the
same scope-year combination, referred to as dupli-
cates, to ensure that we retain only one scope-year
combination for each report. To achieve this, we
have developed a set of custom prioritization rules
that are applied sequentially.

First, we filter out standard duplicates, which are
entries with the same value and unit on the same
page. Next, if we encounter multiple entries for the
same scope-year combination that have different
units, we retain the entry recorded in "t CO2e," as
this is our preferred unit. Finally, for any entries
that represent the same scope-year combination
and that share the same units, we select the entry
from the majority page among all extractions for
that specific report.

A.3 Prompt designs

We consider two prompt types, the question prompt
and the structured prompt, for our experiments.
The question prompt in Figure A1 starts with a
brief task description and an extraction rule con-
cerning Scope 2. To run our pipeline with the gpt-
5.2 model, we needed to add the comment in the
red dashed box because without this information
the model outputs markdown symbols which are
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not parsable by our regex schema.
The main body of the question prompt are the

questions combining each of the 4 scopes with
a year from the requested year range 2013-2023,
summing up to 44 questions. To these questions,
the context is attached and the first three ques-
tions reprinted with a format instruction for the
output. The latter is necessary because prior ex-
periments have revealed the model’s tendency to
"forget" early questions and this way the focus is
re-established.

Figure A1: Question prompt template consisting of a
question for every scope-year combination in the respec-
tive year range 2013-2023 for every scope type Scope
1, 2 (market-based), 2 (location-based) and 3. The text
in the red box had to be added to run our pipeline with
gpt5.2.

The structured prompt is inspired by widespread
best practices and states the role and objective at
the beginning, followed by LLM-generated one-
sentence definitions of the 4 scopes. The largest
chunk of the structured prompt consists of specifi-
cations which aim to guide the LLM to distinguish

relevant from irrelevant extractions. The relevant
extractions are defined as values which

1. refer to the whole company and

2. are reported according to the operational
boundaries of the scopes and

3. are reported in absolute terms as CO2 or CO2
equivalents emissions and

4. represent a total value, not subcategories.

Additional to these relevance criteria, further ex-
traction rules referring to any not-intended transfor-
mations are detailed in the prompt. Before passing
the context, the request year range is specified.

Figure A2: Structured prompt template consisting of
role and objective, definitions of scope types, extraction
rules and desired year range.

A.4 Ablation of output format

We perform an ablation study with respect to the
output format by testing the question prompt with
the same JSON output format as the structured
prompt. The results are given in Table A2. The
JSON output format leads to a decrease in F1 score
from 0.823 to 0.794. This indicates that the out-
put format does not explain the performance gap
between the question and structured prompts and,
if anything, slightly hurts the question prompt’s
performance.

Prompt components Precision Recall F1 Score

question prompt 0.779 (0.015) 0.878 (0.084) 0.823 (0.039)
question prompt with JSON output 0.777 (0.031) 0.812 (0.019) 0.794 (0.022)
structured prompt 0.760 (0.008) 0.860 (0.011) 0.807 (0.006)

Table A2: Averages and standard deviations of 5 runs of
ablations of prompt output format. The question prompt
with JSON output format performs worse than the ques-
tion prompt with regex and the structured prompt.
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Hypothesis (H1) Directional hypothesis Coefficient (SE) Outcome

H
prompt
1 F1structured > F1question −0.0085∗∗ (0.0031) not supported

Hcontext
1 F1text+table > F1text 0.0167∗∗∗ (0.0037) supported

Hmodel
1,gpt-4o F1gpt-5.2 > F1gpt-4o 0.0064 (0.0045) not supported

Hmodel
1,gpt-4.1 F1gpt-5.2 > F1gpt-4.1 0.0048 (0.0046) not supported

Hmodel
1,gpt-5 F1gpt-5.2 > F1gpt-5 0.0077∗∗ (0.0041) supported

Hmodel
1,Llama-4 F1gpt-5.2 > F1Llama-4 0.1485∗∗∗ (0.0227) supported

Hmodel
1,gpt-oss F1gpt-5.2 > F1gpt-oss 0.2713∗∗∗ (0.0246) supported

Table A3: One-sided t-tests of directional hypotheses
on report-level F1 scores from a fixed-effects regression.
Each row reports the coefficient on the dummy variable
corresponding to the first condition in the directional
hypothesis, with clustered standard errors (ReportName
& run_id) in parentheses. Significance: ∗∗∗p < 0.01,
∗∗p < 0.05, ∗p < 0.1.

A.5 Statistical testing

We perform fixed-effects regression and compute
one-sided p-values on report-level F1 scores of the
different configurations to match the directional
hypotheses presented in the paper. Report-level
averaging is done because we cannot assume that
extractions for the same report are independent
from each other.

Each row tests an alternative hypothesis H1 stat-
ing that one experimental condition yields a higher
F1 score than another, against the null H0 that the
opposite direction holds. The hypotheses are based
on best-practice recommendations and the litera-
ture review.

We cluster the standard errors at the report and
run level. This is reasonable because reports may
have different levels of complexity. Further, it is
not possible to control the temperature setting of
the gpt5.2 model through the API, so runs may
have different seeds.

A.6 Second-best model
As a robustness check, we repeat the prompt and
context experiments with the second-best model,
namely gpt-4.1. The results are given Table A4.
In contrast to the results with gpt-5.2, the addi-
tional tabular context weakens performance for
both prompt types. These findings indicate that
gpt-5.2 can make use of the tabular information
with the right prompt while gpt-4.1 cannot.

Prompt Type Input Mode Precision Recall F1 Score

question text 0.674 (0.040) 0.953 (0.027) 0.789 (0.034)
[0.642, 0.750] [0.916, 1.000] [0.764, 0.857]

question text+table 0.664 (0.095) 0.922 (0.168) 0.769 (0.120)
[0.504, 0.750] [0.451, 1.000] [0.476, 0.857]

structured text 0.582 (0.031) 0.853 (0.014) 0.692 (0.021)
[0.541, 0.624] [0.838, 0.869] [0.667, 0.725]

structured text+table 0.587 (0.020) 0.836 (0.053) 0.689 (0.031)
[0.554, 0.602] [0.744, 0.872] [0.635, 0.713]

Table A4: Averaged results of 5 runs of prompt and con-
text experiments with gpt-4.1, accompanied by standard
deviation and range. A simple question-style prompt
outperforms the structured prompt. Adding tabular con-
text deteriorates results for both prompt types.

A.7 Cost-benefit analysis

Model F1 Score Costs (C) Prompt Tokens Output Tokens

gpt-4.1 0.775 9.51 1469340 821556.0
gpt-5.2 0.823 13.92 1468518 810563.8

Table A5: Cost-benefit comparison between two best
models, gpt-4.1 and gpt-5.2, using the question prompt
and text-only context. Spending 46% more on average
leads to a 6% boost in performance. Note that the figures
presented refer to averages of 5 runs of 139 reports for
a given setting.

Prompt Type Input Mode F1 Score Costs (C) Prompt Tokens Output Tokens

structured text 0.807 3.59 1622519 53699.2
structured text+table 0.787 3.72 1709280 51940.0
question text 0.823 13.92 1468518 810563.8
question text+table 0.835 14.70 1684756 839233.4

Table A6: Cost-benefit analysis for gpt-5.2 model for
different prompt and context type settings. Using the
question-style prompt instead of the structured prompt
for text-only context requires 36% more tokens overall,
driven by approximately 15 times more output tokens,
while yielding a 2% higher F1 score. Note that the
figures presented refer to averages of 5 runs of 139
reports for a given setting.

A.8 Practitioner’s decision guide
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Figure A3: A practitioner’s decision guide for systematically evaluating design choices in LLM-based information
extraction pipelines. Diagnostic questions (diamonds) translate the case-study findings into evaluation steps (rectan-
gles) to be tested on representative task-specific data, with resource requirements as a cross-cutting consideration.
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