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Abstract

We investigate the extraction and normalisation of phrases describing work from 18th-century Swedish petitions
using four LLMs: GPT-40, Llama-3 70B/8B, and Mixtral-8x7B. Performance is evaluated across four configurations:
isolated extraction, isolated normalisation, a staged pipeline, and a combined multitasking setup, using both full
and filtered texts (with formal greetings and closing sections removed). While exact phrase matching remains low
(F'1 < .10), token-level and semantic similarity scores suggest that models consistently locate relevant topical regions.
Semantic similarity scores must however be interpreted with caution, since they are often only marginally higher than
an average baseline. Results reveal a “multitasking paradox™: combined extraction and normalisation improves
phrase location for high-parameter models but degrades normalisation precision. Furthermore, normalisation benefits
from the context of a staged pipeline compared to isolated tasks, while text filtering has only marginal effects. Despite
a tendency towards over-prediction, qualitative analysis suggests that models can detect plausible work-related
expressions missed by human annotators. These findings illustrate the challenges of historical extraction and suggest
that hybrid human—machine workflows are a promising approach for enhancing coverage and interpretability in
cultural heritage research.

Keywords: Information Extraction, Petitions, Large Language Models, Historical Swedish, Historical NLP,
Digital Humanities, Text Normalisation

1. Introduction and social relations in the past. We draw on anno-
tated petitions from the Gender and Work (GaW)
The expanding field of digital humanities increas-  project at Uppsala University," using a subset of this
ingly relies on advanced computational methods to ~ resource to test extraction and normalisation meth-
analyse digitised historical sources. Although such ~ ods and to propose robust evaluation approaches
sources are becoming more accessible, they re-  for natural language processing (NLP) applied to
main challenging for automated processing due to historical texts.
linguistic variation, inconsistent orthography, and Furthermore, early modern European petitions
specialised historical contexts. Large language  followed a classical rhetorical structure, offering
models (LLMs) show strong capabilities for com-  cues that may assist automated analysis. As a
plex language understanding, yet their suitability for ~ secondary objective, we therefore examine whether
domain-specific information extraction in structured  rhetorical segmentation, for example removing the
historical texts, such as petitions, is still underex-  opening section (Salutatio) and the closing section
plored. In contrast to traditional encoder-based  (Conclusio), can enhance extraction performance.

transformer models (e.g., BERT), which typically Hence, our research objectives are:

require extensive task-specific fine-tuning on anno- 1. Evaluate LLM performance in extracting
tated data, LLMs provide a more flexible few-shot phrases that describe work from Swedish his-
alternative. This is especially beneficial in historical torical petitions under different task settings.

research, where large-scale labeled datasets are
often scarce, enabling complex information extrac-
tion without the need for substantial model training.
This paper evaluates the ability of LLMs to extract
and normalise phrases describing working activi- This study contributes to our understanding of how
ties in historical Swedish petitions. Extraction iden-  LLMs can support historical research, demonstrat-
tifies where work is mentioned, while normalisation  ing their potential and limitations for fine-grained
produces modernised and standardised forms of information extraction in low-resource, structurally
historically variable expressions. These normalised ~ diverse corpora. We provide insights for digital hu-
forms can support historians and digital humanists ~ manities and NLP research on applying LLMs to
to analyse work and occupations across many doc- ~ complex historical documents and enabling more
uments and time periods. Automatically identifying ~ scalable analysis of historical texts.
information about how individuals supported them-
selves offers valuable insights into economic life 'https://gaw.hist.uu.se/petitions/

2. Assess the impact of rhetorical segmentation
by comparing full-text input with filtered ver-
sions.
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2. Background

Digital methods have become increasingly central
to the study of historical sources, enabling large-
scale discovery and analysis of cultural heritage
materials that would be difficult to achieve manu-
ally (Wilson, 2022; Burrows, 2023; Wijfjes, 2017).
Yet historical texts pose specific challenges for
NLP, including substantial orthographic variation,
diachronic linguistic change, and limited standard-
ised resources (Piotrowski, 2012; Bollmann, 2019).
Annotated training data for domain-specific tasks
are also scarce and expensive to produce, limit-
ing the feasibility of supervised adaptation or fine-
tuning in many archival contexts (Krusic, 2024; Hilt-
mann et al., 2025).

The emergence of LLMs has opened new pos-
sibilities in digital humanities. For example, LLMs
have been applied to detect irony in 19th-century
Spanish newspapers (Cohen et al., 2025) or to
transcribe handwritten archival documents more
quickly and accurately than traditional HTR sys-
tems (Humphries et al., 2025). While these models
offer strong zero- and few-shot capabilities, espe-
cially valuable in low-resource historical settings,
they also introduce the risk of hallucination and
domain-inaccurate outputs. For instance, Tudor
et al. (2025) show that LLMs may misclassify or
invent entities in zero-shot named entity recognition
on historical text, whereas Hiltmann et al. (2025)
demonstrate that domain-aware prompting can re-
duce such errors and better align model predictions
with historical conventions.

Some historical documents, such as petitions,
also exhibit structured rhetorical organisation that
can support automated analysis. In much of
premodern Europe, petitions followed a classical
rhetorical structure, typically comprising five or six
sections (Hansson, 1988; Sokoll, 2006; Israelsson,
2016):

1.
2.

Salutatio: Formal salutation to the addressee.

Exordium: Brief appeal to authority, goodwill, or
capacity to help.

Narratio: Background and supporting reasoning,
often including (4. Argumentatio).

Petitio: Explicit request or plea being made.

6. Conclusio: Closing courtesies, often including
a signature.

Recent work on rhetorical annotation of 18th-
century Swedish petitions (Lindqgvist et al., 2025)
shows that LLMs can reliably identify the Salutatio,
Petitio, and Conclusio, with F-scores often in the
high 90s. Such automated segmentation supports
focused analysis of specific parts of historical doc-
uments, which could potentially make information
extraction tasks more precise.
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However, it remains uncertain whether rhetori-
cal segmentation provides measurable benefits for
downstream extraction tasks. In this work, our pri-
mary focus is on assessing how effectively LLMs
can identify and normalise phrases describing work
in historical petitions, while also exploring segmen-
tation as a secondary factor that may influence
performance.

3. Data

3.1.

This study uses material from the Gender and Work
(GaW) project at Uppsala University,> which inves-
tigates how people supported themselves in Early
Modern Sweden (c. 1550—1800). The project gath-
ers evidence of work-related activities from diverse
archival sources, such as court records, account
books, and personal letters, and stores the informa-
tion in a research database. Each entry consists of
a transcribed source document and metadata de-
scribing who performed an activity, what was done,
when and where it occurred, and in what context,
along with archival source information and, in many
cases, images of the original documents to support
historical transparency and traceability.

A central part of the project’s method is the verb-
oriented approach (Fiebranz et al., 2011), in which
historians identify and extract expressions that de-
scribe work-related activities. These activities are
often, but not exclusively, realised as verb phrases
(e.g., “sell clothes”, “fish herring”).

Because work-related activities are context-
dependent and not always expressed through stan-
dard verb-phrase structures (e.g., a verb and its ob-
ject), the resulting annotations sometimes include
fragmentary expressions, prepositional phrases, or
nominal structures. This reflects the historical reali-
ties of expression rather than prescriptive grammar.
To standardise interpretation for analysis, GaW an-
notators manually reformulate these expressions
into modern Swedish infinitive forms (Agren etal.,
2023). Table 1 provides examples of this process,
illustrating the shift from archaic, historical phrases
to normalised, modern verb phrases, often using
an infinitive verb followed by a direct object.

For computational processing, however, this cre-
ates a non-trivial modelling challenge. Work ac-
tivities must be detected not only at the lexical
level, but also semantically and contextually: for
instance, the Swedish verb “képa” (to buy) may indi-
cate commercial trade in one context but personal
consumption in another. Combined with substan-
tial orthographic variation in Early Modern Swedish,
this makes the GaW data both historically rich and

The Gender and Work Project

2https://www.uu.se/en/research/gender-and-work



Historical Phrase

Manual Normalisation

| lAnebanquen a 4 1/2 proc:t
(In the Loan Bank at 4 1/2 percent)

lana ut pengar till bank
(to lend money to a bank)

Férteckning pa mitt husfolck
(Register of my household members)

lamna mantalsuppgift
(to submit a census return)

blifwit féranlaten at séma at andra
(been obliged to sew for others)

sy klader
(to sew clothes)

Till branuinstillwarkning atager iag mig
(For liquor production | undertake)

bréanna brannvin
(to distill liquor)

inbrotts stéld
(burglary theft)

gobra inbrott
(to commit burglary)

Table 1: Examples of manual normalisation by GaW historians. English (approximate) translations are in

italics.
Origin Time Period #Docs #Phrases
Stockholm 1667-1734 57 340
Véastmanland 1758 9 109
Orebro 1719-1800 44 84

Table 2: Test data statistics, including the number
of documents and annotated phrases that describe
work per collection.

valuable for research, while presenting complex
challenges for automated analysis.

3.2. The Petition Dataset

This paper focuses on 18th-century Swedish peti-
tions drawn from the GaW database (Section 3.1).
The material comes from three collections: peti-
tions to the County Administrative Boards of Vast-
manland and Orebro, and petitions to the Board of
Trade in Stockholm. Two documents used during
prompt development are excluded from evaluation.
The final dataset comprises 110 petitions, with de-
tailed statistics shown in Table 2.

4. Method

We evaluate LLM-based extraction of phrases de-
scribing work from historical petitions under two
main conditions: using the full transcription and
using a version where selected rhetorical sections
are removed. Below, we describe the filtering pro-
cedure, extraction tasks, prompt design, and eval-
uation framework.

4.1.

To assess whether removing greetings and closing
statements improves extraction performance, we
create a filtered dataset where the Salutatio and
Conclusio are removed. Since these sections pre-
dominantly contain formulaic courtesy expressions,

Rhetorical Filtering
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we hypothesise that they rarely include work-related
information.

Rhetorical segmentation is performed using
Llama 3.3 70B (Touvron et al., 2023) following the
methodology of Lindqvist et al. (2025). To ensure
complete coverage, detected spans are projected
back onto the original text using semi-soft align-
ment: for each annotated segment, we perform
a case- and whitespace-insensitive search for the
closest matching occurrence and extract the corre-
sponding substring. This procedure successfully
mapped the Salutatio in 96% and the Conclusio in
88% of the documents.

4.2. Models and Extraction Tasks

We evaluate four models selected to represent a
diverse range of sizes, architectures, and licensing:
two LLaMA open-weight transformers from Meta Al
of different sizes, Llama 3.3 70B and Llama 3.1 8B
(Touvron et al., 2023); the open-source model Mix-
tral 8x22B (Jiang et al., 2024) from Mistral Al; and
GPT-40 from OpenAl (OpenAl, 2026). All models
are accessed via APIs using identical prompts and
inference settings across runs. All experiments use
temperature 0 for deterministic and reproducible
outputs. Four tasks are evaluated across both full
and filtered datasets:

1. Extraction: Identify phrases describing work
from the historical source text, preserving orig-
inal wording.

. Isolated Normalisation: Given gold phrases
manually extracted by historians, normalise
them to modern Swedish infinitive forms.

Pipeline Normalisation: Normalise phrases
extracted by the model from the source text.

Combined Extraction and Normalisation:
Simultaneously identify historical phrases and
provide normalised equivalents.



You are an expert in linguistic analysis of Swedish historical texts.
Your task is to analyse Swedish petitions from the 18th century
and identify all phrases describing work, work performance, or
work-related actions.

# Main Instructions

1. Read the text carefully. The text may contain archaic spelling,
free word order, and compound words.

Extract only phrases describing work, work performance,
or work-related actions. This includes performing, contribut-
ing to, or participating in work, occupations, service, or duty for
a livelihood, regardless of whether payment is given.
Preserve the original text exactly. Do NOT add, remove, or
change words, spelling, or punctuation.

Return a list of extracted phrases in the order they appear in
the text.

2.

3.

4.

# Output Format
Return only a JSON object with the key "extracted_phrases"
and a list of phrases from the text. Return JSON exactly in this

format, without extra text, comments, or code-block markers:
{ "extracted_phrases": ["grind some grain", "in
service have been"] }

# Examples
(Only short excerpts are shown in the examples. In the task, the
entire text should be processed.)

Input 1: "/.../ since at this time hops were so hard to be come by?
Was answered she had bought hops from Tidd, whereto she had
made a small addition of some Wormwood Sprigs, /.../"

Output 1: { "extracted_phrases": ["purchased
hops"] }

feed]

# Identify and extract the phrases describing work in the fol-
lowing petition:

Figure 1: The prompt used for Task 1, translated to
English, including role definition, extraction instruc-
tions, formatting constraints, and few-shot exam-
ples.

4.3. Prompting and Data Recovery

The pipeline uses few-shot prompting with twelve
example snippets from the GaW corpus. All
prompts follow a consistent structure: (1) role in-
struction positioning the model as an expert in lin-
guistic analysis of Swedish historical texts, (2) ex-
plicit instructions emphasizing preservation of origi-
nal features (archaic spelling, word order), (3) clear
definition of phrases describing work as expres-
sions describing performance of, contribution to,
or participation in work for earning a living, and
(4) step-by-step task instructions with examples.
This shared structure is exemplified by the Task 1
prompt in Figure 1 (abbreviated to one of twelve
few-shot examples), and all prompts and their En-
glish translations can be found in the Appendix.
Output is requested in structured JSON.

To address APl timeouts and parsing failures, we
implemented a three-step recovery protocol. First,
models were rerun on the specific input documents
that previously yielded empty or failed outputs (up
to two additional attempts). Second, for model
outputs remaining unparseable, an ad-hoc regex-
based script salvaged phrases from malformed or
truncated JSON and pruned repetitive loops by
collapsing phrase repetitions into single instances.
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Model #Docs R1 +R +Rep
GPT-40 880 94.9% 98.7% 100%
Llama 70B 880 99.4% 99.5% 100%
Llama 8B 880 721% 731% 99.8%
Mixtral 8x22B 880 66.7% 92.0% 96.0%

Table 3: Cumulative parsing success rates across
models and processing stages (N = 880; repre-
senting 110 documents across 4 tasks and 2 text
modes). R1: after initial run; +R: after reruns (up
to 2); +Rep: after ad-hoc regex repair parsing.

Task Type Initial  Final
T1: Extraction 91.5% 100%
T2: Isolated Norm 80.1% 94.0%
T3: Pipeline Norm 86.8% 97.0%
T4: Combined Extr/Norm 75.4% 92.0%

Table 4: Parsing success rates per task, both ini-
tially and after reruns and ad-hoc parsing.

Finally, outputs from all runs were merged using a
quality-priority system that prioritised valid parsed
data over salvaged JSON. Documents for which
no parseable output could be obtained after these
steps were treated as empty outputs and assigned
a score of 0.0 for all metrics to penalise model
fragility.

The choice of JSON as the output format was in-
tended to facilitate the direct integration of extracted
data into downstream pipelines and to ensure clear
pairing between historical and normalised phrases
in combined tasks. While simpler formats (e.g.,
plain-text lists) might have reduced syntax errors,
they might also have increased the risk of ambigu-
ity when mapping multiple entities. Our evaluation
of structural reliability (Table 3) shows that while
GPT-40 and Llama 3.3 70B achieved near-perfect
JSON adherence, the smaller models Llama 3.1
8B and Mixtral 8x22B were more fragile. Our re-
covery protocol, including reruns and ad-hoc regex
repair parsing, significantly improved final parsing
success, particularly for Llama 8B.

In addition, we find that rhetorical filtering has
a negligible effect on the structural success of the
output, where the average success rate was 83.1%
averaged for all models after the first run and 98.9%
after post-hoc parsing, compared to the full text ver-
sion of 79.2% and 98.3%, respectively. The nature
of the NLP task and requested output, however,
is a significant predictor of model fragility, as can
be seen in Table 4. While the more simple and
straightforward extraction (Task 1) reached 91.5%
initial success rate, the more complex combined
extraction and normalisation task (Task 4) yielded
only 75.4%. This likely reflects the increased dif-



ficulty of maintaining nested JSON syntax during
simultaneous linguistic transformations.

4.4. Evaluation

To evaluate the correspondence between model-
predicted and gold-standard work phrases, we ap-
ply a combination of exact-match, string-level,
and embedding-based similarity metrics. This
multi-level evaluation captures both surface-form
correspondence and semantic adequacy.

Before evaluation, all phrases are lowercased
and tokenised. Metrics are computed on a per-
document basis and aggregated across the corpus
for each prompt variant, enabling comparison of
model performance under different input conditions
(full text vs. rhetorically filtered) and task configura-
tions.

Duplicate handling: Since the same work
phrase may appear multiple times within a doc-
ument, we preserve all instances during evaluation.
For exact match metrics, if a phrase appears n
times in gold and m times in predictions, we count
min(n, m) as true positives. For alignment-based
metrics (Levenshtein and embedding similarity),
each phrase instance is matched independently,
ensuring models are credited for extracting all oc-
currences of repeated phrases.

4.41. Exact Match Metrics

We compute precision, recall, and Fi1-score
based on exact string identity at both phrase
and token levels, counting true positives as
>~ min(countgee(p), countyeq(p)) across unique
phrase types p. Token-level metrics apply the same
principle to individual tokens. Together, these pro-
vide complementary insights into fully versus par-
tially correct outputs.

4.4.2. String-Level Similarity

To capture surface-level similarity beyond exact
matches, we compute normalised Levenshtein sim-
ilarity between gold and predicted phrases, allow-
ing partial matches to be recognised despite small
spelling or formatting differences. Levenshtein dis-
tance counts the minimum number of insertions,
deletions, or substitutions to transform one string
into another, converted to a similarity score in [0, 1]:

max(|gil, |p;])’

where d(g;,p;) is the character edit distance. A
score of 1 indicates identical strings, O indicates
maximal difference.

Since the number of predicted phrases may dif-
fer from the gold standard, we treat alignment as a

Simlev(giapj) =1
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matching problem and compute two complemen-
tary scores per document:

+ Gold-based (recall-oriented): measures how
well each gold phrase is recovered,

, 1 ,
LevSimg_,p = €] Z Imax SiMiey(9i: Ps),
ec™’

* Prediction-based (precision-oriented):
measures how well each predicted phrase
matches a gold phrase,

1

Z mg%( Simyey (gi, pj)'
psep ™

Phrases without a matching counterpart are as-
signed a similarity of 0.

4.4.3. Embedding-Based Semantic Similarity

To capture semantic similarity beyond surface
form, we compute the cosine similarity between
mean phrase embeddings, using optimal phrase-to-
phrase alignment, allowing recognition of seman-
tically equivalent phrases despite differing word-
ing. Historical phrases use a domain-specific fast-
Text model trained on diachronic Swedish text
(Hengchen and Tahmasebi, 2021), specifically the
incrementally trained vectors spanning the period
1740-1800 to best match our data. While trans-
former models are state-of-the-art for many tasks,
we use static embeddings because our data con-
sists of isolated phrases lacking sufficient con-
text. A historical fastText model further helps
align with older language and improves robustness
to non-standard spelling by representing words
through character-level n-grams. We here match
the model’s training constraints by removing non-
Swedish characters and tokens of length two or
smaller. Normalised phrases use a Swedish fast-
Text model trained on Wikipedia (Grave et al., 2018).
Both models use subword information for robust
out-of-vocabulary handling. However, should there
be phrases where no valid tokens remain after pre-
processing, we assign a zero vector, yielding a
similarity of 0 when compared to any phrase. To
obtain a single embedding per phrase, we compute
the average of all word embeddings within each
phrase.

Given gold phrases G and predicted phrases
P, we construct a similarity matrix S where S;; is
the cosine similarity between embeddings of gold
phrase g; and predicted phrase p;:

_ v(gi) - v(p;)
T gl
where —1 indicates maximally opposed meaning, 0

no semantic relationship (orthogonal vectors), and
1 perfect alignment.



As with string-level metrics, predicted and gold
phrases may differ in number or order. We per-
form optimal phrase-to-phrase matching, assigning
unmatched phrases a similarity of 0. We report
two complementary perspectives analogous to the
Levenshtein alignment:

» Gold-based (recall-oriented):
Sim ! > maxS
= TAr ma. 17
G—P |G‘ I)jeg J
g:€G

measuring how well predicted phrases cover
gold phrases.

* Prediction-based (precision-oriented):
Sim L E S,
= — maxogj,
FoGTP] £a e
p;EP

measuring how well predicted phrases corre-
spond to gold references.

5. Results and Discussion

We evaluate four LLMs across four work-phrase
extraction and normalisation tasks. Results are
reported for both full original texts and filtered ver-
sions (with Salutatio and Conclusio removed). All
results are reported as means + standard devia-
tion.

5.1. Overall Performance and Output

Statistics

Identifying phrases describing work in historical pe-
titions remains a significant challenge. As shown
in Table 5, a primary driver of low precision is the
tendency of LLMs to over-produce content. While
the gold standard averages 4.81 phrases per doc-
ument, models, particularly Llama 8B, consistently
over-generate candidates (13.65 phrases). This
high output volume directly explains why recall con-
sistently exceeds precision: by over-generating can-
didates, models increase the likelihood of overlap-
ping with gold spans at a high cost to precision.
Furthermore, the extracted historical phrases are
consistently shorter than those in the gold standard.
This suggests that models sometimes fail to cap-
ture the full extent of annotated work-related spans,
or that responses are being prematurely truncated
during JSON generation. However, this length dis-
crepancy does not extend to the normalisation pro-
cess, since the predicted normalised phrases re-
main close to the gold standard in length.

To provide a reference for the embedding-based
metrics, we establish a domain-internal baseline by
calculating the mean similarity between randomly
paired gold and predicted phrases across the test
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Source Mode Phrases/Doc Tokens/Phrase
Gold Hist. - 481+ 450 6.32 4+ 4.62
Gold Norm. - 481+ 4.50 2.80 + 0.87
Task 1: Phrase Extraction
Llama 70B  Full 785+ 5.88 3.97 +1.87
Filt. 7.81 + 5.90 4.08 4+ 1.96
Llama 8B Full 13.65 + 9.58 4.98 4+ 2.56
Filt. 13.64 + 9.59 4.99 4+ 2.65
Mixtral Full 585+ 4.10 442 +2.16
Filt. 6.44 + 5.83 481 +£3.12
GPT-40 Full 6.85+ 5.06 5.66 4+ 2.20
Filt. 6.72 + 5.54 5.58 +2.17
Task 2: Isolated Normalisation (Gold Input)
Llama 70B  Full 13.35 + 10.31 2.69 4+ 0.60
Filt. 11.10 + 5.87 2.71 £ 0.67
Llama 8B Full 11.64 &+ 8.55 2.95 + 1.28
Filt. 13.23 + 14.20 3.21 4+ 2.01
Mixtral Full 8.26 + 5.17 2.27 +£0.59
Filt. 8.76 + 5.69 2.24 +0.50
GPT-40 Full 7.04 + 554 2.63 4+ 0.81
Filt. 6.35+ 5.12 2.53 + 0.61

Table 5: Descriptive Statistics (Mean + SD) for
Tasks 1 and 2. Predicted outputs are shown for
both original full text and filtered text modes.

Metric Mode L70B L8B Mixtral GPT
Phrase P Full .069+.15.041+.13 .099+.20 .077+.17
Filt. .098+.19 .042+.13 .081+.17 .077+.17
Phrase R Full .097+.21 .089+.20 .102+.20 .147+.30
Filt. .1164.22 .090+.20 .086+-.18 .147+.30
Phrase F1 Full .071+.15 .049+.13 .087+.16 .084+.16
Filt. .098+4.18 .049+4-.13 .073+.14 .084+.16
Token P Full .272+4+.24 .196+.19 .298+.23 .301+.21
Filt. .303+.24 .197+.19 .270+.21 .310+.20
Token R Full .3644.28 .471+.27 .351+.28 .513+.30
Filt. .3934.27 .473+.27 .349+4.28 .495+.27
Token F1 Full .255+4.18 .224+4.16 .279+4.20 .319+.18
Filt. .294+.20 .227+.16 .253+.17 .329+.16
Lev (G) Full .378+.20 .398+.19 .354+.23 .427+.26
Filt. .397+.20 .397+.19 .357+.22 .427+.26
Lev (P) Full  .2514+.19 .168+.16 .293+.22 .280+.18
Filt. .2784+.21 .168+.16 .277+.19 .280+.18
Emb (G) Full .784+.16 .836+.13 .707+.23 .781+.21
Filt. .796+.15 .833+.13 .722+.23 .781+.21
Emb (P) Full .518+.28 .354+.26 .567+.30 .568+-.28
Filt. .528+.28 .3544.26 .5614.28 .568+.28

Table 6: Task 1 Extraction Performance: Mean
+ SD for Precision (P), Recall (R), and F1-score
(F1). (G) denotes Gold-oriented (recall-like) and
(P) denotes Prediction-oriented (precision-like) sim-
ilarities. Comparison of Full original and Filtered
(Filt.) text modes across all models.

set. This provides a baseline score of 0.72 for his-
torical phrases (used in Tasks 1, 3, and 4) and 0.51
for normalized phrases (used in Tasks 2, 3, and 4).
The higher historical baseline reflects the formu-
laic nature and lexical density of 18th-century peti-
tionary language, where work-related expressions
frequently share domain-specific semantics. Con-
sequently, embedding scores in the following sec-



Metric Mode L70B L8B Mixtral GPT
Task 2: Isolated Normalisation
Phrase P Full .023+.06 .011+.04 .037+.12 .077+.19
Filt. .032+.09 .009+.04 .059+.18 .085+.21
Phrase R Full .050+.14 .023+.11 .039+.10 .088+.19
Filt. .047+.11 .012+.05 .066+.17 .089+.19
Phrase F1 Full .027+.06 .013+.04 .033+.09 .073+.16
Filt. .035+.08 .010+.04 .049+4.13 .077+.16
Token F1 Full .1244+.10 .096+.08 .121+.13 .196+.16
Filt. .139+.12 .091+.08 .142+.16 .207+.16
Lev(G) Full .446+.14 .374+.14 .342+.20 .4144+.18
Filt. .437+.14 .3754+.13 .3644.22 .414+.20
Emb (G) Full .716+.11 .649+.15 .559+.27 .650+.19
Filt. .704+.11 .651+.14 .575+.26 .628+.21
Task 3: Pipeline Normalisation
Phrase P Full .049+.10 .026+.11 .060+.15 .089+4.19
Filt. .055+.13 .025+.11 .058+.14 .089+.18
Phrase R Full .069+.15.033+.12 .066+.15 .082+.16
Filt. .081+.18 .033+.12 .063+.13 .086+.19
Phrase F1 Full .053+.10 .024+.08 .055+.12 .080+.16
Filt.  .059+.12 .024+.08 .055+.11 .081+.17
Token F1 Full .157+.13 .095+.10 .166+.15 .217+.17
Filt. .164+.13 .093+.10 .176+.15 .217+.16
Lev(G) Full .447+.14 .376+.15 .373+.19 .413+.18
Filt. .447+.15 .371+.16 .387+.18 .408+.18
Emb (G) Full .705+.12 .640+.15 .599+.23 .631+.20
Filt. .703+.12 .631+.16 .6184.20 .626+.20

Table 7: Task 2 and Task 3 Normalisation Per-
formance: Mean + SD for Precision (P), Recall
(R), and F1-score (F1). (G) denotes Gold-oriented
(recall-like) and (P) denotes Prediction-oriented
(precision-like) similarities. Comparison of Full orig-
inal and Filtered (Filt.) text modes across all mod-
els.

tions must be interpreted relative to these thresh-
olds.

5.2. Task 1: Extraction of Phrases
Describing Work

Task 1 measures the models’ ability to identify his-
torical work-phrase spans. As shown in Table 6,
models generally struggle with exact span reproduc-
tion. However, token-level F1 consistently exceeds
phrase-level F1 by a factor of three, and Embed-
ding Similarity scores average = 0.80. While these
scores indicate that models consistently locate rele-
vant topical regions, they are only slightly above the
0.72 random baseline, suggesting that while the
general semantic content is captured, the models
struggle to isolate the specific nuances or precise
boundaries defined by human annotators.

5.3. Normalisation: In Isolation vs.
Pipeline

Here, we evaluate the models’ ability to normalise
historical phrases describing work into modern,
standardised Swedish. Tasks 2 and 3 compare
the linguistic capability of normalisation in isola-
tion (based on manually extracted gold phrases)
against a more demanding pipeline setting (based
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Metric Mode L70B L8B Mixtral GPT
Combined Task: Extraction Component
Phrase P Full .083+.17 .033+.08 .081+.19 .086+.16
Filt. .0814.17 .033+.08 .067+.13 .088+.14
Phrase R Full .100+.22 .062+4.15 .090+.19 .141+.28
Filt. .103+.22 .062+.15 .081+.17 .149+.28
Phrase F1 Full .083+.17 .038+.09 .078+.16 .094+.17
Filt. .081+.17 .038+.09 .067+.12 .098+.16
Token F1 Full .278+.21 .216+.15 .273+.18 .316+.19
Filt. .2944.20 .216+.15 .253+.17 .311+£.19
Lev (G) Full .3774.21 .366+.17 .350+.21 .411+.24
Filt. .381+.21 .366+.17 .345+.21 .398+.25
Emb (G) Full .765+.18 .813+.16 .734+.21 .776+.20
Filt. .768+.18 .813+.16 .716+.24 .755+.23

Combined Task: Normalisation Component
Phrase F1 Full .014+.05 .010+.04 .026+.07 .027+.09

Filt. .020+.07 .010+.04 .021+.06 .032+.09
Token F1 Full .141+.12 .087+.09 .131+.12 .155+.14
Filt. .146+.12 .087+.09 .129+.12 .168+.14
Lev(G) Full .338+.14 .332+.15 .325+.15 .340+.15
Filt.  .346+.14 .3324+.15 .323+.15 .349+.17
Emb (G) Full .623+.17 .630+.18 .571+.20 .631+.18
Filt.  .629+.16 .629+.18 .570+.20 .624+.20

Table 8: Task 4 Combined Extraction and Normali-
sation Performance: Mean + SD for Precision (P),
Recall (R), and F1-score (F1). (G) denotes Gold-
oriented (recall-like) and (P) denotes Prediction-
oriented (precision-like) similarities. Comparison of
Full original and Filtered (Filt.) text modes across
all models.

on phrases extracted by the system). Descriptive
statistics for these tasks are summarised in Table 7.

Interestingly, Task 2 (Isolated) proved more dif-
ficult than Task 3 (Pipeline) for all models. Exact
phrase matching remained low (F1 < .09), but
performance improved when moving from isolated
phrases to the pipeline. This suggests a benefit
from surrounding context cues: performing extrac-
tion and normalisation in sequence allows models
to leverage broader semantic cues to resolve his-
torical ambiguities that are absent when phrases
are processed in isolation.

5.4, Task 4: Combined Extraction and
Normalisation

Task 4 tests whether a joint approach functions
as an implicit chain-of-thought. As shown in Ta-
ble 8, for GPT, this combined task acted as a help-
ful guide; its extraction score improved from .084
(Task 1) to .098 (Task 4). This suggests that, for
very strong models, the extra effort of normalising
a phrase may help them “sharpen” their focus and
identify the correct historical span.

In contrast, other models seem overwhelmed
by the dual-task requirement. For Llama 70B, do-
ing both tasks at once appears to be a distraction,
causing its extraction score to drop from .098 to
.081. Most importantly, the quality of the normalisa-
tion collapse for all models in this combined setup



compared to the staged pipeline. For instance,
GPT’s normalisation score falls from .081 in Task
3 to only .032 in Task 4. These results indicate
that while combined processing may sharpen initial
span detection, it compromises the lexical precision
required for accurate normalisation.

5.5. Cross-Task Comparisons and
Analysis of Text Filtering

A comparison of all four tasks reveals a distinct diffi-
culty hierarchy: Task 4 (Normalisation Component)
is the most difficult, followed by Task 2 (Isolated Nor-
malisation). Paradoxically, models perform best on
the Extraction Component of Task 4. This suggests
that while multitasking helps models locate relevant
text, the complexity of producing a dual-language
output somewhat degrades their ability to perform
the linguistically demanding task of normalisation.
The impact of text filtering (removing Salutatio
and Conclusio) is generally marginal and inconsis-
tent. Across most tasks, the difference between
Full and Filtered modes is minor. Furthermore, the
effect is not uniform across models; while filter-
ing provides a small boost to normalisation in the
stronger models (GPT and L70B) by reducing noise,
it occasionally hinders extraction for others. For ex-
ample, Mixtral’s extraction performance actually
drops in Filtered mode in both Task 1 and Task
4. This suggests that while noise reduction can
slightly help with the linguistic focus required for
normalisation, the models are largely robust to the
structural “noise” of historical petitions, making fil-
tering a secondary factor in overall performance.

5.6. Qualitative Error Analysis

To complement the quantitative evaluation, we con-
duct a targeted qualitative error analysis. We man-
ually examine cases in which the models perform
poorly, as well as targeting instances where surface-
level and semantic-level evaluation metrics diverge.

A recurrent issue is the failure to produce
parseable output, with Llama 8B and Mixtral exhibit-
ing the highest failure rates (see more in Section
4.3). Llama 8B most often produces malformed
outputs, likely reflecting the limitations of a smaller
model handling complex formatting instructions. By
contrast, Mixtral frequently returns empty outputs
or echoes the input, suggesting that technical fac-
tors like APl instability or system load contribute to
these failures. Notably, occasional parse failures
occur for all models without an apparent structural
cause, illustrating the unpredictability of LLM be-
havior.

Another prominent error pattern in low-
performing cases is systematic over-prediction.
Models frequently identify more phrases than
present in the gold data, consistent with higher
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recall than precision. In extreme cases, several
models tag a wide range of isolated verbs as
work-related, such as “emottaga” (receive) and
“fragat” (asked), even when the surrounding
context does not support such interpretations.
These errors are not limited to verbs, but also
instances of nouns. Longer input texts appear to
amplify this tendency toward overgeneralisation.
We further observe sporadic hallucinations, i.e.,
predictions that cannot be traced to any span in
the input text. However, a larger-scale analysis
would be needed to determine their frequency.

At the same time, we identify cases in which
models predict phrases that are not present in
the gold annotations but can plausibly describe
work-related activities when considered in context.
Examples include verb phrases such as “brukat
Qwacksalvery och 6gonsalvor” (practised quackery
and eye-ointments), which are normalised to “bruka
kvacksalveri” (practice quackery) and “tillverka/sal-
ja/bruka égonsalvor” (make/sell/use eye salves), as
well as the normalised phrase “tjana som faltskars
gesall” (serve as an apprentice/journeyman barber-
surgeon). There are also several cases of occu-
pational titles being extracted, including “Radman”
(councilman) and “Inspector” (inspector), which are
normalised to “arbeta/tjana som radman” (work as
a councilman), “arbeta/tjana som inspektor” (work
as an inspector), or “utféra inspektion” (perform
inspection). Consultation with historians suggests
that, although models often overgeneralise, some
outputs seem to highlight valid work activities that
could enrich manual curation.

Comparisons between surface-level (Leven-
shtein) and semantic (embedding-based) similarity
reveal frequent divergences. Low string similarity
often arises when predicted spans overlap with gold
spans but include additional material, or when char-
acter overlap is incidental. Because each metric
aligns predictions independently, direct one-to-one
interpretation is somewhat limited. Moreover, the
metrics capture fundamentally different aspects of
similarity, which further limits direct one-to-one inter-
pretation. Nevertheless, some consistent patterns
emerge. When a prediction preserves most of the
intended meaning but diverges in surface form, em-
bedding similarity tends to align more closely with
human judgement. For example:

Gold: “sta uthe pa fisckaretorget”

Prediction: “std uthe pa fisckaretorget att fértidna nagot
till uppehalle”

Gold translated: stand outside in the fishermen’s square
Prediction translated: stand outside in the fishermen’s
square to earn something for a living

Levenshtein score: 0.43

Embedding score: 0.93

However, embedding similarity also exhibits be-
haviour that appears counterintuitive from a hu-



man perspective. High scores do not always cor-
respond to strong semantic equivalence, and con-
versely, low scores can occur even when the core
work-related activity is preserved. This variability
indicates that embedding-based similarity can di-
verge from human judgement in both directions,
making it difficult to interpret in isolation. As estab-
lished in Section 4.1, embedding scores must be
interpreted in light of the high domain-internal base-
lines (0.72 for historical text and 0.51 for normalised
text). A score slightly above these thresholds risks
overstating semantic alignment, while scores below
the baseline may under-represent semantic proxim-
ity between near-synonyms. Examples from both
Task 1 (the extraction task, with historical original
phrases) and Task 3 (pipeline normalisation, with
normalised modern phrases) include:

Gold: “sélja varor”

Prediction: “bedriva handel”

Gold translated: sell goods
Prediction translated: conduct trade
Embedding score: 0.66

Gold: “bruka stenbod”

Prediction: “bruka lokal”

Gold translated: use a stone shop
Prediction translated: use premises
Embedding score: 0.78

Gold: “taget penningar till 1ans”
Prediction: “"smida fér sin rachning
Gold translated: borrowed money
Prediction translated: forge for one’s own account
Embedding score: 0.80

Taken together, these observations suggest that
embedding-based similarity provides a valuable
signal for identifying partially correct extractions,
but also carries a risk of overstating semantic align-
ment between gold annotations and model outputs.
A combined evaluation strategy that integrates both
surface-level and semantic metrics therefore ap-
pears necessary for a more comprehensive and
reliable assessment of model behaviour than rely-
ing on either metric alone.

6. Conclusions

This study explores the potential of four large lan-
guage models, GPT-40, Llama-3 (70B and 8B),
and Mixtral-8x7B, for extracting and normalising
phrases describing work from historical Swedish
petitions. Our experiments demonstrate that while
LLMs struggle to reproduce human-annotated
spans exactly, yielding low phrase-level precision
and F1 scores, token-level and embedding-based
metrics offer complementary perspectives. These
results indicate that models consistently locate rel-
evant topical regions, although the high domain-
specific baselines suggest that embedding scores
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can reflect general semantic intent rather than pre-
cise equivalence.

The choice of task architecture emerges as a
factor in performance. We find that normalisation
is notably more effective when performed within a
contextual pipeline (Task 3) than in isolation (Task
2), suggesting that historical normalisation relies
on integrative semantic cues. Furthermore, our re-
sults reveal a “multitasking paradox” in combined
setups: while simultaneous extraction and normali-
sation can sharpen phrase identification for high-
parameter models, the increased complexity sig-
nificantly degrades the lexical precision of the nor-
malised output. Although rhetorical filtering may
prove valuable for other downstream applications,
where removing formulaic sections could more ef-
fectively improve signal quality, the removal of Salu-
tatio and Conclusio sections show only marginal
effects in the present tasks.

Manual error analysis highlights a systematic
tendency toward over-prediction and occasional
hallucinations. However, the models also identify
several plausible work-related expressions absent
from the human annotations, pointing to the poten-
tial value of LLMs for discovery-driven research. A
more extensive manual evaluation of these can-
didates would be valuable for understanding how
much genuinely new information can be recovered
versus the amount of noise added through overgen-
eralisation.

Overall, our results indicate that LLMs show
promise for facilitating the identification of work-
related activities in historical texts, provided their
outputs are subject to expert evaluation and inter-
preted through metrics that account for high back-
ground similarity. Future work may explore more
robust prompting strategies, domain-adapted fine-
tuning, and hybrid human-machine workflows that
combine automated semantic detection with expert
validation. While a staged pipeline currently offers
the most reliable balance of accuracy, the mod-
els’ ability to detect valid expressions missed by
humans suggests that such workflows could signif-
icantly enhance the coverage and interpretability
of cultural heritage datasets.

7. Limitations

While this study provides insights into the capa-
bilities of LLMs for processing historical Swedish,
several limitations should be noted.

First, our evaluation is limited to a specific genre
of historical text, 18th-century petitions, and a sin-
gle language. The linguistic challenges found here,
such as non-standardised orthography and formu-
laic rhetorical structures, may behave differently
in other historical contexts, time periods, or lan-
guages.



Second, the gold standard used for evaluation,
while expert-annotated, represents only one possi-
ble interpretation of phrases describing work. As
noted in our qualitative analysis, the models some-
times identify potential work activities that are not
present in the gold data, suggesting that exact-
match metrics like F1-score may provide an overly
conservative estimate of model utility in discovery-
driven research.

Third, while we made use of twelve purpose-
fully selected, diverse examples to ground the mod-
els across a range of linguistic challenges, perfor-
mance in LLMs can be highly sensitive to prompt
wording and the specific selection and ordering of
examples. Although our prompt template was it-
eratively refined, we did not perform an thorough
search of the prompt space; thus, our instructions
may represent a suboptimal configuration for cer-
tain model architectures. Furthermore, the instruc-
tional complexity and total prompt length required
to convey these nuanced historical tasks likely
strained the context-handling capabilities of smaller
models, contributing to the observed output insta-
bility and malformed JSON responses.

Finally, while few-shot prompting provides a
strong baseline, this study did not explore domain-
specific fine-tuning or more advanced reasoning
architectures, which could improve the balance be-
tween extraction and normalisation accuracy in the
combined task setup.

8. Ethical Considerations

The use of large language models in historical re-
search raises several ethical considerations. Al-
though large models entail energy costs, our few-
shot prompting approach avoids resource-intensive
fine-tuning and thus has a comparatively lower en-
vironmental impact. The historical petitions used
in this study are in the public domain and contain
no modern personal data, and their use follows es-
tablished ethical guidelines for historical sources.
Finally, our approach is designed to support, not
replace, human expertise. We adopt a human-in-
the-loop perspective, where automated extraction
serves to assist and enrich manual curation rather
than provide definitive interpretations, helping to
guard against the uncritical acceptance of model-
generated errors as historical fact.
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Appendix: Prompts Used in Experiments

Prompt Task 1: Extraction

Swedish Original

Du dr expert pd lingvistisk analys av svenska historiska texter. Din uppgift &r att
analysera svenska suppliker fradn 1700-talet och identifiera alla fraser som
beskriver arbete, arbetsutfdrande eller arbetsrelaterade handlingar.

# Huvudinstruktioner

1. **L&s texten noggrant.** Texten kan innehdlla gammaldags stavning, fri ordfosljd
och sammanskrivningar.

2. **Extrahera endast fraser som beskriver arbete, arbetsutfdrande eller
arbetsrelaterade handlingar.** Detta inkluderar att utfdra, bidra till eller
delta i1 arbete, syssla, tjanst eller plikt fér forsdrjning, oavsett om ersé
ttning ges.

3. **Bevara originaltexten exakt.** Lagg INTE till, ta bort eller &ndra ord,
stavning eller skiljetecken.

4. **Returnera en lista &ver extraherade fraser** i den ordning de fdrekommer i
texten.

# Outputformat

Returnera endast ett JSON-objekt med nyckeln **"extracted_phrases"** och en lista
med fraser frdn texten. Returnera JSON exakt i detta format, utan extra text,
kommentarer, sammanfattningar, extra nycklar eller kodblock-markeringar:

"extracted_phrases": ["mala ndgon s&d", "i tidnst warit"]

# Exempel
(Endast korta utdrag visas 1 exemplen. I uppgiften ska hela texten bearbetas.)

##4# Input 1:

"/.../ efter som thenne tiden warit s& swdrt efter humble? Swarades hon hade kidpt
humbla ifrdn Tiddén, hwartil hon giordt en liten tildkning af ndgra Maldrts
Qwistar, /.../"

### Output 1:

{
"extracted_phrases": ["kidépt humbla"]

# Identifiera och extrahera de fraser som beskriver arbete i f&ljande supplik:
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English Translation

You are an expert in the linguistic analysis of Swedish historical texts. Your task
is to analyse Swedish petitions from the 18th century and identify all phrases
describing work, the performance of work, or work-related actions.

# Main Instructions

1. **Read the text carefully.** The text may contain archaic spelling, free word
order, and compound words.

2. **Extract only phrases describing work, the performance of work, or work-related
actions.** This includes performing, contributing to, or participating in work,
occupation, service, or duty for a livelihood, regardless of whether
compensation is provided.

3. **Preserve the original text exactly** Do NOT add, remove, or change words,
spellings, or punctuation marks.

4. **Return a list of extracted phrases** in the order they appear in the text.

# Output Format:
Return only a JSON object with the key **"extracted_phrases"** and a list of phrases
from the text. Return the JSON exactly in this format, without any additional
text, comments, summaries, extra keys, or code block markers:

"extracted_phrases": ["grind some grain'", "been in service"]

# Examples
(Only short excerpts are shown in the examples. In the actual task, the entire text
should be processed.)

##4# Input 1:

"/.../ seeing as hops have been so scarce of late? She answered that she had
purchased hops from Tidd, to which she had made a small addition of some
Wormwood Twigs, /.../"

### Output 1:
{

"extracted_phrases": ["purchased hops"]

# Identify and extract the phrases describing work in the following petition:
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Prompt Task 2: Normalisation in Isolation

Swedish Original

Du dr expert pd lingvistisk analys av svenska historiska texter. Din uppgift &r att
normalisera fraser som beskriver arbete, arbetsutfdrande eller arbetsrelaterade
handlingar i svenska suppliker frdn 1700-talet. Du kommer att fa en lista med
extraherade fraser som har identifierats som beskrivningar av arbete. Du ska
endast normalisera dessa fraser.

# Huvudinstruktioner

1. **L&s varje fras noggrant.** Fraserna kan innehdlla gammaldags stavning,
grammatik och ordfdlijd.

2. **Normalisera varje fras till modern svenska i grundform (infinitiv) .**
— Anvand modern stavning och modern grammatik.
- Formulera varje fras som en verbfras i infinitiv, &ven om originalfrasen inte

ar verbal.

3. **Andra inte inneh8llet.**
LAdgg inte till, ta bort eller sl& ihop fraser.

4. **Bevara ordningen.** Varje normaliserad fras ska motsvara frasen pd samma
position i indata.

# Outputformat

Returnera endast ett JSON-objekt med nyckeln **"normalised_phrases"** och en lista
med fraser i normaliserad grundform. Returnera JSON exakt i detta format, utan
extra text, kommentarer, sammanfattningar, extra nycklar eller kodblock-
markeringar:

"normalised_phrases": ["mala sad", "vara i tjanst"]

# Exempel

### Input 1:

{
"extracted_phrases": ["kidépt humbla"]

##4# Output 1:
{

"normalised_phrases": ["k&épa humle"]

# Normalisera fdéljande fraser:
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English Translation

You are an expert in the linguistic analysis of Swedish historical texts. Your task
is to analyse Swedish petitions from the 18th century and identify all phrases
describing work, the performance of work, or work-related actions.

You are an expert in the linguistic analysis of Swedish historical texts. Your task
is to normalise phrases describing work, the performance of work, or work-
related actions in Swedish petitions from the 18th century. You will be provided

with a list of extracted phrases that have been identified as descriptions of
work. You are to only normalise these phrases.

# Main Instructions
1. **Read each phrase carefully.** The phrases may contain archaic spelling, grammar
, and word order.
2. **Normalise each phrase into modern Swedish in the base form (infinitive)**
— Use modern spelling and modern grammar.
- Formulate each phrase as an infinitive verb phrase, even if the original phrase
is not verbal.
3. **Do not change the content.**
Do not add, remove, or merge phrases.
4. **Preserve the order.** Each normalised phrase must correspond to the phrase at
the same position in the input data.

# Output Format:
Return only a JSON object with the key **"normalised_phrases"** and a list of
phrases in normalised base form. Return the JSON exactly in this format, without
any additional text, comments, summaries, extra keys, or code block markers:

"normalised_phrases": ["grind grain", "to be in service"]

# Examples

### Input 1:
{

"extracted_phrases": ["purchased hops"]

### Output 1:
{

"normalised_phrases": ["purchase hops"]

# Normalise the following phrases::
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Prompt Task 3: Normalisation Pipeline

Swedish Original

Du dr expert pd lingvistisk analys av svenska historiska texter. Din uppgift &r att
analysera svenska suppliker fran 1700-talet och identifiera alla fraser som
beskriver arbete, arbetsutfdrande eller arbetsrelaterade handlingar, och aterge
dessa 1 normaliserad grundform (infinitiv).

# Huvudinstruktioner

1. **L&s texten noggrant.** Texten kan innehdlla gammaldags stavning, fri ordfo6ljd
och sammanskrivningar.

2. **Identifiera endast fraser som beskriver arbete, arbetsutfdérande eller
arbetsrelaterade handlingar.** Detta inkluderar att utfdra, bidra till eller
delta i1 arbete, syssla, tjanst eller plikt fér foOrsdrjning, oavsett om ersa
ttning ges.

3. **Normalisera varje identifierad fras till modern grundform.**

Anvand modern stavning och grammatik.
Formulera varje fras som en verbfras i infinitiv, &ven om originalet inte é&r
verbalt.

4. **Returnera en lista &ver normaliserade fraser** i den ordning de fdorekommer i
texten.

# Outputformat

Returnera endast ett JSON-objekt med nyckeln **"normalised_phrases"** och en lista
med fraser i normaliserad grundform. Returnera JSON exakt i detta format, utan
extra text, kommentarer, sammanfattningar, extra nycklar eller kodblock-
markeringar:

"normalised_phrases": ["mala sa&d", "vara i tjadnst"]

# Exempel
(Endast korta utdrag visas i exemplen. I uppgiften ska hela texten bearbetas.)

### Input 1:

"/.../ efter som thenne tiden warit sd swart efter humble? Swarades hon hade kiopt
humbla ifrdn Tiddén, hwartil hon giordt en liten tildkning af ndgra Maldrts
Qwistar, /.../"

### Output 1:
{

"normalised_phrases": ["k&pa humle"]

# Identifiera och normalisera (i grundform) de fraser som beskriver arbete i
féljande supplik:
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English Translation

You are an expert in the linguistic analysis of Swedish historical texts. Your task
is to analyse Swedish petitions from the 18th century and identify all phrases
describing work, the performance of work, or work-related actions, and provide
these in normalised base form (infinitive).

# Main Instructions

1. **Read the text carefully.** The text may contain archaic spelling, free word

order, and compound words.

2. **Identify only phrases describing work, the performance of work, or work-related
actions.** This includes performing, contributing to, or participating in work,
occupation, service, or duty for a livelihood, regardless of whether

compensation is provided.

3. **Normalise each identified phrase into modern base form (infinitive) **

— Use modern spelling and grammar.
— Formulate each phrase as an infinitive verb phrase, even if the original phrase
is not verbal..

4. **Return a list of normalised phrases** in the order they appear in the text.

# Output Format:
Return only a JSON object with the key **"normalised_phrases"** and a list of
phrases in normalised base form. Return the JSON exactly in this format, without
any additional text, comments, summaries, extra keys, or code block markers:

"normalised_phrases": ["grind grain", "to be in service"]

# Examples
(Only short excerpts are shown in the examples. In the actual task, the entire text
should be processed.)

##4# Input 1:

"/.../ seeing as hops have been so scarce of late? She answered that she had
purchased hops from Tidd, to which she had made a small addition of some
Wormwood Twigs, /.../"

### Output 1:
{

"normalised_phrases": ["purchase hops"]

# Identify and normalise (in base form) the phrases describing work in the following
petition:
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Prompt Task 4: Combined Extraction and Normalisation

Swedish Original

Du dr expert pd lingvistisk analys av svenska historiska texter. Din uppgift &r att
analysera svenska suppliker fran 1700-talet och identifiera alla fraser som
beskriver arbete, arbetsutfdrande eller arbetsrelaterade handlingar. Forst ska
du extrahera dessa fraser exakt som de forekommer i texten, darefter ska du
normalisera varje extraherad fras till modern grundform (infinitiv).

# Huvudinstruktioner

1. **L&s texten noggrant.** Texten kan innehdlla gammaldags stavning, fri ordfo6ljd
och sammanskrivningar.

2. **Extrahera endast fraser som beskriver arbete, arbetsutfdrande eller
arbetsrelaterade handlingar.** Detta inkluderar att utfdra, bidra till eller
delta i arbete, syssla, tjdnst eller plikt fér forsdrjning, oavsett om ersé
ttning ges.

3. **Bevara originaltexten exakt vid extraktion.** Ladgg INTE till, ta bort eller &
ndra ord, stavning eller skiljetecken i de extraherade fraserna.

4. **Normalisera varje extraherad fras till modern grundform.**

— Anvand modern stavning och grammatik.
- Formulera varje fras som en verbfras i infinitiv, &ven om originalfrasen inte &
r verbal.

5. **Bevara ordningen.** Den normaliserade frasen ska motsvara den extraherade

frasen pd samma position i listan.

# Outputformat

Returnera endast ett JSON-objekt med nycklarna **"extracted_phrases"** (fraser exakt
ur texten) och **"normalised_phrases"** (motsvarande fraser i normaliserad
grundform) . Listorna ska ha samma l&ngd och ordning. Returnera JSON exakt i
detta format, utan extra text, kommentarer, sammanfattningar, extra nycklar
eller kodblock-markeringar:

"extracted_phrases": ["mala ndgon s&d", "i tidnst warit"],
"normalised_phrases": ["mala sad", "vara i tjanst"]

}

# Exempel

(Endast korta utdrag visas i exemplen. I uppgiften ska hela texten bearbetas.)

### Input 1:

"/.../ efter som thenne tiden warit s& swdrt efter humble? Swarades hon hade kidpt
humbla ifrdn Tiddén, hwartil hon giordt en liten tildkning af ndgra Maldrts
Qwistar, /.../"

### Output 1:
{

"extracted_phrases": ["kidépt humbla"],
"normalised_phrases": ["k&épa humle"]

# Identifiera, extrahera och normalisera de fraser som beskriver arbete i féljande
supplik:
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English Translation

You are an expert in the linguistic analysis of Swedish historical texts. Your task
is to analyse Swedish petitions from the 18th century and identify all phrases
describing work, the performance of work, or work-related actions. First, you
must extract these phrases exactly as they appear in the text; subsequently, you

must normalise each extracted phrase into modern base form (infinitive).

# Main Instructions

**Read the text carefully.** The text may contain archaic spelling, free word

order, and compound words.

2. **Extract only phrases describing work, the performance of work, or work-related
actions.** This includes performing, contributing to, or participating in work,
occupation, service, or duty for a livelihood, regardless of whether
compensation is provided.

3. **Preserve the original text exactly during extraction.** Do NOT add, remove, or
change words, spellings, or punctuation marks in the extracted phrases.

4. **Normalise each extracted phrase into modern base form**

— Use modern spelling and grammar.
— Formulate each phrase as an infinitive verb phrase, even if the original phrase

=

is not verbal.
5. **Preserve the order.** The normalised phrase must correspond to the extracted
phrase at the same position in the list.

# Output Format:

Return only a JSON object with the keys **"extracted_phrases"** (phrases exactly
from the text) and **"normalised_phrases"** (corresponding phrases in normalised
base form) and a list of phrases in normalised base form. The lists must have
the same length and order. Return the JSON exactly in this format, without any
additional text, comments, summaries, extra keys, or code block markers:

"extracted_phrases": ["grind some grain", "in service have been'"],
"normalised_phrases": ["grind grain", "to be in service"]

# Examples
(Only short excerpts are shown in the examples. In the actual task, the entire text
should be processed.)

### Input 1:

"/.../ seeing as hops have been so scarce of late? She answered that she had
purchased hops from Tid®, to which she had made a small addition of some
Wormwood Twigs, /.../"

### Output 1:
{

"extracted_phrases": ["purchased hops"],
"normalised_phrases": ["purchase hops"]
}
/o]

# Identify, extract and normalise the phrases describing work in the following
petition:
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